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Direct Air Capture is a promising carbon dioxide removal technology, offering safe, flexible, and scalable negative
emissions. However, the capture costs and productivity of the Direct Air Capture process are highly influenced
by fluctuations in weather conditions, such as ambient temperature and humidity, which hinder its large-scale
adoption. Thus, in order to commercialize Direct Air Capture, it is vital to design a control method that reduces
the capture costs and enhances productivity while considering the effects of local climate conditions. Due to
the complexity of the coupled thermodynamic, heat, and mass transfer phenomena at the core of Direct Air
Capture, the unavailability of a sufficiently efficient model, the intractability of parameter estimation, and the
high computational costs of model-based approaches, we propose a model-free and data-driven rule-based control
approach to improve the performance of Direct Air Capture and reduce its costs. The proposed rule-based control
strategy functions as an online policy, continuously receiving feedback from ambient temperature and humidity,
enabling dynamic adjustments. Therefore, to maximize the overall system performance, we need to obtain the
optimal control law within the considered class of rule-based control schemes. To this end, we utilize a Bayesian
optimization framework to optimally tune the parameters of the rule-based control strategy, leveraging data from
the online operation influenced by climate conditions. We demonstrate that the proposed method increases the
annual Direct Air Capture productivity by up to 16.7 % and lowers the annual capture costs by up to 10.3 % relative
to the baseline method. We also observe that the proposed method achieves an annual productivity improvement
of 13.59 % and an annual cost reduction of 9.30 % relative to the baseline in Amsterdam, outperforming a data-
enabled predictive control method, which achieves 7.07 % productivity improvement and 8.25 % cost reduction,
and a reinforcement learning-based controller, which achieves 3.63 % productivity improvement and 3.12 % cost
reduction.

1. Introduction The most common DAC approaches capture CO, either in an aqueous

alkaline solution, or on an amine-functionalized sorbent (Wiegner et al.,

Achieving the maximum 1.5°C global warming goal of the Paris
Agreement (Nations, 2015) may not be feasible without the active re-
moval of CO,. The development of renewable energy resources alone is
not sufficient to meet this target, especially while distributed emissions
from the transport and agriculture sectors remain (Group, 2021; Sou-
vik & Ganguly, 2017). Consequently, it is essential for the Carbon Diox-
ide Removal (CDR) industry to grow towards gigatonne scale by 2050
(Hoglund, 2025; National Academies of Sciences & Medicine, 2019).

Among CDR technologies, Direct Air Capture (DAC) is one of the most
promising, as it offers a safe, flexible, and scalable solution for carbon
dioxide removal (Fuss & Lamb, 2018; Kampman & Kruit, June 2023).
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2022). In this work, we consider the latter, solid-sorbent process. The
significant energy demand of DAC renders its current implementation
economically impractical (Climeworks, 2022; National Academies of
Sciences & Medicine, 2019). Hence, to further grow DAC technology
towards commercial scale, it is essential to design a control method that
reduces capture costs and enhances productivity.

A static optimization problem is proposed in Wiegner et al. (2022) to
enhance DAC performance, highlighting the importance of considering
environmental and operational conditions. In Lehtveer and Emanuels-
son (2021), fluctuations in ambient temperature and humidity are in-
troduced as key contributors to the high costs and low productivity of
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DAC systems. In Schellevis et al. (2021), the effects of environmental
factors like temperature and humidity variations on DAC performance
are assessed. The operational experience with a DAC pilot system, using
a circulating amine-based solid sorbent concept, from different outdoor
test campaigns, is discussed in Srinivas and Brilman (2024). In Sagel
et al. (2024), an algorithm is designed to optimize the design and per-
formance of a solid-sorbent fixed-bed DAC system. Although recent stud-
ies focus on improving sorbents and processes and emphasize climatic
effects on DAC performance, they typically assume steady-state labora-
tory conditions and do not develop dynamic control and optimization
methods.

One potential approach to improving the performance of the con-
trol systems, including DAC is to use models for control design, known
as model-based methods. However, utilizing model-based approaches
involves several challenges (Nobar et al., 2024; Novara & Formentin,
2017). Black-box models are often non-interpretable, poorly generaliz-
able, highly nonlinear, and thus unsuitable for control design (Hassija
et al., 2024; Rudin, 2019). On the other hand, constructing physics-
based models requires expert knowledge in complex fields. Specifically,
for the DAC system, the laws of thermodynamics, heat and mass trans-
fer, and (co-)adsorption kinetics are required (Alesi & Kitchin, 2012;
Bos et al., 2019; Sayari et al., 2012; Yu et al., 2017). Additionally, a
parameter estimation method is usually needed for systems with para-
metric models, such as DAC systems. Thus, extensive data or full mea-
surements, which are typically unavailable, are required for developing
such models. Consequently, developing precise models for many sys-
tems, including DAC, is highly challenging, which affects their perfor-
mance and cost-efficiency (Sagel et al., 2024; Schellevis et al., 2024,
2021; Schellevis, 2023). The physical behavior of some systems, such
as DAGC, is described by Partial Differential Equations (PDEs) (Schelle-
vis et al., 2021; Schellevis, 2023). Thus, for these systems, tuning the
model to match real-world conditions requires solving highly complex,
nonconvex PDE constrained optimization problems. However, solving
these problems is usually intractable and not applicable for real-time
system operations. Hence, model-based methods are not suitable for the
DAC system.

Data-driven control methods are introduced as alternative schemes
for complex systems. These methods were first developed for linear sys-
tems (De Persis & Tesi, 2019; Van Waarde et al., 2020) and were later
extended to special classes of nonlinear systems (Bisoffi et al., 2020;
Guo et al., 2021; Luppi et al., 2022). However, a direct data-driven con-
trol approach for general nonlinear systems has yet to be established in
the literature. The Bayesian Optimization (BO) based control is a well-
known data-driven method that can be used for any nonlinear system. In
this method, BO utilizes data to tune the parameters of the closed-loop
controller through a series of limited experiments. BO can efficiently
explore the solution space with minimal computational cost. It relies on
a surrogate model to approximate the performance function (Garnett,
2023). To achieve this, Gaussian process regression (Seeger, 2004) is
employed. BO is widely used in various applications (Guidetti et al.,
2022; Khosravi et al., 2020, 2021, 2019a; Konig et al., 2024, 2023;
Nobar et al., 2024; Khosravi, Mohammad and Konig, Christopher and
Maier, Markus and Smith, Roy S. and Lygeros, John and Rupenyan, Al-
isa, 2022; Tang et al., 2024). In (Nobar et al., 2024), a guided BO algo-
rithm is proposed, which iteratively tunes the parameters of the closed-
loop controller using an event-triggered digital twin. Based on the BO
method, a real-time data-driven approach for adaptive control of high-
precision motion systems is presented in Konig et al. (2024). In Konig
et al. (2023), a novel data-driven approach, which combines safe learn-
ing with risk-averse BO, is proposed for safe controller tuning. The BO
optimization approach is applied to atmospheric plasma spraying and
fused deposition modeling in Guidetti et al. (2022), minimizing the pro-
cess cost. In Khosravi et al. (2019a,b), safe BO approaches are utilized
for controller parameter tuning of a heat pump system. An automated
data-driven method is presented in Khosravi, Mohammad and Konig,
Christopher and Maier, Markus and Smith, Roy S. and Lygeros, John
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and Rupenyan, Alisa (2022) for the safe tuning of proportional-integral-
derivative cascade controller gains based on BO. A BO-based control
strategy is proposed in Tang et al. (2024) for process quality control,
using quality information with adaptive local convergence. Thus, BO
can be used to optimally tune the parameters of the controller for the
DAC system, enhancing its performance.

Following the above discussion, in this paper, we propose a model-
free and data-driven rule-based control strategy for online regulation of
the superficial gas velocity in DAC, according to the measured ambient
temperature and humidity. The proposed rule-based control strategy sig-
nificantly enhances the performance of the DAC process and overcomes
the limitations of model-based techniques. To optimally tune the param-
eters of the controller, we utilize BO (Garnett, 2023), using data from
the online operation of DAC. The contributions of the paper can be listed
as follows:

e we propose a rule-based control strategy that operates as an online
policy, continuously receiving feedback from ambient temperature
and humidity to enable dynamic adjustments;

o the proposed rule-based control strategy improves DAC performance
by enhancing its productivity and reducing capture costs, addressing
the aforementioned challenges of model-based approaches;

e we utilize a BO framework to optimally tune the parameters of a
rule-based control strategy for the DAC system, without relying on
predefined models;

e the use of BO ensures adaptability to system variations while main-
taining computational efficiency via a series of limited experiments,
thereby avoiding additional expensive DAC process experiments.

The rest of the paper is organized as follows. Section 2 describes
the DAC control design problem. Section 3 formulates the optimal rule-
based control problem. Section 4 presents the BO-based tuning method.
Section 5 introduces the high-fidelity model, Section 6 provides numer-
ical results, and Section 7 concludes the paper.

Notation: The set of real numbers is denoted by R. The set of non-
negative real numbers is indicated by R, . Let [ denote the identity ma-
trix. A Gaussian process prior for the function J : Z — R, is denoted by
CP(u,x), where y : Z - Rand x : Z X Z — R are the mean and kernel
functions in the Gaussian process prior for J, respectively. Furthermore,
E,.,, [-] denotes the mathematical expectation with respect to the ran-
dom variable v, where p, is the probability distribution of v.

2. Control design for direct air capture

In this section, we present the control design problem for the solid-
sorbent Direct Air Capture (DAC) unit utilizing a steam-assisted temper-
ature vacuum swing adsorption process.

In the DAC process, increased temperature, reduced pressure, and a
steam purge are applied to release the captured CO, in a concentrated
stream, while the sorbent is regenerated for the next cycle of the pro-
cess. This process consists of the following cyclic steps: (1) adsorption,
(2) evacuation, (3) heating, (4) desorption, (5) cooling, and (6) repres-
surization. These cyclic steps are demonstrated in Fig. 1. More precisely,
in the adsorption step, CO, molecules are adsorbed through chemical
reactions with amine functional groups on the interior surfaces of the
adsorbent. The subsequent steps (2) to (6) are referred to as regeneration,
aimed at separating the concentrated CO, from the sorbent and prepar-
ing the adsorbent for the following cycles. The cyclic steps of the DAC
process are governed by the laws of thermodynamics, resulting in cou-
pled and nonlinear physics (Schellevis et al., 2021; Schellevis, 2023).
The main challenge is that the high energy demand of DAC makes cur-
rent implementations economically impractical (Climeworks, 2022; Na-
tional Academies of Sciences & Medicine, 2019), while complex dynam-
ics limit the applicability of existing performance optimization methods.

Recent research on DAC technology mainly focuses on improving
sorbents, processes, and new designs for DAC under static and labo-
ratorial conditions (Lehtveer & Emanuelsson, 2021; Sagel et al., 2024;
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Fig. 1. The process steps of solid-sorbent DAC technology with pressure and
temperature indicators. The cyclic steps are (1) adsorption, (2) evacuation, (3)
heating, (4) desorption, (5) cooling, and (6) repressurization.

Schellevis et al., 2021; Srinivas & Brilman, 2024; Wiegner et al., 2022).
Nevertheless, control design provides a practical, low-cost, and read-
ily deployable strategy to optimize DAC performance, given its strong
influence on system operation and its ability to enhance efficiency un-
der varying operating conditions. For control design, the primary ap-
proach is model-based, relying on an accurate mathematical represen-
tation of DAC. Models obtained through complex black-box methods are
non-interpretable, poorly generalizable, highly nonlinear, and therefore
unsuitable for control purposes. (Hassija et al., 2024; Rudin, 2019). Ex-
tensive physics-based modeling methods require expert knowledge of
DAC thermodynamics and involve parameter estimation that is compu-
tationally intractable and demands large, informative, and accurate set
of measurement data, making them impractical for real-world applica-
tion. Schellevis et al. (2024, 2021), Schellevis (2023). Also, simplified
black-box and physics-based models, on the other hand, fail to capture
the exact dynamics of DAC due to the high complexity of the process.
Data-driven control methods, which are model-free and based directly
on operational data, are typically designed for linear, noise-free, low-
order systems (De Persis & Tesi, 2019; Van Waarde et al., 2020) and are
therefore not suitable for DAC, given its complex physical dynamics.

Note that, in the DAC process, the adsorption time, heating time,
desorption time, and cooling time are primarily treated as design pa-
rameters. On the other hand, the superficial gas velocity, denoted by
uy, is a variable that can be directly controlled in practical DAC sys-
tems. In particular, the airflow through the contactor can be regulated
online by adjusting the blower fan actuation signal, e.g., through motor
current control or the associated drive electronics. Accordingly, we con-
sider u, as the main control variable in this work, on which the overall
performance of the DAC process depends. Following the above discus-
sion, given the complexity of DAC, a suitable control design should be
maximally model-free and adaptable to different settings. Thus, we em-
ploy a rule-based control strategy for online adjustment of u, to achieve
optimal DAC performance.

The CO, adsorption is highly sensitive to ambient temperature T,
and relative humidity RH,,;, (Bajamundi & Koponen, 2019; Silani et al.,
2025; Wiegner et al., 2022), which are considered system disturbances,
i.e., uncontrolled environmental input variables. More precisely, the am-
bient temperature appears in the initial condition of temperature during
adsorption, while both temperature and the relative humidity affects the
adsorption equilibria and rates of both CO, and water. Thus, we define
the disturbance vector v € V as

v =T,

amb>

RH, 17, @

where V C R? denotes the set of admissible disturbances v. To improve
the performance of the DAC system and mitigate the effect of climate
conditions, we develop a rule-based control strategy for u, for online
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regulation of the superficial gas velocity according to the measured dis-
turbance vector v € V. To this end, we consider a suitable dictionary
of laws, namely {y® : R2 — R, |i=1,...,1}, as our set of base control
rules, and subsequently, define a parametric class of control laws as

Ly i={r =% |¢ez}, @

where ¥ is defined as ¥ := [y, ...,y @], ¢ =[¢D, ..., ¢D]T is the vec-
tor of parameters characterizing the control laws, and Z C R’ denotes
the set of admissible controller parameters {. More precisely, any rule-
based control law T'; in £y can be explicitly written as

T, = (OO g 4Dy, 3)

For the basis functions w1, ..., ", any appropriate family of functions
may be employed, including Radial Basis Functions (RBFs), polynomial
bases, or other functional parameterizations customized to the context,
that can be beyond the case discussed in this paper. Given y (@, ..., w®,
the objective is to derive the optimal control law within the class Ly, and
thereby, define the corresponding rule-based control strategy for u, as

ug 1=Tex(v), 4)

where ¢* is the optimally tuned vector of controller parameters.

In this work, we primarily opt for polynomial functions of the am-
bient conditions as the basis for the control laws. Specifically, the basis
functions are chosen as a third-order polynomial function of the ambient
conditions, resulting in / = 10, that include constant, linear, quadratic,
and cubic terms, and hence a parameter vector { € R!0. The third-order
polynomial basis function is selected to balance modeling flexibility and
computational efficiency. Although basis functions such as RBFs could
also be employed within the proposed framework, the polynomial basis
functions were found suitable for capturing the dominant nonlinear ef-
fects of ambient conditions on DAC operation. Moreover, we will show
in Section 6 that the third-order polynomial basis function outperforms
lower-order polynomial basis functions and RBFs.

The operation of DAC units inherently follows a cyclic pattern, which
enables the design of experiments that iteratively evaluate different con-
trol settings over successive cycles. To determine the optimal controller
parameters {*, candidate parameter vectors can be sampled from the
feasible set associated with the class £y and evaluated directly on the
system. To guide the resulting iterative sampling procedure, we define
a suitable objective function that captures the desired operational crite-
ria, and to efficiently explore the parameter space, we employ Bayesian
Optimization (BO). Thus, we can leverage experimental data to update
a surrogate model of the objective function and select informative pa-
rameter samples, requiring no explicit system model while maintaining
low computational overhead. Additional methodological details are pro-
vided in the following sections.

3. Optimal rule-based control problem for direct air capture

In order to improve the performance of the DAC process, we should
determine the optimal controller parameters {* such that the total en-
ergy cost is minimized and the productivity of the DAC process is max-
imized. The total energy cost of DAC process, measured in J/kgco, /d
and denoted by Cp,c, is categorized into seven distinct components, in-
cluding the energy required for the CO, endothermic desorption, energy
required for the H,O desorption, sorbent sensible heat, reactor sensible
heat, latent and sensible heat of the purge gas, feed compression energy,
and vacuum compression energy, which are all measured in J/kgco, /d
and denoted by Er,COZ’ Er,HZO’ Esens,s’ Esensm’ Epurge’ Efeed’ and Evac’ re-
spectively. Then, the total energy cost of the DAC process is given by

CDAC = 1.CO, + Er,HZO + Escns,s + Escns,r

+ Epurge + Efeed + Evac’

()

which is primarily a function of u, and v when other parameters are
held constant. Moreover, the productivity of DAC process measured in
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kgco,/kg,/d is denoted by Pppc, which is similarly a function of u, and v,
under the mentioned conditions. Further details on costs and productiv-
ity are available in Appendix B, explicitly defined through (B.1)-(B.8).
Let the rule-based control law u, = I';(v) be applied. Subsequently, let
function Jpac : R, X R2 — R be defined as

Ipac(Te ). v) 1= Wi Cppc(Fe(v).v) = Wa Ppac (T (V). v), )
where W, W, are positive weights. Accordingly, we define the objective
function JS‘[’\C :Z->Ras

Ipac©) 1 =E,, [Ipac(Te ). v)], @

where p, is the probability distribution modeling the uncertainty in v.
Then, we obtain the optimal ¢* to minimize the objective function. To
do this, we solve the optimization problem formulated as

minJ2, ({)
gez DAC ®

stl (v) € [gg, ﬁg],

where u, and &, are the lower and upper bounds of the superficial gas
velocity. Note that Jpac(I'y(v), v) is an unbiased estimator for IEac©-

To address the challenges associated with model-based methods, we
propose a model-free and data-driven rule-based control strategy to en-
hance DAC performance and lower costs. The objective function Jgj,‘c ©)
is a black-box function. The value of the objective function JB‘I’\C@ ) can
be approximately determined through the oracle Jppc(T'(v), v), i.e., by
conducting an experiment in which the controller parameters are set to
¢. During the experiment, the system undergoes a full operational cycle,
and the oracle is computed from the resulting complete cycle of the ad-
sorption, evacuation, heating, desorption, cooling, and repressurization
steps. In order to lower the number of invocations of this experimen-
tal oracle, BO is utilized (Gardner et al., 2014; Rupenyan et al., 2021;
Shahriari et al., 2015), which is a powerful approach recognized for its
utility in control process applications (Tang et al., 2024). Indeed, to op-
timize the parameters of the rule-based control strategy, we utilize the
BO framework (Garnett, 2023), which efficiently explores the solution
space while maintaining minimal computational cost.

4. Data-driven controller tuning via Bayesian optimization

For a given ¢ € Z and v € V, the value of the black-box objective
function JJ} -({) can be approximately determined through the oracle
JpacT¢(v),v), i.e.,, by conducting an experiment, a full operational cy-
cle of DAC, in which the controller parameters are set to ¢. During the
experiment, the system undergoes a full operational cycle, and the or-
acle is computed from the resulting complete cycle of the adsorption,
evacuation, heating, desorption, cooling, and repressurization steps. In
order to lower the number of invocations of this experimental oracle, BO
is utilized (Gardner et al., 2014; Krause & Ong, 2011; Rupenyan et al.,
2021; Shahriari et al., 2015), which is a powerful approach recognized
for its utility in control process applications (Tang et al., 2024). More
precisely, BO is a method that leverages data to obtain optimal variables
through a series of limited experiments. It relies on a surrogate model
to approximate the objective function, guiding the optimization process
efficiently (Garnett, 2023). To achieve this, Gaussian process regression
(Seeger, 2004) is employed to create a surrogate model for the objective
function while also assessing the process uncertainties and disturbances.

Let us define an initial set of the controller parameters as

Cinit :={§iez)i=1=""ninil}’ 9

where ¢, can be generated either by applying random feasible pertur-
bations to its nominal values, or by using a Latin hypercube experimen-
tal design to create a maximally informative set (McKay et al., 2000).
We consider the dataset

B, :={C.o)i=1,...,n}, (10)
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where n is the index of iteration and ¢; is the vector of controller param-
eters, and g; is the obtained value for JEac(&) in the experiment i, i.e.,
we have

0; = JDAC(FQ v, v) = JB\AC(C") +v;, an

where v; denotes the uncertainty in estimating J3 -({;) using ¢;, mod-
eled as a zero-mean noise term. We construct a surrogate model for
JPac» atiteration n > ., using the dataset 3, and Gaussian Process Re-
gression (GPR), denoted by fl%\c,n' More precisely, we consider a Gaus-
sian process prior for the function JPac represented as GP(u, k), where
u:Z—-Randk : ZxZ — R are the mean and kernel functions in the
Gaussian process prior for Ji ., respectively. To this end, we define the
information matrices ¢, and o, respectively as

¢ =688 (12)
and
Oy ::[0]’025---ﬁ0n]T' (13)

Furthermore, at iteration n, let the mean function u, : Z - R and the
variance function w, : Z — R be respectively defined as

1o (©) 2= () + K (O (K, + 6°D) (0, — u(C,)). a4
and,
@2() 1= x(.0) = k(O (K, + o) 'K, (). (15)

for any ¢ € Z, where 1 is the identity matrix and o2 is the variance of
uncertainty in the computations of J2, .. Thus, for any ¢ € Z, we have

DAC’

I @) ~ N (1,0, 02(0)). (16)
Moreover, let the vector u(¢,) and matrix K, be respectively defined as
u&,) i=[p&p), ..., n&,))" € R, a7
and

Ky =[x (@8] oy € R a8
Also, let function k,, : Z — R" be defined as

K, (0) =[k(, ¢ k(8] T 19)

for any ¢ € Z. By utilizing these probabilistic surrogate models for the
objective function J{} -, we can obtain the parameters ¢, € Z to be
used in the next experiment and for future calculations of ;. To balance
exploration and exploitation, we define the acquisition function E, :

Z — R, corresponding to the Lower Confidence Bound (LCB), as
E, () := u,(§) = P, (©). (20)

where g, is the desired confidence level.

Using global optimization methods, namely genetic algorithm or parti-
cle swarm, the following optimization is solved to obtain the next vector
of controller parameters

Cuyq s=argmin E ({)
ez 1)
st. Te(v) e [gg, g ].

When ¢, is computed, a new experiment with the controller parame-
ters ¢, is executed. Subsequently, we update the dataset as

Bn+l = Bn V) {(§n+l’on+])}' (22)

The introduced procedure is repeated until convergence to the solution
of (8) is achieved. Fig. 2 illustrates the data-driven tuning scheme of
the proposed rule-based control strategy based on the BO method. The
implementation of the proposed method is demonstrated in Algorithm 1.
This method utilizes data from a high-fidelity model and is capable of
operating with real-time data from an experimental DAC system, i.e.,
actual plant data.

There are different options for the selection of kernels, such as
Matern, RBF, and linear kernels. In this work, we utilize the Matern ker-
nel with automatic relevance determination, which uses different length
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Fig. 2. The data-driven tuning scheme of the proposed rule-based control strat-
egy based on the Bayesian optimization method.

Algorithm 1 The tuning method of the rule-based control strategy.

1: Choose the feasible set Z, the dataset By given in (10), and the
Gaussian process prior GP(0, ), with the kernel function «.
2: Using B, , the negative log marginal likelihood function is mini-
mized to estimate the vector of hyperparameters for GP(0, x).
B, < B, . andn < ny.
: while stopping criterion is not satisfied do
Obtain ¢, via solving (21).
Set the parameters of the rule-based controller to ¢, for the
next experiment.
Compute ¢, given in (11).
Update the model of the Gaussian process by calculating u,,
and wﬁ o given in (14) and (15), respectively.
9: Update the dataset 53, according to (22).
10: nen+l.
11: end while

G hw

scale parameters for each input dimension. The hyperparameters of

the Matern kernel are the signal variance 6)2,, smoothness parameter 7,
and diagonal matrix of length scale parameters P = diag(67,53, ..., 57),

where D is the input dimension and &12, &;,. f) are the length scale
parameters. The distance between two inputs X and %’ is defined as

.., 0

Fe ((x-i’)TP—l(i—x’))%. 23)

The Matern kernel can then be expressed as
~ ~221_i LA P L
P =52 (en2 )R, (e 7). 24)
7(X)

where 7(-) is the gamma function and K 7(+) denotes the modified Bessel
function. The smoothness parameter 7 determines the smoothness of the
kernel, smaller 7 values produce less smooth functions, while larger 7
values yield smoother ones (Maier et al., 2020). Then, the hyperparame-
ters of kernel «, collected in a vector # € O, are estimated by minimizing
the negative log marginal likelihood (Khosravi et al., 2021; Rasmussen
& Williams, 2006), i.e, we have

6 :=argmin —logp(o,1¢,.6), (25)
0ed®

where p(g, | £,.0) denotes the probability density function of the mea-
surements. To ensure the convergence of the BO tuning procedure, we
kept these values fixed after the initial training (Berkenkamp et al.,
2023; Kavas, Baris and Balta, Efe C. and Tucker, Michael R. and Kr-
ishnadas, Raamadaas and Rupenyan, Alisa and Lygeros, John and Bam-
bach, Markus, 2025; Khosravi, Mohammad and Konig, Christopher and
Maier, Markus and Smith, Roy S. and Lygeros, John and Rupenyan,
Alisa, 2022). This choice is consistent with standard Gaussian Process
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(GP)-based BO theory, where convergence guarantees rely on a fixed GP
prior with non-adaptive kernel hyperparameters. Furthermore, the de-
sign of the BO procedure reflects the intended real-world deployment of
the proposed framework. In particular, it is designed to tune rule-based
controller parameters through repeated real-world DAC operation cy-
cles. In such operational settings, the stopping criterion in Algorithm 1
is defined as a fixed number of BO iterations, rather than a convergence
threshold, to capture practical operational considerations. We set the
mean function to zero, i.e., u = 0. If prior knowledge on the structure
of Jgﬁ\c exists, one can choose a different value for the mean function
(Khosravi, Mohammad and Konig, Christopher and Maier, Markus and
Smith, Roy S. and Lygeros, John and Rupenyan, Alisa, 2022).

The proposed framework is conceptually related to recent develop-
ments in safe BO (Khosravi et al., 2019a; Konig et al., 2023; Khosravi,
Mohammad and Konig, Christopher and Maier, Markus and Smith, Roy
S. and Lygeros, John and Rupenyan, Alisa, 2022), where safety con-
straints are incorporated. However, for the considered DAC application,
defining a meaningful safety constraint is not straightforward. For in-
stance, imposing a minimum productivity requirement would conflict
with the intended flexible operation of the DAC unit, which is designed
to adapt to the availability of renewable or low-carbon electricity and
to prioritize cost efficiency. Consequently, enforcing hard constraints on
productivity could restrict economically and operationally viable solu-
tions.

5. High-fidelity model for numerical experiment

We introduce the detailed, physics-based model of a solid-sorbent
DAC system based on Lewatit® VP OC 1065 sorbent (Schellevis et al.,
2021; Schellevis, 2023; Schellevis et al., 2020; Yu & Brilman, 2020).
This model acts as an accurate ground truth where we will validate our
proposed data-driven approach. The process is shown schematically in
Fig. 1. The model was previously introduced by Schellevis et al. (2021),
Schellevis (2023), Schellevis et al. (2020), Yu and Brilman (2020), and
represents each stage in the DAC cycle as a set of differential equations.
Here we repeat the foremost governing equations, while the detailed
description of all parameters is given in Appendices A and B for brevity.
The sorbent properties, such as CO, adsorption capacity, reaction kinet-
ics, and chemical stability, are described in Alesi and Kitchin (2012),
Bos et al. (2019), Sayari et al. (2012), Schellevis et al. (2021), Yu et al.
(2017).

5.1. Adsorption

The adsorption model is a transient, 1-dimensional column model,
characterized by a system of time-dependent PDEs (Schellevis et al.,
2021; Schellevis, 2023; Schellevis et al., 2020; Yu & Brilman, 2020). A
key assumption in this model is that the gas velocity remains constant
during adsorption, given the relatively low concentrations of the ad-
sorbed species. This leads to the following mass balance equations for
CO, and H,O in the gas phase

1 1-¢
0iCmg =£—()Z(Dax,m()zcm,g - ugcm’g) + E—psd,qm, (26)
T

T
where m € {CO,,H,0}. Furthermore, the mass balance equations for
CO, and H,0 in the solid phase are expressed as

014 = RyMims 27)

where Reo, , fico,» Ru,o, and ny, are given in (A.1), (A.7), (A.9), and
(A.16) in Appendix A, respectively. Additionally, the model includes the
thermal energy balance equation, which is given by
1
(1 —e)pCps +£:0,Cy 0 (Qsource
+ az()“s,eff‘)zT —u

o,T =
. ngp,gT) (28)

+( - Er)l’s Z AHrA,matqm),
m
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Fig. 3. Cost and productivity in different cities: comparing the proposed and baseline method. Figures (a)-(e) correspond to Amsterdam, New York, Brasilia, Cape
Town, and Sydney, respectively. For each city, the left figures show the DAC capture cost, and the right figures show the DAC productivity from September 1, 2023,
to September 1, 2024. The baseline method is shown with dotted red lines, and its biweekly averages with solid red. The proposed method is shown with dotted blue
lines, and its biweekly averages with solid blue. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this

article.)

where Qe = 0 for adsorption. Moreover, Danckwerts boundary con-
ditions are applied to the PDEs, which are given in (A.23)-(A.28). The
initial conditions are taken from the final conditions of the previous
stage, given in (A.29)—(A.33), respectively.

5.2. Heating and cooling

During the heating and cooling phases, only the thermal energy bal-
ance is solved
0T = !

(1 —e)pCp+e:0,Cp
where Ogyuce» the boundary and initial conditions are given in

(A.34)-(A.36) in Appendix A, respectively.

(29)

(ﬂs,eff azT + Qsource) ’

5.3. Evacuation and repressurization

Additionally, to model the evacuation and repressurization stages,
we use the ideal gas law
)4

-z, 30)

c

where p is the reduced pressure applied by the vacuum pump in the
evacuation and desorption stages or ambient pressure in the repressur-
ization stage, and c is the overall concentration in these stages.

5.4. Desorption

The desorption model operates on the same foundational principles
as the adsorption model concerning mass and thermal energy transport.
Hence, the dynamic model for desorption is the same as (26)—(28) with
Danckwerts boundary conditions (A.23)-(A.28) and initial conditions
(A.29)-(A.33), where Qgyrce is given in (A.34) and #¢o, = 1. However,
the assumption of a constant gas velocity does not hold, particularly dur-
ing desorption at lower absolute pressures. Thus, to obtain the changing
gas velocity, we consider

(%0,‘(“%) +(1 —e)pg ;@qm)v

which is derived from the ideal gas law and total mass balance.

_ RT?
ED

(31)

0T
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5.5. Energy penalty and productivity

The energy consumption of the steam-assisted temperature-vacuum
swing adsorption process, measured in J/kgco,/d, is categorized into
seven distinct components: the energy required for the CO, endothermic
desorption, denoted by E, ,; the energy required for the H,0 desorp-
tion, denoted by E, y,o; the sorbent sensible heat, denoted by E; the
reactor sensible heat, denoted by E; the latent and sensible heat of
the purge gas, denoted by E,,,..; the feed compression energy, denoted
by E:..q; and the vacuum compression energy, denoted by E,,.. These
cost components are defined in (B.1)—(B.7) in Appendix B. Furthermore,
the productivity of the process, expressed as kgqo, /kg,/d and denoted
by Ppac, characterizes the efficiency of CO, extraction from the air and
is given in (B.8) in Appendix B.

Control Engineering Practice 173 (2026) 106980

135 - ‘
.\ ® Baseline case
Optimal case
130 - A . |
= ‘RN
< \ NN
£ 1251 Vv |
~ [N
b \ NN
<120 NN |
s . .
2 st Brasillia® ‘N N . |
g \
\ \
*? .\ « V. ®Sydney R
E1or Wy OCapetown N |
IS R .
=] R .
'8 105 W . ]
& N \.NeWYOrk Amsterdam @
100 ®Bcijing 1
95 L L I | |
5 5.5 6 6.5 7 7.5 8
Cost (MJ/kgco, /year) “10*

Fig. 6. The comparison of the proposed and baseline method in different cities
for one year. The red circles show the baseline method, and the blue squares
indicate the proposed method. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)

5.6. Experimental validation for the high-fidelity model

The high-fidelity DAC model introduced in this section is a physics-
based model that has been previously reported and experimentally vali-
dated in Schellevis (2023). More precisely, Schellevis (2023) presents an
extensive experimental investigation of this DAC system, which is based
on a Lewatit® VP OC 1065 sorbent unit. The experimental campaign
includes representative measurements of CO, concentration, tempera-
ture, and pressure throughout the different stages of the DAC cycle. Both
the adsorption and desorption phases are experimentally validated, with
particular emphasis on the reproducibility of the results across multiple
operating cycles and across individual sorbent beds. The time-dependent
profiles of CO, concentration, temperature, and pressure are carefully
analyzed and shown to be consistent from cycle to cycle. Moreover, a se-
ries of experimental studies are conducted to assess the sensitivity of the
DAC process to key operational parameters. These studies further exam-
ine the influence of parameter choices and the robustness of the model
with respect to uncertainty in operating conditions. Consequently, the
experimental results reported in Schellevis (2023) demonstrate that the
high-fidelity model provides an accurate and reliable representation of
the underlying DAC process dynamics, thereby providing a solid exper-
imental foundation for the control design and performance evaluation
presented in this work.

Furthermore, due to the data-driven and model-free nature of the
proposed control approach, it is inherently well-suited for operation
with real-world DAC experimental setups. The controller does not rely
on an explicit process model and can therefore be directly deployed on
experimental DAC platforms once such setups become available.

6. Numerical results

In this section, the performance of the proposed model-free and data-
driven rule-based control approach is verified in simulation. We used
the DAC process model described in Section 5 (Schellevis et al., 2021;
Schellevis, 2023; Schellevis et al., 2020; Yu & Brilman, 2020) as our
ground truth model for performing the experiments. The parameters of
the model are described in Table A.1 in Appendix A. To solve PDEs
(26)—(29), (31), the domain is discretized spatially for 15 points us-
ing the forward differencing method. Then, the resulting system of dis-
cretized differential equations is solved in MATLAB using the odel5s
solver. The basis function for the control law is chosen as a third-order
polynomial function of the ambient conditions, i.e., temperature and
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Table 1

The cost reduction and productivity improvement in differ-
ent cities for one year: comparing the proposed and base-
line method. The proposed method improves the annual
DAC productivity by up to 16.69 % and reduces the annual
capture costs by up to 10.34 %.

malized. This normalization ensures that the two objectives contribute
comparably to the overall performance metric under typical operat-
ing conditions. The desired confidence level is set to g, = 2. The initial
dataset size is set to n;,;; = 5, and the initial samples are generated via
random sampling by applying randomized perturbations, rather than
using Latin hypercube sampling. For performing the BO tuning pro-
cedure, we employ the GPML package (Rasmussen & Nickisch, 2024)

City Cost reduction  Productivity improvement
Amsterdam  9.30% 13.59%
New York 827% 14.88 %
Brasilia 9.86 % 15.78 %
Cape Town 10.05 % 16.69 %
Sydney 10.34 % 14.82%
Beijing 7.80% 13.52%

Table 2

The cost reduction and productivity improvement for different basis func-
tions for one year in Amsterdam: comparing the proposed and baseline

method.

Basis function

Cost reduction

Productivity improvement

Linear polynomial basis 9.29% 12.84 %
Second-order polynomial basis ~ 9.33% 12.93%
Third-order polynomial basis 9.30% 13.59%
RBFs 9.20% 9.98%

in MATLAB. We utilize the genetic algorithm method to optimize the
acquisition function and the Matern kernel with automatic relevance
determination. We use ambient temperature and relative humidity data
from September 1, 2023, to September 1, 2024, from the weather sta-
tions in Amsterdam, Beijing, Brasilia, Cape Town, New York, and Sydney
as the disturbance in the model (KNMI, 2024; Time and Date, 2024; Vi-
sual Crossing, 2024). Each BO iteration corresponds to a DAC operating
cycle evaluated under different ambient conditions, ensuring that the
reported results are not based on a single simulation run. Furthermore,
the constraint re(v) e [Eg,ﬁg] in (8) is enforced in the optimization by
approximating the disturbance set ¥ with a sufficiently dense grid of
temperature and humidity values. For each disturbance sample, upper
and lower bounds on the controller output are imposed, resulting in a
set of linear inequality constraints within the optimization step (21).
This formulation ensures that the optimized controller parameters sat-
isfy the physical limits. Moreover, we note that the results presented in
this section are based on numerical simulations using the high-fidelity
DAC model introduced in Section 5. However, this model has been ex-

relative humidity, resulting in a controller parameter vector ¢ € R!°.
The weights W, and W, are selected as 1/(1.5 x 108) and 1/0.3, respec-
tively, such that both the DAC capture cost and productivity are nor-

perimentally validated in Schellevis (2023).
Using the BO approach introduced in Section 4, we solved the prob-
lem (8), which involves minimizing DAC costs and maximizing its
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Fig. 8. Cost and productivity in Amsterdam: comparing the proposed Rule-Based Control (RBC), baseline method, data-enabled predictive control (DeePC), and
Reinforcement Learning (RL)-based control. The top panel shows the DAC capture cost and productivity from September 1, 2023, to September 1, 2024, while the

bottom panel depicts the results for the representative month of April..

productivity. The results are compared with the baseline method de-
scribed in Schellevis (2023). Fig. 3 (a—e) demonstrates the capture cost
and productivity in Amsterdam, New York, Brasilia, Cape Town, and
Sydney, respectively. Similarly, Figs. 4 and 5 depict respectively the
capture cost and productivity for Beijing. We can observe that during
spring and summer months in the Northern Hemisphere, DAC produc-
tivity improves significantly, while in fall and winter, the improvement
is mild. We can note that during the spring and summer months in the
Southern Hemisphere, productivity improvement is slightly greater than
during fall and winter. Low temperatures can lead to reduced produc-
tivity and increased heating costs. Therefore, in cities where the temper-
ature difference between cold and warm seasons is high, the variation
in both cost and productivity is also more pronounced. For instance,
in Beijing, the minimum temperature is -13°C in winter with 57.1%
humidity, where the productivity is 0.162 and 0.151 kgc, /kg,/d and
the cost is 316.21 and 322.47 MJ/kgco, /d for the proposed and base-
line methods, respectively. However, in Brasilia, the minimum temper-
ature is 18.3°C in winter with 55.5 % humidity, where the productiv-
ity is 0.342 and 0.301 kgco, /kg,/d and the cost is 138.95 and 154.02
MJ /kgco2 /d for the proposed and baseline methods, respectively. In
addition, at the beginning of the proposed data-driven method, DAC

productivity may drop slightly, and costs may increase marginally.
However, after a few iterations, the parameters of the rule-based con-
trol scheme are updated, improving DAC productivity and reducing
costs.

Table 1 illustrates the annual cost reduction and productivity im-
provement in different cities. We can note that in Amsterdam, the costs
are reduced by 9.30 %, while DAC productivity increases by 13.59 %. For
New York, the capture costs decline by 8.27 %, with a corresponding pro-
ductivity improvement of 14.88 %. Moreover, DAC costs are lowered by
9.86 %, 10.05 %, 10.34 %, and 7.80 % while productivities are elevated by
15.78 %, 16.69 %, 14.82 %, and 13.52 % in Brasilia, Cape Town, Sydney,
and Beijing, respectively.

Fig. 6 depicts the capture cost and productivity values in different
cities over one year. The red circles indicate the baseline cost and pro-
ductivity, while the blue squares represent the values obtained using
the proposed method. We can observe that the proposed method en-
hances the DAC performance by shifting the red circle points to the
blue square ones. The magnitude of this shift varies with climate, such
that Cape Town, Brasilia, and Sydney demonstrate the largest improve-
ments, while Beijing and Amsterdam exhibit smaller but still consistent
gains.
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Fig. 7 illustrates how variations in ambient temperature and relative
humidity influence the selected superficial gas velocity in Amsterdam.
We can observe that the periods of higher ambient temperature gen-
erally correspond to higher selected gas velocities. In contrast, we can
note that both very low and very high humidity levels tend to reduce
the selected velocity. The highest velocities are therefore observed when
humidity remains within a moderate range while temperatures are high.
Consequently, the trends in the figure highlight how the controller ad-
justs the superficial gas velocity in response to the effects of ambient
temperature and relative humidity to improve DAC productivity and re-
duce its capture costs throughout the year.

To further assess the effectiveness of the proposed data-driven Rule-
Based Control (RBC) method, we expanded the performance evaluation

10
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by including two additional benchmark controllers: (i) a data-enabled
predictive control (DeePC), and (ii) a Reinforcement Learning (RL)-
based control scheme. More precisely, the DeePC benchmark follows
a fully data-driven predictive control paradigm and does not rely on a
system model (Coulson, Jeremy and Lygeros, John and Dorfler, Florian,
2019). Instead, it constructs Hankel matrices from persistently excit-
ing input-output data collected from the high-fidelity DAC simulator.
At each control step, a finite-horizon optimization problem is solved to
compute the superficial gas velocity by minimizing both tracking error,
defined as the deviation of the total CO, sorbent loading from its capture
capacity, and control effort subject to input constraints and data consis-
tency conditions. For the RL method, an actor-critic learning framework
was employed to directly learn a control policy through interaction with
the simulated environment (Han, Minghao and Zhang, Lixian and Wang,
Jun and Pan, Wei, 2020).

Fig. 8 compares the performance of the baseline, DeePC, RL, and
proposed RBC method in terms of DAC capture cost and productivity
in Amsterdam. Specifically, the top panel of Fig. 8 represents the DAC
capture cost and productivity over one year, while the bottom panel
shows the corresponding results for the representative month of April.
We can observe from Fig. 8 that the DeePC method yields a cost re-
duction of 8.25% and a productivity improvement of 7.07 %, while the
RL-based controller achieves a cost reduction of 3.12% and a produc-
tivity improvement of 3.63 % compared to the baseline method. How-
ever, the proposed RBC method achieves a cost reduction of 9.30 % and
a productivity improvement of 13.59 % relative to the baseline method,
outperforming both DeePC and RL. Although DeePC provides a model-
free predictive control framework, its performance in this application
was limited by the high dimensionality and strong nonlinearities of the
DAC process. Consequently, the resulting cost reduction and productiv-
ity improvement of the DeePC method are lower than those achieved
by the proposed RBC method. Moreover, due to the high dimension-
ality, strong nonlinear dynamics, and stiffness of the DAC process
dynamics, the RL method did not outperform the proposed RBC ap-
proach. Therefore, the proposed data-driven RBC method delivers su-
perior performance compared to both DeePC and RL-based benchmark
controllers for the considered DAC system.

To evaluate the robustness of the proposed method with respect to
the weight selection, a sensitivity analysis was conducted by varying
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the weights over a wide range, from 0.1 x W, /W, to 2.5x W, /W, as
shown in Figs. 9 and 10. The results demonstrate that the proposed
method consistently outperforms the baseline method across the entire
range of weight variations in terms of both DAC capture cost reduction
and productivity improvement. More precisely, the minimum cost re-
duction achieved with respect to the baseline method is 6.73 %, while
the maximum cost reduction is 10.29 % across all values within the sen-
sitivity range. Similarly, the minimum productivity improvement rela-
tive to the baseline is 6.10 %, and the maximum productivity improve-
ment is 17.72 % across all values within the sensitivity range. These re-
sults indicate that the performance gains of the proposed approach com-
pared with the baseline method are not sensitive to the specific choice
of weights, thereby confirming the robustness of the method under a
wide range of weighting configurations.

Table 2 summarizes the impact of different basis function choices
in the proposed method on DAC capture cost reduction and productiv-
ity improvement over one year of operation in Amsterdam, compared to
the baseline method. For polynomial bases, the achieved cost reductions
are similar across different polynomial degrees, whereas the third-order
polynomial basis consistently delivers a higher productivity improve-
ment compared to the linear and second-order cases. Moreover, Radial
Basis Functions (RBFs) do not outperform the third-order polynomial
basis. Consequently, the third-order polynomial basis achieved the best
overall performance. More complex or higher-degree polynomial basis
functions lead to convergence difficulties in the BO procedure and do
not yield consistent performance improvements.

Figs. 11 illustrates the evolution of the predicted objective function
value and its associated confidence interval over BO iterations. At the
initial stages, the predicted objective exhibits relatively large variations
accompanied by wide confidence bounds. As additional samples are ac-
quired, the objective value decreases rapidly. Subsequently, we can note
that the BO algorithm has effectively converged.

7. Conclusions

In this work, we proposed a model-free and data-driven rule-based
control strategy for a solid-sorbent Direct Air Capture (DAC) system.
The proposed rule-based control strategy operates as an online policy,
continuously receiving feedback from ambient temperature and humid-
ity to enable dynamic adjustments. We used the Bayesian Optimization
(BO) method to optimally tune the parameters of the rule-based control
strategy for the DAC system. We demonstrated that the proposed method
shows promising performance improvement across different cities and
various days of the year. It enhances the annual productivity of the
DAC system by 13.52-16.69 % and reduces its annual energy costs by
7.80-10.34 % relative to the baseline across the different considered cities
under varying weather conditions. It also achieves higher performance
than other data-driven control approaches, achieving an annual produc-
tivity improvement of 13.59 % and an annual cost reduction of 9.30 % rel-
ative to the baseline in Amsterdam, while the data-enabled predictive
control (DeePC) method reaches 7.07 % productivity improvement and
8.25 % cost reduction, and the Reinforcement Learning (RL)-based con-
troller achieves 3.63 % productivity improvement and 3.12 % cost reduc-
tion. Additionally, the proposed method is model-free and data-driven,
meaning that it does not rely on a detailed system model. Therefore, it
addresses the challenges of model-based approaches, like the unavail-
ability of a complex DAC model, the intractability of parameter estima-
tion, and high computational costs.
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Appendix A. Description of high-fidelity model

The values of Reo,, k7, deq,co,> b thy d5> co,> P> Ruy0, RH, pi;i; o

9eq 1,05 CaBs kGaBs KLDF» and 1,0 are given by

qco, )L qco, )
Rco, =kr| RTc - (—=)n )m — —= (A1)
o, T< o, < ( m ) ba.
Eacl,COZ
k =koco, exp < - T) (A.2)
qsbRT cco
Geq.cO, =—————— (A.3)
(14 (bRTecp,))
AH, (T,
b=b — (= -1 A.4
OeXp<RTO(T )) G
Ty
ty =1 1-= A5
h =tho +a < T > (A.5)
T
g5 =45 €Xp <x(l - T_o>> (A.6)
" /'] ] Reo,(cco,4c0,)dV
€02 Rco, (Cpuiks Gay)
.3 ¢, coth(gyy) — 1 (A7)
¢th ¢(h
1
qco -
(i)
b =rp D, 2 (A.8)
Ry,0 =kiprRH (4eq 11,0 — 11,0) (A.9)
RTc
RH =— 120 (A.10)
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H,0
A T-273.15
Pty =61121 exp <(18.678 -
( T —273.15 ) (A11)
257.14 + (T — 273.15) ’
9eq.H,0 :<CmCGABkGAB RH)/((l — kgapRH)
(14 (Cga — 1)kGABRH)> (A.12)
AH,
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kgap =k — A14
GAB =Ko GAB €Xp ( RT > ( )
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Moreover, we have
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— (A17)
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Table A.1
Description of symbols and parameters (for parameters with two values or equations, the first is for carbon dioxide and the second for
water).
AH, Téth heat of adsorption 953 x 10° kgap multilayer correction factor Eq. (A.14)
(J mol™!) in GAB isotherm (-)
AH difference in enthalpy between -8.69 x 10° kogap ~ Arrhenius pre-exponential 0.92
monolayer and multilayer (J mol~') factor for Kgug (-)
AH difference in enthalpy between bulk -82x 103 ko Arrhenius pre-exponential factor for 3.5%1072,450
liquid and multilayer (J mol~') reaction rate (mol kg~! bar~! s7!, s7!)
A.H,  reaction heat of component m 75x 10%,43x 10° ki pp linear driving force reaction equation (A.15)
(J mol™") rate constant (s™')
ag specific surface area (m? m-?) 150 kr Téth reaction rate constant equation(A.2)
b Téth affinity constant (Pa~') Eq. (A.4) (mol kg~! bar~! s71)
by Téth affinity constant at reference 93x 107 P pressure (Pa) )
temperature (Pa™!) q sorbent loading (mol kg~!) equation(27)
C, Arrhenius pre-exponential factor 100 q T6th maximum capacity (mol kg~!) equation (A.6)
for Cgap () 450 Té6th maximum capacity at reference 3.40
Coan Guggenheim constant equation(A.13) temperature (mol kg~')
in GAB isotherm (-) R ideal gas constant (J mol~' K-!) 8.31446
C, monolayer capacity in 5.55 R, reaction rate of component m equations(A.1), (A.9)
GAB isotherm (mol kg™!) (mol kg™' s™)
Cpe gas specific heat capacity (J kg™! K™!) 1005 T temperature (K) Eq. (28)
Cps solid specific heat capacity (J kg~! K~') 1580 T, Téth reference temperature (K) 353.15
c concentration (mol m~3) Eq. (26) t, Téth heterogeneity constant (-) Eq. (A.5)
D, axial dispersion coefficient (m? s~') Eq. (A.17) tho Téth heterogeneity constant at T, (-) 0.37
E, activation energy (J mol~') 152x10° z axial direction (m) )
h, heat transfer coefficient 150 1 identification of energy binary
(Wm=—2K™") point source in 1D model (-)
u superficial gas velocity (mé m?s7) [0.05,0.3] n effectiveness factor (-) [0,11
a temperature dependency of #, (-) 0.33 P density (kg m™) 1.204
& void fraction of sorbent (m? m;*) 0.23 ] gas flow rate (g, min=') 1.04
£, void fraction of reactor (m] m*) 0.4 g gas phase
Aseft axial thermal conductivity 0.121 m components (CO, and H,0)
(Wm™ K1) r reactor
X temperature dependency of ¢, 0 s solid phase
1 72 52 — -
UL H Aa18)  0:T|.og=0:T|. =0 (A.35)
P ReSc 14 (25) Tl =T, A.36
ReSc |1=0 = ()(Z)’ ( . )
Re = Py ty dp (A.19) where T;, is the temperature of heat or cool sources, and the function
Hy &(z) is characterized as a Dirac-delta function, which takes a value of
Hg one precisely at the positions of heat sources and zero elsewhere.
Sc= ——— (A.20)
Pg Drim . .. ..
: 1 : B. Detailed description of energy costs and productivity
T
y =—=3 + 5 (A.21)
£ . . .
pore P M.m Kn The energy required for the CO, endothermic desorption measured
d 1 ; i
Dy, = ¢ <8R;T> 3 (A.22) in J/kgco,/d is expressed as
3 My A Heo
—_— r 2
The Danckwerts boundary conditions and initial conditions are given by Eico, = Mot ®.1)
W,CO, ‘cycle
Ug in€COy,in = ~ Dax,co, azccoz,gL:O + ugCCOZ,g‘Z=O (A.23) where A Hcyo, is the CO, reaction enthalpy, My, o, is the CO, molar
mass, feyele = (Fads + fvac T+ Theat T fdes T feool T 1 24 x 60), and t,4,, t
ug incHZO = Dax H,0 0ZCH20g| + uch20 g‘ (A.24) s Feycle ( ads vac heat des 'cool repr)/( ) )r ads» .vac’
’ ' : #lz=0 #lz=0 Theat> Tdes> Teool> @0 11y, are the adsorption, vacuum, heating, desorption,
UginPeCpaTin = = Asorr 0.T |, + Uy ngp,gT‘ » (A.25) cooling, and repressurization times expressed in min, respectively. The
= energy required for the desorption of H,0 measured in J/kgco,/d is
0:€co, ¢ L =0 (A.26) given by
A H,
d,¢ =0 A.27 1 H0
z“H,0.g =L ( ) Er,HZO = W’ (B.2)
CO. W,CO, 1
0.T|,_, =0 (A.28) 2 e .

} 90 where A Hy o represents the H,0 reaction enthalpy, Sco, =
€cos.e|,g =€,c0,(2) (A.29) AqCO%/AqHZO is the select1v1t¥ of CO, toward.s H,O0, Aflcoz is the CO,
o | —eor0(2) (A.30) working capacity, and Agy, is the H,O working capacity. The sorbent

2D08l=0 M2 sensible heat measured in J/kgco, /d is expressed as
Tlt:() :TO(Z) (A31) Cp SAT
Egenss = _—, (B.3)
dco, |z=o =40.c0, (%) (A.32) " Adco, My co,eycle
where C, ; denotes the sorbent specific heat capacity and AT is the tem-
qH20|t=0 =4o 1,0(2)- (A.33) p.s P pacity

The value of Qgce, boundary and initial conditions for the heat transfer
model (29) are expressed as

Osource =6(2)hay(Tyy —T) (A.34)
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perature difference between adsorption and desorption. The reactor sen-
sible heat measured in J/kgco, /d is given by

R E,

E sens,r -sens,s
sens,r — P >
cycle

(B.4)
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where Ry, = (m.Cpp + my Cp 1)/ (mCy ), m is the mass, and C, is the
specific heat capacity of the reactor segment, denoted by r, heat transfer
medium, denoted by ht, and sorbent bed, denoted by s. The total energy
required for the purge gas measured in J /kgco, /d includes both sensible
and latent heat is expressed as

E _ Rpurge

purge (M W.p CPJ— ATy

MW,COZ Icycle

+ My ,Cp o AT, + Ay Hypoe ) (B.5)

vap -t purge
where C,; and C,, are the specific heat capacities of the liquid and
gas phases, AT and AT, are the temperature differences of these
phases, respectively. Moreover, A, H}. is the evaporation enthalpy
and Rpyree = Mpurge/(MyAqco,) is the purge gas ratio, where nyy. =
(v, g .des desPdes,av)/ (RTges ay) I8 the total amount of purge gas introduced
into the reactor during the desorption, ¢y , 4 is the air volumetric flow
rate during the desorption, pg,, is the average desorption pressure, R
is the gas constant, and Ty, ,, is the average desorption temperature.
The feed compression energy measured in J/kgco, /d is calculated by

Ap
N§€co, Ngas M W,CO, tcycle

where  Ap = (1504, L(1 — &,)*u,)/(d}€)) + (1.75Lp,(1 — e)u}) /(dye]) s
the pressure drop based on the Ergun equation, y, is the dynamic viscos-
ity of air, L is the bed thickness, d, is average particle diameter, 5 is the
efficiency of the air blower, ng,; = (myAqco, )/ (v, g adstadsCCo,)> PV gads IS
the air volumetric flow rate during the adsorption, and cc, is the CO,
concentration of the air. The vacuum compression energy measured in
J/kgco,/d is expressed as

RTdes,av k 1 1
Ep=a——""—"—\ 77— rod +
MW,C02 nvactcycle k—1 xgo SC02
2

o) ((725) 7 1)
+ purge - ’
Pdes,av

where xgro"j = Adco, /(Adco, + Ady,o) is the CO, fraction in the product,
Ry 1s the purge gas ratio, 7, is the vacuum pump efficiency, & is the
C,/C, ratio, and p is the product gas pressure. The productivity for the
steam-assisted temperature vacuum swing adsorption process expressed

in kgeo, /kgy/d is given by

Efeed = (BG)

(B.7)

Agco

Popc = - 2. (B.8)
cycle
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