1% Los Alamos

NATIONAL LABORATORY

Data-driven Models of
Adsorption Equilibria of
Multi-component Mixtures in
Porous Materials

Mohamed Mehana, EES16

September 13", 2021

LA-UR-21-29091

Né's_.é‘% Managed by Triad National Security, LLC, for the U.S. Department of Energy’s NNSA. 9/15/2021 1



Adsorption & Confinement effects

(dAdsorption Applications:
QA CO, capture (e.g., power plant exhaust gases)
dGas Masks
[ Fuel Cells

(ANanopores
1 ~80% of shale pores are less than 50
nm.

(4 Under confinement, fluid properties
significantly deviate from bulk properties.

Desiccant Shale Reservoirs

Molecules interacting
with pore walls

Molecules away

(Q Accumulated production can be
drastically improved if matrix processes
can be accelerated

Conventional pore Shale pore
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Adsorption profile in shale pores
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Problem Background & Formulation

l:l Molecular Dynamics (MD) Simulations can explicitly account for adsorption effects but are expensive

l:l Goal: Given an MD setting

S = {Pore Width,(Angstrom), Pressure(Atmosphere), Temperature(K), Wall Material, Fluid Composition}
Design an ML solution capable of emulating the MD density profile for a particular experimental setting S
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Domain Informed Model
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Multi-Task Convolutional Model
TRANSFORM SPATIAL LOCATION TO DENSITY PROFILE

Wall Material Density & Location
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Dimensions

Multi-Task Loss

— plI2 + lIps — pol2 + AR(O)
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Density Prediction
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Qualitative Prediction Characterization

Pore Width:
21 Angstrom
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Performance Characterization (Methane)
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Fluid Mixtures
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Sample Density Profile Characterization
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Multi-Task Convolutional Model (Fluid Mixture)

TRANSFORM SPATIAL LOCATION TO DENSITY PROFILE

Wall Material Density & Location
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Multi-Task Loss
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Learning Dynamics
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Weighted Multi-Task Convolutional Model (Fluid Mixture)

Wall Material Density & Location
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TRANSFORM SPATIAL LOCATION TO DENSITY PROFILE
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Methane Training R? = 0.999

Fluid Mixture Prediction Performance

Methane-Ethane Fluid Mixture
Weighted Multi-Task CNN Multi-Task CNN

Methane Validation R? = 0.984

Methane Testing R? = 0.99
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Methane Training Predictions R? = 0.998 Methane Validation Predictions R? = 0.982
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Summary

Q Machine Learning based MD emulator capable of generating density profiles for unseen
conditions

a Domain informed fully convolutional solution

a (Weighted) Multi-Task CNN Model to handle Single Fluids & Mixtures
Results on Single & Multiple fluids indicate promising initial results
Q
Future Work
Q
a Fully Periodic Convolutional
Network
Smoother Adsorption Isotherm
Q
Few-shot generalization
3 Novel Mixtures (i.e., unseen fluids)
Novel Wall-Material (affects adsorption properties)

Method: Meta-learning
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Data-driven Models of Adsorption Equilibria of Multi-component Mixtures in

Porous Materials

Project Description

2.0 A

'Al """ ’:Ct:?'t ; i We propose building machine learning capabilities to

[ —— Predicte I . .

e i ted Bk I’ll develop adsorption models for multi-component systems
' of interests to subsurface applications using a

| molecular- simulation-generated database.
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32 Methane Testing Predictions R? = 0.98 Develop fast and reliable data-driven models
o’ to predict the adsorption characteristics of
. ”-;?,',"’ multi- component mixtures of interest to
;g subsurface applications.
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ISTI Focus Area: Data Science and Artificial
Intelligence
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