Fast inference of microporosity phases properties of carbonate rocks

with machine learning for characterizing CO, flow behaviors
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Carbonate rock sample heterogeneity
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Multi-scale pore network modeling ... = eXtensive Pore Modeling (XPM)
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Inverse model - ESMDA
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Simplify simulation
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Neural network training

Neural Network: Actual vs Predicted Values for output krl 13
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Probability Density

ESMDA workflow
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DNN-ESMDA framework
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Neural Network: Actual vs Predicted Values for output_krl_9
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DNN-ESMDA implementation
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DNN-ESMDA results

Evolution of Predictions Across ESMDA Iterations
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Validation
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Conclusion and outlook

* We present a DNN-ESMDA framework for fast inference of microporosity phases properties.

* Compared to conventional method to implement inversion operations, trained DNN can shorten
the length from thousands of hours to seconds.

* Future work can link the inference properties with Al-generated rock images.
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