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ABSTRACT: Appropriate selection of adsorbent materials is
essential in developing adsorption-based processes such as
CO, capture. Approximate methods to evaluate material
candidates exist using adsorbent evaluation metrics or
simplified process models. These approximate methods do
not, of course, completely describe the performance of
adsorbents in real separation processes. Here, we assess the
correlations between approximate predictions and detailed
process models of pressure swing adsorption (PSA) at
subambient temperatures for postcombustion CO, capture
using metal—organic frameworks (MOFs). Our results
indicate that CO, swing capacity and adsorbent performance
score are useful in predicting the ranking of materials for this
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process. These results illustrate the opportunities and challenges in bridging approximate and detailed methods for evaluating

adsorbents for cyclic separations processes.

1. INTRODUCTION

Atmospheric CO, concentrations are rising due to anthro-
pogenic emissions.”” This has motivated efforts to develop
cost-effective and energy-efficient carbon capture processes.’
Cyclic adsorption-based CO, capture has emerged as a
promising approach. Typical examples of these processes
include pressure swing adsorption (PSA), vacuum swing
adsorption (VSA), and temperature swing adsorption
(TSA).*~7 Adsorption-based carbon capture is a materials-
enabled technology. Porous materials including activated
carbon, zeolites, and metal—organic frameworks (MOFs)
have been actively examined for use in CO, capture
processes.”* """ Although effective cycle configurations are
important, the performance of cyclic adsorption processes
depends heavily on the selection of adsorbent materials."”
Given the large numbers of potential adsorbents that exist,
finding effective means to evaluate adsorbents is a key
challenge in developing cyclic adsorption-based CO, capture
processes.

A major hurdle in adsorbent evaluation is the choice of
performance descriptors. When a large spectrum of adsorbent
materials are screened, single component adsorption isotherms
for gas species of interest are typically the only information
that can be reasonably obtained.”'' Multiple approximate
performance metrics that can readil?r be calculated from these
isotherms have been proposed.”’”~'® These metrics are
typically based on physical intuition.”'* They have served as
proxies to evaluate a wide spectrum of materials, especially
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when combined with high-throughput molecular modeling of
adsorption isotherms.'” ™

Another way to predict the performance of an adsorbent for
CO, capture is to use simplified process models describing
fully detailed PSA and/or VSA processes.”*~>” These models
are designed to provide industry-relevant performance
descriptors such as product purity and energy consumption
without the complexity of detailed process modeling. These
models avoid the complexity associated with detailed process
optimization”*** and can be used with limited information
beyond single component adsorption isotherms.””*” These
models do not, however, include detailed cycle configurations,
so there is a gap between what they can predict and the
performance of real processes.

Several studies have used detailed process optimization in
combination with approximate metrics to better understand
the suitability of materials for adsorption-based separa-
tions.'”**7** These studies have primarily focused on a
restricted spectrum of materials that satisfy targeted constraints
of product purity and recovery. Motivated by these previous
contributions, the objective of this article is to directly assess
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the capability of simple proxies for adsorbent performance and
approximate models of cyclic adsorption to predict the
outcomes of detailed process models of adsorption-based
CO, capture processes. We consider the situation where a
range of adsorbent materials is available and each level of
modeling is used to rank the materials in terms of performance.
After producing these rankings with models of multiple levels
of complexity and fidelity, it is possible to discuss the
correlations between predictions from the simpler models
and detailed process models.

We focus below on the use of MOFs as adsorbents for
subambient PSA for postcombustion CO, capture. Subambient
separations have been recently reported by Air Liquide for
large-scale CO, separation from power plant flue gas via a
membrane system, which appeared feasible when implemented
with appropriate heat integration and power recovery.”” ™" A
potential advantage of operating a PSA process at subambient
temperatures is the ability to achieve large swing capacities for
adsorption. We previously examined a large number of MOFs
with respect to this metric and showed that many materials
exist with a CO, swing capacity larger than 10 mol/kg.**
Below, we use the task of ranking materials of this type for use
in subambient temperature CO, capture as an example to
explore the correlation (or lack of correlation) between
predictions based on simplified models and detailed process
optimization.

2. METHODS

2.1. Subambient PSA Process. We focus on an
adsorption-based PSA CO, capture process at subambient
temperatures using MOF materials. Unlike many PSA
applications where the desired product is the weakly adsorbed
molecule in the gas mixture, in treating postcombustion flue
gas the aim is to capture the strongly adsorbing species
(CO,).”® In our earlier work,*® the viability of the subambient
PSA process using MOFs was estimated using single
component CO, adsorption isotherms obtained from molec-
ular modeling. Compelling evidence exists that molecular
modeling can accurately predict the adsorption isotherms of
CO, and similar species in a wide range of MOFs.'"***” The
large pore volumes and surface areas of MOFs, coupled with a
suggested process design made them appealing materials as
adsorbents.”~""** Here we extend our focus to a bulk mixture
of CO,/N, at compositions relevant to postcombustion flue
gas. Real flue gas contains other contaminants including H,O,
0,, CO, SO,, NO,, and Hg species.””™" The presence of these
contaminants could impact adsorption properties of primary
components and the stability of adsorbents.**™*® Air Liquide
has demonstrated that dry flue gas feeds can be achieved by
appropriate system design combined with a subambient heat
exchanger.”” We therefore focus on adsorptive separation of
CO, from a dry bulk binary mixture of CO,/N, with molar
composition 0.14/0.86 with no other components. We do not
have suflicient information to accurately predict the impact of
trace impurities such as SO, and NO,. Understanding the
effects of these kinds of impurities (or mitigating these effects)
will be an important step in the practical implementation of
any CO, capture process. Typical pressures for PSA desorption
and adsorption are 0.7 bar (Pco, 4 = 0.1 bar) and 14.3 bar

(Pco,ads = 2.0 bar), respectively, at T = 243 K. The choice of

the pressure swin range and temperature are adapted from
earlier findings.”>***® The adsorption and desorption

pressures are treated as decision variables in our detailed
process models.

2.2. Adsorbent Evaluation Metrics. To evaluate
materials as adsorbents for gas capture, a general starting
point is to obtain adsorption isotherms for the gases of interest.
Multiple efforts have focused on proposing performance
metrics that can be derived from adsorption isotherms to
forecast their capabilities in end-use applications.”"*~"® Table
1 summarizes the metrics used below to make predictions
about PSA processes.”' >

Table 1. Definitions of Adsorbent Evaluation Metrics”'>'¢

Used To Assess Adsorbent Materials*>*> for
Postcombustion CO, Separation with a Subambient PSA
Process

adsorbent evaluation metric metric formula

AI\TCO . . ads des
(moi/ kg) swing capacity ANco, = Neo,™ = Neo,
ads ads
S ads  adsorption Susco.s a5 _ Neo, /Ny,
ads,CO,/N - ads,CO, /N,
2/N2 selectivity Yeo, /yNz
ads)2
s sorbent selection S _ (Sﬂds‘COz/ N, ) ANCOz
SP,CO,/N, SP,CO,/Ny ™ des
parameter (Sa d5,CO4 /N, ) ANN2
APS adsorbent 4
(mcoolz//l]:g) performance APSCOZ/NZ = ads,COz/Nza SANCOZ
score
AN
— 2
R (%) regenerability R= N X 100
CO,

The first two metrics are the swing capacity and adsorption
selectivity.””” Swing capacity is defined as the difference
between the gas storage capacities of the species targeted for
capture at the adsorption (Ncozads) and desorption (Ncozdes)

pressures chosen as bounds on the process. We computed the
CO, swing capacity from the difference in CO, capacity for a
CO,/N, 0.14/0.86 bulk binary mixture at partial pressures for
CO, of 2.0 and 0.1 bar. The mixture adsorption selectivity is
defined as the ratio of adsorption capacity of each component
and mole fraction of each component in the bulk phase (y,) at
the adsorption pressure, Py, = 14.3 bar (to define
Sads,COZ/Nzads) or at the desorption pressure, Py 4es = 0.7 bar

(to define S,4c0,/xn,"). The next two metrics, the sorbent

selection parameter and the adsorbent performance score,
combine information from the swing capacity of the
component of interest and of the competing species, and the
adsorption selectivity at adsorption and desorption pressures
under adsorption conditions in different ways.”'>'® Such
metrics aim to reflect the trade-off relationships that generally
exist between swing capacity and adsorption selectivity.">*” A
remaining metric, the regenerability, is the ratio of the swing
capacity and the adsorbed amount of strongly adsorbed species
at the adsorption pressure. This parameter estimates the
fraction of the adsorption sites that are regenerated during the
desorption step.'®'? All adsorbent evaluation metrics above are
calculated from mixture adsorption data (N;).”'>'"™" 1In
principle, the molar composition of the bulk phase at the
desorption condition completely describes the amount of
adsorbing molecules at the desorption pressure (NZ).
Estimating information regarding the desorption condition is,
however, complicated because defining the composition of the
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bulk phase is not trivial.' > Hence relying on adsorption
conditions as described above has been a common
practice.”' 77!

We obtained mixture adsorption data using molecular
modeling via Grand Canonical Monte Carlo (GCMC)
simulations. The MOFs of interest were taken from a subset
of the CoORE MOF database,”’ namely, the energy optimized
CoRE MOF DDEC charge database,”* which includes 477
DFT optimized structures to which high-quality atomic point
charges have been assigned. A total of 143 MOFs were selected
from this collection that showed PSA CO, swing capacity
exceeding 4 mol/kg at 243 K between 0.1 and 2.0 bar.*® Binary
mixture GCMC simulations were conducted in these 143
materials to calculate adsorption properties of a CO,/N,
mixture at bulk pressures of 0.7 and 14.3 bar. The resulting
mixture adsorption properties were then used to calculate the
adsorbent evaluation metrics in Table 1 for each material.
Detailed descriptions of the molecular modeling and the
materials we used are given in the Supporting Information
(sections S1 and S2).

2.3. Idealized PSA Process Model. Adsorbent evaluation
metrics do not necessarily translate into process-level insights.
Several simplified adsorption process models have been
proposed to overcome this limitation.”*”>” Such models
impose multiple assumptions on adsorbents and cycle
configurations but are analogous to cyclic adsorption
processes. We adapted an idealized PSA process model
proposed by Ga et al.”” because it is perhaps the simplest
model to implement. This model provides two process
performance indicators for an idealized ad-/desorption cycles,
namely product purity (Puco,) and specific energy con-

sumption (Enco,). The latter quantity provides insight into the
separation cost. In addition, swing capacity (ANco, and/or
ANy,) can be obtained separately. In this idealized model the

compositions of the gas products are found by numerically
solving a series of nonlinear equations of mixture adsorption
capacities. The major assumptions underlying this idealized
description of PSA are that the process operates isothermally
without dispersion or kinetic effects with a two-step cycle
configurations for ad-/desorption and that adsorption is
described as a binary mixture of a strongly and a weakly
adsorbing species. The model assumes the use of a compressor
and vacuum and also assumes 100% product recovery is
achieved. The idealized PSA process is illustrated in Figure 1.

A fundamental piece of information to perform process
modeling is the mixture adsorption equilibrium. The model
outlined above requires an analytical expression or other
methods to estimate the mixture adsorption equilibrium at
different pressures, temperatures, and mole fractions in the gas
phase.””>* We employed ideal adsorbed solution theory
(IAST)**™° to predict mixture adsorption. IAST estimates
the mixture equilibrium from single component adsorption
isotherms by assuming an ideal solution is formed by the
adsorbed phase.”> We simulated single component adsorption
isotherms for CO, and N, at temperatures of 213, 228, 243,
258, and 273 K via GCMC. More details of the idealized PSA
process model and IAST are given in the Supporting
Information (Section S4).

2.4. Rigorous Process Model. Due to the inherent
complexity of cyclic adsorption processes, detailed process
optimization modeling is needed to achieve the highest fidelity
regarding the evaluation of adsorbent materials. We used a
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Figure 1. Schematic illustration of the idealized PSA process model.
The model imposes idealized cycle of adsorption (ADS) and
desorption (DES) with feed binary mixture of CO,/N, in molar
fraction of 0.14/0.86 (y;). Components A and B refer to strongly and
weakly adsorbing species, respectively. The model numerically solves
for the composition of the produced gas or molar composition of gas
components in the desorption step (y;*). Adsorption amounts at
given desorption conditions can be obtained (N;***). Isothermal
operation is assumed at T = 243 K.

rigorous process model with multiobjective optimization®”>"

to assess the cyclic performance of each MOF considered.
Table 2 summarizes the definitions used for our process-level
objectives.

Table 2. Definitions of Process-Level Objectives from
Multiobjective Optimization Used To Assess Adsorbent
Materials for Postcombustion CO, Separation with a
Subambient PSA Process

objectives objective formula

total CO, moles in the extract product

X 100

urity, Pu % Puco -
purity, Puco, (%) 2 total gas moles in the extract product

total CO, moles in the extract product

recovery, Reco, Recoz — X 100

(%) total CO, moles fed into the cycle
prI()Jductivity, P total CO, moles in the extract product
Ic T, =
[mLci)lz/(kgs)] €02 total adsorbent mass X cycle time
energy, El’lco2 En _ Zi: cycle configuration El
(kwWh/t) €927 CO, mass in the extract product per cycle

We considered a PSA process model based on a four-step
Skarstrom cycle.”*”~%" Figure 2a illustrates this cycle, which
includes light product pressurization*® with N, adsorption of
CO, and production of N,, cocurrent blowdown, and counter-
current evacuation with production of CO,. Our model
implemented mathematical expressions to describe packed-bed
operation of a PSA under non-isobaric conditions. This
includes transient balance equations which are a set of
nonlinear partial differential equations (PDEs) coupled with
molecular diffusion and adsorption properties. The linear
driving force model®® and the mixture adsorption isotherms
predicted by IAST are used for molecular diffusion and
adsorption properties, respectively. A finite volume method
was applied to discretize the PDE system in space by taking
account flux function approximations.””** This results in a set
of ordinary differential equations (ODEs) that were solved
using MATLAB with the odelSs function at default tolerances
until the system reaches the cyclic steady state. Details of PSA
modeling are provided in section S5 of the Supporting
Information.
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Figure 2. (a) Schematic illustration of the four-step PSA cycle for the rigorous process modeling of a thermally-modulated fiber composite bed
contactor. The cycle includes counter-current light product pressurization (PR), adsorption (ADS), cocurrent blowdown (coBD), and counter-
current evacuation (ccEV). (b) Schematic illustration of the PCM-based fiber composite and flow of bulk CO,/N, mixture in the bed column.
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Figure 3. (a) Material selection strategy employed in this work to filter 143 MOFs by forming clusters. The constraints on each metric and
definitions of each cluster are described in the text. (b) Adsorbent evaluation metrics calculated for a CO,/N, 0.14/0.86 mixture at bulk pressures
of 0.7 and 14.3 bar at 243 K. The horizontal and vertical axes are the swing capacity and the sorbent selection parameter, respectively. Data in black
squares correspond to MOFs that do not belong to any of the clusters we defined.

Our rigorous process model focused on thermally
modulated fiber composite adsorbents, as illustrated in Figure
2b.°77° Incorporation of fiber adsorbents as structured
contactors in cyclic adsorption processes allows for efficient
mass and heat transfer and reduced pressure drop relative to
packed beds.”'~”* We modeled a fiber adsorbent contactor
composed of a non-adsorbing polymeric matrix, MOF
particles, and microencapsulated phase change materials
(PCM).**~%” Judicious use of PCM can enable near-isothermal
operation of a PSA by its melting and freezing upon CO,
adsorption (exothermic reaction) and desorption (endother-
mic reaction).”* By assuming this approach for heat manage-
ment, we modeled the process as allowing temperature
variation modulated with PCM. Details of the modeling of
fiber adsorbent are available in the Supporting Information
(Section SS). Only the PSA unit is considered in this work
without assessing other details of the flowsheet that would be
required to completely describe an integration of this unit with
a power plant.

Subambient PSA process modeling above was coupled with
multiobjective optimization. Optimization was carried out in
MATLAB using the gamultiobj function for which a variant of
the NSGA-II genetic algorithm®®”> was applied. We consider
the rigorous process modeling as a black-box function with a
set of available decision variables as inputs and process-level
objectives at cyclic steady state as outputs. Further details of
the optimization procedures are provided in the Supporting

Information (Section SS). This optimization leads to max-
imizing purity, recovery, and productivity while minimizing
energy consumption under each process condition that is
determined by decision variables.

3. RESULTS AND DISCUSSION

3.1. Adsorbent Evaluation by Approximate Models. It
is typically impractical to conduct rigorous process modeling
or to perform detailed experimental testing for hundreds of
potential adsorbent materials. We therefore used approximate
models to reduce the number of MOFs to examine with our
detailed process model. We began by examining 143 MOFs
using the adsorbent evaluation metrics in Table 1 and then
studied 35 of these adsorbents using the idealized PSA process
model described in section 2.3. The goal of this work was not
to identify individual “winning” materials but to reveal a
spectrum of materials performance that could then be
compared for selected materials to our more rigorous process
model.

3.1.1. Material Selection by Adsorbent Evaluation
Metrics. A total of 143 MOFs were characterized with the
adsorbent evaluation metrics in Table 1. In order to discover
high-performing materials, previous studies commonly used
one or two of the metrics in Table 1.”"*7>"** Top-ranked
materials for a single metric”'**"** or those judged to have a
good combination of each metric'’~'” were then labeled as
potential adsorbents. We employ the latter screening strategy
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Figure 4. Comparison between mixture adsorption amounts in 35 MOFs computed from GCMC (horizontal axes) and IAST (vertical axes) for (a)
CO, and (b) N, at low, intermediate, and high total pressures at 243 K and (c) adsorption selectivities in 35 MOFs computed from GCMC
(horizontal axis) and IAST (vertical axis). In all cases the gas phase CO,/N, composition is 0.14/0.86. The diagonal lines have slopes of 1.1, 1, and
0.9 from top to bottom, respectively, in (a). Similar lines are drawn for slopes of 1.15, 1, and 0.85 from top to bottom, respectively, in (b) and (c).

for the filtering of MOF candidates. Our strategy is illustrated
in Figure 3a.

We first set constraints for each metric. A key advantage of
subambient gas processing is that the swing capacity for small
molecules can be large.38 On this basis the lower bound for
swing capacity was set to 10 mol/kg. Adsorption selectivity has
long been viewed as controlling the achievable product
purity.”*" We set a lower bound on the mole fraction of
CO, in adsorbed phase (xco,) of 0.9 when considering

selectivity. The sorbent selection parameter includes informa-
tion from the swing capacities for both CO, and N,. Increasing
or suppressing the adsorption of strongly or weakly adsorbing
molecules, respectively, is a route for efficient separation of gas

13,20,24,33 .
17E522 We therefore set a constraint to have CO,

mixtures.
swing capacity more than ten times the N, swing capacity. The
adsorbent performance score is calculated by the product of
swing capacity and adsorption selectivity. We use same
constraints of swing capacity and adsorption selectivity when
setting the constraint for this quantity. Having a highly
selective adsorbent does not guarantee high regenerability. We
adopted a target regenerability of 75% from previous work.'®
The “best” adsorbents at this stage would be candidates that
meet all of these constraints (cluster I in Figure 3a). To ensure
we are considering a spectrum of materials, we also considered
materials that satisfy some but not all of these constraints.
Figure 3a indicates clusters of materials that have extremely

high selectivity but relatively low swing capacity (cluster II) or
vice versa (cluster III in Figure 3a). In order to make our
discussion more robust, we also included several MOFs that
are not categorized in any of the clusters we defined above.
These MOFs were randomly chosen from the set of materials
that do not meet the constraints for any combination of the
metrics above.

Figure 3b shows the adsorbent evaluation metric data for
143 MOFs and clustering of this information as defined in
Figure 3a. Twenty-eight MOFs were found from cluster I. We
then selected additional MOFs from clusters II and III. The
swing capacity for CO, in MOFs from cluster II ranges
between 6 and 9 mol/kg, values considerably higher than
typical materials for CO, capture via PSA at ambient
temperatures.””’”” The MOF from cluster II (CSD reference
code SERKEG) with the highest sorbent selection parameter
was chosen for further consideration. Similarly, the MOF from
cluster III (OJICUG) with the largest swing capacity was
chosen. Lastly, five additional MOFs that lie outside these
clusters (FUNCEX, MODNIC, TASXIW, WIYFAM, and
WONZOP) were randomly selected. This defined a set of
35 MOFs that are predicted to have a diverse range of
performance characteristics as predicted by the adsorbent
evaluation metrics, which were used in our more detailed
models. These materials are indicated with highlighted borders
in Figure 3b. Information about selected physical properties of
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Figure 6. Multiobjective optimization for 20 MOFs in a subambient PSA using a hollow fiber adsorbent module at 243 K. Squares, triangles,
downward-pointing triangles, and circles indicate MOFs collected from cluster I, cluster II, cluster III, and nonclustered MOFs, respectively, from
the preselection stage. Pareto fronts are shown for optimized objectives of (a) Enco, and Pucg, (b) Puco, and Reco, and (c) Prco, and Engg,.

28 MOFs from cluster I is given in Figure S2 (section S3 of the

Supporting Information).
3.1.2. Material Selection by an Idealized PSA Process
Model. We next used the idealized PSA process model defined

above” to obtain process-level performance descriptors of 35

MOFs. This approach allows us to incorporate a range of

adsorption and desorption conditions.”*” The results

obtained from this model were used to further reduce the

number of MOFs to which we applied a rigorous process

model.

Our process modeling uses IAST to predict mixture

adsorption.”* Although there are indications that applying
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IAST in MOFs may be viable,”*>*® IAST may be inaccurate at
high pressure and for weakly adsorbing molecules.””*® We
therefore directly tested IAST in the 35 MOFs we considered
by comparison with mixture GCMC calculations, as shown in
Figure 4. Both CO, (Figure 4a) and N, (Figure 4b) show good
agreement between direct simulation of mixture adsorption
with GCMC and simulation using IAST within the pressure
range of our process. We calculated the fractional IAST error,
defined as the ratio of the difference between IAST and
GCMC results to the GCMC result.”® For all 35 materials the
fractional error in the CO, and N, uptakes were less than 10%
and 15%, respectively. The fractional error for selectivity was
also smaller than 15% for every material (Figure 4c). We took
this as an indication that using IAST within our process models
was an acceptable approximation®”*® within the range of
pressures evaluated here.

We used the idealized PSA model to select materials for use
in our detailed process model as indicated in Table S1. We first
chose MOFs that do not have open-metal sites (OMS) based
on previous reports that examined the crystal structures via
connectivity analysis for each metal center.”®”” This choice
avoids complications associated with the limited accuracy of
generic force fields for molecular simulations of MOFs with
OMS. 7881 Among the 25 non-OMS MOFs, we sampled
MOFs on the basis of the CO, purity predicted by the
idealized model, Puco,. We set 90% purity as the benchmark

for this quantity.”” All MOFs that exceed this benchmark for
some combination of process conditions, i.e., adsorption and
desorption pressures, were selected. In addition, eight MOFs
that did not exceed this standard were randomly chosen to
ensure our final selection included a spectrum of materials
performance. This gave the list of 20 MOFs shown in Figure S.
The process performance indicators for all 35 MOFs are
shown in Figure S3.

Figure § shows ANcq, Puco, and Encg, for each of the 20

MOFs we considered further. It is important to note that the
metrics from Table 1 cannot provide any information about
the two latter quantities. These indicators were calculated with
the idealized process model at 20 adsorption pressures equally
spaced from 5.0 to 15.0 bar and 20 desorption pressures
equally spaced from 0.15 to 0.35 bar. Figure Sa shows Pareto
fronts with respect to Enco, and Puco, (which we denote

below as Enco,—Puco, for brevity)across this range of

operating conditions. As might be expected, there is a trade-
off between Puco, and Encq,. Figure Sb shows ANcq, and

Pucg, at each of the 400 process conditions we considered.
The sensitivity of ANco —Puco, as a function of process

pressures is heavily material dependent.

3.2. Adsorbent Evaluation by a Detailed Process
Model. The steps above defined a shortlist of 20 MOFs with a
spectrum of performance for subambient CO, capture as
predicted from a series of approximate models. We used
rigorous multiobjective process optimization to develop
processes based on each of these MOFs. This optimization
allows each adsorbent to be coupled with process conditions
that maximize their potential.*>~"’

Figure 6 shows the Pareto fronts for pairs of process-level
objectives. Figure 6a shows minimization of Enco, and

maximization of Pucg. Enco, is a useful proxy for operating

process cost.”* This pair of objectives enables a direct

comparison of the similarities of material evaluation made
between the rigorous and idealized process model described in
section 3.1.2. Parts b and ¢ of Figure 6 show other common
approaches to evaluating the capability of adsorbents and the
viability of chosen adsorption system. Figure 6b assesses
maximization of Puco, and Recp,. We find the presence of
MOFs in this subambient system approaching 90% and 95%
for both Pucg, and Recp, respectively, a suggested target®” for

these objectives. Figure 6¢ assesses maximization of Prco, and
minimization of Enco. This is useful because it identifies

process in which energy consumption is low while the
maximum productivity for a given mass (or volume) of
adsorbent can be reached. We find MOF candidates capable
with Prco, up to ~0.1 mol/(kg-s) with ~200 kWh/t of Enco,.

The results from Figure 6 allow us to revisit the evaluation of
each MOF. When considering Enco —Pucg, we ranked MOFs

using Puco, at a fixed Encg, of 400 kWh/t. For Puco,—Reco,, a
ranking was made by the product of Puco, and Recq,. For
Prco,—Encq, we ranked MOFs using Prco, at a fixed Encg, of

400 kWh/t. These ranking criteria were chosen to represent
the choices that are most likely to be a profitable design for our
process within a set of target constraints for the process
objectives.”” These three rankings are summarized in Table 3.
We give three separate rankings to emphasize that focusing on

Table 3. Three Rankings of MOFs Based on Multiobjective
Process Optimization”

. MOFs Ranked by
Ranking
(a) Encoz-Puco2  (b) Pucoz2-Recoz2  (c) Prcoz-Encoz
1 SENWOZ SENWOZ SENWOZ
2 SENWIT SENWIT SENWIT
3 OJICUG SENWAL SENWAL
4 SENWAL OJICUG BIBXUH
5 SERKEG BIBXUH TERFUT
6 EAKLOU TERFUT FEFDAX
7 FEFDAX FEFDAX RAXCOK
8 RAXCOK CUHPUR OJICUG
9 CUHPUR RAXCOK CUHPUR
10 UTEWUM ZESFUY UTEWOG
11 UTEWOG SERKEG FAKLOU
12 BIBXUH FEAKLOU MATVEJ
13 TASXIW MATVE] ZESFUY
14 MATVE] UTEWOG TASXIW
15 TERFUT WONZOP WONZOP
16 ZESFUY UTEWUM UTEWUM
17 WONZOP WIYFAM SERKEG
18 WIYFAM TASXIW WIYFAM
19 MODNIC MODNIC FUNCEX
20 FUNCEX FUNCEX MODNIC

“Definitions of each ranking are given in the text. MOFs whose
ranking varies by five or more places among two rankings are shown
in italics. Example materials described in the text (SERKEG,
SENWOZ, SENWIT, and SENWAL) are color coded for easy
comparisons across the three rankings.
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Figure 7. Spearman’s rank-order correlation (p) between rankings of 20 MOFs from rigorous process modeling (vertical axis) and adsorbent
evaluation metrics (horizontal axis). A general guideline for correlation strength and data interpretation associated with the color coding is provided

in detail in Table S3 in the Supporting Information.

different aspects of process performance favors different
materials. For instance, a material that is a good candidate
when the focus is on product purity may be less attractive
when process economics are the dominant concern, and vice
versa. The MOF with structure code SERKEG is an example; it
is ranked in the top five materials for Enco —Pucp, 11 of 20

with respect to Puco,—Reco, and 17 among the 20 materials
with respect to Prco —Enco,. Some materials, however, are

ranked quite consistently in each list. The MOFs with structure
codes SENWOZ and SENWIT, for example, are ranked 1 and
2 in every list, and SENWAL is ranked either third or fourth in
each list.

3.3. Comparing Approximate and Detailed Models of
Adsorption-Based Carbon Capture Process. Having
introduced the results from each level of modeling, we now
turn to comparing results among these models. We first
quantify the similarity of results between our rigorous process
model and adsorbent evaluation metrics. We then conduct the
same analysis with comparison from rigorous and simplified
process models.

3.3.1. Rigorous Process Model and Adsorbent Evaluation
Metrics. For the group of 20 MOFs ranked by our rigorous
process model (Table 3) we also developed rankings based on
each simplified adsorbent ranking listed in Table 1. The latter
rankings are listed in Table S4. Spearman’s rank-order
correlation was used to compare the results from these two
different levels of modeling. Spearman’s rank-order correlation
is a nonparametric measure of statistical dependence between
the rankings of two variables that assesses how well the
relationship between two variables can be described.***” A
rank-order correlation of 1 indicates perfect correlation
between two rankings, a value of 0 indicates no correlation
between the two rankings, and a value of —1 occurs if two
rankings are perfectly anti-correlated. Spearman’s rank-order
correlations between each process-level ranking and adsorbent
evaluation metrics are shown in Figure 7. There is considerable
variation between the various ranking methods. This is
consistent with previous findings™* ™" that suggested caution
must be used in using adsorbent evaluation metrics.

Among the five adsorbent evaluation metrics, ANco, and

APSco N, appear to be the most useful proxies for process
scale performance in our particular process. AN¢o, showed a
comparable similar rank correlation for each of the three
process-level rankings. The adsorbent performance score,
APSco, )N, was the most successful adsorbent evaluation
metric when process performance was characterized using
energy and purity. APScq /N, Was only moderately successful,

however, if the process-level ranking was made on the basis of
purity and recovery or productivity and energy. Other
separation processes that are highly driven by product purity
(e.g, direct air capture of CO,) might result in different
correlations. The other three adsorbent evaluation metrics
performed relatively poorly. It might be expected that Sgp co /n,
would also be useful because it uses a combination of inputs
like APSco n,. We found, however, that this metric was

dominated by Sads,COZ/Nzads for the CO, capture process we
considered. As a result, the rank correlations of Sgp o, /n, and
Sads,co, /Nz“ds were quite similar.

As an aside, a possible reason that some metrics make poor
predictions in terms of process-level ranking is that individual
metrics only reflect specific features of the cyclic process."> To
this end, we formulated a combined adsorbent evaluation
metric (CAEM) that incorporates linear combinations of the
adsorbent evaluation metrics to balance the contribution of
each metric. We analyzed the rank correlations between each
process-level ranking and the CAEM ranking. We found that
the rank correlation can be moderately improved by using
CAEM relative to relying on a single winning metric in all cases
we examined. This implies that properly balancing the effect of
existing metrics may allow better prediction of process-level
performance of materials from simpler models. Details of this
approach are provided in section S6.

3.3.2. Rigorous and lIdealized PSA Process Models.
Following the above analysis, we also quantified the similarity
in rankings of materials provided from the rigorous and
idealized PSA process models. The rankings derived from the
idealized PSA model are listed in Table S7. Unlike the
situation for adsorbent evaluation metrics, the predicted
process performances for each level of modeling can be
compared. Because the idealized model only gives Enco, and
Puco, but not Recq, or Preg, it is only possible to directly
compare these predictions to the detailed process model for
the information in Figure Ga.

Figure 8 compares the process objectives in terms of Enco —
Puco, from the rigorous and idealized process models. The full
process optimization (Figure 6a) gives a narrower range of
achievable Puco, than the idealized PSA model results (Figure
5a). Since we are primarily interested in the relative

performance of different materials, Figure 8 shows a
normalized achievable Puco, at a fixed Enco, of 400 kWh/t

for each level of modeling. The Spearman’s rank-order
correlation for these two levels of modeling was 0.74. When
ranking MOFs with respect to Enco—Puco, using the
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Figure 8. Normalized Puc, at a fixed Encg, using results from our
rigorous process model (horizontal axis) and an idealized process
model (vertical axis). Normalization was performed using the range of
values from each data set. The red dashed line is a parity line.

idealized and detailed process models, we compared Pucq, at a
constraint of Enco . Because the Pareto fronts are not always
on top of each other as a function of Encg, the MOF rankings
can vary at different choice of Enc . We tested the sensitivity
of Spearman’s rank-order correlation to the choice of Encg, as

summarized in Table S8. It is worth noting that we
quantitatively compared the rigorous and simplified process
predictions using one of several possible simplified models.
The rank correlation between two levels of process model may
vary depending on which simplified model is used, so testing a
range of plausible simplified models would be a useful future
extension of this work.

It is also possible to compare the results of the adsorbent
evaluation metrics with the idealized PSA process model. A
comparison of MOF rankings from these approaches is shown
in Figure SS (section S6 of the Supporting Information). The
metrics of adsorption selectivity, sorbent selection parameter,
and the adsorbent performance score are strongly correlated
with the predictions of the idealized PSA model. Somewhat
surprisingly, these are not the same adsorbent evaluation
metrics that were best correlated with the predictions from our
rigorous process model. At one level, our data suggests that in
terms of the ability to rank materials according to their
performance as defined by the rigorous process model, the
idealized PSA model adds little to the information available
from the simpler adsorbent evaluation metrics. This character-
ization is too simplistic, however, because the idealized model
provides information that is not available from the simple
metrics (see Figure S) and the predictive power of the simple
metrics is only available when the right metric among multiple
possible choices is used.

4. CONCLUSIONS

In this article we examined the value of using approximate
models of a subambient PSA process to evaluate a large
number of candidate adsorbents for a CO, capture process.
This work integrates molecular modeling, an idealized process
model, and rigorous multiobjective process models to consider
a spectrum of materials performance indicators. We examined
MOF rankings derived from multiple modeling levels that

allow quantitative measurements on the ranking similarity
between approximate and detailed models.

We compared a group of MOFs ranked by rigorous process
modeling and adsorbent evaluation metrics. Our findings
showed CO, swing capacity and the adsorbent performance
score of MOFs are successful proxies to predict process-level
rankings, while other simple metrics were not as strongly
correlated with the detailed results. Our analysis only
considered a specific separation process, a PSA process for
CO, capture from dry flue gas at subambient temperatures, so
we cannot conclude that the same two adsorbent evaluation
metrics will be the best suited to all possible chemical
separations. Nevertheless, the observation that two of the
metrics we tested performed far better than the others
indicates that future efforts to use adsorbent evaluation metrics
in screening libraries of materials should carefully consider
which metric(s) are best suited for the process of interest. Our
results are an example of the risks that exist if choices about
materials selection are made by relying exclusively on a single
metric.”” Our models considered the performance of a
separations process without regard for many of the practical
issues that can limit scale up and implementation of new
separations technologies.”’ A useful future extension of this
work would be to perform a complete technoeconomic analysis
by carefully estimating the capital and operating costs,
including assessing the operational lifetime of key components
of the cyclic adsorption system. The challenges that almost
inevitably arise during this kind of process development mean
that making well justified choices at the earliest stages of
materials selection and process design are critical. It is hoped
that the multilevel modeling approach we have illustrated here
can make these choices more reliable and efficient in similar
efforts in the future.
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