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Pressure swing adsorption (PSA) modeling remains a challenging task since it exhibits strong dynamic and cyclic
Physics-informed machine learning

! 1 behavior. This study presents a systematic physics-informed machine learning method that integrates transfer

Press‘;re lswml_g adsorption learning and labeled data to construct a spatiotemporal model of the PSA process. To approximate the latent

I:}:ezr dzata;mng solutions of partial differential equations (PDEs) in the specific steps of pressurization, adsorption, heavy reflux,

o . . counter-current depressurization, and light reflux, the system's network representation is decomposed into five
Partial differential equations R . . . ; X i

lightweight sub-networks. On this basis, we propose a parameter-based transfer learning (TL) combined with

domain decomposition to address the long-term integration of periodic PDEs and expedite the network training

process. Moreover, to tackle challenges related to sharp adsorption fronts, our method allows for the inclusion of a

* Corresponding author.
E-mail addresses: wanghuan@cnsi.ltd (H. Wang), hechang6@mail.sysu.edu.cn (C. He).
1 These authors contributed equally to this work.

https://doi.org/10.1016/j.gce.2024.08.004
Received 25 June 2024; Received in revised form 1 August 2024; Accepted 13 August 2024
Available online 14 August 2024

2666-9528/0© 2024 Institute of Process Engineering, Chinese Academy of Sciences. Publishing services by Elsevier B.V. on behalf of KeAi Communication Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:wanghuan@cnsi.ltd
mailto:hechang6@mail.sysu.edu.cn
http://crossmark.crossref.org/dialog/?doi=10.1016/j.gce.2024.08.004&domain=pdf
www.sciencedirect.com/science/journal/26669528
www.keaipublishing.com/en/journals/green-chemical-engineering
https://doi.org/10.1016/j.gce.2024.08.004
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.gce.2024.08.004
https://doi.org/10.1016/j.gce.2024.08.004

Z. Wu et al.

Green Chemical Engineering 6 (2025) 233-248

specified amount of labeled data at the boundaries and/or within the system in the loss function. The results show
that the proposed method closely matches the outcomes achieved through the conventional numerical method,
effectively simulating all steps and cyclic behavior within the PSA processes.

1. Introduction

Pressure swing adsorption (PSA) has garnered significant interest as a
promising option for the separation of hydrogen and the capture of
carbon dioxide from flue gas streams [1,2]. Compared to thermally
driven separations, PSA not only enhances energy efficiency and envi-
ronmental sustainability, but facilitates easier design in a compact,
modular, and portable device [3]. Despite these advantages, designing
and operating PSA processes remain a significant challenge. One major
obstacle to the extensive use of PSA in the process industry is the defi-
ciency of tools that can be easily utilized, offer the required flexibility,
and maintain a high level of dependability. This stems from the
complexity of understanding and modeling mixed-gas adsorption, which
involves both the operational dynamics and the physics of adsorption
[4]. For example, PSA exhibits a dynamic nature and cyclic behavior as a
unit operation, which typically follows the Skarstrom cycle that consists
of individual steps, such as pressurization, adsorption, and depressur-
ization [5,6]. The computational effort required to accurately address the
strong non-linearity and non-idealities of the adsorption dynamics
involved in the PSA cycle is quite expensive and prohibitively
time-consuming. Hence, it is crucial to develop accurate mathematical
models grounded in fundamental principles that can efficiently capturing
the complex spatiotemporal dynamics inherent in PSA operation while
notably alleviating the computational burden.

Partial differential equations (PDEs) offer a precise structure for
mathematically representing the spatial and temporal dynamics of vari-
ables within a continuous domain. The mathematical model of PSA
process comprises coupled nonlinear PDEs distributed in both space and
time, with periodic initial and boundary conditions defining each step in
the PSA cycle. These PDEs dictate the transfer of mass and energy within
the system, and must be concurrently resolved with the differential-
algebraic equations that delineate the transport phenomena and
adsorption process both between and within particles [4]. The process of
modeling the PSA involves iteratively solving a series of such PDEs until
reaching a cyclic steady state. In the past, a range of numerical methods
have been suggested to address PSA modeling and optimization issues,
such as finite differences [7], orthogonal collocation [1], finite elements
[8], and finite volumes [9]. Among these methods, two finite volume
methods, namely the total variation diminishing (TVD) and the weighted
essentially nonoscillatory (WENO), are notable for their capability to
manage sharp adsorption fronts in the bed and minimize non-physical
oscillations in the adsorption dynamics [10,11]. In particular, the TVD
method simultaneously achieves high-order accuracy and low-order
stability by introducing flux limiters, while the WENO method ensures
the non-oscillatory nature of numerical solutions through weighted
functions.

To support the utilization of these methods, several commercial
process simulation tools are accessible to engineers and researchers, such
as Aspen Adsorption [12], AVEVA Process Simulation [13], and Dynamic
Adsorption Column Simulation [14]. While using these commercial tools
helps to build and analyze PSA models more efficiently and conveniently,
they are coded in a black-box environment and lack sufficient modeling
flexibility and freedom. Practitioners can overcome these constraints by
developing open-source process simulators based on published numerical
algorithms and existing solution techniques. For example, several
in-house PSA dynamic models of varying complexity have been suc-
cessfully developed, such as GRAMS [15] and toPSAil [3]. However,
when it comes to numerical models, it is important to note that a sub-
stantial amount of computational time is required to fine-tune model
parameters/configurations with domain-specific expertise. Furthermore,

they fall far short of meeting the demands for online prediction and
real-time optimization in the current process industry [16].

A strategy for diminishing the intricacy of the modeling challenge
involves the application of model reduction methodologies, which can be
further used as surrogate models in dealing with modeling and optimi-
zation issues. Agarwal et al. [1] used a reduced-order model based on
proper orthogonal decomposition to create cost-effective low-order
models that can replace those obtained from spatial discretization.
Uebbing et al. [17] employed an equilibrium model that enables the
reformulation of PDEs into algebraic equations of substantially lower
order, resulting in much simpler representations for PSA models and
enhancing the computational efficiency of optimization problems.
Recently, with the increasing attention to machine learning, data-driven
surrogate models have emerged as significant alternatives to replace
computationally expensive numerical models. Hao et al. [18] developed
surrogate models grounded in Gaussian processes to replicate the com-
plex, original process models of PSA. These models were then synergized
with a composite optimization strategy that integrates elements of both
stochastic and deterministic approaches, thereby streamlining the quest
for the Pareto optimal boundary. Leperi [19] and Sundaram [20] et al.
demonstrated that artificial neural networks can serve as effective sur-
rogate models for swiftly simulating each phase of diverse PSA cycles.
Rebello and Nogueira [21] designed a multiple-input, single-output
framework consisting of two deep neural network models to forecast key
performance indicators for CO, capture in PSA units. Oliveira et al. [22]
found that LSTM-based deep neural networks can serve as dependable
predictors of the system's dynamic behavior, making them a promising
option for the advancement of control, optimization, and measurement
techniques. One of the major challenges associated with the data-driven
method is the need for extensive and high-quality training data, which
are typically obtained through experimental measurements or numerical
simulations [23,24]. In theory, they are regarded as black-box models,
lacking physical interpretability, generalizability, and a direct connec-
tion to the underlying physical laws governing the system [25,26].

Recently, an innovative scientific machine learning method, known
as physics-informed machine learning [27,28], has been designed to
cultivate surrogate models that can be endowed with an understanding of
the fundamental physical principles and specialized knowledge within a
given domain. An illustration of this principle is the group of
physics-informed neural networks (PINNs) [29,30], which mathemati-
cally integrate the governing PDEs into the neural network's loss func-
tion. In contrast to conventional numerical approaches, physics-informed
machine learning harnesses the capabilities of automatic differentiation
[31] for mesh-free numerical computation, thus circumventing the issue
of the curse of dimensionality [32,33]. During the network's training
phase, a loss function is formulated by evaluating the discrepancies in the
governing equations, utilizing these discrepancies as penalty factors to
limit the range of potential solutions. Transforming the task of resolving
PDEs into an optimization challenge that involves minimizing the loss
function is the essence of this approach [34,35]. The benefits of PINN go
beyond just facilitating the resolution of intricate scientific and engi-
neering challenges; they have additionally emerged as a central area of
interest within the burgeoning domain of scientific machine learning
[35]. Recent statistical data from academic research highlight the suc-
cessful application of PINN across various domains, such as fluid me-
chanics [36,37], heat transfer [38,39], chemical reactions [40,41],
biomedicine [42,43], materials science [44,45], solid mechanics [46,47],
and fracture mechanics [48,49].

While significant progress has been achieved in modeling differential
equations and clearly defined physical processes through physics-
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informed learning, their limitations are exposed when dealing with PDE
systems characterized by high dimensions or pronounced nonlinearity
[27,50]. As previously mentioned, PSA processes involve sharp adsorp-
tion fronts, cyclic behavior, and internal recycling, which can result in
stiff and ill-conditioned PDEs. This requires the sustained integration of
these PDEs while managing the challenges posed by time-varying
boundaries and initial conditions within the problem domain [51]. The
resulting computational challenge can be partially mitigated by
designing specialized structures, such as multi-PINN [52], segregated
network [53], and Deep M&Mnet [54]. Additionally, domain decompo-
sition can be utilized in conjunction with transfer learning [48,55] or
pre-training [56,57] techniques, this enables the transfer of knowledge
and application of models from one domain or task to another, facili-
tating their use in new contexts. While these combined methods are
theoretically feasible, to the best of our knowledge, there is currently a
lack of systematic research specifically focused on modeling PSA pro-
cesses using physics-informed machine learning.

Considering the issues previously mentioned, this research presents
an alternative to traditional numerical solutions by integrating physics-
informed machine learning with transfer learning and labeled data,
aiming to develop a one-dimensional, spatiotemporal model of the PSA
processes. To mitigate the computational complexity arising from the
long-term integration of PDEs, we initially implement domain decom-
position to partition the physical domain into a series of subdomains,
where each subdomain corresponds to a distinct step in the Skarstrom
cycle. Five interconnected and lightweight sub-networks are meticu-
lously designed to resolve the underlying solutions of PDEs in the steps of
pressurization, adsorption, heavy reflux, counter-current depressuriza-
tion, and light reflux. This not only enables a more accurate represen-
tation of the underlying physics, but also facilitates the utilization of
parameter-based transfer learning. Furthermore, to enhance the
model's understanding of the underlying physics such as sharp adsorption
fronts, our method permits the inclusion of observational and measure-
ment data in the loss function during training.

2. Model description
2.1. Modified Skarstrom PSA cycle

In this study, the PSA process is aimed at separating a mixture gas
containing 15% CO; and 85% Ns. PSA utilizes a packed-bed chromato-
graphic column, in which CO; is selectively adsorbed onto a solid sorbent
under high pressure. Subsequently, the sorbent undergoes a regeneration
process by reducing the pressure, which results in the release of the
concentrated CO, that was previously adsorbed, now available as the
extracted product. The commonly used cycle configuration of PSA [58]
includes the modified Skarstrom cycle, the fractionated vacuum swing
adsorption cycle, and the five-step cycle. Here, the modified Skarstrom
cycle is employed due to its ability to reduce energy demands for CO2/Ny
separation and its compatibility with most metal-organic framework
(MOF) materials [59]. As depicted in Fig. 1, it consists of the following
five steps.

(1) Pressurization: it begins at the first adsorber bed, where the
pressure gradually increases from low pressure (Pr) to high pres-
sure (Py) as the compressed feed gas is introduced into the
column;

(2) Adsorption: once pressurization is finished, the valve at the col-

umn top is opened, allowing the feed gas to be adsorbed through

the adsorbent in the column. The light product Ny is recovered at
the column top, and the heavy product CO; is mainly adsorbed at
the other end;

Heavy reflux: after the adsorption reaches a predetermined time,

the feed gas is switched to the high CO; concentration stream

obtained during the light reflux step, which can enhance the CO,
recovery rate;

3
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co,

Flue gas

0, 0,
15% CO, + 85% N, Step I: Pressurization, P.—P,

Step I: Adsorption, P = P,
Step II: Heavy reflux, P = P,

P, — Low pressure
P, —» High pressure
O —» Adsorbent

J —* Compressor

Step IV: Counter-current depressurization, Py—P_
Step V: Light reflux, P = P,

Fig. 1. Diagram of a pressure swing adsorption process using a modified
Skarstrom cycle.

(4) Counter-current depressurization: following the re-reflux step,
the pressure in the column gradually drops to Py, by turning off the
valve at the column top, allowing the discharge of CO, at the
column bottom;

(5) Light reflux: the concentrated Nj is transported to the top of the
column. A portion of unadsorbed CO- is used as the feed in the
heavy reflux step.

2.2. Governing equation

In practical operation, the periodic switching between the above-
mentioned five steps I ~ V of the PSA cycle is achieved by switching
the valve at both ends of the column. From a mathematical modeling
perspective, the transitions between steps are accomplished by changing
the boundary and initial conditions. To achieve a cyclic steady state, we
follow a united approach [60], where all beds undergo identical steps so
that a single bed is required to describe the adsorption dynamics of the
multibed cycle. As the cyclic steady state is achieved, the boundary
conditions of each step can reflect the results of combined heat and mass

Table 1
The boundary conditions for the steps of the modified Skarstrom cycle.
Step Bottom (x* = 0) Top (x* =1)
Pressurization P =P_—Py oP/ox =0
Yi = Yifeed dyi/ox =0
T = Teea T /ox =0
Adsorption P =1.02Py P =Py
Yi = Yiflue dyi/ox =0
T = Thue T /ox =0
Heavy reflux P =1.02Py P =Py
Yi = Yiirle o+ dyi/ox =0
T = Tyly o 0T /ox =0
Counter-current depressurization P=Py— P 0P/ox" =0
dyi/ox =0 dyi/ox =0
dT /ox =0 dT/ox =0
Light reflux P =P P>P.
dyi/ox =0 Yi = Yiadsle =1~
oT/ox =0 T = Tugsle—1-
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Fig. 2. Schematic diagrams of (a) the PSA process modeling by TL-LD PINN and
(b) pressurization sub-network.

transfer occurring at specific times for each step, e.g., the spatiotemporal
distributions of pressure, composition, and temperature at both ends of
the bed [61]. The detailed boundary conditions are outlined in Table 1.

To streamline the spatiotemporal model and circumvent the need for
computationally demanding methods, the adsorption process of the PSA
cycle can be described using a one-dimensional mathematical model with
the following assumptions [62,63]:

1) gas phase behavior can be described by the ideal gas law;

2) no radial variations in pressure, concentration, and temperature;

4) gas diffusion within the adsorbent can be linearly modeled;

5) the adsorption properties of adsorbent, void fraction, and gas vis-
cosity remain constant;

6) thermal equilibrium exists between the gas phase and the adsorbent;

7) heat transfer occurs at the column wall, and the temperature outside
the column wall remains unchanged;

8) the column exhibits a plug flow that is dispersed along the axis.

Based on the above assumptions, a coupled nonlinear system of PDEs
based on the mass and energy balances [64] can be obtained. In this
system, the total mass balance can be represented by:

P\ _ (=€) RT <~ 9g:
e e P L

T o

P ox

10P 10T

@

where P and T represent the total pressure of the system and column
temperature; u,, ¢, and g; represent the surface gas velocity, bed voidage,
and molar loading of component i in the solid phase, respectively.

It is worth noting that there may be significant differences of orders of
magnitude between the state variables and input parameters of the
governing PDEs in terms of spatial and temporal scales during the PSA
cycle process. A term with a large order of magnitude during the training
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process can contribute more to the loss function of the network. Mean-
while, in physics-informed machine learning, which frequently utilizes
gradient descent-based optimizers, there is a tendency to prioritize terms
with larger magnitudes, potentially neglecting those with smaller mag-
nitudes. These variables (or parameters) may vary significantly during
network training, which in turn prolongs convergence time and affects
the training results. To ensure that the PDEs and boundary conditions are
well constrained, it is necessary to nondimensionalize the key variables
and input parameters by the following equation:

. P . T T, e U . Uy . g e Tao .
P =T =_— w:f;h[:i; (:u*: :ﬂ;h,‘:qf‘;Tu =P
Py To To gso T Up L qs0 To
PL * X
—the X
Py L

(2)

where P*, T*, Ty*, h;, uy*, t*, hi*, To*, P.*, and x* denote the dimen-
sionless results including pressure, temperature, wall temperature, molar
loading of component i in the solid phase, superficial gas velocity, time,
equilibrium molar loading of component i in the solid phase, ambient
temperature, low pressure, and bed length, respectively.

Substituting the nondimensional variables from Eq. (2) into Eq. (1)
transforms the total mass balance equation into:

or P ou,  .oP" N P T ~—0h; P oT" @
- — - T — U = U—7 = — x % A

or ox"  fox"  TT ox’ —ot"  T" or

where y =1=¢ %j‘“, the system total pressure can be obtained according
to Eq. (3).

Additionally, we calculate the component balance of the system based
on the molar fraction of CO2 (y1) in the gas phase, with the nondimen-
sional equation as shown by:

O _ Ly 1OP oy 1oy ol Loy T O
o Pe\ox? P or o T oror) "o P\ Vor
Oh,
+ i or )

(€3]

where Pe = %, Dy, = 0.7Dy, + rpup. The molar fraction of Ny in the gas

phase y> = 1 - y;. Within the column, the temperature variation between
the gas and solid phases can be computed from:

o T 0T . Oh; e e
Pl w2l + Z(ﬂ';i +mT )y —as(T" - T,) 5)
where
K.

m = : (5-1)

(pg CP~S€ + (1 - 8) (Cp,sps + Cp,aqso) )uOL

Cpe

T = PeCpef 5-2)

ngP~gg + (1 - ‘9) (CP.Sps + Cp,a%o)

1 —¢)( — AH,)gq

o (1 - &)~ AH)go 53

To (ngp_gs + (1 - E) (CP-Sps + Cp.a‘]so) )
AH;=AU; —RT'T, (5-4)

1 —¢€)(Cog — Cpa)gs

= ( g)( P.g pvd)q 0 (5-5)

pgcp‘ge + (1 - E) (Cp,sps + Cp,aqs())

2hi, L
(5-6)

s =
> g (P Cpt + (1 — ) (Coup, + Cpatio) )
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Utilizing the Ergun equation, one can determine the pressure
The gas-solid mass transfer behavior can be described by the linear decrease that occurs within a column [64]:

driving force model [62] shown in Eq. (6):

(h; — hy) (6)

PPy
" RT'T,

Pe
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2.3. The selection of adsorbent

Here, MOF-177 was selected as the adsorbent. The dual-site Langmuir
model was used to describe the adsorption process of CO, and N3 using
MOF-177. To simulate the competitive isotherms of two gases in the
adsorption process, it is assumed that site 1 with a strong adsorption
capacity only adsorbs CO,, while the weaker site 2 is computationally
adsorbed by CO3 and Nj. The adsorption isotherms of CO5 and N are
fitted by using data from Ref. [59], which are as forms:

1 1 2 2
_ Ysarco, BCO: Pco, Dsar,c0, Bcoz Pco,

o, = 8-1
9co, =1 LBy - Peo, | 1+ Bio, - Peo, + B, - Pr, &1
2 2
Geaen, * By, - Px
qNZ _ sat,No Ny 2 (8—2)

14 BZo, - Pco, + By, - Py,

where ¢},; and B} represent the saturation loading and isotherm pa-
rameters of the component i at site s, respectively. Considering the effect
of temperature on the loading during the adsorption of CO5 (component
1) and N3 (component 2), the isotherm parameters were fitted by using
the following Arrhenius form:

—AU;
B, =b, exp{ RTI}

9

where AU; represents the adsorption internal energy of component i. The
isotherm parameters of MOF-177 are as follows [59]: g%, ; = 48 mol/kg,

g%, =0, b} =8.06 x 107°kPa™, b? = 0, AU} = AU? = 14 kJ/mol,
@2, = 48 mol/kg, b = 1.11 x 1072 kPa™!, AUZ = 10 kJ/mol.

3. Methodology
3.1. TL-LD PINN method

As shown in Section 2.1, the mathematical model of the PSA process
consists of a set of coupled PDEs. These PDEs were used to describe the
total mass balance (Eq. (3)), the component mass balance (Eq. (4)), the
gas-solid phase temperature gradient (Eq. (5)) in the column, and the gas-
solid mass transfer equation (Eq. (6)) based on the linear driving force
model. In addition, we used the competitive dual-site Langmuir model to
describe the adsorption behavior between CO5 and Nj, and used Eq.
(8-1) and Eq. (8-2) to represent the adsorption loads of CO, and Na,
respectively. The temperature effect on adsorption load is further
considered by fitting the Arrhenius equation Eq. (9). The combined so-
lutions of these differential equations can be expressed as u(x)={p*(x),
¥i*(x), q1*(x), g2*(x), T*(x)}; herein x = (x*, t*) is the input space-time
coordinate, and their generic relationship can be expressed by:

f(x >:O,er

The corresponding boundary conditions and initial conditions can be
expressed by:

Ou
T ox*’

ou Ju
o 0x2

(10)

B(u,x)=0,x € 0Q, (10-1)

I(u,x) =0,x € 0Q, (10-2)
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Fig. 5. The distributed state variables in the adsorption step of the 1t cycle. (a) Pressure, (b) CO, mole fraction, (c) CO, molar loading, (d) N, molar loading, and (e)
temperature; (f)~(i) presents the corresponding spatial profiles at the end of this step obtained through TL-LD PINN and WENO-FV methods. Here, g;* and g»* are
dimensionless CO2 molar loading and N3 molar loading. The solid line represents the predicted values of the TL-LD method, and the " x " indicates the results of the

WENO-FV method.

where 0Q, and 0Q, represent the space boundary and time boundary of
the domain required for defining constraints, respectively. B (i, x) and I
(u, x) are the general forms of the boundary and initial condition,
respectively.

As mentioned in the Introduction, PSA processes are characterized as
cyclic, dynamic, and multiphysics systems governed by a set of coupled
nonlinear PDEs, with frequent step-switching steps, and each step con-
tains complex boundary and initial conditions. Accurately capturing the
time-varying characteristics in each step using physics-informed learning
presents the following two main challenges:

(D The cyclic behavior and internal recycling within PSA processes
result in an increased time domain and time-varying boundary
conditions, which a large number of spatiotemporal degrees of
freedom are needed to train the network. Consequently, this de-
mands an extensive and prolonged integration of PDEs, a task that
surpasses the ability of a single network to encompass the full
temporal range.

The PSA process involves sharp adsorption fronts where the pre-
sentence of steep concentration and pressure gradients within the
adsorption bed can pose significant computational challenges.
When simulating PSA using a PINN-based PDE solver, special
treatment of these sharp fronts is necessary to ensure the model's
accuracy and solution stability.

an

To address these issues, we proposed an integrated method that can
combine standard PINN with transfer learning and labeled data

techniques (TL-LD PINN) to enhance the learning and generalization
capabilities for the PSA process modeling. The specific implementation of
this method shown in Fig. 2 will be detailed in the following sections.

3.1.1. Transfer learning

To address the aforementioned issue I, a domain decomposition
technique is proposed to segment the physical domain of the system into
several subdomains, with each subdomain corresponding to a specific
step in the Skarstrom cycle. The goal of this decomposition is to trans-
form the complex, long-term periodic PDE-solving task into a series of
easily solvable short-term tasks. This allows for a more targeted and
accurate representation of the underlying physics for the subsequent
network training process. The utilization of domain decomposition is
visualized in Fig. 2a. Taking the nth cycle as an example, the network
representation of the system can be decomposed into five interconnected
and lightweight sub-networks: pre_n_net, ads_n net, hr_n_net, ccd_n_net, and
Ir.n_net. They are designed to address the underlying solutions of PDEs in
the steps of pressurization, adsorption, heavy reflux, counter-current
depressurization, and light reflux, respectively. To satisfy the continu-
ity constraints, a specific quantity of randomly selected points on the
boundary is designated after each step. These points are then utilized for
training the subsequent network. The optimal solution for the state
variables after each training step is allocated as the initial conditions for
the state variables in the following step, facilitating a seamless transition
between steps.

In this model, the PSA process is considered to occur periodically
within a single bed. In each step of the PSA cycle, there are underlying



Z. Wu et al.

b e 4
0143 o©
.E E
1))
@ 2
€05 0079 505
9 ko
2 c
g £
a 0016 O
0
0
c f
° Ioozz )
= (%2
2 5
Los S0013 o |
C (7]
(o] [0]
3 o
@ 2
g 0004 @ [
E L
o 5

0 0.5 1

a 1 i d ¢
[0] [0}
£ E
(/2] (/)]
& o
] 0.5 0996 < 0.5
re) k)
2 2
[0] 4 [0}
£ £
el 0991 QO
o — 0

Green Chemical Engineering 6 (2025) 233-248

0.049

- 0.046

=y

X

Dlmen3|onless column Iength

0.5

Dimensionless column length

1

0.042

0.996

0.98

0.964

0.98

0.96

Dimensionless molar loading CO, gas phase mole fraction

Dimensionless temperature

0

0.5

1

0.9

Dimensionless column length

Fig. 6. The distributed state variables in the heavy reflux step of the 15 cycle. (a) Pressure, (b) CO, mole fraction, (c) CO, molar loading, (d) N, molar loading, and (e)
temperature; (f)~(i) presents the corresponding spatial profiles at the end of this step obtained through TL-LD PINN and WENO-FV methods. Here, ¢;* and g,* are

dimensionless CO2 molar loading and N, molar loading. The solid line represents the predicted values of the TL-LD method, and the " x

WENO-FV method.

physical laws and governing equations that exhibit similarities. Mathe-
matically, the operation transition between these steps is essentially a
change in boundary/initial conditions. Transfer learning is an important
machine learning technique that leverages the similarities in tasks,
enabling knowledge from a pre-trained model (source model) to be
transferred to a new one (target model), thus expediting the network
training and enhancing the efficiency of convergence. Herein, a
parameter-based transfer learning approach [55] was utilized, which
leverages the overlap in the feature space between the source domain and
the target domain, and through shared parameters, it helps the target
model quickly capture the common characteristics. As shown in Fig. 2b, a
standard PINN is initially utilized to approximate the solution in the
pressurization step during the nth PSA cycle. The obtained pressurization
subnetwork (referred to as pre_n_net) functions as the source model. The
knowledge gathered from the source model is encoded into the shared
parameters 6*p , which are then used to initialize the target models
with slightly varying boundaries and initial conditions. After the solu-
tions for all target models have been thoroughly understood, we integrate
the source and target models in accordance with their chronological
order.

3.1.2. Labeled data

As mentioned in Section 3.1.1, the presence of sharp adsorption fronts
can lead to strong non-linearity and non-idealities for PSA modeling. To
the best of our knowledge, accurately describing the resulting steep
concentration and pressure gradients has far exceeded the model capa-
bilities of standard physics-informed learning methods. This also poses a
significant challenge for traditional numerical methods. Researchers
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have employed the weighted essentially nonoscillatory (WENO) scheme
to assist the finite volume method in discretizing the PDEs into easily
solvable ordinary differential equations (ODEs) [11,65]. However, it is
note that it may be difficult to directly integrate the WENO scheme into
PINN architecture.

Physics-informed machine learning provides the ability to incorpo-
rate measured or simulation data with prior knowledge, enabling the
solution of incomplete or parameter-deficient sets of PDEs. When
modeling the PSA process using PINN, to better enable the model to learn
the underlying physical laws of the state variables, our approach allows
for adding observational and measurement data in the loss function
during the training process. As shown in Fig. 2b, we restrict each sub-
network (e.g., pre_n_net) to comply with the physics imposed by the PDEs
and boundary/initial conditions. Additionally, we incorporate a specific
quantity of labeled data obtained from finite volume simulation com-
bined with the WENO scheme (referred to as WENO-FV in this study). We
denote the training dataset as I' = {x;, X, ..., X|r|}, where |T'| is the
sample size. It consists of four parts: the interior sampling point set
(I'ecQ), the boundary sampling point set (I'gCoQ?), the initial sampling
point set (I''cd2), and the labeled data set (I'.CoQ). For each step of the
PSA cycle, I's and I'p represent the sampling points within the domain
and on the boundary of that step, with the sampling sizes denoted as |T'g|
and ||, respectively. For all steps except for pressurization, where the
initial conditions of the state variables depend on the final state of the
previous step, we add additional initial sampling points I'}C dQ to assist
the training process, with a size of |I'|. Besides, the labeled data I';, refers
to a vector set generated by the WENO-FV method, containing all state
variables in u(x). It is noted that labeled data may fall on the boundary of
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Fig. 7. The distributed state variables in the counter-current depressurization step of the 1% cycle. (a) Pressure, (b) CO, mole fraction, (c) CO, molar loading, (d) N
molar loading, and (e) temperature; (f)~(i) presents the corresponding spatial profiles at the end of this step obtained through TL-LD PINN and WENO-FV methods.

Here, q1*
indicates the results of the WENO-FV method.

the domain or with the interior of the domain, denoted as I';g and I'j,
respectively, I, = {I'tp, I'Li}.

During the iterative training, PINN aims at constructing a surrogate
(subnetwork, upe; (x; 0)) for a system of PDEs using a deep neural
network architecture, where @ = {W°, b°} is a collection of network
weight matrices W and bias vectors b. By optimization, the surrogate
continuously approximates the combined solution u(x) of the PDE sys-
tem. Finding the optimal solution involves searching for a set of optimal
parameters 0* that can maximally satisfy all constraints from the gov-
erning equations, the boundary and initial conditions, as well as the
added labeled data of the present step. Mathematically, this is achieved
by constructing a composite loss function, L, describing the residuals
between uy, (x; #) and u(x). Here, L consists of four terms as follows: the
PDE:s loss (Lg), the boundary condition loss (L), the initial condition loss
(Lp, as well as the loss linked to the labeled data (Lp), as expressed by:

L(6‘, F) :ﬂELE + ABLB + AILI + /1DLD (11)
1 ou ou du
LE(97 FE) = m ’ o f( 6x*’0t*’0x*2> (11_1)
xel'g
Ly(6:T5) = = > |[B@:0)|[; (11-2)
|F |x61"5
Li(6;Th) = Z||1 x| (11-3)

]

xel

and g»* are dimensionless CO, molar loading and N, molar loading. The solid line represents the predicted values of the TL-LD method, and the " x
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"

Lp(6;Tp) = u(x; 0)| [} (11-4)

> _atx;0) -

|F |x€F
where g, g, 4, and Ap are the weights assigned to the Lg, Lp, Ly, Lp,
respectively.

During the training process, our objective is to find the optimal pa-
rameters 6 that minimize the loss function (; I'). To achieve this, we
employ a widely-used gradient-based optimizer, Adam [66], to minimize
the loss function, which takes the following form:

0 = argy—py min L(0;T) 12)

3.2. Hyperparameter setting

The developed TL-LD PINN model is designed to construct a deep
neural network that can map the input space-time coordinate x = (x*, t*)
to the output variable vector u(x). The neural network utilizes a feed-
forward architecture with 4 hidden layers, each consisting of 70 nodes
for function approximation. To address the vanishing gradient problem
and support the computation of multiple derivatives, the hyperbolic
tangent (Tanh) function is employed as the activation function, given
that the system of PDEs involves second-order differential operators. The
initial learning rate is established at 0.001, and the learning rate decays
exponentially during training, which is as follows:
Ir=lry - gt (13)
where Ir and f represent the learning rate per epoch and the decay factor,
respectively. In this study, Irp = 0.001, 8 = 0.999, and the maximization
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Fig. 8. The distributed state variables in the light reflux step of the 1t cycle. (a) Pressure, (b) CO, mole fraction, (c) CO, molar loading, (d) N, molar loading, and (e)
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WENO-FV method.

number of epochs is 50,000.
4. Results and discussion

In this work, the PINN models were developed using Python and built
on the PyTorch framework. They were run on workstations with dual
Intel Xeon E5-2695v4 CPUs at 2.1 GHz, 96 GB of RAM, and a pair of
NVIDIA GeForce RTX 3070 GPUs, all operating under the Linux Ubuntu
system. The validation and labeled data were generated using numerical
solutions obtained from MATLAB running on a Windows 10Pro operating
system.
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Fig. 9. The variation of pressure over time during the 1** cycle of PSA. The solid
line represents the predicted values from the TL-LD method, while the dashed
line indicates the results from the WENO-FV method.
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4.1. The effect of labeled data

In this section, we first conduct a systematic comparison of the pre-
dictive accuracy of the PINN method with and without labeled data,
using the pressurization step of the initial cycle (n = 1) as an illustrative
example. Fig. 3 (a-1, b-1) shows the spatiotemporal distributions of
pressure and CO, mole fraction. It is evident that, without the inclusion
of labeled data, the pressure and CO2 mole fraction remained constant
throughout the spatiotemporal domain. For example, the spatial profiles
after this step, shown in Fig. 3 (c-1, d-1), reveal a stable value of p* =
0.1 bar and y* = 15%, indicating the operation of pressurization has a
negligible impact on the PSA process. This significant deviation contrasts
the expected impact of the pressurization in the practical application of
PSA. By contrast, as shown in Fig. 3 (a-2, b-2), with the integration of
labeled data, the resulting pressure and CO; concentration exhibit
noticeable and reasonable variations. The dimensionless magnitudes of
these state variables span from 0.1 to 1 and 0.01 to 0.15, respectively. In
Fig. 3 (c-2, d-2), the pressure exponentially increases from low pressure
(p* = 0.1) to high pressure (p* = 1) as the feed gas is fully injected into
the column. Meanwhile, the CO3 mole fraction linearly drops from 15%
at the column bottom to approximately 0.6% at the column top, which

Table 2
The MSEs for the predicted state variables in the light reflux step with and
without transfer learning.

CO, mole fraction CO; loading N loading
LD PINN 2.74 x 1074 1.93 x 1077 5.75 x 1078
TL-LD PINN 7.80 x 107° 6.99 x 1078 6.66 x 107°
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aligns closely with the actual change trend observed in PSA processes.
This improvement indicates that the use of labeled data allows the PINN
to accurately learn the trends of the key state variables throughout the
pressurization step. By leveraging the labeled data, the PINN method
gains deeper insights into the sharp front in PSA and establishes con-
nections between these state variables, enhancing its ability to make
accurate predictions regarding their spatiotemporal distributions.

To further investigate the effect of labeled data on the model accu-
racy, we selected |I'.| = 25, 50, 100, 200, and 300 sets of input-output
mappings obtained from the WENO-FV method. These labeled data are
separately incorporated into the loss term of pre_I_net to improve network
training. Herein, a widely-used performance metric, namely the
normalized mean absolute percentage error (NMAPE) [67], is used to
quantitatively measure the deviation of the field distributions of state
variables in contrast to the WENO-FV solution, as indicated by

Table 3

MSE:s of key state variables for different pressurization steps.
Cycle CO, mole fraction CO;, loading N loading
1% cycle 5.03 x 107° 1.83 x 10°° 1.81 x 1077
27 cycle 6.50 x 107° 2.57 x 107° 6.03 x 107°
4t cycle 1.20 x 107° 2.48 x 107° 5.25 x 107°
6 cycle 1.54 x 10°° 2.34 x 107 5.07 x 107°°
8™ cycle 1.73 x 107° 2.23 x 107° 5.05 x 107°
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NMAPE — 1 Z |¢i,LD - ¢1,LD.—PINN|
N; maX(¢i,LD) — min(¢;;p)

=1

(14

where ¢;1p and ¢;p-pivn represent the distributed state variables pre-
dicted by using WENO-FV method and PINN method corresponding to
the ith point in the validation dataset, N; = 50 is the number of validation
datasets.

From the left hand of Fig. 4, it is seen that the inclusion of labeled data
on the boundary, even in a limited amount (e.g, || = 25 sets), em-
powers the PINN method to reconstruct the field distributions of key state
variables. As the amount of labeled data increases from 25 sets to 200
sets, the overall NMAPEs for CO, mole fraction and CO5 loading decrease
from from 15.9% to 10.8% and from 11.3% to 8.2%, respectively.
However, the NMAPE for N, loading has an approximately 40% increase
from 6.4% to 9.0%. As |I'L| = 300, the NMAPE for N loading remarkably
drops to 4.2%, whereas for the CO5 mole fraction and CO; loading it
decreases to 4.3% and 5.1%, respectively. In another sampling scheme,
the labeled data includes both the boundary data and interior data, as
shown in the right hand of Fig. 4. The NMAPEs exhibit a continuous and
significant decrease, with all statistics falling below 3%. Particularly for
N loading, the NMAPESs reduce to a range of 0.1%-0.4%. Overall, in this
sampling scheme, the prediction accuracy achieves a satisfactory level
even with a sparse sample size. During the training process of other
subnetworks, we thus simultaneously consider the boundary and interior
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data in the labeled data with a size of || = 50.
4.2. The effect of transfer learning

In section 4.1, the PINN model with labeled data has effectively
simulated the spatiotemporal distributions of state variables along the
column in the pressurization step. The obtained optimal network pa-
rameters of the pressurization subnetwork (pre_1 net) are used to
initialize the subsequent subnetworks via transfer learning. Fig. 5 (a-e)
shows the detailed spatiotemporal distribution of the main state variables
in the adsorption step of the 1% cycle. The profiles of various state vari-
ables along the column at the end of this step, obtained from both the TL-
LD PINN and the WENO-FV methods, are shown in Fig. 5 (f-i). From this
figure, it can be seen that the CO5 mole fraction and loading gradually
decrease from the bottom (x* = 0) to the top (x* = 1) of the adsorption
column, with values decreasing from around 0.15 and 0.025 at the bot-
tom to around 0.006 and 0.001 at the top, respectively. In contrast, the
N, loading increases from around 0.04 at the bottom to around 0.05,
while the pressure is maintained near a high value (p* = 1) during this
step. The dimensionless temperature is T* = 1 at the boundary of the
bottom of the adsorption column, while it remains around T* = 0.96
internally. In all, as compared to the reference WENO-FV method, the TL-
LD PINN method accurately describes the spatiotemporal profiles of all
state variables during the adsorption step.

After reaching the predetermined adsorption time, the heavy product
obtained in the light reflux step is recycled to the column as feed gas,
initiating the heavy reflux step. Fig. 6 presents the spatiotemporal pro-
files of the state variables along the column in this step. Due to the switch
in feedstock being the only difference between these two steps, with the
operating conditions and objectives remaining essentially consistent, it
can be observed in Figs. 5 and 6 that the spatiotemporal distributions of
the key state variables are also largely similar. The only difference is that
in the adsorption step, the pressure along the bottom to the top of the
column is unevenly distributed, gradually increasing from 0.96 to 1,
while in the reflux step, the overall pressure distribution remains rela-
tively constant at around 1. Besides, during this step, the concentration of
CO;, at the bottom of the column increases as the CO, mole fraction in the
refluxed heavy product is higher than that in the feed gas. Although the
reflux of heavy products generated from the adsorption of feed gas results
in a reduction in the amount of CO5 ultimately collected in the cycle, it
can significantly enhance the maximum CO; purity achievable by the
adsorbent.

After the heavy reflux step concludes, the valve at the column's end is
shut, leading to the pressure at the bottom of the column to quickly
decrease from p* = 1 to p* = 0.1, initiating the counter-current depres-
surization step. From Fig. 7, it can be observed that in this step, the CO5
mole fraction and loading gradually decrease, with values dropping from
around 0.2 and 0.004 at the bottom to around 0.03 and 0.0005 at the top
of the column, respectively. In contrast, the Ny loading increases from
around 0.004 at the bottom to 0.005. The reason for the increase in CO5
mole fraction at the column bottom is the reflux of heavy products in the
reflux step. Throughout this step, the pressure is maintained near low
pressure (p* = 0.1), while the temperature remains between 0.95 and
0.97 at both the boundary and interior. After the counter-current
depressurization step, the light products generated in the feed step are
sent to the top of the column, while the heavier products re-enter the
column as the feed gas, constituting the light reflux step. From Fig. 8, it is
evident that the pressure is maintained near low pressure (p* = 0.1),
while the temperature remains around 0.96 at both the boundary and
interior. The CO3 mole fraction and loading exhibit an obvious spatial
variation, with values dropping from around 0.2 and 0.004 at the bottom
to approximately 0.008 and 0.0005 at the top of the column, respectively.
In contrast, the N, loading increases from around 0.004 at the bottom to
near 0.005.

To more intuitively demonstrate the benefits of transfer learning in
step switching, we capture the profiles of state variable values at the end
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of each step and compare them with the WENO-FV solution. As shown in
Fig. 9, it is evident that the dimensionless pressure profiles obtained from
the TL-LD PINN model closely align with those from the WENO-FV so-
lution across all steps involved in the 1% cycle. In addition, we compared
the differences in model prediction accuracy between these two methods,
using the light reflux step as an example in Table 2. To simplify, the mean
squared error (MSE) is used as an indicator to evaluate the prediction
accuracy of monitored state variables at the end of this step, as given by

Ni

1 2
MSE = ﬁ Z |une((x:,0) - u(x)|

=1

(15)

where u,e (x; 6) represents the predicted state variables by using the
PINN method, u(x) represents the reference results of state variables by
using the WENO-FV method, N; = 50 is the number of validation datasets.

It is evident that the TL-LD PINN method leads to a notable drop in
MSE when predicting the key state variables, except for the N, loading
from Table 2. The slight increase in the MSE of N3 loading could be due to
the small scale of the dimensionless value (< 10~%), where even minor
fluctuations during training could significantly affect its error, resulting
in varied outcomes. As a result, the integration of transfer learning has
enhanced both training efficiency and prediction accuracy.

Additionally, we conducted a comparison of the simulation time be-
tween the WENO-FV method and the LD-TL PINN model. The WENO-FV
method requires 0.6996 s for a single cycle, whereas the LD-TL PINN
model completes one cycle simulation in 0.029 s. Nevertheless, training
the LD-TL PINN model takes 7 h.

To summarize, in this section, we effectively modeled the first cycle of
the PSA process using the TL-LD PINN method. Upon comparison, it is
clear that the prediction results (both in terms of time and space profiles)
from the TL-LD PINN model closely align with those from the WENO-FV
solution throughout the entire process. This alignment indicates that the
proposed method can precisely capture the trends in key state variable
variations during the first cycle.

4.3. Multicycle simulation

The results in section 4.2 demonstrate that the TL-LD PINN solution
aligns well with the results obtained from the solution of the WENO-FV
model, taking the 1% cycle of the PSA process as an illustrative case. To
assess the stability of this method in the cyclic process, Fig. 10 further
depicts the spatial profiles of the key state variables along the column at
the end of the pressurization step for the 2"d, 4“‘, 6th, and 8t cycles of the
PSA. It is evident from the figure that the predicted profiles closely match
the reference curves obtained from the WENO-FV method.

To visually assess the accuracy of the TL-LD PINN model for pre-
dicting the multi-cycle PSA process, we computed the errors between the
main state variables predicted by the TL-LD PINN and WENO-FV methods
for various pressurization steps across cycles. Table 3 presents the MSEs
of dimensionless state variables for different cycles. From the table, it can
be observed that the MSE of dimensionless state variables for each cycle
is generally low at the end of the pressurization step. Specifically, the
MSEs for CO; and N3 loadings are on the order of 10_6, while the MSE for
CO, mole fraction is slightly higher, around the order of 107°. This
discrepancy could stem from the significantly higher magnitude of CO4
mole fraction compared to CO; and Ny loadings. During the training
process, gradient descent may be biased towards terms associated with
CO2 mole fraction, leading to deviations in the predicted results.

5. Conclusion

PSA processes are characterized by cyclic, dynamic, and multiphysics
systems that are governed by a set of coupled nonlinear PDEs. Besides,
they involve frequent step-switching steps, with each step containing
complex boundary and initial conditions. In this work, our goal was to
evaluate the feasibility of using a physics-informed machine learning
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approach for modeling PSA processes, with a focus on its ability to
effectively incorporate transfer learning and labeled data. To approxi-
mate the latent solutions of the steps within each running cycle, the
network representation of the system was decomposed into five inter-
connected and lightweight sub-networks, namely pre n net, ads n_net,
hr_n_net, ccd n_net, and Ir-n_net. Each sub-network was dedicated to a
particular step within the modified Skarstrom cycle. On this basis, this
work specifically focused on addressing two main computational obsta-
cles: (I) the long-term integration of periodic PDEs and (2) the handling
of sharp adsorption fronts. To tackle these obstacles, we proposed a
systematic framework that combined the standard PINN with transfer
learning and labeled data to boost the learning and generalization ca-
pacities of physics-informed machine learning. The results of the pres-
surization step in the 1% cycle showed that the inclusion of labeled data,
even with a very small amount, empowered the PINN to well-reconstruct
the field distributions of key state variables. Meanwhile, with the help of
transfer learning, the proposed method effectively simulated the
remaining steps of the PSA cycle, and the model's prediction results align
with those obtained from the WENO-FV method. Finally, the results of
the multicycle simulation also demonstrated the potential of the TL-LD
PINN model in handling cyclic problems.

In conclusion, we offered an alternative method for utilizing deep
learning in the modeling and design of gas separation processes. By
considering the intricate dynamic variations of the PSA cycle, designing
specific neural network representations for each step, and accounting for
the continuity constraints between steps, this method can gain a deep
understanding of the performance, efficiency, and limitations of the
adsorption dynamics in the PSA processes. On this basis, further study

Notation

€ Bed porosity

u Gas viscosity (Pa-s)

2 Dimensionless group of energy balance equation

Pg Gas density (mol/m3)

Ps Adsorbent density (kg/m>)

Dp, Molecular diffusion coefficient of CO5-N5 mixture (mz/s)
Dy, Axial dispersion coefficient (m?/s)

ki Mass transfer coefficient of component i (s’l)

MW; Molecular weight of component i (kg/mol)

Ky Effective gas thermal conductivity (W/m/K)

R Gas constant (J/mol/K)

Cpg Specific heat capacity of gas (J/mol/K)

Cps Specific heat capacity of adsorbent (J/mol/K)

Cpa Adsorption relative heat capacity (J/mol/K)

L Column length (m)

14 pressure (Pa)

Py Adsorbent pressure (Pa)

P* Dimensionless pressure

qi Molar load of component i in the solid phase (mol/kg)
qi* Equilibrium molar load of component i in a solid phase (mol/kg)
qso Molar load ratio factor (mol/kg)

Ti Column radius (m)

ro Outside column radius (m)

Tp Adsorbent particle radius (m)

t Time (s)
Dimensionless time

T Temperature (K)

T* Dimensionless temperature

Ta Environment temperature (K)
To Feed temperature (K)

Tw* Dimensionless wall temperature
up Velocity scaling factor (m/s)

Uy Surface gas velocity (m/s)
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can explore system-level optimization and fine-tuning operational pa-
rameters to ensure their feasibility in online prediction, analysis, and
optimization applications for advanced PSA designs.
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U™ Dimensionless surface gas velocity

U Internal energy (J/mol)

H Enthalpy (J/mol)

h; The solid component balances the molar load

h;* The solid component has no dimensional equilibrium molar load

Yi Molar fraction of component i in the gas phase

X Column length coordinate (m)

x* No dimensional length coordinates

Subscript and index symbol

PSA Pressure swing adsorption

PINN Physical information neural network

PDE Partial differential equation

Q Training space

09 Spatial boundary

092, Time boundary

LD Labeled data

TL Transfer learning

pre Pressurization

ads Adsorption

Ir Light reflux

ced Counter-current depressurization

hr Heavy reflux

i Component index

Py, Low pressure

Py High pressure

0 Neural network training parameter set

Ir Training iteration learning rate

Iry Initial learning rate of training

p Learning rate attenuation factor

NMAPE Normalized mean absolute percentage error

MSE Mean square error

n Represents the nth cycle

r Training point set

I'g Internal sampling point

I'y Boundary sampling point

I Initial sampling point

Iy Labeled data sampling points

I'ip Boundary labeled data sampling points

Iy Internal labeled data sampling points

m Total number of sampling points

Loss function symbol

L Total loss function

Lg Control equation loss function

Lp Boundary condition loss function

L; Initial condition loss function

Lp Labeled data residual loss function

B Control equation loss function weight

B Boundary condition loss function weight

A1 Initial condition loss function weight

D Labeled data residual loss function weight

Appendix

Table A-1
Operating parameters values used in the simulations.

Parameters Values Parameters Values
Column length L, m 1 Viscosity of gas, Pa-s 1.72 x 107°
Initial pressure Py, kPa 10 Void fraction 0.37
Adsorption pressure P,4,, kPa 100 Molecular diffusivity Dy, m?/s 1.2995 x 107°
Purge pressure Py, kPa 10 Thermal conduction in gas phase Kz, W/m/k 0.09
Time of pressurization tyre, 20 Specific heat of gas Cpg, J/mol/k 30.7

(continued on next page)
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Table A-1 (continued)

Green Chemical Engineering 6 (2025) 233-248

Parameters Values Parameters Values
Time of adsorption tugs, S 10 Specific heat of adsorbed phase Cpa, J/mol/k 30.7
Time of heavy reflux tyy, s 10 Molecular weight of CO3 MW¢o2, kg/mol 0.04402
Time of depressurization tcq, S 30 Molecular weight of Ny MWy, kg/mol 0.02802
Time of light reflux t, s 10 Radius of the pellets rp, m 0.001
Inlet velocity vo, m/s 0.1 Specific heat capacity of the adsorbent Cps, J/kg/K 1070
Flue gas inlet temp. Teed, K 313.15 Molar loading scaling factor gso, mol/kg 5.84
Discrete volume 10 Mass transfer coefficient for CO3 Kcoa, 1/s 0.1631
Adsorbent density pg, kg/m® 427 Mass transfer coefficient for Np Kng, 1/s 0.2044
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