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ABSTRACT

Carbon capture is a promising option to mitigate CO2 emissions from existing coal-fired power
plants, cement and steel industries, and petrochemical complexes. Among the available technol-
ogies, membrane-based carbon capture presents the lowest energy consumption, operating
costs, and carbon footprint. In addition, membrane processes have important operational flexibility
and response times. On the other hand, the major challenges to widespread application of this
technology are related to reducing capital costs and improving membrane stability and durability.
To upscale the technology into stacked flat sheet configurations, high-fidelity computational fluid
dynamics (CFD) that describes the separation process accurately are required. High-fidelity sim-
ulations are effective in studying the complex transport phenomena in membrane systems. In ad-
dition, obtaining high CO:2 recovery percentages and product purity requires a multi-stage mem-
brane process, where the optimal network configuration of the membrane modules must be stud-
ied in a systematic way. In order to address the design problem at process scale, we formulate a
superstructure for the membrane-based carbon capture, including up to three separation stages.
In the formulation of the optimization problem, we include reduced models, based on rigorous CFD
simulations of the membrane modules. Numerical results indicate that the optimal design includes

three membrane stages, and the capture cost is 45.4 $/t-CO..
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INTRODUCTION

Climate change remains a relevant environmental
concern with the global average temperature of Earth
steadily rising, and this phenomenon is associated with
the high concentration of carbon dioxide (COz2) in the at-
mosphere. The current levels of carbon dioxide are over
50% greater than those observed prior to the industrial
era, achieving values of 424 ppm of CO2 concentration
[1]. CO: takes the lead as the primary contributor to cli-
mate change, and human activities, especially CO2 emis-
sions from the energy and industrial sectors, are signifi-
cant drivers.

In this context, carbon capture approaches offer
hope in reducing greenhouse emissions since these pro-
cesses can isolate carbon dioxide at point sources. Using
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this strategy, existing facilities can be retrofitted with
capture plants, without changing the current industrial
process significantly. Carbon capture technologies are
crucial to achieving a net-zero emission scenario that
limits the global average temperature increase below
1.5 °C [2]. Current CO2 capture alternative pathways in-
clude absorption, adsorption, membrane-based, and cry-
ogenic processes [3].

In contrast to adsorption and absorption, mem-
brane-based carbon capture does not need a regenera-
tion process, indicating potential capital and operating
savings. Recent advancements in polymeric materials for
gas separation, coupled with its straightforward plant de-
sign and operation, compactness, lightweight nature, and
mobility, all combine to position membrane technology as
a promising and feasible alternative for CO2 capture [4].
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Polymeric membranes present a range of advantages
across diverse applications. Their straightforward fabri-
cation simplifies technology adoption, ensuring accessi-
bility and cost-effectiveness. Moreover, they exhibit re-
duced material requirements for module construction, of-
fering both flexibility and cost savings. Additionally, their
inherent processability empowers customization and
adaptability, rendering them a versatile and appealing
choice for various industries. For instance, the National
Energy Technology Laboratory (NETL) has developed a
rubbery thin film composite (TFC) membrane that exhib-
ited high CO; permeance, high CO2/N: selectivity, and
stable performance in the presence of water vapor and
non-aging behavior [5].

Several types of membrane modules are investi-
gated in experimental work for flue gas separation [6].
Researchers frequently employ plate-and-frame (flat
sheet), tubular, and hollow fiber membrane modules. In
particular, the plate-and-frame configuration offers the
benefit of a low-pressure drop, which holds greater sig-
nificance in high-volume, low-pressure applications. In
addition, this kind of membrane is easy to clean and to
replace. On the other hand, additional supports are re-
quired for the membrane, and it offers low area-to-vol-
ume ratios.

When compared to modeling approaches, conduct-
ing CFD simulations can be a cost-effective and efficient
means to simultaneously study variable effects while en-
suring accuracy in the outputs [7]. Specifically, CFD tech-
niques provide the capability to analyze polymeric mem-
branes under conditions that surpass the limits of exper-
iments, enabling the generation of diverse trend analyses
for better comprehension of the model results. CFD anal-
ysis proves valuable for assessing the viability and per-
formance of specific membrane modules for industrial
applications.

Regarding the implementation of the technology at
process scale, it was concluded that a single-stage mem-
brane process is unable to achieve high capture rates
and high purity simultaneously [8,9]. Therefore, multi-
stage membrane processes have been proposed to over-
come this issue. In order to address the design problem
using a holistic approach, membrane systems engineer-
ing has evolved as an important research area to under-
stand the trade-offs among operating variables at plant
scale, through mathematical modeling, simulations, and
optimization techniques. In this context, superstructure
optimization plays a crucial role in the formulation of the
optimization problems since it involves creating a com-
prehensive network that includes all possible compo-
nents, units, and interconnections relevant to the case
study. Qi and Henson [10] addressed the separation of
acid gases (CO2 and H:S) from crude natural gas, by in-
troducing a superstructure with potential network config-
urations obtained through a strategic arrangement of
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mixers, splitters, and compressors. Arias et al. [11] used
mathematical programming and superstructure-based
optimization to design multi-stage CO: capture mem-
brane systems, to find the optimal configuration of mem-
brane stages, areas, power requirements, recycle stream
placement, and operational conditions.

In this work, we formulate a superstructure optimi-
zation for the optimal design of a membrane-based car-
bon capture process, where we use rigorous CFD simu-
lations to build the models for the membrane modules.

METHODOLOGY

Based on the literature [10,11], we formulate the su-
perstructure shown in Fig. 1 for the optimal design of the
multi-stage membrane process for carbon capture. In the
present work, we demonstrate the potential of the tech-
nology using three separation stages. However, based on
the application and the end goals, we could increase the
number of stages as needed.

The input stream can be conditioned by increasing
its pressure and/or a cooling operation. Then, the input
stream could be sent to any of three possible membrane
stages. For each membrane stage, the input stream, the
retentate product, and the permeate product stream
could be pressurized if this operation contributes to in-
creasing the objective function. In addition, the permeate
product could be cooled if required. It should be noted
that this superstructure configuration embeds the poten-
tial process configurations, and the membrane order is
not fixed beforehand. On the contrary, the order is deter-
mined based on the configuration that optimizes the ob-
jective function of the problem.

@« Hx1

Figure 1. Superstructure for the optimal design of the
multi-stage membrane process for carbon capture. M:
membrane separation stage. C: compressor. Hx: heat
exchangers. s: splitters. mx: mixers.

In order to model the superstructure of Fig. 1, we
develop mathematical models for each equipment unit,
and we consider the connections between them. Our
modeling framework is mainly based on the litera-
ture[12,13] for the general process units, including the
compressors, the heat exchangers, the mixers, and the
splitters. For the calculation of the compound properties,
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we fit polynomials based on the data from Aspen Plus,
and we consider ideal gas thermodynamics calculations.

The objective function is the minimization of the
capture cost, and it is defined as follows

(¢+w)-CAPEX+OPEX+Mpggp 1)

CapCost = Feo,
where CAPEX and OPEX are the capital and operating
costs, respectively; ¢ is the capital recovery factor
(0.154), w is a factor to consider the annual maintenance
cost (0.045), Mggp is the annualized replacement cost of
the membrane modules, and F,, is the flowrate of the
captured CO:2 in the plant. The CAPEX is calculated from
the purchased equipment cost of individual equipment
units, and we use the cost correlations reported in [14],
while the capital costs are updated to 2023 dollars by us-
ing a Chemical Engineering Plant Cost Index (CEPCI) of
803.3.

Regarding the membrane modules, we formulate a
model including mass and enthalpy balances for the
membrane modules, and we consider the operation of
them in parallel. To calculate the CO: recovery and the
purity product in the permeate we also develop surrogate
models based on a rigorous CFD model, which is de-
scribed in the next section.

Rigorous CFD simulation

The representation of the CFD model for the mem-
brane module is shown in Fig. 2. We consider a 3D geom-
etry that includes two main parts: the retentate side and
the permeate side. The input COz-rich stream enters the
feed side, and carbon dioxide efficiently crosses through
the selective boundary to the permeate side, where a
concentrated CO; stream is recovered. This technology
utilizes thin film composite membranes consisting of rub-
bery polymer blends [5], without the inclusion of carriers.

We implement the CFD model in Comsol Multiphys-
ics to describe the separation process using membranes.
For this, we use the Navier-Stokes equation to calculate
the velocity distribution, considering compressible lami-
nar flow with Mach number less than 0.3, as shown in Eq.
(2):

(u-V)u —vv?u +%Vp =0 (2)

where u is the velocity, p is the pressure, v is the kine-
matic viscosity and p is the density.

Regarding the mass transfer phenomena, we use
the physics for transport of concentrated species, by
considering the following expression:

pu-Vw; +V- (—p(Dini)) =0 (3)

where w; is the mass fraction of species i, and D; is the
diffusion coefficient of species i.

For both retentate and permeate sides, we consider
the coupled phenomena, which include the physics of the
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laminar flow and the mass transport. However, these do-
mains have different reference pressures since the re-
tentate side operates near atmospheric pressure and the
permeate side usually operates under vacuum. The driv-
ing force for the species flow through the selective
boundary is the CO:2 partial pressure difference; increas-
ing this pressure difference increases the stage cut of the
membrane process.

NN

Retentate

P

Feed

Retentate side

- 7,
]

b Permeateside

Figure 2. CFD model for the membrane module. a) Main
configuration and flux directions. b) Domains and
selective boundary

In order to model the membrane separation process,
we define the selective boundary layer as a boundary
condition for both physics. This selective layer is located
at a height z, in the membrane module, as shown in
Fig. 2. The species fluxes (J; ]y, Jz:) are given by Eq. (3)
in the transport phenomena, considering experimental
data for the permeance of CO2 and Nz as pure gases (Q;).
In this way, the modeling approach considers the differ-
ent mass transfer resistances due to the membrane.
Therefore, we do not have to include the information as-
sociated with the porosity of the support in the model.
Regarding the velocity profile calculation, we consider a
leaking wall as a boundary condition, calculating the
equivalent velocity to satisfy momentum balances (see
Eq. (4)).

Jxi=0
Z=2Zy - Jyi=0 (3)
[Vzi] = QM (pmetx]*t — pPerxl®T)
u, =0
Z=2Zy o Illy =0 (4)
Uz = _;ZiE{COZ,NZ}]z,i

where Q; is the permeance of species i, and M; is the mo-
lar mass of species i.
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Regarding the boundary conditions for the inlet and
outlet streams, we use the conventional approach to
specify them, as explained in [15]. In particular, we run
the CFD model several times to generate data for the re-
duced model generation, as we explain below. In this
matter, we consider inlet mass flowrates between 40-
220 mg/s, inlet CO2 concentrations between 0.1 and 0.7,
retentate outlet pressures between 1.02-2 atm, and per-
meate outlet pressures between 0.09-0.6 atm.

Model simplification and mesh studies

To enhance the computational tractability of the
CFD model, a symmetry plane has been introduced for
the membrane module. This modification involves the in-
corporation of a yz plane, resulting in a halved geometry,
as depicted in Fig. 3. In this way, the number of cells re-
quired for the mesh is also halved.

Regarding the mesh, we have developed a mapped
mesh for the geometry as shown in Fig. 3. This meshing
technique has shown a superior performance for mesh
generation, offering the possibility of reducing the re-
quired number of cells to achieve accurate results.

z
Yolox
Figure 3. Mesh for the membrane module (637,460
degrees of freedom)

For the present case study, we perform a mesh
independence study to select an appropriate number of
mesh elements. This analysis is shown in Fig. 4, where
we show the influence of degrees of freedom, directly
proportional to the number of mesh nodes, on the CO;
recovery of the membrane module for the mapped mesh
and the free tetrahedral mesh. The results indicate that
as the mesh becomes finer, the CO2 recovery decreases
for the free tetrahedral mesh and increases for the
mapped mesh. In addition, it is observed that the number
of degrees of freedom to obtain accurate results is lower
for the mapped mesh. It is worth noting that beyond
637,460 degrees of freedom, there is no significant
change in the CO: recovery. The relative difference
between this point and the one with the highest number
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of nodes (which is also the most accurate) is only 0.076%.
This suggests that a mesh containing 637,460 degrees
of freedom provides sufficient computational accuracy.
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Figure 4. Variation of the CO2 recovery with the degrees
of freedom in the mesh. Input flow: 1250 SCCM; x¢,,:0.3;
p"¢t: 1.2 bar; pP¢": 0.2 bar.

Surrogate model for the membrane process

The CFD for the membrane module was validated
using experimental data, as described in the literature
[16], for a bench-scale experimental implementation. In
the present work, we have scaled up the membrane mod-
ule to a length of 1 m and a width of 0.375, as shown in
Fig .2. Then, from this model, we generate sampling data
and build a reduced model by using kriging-based meth-
odology available in the IDAES computational framework
[17]. This modeling approach considers a correlation
function between different sampling points, which is usu-
ally called kernel. In the present case, we use the Gauss-
ian kernel (k(x;, x;)), which is shown in Eq. (5).

. . . 2
k(xt,20) = exp (= Ty 6, [xE — x| ) (5)

where x' and x/ are sampling points, 8 = {6,,0,, ...,0,}" is
vector associated with the length scale hyperparame-
ters, and d is the dimension of the input variable vector.
The values of output variables are calculated through the
following expression:

Yo =u+kI(K+0o?,) ' (y — 1) (6)

where y, is the expected value of the output variable, y is
the mean, n is the number of sample points, I,, is the iden-
tity matrix of dimension n, ¢ is the regularization param-
eter associated with the noise of the data and y is the
vector of the sampled output variable. The vector k, and
the matrix K are calculated through Egs. (7) and (8), con-
sidering the Gaussian correlation function (see Eq. (5)).

[K];; = k(x',x)) (7)
[k.]; = k(x', x*) (8)

In particular, we build reduced models that consider the
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following input variables: i) inlet flowrate; ii) pressure in
the retentate; iii) pressure in the permeate; iv) inlet CO2
concentration. On the other hand, we consider the CO2
recovery and the CO; purity in the permeate side as out-
put variables for the model. In this way, we can exploit
the information of the rigorous CFD simulation to create
a reduced model, which is implemented in the super-
structure for the selection of the multistage membrane
process.

Table 1. Main statistics metrics of the Kriging model for
the CO2 recovery (output variable)

Training Validation
CO:recovery data data
R? 1.0000 0.9992
Mean squared error 2.6:10°¢ 4.7-105
Mean rel. error (%) 0.2819 1.5116
Max. rel. error (%) 2.1905 5.9386

The main performance metrics for our built-reduced
models are shown in Table 1. It is observed that the per-
formance of the built reduced models is appropriate for
their implementation in the optimization model since the
R? coefficients are close to one, for both output variables.
In addition, the statistics metrics for the training and the
validation data do not change significantly, indicating a
low risk of overfitting.

Table 2. Main statistics metrics of the Kriging model for
the CO:2 purity in the retentate (output variable)

. Training Validation
Purity data data
R? 1.0000 0.9998
Mean squared error 4.8-107 8.0-10°¢
Mean rel. error (%) 0.1266 0.4301
Max. rel. error (%) 0.7907 1.9357

RESULTS

In the present work, we consider the optimal design
of a plant to treat a flue gas of 30 % CO2 -70% N2 and a
molar flow rate of 1000 mol/s, as a case study. This CO2
concentration is representative of steel plants but our
model can account for any set of inlet and operating con-
ditions. We set the lower bounds for CO2 recovery and
the purity at 80 % and 90 %, respectively.

The mathematical programming model is imple-
mented in Pyomo and solved using IPOPT [18]. As com-
mercial solvers for global optimization turn out to be in-
efficient in solving the present problem design, we use a
multi-start approach to increase the possibility of finding
the global optimal solution.

The optimization problem includes 539 variables
and 50 optimization variables. We note that the use of
Pedrozo et al. /| LAPSE:2024.1618

reduced models reduced the problem complexity signifi-
cantly since the rigorous simulation of each membrane
separation stage includes 637,460 variables. Therefore,
solving the full optimization model for optimal design rep-
resents computational challenges, which would be the
bottleneck of any decision-making. It is only through sur-
rogate models that we can seek a practical design opti-
mization in an acceptable timeline.

The main economic indicators are shown in Table 3.
The objective function is the capture cost, for which we
obtain a value of 45.4 $/t-CO2. This value is of the ex-
pected order for a multi-stage membrane process [6].
The total annual cost for the capture plant is also shown
in Table 1. The main contributor to this economic indica-
tor is the annualized capital cost (51 %), while the oper-
ating cost represents 29 % of the total annual cost. Our
results indicate that the capital cost associated with
compressors accounts for 65 % of the CAPEX, while the
membrane cost is 33%. It should be noted that the purity
and the CO: recovery are at their lower bounds for the
optimization problem.

Table 3. Economic indicators associated with the optimal
design of the membrane-based carbon capture

Value
Capture cost ($/t-COz2) 45.69
Total annual cost (MM$/y) 13.89
Capital cost (MM$) 46.25
Operating cost (MM$/y) 4.00
Purity (%) 90
CO2 recovery (%) 80

Figure 5. Optimal configuration for the membrane
process. M: membrane separation stage. C: compressor.
Hx: heat exchangers. s: splitters. mx: mixers.

The optimal configuration for the membrane-based
carbon capture process is shown in Fig. 5. It comprises a
three-stage membrane separation setup. The inlet flue
gas is introduced into the second membrane module, M2.
The retentate product from M2 is fed to the third module,
M3, where a Nz-rich stream is recovered in the retentate
stream, while the permeate side is recirculated back to
M2. The permeate stream originating from M2 is then
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sent to the first module, M1, which yields the purified CO2
stream. The retentate product from M1 is also recycled to
M2 for further processing.

It should be noted that the optimal network for the
separation process using membranes is not trivial, and
there is a trade-off between the recovery and purity in
each separation stage. At process level, there are also
trade-offs related to recycled streams; high recirculation
rates increase the operating costs but they have the po-
tential to reduce the required membrane area. In this con-
text, the proposed superstructure optimization is a valu-
able tool for finding a solution, considering these process
interactions in the design.

Regarding the operating condition and separation
performance of the membrane stages, Table 4 shows the
main results. It is observed that the membrane M2 in-
cludes a higher area than M1 and M3, and this result is
associated with its high inlet flow (recycling streams for
M1 and M3 are sent to M2 in the process network). In ad-
dition, we observe that M1 operates at high inlet CO2 con-
centration to achieve the target purity of the CO2 product
(90 %), while M3 operates with a CO.-dilute stream
(15 %) to recover the greenhouse gas before expelling
the N2-rich stream from the retentate of this membrane
stage. The permeate side for the membrane stages is at
vacuum pressure, while the retentate is at atmospheric
pressure. M2 and M3 operate at low pressure (0.1 atm) in
the permeate side to promote CO: transport through the
selective layer; while the pressure of the permeate side
of M1 is 0.4 atm. For each membrane stage, we also re-
port the dimensionless feed flow and the retentate re-
covery, which are associated with the capital cost and
the energy requirement [19], respectively.

In order to verify the accuracy of the reduced mod-
els in the environment of the optimal solution, we have
run the rigorous CFD simulation considering the input
variables reported in Table 4 for each membrane stage.
These input variables include the inlet flow, the inlet CO2
molar fraction, and the pressure of the retentate and the
permeate sides. The results associated with this analysis
are shown in Table 5. In general, we obtained relative dif-
ferences between the reduced model and the rigorous
CFD simulations lower than 1 %. The sole exception is the
prediction of the reduced model for the CO- purity for M3,
which is 5 % lower than the value obtained by the CFD
simulation. This means that the objective function of the
optimization problem could slightly improve by updating
the reduced model with this information. Future work will
focus on using the trust-region filter method [20,21] to
solve the problem and obtain highly accurate solutions
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Table 4. Operating conditions and results for the mem-
brane stages

M1 M2 M3
Membrane 30,849 107,800 54,887
area (m?)
Inlet flow 565 1465 901
(mol/s)
Inlet CO2 ' 0.70 0.36 0.15
molar fraction
Retentate 1.02 1.02 1.02
pressure (atm)
Permeate 0.40 0.11 0.10
pressure (atm)
CO2 0.61 0.74 0.55
recovery
CO:2 purity 0.90 0.70 0.42
Dimensionless 0.33 0.25 0.30
feed flow
Retentate 0.53 0.62 0.81
recovery

Table 5. Output variables from the rigorous CFD simula-
tions and the NLP model (calculated from the Kriging ap-
proach), using the input variables shown in Table 4

M1 M2 M3

CO2 recovery

(CFD model) 0.608 0.740 0.551
COz recovery

(NLP model) 0.614 0.745 0.552
CO2 purity

(CFD model) 0.906 0.701 0.445
CO:2 purity

(NLP model) 0.900 0.700 0.423

The CO, molar fraction profile (xc,,) of membrane
stage M2 is shown in Fig. 6. Initially, the inlet x¢,, is 0.36,
while the retentate outlet x¢o, is 0.15. The decrease in
Xco, i attributed to the selective CO: flow through the
membrane selective layer during the separation process.
In the permeate region close to the feed, x¢,, reaches
high purities of up to 0.90. However, as we move closer
to the permeate side near the retentate outlet, the CO2
purity decreases to around 0.50. Consequently, the av-
erage CO: purity of the outlet permeate flow is estimated
to be approximately 0.70.
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Figure 6. Profile of CO2 molar fraction (x¢o,) for M2. Input
flow: 86.06 mg/s; x¢0,:0.36; p™*: 1.02 atm; pP¢": 0.11 atm.

Effect of the CO, concentration in the feed
stream

We also explore the effects of changing the CO2 mo-
lar fraction in the feed stream on key parameters, such
as the objective function (capture cost), the membrane
area, and the energy demand. For this purpose, we run
the optimal design problem by considering different inlet
CO:2 molar fractions in the interval of 0.2-0.3, while keep-
ing the input molar flowrate of COz constant.

The results associated with this analysis are shown
in Table 6. In all of the cases, the purity and the CO: re-
covery were found at their lower bounds, 90 % and 80 %,
respectively. It is observed that the capture cost de-
creases significantly as the inlet CO2 molar fraction in-
creases. These results are in agreement with the litera-
ture [14]. This trend can be explained by the simultane-
ous reduction in both membrane area and energy de-
mand as the inlet CO2 molar fraction rises, as detailed in
Table 6.

Table 6. Effect of the inlet CO2 concentration of the feed
in the capture cost, membrane area, and energy demand

Inlet CO2,  Capture Membrane Energy

molar cost area demand
fraction ($/t-CO2) (m2) (KWh/t-CO2)
0.2 73.13 371,880 284.5
0.225 64.77 320,059 252
0.25 57.90 277,819 231.4
0.275 52.01 244,103 206.51
0.3 45.69 193,536 182.8

CONCLUSIONS AND FUTURE WORK

In this work, we address the optimal design of a
multi-stage membrane process for carbon capture. For
this task, we develop a CFD model of a membrane mod-
ule, from which we generate a Kriging reduced model to
Pedrozo et al. /| LAPSE:2024.1618

be implemented in an optimization problem. In order to
design the separation network, we formulate a super-
structure to consider a three-stage membrane process.
As the main case study, we consider an inlet flue gas
stream with a CO2 molar fraction of 30 % and a molar
flowrate of 1000 mol/s. However, our computational
framework is flexible and versatile and can therefore be
adapted to accommodate various inlet and operating
conditions to simulate any post-combustion or industrial
plant and real-life gas stream compositions. Our work
could also be extended to inform both new plants and to
retrofit existing ones.

Our results show that the optimal design includes
the three membrane stages and the capture cost of the
process is 45.69 $/t-CO2. Determining the resulting net-
work configuration and optimal operating conditions for
the membrane stages is a non-trivial task. In this context,
the optimization formulation shows its value as it deter-
mines optimal trade-offs between the decision variables.

Future work will focus on including additional design
variables associated with the membrane module, i.e., ge-
ometric variables. In addition, we will include the effect of
temperature on the transport phenomena for the CFD
model. Regarding the solution strategy, we will solve the
problem by using trust region methods, to guarantee the
optimality of the solution.
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