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An efficient computational screening approach is proposed to select the most cost-effective materials and adsorption
process conditions for CH4/CO2 separation. The method identifies eight novel zeolites for removing CO2 from natural
gas, coalbed methane, shale gas, enhanced oil recovery gas, biogas, and landfill gas sources. The separation cost is
minimized through hierarchical material screening combined with rigorous process modeling and optimization. Mini-
mum purity and recovery constraints of 97 and 95%, respectively, are introduced to meet natural gas pipeline specifica-
tions and minimize losses. The top zeolite, WEI, can recover methane as economically as $0.15/MMBTU from natural
gas with 5% CO2 to $1.44/MMBTU from natural gas with 50% CO2, showing the potential for developing natural gas
reservoirs with higher CO2 content. The necessity of a combined material selection and process optimization approach
is demonstrated by the lack of clear correlation between cost and material-centric metrics such as adsorption selectivity.
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Introduction

There are vast reserves of natural gas worldwide that are
uneconomical to develop due to high CO2 content, which can
be as high as 70% by volume.1 About 10% of natural gas in
the United States contains significant quantities of CO2 that
must be removed prior to pipeline transportation to meet the
typical specification on CO2 of 3%.2,3 Typical specifications
on composition for U.S. pipelines are provided in Table 1.
Even for natural gas sources with low to moderate CO2 con-
tent that is separated before pipeline transport, the CO2 is often
vented into the atmosphere, which contributes to global climate
change. In fact, natural gas production is the second-largest
source of CO2 emissions in the United States (after fossil fuel
consumption).5 Even more of an environmental concern is
methane, which is the most potent greenhouse gas (GHG) with
about 21 times the GHG warming potential than CO2. It is,
therefore, important to minimize methane losses during natural
gas purification for both economic and environmental reasons.

Major methane sources in the United States that may
require CO2 separation are illustrated in Figure 1. Shale gas
sources typically contain 0–10% CO2, but the CO2 content

can increase during the life of a well to up to 30%.6 Coalbed
methane is a type of natural gas found in unmineable coal
areas, which is typically extracted through the addition of
CO2 that is selectively adsorbed in the coal bed. As a result,
coalbed methane typically contains 30–50% CO2.7 The gases
resulting from enhanced oil recovery may contain 20–80%
CO2 in addition to CH4.8 Biogas is the result of anaerobic
decomposition of organic waste, such as animal products
(e.g., manure), agricultural residues, municipal solid waste,
and municipal wastewater. It is primarily a CH4/CO2 mixture
with CO2 levels typically 25–45%.9 Landfill gas is a particu-
larly important type of biogas that contains approximately
40–60% CH4 with the balance mainly CO2.8,10 Collecting
and separating these gases would not only reduce GHG
emissions but also provide additional sources of energy.

Pressure swing adsorption (PSA) has been previously pro-
posed as a technology suitable for CH4/CO2 separation3 typi-
cally using a zeolite (e.g., 13X,10,14 4A,15 or silicalite16), metal-
organic framework (MOF)17–21, zeolitic imidazolate frame-
work,22,23 activated carbon,24 sepiolite,25 or polymer26 as the
sorbent. For zeolites and MOFs,27 for which there exist data-
bases containing thousands of possible candidates, an efficient
computational screening procedure is required. Such methods
have been developed to identify zeolites28 and MOFs29 for
membrane-based natural gas purification systems. Kim et al.30

recently screened zeolites and liquid solvents for methane puri-
fication from sources with low to moderate CO2 content.

In addition to material screening, the PSA process for
CH4/CO2 separation has also been investigated.8,31–33 Santos
et al.34 studied the upgrading of biogas (a mixture of CH4

and CO2) using a two-column PSA process and evaluated
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the potential of recycle streams. Although high purity (99%)
was achieved, low recovery (85%) resulted in significant
methane loss to the atmosphere. Cavenati et al.35–38 utilized
both equilibrium and kinetic-based separation and proposed
a vacuum swing adsorption (VSA) process to remove CO2

from a mixture of CH4, CO2, and N2. Although fuel-grade
CH4 purity was attained, the highest CH4 recovery was about
90%. The same group37 also evaluated the use of a VSA
process for upgrading methane from landfill gas and studied
the effect of layered PSA to separate CH4.

38,39 Spoorthi
et al.40 examined the feasibility of PSA process intensifica-
tion to reduce plant size and energy consumption for the sep-
aration of CH4 from synthetic landfill gas and lean natural
gas.

Despite the plethora of studies concerning material selec-
tion and process development for methane recovery, none to
date has considered material selection and process optimiza-
tion in tandem. We have recently shown for CO2/N2 separa-
tion41 that proper material selection in tandem with process
optimization is critical to achieve the most cost-effective
adsorption process. Simultaneous material selection and pro-
cess optimization is equally important for CH4/CO2 separa-
tion. In this work, we propose a novel and efficient
computational framework to identify the optimal zeolites and
process conditions for CH4/CO2 separation for a variety of
feed pressures and compositions. Using this framework, we
identify cost-effective zeolites that have not been previously
considered for this application. We also show that material-
centric metrics alone are insufficient to predict the lowest-
cost separations.

Methods

We have developed a novel hierarchical computational
screening approach that combines discovery of zeolitic mate-
rials with optimization of an adsorption process. The overall
approach is described in Figure 2. This is a new multiscale
framework in which the pore systems of candidate zeolites
are characterized geometrically, and several material screen-
ing metrics are calculated, including shape selectivity, size
selectivity, and pore selectivity. Then, adsorption selectivity
for suitable zeolites is evaluated. Zeolites that remain after
filtering are subject to detailed mathematical modeling and
optimization of the PSA process to calculate the minimal
cost, which represents the final ranking criterion.

Hierarchical material screening

We propose a novel screening approach to select a short
list of candidate materials for CH4/CO2 separation from large

databases of possible sorbents. The hierarchical approach is
designed to efficiently select materials based on performance
on one or more metrics. The novel features of the hierarchi-
cal screening approach include:

1. geometric-level pore topology characterization via
ZEOMICS42 and MOFomics43;

2. several unique metrics including shape, size, and pore
selectivities;

3. atomistic-level molecular simulations on only a subset
of the original databases; and

4. adsorption selectivity as a screening stage rather than
the final ranking criterion.

Candidate sorbents are first evaluated using the three-
dimensional (3D) pore characterization tools ZEOMICS42

and MOFomics.43 These methods apply graph, geometry,
and optimization algorithms to the crystallographic data of a
microporous material to generate a detailed description of
the portals, channels, and cages that comprise the accessible
pores. Quantitative properties such as pore size distribution,
accessible volume, and accessible surface area are also com-
puted. Pore characterizations for all zeolites studied are
freely available online.44

Based on the pore characterizations, a number of metrics
are calculated to select zeolites with potential for the CH4/
CO2 separation. The first of these metrics is shape selectiv-
ity,45–48 which describes the degree to which a zeolite can
separate two molecules based on a difference in the ener-
getic cost of transport through the pores. The energetic cost
for a molecule to traverse a pathway through a 3D porous
network is calculated by taking the maximum portal activa-
tion energy, Ea, along the pathway, as this represents the
pathway’s bottleneck.48 As molecules tend to prefer passing
through portals with low activation energies, we identify the

Table 1. Typical U.S. Natural Gas Pipeline Specifications
4

Component Maximum Concentration

Methane 75 mol % (min)
Ethane 10 mol %
Propane 5 mol %
Butanes 2 mol %
Pentanes and heavier 0.5 mol %
CO2 3 mol %
N2 and other inerts 3 mol %
O2 1 mol %
H2O 110 mg/m3

H2S 7 mg/m3

Figure 1. Energy generating potential and range of CO2

levels of methane sources in the United
States.1,6–13

Natural gas requiring CO2 separation to meet pipeline

specifications (i.e., CO2 content >3%) comprises 10% of

the total natural gas reserves. Landfill gas and biogas

from animal waste are continuous sources, and a period

of 20 years is assumed. [Color figure can be viewed in

the online issue, which is available at wileyonlinelibrary.

com.]

1768 DOI 10.1002/aic Published on behalf of the AIChE May 2014 Vol. 60, No. 5 AIChE Journal

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com


minimum energy pathway through the zeolite. The energy of
this most dominant pathway, Ep, is found by

Ep5 min
pathways i

max
portals j

along pathway i

Ej
a (1)

This bilevel optimization can be represented and solved
efficiently as a mixed-integer linear optimization model as
described by First et al.48 Shape selectivity, Sshape, between
CH4 and CO2 in a zeolite is then calculated as

Sshape 5 exp 2
ECH4

p

RT

 !
2exp 2

ECO2
p

RT

 !�����
����� (2)

where R is the gas constant and T 5 298 K is the tempera-
ture. Note that Sshape 2 0; 1½ �, where a value close to 0 indi-
cates low selectivity (i.e., both molecules have similar
energetic costs), and a value close to 1 indicates high selec-
tivity (i.e., one molecule can traverse almost freely, whereas
the other is severely hindered).

The next metric is size selectivity,41,42 which is the rela-
tive difference in accessible pore volume between CH4 and
CO2. Accessible pore volume, Vp, is calculated using hard
spheres (of diameters 0.396 nm for CH4 and 0.340 nm for
CO2), and size selectivity, Ssize, is computed by

Ssize 5
jVCH4

p 2VCO2
p j

max VCH4
p ;VCO2

p

� � (3)

Note that Ssize 2 0; 1½ �, where a value close to 0 indicates
low selectivity (i.e., both molecules are accessible to similar
pores), and a value close to 1 indicates high selectivity (i.e.,
one molecule is excluded from most of the pores that the
other accesses).

A new metric that we present here for the first time is
pore selectivity, which combines the shape-based energetic

calculations of shape selectivity with pore accessibility cal-
culations of size selectivity. The reduced equilibrium con-
centration, C=C0, of a molecule passing through a zeolite
portal is equal to the Boltzmann factor of the portal activa-
tion energy, Ea, defined as45

C

C0

5exp 2
Ea

RT

� �
(4)

The volume accessible to various fractions of guest mole-
cules can be calculated by deeming portals impassible that
violate a chosen cutoff value for C=C0. As the unit cell of a
zeolite has a finite number of portals, let P be the set of
C=C0 cutoff values in descending order for which the acces-
sible volume Vi changes. Note that as cutoff C=C0 decreases,
the accessible volume Vi increases as more portals will
exceed the threshold, opening up additional pores. Then, the
accessible volume, Va, for a molecule is defined as a
weighted summation of incremental volumes by

Va5
XjPj
i51

C

C0

� �
i

Vi2Vi21ð Þ (5)

where V0 5 0. Finally, pore selectivity, Spore, is calculated in
a similar fashion to size selectivity using the energetically
influenced volumes by

Spore 5
jVCH4

a 2VCO2
a j

max VCH4
a ;VCO2

a

� � (6)

Note that Spore 2 0; 1½ � with a similar interpretation to
Ssize. Pore selectivity has the advantage of being based on
actual molecule shapes, rather than an approximation based
on hard spheres, which is particularly important for CH4,
which has a noncircular footprint.

Figure 2. Flowchart of combined material selection and process optimization method for natural gas purification.
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Each of the metrics of shape-, size-, and pore-selectivity is
readily computable from the automated 3D zeolite pore char-
acterizations. We have devised a screening criterion to filter
the database of candidate zeolites down to a smaller number
suitable for more detailed atomistic-level calculations. Zeo-
lites are selected that meet at least one of (1) Sshape > 0, (2)
Ssize > 0:1, or (3) Spore > 0:1. For these filtered structures,
grand canonical Monte Carlo (GCMC) simulations are used
to calculate adsorption selectivity, Sads, defined as the ratio
of Henry constants, Hi, by

Sads 5
HCO2

HCH4

(7)

The details of the GCMC simulations are provided in
Appendix A. Note that the adsorption isotherm needs to be
evaluated at just two low-pressure points at one temperature
(298 K) to estimate the Henry constant from the adsorption
isotherm slope. We select zeolites with Sads > 10 and com-
pute full adsorption isotherms over a range of five tempera-
tures (298–398 K) to fit to a dual-site Langmuir model (see
Eqs. A1–A3 in Appendix A for details). The isotherm
parameters for each zeolite are used for the subsequent mod-
eling and optimization of the adsorption process.

Process modeling and optimization of PSA

We consider a simple PSA process for the separation of
CH4 and the capture and compression of CO2 for utilization
and/or sequestration from a CH4/CO2 mixture. The process
is designed to address a range of feed conditions that repre-
sent a variety of CO2-rich natural gas, coalbed methane,
shale gas, enhanced oil recovery gas, biogas, and landfill gas

sources in the United States. It allows for either expansion
or compression of the feed and compression of products CH4

and CO2, which are crucial for determining the optimal
adsorption pressure and meeting pipeline specifications. The
novel features of the proposed process include:

1. either compression or expansion of the feed to achieve
the optimal adsorption pressure;

2. methane product compression to pipeline pressure of 6
MPa;

3. CO2 capture coupled with compression for sequestra-
tion at 15 MPa;

4. independently operating multiple and identical adsorp-
tion columns; and

5. power integration between the feed expander and the
product compressor to minimize energy consumption.

The overall PSA process is shown in Figure 3a. First, the
feed, which is a mixture of CH4 and CO2, is either com-
pressed or expanded to achieve the desired adsorption pres-
sure, Pads. This differs from the CO2 capture process,41

which does not have the option for feed expansion. Expan-
sion can occur with either a pressure relief valve or an
expansion turbine, which produces electricity that can be
used for feed or product compression. The tradeoff between
investment cost and electric utility determines whether an
expansion turbine is economical depending on the feed flow
rate and adsorption pressure. Next, one or multiple identical
zeolite-packed adsorption columns are used for adsorption.
Because CO2 is selectively adsorbed over CH4 in many zeo-
lites, most of the CH4 fed into a column passes through
without being adsorbed. The clean CH4 is then compressed
to 6 MPa to meet the specification for pipeline transporta-
tion. The product compressor is run by electricity that is

Figure 3. PSA process for methane recovery from natural gas, coalbed methane, shale gas, enhanced oil recovery
gas, biogas, or landfill gas sources.

The process flow diagram (a) includes options for feed compression or expansion and one or multiple adsorption columns. Desorp-

tion vacuum pump, CH4 product compression, and CO2 compression are considered. The adsorption cycle consists of three steps,

pressurization, adsorption, and countercurrent desorption, with a representative pressure profile and step durations indicated in

the inset (b). A complete description of the adsorption process is found in the main text. [Color figure can be viewed in the online

issue, which is available at wileyonlinelibrary.com.]
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either taken from the grid or produced by the feed expander,
if it is selected. A desorption vacuum pump at the feed-end
of the column is used to evacuate the adsorbed CO2 at the
lowest vacuum level, Pdes. The CO2 is compressed to 15
MPa for sequestration using a six-stage compression train
with intercoolers and a pressure ratio of 2.3 at each stage.

PSA is a cyclic process in which CO2 alternately adsorbs
and desorbs to the zeolite sorbent within the adsorption col-
umns. We utilize a simple three-step PSA cycle, illustrated
in Figure 3b, which includes (1) column pressurization, (2)
CO2 adsorption and CH4 product recovery, and (3) counter-
current desorption of CO2. During pressurization, feed gas
enters each column from one end (green lines in Figure 3a)
while the other end is closed. During adsorption, both ends
of the column are open (red lines), and CO2 adsorbs at Pads

while CH4 is collected as product. During desorption, CO2 is
evacuated (yellow lines) from the feed-end of the column at
the lowest pressure (Pdes) in the cycle. Being a cyclic pro-
cess, the process undergoes a transient state for a number of
cycles before reaching cyclic steady state at which point per-
formance is measured.

The PSA process is modeled using a detailed nonlinear
algebraic and partial differential equation (NAPDE) system,
which is presented in Appendix B. It consists of coupled
nonlinear partial differential equations that describe the mass
and energy balances and fluid flow through porous media.
The model considers a multicomponent adsorption system
with temperature, pressure, and velocity effects and heat-
transfer resistance across the column wall.49 For each candi-
date zeolite, the adsorption process is optimized to select the
best assignment of the decision variables, which include the
column length (L), adsorption (Pads) and desorption (Pdes)
pressures, and adsorption (tads) and desorption (tdes) step
durations. The pressurization time, column diameter, and
number of columns are also determined for each zeolite.

To address the challenge of optimizing a large and com-
plex NAPDE model, we have developed an efficient
Kriging-based grey-box constrained optimization
approach,41,50 which can optimize the NAPDE model in rea-
sonable time. The Kriging-based surrogate model of the orig-
inal NAPDE model is described in detail in Appendix C. A
robust and automated grey-box constrained optimization rou-
tine uses both the NAPDE model and Kriging-based surro-
gate model to optimize the PSA process for each candidate
zeolite and generate a rank-ordered list of cost-effective
sorbents. Our approach consists of generating input–output
data by solving the NAPDE model at several sample condi-
tions, using these data to develop a Kriging-based surrogate
model, and optimizing the surrogate model to determine
additional sample conditions. This process is repeated until
convergence to an optimal solution.

Figure 4 outlines a more detailed description of our grey-
box constrained optimization algorithm. To evaluate the
NAPDE model at fixed conditions, we discretize over both
space and time. We perform 5000 short simulations with ini-
tial sample conditions selected using a Latin Hypercube
design to scan through the ranges of all variables. The pro-
cess performance at each of these conditions is estimated
using short simulations consisting of only five cycles. The
top 70 samples based on purity and recovery are selected for
full simulations in which the discretized NAPDE model is
solved to near cyclic steady state using up to 50 cycles. The
resulting purity, recovery, and cost data for these samples
are used to construct the initial Kriging model via parameter
estimation (see model M1 in Appendix C). This surrogate
model is optimized to identify the next sample point, which
is simulated to near cyclic steady state with up to 50 cycles.
If the purity, recovery, and cost results from the full simula-
tion are within 0.1% of the surrogate model estimation, the
algorithm reaches convergence. Otherwise an updated

Figure 4. Flowchart for Kriging-based grey-box constrained optimization.
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Kriging model is constructed to identify the next sample
point. The process conditions corresponding to the best cost
after convergence or 250 iterations, whichever occurs first, is
used as the solution to the NAPDE model optimization.

For each zeolite, the grey-box constrained optimization
algorithm is applied using broad initial variable bounds,
which are listed in Table 2. The bounds on pressures take
into account industrial vacuum capabilities and the bounds
on step durations ensure that stability can be achieved at
each pressure level. Based on the ranges of optimal condi-
tions attained for the set of candidate zeolites, the decision
variable bounds are refined to tighten the sets of values to
consider and are listed in Table 2. To aid in the search for
globally optimal solutions, the search domain is subdivided
by splitting the ranges of three decision variables, Pads ; tads ,
and tdes, as indicated in Table 2, to form eight subdomains.
The proposed grey-box constrained optimization algorithm is
applied for each feasible zeolite and each subdomain, and
the best overall result is used.

Results and Discussion

From the database of 199 zeolites available in ZEO-
MICS,42,44 we identify 26 that are shape selective, 50 that
are size selective, and 43 that are pore selective, as listed in
Table 3. There are 86 distinct zeolites in the union, with sev-
eral zeolites scoring well on multiple metrics and three zeo-
lites (CAS, CGF, and NSI) appearing in all three lists. From
the zeolites with shape, size, and/or pore selectivity, we eval-
uate adsorption selectively and find 22 that are adsorption-
selective and suitable for process optimization (see Table 4).
Refer to the Supporting Information for a detailed descrip-
tion of each of these zeolites, including properties, adsorp-
tion isotherms, and results. Note that six zeolites are
excluded from analysis because of difficulties with the
molecular simulations—LIT due to a charge imbalance from
protruding oxygen atoms and BCT, CHI, MTN, MVY, and
VSV due to no CH4 molecules being adsorbed.

We consider feed conditions typical of natural gas, coalbed
methane, shale gas, enhanced oil recovery gas, biogas, and
landfill gas sources. The representative feed CO2 composi-
tions used in our computational studies include 5, 10, 20, 30,
40, and 50%. We use a feed pressure of 6 MPa, which is typi-
cal of natural gas sources and subsequently explore the effect
of lower feed pressures. The feed flow rate is 0.1 kmol/s,
which is typical for a single-train adsorption process. A mini-
mum purity of 97% on the product methane is imposed to
meet pipeline specifications, and a minimum recovery of 95%
is imposed to limit product losses and GHG emissions.

For each feed condition, the NAPDE model describing the
PSA process is optimized for each candidate zeolite to

obtain the minimum process cost and corresponding per-
formance in regard to purity and recovery. The cost-effective
zeolites for each feed condition are provided in Table 5, and
detailed cost breakdowns can be found in Supporting Infor-
mation Tables 1–6. Of the 22 adsorption-selective zeolites,
eight are feasible for all feed conditions (ABW, AEN, AHT,
APC, BIK, JBW, MON, and WEI), and two additional zeo-
lites are feasible for only 5% CO2 in the feed (LTJ and
NSI). These 10 zeolites are listed in Table 6 with their corre-
sponding minimum costs for each feed condition. Many of
these feasible zeolites have similar process costs at each feed
condition, though zeolite WEI is always at least tied for the
most cost-effective zeolite for all feed CO2 compositions.
The zeolites AHT and AEN are also consistently in the top
five (see illustration of the top zeolites in Figure 5).

Table 2. Decision Variables used in the Adsorption Process

Model and their Corresponding Operating Ranges, Before

and After Bound Refinement, and the Subdivisions

Corresponding to the Three Branching Variables

Variable
Original
Bounds

Refined
Bounds Subdivisions

L (m) [1, 4] [1, 1] –
Pads (kPa) [100, 6000] [100, 500] [100, 300], [300, 500]
Pdes (kPa) [1, 100] [1, 10] –
tads (s) [20, 100] [40, 100] [40, 70], [70, 100]
tdes (s) [20, 150] [20, 150] [20, 80], [80, 150]

Table 3. Shape-, Size-, and Pore-Selective Zeolites for

CH4/CO2 Separation

Shape Selectivity Size Selectivity Pore Selectivity

Zeolite Sshape Zeolite Ssize Zeolite Spore

DOH 0.83 AEN 1.00 MTN 1.00
GIU 0.78 AFN 1.00 LIT 1.00
SOD 0.75 APC 1.00 AFG 1.00
FRA 0.74 APD 1.00 LOS 1.00
FAR 0.60 BIK 1.00 RUT 1.00
LOS 0.60 BRE 1.00 SGT 1.00
MVY 0.53 CAS 1.00 ANA 0.99
TOL 0.45 CDO 1.00 MSO 0.99
ANA 0.44 CGF 1.00 FAR 0.98
MAR 0.42 CHI 1.00 SOD 0.98
AHT 0.40 ESV 1.00 MEP 0.98
CGF 0.31 GIS 1.00 MAR 0.97
CAS 0.26 GOO 1.00 NON 0.97
NON 0.25 JBW 1.00 GIU 0.96
AFG 0.09 JRY 1.00 DOH 0.95
MSO 0.08 JST 1.00 AST 0.95
SGT 0.07 LOV 1.00 TOL 0.94
BRE 0.06 LTJ 1.00 LIO 0.85
NSI 0.06 MON 1.00 LTN 0.84
AST 0.02 NSI 1.00 FRA 0.83
MTN 0.02 PON 1.00 MVY 0.80
LTN 0.01 RSN 1.00 BCT 0.64
LIO 0.01 RWR 1.00 AHT 0.44
MEP 0.01 SAT 1.00 CGF 0.39
LIT 0.01 SBN 1.00 ABW 0.30
RUT 0.00 VSV 1.00 CAS 0.29

WEI 1.00 TON 0.29
YUG 1.00 JBW 0.26
LTF 0.64 APC 0.20
IWW 0.62 SFE 0.19
MAZ 0.61 NSI 0.18
ZON 0.58 VFI 0.17
SIV 0.54 MTW 0.17
NPT 0.53 SFN 0.15
MER 0.51 ATS 0.13
GME 0.47 BIK 0.13
MOR 0.45 LAU 0.12
DAC 0.45 SSF 0.12
AFX 0.41 NAT 0.12
SOF 0.40 AFO 0.11
SZR 0.38 ATV 0.11
MEI 0.36 LTL 0.10
PAU 0.33 MAZ 0.10
AFT 0.28
DFT 0.27
MFS 0.24
OBW 0.20
EDI 0.17
THO 0.13
TSC 0.12
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For 5% CO2, all feasible zeolites have similar costs, which
range from $0.15 to $0.16/MMBTU (1 MMBTU 5 293.07
kWh). The costs for feasible zeolites for 10% CO2 increases
to $0.26–0.28/MMBTU. For 20% CO2, the range of costs
for feasible zeolites is $0.48–0.52/MMBTU. For 30% CO2,
the costs for feasible zeolites range from $0.72 to $0.81/
MMBTU. As the feed CO2 content increases to 40%, the
costs also increase to $1.04–1.20/MMBTU. For a feed con-
sisting of a 50–50 mixture of CO2 and methane, the costs

rise to $1.44–1.74/MMBTU. Given that the Henry Hub price
of pipeline-quality natural gas is $4.04 (as of May 2013),51

the low separation costs of removing CO2 using the identi-
fied zeolites and process conditions suggest that it may be
cost-effective to exploit natural gas reserves with higher CO2

contents. The use of these novel zeolites for landfill gas puri-
fication is particularly promising given the significantly
lower associated production costs. It also makes viable the
economic production of methane from biomass.

Table 4. Adsorption-Selective Zeolites for CH4/CO2 Separation

Zeolite LCD (nm) PLD (nm) Shape Selectivity Size Selectivity Pore Selectivity Adsorption Selectivity

AHT 0.46 0.34 0.40 0 0.44 110583.76
WEI 0.39 0.39 0 1.00 0.04 4916.51
NSI 0.48 0.34 0.06 1.00 0.18 976.49
MON 0.49 0.35 0 1.00 0.05 484.80
ABW 0.41 0.41 0 0 0.30 458.25
BIK 0.48 0.36 0 1.00 0.13 416.51
JBW 0.38 0.38 0 1.00 0.26 365.20
APC 0.49 0.38 0 1.00 0.20 237.36
AEN 0.51 0.37 0 1.00 0 236.76
RWR 0.51 0.38 0 1.00 0 65.59
YUG 0.51 0.37 0 1.00 0 52.07
GIS 0.56 0.39 0 1.00 0 36.76
PON 0.45 0.39 0 1.00 0.03 26.33
SIV 0.60 0.44 0 0.54 0 24.84
LTJ 0.37 0.37 0 1.00 0.02 23.18
GOO 0.51 0.36 0 1.00 0.06 16.30
RSN 0.58 0.34 0 1.00 0.02 14.84
DFT 0.57 0.43 0 0.27 0 14.09
ANA 0.49 0.30 0.44 0 0.99 12.60
LOV 0.58 0.34 0 1.00 0.02 12.26
PAU 1.11 0.47 0 0.33 0.01 11.47
MER 0.73 0.48 0 0.51 0 10.26

Table 5. Cost-Effective Zeolites for CH4/CO2 Separation from Feeds with 5–50% CO2

Zeolite Purity (%) Recovery (%) Cost ($/MMBTU) Zeolite Purity (%) Recovery (%) Cost ($/MMBTU)

5% CO2 10% CO2

ABW 97 98 0.15 WEI 98 98 0.26
AHT 97 99 0.15 ABW 97 98 0.27
APC 97 97 0.15 AEN 97 97 0.27
WEI 97 98 0.15 AHT 98 97 0.27
AEN 97 97 0.16 APC 97 97 0.27
BIK 97 98 0.16 BIK 97 97 0.27
JBW 97 97 0.16 MON 97 96 0.27
LTJ 97 95 0.16 JBW 98 96 0.28
MON 97 97 0.16
NSI 97 98 0.16

20% CO2 30% CO2

AHT 98 97 0.48 WEI 97 97 0.72
WEI 97 97 0.48 AEN 97 97 0.76
AEN 97 97 0.49 APC 97 95 0.76
APC 98 96 0.50 AHT 97 98 0.77
BIK 97 97 0.50 JBW 97 95 0.77
JBW 97 95 0.50 MON 97 97 0.77
MON 97 97 0.50 BIK 98 96 0.80
ABW 97 96 0.52 ABW 98 97 0.81

40% CO2 50% CO2

WEI 98 98 1.04 WEI 98 97 1.44
AHT 97 97 1.08 AEN 97 96 1.57
AEN 97 95 1.10 MON 98 96 1.59
MON 98 96 1.12 JBW 97 95 1.62
APC 98 96 1.14 AHT 97 98 1.64
BIK 98 96 1.14 BIK 98 97 1.64
JBW 97 95 1.16 APC 97 96 1.65
ABW 98 97 1.20 ABW 98 97 1.74

The listed purity, recovery, and costs are obtained at the optimal process conditions.
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The process costs of the eight zeolites feasible for all feed
conditions are plotted in Figure 6 as a function of CO2 level
in the feed. Cost increases somewhat linearly with CO2 level
until about 20%, after which it increases at an increasing
rate. Although the feasible zeolites have very similar costs at
lower CO2 levels, the spread in costs increases at higher
feed CO2 concentrations, indicating that the choice of zeolite
plays a more important role for CO2-rich methane sources. It
is important to note that zeolite choice is important at all
CO2 levels as most of the zeolites are not able to meet the
purity and recovery requirements, making their costs irrele-
vant. Only 8 of the original 199 zeolites are found to satisfy
the purity and recovery constraints, highlighting the impor-
tance of material selection combined with process design.

Table 6. Cost ($/MMBTU) for Feasible Zeolites at Various

Feed Compositions

Zeolite

Feed CO2 Content

5% 10% 20% 30% 40% 50%

ABW 0.15 0.27 0.52 0.81 1.20 1.74
AEN 0.16 0.27 0.49 0.76 1.10 1.57
AHT 0.15 0.27 0.48 0.77 1.08 1.64
APC 0.15 0.27 0.50 0.76 1.14 1.65
BIK 0.16 0.27 0.50 0.80 1.14 1.64
JBW 0.16 0.28 0.50 0.77 1.16 1.62
LTJ 0.16 – – – – –
MON 0.16 0.27 0.50 0.77 1.12 1.59
NSI 0.16 – – – – –
WEI 0.15 0.26 0.48 0.72 1.04 1.44

Figure 5. ZEOMICS42,44 main pore network visualizations and CO2 and CH4 adsorption isotherms for zeolites con-
sistently in the top five for each feed condition, (a) WEI, (b) AHT, and (c) AEN.

In the pore display, a unit cell is depicted with channels shown in green and cages in blue. For the adsorption isotherms, GCMC

data at five different temperatures are shown with symbols, and the dual-site Langmuir model fitting is shown with solid lines

(CO2) and dashed lines (CH4). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Optimal process conditions vary depending on the zeolite
and feed composition (see Supporting Information Tables
7–12), and several trends for the eight always-feasible zeo-
lites can be observed (see Figure 7). The average number of
columns tends to decrease with increasing CO2 in the feed,
from 2 for 5% CO2 to 1.1 (typically 1 to be used) to 50%
CO2. This is due to a decrease in the average time for the
adsorption step with increasing CO2, which shortens the total
cycle time, along with an increase in desorption time, the
longest step in the cycle. Average column diameter increases
from 1.05 m for 5% CO2 in the feed to 2.50 m for 50% CO2

to accommodate the feed using fewer columns. The column
length is always 1 m, the lower bound of the initial domain,
indicating that shorter columns are preferred to fully utilize
the bed. The average adsorption and desorption pressures
decrease with increasing CO2 levels to mitigate changes in
CO2 partial pressures, which affect adsorption/desorption.

There are additional trends for the eight zeolites feasible
for all feed conditions (see Figure 8). With a 5% CO2 feed,
the average investment cost is $0.12/MMBTU (75% of the
total) and the average operating cost is $0.04/MMBTU (23%
of the total). The material cost, which is considered sepa-
rately from the operating cost, represents about 1–2% of the
total cost in all cases, and is based on $2/kg. Though spe-
cialty zeolite synthesis could result in a higher material cost,

Figure 7. Plots of average process configuration parameters for the eight zeolites feasible for all CO2 composi-
tions as a function of CO2 content in the feed.

(a) Number of columns, (b) column diameter, (c) adsorption pressure, (d) desorption pressure, (e) adsorption step time, and (f)

desorption step time. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 6. Plot of total cost vs. CO2 composition for 6
MPa feed.

Zeolites that satisfy purity and recovery constraints for all

CO2 compositions studied (5, 10, 20, 30, 40, and 50%) are

shown. Data points are connected with straight line seg-

ments to guide the eye. [Color figure can be viewed in the

online issue, which is available at wileyonlinelibrary.com.]
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even a 10-fold increase to $20/kg corresponds to no more
than a 5–19% increase in total cost. Operating cost increases
at a faster rate than investment cost as the CO2 content
increases, so that for a feed with 50% CO2, the average
investment cost represents 61% of the total cost and the
average operating cost represents 38% of the total (the bal-
ance is the material cost). The reason that the operating cost
grows to become a larger share of the total for higher CO2

levels is due to the significant increase in the CO2 compres-
sion energy, as well as the desorption energy.

Some methane sources are available at pressures lower than
the 6 MPa typical of natural gas reserves. In general, the feed
pressure affects process cost through two means. The first is
that a feed pressure greater than the adsorption pressure can be
used to recover energy through the use of an expansion tur-
bine. This is only economical for certain combinations of feed
pressure, adsorption pressure, and feed flow rate, as illustrated
in Figure 9. For our feed flow rate of 0.1 kmol/s, an expansion
turbine is never selected regardless of the feed and adsorption
pressures. The second is that a feed pressure lower than the
adsorption pressure requires the use of a feed compressor,
which requires energy input. In our case studies, the optimal
adsorption pressure never exceeds 500 kPa, so the cost results
will remain the same for any feed pressure of at least 500 kPa.

Previously we found several cost-effective zeolites for the
separation of CO2/N2 (see Table 6 of Hasan et al.41). Com-
paring the top 10 zeolites for this application with the zeo-
lites identified for the CH4/CO2 separation reveals just three
in common (ABW, AHT, and WEI). It is reasonable to
expect similarities in the results because CO2 is selectively
adsorbed in both systems. The differences arise from the
generally higher adsorption of CH4 than that of N2. Addi-
tionally, the more stringent purity and recovery constraints
for methane purification reduce the number of feasible zeo-
lites (26 feasible zeolites identified for CO2/N2 compared to
10 in this study). The feed CO2 composition (14% for the
CO2/N2 study) and pressure (100 kPa for CO2/N2) also play
a role in determining the driving force for adsorption.

All the materials considered are silica zeolites from the
International Zeolite Association.52 Of the 10 feasible zeo-
lites, only NSI has been synthesized in a pure silica form,53

which makes it a good candidate for near term study for 5%
CO2 feeds (note that NSI is not feasible for higher than 5%
CO2 composition). Three zeolites, BIK, MON, and WEI, are
naturally occuring, with synthetic analogs available for all

Figure 8. Plots of average energy and cost results for the eight zeolites feasible for all CO2 compositions as a
function of CO2 content in the feed.

(a) Product compression energy, (b) desorption vacuum pump energy, (c) CO2 compression energy, (d) investment cost percentage,

(e) operating cost percentage, and (f) material cost percentage. [Color figure can be viewed in the online issue, which is available

at wileyonlinelibrary.com.]

Figure 9. Plot illustrating the tradeoff between inves-
ting in an expansion turbine and its electric
utility output.

The choice to use an expansion turbine vs. a pressure

relief valve depends on the feed flow rate and the

adsorption to feed pressure ratio. Note that the bound-

ary curve intersects the horizontal axis at a feed flow

rate of about 0.84 kmol/s, indicating that an expansion

turbine is not economical for smaller flow rates regard-

less of the adsorption pressure. This analysis assumes an

efficiency of 75%, a temperature of 298 K, and current

economic data for the expansion turbine investment cost

(annualized over 20 years) and the price of electricity.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]
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except WEI.52 It has been shown that each zeolite structure
has an optimal Si/Al ratio for adsorbing CO2 derived from a
tradeoff between adsorption sites and pore volume.54 This
suggests that the performance of the top zeolites could be
improved by allowing the introduction of cations.

Most literature screens materials for separations applica-
tions using adsorption selectivity as the sole metric, while
ignoring the adsorption process and associated costs entirely.
However, as we have previously demonstrated with CO2/N2

separation,41 adsorption selectivity is not an appropriate pre-
dictor of cost. We confirm this finding for CH4/CO2 separa-
tion by detecting no significant correlation between
adsorption selectivity and cost (see Figure 10). The fact that
metrics such as adsorption selectivity (and heat of adsorp-
tion, saturation capacity, etc.) are independent of feed com-
position suggests that they cannot account for the difference
in cost rankings between various feed compositions.

Conclusions

We have uncovered several cost-effective zeolites for
adsorption-based separation of CH4/CO2 using a novel com-
putational framework that combines material screening and
process optimization. The hierarchical framework combines
geometric-, atomistic-, and process-level modeling to screen

a database of candidate zeolites and identify those feasible
and economical for use in a PSA process. The in silico
framework is applied to a diverse range of feed conditions,
from 5 to 50% CO2, representing the vast array of methane
sources in the United States requiring purification. Many
zeolites are incapable of achieving CH4 with 97% purity and
95% recovery, though eight zeolites are identified that are
feasible across all feed conditions considered. The separation
can be achieved as economically as $0.15/MMBTU from 5%
CO2 sources to $1.44/MMBTU from 50% CO2 sources,
including the cost of CO2 compression to 15 MPa for utiliza-
tion and/or sequestration. These low costs are achieved using
optimized process conditions, such as shorter columns and
reduced pressures for adsorption and desorption.

Most of the zeolites studied are incapable of satisfying the
stringent purity and recovery constraints necessary for natu-
ral gas purification. Starting from 199 possible zeolites, 26
are selected by screening metrics, and of these only eight are
feasible for all feed CO2 compositions. Particularly for meth-
ane sources more dilute in CO2, these feasible zeolites have
similar costs, providing flexibility in selecting a material
based on potential commercial availability.

We demonstrate the necessity of applying a multiscale
approach to identify the best materials and process configura-
tions by showing no clear correlation between the overall cost

Figure 10. Plots of total cost vs. adsorption selectivity for each feed CO2 composition.

(a) 5%, (b) 10%, (c) 20%, (d) 30%, (e) 40%, and (f) 50% CO2. Each data point corresponds to a zeolite from Table 6, each of

which satisfies purity and recovery constraints at the corresponding feed conditions. The lack of trends in these data indicates

that adsorption selectivity is a poor predictor of cost. [Color figure can be viewed in the online issue, which is available at

wileyonlinelibrary.com.]
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and material-centric metrics, such as adsorption selectivity.
This is consistent with our recent findings for CO2/N2 separa-
tion.41 The proposed approach and its associated technology
opens the possibility for developing previously uneconomical
energy sources including natural gas, coalbed methane, shale
gas, enhanced oil recovery gas, biogas, and landfill gas
sources.
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Appendix A: GCMC Simulations

To calculate adsorption isotherms and heat of adsorption, we

employ the GCMC method implemented in the software pack-

age MCCCS Towhee55 using the silica zeolite force field by

Garc�ıa-P�erez et al.56 Single-component adsorption isotherms for

CO2 and CH4 are calculated at five temperatures, Tp 5 (298,

323, 348, 373, and 398 K), with data points collected at 14 pres-

sures, Np 5 (1.3, 2.7, 5.3, 10.7, 16.0, 21.3, 42.7, 85.3, 101.3,

133.3, 266.6, 666.6, 1333.2, and 2666.4 kPa). The configuration

of the GCMC simulations is described in Hasan et al.,41 and is

summarized below.

Lennard-Jones parameters and partial charges are provided in

Table A1. Nonbonded interactions are cutoff at 1.2 nm, and the

potential is shifted. A hard inner cutoff distance of 0.07 nm is

used. The electrostatic potential is Coulomb-style with Ewald

summations and kmax fixed to 5 and kalp set to 5.6. Blocking

spheres, which are generated from the ZEOMICS42,44 pore char-

acterizations, prevent insertions to inaccessible pores. Each sim-

ulation to calculate one (T, P) sample point is run for 1,000,000

equilibration moves and 1,000,000 production moves. A linear

regression model is used to calculate heat of adsorption from

the potential energies.

The adsorption isotherms are fit to a dual-site Langmuir

model as follows. The predicted molar loading, q�;theo
i;z , of com-

ponent i in zeolite z is given by

q�;theo
i;z 5

X2

s51

qsat
i;s;zbi;s;zpi

11
X

i

bi;s;zpi

8ði; zÞ (A1)

where qsat
i;s;z is the saturation loading of component i at site s of

zeolite z. Two adsorption sites are available for both CO2 and

CH4. The parameter bi,s,z in Eq. A1 has an Arrhenius-type tem-

perature dependence given by

bi;s;z5
bo

i;s;ze
2

DUi;s;z
RT

RT
8ði; s; zÞ (A2)

The isotherm parameters qsat
i;s;z; b

o
i;s;z, and DUi;s;z are found by

minimizing the root mean square error (RMSE) between the

data points generated by GCMC and the Langmuir model with

appropriate weights

MIN RMSE 5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX
i2CO 2;CH 4

X
n2Np

X
t2Tp

q�;theo
i;n;t 2q�i;n;t

maxn02Np
q�i;n0;t

 !2
vuut (A3)

where q�;theo
i;n;t is the predicted equilibrium solid loading from Eq.

A1, and q�i;n;t is the equilibrium solid loading calculated by

GCMC.

Appendix B: NAPDE Model of the PSA Process

The adsorption process is simulated using an NAPDE model.

The indices, sets, parameters, variables, and equations that

define this model are described below.

We use the following indices:

i : component

n : packed column

l : bed length

t : time

We define the following set of components.

Table A1. Lennard-Jones Parameters from the Force Field

for Silica Zeolites by Garc�ıa-P�erez et al.
56

�=kB (K) r (nm)

OzeoAC 50.2 0.27815
OzeoAOCO 2

84.93 0.29195
OzeoACH4 115 0.347
CAC 28.129 0.276
CAOCO 2

47.59 0.289
OCO 2

AOCO 2
80.507 0.3033

CH4ACH4 158.5 0.372

CH4 Utilizes a United Atom Model. Partial charges (e2): Ozeo 5 21.025,
C 5 10.6512, OCO 2

5 20.3256.
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i 2 I5fCO2;CH4g

The following parameters are used in the NAPDE model:

F : feed flow rate

yi;f : mole fraction of component i in the feed gas

To : feed temperature

Pf : feed flow rate

uo : feed velocity

Ta : outside air temperature

yi;0 : initial mole fraction of component i in the bed

Patm : atmospheric pressure

Kz : effective heat conductivity

Kw : thermal heat conductivity of column wall

hin : heat-transfer coefficient inside the column

ho : heat-transfer coefficient for outside the column

Cpw : specific heat capacity of column wall

Cpg : specific heat capacity of gas mixture

Cpa : specific heat capacity of adsorbed gas in solid

Cps : specific heat capacity of adsorbent

R : gas constant

qs : saturation capacity

bo
i : isotherm parameter for component i

DUi : heat of adsorption for component i

sp : tortuosity factor

DM : molecular diffusivity of CO22CH4 mixture

Dp : macropore diffusivity ;Dp5
DM

sp

UC : unit operating cost

dp : particle diameter

rp : particle radius;
dp

2

Ep : particle porosity

E : bed porosity

qw : density of column

qs : density of solid particle

l : gas viscosity

/ : annualization factor

a : unit capital cost

b : exponent of power cost

kp : bed permeability defined by the correlation

: kp5
d2

p

150

E
12E

� 	2

The performance of the PSA process depends on the follow-

ing decision variables:

N : number of columns

Pads : highest pressure of the system

L : column length

D : column diameter

Pdes : desorption pressure

tpr : duration of the pressurization step; 20 s

tads : duration of the adsorption step

tdes : duration of the desorption step

c : binary variable indicating method of feed expansion

Depending on the values selected for the above decision vari-

ables, the following system variables can vary along the column

length (l) and over time (t):

Pðl; tÞ : pressure inside the column

Tðl; tÞ : temperature inside the column

TWðl; tÞ : column wall temperature

uzðl; tÞ : velocity

ciðl; tÞ : concentration of component i in the gas phase

yiðl; tÞ : mole fraction of component i in the gas phase

xiðl; tÞ : fractional loading of component i in the solid phase

x�i ðl; tÞ : equilibrium fractional loading of component

i in the solid phase

kiðl; tÞ : mass-transfer coefficient of component i

biðl; tÞ : temperature dependent parameter for component i

Biðl; tÞ : isotherm parameter for component i

2DHiðl; tÞ : change in internal energy for component i

qgðl; tÞ : density of gas obtained from the ideal gas law

The following dimensionless variables are used to describe

the adsorption/desorption process inside a column

�P5
P

Pads

; �Pdes 5
Pdes

Pads

; �T5
T

T0

; �Tw5
Tw

T0

; �T a5
Ta

T0

;

xi5
�qi

qs

; x�i 5
q�i
qs

; �uz5
uz

u0

; Z5
l

L
; s5

tuo

L

(B1)

Adsorption/desorption model

The following component mass balances are used to calculate

the CO2 mole fraction in the gas phase

@yi

@s
5

1

Pe

@2yi

@Z2
11 �P

@yi

@Z

@ �P

@Z
21 �T

@yi

@Z

@ �T

@Z

� �

2�uz
@yi

@Z
1w �T �P yi21ð Þ @xi

@s
1yi

@xCH 4

@s

� �
8ijði5CO2Þ

(B2)

where w5 12e
e

RToqs

Pads

� 	
, and Pe5 uoL

DL
is the Peclet number. To

define the yi variables as mole fractions, the following constraint

is required X
i

yi51 (B3)

The overall mass balance is given by

@ �P

@s
2 �P �T

@ �T

@s
5 2 �P

@�uz

@Z
2�uz

@ �P

@Z
1�uz

�P �T
@ �T

@Z

� �
2 �Tw

@

@s

X
i

xi

 !

(B4)

Darcy’s law is used to compute the dimensionless interstitial

gas velocity as follows
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�uz52
kpPads

luoL

� �
@ �P

@Z
(B5)

To allow heat transfer across the column wall, we have

@ �Tw

@s
5p1

@2 �Tw

@Z2
1p2

�T2 �Twð Þ2p3
�Tw2 �T að Þ (B6)

where

p15
Kw

qwCpw uoL
(B7a)

p25
2rihin L

qwCpw uo r2
o2r2

in


 � (B7b)

p35
2rohoL

qwCpw uo r2
o2r2

in


 � (B7c)

with rin and ro being the inside and outside radii of the packed

column, respectively.

An energy balance is used to calculate the temperature inside

the column as follows

@ �T

@s
5p4

@2 �T

@Z2
2p5�uz

@ �T

@Z
1
XN

i51

p6i1p7
�Tð Þ @xi

@s
2p8

�T2 �Twð Þ

(B8)

where

p45
Kz

e qgCpg 1 12e
e qsCps 1Cpa qs


 �
 �
uoL

(B9a)

p55
qgCpg

qgCpg 1 12e
e qsCps 1Cpa qs


 �
 � (B9b)

p6i5
12e
e 2DHið Þqs

T0 qgCpg 1 12e
e qsCps 1Cpa qs


 �
 � (B9c)

DHi5DUi2RT (B9d)

p75
12e
e ðCpg 2Cpa ÞT0qs

T0 qgCpg 1 12e
e qsCps 1Cpa qs


 �
 � (B9e)

p85
2hin L

eriuo qgCpg 1 12e
e qsCps 1Cpa qs


 �
 � (B9f)

We use a linear driving force model to describe the mass

transfer

@xi

@s
5

kiL

uo
ðx�i 2xiÞ 8i (B10)

We use the following dual-site Langmuir model to compute x�i

x�i 5
X2

s51

qsat
i;s

qs

� 	
bi;sci

11
P

i bi;sci
8i (B11)

where qsat
i;s is the saturation loading of component i at site s

(s 5 1,2). The temperature dependent parameter bi,s is calculated

by the following Arrhenius-type expression

bi;s5
bo

i;se
2

DUi;s
RT

RT
8ði; sÞ (B12)

Equations B1–B12 constitute the adsorption/desorption model

in an adsorbent-packed column. To complete the PSA cycle

with three steps, we also need appropriate boundary and initial

conditions which we describe below.

PSA cycle formulation: Initial and boundary conditions

Pressurization. The initial conditions for the first pressur-

ization step are

yi5yi;0

�P5 �Pdes

�T51

xi5x�i jyi;0

(B13)

Initial conditions for each subsequent step are the final condi-

tions of the previous step due to the cyclic process. Therefore,

initial conditions for the remaining steps are unspecified.

Boundary conditions are applied at the ends of the adsorption

column, which are positioned at Z 5 01 and Z 5 12 The bound-

ary conditions at Z 5 01 and Z 5 12 for the pressurization step

are given by Eqs. B14 and B15, respectively

1

Pe

@yi

@Z
52�uzðyi;f 2yiÞ

1

PeH

@ �T

@Z
52�uzð12 �TÞ

�Tw5 �T a

�P5f sð Þ; �Pdes ! 1

(B14)

@yi

@Z
50

@ �T

@Z
50

�Tw5 �T a

@ �P

@Z
50

(B15)

Adsorption. The boundary conditions at Z 5 01 and Z 5 12

for the adsorption step are given by Eqs. B16 and B17,

respectively

@yi

@Z
52Peðyi;f 2yiÞ

1

PeH

@ �T

@Z
52ð12 �TÞ

�Tw5 �T a

�P511
D

Pads

(B16)

@yi

@Z
50

@ �T

@Z
50

�Tw5 �T a

�P51

(B17)

where PeH5
euoLqgCpg

Kz
.
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Desorption. The boundary conditions at Z 5 01 and Z 5 12

for the desorption step are given by Eqs. B18 and B19,

respectively

@yi

@Z
50

@ �T

@Z
50

�Tw5 �T a

@ �P

@Z
50

(B18)

@yi

@Z
50

@ �T

@Z
50

�Tw5 �T a

�P5f sð Þ : �Pads ! �Pdes

(B19)

Design specifications

In a PSA process, the adsorption pressure must be greater than

the desorption pressure. This is captured by the following

constraint

Pads � Pdes (B20)

The other important design specifications are the desired

purity and recovery of CH4. The pipeline specification for the

transportation of natural gas requires that the CH4 must be at

least 97% pure. The following constraint ensures that the mini-

mum CH4 purity (Pu) obtained from the process is 97%

Pu 5

Ð tads

o �uzyCH 4

�P
R �T

dtjZ512P
i

Ð tads

o �uzyi
�P

R �T
dtjZ512

� 0:97 (B21)

It is also desirable to recover as much CH4 as possible. To

ensure that at least 95% of the CH4 in the feed is recovered as

product, we impose the following constraint on recovery (Re)

Re 5

Ð tads

o �uzyCH 4

�P
R �T

dtjZ512Ð tpr

o �uzyCH 4

�P
R �T

dtjZ501 1
Ð tads

o �uzyCH 4

�P
R �T

dtjZ501

� 0:95

(B22)

Each column is identical and receives equal amount of feed

in each cycle. The number of columns, N, is selected such that

the idle times for the two vacuum pumps are minimized for

maximum capacity utilization. This is achieved by selecting N
to be the rounded-down integer value of the fraction tc/tmax,

where tc is the total cycle duration and tmax is the longest step

duration. These are defined formally as follows

tc5tpr 1tads 1tdes (B23)

tmax 5max tpr ; tads ; tdes

� 

(B24)

Additional columns would require additional vacuum pumps,

which is not permitted in our model.

The inner diameter of each column, D, is calculated by

assuming that the flow rate to the adsorption step is much larger

than the flow rate to the pressurization step and, therefore,

defines the column rating. It is calculated by

D5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
4

p
3

Patm

Pads

3
To

273:15
322:4

� �
3

F3tc
uo3tads 3N

� �s
(B25)

Investment cost calculations

The total investment cost, TIC, is calculated as the sum of

investment costs for all compressors, expanders, columns, and

vacuum pumps present in the PSA process by the following

TIC 5ac
�W f;comp


 �bc 1ae
�W f;exp


 �bec1av
�Wdesð Þbv

1ac
�Wp;comp


 �bc 1ac
�W seq


 �bc 1ahe
�W coolð Þbhe 1

X
n

PC n

(B26)

Here, the investment cost of an equipment is considered to be

a function of its rating or size, and the cost parameters a and b,

which are obtained from literature.50,58,59 The binary variable c
is used to determine whether an expansion turbine or pressure

relief valve is selected depending on the economic tradeoff, and

it is defined subsequently. The rating calculations are presented

below.
�W f;comp and �W f;exp are the horsepower ratings of the feed

compressor and expander, respectively, and are calculated using

the following expressions

�W f;comp

5

1

g
3F3

8314

746
3To3

c
c21

Pads

Pf

� �c21

c
21

2
64

3
75 if Pads � Pf

0 if Pads < Pf

8>>>><
>>>>:

(B27)

and

�W f;exp

5
g3F3

8314

746
3To3

c
c21

12
Pads

Pf

� �c21

c

2
64

3
75 if Pads < Pf

0 if Pads � Pf

8>>>><
>>>>:

(B28)

The average horsepower rating of the desorption vacuum

pump is Wdes, which is given by

�Wdes 5
Wdes

tdes 3746
(B29)

where

Wdes 5
1

g
EpD2u0Pads

c
c21

ðtde s

o

�uz
�PjZ50


 � Patm

Pads
�PjZ50

� �c21
c

21

" #
dt

(B30)

For an average mass flow rate, �Mdes , through the desorption

vacuum pump, �W seq and �W cool represent the total compression

power and the cooling duty of the six-stage CO2 compression

train. These values are given by

�W seq 5
6

g
�Mdes

8314

746
3Tatm

c
c21

2:3ð Þ
c21
c 21

h i
(B31)

and
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�W cool 563 �Mdes 3Cpg 2:3ð Þ
c21

c 21
h i

3Tatm (B32)

Finally, the purchase cost, PCn, of each column n is calcu-

lated as follows60

PC n5FMCV;n1CPL ;n1VP;nCPK 1CDR;n (B33)

where FM is the factor for materials-of-construction, CV,n is the

free-on-board purchase cost of the empty vessel with weight

Wn,CPL,n is the cost of adsorber platforms and ladders, VP,n is

the adsorber packing volume, CPK is the installed cost of the

packing for unit volume, and CDR,n is the installed cost of flow

distributors and redistributors for column n. These are calculated

by the following expressions

CV;n5exp 7:275610:18255ln ðWnÞ10:02297 ln ðWnÞ½ �2
n o

(B34)

Wn5p 39:37Dn1tSð Þ 39:37 0:8Dn1Lnð Þ½ �tSq (B35)

CPL ;n5300:9 3:281Dnð Þ0:63316
3:281Lnð Þ0:80161

(B36)

VP;n5
p
4

3:281Dnð Þ2 3:281Lnð Þ (B37)

CDR ;n5331253
p
4

3:281Dnð Þ2 (B38)

where Ln and Dn are the length and diameter of column n, tS is

the shell thickness, and q is the density of the carbon steel. We

use FM 5 2.1, CPK 5 40, q 5 0.284 lb/in.3, and tS 5 2 in.60

Operating cost calculations

The annual operating time is taken to be 8000 h. The feed and

product compressors and the desorption vacuum pump require

electricity, while the feed expander, if present, provides electric-

ity. Therefore, the net annual operating cost (AOC) for these

units is given by

AOCcap 5 0:7463800ð Þ3UCE

3 �W f;comp 2 �W f;exp c1N3 �Wdes 1 �W p;comp

� 
 (B39)

where UCE is the price of electricity, which is taken to be

$0.07/kWh. The binary variable c indicates the feed expansion

method, and it is defined subsequently.

The multistage compression train for CO2 sequestration has the

following operating costs

AOCseq 5 0:7463800ð Þ3 UCE 3 �W seq 1UCCW 3 �W cool

� 

(B40)

where UCCW is the price of cooling water used in the inter-

coolers, which is taken to be $1/ton.

The operating costs also include the yearly purchase and

replacement costs of the zeolite sorbent. These costs are depend-

ent on the volume of material required, and is calculated by

AOCmat 5UCM 3
p
4

D2LNqs (B41)

where UCM is the price for sorbent purchase and replacement,

which is taken to be $2/kg.

From these expressions, the total AOC is given by

AOC5AOCcap 1AOCseq 1AOCmat (B42)

Feed expansion

The feed can be expanded with either an expansion turbine

or a pressure relief valve. An expansion turbine produces

electricity that reduces operating costs, but it requires addi-

tional investment cost. The pressure relief valve produces no

electricity but has negligible cost. There is a tradeoff between

the investment cost and operating revenue of an expansion

turbine that determines which feed expander should be

selected. The binary variable c, which depends on the feed

flow rate and adsorption pressure as illustrated in Figure 9, is

defined as

c5
1 if /ae

�W f;exp


 �be < 0:7463800ð Þ3UCE 3 �W f;exp

0 otherwise

(

(B43)

where a value of 1 indicates that the expansion turbine is

selected, and a value of 0 indicates that the pressure relief

valve is selected. The annualizing factor, /, is discussed

below.

Objective function

The objective is to minimize the total cost of CH4 recovery and

CO2 capture and compression per unit energy content of the

recovered CH4 (million BTU 5 MMBTU). To formulate the

objective, we first derive the total annualized cost TAC ($/yr) of

the PSA process

TAC 5 /TIC 1AOC½ � (B44)

where the annualizing factor, /, is a function of the capital

recovery factor (taken to be 0.154), the total plant cost, and

the annual maintenance cost (taken to be 5% of the total plant

cost). The total plant cost includes the total equipment

installed costs, the indirect cost (taken to be 32% of the total

installed cost), and the balance of plant cost (taken to be 20%

of the total installed cost). The installed cost of a piece of

equipment includes the purchase and installation costs. The

installation costs are taken to be 4% of the purchase costs for

general equipment (columns and heat exchangers) and 80% of

the purchase costs for movers (compressors and vacuum

pumps).61

TAC is converted to $/MMBTU, TCMMBTU, which is

minimized

MIN TC MMBTU ð$=MMBTU Þ

5
TAC

800033600
3

1

F3yCH 4;f3Re
3

103

MWCH4
3ECCH4

� �
(B45)

where F is the feed flow rate (kmol/s), yCH 4;f is the feed CH4

composition, Re is the CH4 recovery as defined by 32,

MWCH 4
5 16.04 g/mol is the molecular weight of CH4, and

ECCH 4
is the energy content (52.63 MMBTU/ton) of CH4.

Equations B1–B45 define the NAPDE model for the PSA pro-

cess optimization. The model includes five major independent

variables, namely column length (L), adsorption pressure (Pads),

desorption pressure (Pdes), and the step durations for adsorption

(tads) and desorption (tdes).
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Appendix C: Grey-Box Constrained Optimization
Model of the PSA Process

To optimize the NAPDE model in a grey-box constrained

optimization framework, the NAPDE model is discretized in

space and time and evaluated for various combinations of the

input variables, each denoted as a sample. Based on the

input–output data generated from these samples, a Kriging-

based surrogate model is constructed to approximate the

NAPDE model. The indices, sets, parameters, variables, and

equations that define the surrogate model are described

below.

Sets

The following sets are defined with their corresponding indices

i; i0; or j 2 S : set of sample points

k 2 K

5fL;Pads ;Pdes ; tads ; tdes g : set of input ðdecisionÞ variables

m 2 M

5fpurity; recovery; cost g : set of output ðresponseÞ variables

Sampling inputs

xi;k : value of input variable k at sample i

yi;m : value of the output variable m at sample i

Kriging parameters

lm : average ðmeanÞ of output m

hk;m : weight assigned to input k for output m

Variables

x�k : a new value of the input variable k

y�m : interpolated output variable m corresponding to x�k

Equations

The Kriging model postulates the following input–output rela-

tion between yi,m and xi,k

yi;m5lm1
X
j2S

cj;mui;j;m i 2 S;m 2 M (C1)

In Eq. C1, an exponential correlation of the weighted dis-

tance is used as the basis function, ui,j,m, which is defined as

follows

ui;j;m5exp 2
X

k

hk;m xi;k2xj;k


 �2

" #
i 2 S; j 2 S;m 2 M

(C2)

Here, lm and hk,m are parameters that are fit to the samples.

One advantage of using an exponential correlation of the distan-

ces is that for exact interpolation, ci,m and vi,j,m take the follow-

ing explicit forms62

ci;m5
X
j2S

vi;j;m yj;m2lm


 �
i 2 S;m 2 M (C3)

and

X
i02S

ui;i0;mvi0;j;m5Ii;j;m i 2 S; j � i;m 2 M (C4)

where I is the identity matrix.

Now, for a new point in the sampling space, x�k , we predict

the output, y�m, from the above Kriging model based on xi,k and

yi,m data as follows

y�m5lm1
X
i2S

ci;mexp 2
X

k

hk;m x�k2xi;k


 �2

" #
i 2 S;m 2 M

(C5)

Therefore, the following NLP model is the surrogate model

used for process optimization

MIN y�cost (C6)

subject to

y�m5lm1
X
i2S

ci;mexp 2
X

k

hk;m x�k2xi;k


 �2

" #

i 2 S;m 2 fpurity; recovery; cost g
(C7)

y�purity � 0:97 (C8)

y�recovery � 0:95 (C9)

x�k5Pads
� x�k5Pdes

(C10)

We denote the NLP model described by Eqs. C6–C10 as M1.

To determine the values of the parameters mm and hk,m for

which M1 is a reasonable approximation of the NAPDE model,

we use the following parameter estimation model with cross

validation.

Parameter estimation model

First, the following sets are defined:

SMB 2 S : set of samples to be used for exact interpolation

SCV 2 S : set of samples to be used for cross validation

The objective of the parameter estimation model is to mini-

mize the prediction errors using a Euclidean distance metric as

follows

MIN
X

i2SCV

ŷi;m2yi;m

yi;m

� �2

(C11)

subject to

ŷi;m5lm1
X

j2SMB

cj;mui;j;m i 2 SCV;m 2 M (C12)
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yi;m5lm1
X

j2SMB

cj;mui;j;m i 2 SMB;m 2 M (C13)

ci;m5
X

j2SMB

vi;j;m yj;m2lm


 �
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