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A Gas separation processes are crucial parts of-gereration
energy and environmental technologies

A Adsorptionbased separation technologies have been intensively
Investigated for potential low energy consumption
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A Microporous materials (i.e., MOFs, Zeolites) are promising
adsorbents for adsorptiocihased gas separation processes

A Vast design space of microporous materials calls for systematic

computational search method
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Working capacity, Adsorption selectivity, Separation
performance metric (SPP), Parasitic energy (PE), etc.
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Farmahinj A.H., Krishnamurthy, S., Friedrich,Bdgndanj S. andsarkisoyL., 2021. Performandeased screening of
porous materials for carbon capture. Chemical Reviews, 121(17), pp-10684..
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A Process simulatichased materials screening
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Process performance simulation via
analog/simplified/blackbox model
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Farmahinj A.H., Krishnamurthy, S., Friedrich,Bdgndanj S. andsarkisoyL., 2021. Performandeased screening of
porous materials for carbon capture. Chemical Reviews, 121(17), pp-10684..
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A Descriptorbased guided sampling with process simulator

Describe materials — : Evaluate via process
. . Initial population (N = 100) . .
design space via ¥ simulation calculated|
geometrical decomp. — »]  Evaluate fitness / performance
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| End of GA | https://doi.org/10.1126/sciadv.1600909 9
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A Process optimization with property model parameters as decision

variables
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(e.g., adsorption Isotherm

Optimum

Evaluate via rigorous
process optimization
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Four-Step Cycle Six-Step Cycle
Minimum energy Maximum Productivity Minimum Energy Maximum Productivity
(At 0.02 atm) (At 0.01 atm) (At 0,05 atm) (At 0.04 atm)

13X Zeolite 164.3 1.30 184.2 2.2
UTSA-16 128.0 2.1 153.8 4.6
Isotherm from integrated optimization 106.0 3.0 116.7 7.4

Khurana, M., & Farooq, S. (2017). Integrated adsoHpemtess optimization for carbon capture and concentration using
vacuum swing adsorption cycleSiChBElournal, 63(7), 29&2995. https://doi.org/10.1002/aic.15602 10
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A Goal:Push Pareto front of materigdrocess decision fidelity
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Enable the systematic search of both the materiaIsL
ES

design space and the process design space within ID

Step 1 Optimizable Structure ‘Z

Function Relationship Surrogate
Surrogate Model

Step 2 EquationOriented PSA O
Process Model

PSA Process Model

Step 3 CeOptimization
Strategies

A Focus on theressure swing adsorption (PSand MOFsfor post/pre-
combustion CQcapture applications while keeping methodologies and

Optimal Process & Material Design

r

implementation general |
Award DEFE0032069
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et ML-Assisted Surrogate Learning

A Automatic surrogate learning pipeline developed

A Predictive ML moddémproves surrogate modelingfficiencyand
helps learnbetter surrogatevia feature selection and data filtration
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et ML-Assisted Surrogate Learning

A Case study: th€oREMOF 2014 DDEC database

Compute adsorption data witerand Canonical Monte Cadonulations
Compute various types ohaterials descriptors

Learnpredictive regression mod&ith the AutoMLtool

Learnsurrogate modeivith the IDAE®SE surrogate tool
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