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Subsurface storage and utilization helps combat climate change
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We need to understand the reactions and alterations that occur
at the subsurface during CO, or H, injection

CO, flowing
alongthe
fracture

Example: CO, Storage

Blockage of the
flow conduit

Precipitation or dissolution of rock minerals in fractured
geological media alters fracture properties and affects
how well CO,/H, flows and gets stored.

CO, reacts with rock minerals to
cause dissolution or precipitation

Retrieved from Jun et al. (2017) [llustration by SLAC National Accelerator Laboratory
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Laboratory experiments help visualize the fluid transport and
reaction processes

Simulate reactive fluid Simultaneously image using Enhance resolution of
injection into fractured shale computed tomography acquired images
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Workflow from image acquisition to real-time application

1. Image Acquisition

2. Image Pre-processing 3. Model Training
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5. Fractured Rock Characterization
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Image Acquisition to Processing Pipeline

Raw Images Processed Images
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Deep Learning Model Architectures
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Results

Low Ground Predicted Quantitative
Model _ ; :
resolution truth image Metrics
Conditional GAN \\ , S PSNR: 15.957 + 0.190
Wasserstein loss ' SSIM: 0.148 + 0.010
64 x 64 e :
256 x 256 256 x 256
Conditional GAN B 7 PSNR: 18.657 + 0.369
vanilla loss \ \ SSIM: 0.210 + 0.007
cxes h™
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Feedforward CNN PSNR: 19.587 + 0.266
L1 loss SSIM: 0.228+ 0.009
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Ongoing Work

Model Deployment during Dynamic Injection
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Objective: To use machine

learning to enhance
visualization of fractured rock
during dynamic injection
processes

Path to Climate Action

Characterization and
monitoring of underground
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