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A B S T R A C T

Adsorption-based Direct Air Capture (DAC) is crucial for achieving negative emissions but faces significant 
challenges due to high energy demand and operational costs. While recent research has highlighted that weather 
conditions significantly affect DAC energy demand and cost, current DAC systems are typically optimized under 
steady-state conditions, overlooking the impact of ambient weather variability on the optimal operating point. 
This study addresses that gap by investigating whether dynamically adjusted adsorption and desorption dura
tions based on hourly weather conditions can improve energy efficiency compared to static operation. Therefore, 
a process model incorporating co-adsorption effects was optimized for real-world weather conditions and the 
results are utilized as an input for a techno-economic assessment. Dynamic operation of the optimized process 
model was evaluated using hourly weather data from four possible DAC locations, revealing potential reductions 
in electrical and thermal energy demands of up to 8.8 % and 0.9 %, respectively. Additional analyses show that 
simplified day–night and seasonal operating strategies achieve nearly the same energy savings as hourly adap
tation, substantially reducing control complexity. Integration of the optimized process model into a techno- 
economic assessment reveals weather-driven cost variations of up to 72 €/tCO2 and demonstrates strong sensi
tivity of DAC costs to renewable energy intermittency. By providing detailed data on the optimized process 
model, including energy consumption and productivity across diverse climatic conditions, the study supports 
more refined and location-specific future assessments.

1. Introduction

1.1. Background and context

According to the Intergovernmental Panel on Climate Change, the 
deployment of Negative Emission Technologies (NETs) will be necessary 
to limit the global mean temperature rise to 2 ◦C or below [1]. Even 
under ambitious mitigation pathways, fully eliminating emissions across 
globally interconnected supply chains remains challenging. Factors such 
as CO2 pricing, energy availability, and operational uncertainties 
continue to restrict decarbonization efforts and limit the feasibility of 
complete emission abatement [2–5]. Consequently, residual emissions 
will persist, particularly in sectors with limited abatement options. 

Among the available NETs, Direct Air Capture (DAC) offers verifiable 
and location-independent removal of atmospheric CO2, positioning it as 
an important complement to conventional mitigation strategies [6].

First commercial DAC plants are already in operation, demonstrating 
the technical feasibility of the employed adsorption technology [7]. 
However, the high energy demand and associated costs continue to limit 
large-scale deployment. Research on DAC spans multiple disciplines, 
such as sorbent material development, regional deployment strategies, 
regulatory frameworks, and life-cycle assessments, as recently shown by 
Harzendorf et al. and van der Spek et al. [8,9]. Within this broader 
context, improving the efficiency and economic performance of 
adsorption-based DAC remains a key challenge.

Currently, the only commercially available adsorbent specifically 
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developed for DAC applications is Lewatit® VP OC 1065, an amine- 
functionalized polymer resin. A key characteristic of such materials is 
their strong interaction with water vapor, which significantly affects 
CO2 capture performance. Although a multi-component adsorption is 
inherently competitive, many studies report the enhancing effect of co- 
adsorbed water on the CO2 capacity of the adsorbent [10–12]. Recent 
work suggests that this enhancement arises primarily from physical ef
fects, such as polymer swelling, which facilitates CO2 transport within 
the adsorbent [13]. The magnitude of this effect depends on humidity 
and the competitive nature of multicomponent adsorption [10,14–16]. 
Because of these complex interactions, the net capacity increase is ex
pected to vary significantly with ambient humidity, which makes it an 
important consideration for DAC systems operating under atmospheric 
conditions. To this end, only a limited number of studies have developed 
and integrated co-adsorption models into process models [17–23].

Low-temperature DAC processes require a combination of heat input 
and pressure reduction to achieve meaningful CO2 working capacities 
[10,24–26]. With adsorption performed near ambient conditions, vac
uum levels are needed to enable efficient desorption [27]. Hence, 
adsorption-based DAC systems typically operate cyclically in a temper
ature–vacuum swing adsorption (TVSA) process [24,28]. The process is 
referred to as steam-assisted temperature-vacuum swing adsorption (S- 
TVSA), if the required heat is supplied via direct steam injection into the 
adsorption column [28]. The choice of desorption temperature in low- 
temperature DAC processes, which generally lies between 80 ◦C and 
130 ◦C [9], is influenced by both the available thermal energy source 
and the temperature stability of the sorbent material [29]. In the case of 
Lewatit® VP OC 1065, the manufacturer specifies a maximum operating 
temperature of 100 ◦C [30], making it particularly well-suited for heat 
pump integration [31,32]. This compatibility with low-temperature 
heat is a notable advantage for energy supply concepts, especially in 
the context of renewable integration.

In addition to sorbent properties and heat-supply strategy, the cycle 
configuration is a critical lever for performance optimization. The 
optimal operating point of the process shifts over time, given that 
ambient temperature and humidity strongly influence CO2 capture ef
ficiency and vary over time [12,17,18]. Weather-adaptive cycle control 
could therefore improve efficiency compared to static operation with 
fixed cycle settings, potentially reducing both energy demand and costs.

2. Research gap and significance

While most DAC optimization studies assume steady-state or fixed 
ambient conditions, a limited number of contributions have begun 
exploring process performance under varying climatic conditions. Sendi 
et al. [17] incorporated weather-resolved data into an S-TVSA system 

and demonstrated notable differences in energy requirements and costs. 
However, the study assumed static operation and did not investigate 
dynamic control strategies or their impact on process and economic 
performance. Wiegner et al. [18] optimized an adsorption-based DAC 
system for productivity across different climate zones but did not 
incorporate a co-adsorption model or weather variability on sub-daily 
timescales. Additionally, the examined temperature range was limited 
to 5–40 ◦C. Postweiler et al. [21] evaluated DAC operation with a focus 
on carbon removal efficiency, but used a non-commercial adsorbent, 
which hinders comparability and experimental validation. Rezo et al. 
[22] applied the adsorbent model introduced by Postweiler et al. [21]
and coupled a dynamic process model with weather data, focusing on 
siting strategies in Europe. Their work addressed seasonal energy 
balancing and did not explore short-term operational flexibility. In 
parallel, several techno-economic assessments have analyzed global 
DAC siting or future energy supply scenarios [33–35]. However, techno- 
economic assessments without an adequately detailed process model 
introduce uncertainty since the model output is not fully tailored to 
economic evaluation. An overview of the relevant studies is provided in 
Table 1.

It becomes clear that much of the existing DAC literature either 
employs adsorbent models without experimentally validated co- 
adsorption behavior or relies on non-commercial materials. Both fac
tors limit reproducibility and hinder meaningful experimental bench
marking. Furthermore, the incorporation of weather variability into 
DAC process models is either neglected or restricted to coarse temporal 
resolution, despite the strong impact of ambient temperature and hu
midity on adsorption performance. In addition, most studies assume 
static operation, overlooking the potential of dynamically adjusting 
cycle parameters in response to environmental fluctuations. Finally, the 
data generated by process models is commonly not tailored toward 
techno-economic assessment, resulting in inconsistencies and un
certainties when performance metrics are transferred into a system-level 
evaluation.

To address these research gaps, this work develops a detailed one- 
dimensional TVSA process model incorporating a validated co- 
adsorption model for a commercially available sorbent. The model is 
used to simulate DAC operation under hourly-resolved climate condi
tions and to identify weather-adapted, dynamic operating strategies that 
enhance process efficiency. The resulting performance indicators, 
including specific energy demand, productivity, and water co- 
adsorption, are directly formulated to ensure seamless integration into 
a robust techno-economic assessment. Using this unified modeling 
framework, the influence of weather variability and operational flexi
bility on DAC performance is quantified across multiple global locations 
and translated into corresponding CO2 removal costs.

Table 1 
Comprehensive overview of recent literature involving DAC process modelling.

Study Co-adsorption 
modeling

Weather data input Dynamic DAC operation Economic 
evaluation

Main limitations

Sendi et al., 
[17]

Yes Yes No, 
static operation

Yes No dynamic weather response

Wiegner et al., [18] No Yes, 
no hourly 
resolution

Yes, 
different operation 
strategies

Yes No co-adsorption, no dynamic weather response

Postweiler et al., 
[21]

Yes, 
proprietary adsorbent

No No, 
static operation

No No benchmark adsorbent, no dynamic DAC, no 
TEA

Rezo et al., 
[22]

Yes, 
proprietary adsorbent

Yes No, 
static operation

No Lacks short-term flexibility, no TEA

Zhang et al., 
[23]

Yes No No, 
static operation

No No weather data integration or TEA

Terlouw et al., [33] No 
(Wiegner model)

Yes No Yes No co-adsorption, no dynamic weather response

Sendi et al., 
[34]

Not disclosed Yes No Yes No dynamic weather response

Wenzel et al., 
[35]

Yes Yes No Yes No dynamic weather response

A.S. Jajjawi et al.                                                                                                                                                                                                                               Energy Conversion and Management 351 (2026) 121003 

2 



2.1. Objective and scope

The objective of this study is to evaluate the performance and eco
nomic implications of weather-dependent operation of a low- 
temperature TVSA DAC process using a commercially available amine- 
functionalized sorbent. To achieve this objective, the study: 

• develops a detailed TVSA process model in Aspen Adsorption 
incorporating a validated co-adsorption model for Lewatit® VP OC 
1065,

• simulates DAC operation under hourly-resolved temperature and 
humidity conditions at multiple global locations,

• identifies dynamic operating strategies (fully dynamic, seasonal cy
cles, day-night cycles) that adapt cycle parameters to changing 
weather conditions, and

• provides techno-economic performance metrics, directly derived 
from the process model, to quantify the influence of weather vari
ability on CO2 removal costs.

The scope of the study is limited to stand-alone adsorption-based 
DAC operation using low-temperature heat. Broader system-level inte
gration aspects such as supply chain logistics, energy infrastructure 
constraints, and environmental impact assessments are outside the 
scope of this work.

2.2. Structure of the paper

The remainder of this paper is organized as follows. Section 2 de
scribes the methodology, including the development of the TVSA pro
cess model, the implementation of the co-adsorption formulation, the 
use of hourly weather data, and the techno-economic evaluation 
framework. Section 3 presents the results of the weather-resolved pro
cess simulations and the dynamic operation strategies, as well as their 
impact on CO2 removal costs at different locations. Section 4 discusses 
these findings in the context of DAC deployment, highlights limitations, 
and provides conclusions and recommendations for future work.

3. Methodology

This section begins by providing a detailed description of the 
developed process model, followed by the definition of KPIs relevant to 
DAC system evaluation. The subsequent part outlines the optimization 
approach used to derive weather-dependent operating parameters. 
Finally, the methodology and underlying assumptions employed in the 
techno-economic assessment are presented.

3.1. Thermodynamic modeling

Aspen Adsorption has been used in only a limited number of DAC- 
related modeling studies [23,36], but its structured simulation envi
ronment offers several advantages that motivated its use in this study. 
The software enables dynamic modeling of cyclic adsorption processes 
and supports the convergence to cyclic steady state under varying 
boundary conditions. It provides access to validated heat- and mass- 
transfer correlations and pressure-drop models that can be adapted for 
DAC operating regimes. The integrated Aspen Properties Database en
sures consistency in thermophysical data, while the time-resolved so
lution allows detailed evaluation of transient behavior during individual 
cycle steps. Furthermore, the model structure and parameter definitions 
are fully transparent and reproducible, supporting rigorous scientific 
assessment and comparison with future studies [37].

3.2. Material properties, adsorption models, and kinetic expression

Lewatit® VP OC 1065 is used as the adsorbent in this study. It is a 
primary-amine functionalized polymer resin supplied as spherical beads 

[30,38]. and widely established as a benchmark material for adsorption- 
based DAC systems. Its thermophysical properties and adsorption 
behavior under ambient DAC conditions have been extensively charac
terized in literature, providing a reliable foundation for process 
modeling [12,15,36,38,39]. The material properties used in this work 
are summarized in Table 4 in the Supplementary Information (SI).

In addition to CO2 uptake, water co-adsorption plays a significant 
role in DAC operation. The amount of adsorbed water depends strongly 
on ambient temperature and relative humidity and has been shown to 
enhance CO2 adsorption. Recent findings indicate that this enhancement 
primarily arises from physical effects such as polymer swelling, which 
improves intra-particle CO2 transport, rather than changes in amine 
chemistry [13]. To accurately capture this behavior, the weighted- 
average dual-site Toth (WADST) co-adsorption model developed by 
Young et al. [12] is implemented in Aspen Adsorption. All employed 
parameters are presented in Table 1 of the SI.

A number of studies underline the importance of including isotherms 
for nitrogen (N2) and oxygen (O2) adsorption in thermodynamic models, 
however, applicable and cohesive adsorption models are not available 
literature [28]. For this reason, N2 and O2 adsorption is not included in 
the thermodynamic model and, therefore, remain as inert species in the 
gas phase.

The expression of the employed co-adsorption model of CO2 is based 
on the Toth isotherm and is expressed as shown in equation (1). 

qCO2 =

(

1 − exp

(

−
A

qH2O

))

•
qCO2max • K(T) • pCO2

(
1 +

(
K(T) • pCO2

)b(T)
)1/b(T) +

(

exp

(

−
A

qH2O

))

•
qCO2max,wet • Kwet(T) • pCO2

(
1 +

(
Kwet(T) • pCO2

)bwet (T)
)1/bwet (T)

(1) 

where qCO2 is the loading of CO2, A is a factor for the Arrhenius 
expression, qH2O is the loading of water, and qCO2max is the maximum CO2 
loading at dry and wet conditions, respectively. Furthermore, the af
finity parameter K at dry and wet conditions, the CO2 partial pressure 
pCO2 and the surface heterogeneous factor under dry and wet conditions 
b are needed. The values of all parameters are stated in Table 1 in the SI. 
The water isotherm is taken from the study of Young et al. [12] and 
expressed by a temperature-dependent Guggenheim-Anderson-de Boer 
(GAB) model (see Table 2 in the SI).

The kinetic model consists of a lumped resistance on the solid surface 
in the form of a linear driving force (LDF) model. It is expressed as a 
function of the equilibrium loading, calculated by Aspen Adsorption and 
the actual loading of a species at a given timestep (see equation (2)). The 
mass transfer coefficients are also adopted from the study of Young et al. 
[12] to obtain a cohesive thermodynamic model. 

Table 2 
Description and units of variables used in the KPI calculations.

Symbol Description Unit

V̇Air Air volumetric flowrate at inlet m3/s
Δp Pressure drop across adsorption bed Pa
ηfan Fan efficiency –
ṅ Molar flowrate of desorbate mol/s
R Gas constant J/mol/K
T Temperature at desorption outlet K
ηVP Vacuum pump efficiency –
pH High pressure during desorption Pa
pL Low (vacuum) pressure during desorption Pa
mCO2 ,produced CO2 mass collected per cycle kg or tCO2

ṁFlow Heating fluid mass flowrate kg/s
cp Gas heat capacity J/kg/K
dTHEx Heat exchanger temperature K
z Column length m
tCycle Duration of full cycle s
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∂qk

∂t
= MTCk

(
q*

k − qk
)
, k = CO2,H2O (2) 

Where qk is the loading of a component, MTCk is the mass transfer co
efficient of a component, and q*

k is the equilibrium loading of a 
component for a given adsorption condition. All parameters are speci
fied in the SI (see Table 3 in the SI). The fundamental process equations 
used in this study are based on the built-in models and correlations 
provided by Aspen Adsorption [40].

3.3. Mass, energy, and momentum balances

The mass balance includes convection, axial dispersion and mass 
transfer between gas and solid phase. For the gas phase, the mass bal
ance is defined for each substance k as shown in equation (3): 

− εiEz,k
∂2ck

∂z2 +
∂
(
vgck

)

∂z
+ εB

∂ck

∂t
+ Jk = 0 (3) 

The first term describes axial dispersion including the second derivative 
of the concentration with respect to the axial position, for which the 
dispersion coefficient for a component is determined by Aspen 
Adsorption (see SI). The second term describes convection including the 
derivate of the product of gas velocity and concentration with respect to 
the axial position. The third term describes the accumulation of species 
in the gas phase including the time derivate of the concentration. The 
fourth term describes the rate of mass transfer of component k from the 
gas phase to the solid surface per unit volume of the bed. It expresses the 
adsorption and desorption dynamics. The molecular diffusivities 
required to determine the dispersion coefficients are assumed to be 
constant. The ideal gas law is applied to the system. More information on 
the mass balance is provided in section 1.5 in the SI Table 4.

The energy balance is modeled for a non-isothermal adsorption 
column with gas and solid conduction. Therefore, the complete energy 
balance consists of expressions for the energy balances of the gas and 
solid phase. The adsorbed phase heat capacities, the heats of adsorption, 
the heat transfer coefficient between gas and solid phase, gas thermal 
conductivity and the solid phase heat capacity are assumed to be con
stant. The column is modelled adiabatically. The energy balance for the 
gas phase is expressed in eq. (4). 

− εikg
∂2Tg

∂z2 +Cvgvgρg
∂Tg

∂z
+ εBCvgρg

∂Tg

∂z
+HTC • ap

(
Tg − Ts

)
+ aHxQHx = 0

(4) 

The first term represents axial thermal conduction (axial thermal 
dispersion) in the gas phase, followed by the convective heat transport 
term. The third term accounts for enthalpy accumulation in the gas 
phase, while the fourth term expresses heat transfer. The fifth term de
scribes heat exchange between the gas phase and an external heat 

exchanger (jacket). More information on the corresponding energy 
balance for the solid phase, as well as a thorough explanation of the 
terms and parameters is provided in section 1.6 and Table 5 in the SI.

The momentum balance is modeled considering the Ergun equation 
(see section 1.7 in the SI).

3.4. Process description

The single adsorption bed is a flat packed bed containing the 
employed adsorbent. For this study, a small- scale DAC test plant is 
simulated. It has a diameter of 10 cm and a bed height of 2 cm. A flat 
design for the adsorption bed is used by most researchers and pilot 
plants which employ a bead-shaped adsorbent like Lewatit® VP OC 
1065 to avoid high pressure drops [11,41]. Heat is supplied by a heating 
jacket installed around the adsorption chamber (see Fig. 1).

The adsorption chamber is equipped with multiple inlet and outlet 
valves that control the gas flow and pressure. During adsorption, 
ambient air enters at the bottom of the column, passes through the 
packed bed, and CO2-depleted air exits at the top. During desorption, 
these ports are closed, and a dedicated valve at the column top is opened 
to first evacuate the residual air and later withdraw the product gas.

The operating cycle consists of four steps: 

(1) Adsorption: Air containing 400 ppm CO2 flows through the 
column, and CO2 and water vapor are selectively adsorbed. When 
the target CO2 loading is reached, the airflow is stopped.

(2) Evacuation: The column is depressurized to 0.1 bar to remove 
residual gas from the void space. This prevents oxidative degra
dation of the sorbent and enables production of a purer desorp
tion stream.

(3) Desorption: Once the target vacuum level is established, the 
heating jacket is activated. The bed temperature rises toward the 
desorption setpoint, and CO2 and water desorb from the sorbent. 
Desorption ends when the residual loading reaches the defined 
cut-off value.

(4) Cooling: The column is isolated and cooled via the heating jacket 
operating in cooling mode. The bed temperature must fall below 
75 ◦C before repressurization to avoid oxidative degradation of 
the amine functionalities during the subsequent adsorption step 
[42].

3.5. Process model assumptions

The assumption of adiabatic operation with constant effective ther
mal properties idealizes heat transfer within the adsorption column. In 
practical systems, heat losses and non-uniform heat transfer may in
crease the absolute thermal energy demand; however, the relative dif
ference between static and dynamic operation is expected to remain 
similar, since both strategies are affected to a comparable extent. 
Furthermore, existing patented adsorption chamber designs typically 

Table 3 
Overview of variables excluded from the optimization routine.

Variable Value Comment

Air flow rateV̇air 6.2 
L
s

This air flow rate results in a pressure loss of 200 
Pa in the adsorption bed during adsorption, which 
aligns with design recommendations given by Wu 
et al. [44].

Desorption 
temperatureTdes

90 ◦C At this temperature, the adsorption column can be 
heated using hot water and the adsorbent is 
stable.

Desorption 
pressurepdes

0.1 
bar

Most DAC applications and models employ a 
coarse vacuum pressure during desorption, as it 
offers a technically straightforward 
implementation.

Evacuation timeteva 60 s Model assumption
Cooling timetcool 600 s Model calculation considering a cooling water 

temperature of 10 ◦C

Table 4 
Utilized techno-economic parameters for the energy system in the PV supply 
scenario.

CAPEX OPEX Further aspects Based 
on

%CAPEX/ 
a

OFPV 1276 
€/kW

1.6 ​ [53]

Battery 405 
€/kWh

2.5 4-hour battery with round-trip 
efficiency of 85 %

[53]

Heat pump 832 
€/kWth

0.5 Coefficient of performance = 2 [31]

Electric 
Heater

151 
€/kWth

0.4 ​ [54]
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include insulation to minimize heat losses, supporting the applicability 
of the adiabatic assumption [43].

The LDF model used for intraparticle mass transfer represents a 
lumped approximation that does not resolve internal pore diffusion 
gradients explicitly. This simplification may lead to deviations in tran
sient uptake behavior, particularly since water and CO2 exhibit different 
diffusivities within amine-functionalized adsorbents. However, co- 
adsorption behavior in this system is largely determined by thermody
namic competition rather than rate limitations, suggesting that the 
relative impact of humidity on working capacity trends is captured 
reliably. More detailed pore-scale diffusion formulations could be 
incorporated in future work to further quantify transport–reaction in
teractions under dynamic operating conditions.

The reactor geometry used in this study represents a laboratory-scale 
fixed-bed configuration. At pilot or commercial scale, larger character
istic dimensions may introduce additional transport effects, including 
radial thermal gradients, non-uniform humidity profiles, and increased 
pressure drop. These scale-dependent behaviors can be interpreted 
through standard dimensionless numbers. Although a dimensionless 
similarity analysis is beyond the scope of this study. The operating 
conditions modeled here lie in the same general transport regime ex
pected for industrial DAC beds, where external film resistances remain 
small compared to intraparticle limitations. Industrial TVSA DAC 
modules are also expected to employ internal heat exchangers rather 
than external wall heating. Provided that the heat-exchange surface area 
per unit bed volume is preserved, the overall thermal regeneration ef
ficiency can be maintained, although the detailed heat distribution may 

differ from the laboratory-scale configuration. However, because such 
limitations influence static and dynamically adapted operation in a 
comparable manner, the relative performance trends and the qualitative 
benefit of simplified dynamic control strategies are expected to remain 
robust when extrapolated to larger-scale DAC deployments.

3.6. Key performance indicators

To evaluate different process options for adsorption-based DAC, a set 
of Key Performance Indicators (KPIs) is required. These KPIs are derived 
from the simulation outputs of Aspen Adsorption. The specific electrical 
energy demand consists of the energy consumed by both the air fan (see 
Eq. (5)) and the vacuum pump (see Eq. (6)) per ton of CO2 produced. The 
fan energy demand is calculated using a standard pressure drop corre
lation as implemented in Aspen Adsorption [40] while the vacuum 
pump energy demand is based on the assumption of isothermal 
compression and follows an expression adapted from Stampi-Bombelli 
et al. [11]. The total electrical energy demand is obtained by summing 
these two contributions and is defined in the present study (see Eq. (7)). 

EFan =
1

mCO2 ,produced

V̇AirΔp
ηfan

[
MWh
tCO2

]

(5) 

EVP =
1

mCO2 ,produced

ṅRT
ηVP

ln
(

pH

pL

)[
MWh
tCO2

]

(6) 

Eel = EFan + EVP

[
MWh
tCO2

]

(7) 

The specific thermal energy demand consists of the duty of the heat 
exchanger at the adsorption chamber and the produced mass of CO2 (see 
Eq. (8)). This formulation is based on the resolved temperature gradient 
along the column and is also implemented in Aspen Adsorption [40]. 

EHEx = Eth =
1

mCO2 ,produced
ṁFlowcp

dTHEx

dz
dz
[
MWh
tCO2

]

(8) 

The total specific energy demand is defined as the sum of thermal 
and electrical energy demands (see Eq. (9)). 

Etot = Eth + Eel

[
MWh
tCO2

]

(9) 

Finally, the CO2 productivity is determined by dividing the produced 

Table 5 
Optimal adsorption and desorption duration of all climate cluster points.

Cluster Temperature Relative humidity Adsorption duration Desorption duration Specific total energy demand

​ ◦C % min min MWh/tCO2

1 16 44 38 70.5 2.80
2 9 83 28 82 3.95
3 22 17 36 63 2.83
4 13 71 33 79.5 3.51
5 26 69 36 77.5 3.71
6 − 4 87 26 79 3.82
7 29 40 41 70.5 2.95
8 12 93 24 83 4.42
9 5 27 38 69 2.54
10 23 94 25 83.5 4.85
11 1 94 24 83 4.26
12 − 2 75 29 79.5 3.54
13 14 58 36 76 3.13
14 27 55 42 75 3.26
15 19 31 39 68.5 2.64
16 31 26 38 66 2.97
17 24 82 31 81.5 4.28
18 35 13 31 58 4.24
19 0 62 32 77 3.19
20 1 46 37 74 2.81
21 − 10 5 30 57.5 4.17
22 50 100 24 82.5 6.97

Fig. 1. Schematic diagram of the DAC process modeled in this study. Adsorp
tion takes place inside the adsorption chamber, which contains a cylindrical 
packed bed filled with the adsorbent Lewatit® VP OC 1065.
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CO2 mass by the duration of one cycle. (see Eq. (10)). 

Pr =
mCO2 ,produced

tCycle

[tCO2

d

]
(10) 

Both the definitions of total energy demand and productivity are 
introduced by the authors in this study. Further explanation of the 
employed terms, symbols and units can be found in Table 2 and the SI in 
section 1, Table 6.

3.7. Optimization parameter selection

Adsorption-based DAC systems are influenced by a large number of 
process parameters, including airflow rate, desorption conditions, and 
the durations of individual cycle steps. A structured sensitivity analysis 
is therefore necessary to determine which parameters are most relevant 
for optimization under weather-dependent operation. Here, we adopt 
insights from Zhang et al. [23], who performed a detailed parametric 
evaluation of TVSA desorption conditions, complemented by a pre
liminary sensitivity screening using the developed model.

Parameters that cannot be adjusted operationally, such as adsorber 
geometry and material properties, were excluded from dynamic opti
mization. This leaves seven variables that could theoretically be adapted 
during operation: adsorption air flowrate, desorption temperature, 
desorption pressure, and the durations of adsorption, evacuation, 
desorption, and cooling.

Consistent with Zhang et al. [23] and confirmed by our own pre
liminary screening simulations, thermal efficiency improves at higher 
desorption temperatures and lower desorption pressures due to 
increased driving force for regeneration. However, these trends lead to 
physically unrealistic extreme conditions when optimized solely for 
minimal specific energy demand and do not account for material sta
bility limits, exergy losses, or industrial vacuum system constraints. 
Therefore, desorption temperature and pressure are held constant 
within realistic operating ranges and excluded from the optimization 
formulation. Similarly, the adsorption flowrate presents a trade-off be
tween specific energy demand and productivity. Minimizing the specific 
energy demand alone would drive the flowrate to unrealistically low 
values, resulting in excessive cycle durations and high capital costs. 
Since productivity is handled separately in the techno-economic 
assessment, airflow is fixed in this study.

The evacuation and cooling steps exhibit limited influence on energy 
demand in our screening and contribute minimally to cycle time relative 
to adsorption and desorption. Additionally, no heat integration mea
sures are considered during cooling. These steps are therefore not 
included in the optimization. An overview of the fixed parameters is 
shown in Table 3.

As a result, adsorption duration and desorption duration are selected 
as the key dynamically adjustable variables for optimization in response 
to weather variability. This focused scope enables a computationally 
efficient yet physically meaningful evaluation of dynamic operation 
strategies.

The adsorption time is influenced by weather conditions, as these 
determine the adsorption equilibrium and thus the time required to 
achieve a target CO2 loading. The desorption time, in contrast, is 

governed by both the adsorption and desorption equilibrium, making its 
optimization equally relevant. To prevent unrealistic desorption times 
driven by the purely energy-minimizing objective and the adiabatic 
assumption in the model, an operational cut-off criterion is defined for 
terminating the desorption step. The cut-off is based on the residual CO2 
loading inside the adsorbent. Specifically, the desorption step ends once 
the molar flow of CO2 in the product stream falls below 1e-6 mol s− 1. 
Sensitivity checks showed that this threshold corresponds to a final 
solid-phase loading of approximately 5–10 % of the minimum achiev
able loading at the given desorption conditions, i.e., a regeneration 
degree of about 90–95 %. Below this point, the desorption becomes 
increasingly slow, and further CO2 removal yields diminishing energetic 
benefit. This stopping condition therefore ensures that the optimization 
explores only technically meaningful desorption durations while still 
capturing the dominant regeneration behavior relevant to practical DAC 
operation.

3.8. Process optimization

To enable automated parametric studies and optimization, the 
simulation was coupled to MATLAB R2024a [45] following the 
approach of Hamedi et al. [46]. This setup establishes a live connection 
between MATLAB and Aspen Adsorption, allowing MATLAB to start, 
stop, reset, and manipulate the simulation by adjusting defined input 
parameters. Output variables are extracted after each run, making it 
possible to implement an automated optimization loop that significantly 
reduces manual workload and enables systematic analysis of varying 
ambient and operational conditions. The employed MATLAB scripts are 
provided in section 4.3 in the SI.

Table 6 
Comparison of static and dynamic process operation of TVSA-based DAC process. The regions correspond to the first administrative level in each country, e.g., federal 
states. USA.19_1 is Louisiana, DEU.8_1 is Mecklenburg-Vorpommern, NGA.3_1 is Akwa Ibom and NOR.10_1 is Nordland.

Static operation Dynamic operation Energy savings

Eth Eel Eth Eel Thermal Electrical

​ MWh/tCO2 MWh/tCO2 MWh/tCO2 MWh/tCO2 % %
NGA.3_1 3.835 0.817 3.818 0.760 0.443 6.977
NOR.10_1 3.228 0.613 3.211 0.559 0.527 8.809
USA.19_1 3.316 0.690 3.301 0.650 0.452 5.797
DEU.8_1 3.243 0.639 3.214 0.590 0.894 7.668

Fig. 2. Temperature and relative humidity clusters derived from an analysis of 
hourly-resolved weather data.
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3.8.1. Optimization loops
The optimization was conducted for a total of 22 temperature and 

relative humidity (T-RH) combinations (see Fig. 2). Twenty of these 
combinations are obtained from a probabilistic analysis of globally 
distributed, hourly weather data for the year 2018, resolved at a spatial 
resolution of 0.25◦ x 0.25◦ [47]. The dataset was clustered using a k- 
means algorithm, and the resulting combinations correspond to the 
respective cluster centers (see section 3.3 in the SI). For this study, 
temperatures below − 10 ◦C are excluded as the employed thermody
namic model is not validated for this temperature range. In addition to 
these twenty points, we add two points to the bottom-left and top-right 
sections of the diagram to include extreme conditions. All combinations 
are listed in Table 5.

The selection of representative ambient conditions was intended to 
ensure that the optimization outcomes reflect atmospheric states 
frequently encountered worldwide, thereby increasing the practical 
relevance of the findings for real TVSA operation. Since many locations 
transition between different T-RH combinations on daily or seasonal 
timescales, the process model is designed to dynamically adjust its 
operating point in response to such variability. This results in corre
sponding changes in adsorption and desorption durations to maintain 
energy-efficient operation under fluctuating climatic conditions.

For each optimization loop, the adsorption duration is varied across a 
predefined range. The simulation is initiated with an adsorption time of 
25 min (20 min for clusters 10, 11, and 22) and subsequently increased 
in 1-minute increments up to 60 min. This yields 36 iterations per cluster 
(41 iterations for clusters 10, 11, and 22). For each iteration, the pre
defined KPIs are stored. After completion, the data is analyzed to iden
tify the operating point yielding the lowest total specific energy demand 
(Etot), which defines the optimal adsorption and desorption durations for 
the respective cluster.

The first cycle of each simulation primarily reflects the imposed 
initial conditions rather than weather-dependent behavior and is 
therefore excluded from evaluation. Cyclic steady state is reached after 
the second cycle. Consequently, three full cycles are simulated for each 
iteration, and only results from the final cycle are retained for further 
analysis.

3.8.2. Post-processing of the optimization data
While the optimization was initially performed for 22 representative 

T-RH clusters, real-world weather conditions vary continuously and do 
not necessarily coincide with the cluster centers. To ensure applicability 
across the full range of relevant atmospheric states, an extended simu
lation campaign was conducted. A total of 140 T-RH combinations were 
defined by discretizing the operating domain into increments of 10 ◦C 
(− 10 ◦C to 50 ◦C) and 5 % RH (5 % to 100 %).

For each of the 22 optimized operating points (adsorption and 
desorption durations), the process model was simulated over all 140 
T–RH combinations while keeping the cycle parameters fixed. This 
resulted in 22 datasets, hereafter referred to as screening plots, each 

describing the specific energy demand over the full climatic domain for 
a single operating strategy (see Fig. 3).

The optimal operating strategy for each T-RH combination was then 
determined by comparing the total specific energy demand across all 
screening plots and selecting the configuration with the lowest value. By 
assigning each T-RH condition to its most energy-efficient operating 
point, a final combined map, referred to as the comprised plot, was 
constructed. This plot consolidates performance data from all screening 
plots and indicates the most favorable operating strategy across the full 
climatic domain. In addition to total specific energy demand, all other 
KPIs were stored, enabling the construction of corresponding comprised 
plots for different performance metrics.

3.9. Techno-economic assessment

Utilizing the comprised KPIs, a techno-economic assessment (TEA) is 
conducted to evaluate the impact of weather conditions on DAC costs. 
The TEA considers four exemplary regions in the US (Louisiana), Ger
many (Mecklenburg-Vorpommern), Norway (Nordland), and Nigeria 
(Akwa Ibom). These are chosen to reflect a broad range of climatic 
conditions and to ensure relevance through available infrastructure. The 
inclusion of the US site is further supported by ongoing DAC project 
developments [48]. To incorporate the influence of weather conditions, 
the derived weather-dependent DAC KPIs are combined with hourly 
resolved weather data [47] to generate time series data for the specific 
energy demand and the relative productivity of DAC plants in each of the 
considered regions. The weather year 2018 has been selected for this 
assessment, as it represents an average year for renewable energy gen
eration and is commonly used in global studies [49,50]. In the base 
scenario, the DAC model is combined with fixed energy costs of 80 
€/MWhel and 20 €/MWhth and is designed to remove 50 tCO2 annually, 
reflecting the size of a prototype plant. Fixed energy costs were chosen in 
this assessment to highlight the impact weather exclusively has on the 
DAC plant without accounting for variable energy costs.

However, because DAC systems are typically powered by renewable 
energy sources, whose output is strongly influenced by weather condi
tions as well, an additional assessment was conducted in which open- 
field PV (OFPV) systems serve as the sole electricity supply. This is 
particularly relevant as the availability of low-cost renewable energy 
exerts a major influence on the levelized cost of DAC (LCOD) [35]. For 
this purpose, variable PV time series generated using the ETHOS.RESKit 
tool [51] and developed in coordination with the International Energy 
Agency for the Global Hydrogen Review 2024 [49] were employed in 
this study. Further details on the PV generation data can be found in the 
study of Winkler et al. [52]. The general workflow of the TEA is 
described in our previous work [35]. In the PV-only supply scenario, 
battery storage is included, and heat demand can be met either via heat 
pumps or electric heaters. The corresponding techno-economic param
eters are summarized in Table 4.

The LCOD are derived using the ETHOS.FINE [55] framework which 

Fig. 3. Visualization of the processing of the optimization data with (1) showing the derivation of 22 most probable weather clusters, (2) showing the 22 optimal 
adsorption cycles and the resulting screening plots with KPI data for all 140 T-RH combinations and (3) showing the comprised plot including data from all 22 
screening plots maintaining minimal specific energy demand for every T-RH combination.
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optimizes both plant capacity and hourly operation to minimize the total 
annual system cost. Given that this study focuses on a prototype system 
and aims to explore the influence of the environmental conditions, 
higher capital expenditures (CAPEX) have been chosen, which are more 
likely to represent today’s system costs. In the base scenario the CAPEX 
for the DAC plant are assumed to be 3000 €/(tCO2/a), based on [56], 
with fixed annual operational expenditures (OPEX) set at 4 % of the 
CAPEX [57]. The economic lifetime of the system is set at 20 years, with 
a discount rate of 7 % [57]. All currency values are stated in 2024 €. The 
structure of the techno-economic assessment is visualized in Fig. 4.

4. Results and discussion

4.1. Process optimization results

The results of the optimization procedure for each weather combi
nation are summarized in Table 5. The optimal adsorption durations 
range from 24 to 42 min, while optimal desorption durations vary be
tween 58 and 83.5 min. These findings demonstrate that ambient con
ditions strongly influence the required cycle configuration to maintain 
optimal operation. In particular, operation under highly humid condi
tions (>80 %) necessitates extended desorption durations. Nevertheless, 
even with optimized cycle times, the specific energy demand of the 
process remains sensitive to ambient conditions. A detailed assessment 
of the energy demand is provided in the following sections.

4.2. Process analysis and derived KPIs

The contour plots shown in Fig. 5 illustrate the optimized thermal 
and electrical specific energy demand as a function of ambient tem
perature and relative humidity under optimal operation. To fully un
derstand the observed trends, it is important to consider the influences 
of the total energy input (numerator) and the amount of CO2 captured 
(denominator) on the specific energy demand.

A minimum in specific energy demand (2.57 MWh/tCO2) is observed 
at approximately 10 ◦C and 25 % RH in both plots. Under these condi
tions, the developed TVSA process operates with the highest energy 
efficiency, making them the most favorable climatic conditions for DAC 
operation. Away from this optimal operation, the specific energy de
mand increases in all directions due to competing effects of adsorption 
capacity and energy consumption.

At lower temperatures, the CO2 adsorption capacity of the adsorbent 
increases, which also increases the amount of CO2 that can be captured 
per cycle. However, this benefit is offset by an increase in thermal en
ergy demand due to the higher energy required to heat the adsorption 
chamber during desorption. Consequently, the specific energy demand 
rises at very low temperatures. At higher temperatures, the opposite 
trend is observed. The total energy input decreases since less heat is 

required to reach desorption temperatures, but the CO2 adsorption ca
pacity declines, leading to a decreased CO2 output. As a result, the 
specific energy demand increases, despite the lower absolute energy 
input.

At low humidity levels (<20 % relative humidity), less water is 
adsorbed (see Fig. 8) and the beneficial co-adsorption effect of water is 
weakened, reducing CO2 adsorption capacity and therefore increasing 
the specific energy demand. The lower overall CO2 uptake leads to a 
lower denominator in the specific energy equation, increasing its value. 
At higher humidity levels, more water adsorbs, and CO2 adsorption is 
increased due to the co-adsorption effect. However, this enhancement is 
counteracted by the increased energy demand needed to evaporate and 
remove the co-adsorbed water during desorption. This additional energy 
input increases the overall specific energy demand in humid conditions. 
This effect is especially prominent at higher temperatures (>30 ◦C) and 
higher relative humidities (> 90 %).

For validation, the predicted energy demand trends were compared 
to the contour results derived from data reported by Sendi et al. [17], 
who evaluated a weather-dependent DAC process using the same 
adsorbent material. As shown in Fig. 6 and Fig. 7, both studies exhibit 
consistent qualitative sensitivities with respect to temperature and hu
midity. Minor quantitative deviations are expected due to the different 
desorption heat supply (TVSA vs. S-TVSA) and optimization objectives. 
Importantly, the location and magnitude of the optimal operating region 
(≈10–15 ◦C and 20–30 % RH) are closely aligned. This agreement 
confirms that the developed model reliably captures the climatic per
formance trends of amine-based DAC systems.

Sendi et al. present even lower and narrower energy demand values 
(1.5–4 MWh/tCO2), which can be attributed to their use of a S-TVSA 
process [17]. Steam reduces the CO2 partial pressure during desorption, 
enhancing working capacity and reducing energy input. In our study, a 
dry TVSA process was selected to avoid additional complexity related to 
steam–adsorbent interactions. As a result, the effect of warm and dry 
ambient conditions is more pronounced in our simulations: the specific 
energy demand increases drastically as temperature further increases 
and humidity decreases. This behavior is driven by the low CO2 pro
duction rates shown in Fig. 5. Elevated temperatures and the absence of 
co-adsorbed water reduce CO2 uptake, leading to the lowest CO2 pro
ductivity at 50 ◦C and 5 % RH. To operate a TVSA DAC process under 
such conditions, more stringent desorption conditions, i.e., lower vac
uum pressures and/or higher desorption temperatures, are required to 
achieve sufficient CO2 working capacity. Alternatively, a S-TVSA pro
cess may be employed.

Wiegner et al., who optimized for productivity rather than energy 
efficiency and used a different adsorbent material, report overall specific 
energy demands between 1 and 9 MWh/tCO2 with a dominant depen
dence on temperature and little influence of relative humidity, except 
under very dry or very humid conditions [18]. In contrast, results of this 

Fig. 4. Structure of the techno-economic assessment highlighting the input data as well as the resulting outputs. The ETHOS.FINE framework is utilized for the 
optimization [55,58] and all assumptions are stated in the previous chapter.
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study show a stronger and more consistent effect of humidity, particu
larly between 0–20 ◦C and 50–75 % RH, where temperature has little 
impact, but humidity significantly affects thermal energy demand. The 
absence of a co-adsorption model in the study by Wiegner et al. leads to 
an underestimation of humidity effects. Additional discrepancies are 
rooted in different optimization objectives and modeling assumptions.

Fig. 8 presents the relative productivity (A) and the water co- 
adsorption ratio (B) of the optimized operating points as a function of 
ambient temperature and relative humidity. The relative productivity is 
defined as the ratio of the CO2 productivity of a given optimized oper
ating point to the reference productivity at Cluster 1 (20 ◦C and 50 % 
RH), which is 0.0595 kgCO2/day.

A maximum in productivity is observed at approximately 5 ◦C and 
70 % RH. This peak can be attributed to the favorable CO2 adsorption 
conditions at low temperatures and high humidity, which enhance the 

adsorption capacity of the employed adsorbent material. However, a 
decline in productivity is observed at very high humidity levels. While 
moderate humidity levels enhance CO2 adsorption, excessive moisture 
can lead to excessive water adsorption, which must later be desorbed, 
thereby reducing the overall CO2 productivity of the process. This is 
consistent with the trends seen in the specific energy demand (see 
Fig. 5), where high-humidity conditions require additional thermal en
ergy input for water removal.

Nonetheless, the co-adsorbed water should not solely be viewed as an 
energetic burden. In arid regions, the water recovered during desorption 
may represent a valuable by-product of DAC operation. This water could 
be reused on-site, for example in downstream CO2 conversion processes 
[59,60] or for conditioning geological sequestration streams [61,62], 
potentially improving the overall economic viability of the plant. To 
date, temperature- and humidity-dependent water co-adsorption data 

Fig. 5. Comprised plot of the specific thermal and electrical energy demand considering optimized operation mode.

Fig. 6. Comparison of the specific thermal energy demand of this work and the study of Sendi at al.
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are only sparsely reported in literature. Therefore, the results presented 
in Fig. 8(B) offer a valuable foundation for further analyses on integrated 
water and carbon recovery from ambient air.

The identified productivity trends (see Fig. 8(A)) partly align with 
the findings of both Sendi et al. [17] and Wiegner et al. [18], who also 
report maximum CO2 productivity under cold and moderately humid 
ambient conditions. In all three studies, such conditions are associated 

with enhanced CO2 adsorption capacity and favorable process perfor
mance. In the present study, a nonlinear interaction between ambient 
temperature and relative humidity is observed. Sendi et al. [17], report 
similar productivity trends to those found here, likely due to the use of 
the same adsorbent material. In addition, the present study considers a 
broader range of ambient conditions (− 10 ◦C to 50 ◦C and 5 % to 100 % 
RH) and applies a high-resolution parametric analysis over 140 distinct 

Fig. 7. Comparison of the specific electrical energy demand of this work and the study of Sendi at al.

Fig. 8. Influence of weather on relative productivity (A) and water co-adsorption ratio (B).
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operating points. In contrast, the results presented by Wiegner et al. [18]
suggest that productivity is predominantly influenced by temperature, 
with a comparatively limited sensitivity to humidity. Again, this is 
consistent with the fact that their model does not include an explicit co- 
adsorption formulation, which is expected to lead to an underestimation 
of humidity effects.

In summary, the analysis confirms that moderate ambient tempera
tures and relative humidity levels lead to the most favorable perfor
mance of a TVSA-based DAC process, both in terms of specific energy 
demand and CO2-productivity. These dependencies are primarily driven 
by the thermodynamic effects of CO2-H2O co-adsorption, which signif
icantly influence working capacity and energy requirements. The results 
underline the importance of considering local climate conditions and 
detailed co-adsorption behavior in the design and operation of DAC 
systems.

4.3. Process-informed evaluation of a dynamic operation strategies for 
DAC systems

To evaluate the potential benefits of a dynamic operating strategy, a 
hypothetical DAC plant is simulated under hourly-resolved weather 
conditions at four different locations in: Nigeria, Norway, the US, and 
Germany. Details of the weather data are provided in section 3.3 in the 
SI. The aim of the dynamic operation is to continuously adjust relevant 
process parameters in response to ambient temperature and relative 
humidity, thereby maintaining an optimal operating point on an hourly 
basis.

For the static operating strategy, a single set of process conditions, i. 
e., fixed adsorption and desorption durations, is applied throughout the 
entire year. In this case, the process configuration of cluster 1 is chosen 
(see Table 5). In contrast, the dynamic operation strategy employs the 
comprised plot, i.e., the optimal cluster in each operation point (see 
Fig. 5). For both strategies, the hourly energy demand is determined and 
subsequently averaged over the full year to derive the annual mean 
specific energy demand for each location. This enables a quantitative 
comparison of the specific energy requirements associated with static 
versus dynamic operation.

Additionally, two further strategies are evaluated: Day-night cycles 
as well as seasonal cycles. For the day-night strategy, the DAC plant 
adjusts its process parameters twice per day, at 8 am for the day cycle 
and at 8 pm for the night cycle. To determine the corresponding oper
ating conditions, the average weather parameters for daytime (8 am to 7 
pm) and nighttime (8 pm to 7 am) are computed, and the nearest cluster 
is selected as the operating state. This approach could be implemented in 
practice using short-term weather forecasts and requires less control 
effort than hourly adaptation. The third adaptation strategy applies 
seasonal cycles, in which operating conditions are adjusted only twice 
per year − once for summer (April to September) and once for winter 
(October to March) − based on the average weather conditions of each 
season.

The results of the static and dynamic operation comparison across 
the different locations are summarized in Table 6, while Table 7 shows 
the results of the day-night cycle strategy and Table 8 highlights the 
results of the seasonal cycles. The potential thermal energy savings are 

highest for the hourly adjusted dynamic operation, ranging from 0.443 
% in Nigeria to 0.894 % in Germany. In contrast, the electrical energy 
savings are larger, varying between 5.797 % (United States) and 8.809 
% (Norway). These findings indicate that dynamic operation primarily 
influences electrical energy consumption, whereas the reduction in 
thermal energy demand remains comparatively minor across all loca
tions. Despite the relatively large percentage reduction in electrical 
energy demand, its contribution to the total energy balance remains 
smaller than that of thermal energy. As a result, the maximum total 
energy savings, observed in Germany, reach only approximately 2 %. 
This indicates that the advantages of dynamically adjusting operating 
conditions in response to hourly weather fluctuations are relatively 
limited. Considering these modest benefits, together with the require
ment for a more sophisticated control strategy, it appears unlikely that 
fully dynamic operation would be economically or practically justified 
in most applications.

However, the results for the day–night and seasonal cycles demon
strate that less frequent adjustments of the operating conditions can 
achieve savings comparable to those of fully dynamic operation. In 
particular, the electricity savings obtained with the day–night strategy 
are similar to those reached under hourly dynamic operation (cf. 
Table 6), indicating that meaningful improvements can be realized 
without the need for continuously adjusted operating parameters. 
Moreover, the seasonally adjusted strategy, where operational param
eters are updated only twice per year, also exhibits noteworthy potential 
for energy savings. These findings suggest that an optimized selection of 
operating cycles, tailored to regional climate characteristics, can yield 
relevant energy reductions. At the same time, they indicate that highly 
sophisticated strategies requiring continuous, weather-driven adjust
ments are neither necessary nor likely to be economically feasible.

4.4. Techno-economic assessment

The results of the TEA are presented in Table 9. It is evident that 
LCOD are significantly influenced by regional weather conditions, with 
values ranging from 496 €/tCO2 in Germany to 568 €/tCO2 in Nigeria. 
Given that fixed energy costs were assumed across all regions in the base 

Table 7 
Energy demand of the day-night cycle operation strategy as well as energy 
savings compared to static operation.

Day-Night Cycles Energy Savings

Eth Eel Thermal Electrical

​ MWh/tCO2 MWh/tCO2 % %
NGA.3_1 3.820 0.761 0.391 6.854
NOR.10_1 3.214 0.559 0.434 8.809
USA.19_1 3.302 0.656 0.422 4.928
DEU.8_1 3.216 0.592 0.833 7.355

Table 8 
Energy demand of the seasonal cycle operation strategy as well as energy savings 
compared to static operation.

Seasonal Cycles Energy savings

Eth Eel Thermal Electrical

​ MWh/tCO2 MWh/tCO2 % %
NGA.3_1 3.820 0.776 0.391 5.018
NOR.10_1 3.220 0.560 0.248 8.646
USA.19_1 3.309 0.671 0.211 2.754
DEU.8_1 3.224 0.596 0.586 6.729

Table 9 
Results of the techno-economic assessment for the four regions considered. The 
regions correspond to the first administrative level in each country, e.g., federal 
states. USA.19_1 is Louisiana, DEU.8_1 is Mecklenburg-Vorpommern, NGA.3_1 is 
Akwa Ibom and NOR.10_1 is Nordland.

USA.19_1 DEU.8_1 NGA.3_1 NOR.10_1

LCOD [€/tCO2] 523 496 568 517
Installed Nominal DAC Capacity 

[tCO2/a]
50.2 47.7 53.3 50.5

Average Electricity Demand 
[MWhel/tCO2]

0.72 0.67 0.85 0.64

Average Heat Demand [MWhth/ 
tCO2]

3.38 3.31 4.00 3.31

Average Water Co-Adsorption 
[tH2O/tCO2]

2.74 2.49 3.59 2.34

Average Relative Productivity 
[-]

1.03 1.09 0.99 1.03
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scenario, these variations arise solely from differences in energy demand 
and relative productivity, both of which are imposed by local weather 
conditions. For instance, the average specific electricity demand is 0.67 
MWhel/tCO2 in Germany while it is 0.85 MWhel/tCO2 in Nigeria. This 
discrepancy is attributed to Nigeria’s hotter and more humid climate, 
which creates less favorable operating conditions for DAC (see Fig. 5). 
However, the difference in energy demand alone does not fully explain 
the observed cost variation. When comparing Germany and Nigeria, the 
increased energy demand accounts for only 28 €/tCO2 of the cost dif
ference. The remaining discrepancy arises from differences in relative 
productivity, which directly influence the required nominal DAC ca
pacity. Specifically, in Germany, 5.6 tCO2/a less nominal capacity is 
required compared to Nigeria, leading to reduced capital cost and fixed 
OPEX in total contributing 45 €/tCO2 in cost savings. These findings 
highlight that relative productivity is the primary driver of regional 
LCOD variations for adsorption-based DAC. Consequently, solid sorbent 
DAC deployment should be prioritized in regions characterized by lower 
temperatures and moderate relative humidity, as these conditions 
enhance productivity and reduce costs (see Fig. 8). Additionally, lower 
specific energy demand is generally found in these regions.

To assess the impact of the different parameters on the LCOD, a 
sensitivity analysis was conducted. CAPEX, levelized cost of electricity 
(LCOE), and levelized cost of heat (LCOH) were varied by ± 50 %, 
evaluating their influence on LCOD across all four regions. The results of 
this sensitivity analysis are presented in Fig. 9.

The results indicate that specific CAPEX have the most substantial 
impact on LCOD. The magnitude of this effect varies by region, with 
Nigeria exhibiting the highest sensitivity, where LCOD changes by ±
215 €/tCO2, while Germany experiences the lowest variation at ± 192 
€/tCO2. This discrepancy is explained by Germany’s higher relative 
productivity, which reduces the required nominal DAC capacity and, 
consequently, reduces the influence of CAPEX fluctuations on overall 
costs. In contrast, variations in the LCOH and LCOE have a compara
tively small impact on LCOD. In the US, for instance, changes in LCOH 
and LCOE result in cost variations of ± 33 €/tCO2 and ± 26 €/tCO2, 
respectively. Although LCOH are significantly lower than LCOE, changes 
in LCOH exert a greater influence due to the higher quantity of heat 
required for DAC operation. This analysis underscores the significant 

role of weather conditions in determining CO2 removal costs via DAC, 
primarily due to their impact on plant productivity. In regions with 
lower productivity, larger DAC systems are required to achieve the same 
CO2 removal targets, leading to increased costs. While CAPEX remain 
the dominant cost driver, regional energy demand is also a non- 
negligible factor. This effect is expected to become even more pro
nounced when DAC plants are integrated into renewable-based energy 
systems, where the variability of energy supply intersects with the time- 
dependent energy demand of DAC operations.

To evaluate the influence of variable renewable energy supply, an 
additional TEA is conducted in which power is exclusively supplied by 
OFPV panels. The resulting LCOD as well as the installed DAC, OFPV and 
battery capacities are detailed in Table 10. Compared with the scenario 
employing fixed energy prices and a constant energy supply, the LCOD 
increase substantially, reaching values between approximately 1000 
and 1500 €/tCO2. Across all regions, the energy system − comprising 
OFPV, batteries, heat pumps, and electric heaters − accounts for roughly 
half of the total cost, while the remaining half is attributed to the DAC 
plant itself. This underscores the significant cost implications associated 
with the intermittency of renewable energy. The primary reason lies in 
the high CAPEX of the DAC unit, which requires high utilization to 
achieve low LCOD. Maintaining such utilization under variable PV 
supply necessitates substantial battery storage to bridge periods of low 
or absent generation. Moreover, larger DAC system capacities emerge as 
part of a trade-off between the cost of oversizing the DAC unit and the 
cost of building a more extensive energy supply system. The availability 
of favorable PV conditions constitutes an additional cost driver. This 
becomes evident when comparing the required OFPV capacities: in 

Fig. 9. Evaluation of the sensitivity analysis performed for four different regions.

Table 10 
Results of the TEA based on power supply from OFPV.

USA.19_1 DEU.8_1 NGA.3_1 NOR.10_1

LCOD [€/tCO2] 998 1192 1108 1501
Installed Nominal DAC Capacity 

[tCO2/a]
62 75.6 60.4 94.1

Installed OFPV Capacity [kW] 87.1 112.1 116 160.3
Installed Battery Capacity 

[kWh]
217.8 223.4 257.8 233.9
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northern Norway, the installed PV capacity is nearly twice that required 
in the southern United States, resulting in correspondingly higher sys
tem costs.

Since CAPEX of the DAC unit were identified as the dominant factor 
in the base scenario, the sensitivity analysis and the assessment of the 
PV-coupled system, an additional analysis was conducted to evaluate 
LCOD values across varying CAPEX levels, geographic regions, and en
ergy cost scenarios. The results are compared to CAPEX projections re
ported in the literature [31]. The results are visualized in Fig. 10. It is 
evident that long-term CAPEX projections can result in different LCOD 
spanning a range of approximately 90 to 300 €/tCO2 depending on the 
energy cost and region. While future LCOD below 200 €/tCO2 are likely, 
LCOD of less than 100 €/tCO2 would require either extremely low energy 
cost or significant advances in DAC technology to lower energy re
quirements. At lower CAPEX, energy demand and cost dominate the 
resulting LCOD and oversizing of the DAC unit to shift DAC operation to 
times of lower energy demand becomes economically feasible. However, 
these effects are only observed at CAPEX below 300 €/(tCO2/a) (see SI, 
Fig. 1).

5. Conclusion and outlook

5.1. Key findings

This study presents a detailed TVSA DAC process model that in
tegrates an experimentally validated co-adsorption model for a 
commercially available sorbent with real-world weather data. The 
analysis reveals a strong dependence of DAC performance on ambient 
temperature and humidity, with optimal operation observed around 
10 ◦C and 25 % RH. Both specific energy demand and CO2 productivity 
exhibit non-linear variations with climatic conditions, reflecting the 
competing influences of co-adsorption enhancement and thermal 
regeneration requirements.

To evaluate the potential energy savings from dynamically adjusting 
operating conditions (e.g., cycle times), different operation strategies 
were compared. Fully dynamic operation can reduce the total specific 
energy demand by up to ~ 2 %, primarily through reductions in elec
trical energy consumption (5.8 to 8.8 %). Notably, most of these savings 
can be achieved using simplified strategies, such as seasonal or day–
night adjustments, which realize similar performance gains to fully 
dynamic hourly control. These findings indicate that weather-adaptive 
operation is advantageous, but continuous real-time adjustments are 
not necessary to unlock most of the potential improvements.

Integrating the results of the developed process model into a techno- 
economic assessment indicates that productivity is the primary driver of 

capture costs, reflecting the strong impact of capital expenditures. 
Achieving LCOD values below 200 €/tCO2 appears realistic in future 
deployments, whereas reaching values below 100 €/tCO2 will likely 
require substantial process improvements or access to very low-cost 
electricity and heat.

5.2. Limitations

Several simplifying assumptions guide the interpretation of the ab
solute values. The adsorption column was modeled under adiabatic 
conditions with constant thermal properties, while real systems may 
exhibit some heat losses and non-uniform heat transfer. Intraparticle 
mass transfer was described using an LDF formulation, which captures 
overall kinetics but does not explicitly resolve pore-scale diffusion of 
CO2 and H2O. The reactor geometry reflects a laboratory-scale design; 
scaling to larger systems may introduce radial gradients, changes in 
pressure drop, or different heat-exchange configurations. Finally, dy
namic operation was assumed to be adjustable at an hourly resolution, a 
scenario more readily applicable to stand-alone units than to modular 
systems with staggered cycles.

5.3. Implications and future work

From an operational perspective, the limited total-energy savings 
achieved by fully dynamic operation suggest that simplified adaptive 
strategies, such as seasonal or day–night switching, may provide a 
favorable balance between performance gains and control complexity. 
This has practical significance for early deployments where operational 
robustness and cost control are priorities. For policymakers and project 
developers, the results emphasize the importance of selecting deploy
ment regions with favorable climate conditions and focusing innovative 
efforts on improving sorbent productivity and reducing capital costs. 
Future research should incorporate non-adiabatic column behavior, 
scale-dependent design features such as internal heat exchange, and 
further dynamic interactions with intermittent renewable energy sys
tems. Although the present study focused on dynamic operation strate
gies aimed at reducing energy demand, expanding the objective function 
to jointly consider productivity and techno-economics may yield oper
ating strategies better aligned with deployment needs. While this was 
beyond the scope of the current work, the integrated modeling frame
work developed here provides a foundation for such analyses and sup
ports the advancement of weather-adapted DAC operation across 
diverse global locations.

Fig. 10. Detailed analysis of the CAPEX variation and the resulting LCOD under different energy cost assumptions. The indicated grey area corresponds to long-term 
CAPEX estimations from a previous literature review [31].
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