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A B S T R A C T

Direct Air Capture (DAC) is a promising negative emission technology with the potential to remove excess CO2 
from the atmosphere. The levelized cost of solid sorbent (S-DAC) and liquid solvent DAC (L-DAC) is highly 
region-specific, driven by variability in weather conditions and renewable energy potential. This necessitates a 
holistic, global assessment that combines these two technologies with the highest technology readiness levels to 
identify cost-optimal locations for DAC deployment. Here, we identified optimal locations for S-DAC and L-DAC 
using an hourly cost optimization model that incorporates weather-driven performance and region-specific solar, 
wind, and geothermal energy resources under fully electric and hybrid energy configurations, where hybrid 
systems combine electric and direct renewable heat. We show that DAC deployment is cost-optimal in regions 
combining low renewable energy costs with favorable weather conditions, with S-DAC favored in Australia, 
Iceland, Mexico, and parts of Asia, and L-DAC in much of South America and Sub-Saharan Africa. The energy 
configuration strongly influences costs, with hybrid systems resulting in lower global levelized costs of DAC in 
2050 ranging from 160 to 1720 €/tCO2, with a median of 271 €/tCO2. Our study further reveals that DAC can 
achieve a deployment level of 2 GtCO2/a at costs below 195 €/tCO2 in cost-optimal regions. At the same time, 
substantial uncertainty remains in future cost estimates, with global median values ranging from 144 to 392 
€/tCO2 depending on underlying techno-economic assumptions. These results emphasize the importance of 
holistic, region-specific assessment to guide strategic and cost-effective global DAC deployment, aligned with the 
cost-efficiency principles in Article 6 of the Paris Agreement.

1. Introduction

Global CO2 emissions currently amount to approximately 37 GtCO2 
per year and are projected to rise to over 50 GtCO2 by 2050 under the 
existing climate protection measures, even with continued deployment 
of renewable energy technologies (IPCC, 2022; Beuttler et al., 2019; Wei 
et al., 2025). Such emission trajectories are incompatible with limiting 
global warming to 1.5 – 2 ◦C, as outlined in the Paris Agreement. 
Achieving these targets will require both substantial emissions re
ductions through conventional mitigation measures, such as energy ef
ficiency improvements, electrification, and fuel switching, and the 
large-scale deployment of carbon dioxide removal (CDR) to address 
residual and hard-to-abate emissions. Total CDR deployment is pro
jected to reach approximately 6 – 10 GtCO2 per year by 2050 (Smith 
et al., 2024). Among the available CDR options, Direct Air Capture 
and Storage (DACS), which involves capturing CO2 directly from the 

ambient air and permanently storing it, is considered a promising 
pathway due to its scalability, relative ease of monitoring the amount of 
captured and stored CO2, and long-term storage durability (Smith et al., 
2024; Küng et al., 2023). Within this context, Direct Air Capture (DAC) 
refers specifically to the CO2 capture step and represents the core 
technological component as well as the main cost driver of DACS, 
making it the primary focus of this study. DACS is expected to contribute 
approximately 0.5 – 5 GtCO2 in 2050 (IPCC, 2022; IEA, 2022; Fuss et al., 
2018). However, existing DAC plants have a combined operational ca
pacity of around 40 ktCO2 per year (Van Der Spek et al., 2025), high
lighting the substantial scale-up required to realize this potential.

High levelized costs of CO2 removal stemming from high energy 
consumption, substantial sorbent costs, and significant capital expenses 
are currently the main limiting factors for large-scale DAC deployment 
(Küng et al., 2023; IEA, 2022). These costs are highly sensitive to local 
weather conditions, as well as electricity and heating costs. Air 
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temperature and relative humidity influence DAC productivity as well as 
energy consumption, and, in the case of liquid solvent systems, water 
consumption, thereby influencing the levelized DAC cost (An et al., 
2022; Sendi et al., 2022; Shorey and Abdulla, 2024; Terlouw et al., 
2024). In turn, local renewable energy potentials, such as the avail
ability of low-cost solar PV or geothermal heat, also play a crucial role in 
cost reduction, given the high energy consumption of DAC technologies 
(Krull et al., 2025). For instance, capturing 1 GtCO2 using a fully elec
trified amine-functionalized solid sorbent process would consume 1450 
– 2560 TWhel, depending on the prevailing weather conditions (Sendi 
et al., 2024). This energy consumption represents 5.4 – 9.5% of the 
world's electricity consumption in 2023 (U.S. Energy Information 
Administration, 2025). Therefore, identifying locations where DAC 
can be deployed at the lowest cost – by combining favorable weather 
conditions with low-cost renewable energy sources – is essential for 
enabling cost-effective large-scale deployment.

In addition, cost-effective deployment requires selecting the DAC 
technology best suited to local weather conditions and available energy 
resources. At the moment, the two DAC technologies with the highest 
Technology Readiness Level are liquid solvent (L-DAC) and solid sorbent 
DAC (S-DAC) (IEA, 2025). L-DAC systems employing an aqueous alkali 
hydroxide solution in a calcium looping cycle for CO₂ capture maintain 
high capture efficiencies and lower energy requirements in hot, humid 
climates, but are prone to freezing at sub-zero conditions, potentially 
limiting operation to warmer regions or seasons (An et al., 2022; Shorey 
and Abdulla, 2024; Holmes and Keith, 2012; McQueen et al., 2021). By 
contrast, amine-functionalized S-DAC systems perform well in cold, 
moderately humid conditions where adsorption kinetics remain favor
able and freezing risks are minimal (Sendi et al., 2022; Jajjawi et al., 
2026). This climate-technology matching suggests that L-DAC may be 
more competitive in tropical regions while S-DAC holds advantages in 
colder climates, motivating our comparative geospatial cost assessment.

Existing studies have performed cost assessments for Mt- to Gt-scale 
DAC systems (Young et al., 2023; Sievert et al., 2024; IEAGHG, 2021; 
Keith et al., 2018). However, they have limited temporal and spatial 
coverage, ignoring the variability in weather conditions and renewable 
energy potential. Additionally, other studies focus on a single DAC 
technology, thereby eliminating the opportunity for DAC cost compar
ison across different regions (Terlouw et al., 2024; Sendi et al., 2024). 
Hence, a comprehensive global evaluation combining both technologies 
remains absent, with existing joint analyses restricted to single countries 
(Wenzel et al., 2025; Boerst et al., 2024). With L-DAC and S-DAC at the 
forefront of DAC development, it is crucial to evaluate how weather and 
renewable energy potential influence global DAC deployment, identi
fying cost-effective locations. Hence, the main research questions this 
study seeks to answer are: (1) How do region-specific weather conditions 
and renewable potentials shape the spatial variation in the levelized cost of 
DAC? and (2) Which combination of regions offers the lowest-cost pathway 
to achieve a global gigaton-scale DAC capacity in 2050?

Our study presents the first global comparison of L-DAC and S-DAC, 
providing insights into the strategic deployment of DAC in 2050 by 
prioritizing regions with suitable weather conditions and accessible low- 
carbon electricity and heat sources. We use the year 2050 as a reference 
point, as it aligns with most global net-zero targets and represents a 
stage at which DAC technologies are expected to have matured, 
benefiting from technological learning, large-scale deployment, and 
reduced capital costs. Building upon previous research, we simulate the 
hourly performance of an amine-functionalized adsorption process and 
an electrified liquid solvent process by utilizing process-based data (An 
et al., 2022; Sendi et al., 2022; McQueen et al., 2021). We develop a 
techno-economic optimization model that incorporates region-averaged 
weather-dependent hourly performance data for DAC with 
region-specific renewable potential and detailed techno-economic pa
rameters. This model calculates the levelized cost of DAC (LCOD) for 
fully electrified and hybrid heat supply options across 3827 subnational 
regions globally. Our study provides these contributions to the literature 

on DAC techno-economics: 

• Covers L-DAC and S-DAC technologies, explicitly accounting for 
documented process-level responses to temperature and humidity 
within data-supported operating ranges.

• Produces spatially explicit global maps of DAC cost and deployment 
potential, enabling direct comparison of regional feasibility under 
fully renewable operation.

• Identifies cost-effective, technology-specific regions capable of sup
porting gigaton-scale CO₂ capture, providing actionable guidance for 
strategic global DAC deployment.

By coupling weather-dependent DAC performance with geographi
cally resolved renewable energy systems and water costs, the analysis 
moves beyond site-agnostic or static cost estimates and provides a 
consistent global benchmark for strategic gigaton-scale capture by 2050. 
In light of emerging international carbon market mechanisms under 
Article 6 of the Paris Agreement and ongoing discussions about inte
grating DAC credits into systems such as the EU ETS (UNFCCC, 2015), 
this global assessment contributes to the policy debate by identifying 
cost-effective regions for potential cross-border deployment and credit 
generation. This paper is organized as follows: Section 2 details our 
methodology, including weather and DAC performance data processing, 
techno-economic data acquisition, and global renewable energy poten
tial. Section 3 presents the results, including global techno-economic 
DAC potential, merit order plot and cost sensitivity, followed by dis
cussions and conclusions in Section 4.

2. Methods

This study models the global potential of the L-DAC and S-DAC, 
evaluating the levelized costs across regions to identify the key cost 
drivers and cost-efficient technology pathways. For our analysis, we 
apply the ETHOS.FINE energy system modeling framework (Fig. 1) 
(Klütz et al., 2025), which integrates energy sources, conversion, and 
storage with a detailed DAC module whose hourly productivity and 
energy demand constraints shape the model behavior. We conduct a 
merit-order analysis to identify the most economically viable regions 
using a mid-range estimate of 2 GtCO₂, within the projected global DACS 
deployment range of 0.5 – 5 GtCO₂ in 2050 (IPCC, 2022; IEA, 2022; Fuss 
et al., 2018). To account for the uncertainty of the future evolution of 
DAC technologies and their associated energy demand, we present three 
cost scenarios: optimistic, baseline, and pessimistic. These scenarios 
capture a plausible range of techno-economic outcomes based on pro
jected learning rates and system integration maturity. This approach 
enables assessment of the robustness of DAC performance and cost 
across contrasting development pathways and highlights the sensitivity 
of large-scale deployment to technological and systemic uncertainties.

The integrated model first calculates the maximum technical DAC 
potential in a region based on the availability of renewable energy re
sources. The estimation of technical DAC potential is constrained by 
land availability for renewable energy deployment. The underlying 
renewable energy potential datasets implicitly incorporate land-use 
exclusions, including areas such as settlements, infrastructure, water 
bodies, protected areas, and forests. These criteria encompass a large 
number of parameters. For instance, the geothermal potential used in 
this study assumes a minimum distance of 300 m to settlements due to 
noise constraints and excludes protected areas, regions with high water 
scarcity due to plant water demand, and areas with slopes exceeding 17◦

(Franzmann et al., 2025). A comprehensive description of all criteria can 
be found in the literature from which these potentials are derived 
(Franzmann et al., 2025; Franzmann et al., 2025; IEA, 2024; Winkler 
et al., 2025). In the second step, the model performs cost optimiza
tion, assuming a DAC demand of 1% of its maximum technical potential. 
This fractional demand does not represent an actual deployment level; 
rather, it provides a consistent way to allocate DAC capacity across 
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regions in the absence of established regional DAC deployment targets. 
Selecting a fixed share of each region’s maximum potential ensures 
comparability across regions and avoids imposing arbitrary or exoge
nous regional demand assumptions. The choice of 1% is a modeling 
assumption that functions solely as a scaling factor. Using any similarly 
small fractional share results in comparable spatial cost patterns, as most 
regions operate far below renewable-resource saturation. During opti
mization, the capacity of each component and its operation for 8760 
hours per year are optimized to minimize the total annual system cost 
(TAC). We derive the LCOD for each region by dividing the TAC by the 
sum of captured CO2 mass in each hour of the year, opCO2,t. 

LCOD =
TAC

∑T
t=0opCO2,t

(1) 

2.1. Weather data and DAC performance parameterization

As no reliable, high-resolution global weather dataset is available for 
2050, we use 2018 as a representative reference year. This approach 
aligns with a study by IRENA, which considers 2018 to be broadly 
representative of the 2010 – 2020 period (IRENA, 2022). This period 
was characterized by relatively moderate weather anomalies, making 
2018 suitable for global, comparative assessments of future energy 
systems and weather-dependent technologies. We used hourly weather 
data from ERA5 reanalysis dataset with a spatial resolution of 0.25◦ x 
0.25◦ (C3S, 2018). Since relative humidity data are not directly provided 
by ERA5, we calculated it from dewpoint temperature and air temper
ature using the Sonntag formula (Sonntag, 1990; Wexler, 1976). This 
approach ensured consistency in calculating relative humidity across the 
globe (see Equations 1 – 3 in the Supplementary Information). The 
weather data are spatially clipped to each subnational region. Depend
ing on the size and geometry of the region, this results in one or multiple 
grid cells per region. For each region, the weather variables are aggre
gated by averaging across all intersecting grid cells to yield a single 
representative hourly time series. DAC performance is then evaluated 
using the resulting aggregated time series. While this approach avoids 
biases associated with selecting a single representative grid cell, it also 
smooths spatial variability within each region, which may introduce 
additional uncertainty due to nonlinear relationships between DAC 
performance and ambient conditions.

We used process performance data from previous studies to accu
rately model the influence of temperature and relative humidity con
ditions for an electrified calcination-based L-DAC and a steam-assisted 
temperature vacuum swing adsorption S-DAC (see Section 1 of the 
Supplementary Information) (An et al., 2022; Sendi et al., 2022; McQueen 
et al., 2021). The system boundary of the performance models includes 
CO₂ capture and compression to 150 bar. The performance data are 
derived from process-based models for ambient temperature and rela
tive humidity ranges of 0 – 40 ◦C and 10 – 90 % for L-DAC, and 1 – 50 ◦C 
and 5 – 100 % for S-DAC (An et al., 2022; Sendi et al., 2022). Within 

these ranges, region-specific average hourly temperatures and relative 
humidities are interpolated to estimate the relative productivity, energy 
demand, and water consumption of DAC in each region. Since high air 
temperatures do not hinder L-DAC operation, and due to the lack of data 
above 40 ◦C, we assume constant performance between 40 ◦C and 50 ◦C 
(Brooks et al., 2024; Kucka et al., 2002). This assumption enables the 
model to represent regions with extreme hourly temperatures without 
artificially constraining L-DAC deployment. Furthermore, the modeled 
minimum operating temperatures for L-DAC and S-DAC are set at 0 ◦C 
and − 15 ◦C, respectively. These constraints reflect current process and 
material limitations and ensure realistic operation by excluding periods 
in which capture performance or equipment integrity would be 
compromised.

Although a 1.1 mol/L KOH solution can depress the freezing tem
perature to approximately − 4 ◦C, a minimum operating temperature of 
0 ◦C is maintained for L-DAC, as process data are unavailable at sub-zero 
temperatures (Shorey and Abdulla, 2024; Brooks et al., 2024). S-DAC 
can operate below 0 ◦C, with its device components insulated to with
stand sub-zero temperatures (Jajjawi et al., 2026; Elfving et al., 2017). 
However, process model data on the adsorption capacity and mass 
transfer of the sorbent at sub-zero temperatures remain scarce, with only 
a few recent studies exploring a limited range of conditions (Sendi et al., 
2022; Jajjawi et al., 2026; Cai et al., 2024). This limits the ability to 
validate model performance robustly across the full range of cold cli
mates considered in this work. Therefore, we assume the same perfor
mance below 1 ◦C down to − 15 ◦C. This simplification neglects the 
potential reduction in mass transfer kinetics at lower temperatures, 
which could lead to longer cycle times and reduced productivity, and 
could therefore result in an underestimation of capture costs in cold 
regions (Jajjawi et al., 2026; Spreng et al., 2026). Restricting L-DAC 
operation below 0 ◦C reduces annual operating hours in cold climates. 
However, this effect is regionally limited and does not significantly 
impact global cost trends. Lastly, the relative productivity of both 
technologies is determined by the actual productivity under varying 
weather conditions, divided by the nominal productivity under 
global-average conditions. Relative productivity provides a baseline for 
comparing the productivity of each technology as a function of tem
perature and relative humidity. Further details on the simulation of 
weather-dependent performance data for DAC are described in our 
previous study (Wenzel et al., 2025).

2.2. Global renewable energy potential and configuration

The renewable energy technologies and potentials we considered are 
onshore wind, horizontal single-axis tracking open-field photovoltaics 
(HSAT OFPV), enhanced geothermal systems (EGS) (see (Franzmann 
et al., 2025)), and concentrated solar power (CSP) (see (Franzmann 
et al., 2025)). The wind and HSAT OFPV potential, as well as the 
hourly-resolved supply profiles, are based on analyses conducted in 

Fig. 1. Integrated techno-economic framework for DAC potential assessment.
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cooperation with the International Energy Agency for their Global 
Hydrogen Review 2024 (IEA, 2024; Winkler et al., 2025). The CSP po
tential and hourly generation profiles are based on literature datasets 
using physical models from the National Renewable Energy Laboratory 
and the German Aerospace Center translated into analytical formula
tions, combined with ERA5 weather data and land eligibility constraints 
to generate location-specific time series (Franzmann et al., 2025). 
Further details on the simulation of wind, HSAT OFPV, and CSP are 
available in the Renewable Energy Simulation Toolkit for Python 
(ETHOS.RESkit) (Ryberg, 2019; Winkler et al., 2025). Geothermal po
tentials are derived from a global, site-specific framework combining 
land eligibility, subsurface temperature modeling, and physics-based 
reservoir models such as the Gringarten approach to estimate realistic 
plant output and costs under geological and operational constraints 
(Franzmann et al., 2025). Renewable energy generation is represented 
by using clustered resource profiles, which better preserve temporal 
variability and co-variation in generation patterns within each region. 
These profiles are derived from raw weather data using ETHOS.RESkit 
(Ryberg, 2019; Winkler et al., 2025) at the grid-cell level and then 
aggregated into representative clusters. Three time-series clusters are 
assigned per region for HSAT OFPV, CSP, and EGS, while ten clusters are 
used for onshore wind to reflect its stronger spatial variability. These 
numbers were selected based on recommendations from literature 
(Franzmann et al., 2025), which emphasize the need for 
technology-specific clustering to capture key system interactions while 
maintaining computational tractability. This approach is particularly 
important for variable renewables, as system costs depend on the tem
poral alignment of generation and storage requirements.

We also consider energy conversion components, such as CSP power 
plants, electric heaters, and heat pumps, to facilitate the conversion of 
electricity to heat or vice versa. We model the heat pump by calculating 
an hourly, region-specific coefficient of performance based on the air 
temperature, assuming a second-law efficiency of 50% (Wenzel et al., 
2025). Additionally, our analysis includes energy storage, specifically 

lithium-ion battery storage for electricity, high-temperature thermal 
storage for CSP-based heat supply, and low-temperature thermal storage 
for process heat integration. Furthermore, we assume a generic water 
source with unlimited potential to supply water for L-DAC. We derive an 
average, country-specific levelized cost of water for 2050 based on 
literature (Caldera and Breyer, 2020). Data on the levelized cost of water 
were available for 175 countries. For the remaining countries, we use 
the global average estimate.

Fig. 2 shows the full electric and hybrid energy supply configurations 
defined for DAC. For L-DAC, the thermal energy demand is split between 
the CSP and electric calciner in the hybrid configuration. The CSP is used 
to provide low to intermediate temperature heat, preheating the CaCO3 
stream from ambient conditions to approximately 380 ◦C. The remain
ing high-temperature heat required for calcination is supplied by the 
electric calciner. To quantify the relative contributions of CSP and the 
electric calciner, the sensible heat demand for CaCO3 was divided into 
two temperature intervals: ambient to 380 ◦C for CSP supply and 370 – 
900 ◦C for electric heating. The heat required in each interval was 
estimated using literature values of the average heat capacity of CaCO3 
(Jacobs et al., 1981), and the fractional energy contributions were 
calculated as the ratio of the heat demand in each interval to the total 
sensible heat requirement. This split reflects a simplified representation 
of current CSP integration concepts. Although higher-temperature CSP 
configurations are technically feasible, large-scale deployment is subject 
to increased system complexity and relatively limited commercial 
maturity. Heat recovery within the process is included and cascaded to 
lower-temperature units, such as the steam slaker, consistent with 
conventional process integration strategies (Keith et al., 2018). While 
we consider an electrified calcination for L-DAC, substantial develop
ment is necessary to scale up today’s smaller units for large-scale 
operation for 2050-scale plants (McQueen et al., 2021). A simplified 
process flow diagram and description of the thermal energy split are 
provided in Section 1 and 2 of the Supplementary Information. This en
ergy configuration distinction enables an assessment of how various 

Fig. 2. Definition of energy supply configurations for L-DAC and S-DAC. In the electric configuration, all heat demand is met through electrically driven heating 
technologies (e.g., an electric calciner for L-DAC and a high-temperature heat pump for S-DAC). In the hybrid configuration, renewable heat sources from geothermal 
and CSP are integrated to supply all or part of the thermal demand directly.
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energy supply pathways impact system performance and costs.

2.3. Techno-economic data

We obtained the techno-economic parameters for DAC through a 
systematic literature review, focusing on studies that provided param
eters for 2050 or for a gigaton-scale capture. The parameters obtained 
include capital cost, operating cost, weighted average cost of capital 
(WACC), economic lifetime, and utilization factor. The selected studies 
incorporate technological learning and scale effects through various 
established methodologies. For example, multi-component experience 
curves have been applied to differentiate learning rates across system 
components rather than assuming a uniform system-wide rate (Sievert 
et al., 2024). Meanwhile, bottom-up first-of-a-kind cost estimates have 
been combined with top-down learning curve projections to derive 
future costs (Young et al., 2023). In contrast, the IEAGHG assessment 
adopts a more conservative stance, highlighting the uncertainty of 
long-term learning projections and incorporating learning rates pri
marily within sensitivity analyses (IEAGHG, 2021). We therefore do not 
construct an independent long-term cost projection, but instead syn
thesize forward-looking estimates and represent them using quartile and 
median values to define optimistic, baseline, and pessimistic cases. This 
allows us to transparently reflect the spread of reported expectations in 
the literature while avoiding reliance on a single assumed learning rate. 
Fig. 3 presents the literature-based CAPEX and OPEX values used as the 
basis for the cost estimates in this study.

As literature data generally shows significant variations in stated cost 
estimates for DAC, mostly reflecting differences in system boundaries, 
assumptions, and technology maturity, we define our system boundary 
to cover DAC up to 150 bar compression. Furthermore, we discount the 
DAC capital costs using a WACC of 10 % over a lifetime of 25 years, 
consistent with literature assumptions for 2050 (Sievert et al., 2024; 
IEAGHG, 2021; Realmonte et al., 2019; Hanna et al., 2021; Young et al., 
2023). No additional financial learning or endogenous reduction in 
financing risk is considered, meaning that further potential declines in 
the cost of capital are not captured (Egli et al., 2018). Additionally, we 
added compressor costs to the capital costs in publications that did not 
originally consider CO2 compression, and based on the stated cost in the 
literature (Keith et al., 2018). To ensure comparability across sources, 
we converted all cost values to real 2024 € using exchange rates and 
inflation data (European Central Bank, 2024a, 2024b). No additional 
inflation projection to 2050 was applied. Table 1 presents the median 
values of capital and operating costs from the literature, along with 
other relevant parameters used to model DAC. Sorbent and solvent costs 
are represented as variable OPEX (IEAGHG, 2021; Young et al., 2023). 

For S-DAC, sorbent costs are higher than the corresponding solvent costs 
in L-DAC, reflecting both the higher cost of solid sorbent and the need for 
periodic replacement. While this approach accounts for sorbent 
replacement in operating costs, degradation effects on system perfor
mance are not explicitly modeled. We present the upper and lower 
quartiles in Table 1 and use these to run pessimistic and optimistic 
scenarios. Further, detailed techno-economic parameters for the energy 
sources, conversion, and storage components are provided in Table S1 
(see Supplementary Information).

3. Results

3.1. Global techno-economic potential of direct air capture technologies

We present the cost optimization results for L-DAC and S-DAC on a 
single global map (Figs. 3A and 3B), illustrating the more cost-effective 
technology across all regions in the electric and hybrid configurations. 
Across both configurations, tropical regions tend to be cost-optimal for 
L-DAC, while temperate, cold, and polar regions are better suited for S- 
DAC. In arid regions, L-DAC consumes more water due to higher evap
oration in the air contactor, which must be replaced more frequently, 
increasing the LCOD. The high water cost contribution reaches 8 – 12% 
of the LCOD in countries such as Niger, Chad, Sudan, Algeria, Yemen, 
Iran, and Turkmenistan, generally making S-DAC the more cost-effective 
option. L-DAC becomes favorable only in arid locations where the lev
elized cost of water is comparatively low. Additionally, L-DAC tends to 
be more expensive as operations move northward due to unfavorable 
sub-zero conditions that limit its operation.

In the electric configuration, regions in Africa and South America 
offer the lowest costs for both DAC technologies, reaching 173 €/tCO2 in 
Colombia for L-DAC and 205 €/tCO2 in Western Sahara for S-DAC. These 
low costs are primarily driven by abundant, inexpensive wind resources, 
which lower overall energy costs. Across most regions, S-DAC is more 
cost-competitive than L-DAC. However, L-DAC has lower costs in 
Australia, South America, and the Middle East and Northern Africa. 
Additionally, regions in southern Europe, Asia, and North America, 
particularly Spain, Portugal, Italy, Greece, Turkey, Japan, and the USA 
(Texas, Louisiana, Florida), have lower levelized costs for L-DAC. The 
northernmost point at which L-DAC remains more cost-effective than S- 
DAC occurs in Ireland. The coastal regions of Ireland typically have high 
humidity, which contributes to higher thermal demand and levelized 
costs of S-DAC. However, the cost difference between the two DAC 
technologies within these regions is only about 2 – 5 €/tCO2.

Switching from full electrification to a hybrid system reduces the 
LCOD (Fig. 4C). This cost reduction stems from integrating direct 

Fig. 3. Literature-based estimates of capital and operating expenditures for L-DAC and S-DAC in 2050 (Sievert et al., 2024; IEAGHG, 2021; Fasihi et al., 2019; 
Realmonte et al., 2019; Pett-Ridge et al., 2023; Hanna et al., 2021; Fuhrman et al., 2021; Young et al., 2023).
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geothermal and CSP heat into the energy mix. The integration lowers the 
global levelized cost of S-DAC, reaching 176 €/tCO2 in Iceland. Similar 
cost reductions of 13 – 32% are observed in other regions with accessible 
low-cost geothermal heat, including Mexico, Japan, China, and Chile. 
Since only about 35% of L-DAC's heat can be supplied by CSP alone, the 
levelized cost of L-DAC decreases by up to 12% or less in regions with 
high CSP potential, such as Brazil, South Africa, Australia, and the 
Middle East and Northern Africa. The hybrid configuration not only 
offers lower costs and greater deployment potential but also shifts 
regional preferences between DAC technologies, favoring S-DAC in 
areas such as Indonesia and southeastern Australia, where low-cost 
geothermal heat is available. As both technologies rely heavily on heat 
for regeneration, access to a low-cost heat source is vital to reducing 

costs.
Comparing the two energy configurations, the integration of direct 

geothermal and CSP heat in the hybrid configuration leads to a 5 – 8% 
reduction in global median LCOD, from 284 €/tCO2 to 271 €/tCO2 for L- 
DAC and from 275 €/tCO2 to 254 €/tCO2 for S-DAC. This reduction 
highlights the importance of low-cost heat for future DAC deployment. 
While weather conditions impact the productivity and energy demand 
(see Figures S4 and S5 in the Supplementary Information), differences in 
renewable energy availability and type translate into varying energy 
costs, which in turn drive regional cost differences across both tech
nologies. We further elaborate on the results for the hybrid configura
tion, given its lower costs and greater DAC potential.

Table 1 
Techno-economic assumptions for DAC in the year 2050. This table reports cost and performance parameters for DAC. Performance parameters 
are region-specific and derived from spatially averaged weather conditions (see Figures S5 – S6). Energy supply costs are determined endogenously 
through the optimization of renewable energy and storage systems, whose techno-economic assumptions are provided in Table S1 of the Supple
mentary Information.

Parameters Unit Value Source/notes
Liquid solvent DAC

CAPEX (€/tCO2/a) 1368 – Q3 Lower (Q1) and upper (Q3) quartiles are used for the 
optimistic and pessimistic cases, respectively (Sievert et al., 
2024; IEAGHG 2021; Fasihi et al., 2019; Realmonte et al., 
2019; Pett-Ridge et al., 2023; Hanna et al., 2021; Fuhrman 
et al., 2021; Young et al., 2023)

678 – Median
290 – Q1

Fixed OPEX (€/tCO2/a) 46 – Q3 Lower (Q1) and upper (Q3) quartiles are used for the 
optimistic and pessimistic cases, respectively (Sievert et al., 
2024; IEAGHG, 2021; Fasihi et al., 2019; Realmonte et al., 
2019; Pett-Ridge et al., 2023; Hanna et al., 2021; Fuhrman 
et al., 2021; Young et al., 2023)

33 – Median
27 – Q1

Variable OPEX (€/tCO2) 1.4 - 3 Includes solvent costs only. Upper bound value assumes 
chemical makeup requirement of 3 kg KOH + CaCO3 per 
tCO2 captured and is used for the pessimistic case (IEAGHG, 
2021; Young et al., 2023)

Relative productivity (-) 0.7 – 1.3 Derived from literature-based, weather-dependent 
productivity (An et al., 2022). Relative productivity is the 
ratio of actual to nominal productivity under global-average 
conditions.

Specific electricity demand (MWh/tCO2) 1.9 – 2.4 Literature-based, weather-dependent demand (An et al., 
2022; McQueen et al., 2021). Within the range of 1 GtCO2/a 
scale plant (Young et al., 2023), NOAK Liquid DACCS (
IEAGHG, 2021), 1 MtCO2/a scale plant (Keith et al., 2018)

Specific water demand (tH2O/tCO2) 1 – 24 Literature-based, weather-dependent demand (An et al., 
2022)

Solid sorbent DAC

CAPEX (€/tCO2/a) 1137 – Q3 Lower (Q1) and upper (Q3) quartiles are used for the 
optimistic and pessimistic cases, respectively (Sievert et al., 
2024; IEAGHG, 2021; Fasihi et al., 2019; Realmonte et al., 
2019; Pett-Ridge et al., 2023; Hanna et al., 2021; Fuhrman 
et al., 2021; Young et al., 2023)

705 – Median
273 – Q1

Fixed OPEX (€/tCO2/a) 68 – Q3 Lower (Q1) and upper (Q3) quartiles are used for the 
optimistic and pessimistic cases, respectively (Sievert et al., 
2024; IEAGHG 2021; Fasihi et al., 2019; Realmonte et al., 
2019; Pett-Ridge et al., 2023; Hanna et al., 2021; Fuhrman 
et al., 2021; Young et al., 2023)

30 - Median
12 – Q1

Variable OPEX (€/tCO2) 39 - 74 Includes sorbent costs only. Lower-bound value assumes a 
sorbent replacement rate of three years and is used for the 
optimistic and baseline cases (Young et al., 2023). Upper 
bound value assumes a replacement rate at 7.5 kg of sorbent 
per tCO2 captured and is used for the pessimistic case (
IEAGHG, 2021)

Relative productivity (-) 0.5 – 1.1 Derived from literature-based, weather-dependent 
productivity (Sendi et al., 2022). Relative productivity is 
the ratio of actual to nominal productivity under 
global-average conditions.

Specific electricity demand (MWh/tCO2) 0.2 – 0.9 Literature-based, weather-dependent demand (Sendi et al., 
2022)

Specific thermal demand (MWh/tCO2) 1.9 – 5.1 Literature-based, weather-dependent demand (Sendi et al., 
2022). In the optimistic case, thermal demand is reduced by 
45% in line with projected efficiency in (IEAGHG, 2021; 
Young et al., 2023)
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3.2. Levelized costs and energy mix for representative regions

To evaluate the main cost drivers of DAC, Fig. 5 compares cost 
components across representative low- and high-cost regions. In all four 
low-cost regions (Fig. 5A), energy costs account for only a small share of 
the total levelized cost due to the availability of low-cost renewable 
energy. As a result, 85 - 88% originates from S-DAC capital and oper
ating costs. The low-energy contribution in these regions stems from 
geothermal heat (Fig. 5B), which provides a stable, inexpensive source 
of thermal energy. While geothermal integration can substantially lower 
DAC costs in some areas, it does not guarantee similar benefits in all 
regions, as costs scale with drilling depth (Franzmann et al., 2025). In 

contrast, the three highest-cost regions show markedly higher energy 
costs. In these regions, the system relies more heavily on electrically 
supplied heat due to the lack of direct renewable heat sources. As a 
result, energy costs account for at least 43% of LCOD in these regions. 
Moreover, extreme cold temperatures in RUS (Russia, Sakha) and CAN 
(Canada, Nunavut) limit DAC operations and reduce the efficiency of 
heat pumps, thereby increasing the LCOD. The low-cost regions of 
L-DAC (Fig. 5C) are generally characterized by high CSP and steady 
wind potential, enabling a continuous and low-cost energy supply. In 
contrast, regions with limited CSP potential, such as VNM (Vietnam, 
Thái Nguyên), LBR (Liberia, Bomi) and HKG (Hong Kong, Sai Kung), rely 
on full electric calcination, exhibiting higher overall costs.

Fig. 4. Global levelized cost of DAC by 2050 under two energy supply configurations. A) Global cost map of DAC under the electric configuration, B) Global 
cost map of DAC under the hybrid configuration, C) Global cost distribution for both DAC technologies under the electric and hybrid configuration. The whitish and 
blue regions in the global map cover areas where the levelized cost of L-DAC is lower, while the yellow and green regions represent areas where S-DAC has a lower 
levelized cost.
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The capital and operating costs of DAC are the dominant contributors 
to the LCOD across both technologies, together accounting for 45 – 90% 
of the total cost (See Figures S8, S10, S12, and S14 in the Supplementary 
Information). For S-DAC, this share is typically higher at around 65 – 
90%, primarily due to higher sorbent costs. In contrast, L-DAC shows a 
lower capital and operating cost share of about 45 – 65%, largely due to 
its inexpensive solvent. However, in arid regions, increased water 
replacement needs can substantially elevate the levelized cost of L-DAC, 
narrowing the cost gap between the two technologies.

It is important to highlight that in this study, we treat financing costs 
as fixed to focus on the technical and weather impacts on DAC tech
nologies. However, the levelized costs of both DAC and renewable en
ergy are highly sensitive to financing conditions (Sendi et al., 2024; Egli 
et al., 2019; Steffen et al., 2025). To reduce overall costs, large-scale 
deployment will therefore require not only continued advances in pro
cess efficiency and reductions in material and equipment costs but also 
improved access to low-cost financing. This highlights the importance of 
stable policy frameworks, risk mitigation instruments, and access to 
low-cost capital to enable large-scale DAC deployment, particularly in 
emerging markets with higher investment risk.

3.3. Global merit order of direct air capture

Building on these regional insights, the global merit order, which is 
constructed from the cost-optimal combination of S-DAC and L-DAC, 
provides a broader perspective on how these cost variations translate 
into cumulative capture potential at different cost levels. The global 
merit order of DAC at a 1% share of the maximum DAC potential shows a 
cumulative potential of approximately 33 GtCO2. As shown in Fig. 6, a 
fully renewable DAC system can achieve a global potential of 2 GtCO2 at 
costs below 195 €/tCO2. We use 2 GtCO₂ as a representative mid-range 
value within the projected global DAC deployment range of 0.5 – 5 
GtCO₂ by 2050 (IPCC, 2022; IEA, 2022; Fuss et al., 2018). The lowest 
costs are observed in Australia, Iceland, Japan, Chile, China, Mexico, 
and parts of South America, South East Asia, and the Middle East and 
Northern Africa, where favorable weather conditions and high-quality 
renewable resources enhance DAC performance. Regions in Australia, 
Iceland, Chile, China, Japan, Mexico, and Southeast Asia are 
cost-optimal for S-DAC, while much of South America, and the Middle 
East and Northern Africa are suited for L-DAC. Regions in Europe and 
the United States achieve costs in the range of 195 – 400 €/tCO2. 
Conversely, cold regions within Russia, Canada, Greenland, and small 
islands in Southern Africa exhibit the highest levelized costs, ranging 

Fig. 5. Cost component for representative DAC regions based on the hybrid energy configuration. A-B) Levelized cost and energy mix contribution of S-DAC, 
and C-D) Levelized cost and energy mix contribution of L-DAC. The regions with the lowest and highest average costs per country are shown. Electricity components 
are on the left side of the energy mix contribution graph, while heat components are on the right. The regions correspond to the first administrative level in each 
country: ISL (Iceland, Vesturland), JPN (Japan, Kagoshima), MEX (Mexico, Sinaloa), CHN (China, Shanghai), RUS (Russia, Sakha), CAN (Canada, Nunavut), BTN 
(Bhutan, Trongsa), VEN (Venezuela, Nueva Esparta), COL (Colombia, La Guajira), MRT (Mauritania, Dakhlet Nouadhibou) DJI (Djibouti, Obock), VNM (Vietnam, 
Thái Nguyên), LBR (Liberia, Bomi) and HKG (Hong Kong, Sai Kung).
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from 400 – 1720 €/tCO2. This reflects limited renewable potential and 
suboptimal conditions for DAC operation in these regions. These results 
demonstrate that the technical DAC potential based on renewable en
ergy availability exceeds the expected global demand. Within the scope 
of this study, the levelized cost of DAC is likely to be a key constraint on 
large-scale deployment. However, other factors, such as CO2 transport 
and storage infrastructure, supply chains, and deployment rates, will 
also play a major role but are not assessed in this study. Furthermore, the 
significant regional cost heterogeneity underscores the importance of 
international trade and infrastructure development to leverage low-cost 
capture regions and build cost-effective global DAC supply chains. 
Identifying regions with the lowest DAC cost can also support the 
implementation of Article 6 under the Paris Agreement (UNFCCC, 
2015), by informing the design of international carbon market mecha
nisms and enabling cost-efficient cross-border cooperation to achieve 
net removal targets.

3.4. Cost sensitivity under pessimistic and optimistic cases

Given the uncertainty in reported CAPEX and OPEX values across the 
literature, we assessed both pessimistic and optimistic cost cases based 
on upper and lower bound values derived from literature reported 
ranges, as shown in Fig. 7. The pessimistic case reflects upper-bound cost 
estimates for key cost parameters, including capital, fixed, and variable 
operating costs. Under these assumptions, the global median levelized 
cost remains high, with S-DAC reaching 390 €/tCO₂ and L-DAC 
approximately 392 €/tCO₂. These elevated costs are driven by higher 
CAPEX and OPEX assumptions. These results suggest that large-scale 
DAC deployment may remain economically challenging if costs remain 
near the upper range of current literature estimates. In contrast, the 
optimistic case applies lower-bound cost assumptions from literature, 
together with a 45% reduction in thermal demand for S-DAC. The 
reduction is based on NOAK system projections reported in the literature 
(IEAGHG, 2021; Young et al., 2023), which incorporate expected 

Fig. 6. Global merit order of DAC in 2050 based on the hybrid energy configuration. A) Cumulative DAC potential versus LCOD by world region (see region 
grouping in Section 4 of the Supplementary Information). The projected global DACS demand in 2050 at 2 GtCO2 corresponds to only a small fraction of the total 
techno-economic DAC potential identified in this study. Each colored segment represents a world region, highlighting regional differences in both cost and DAC 
potential B) Global map of LCOD at a deployment level of 2 GtCO2 showing the spatial distribution of cost-optimal regions.
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improvements in process integration, heat recovery, and sorbent per
formance. Under these assumptions, S-DAC achieves costs as low as 100 
€/tCO₂ in Iceland, with an average specific thermal demand of 1.43 
MWh/tCO₂. The median S-DAC cost significantly falls below L-DAC's 
under these conditions. No reduction in energy demand is assumed for 
L-DAC, as its solvent regeneration process is relatively mature and 
constrained by thermodynamic limits. Overall, these results highlight 
that DAC cost estimates are highly sensitive to literature-based param
eter ranges. The relative cost competitiveness of L-DAC and S-DAC de
pends strongly on whether costs evolve towards the lower or upper 
bounds reported in the literature.

In addition to the scenario-based analysis, we evaluated how sensi
tive DAC costs are to key individual parameters (see Figure S19 in the 
Supplementary Information). The results demonstrate that DAC costs are 
sensitive not only to cost assumptions and energy demand but also to 
financial and operational parameters, such as the WACC and plant uti
lization factor. For the representative low-cost regions identified in 
Fig. 5, varying the WACC by ±50% from a baseline of 10% results in cost 
changes of approximately 16 – 20%. Furthermore, reducing the utili
zation factor from a baseline of 90% to 60% leads to a larger cost in
crease of 23 – 31%. While these parameters have a notable impact on 
levelized costs, the results indicate that literature-based cost assump
tions remain the dominant source of uncertainty.

4. Discussion and conclusions

Our results demonstrate the critical importance of considering 
region-specific renewable energy potential and weather conditions 
when selecting sites for DAC. This study provides a comprehensive 
framework for evaluating the spatial variability of DAC costs at scale by 
integrating techno-economic analysis with a globally resolved, high- 
resolution assessment of renewable energy availability and weather- 
dependent performance. Global levelized costs of DAC range from 160 
€/tCO2 to 1720 €/tCO2 by 2050, with S-DAC typically cost-optimal in 
temperate, cold, and arid regions and L-DAC in tropical regions or arid 
regions with a low levelized cost of water. The energy supply configu
ration of both DAC systems contributes to minimizing LCOD, as direct 
renewable heat sources provide lower cost than electrically driven 
heating technologies. Hybrid heating lowers the global median levelized 
cost of DAC by up to 8%, and by as much as 32% in geothermal-rich 
regions. By prioritizing cost-optimal locations, our results show that 

levelized costs below 195 €/tCO2 in 2050 are feasible for an annual DAC 
potential of 2 GtCO2, particularly in regions such as Australia, Chile, 
Iceland, and parts of China, Mexico, Southeast Asia, and the Middle East 
and North Africa.

This spatially explicit perspective highlights the importance of stra
tegic siting for enabling cost-effective large-scale deployment and may 
provide a basis for international cooperation under Article 6 of the Paris 
Agreement. Identifying low-cost regions can facilitate cross-border 
mitigation and support the potential integration of carbon removal 
credits into mechanisms such as the EU Emissions Trading System 
(Rickels et al., 2021). Despite these opportunities, achieving a cost 
threshold of around 100 €/tCO₂ with DACS appears very unlikely by 
2050, even under optimistic assumptions. Under upper-bound cost as
sumptions, DAC costs could remain above 300 €/tCO₂, indicating that 
large-scale deployment could remain economically challenging.

Achieving climate targets for 2050 will require addressing residual 
and hard-to-abate emissions, for which CDR, including DAC, is expected 
to play a leading role alongside conventional mitigation measures. This 
study contributes to this discussion by providing a globally consistent, 
techno-economic assessment of DAC deployment potential that explic
itly links capture costs to spatial variations in weather conditions, 
renewable energy availability, and water costs. Although DAC is a 
promising CDR option, its large-scale deployment depends on continued 
research and innovation, alongside rapid scaling and strategic global 
deployment, to minimize its cost and energy requirements. L-DAC and S- 
DAC present different challenges and opportunities due to the in
teractions between air and the capture material used, as well as their 
respective regeneration temperatures and energy requirements. While 
the decision on where to site DAC requires evaluating interrelated 
geospatial factors, we provide a framework for strategically deploying 
DAC facilities by prioritizing regions with favorable weather conditions 
and low-cost energy. As such, the results provide a foundation for 
integrating DAC into broader energy system planning and policy design, 
while informing additional considerations, such as geological storage, 
social acceptance, environmental impact, and legal aspects (IEAGHG, 
2021; Harzendorf et al., 2024; Gidden et al., 2025).

Several limitations should be noted. The analysis focuses on tech
nical and weather-related cost drivers and does not incorporate regional 
variations in labor costs or financing conditions (Young et al., 2023; Egli 
et al., 2019). In practice, labor compensation in the energy and infra
structure sectors can differ by up to an order of magnitude across 

Fig. 7. Global levelized cost of DAC for optimistic, baseline, and pessimistic scenarios. These scenarios reflect parameter uncertainty, including CAPEX, OPEX, 
and energy demand. The optimistic and pessimistic cases represent the lower and upper bounds of cost and performance parameters reported in the literature, 
respectively, while the baseline case corresponds to median values. The dashed lines represent the median costs, while the straight lines correspond to the upper and 
lower quartiles. Global merit order plots for the individual DAC technologies under the pessimistic and optimistic cases are shown in Figures S15 – S18 of the 
Supplementary Information.
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countries, potentially lowering DAC costs in lower-wages countries, 
particularly in parts of the Middle East and East Asia. Similarly, incor
porating country-specific WACCs could shift cost competitiveness across 
regions, favoring lower-risk economies such as Australia, the United 
States, Canada, China, and Chile (Stargardt et al., 2025). Further, the 
analysis is limited to weather conditions, renewable energy availability 
and cost, and does not explicitly consider other key deployment con
straints, including access to geological CO₂ storage, transport infra
structure, supply chain limitations, or deployment rate constraints, all of 
which influence the feasibility and spatial distribution of large-scale 
DAC deployment. Cost assumptions used in this study are based on 
literature-reported ranges and median projections for 2050, which 
implicitly reflect technology learning assumptions from the respective 
sources. These estimates carry inherent uncertainty due to both the 
long-time horizon of the cost estimates and methodological differences 
across studies. Among these, CAPEX exhibits the greatest variability and 
thus dominates overall cost uncertainty, making the relative cost 
competitiveness between L-DAC and S-DAC sensitive to the underlying 
assumptions. In addition, process model data for sorbent performance at 
sub-zero temperatures remain limited, constraining validation across 
cold climates. Assuming constant performance below 1 ◦C neglects po
tential reductions in mass transfer kinetics and may lead to an under
estimation of capture costs in cold regions.

The regional spatial aggregation introduces limitations because 
averaging heterogeneous grid cells does not represent conditions at any 
single deployable site. For DAC, weather inputs are first averaged across 
intersecting grid cells and then used to evaluate performance, so 
nonlinear responses to temperature and humidity may cause the 
resulting estimates to over- or underestimate site-level performance by 
an amount not quantified in this study. For renewables, individual 
generation profiles are obtained at the grid-cell level and are then 
clustered into representative profiles for each technology, which pre
serve temporal variability but can still smooth local extremes. As a 
result, estimated energy storage requirements and energy costs may 
differ from those of a real project at a single site.

The DAC plant capacity factor is not fixed but emerges endogenously 
from the optimization, reflecting the cost-optimal operation of the plant 
under weather-dependent constraints. However, the model assumes 
unconstrained changes of plant operation between hourly time steps and 
does not account for ramping constraints or start-up and shut-down 
dynamics. This implies that DAC systems can adjust load instanta
neously between hours. In practice, such flexibility might be limited, 
particularly for L-DAC, where components such as the electric calciner 
may require several hours to reach stable operating conditions (Shorey 
and Abdulla, 2024). As a result, frequent on/off cycling under fluctu
ating conditions may not be feasible. Neglecting these constraints could 
lead to an overestimation of operational flexibility and productivity, and 
an underestimation of the levelized cost and energy consumption. In 
addition, fixed operating conditions are assumed, and adaptive control 
strategies such as adjustments in airflow or solvent circulation rate, or 
regeneration conditions are not considered. These strategies could 
improve system performance under varying weather conditions. While 
sorbent replacement is included in operating costs, degradation effects 
or potential future improvements in sorbent performance are not 
explicitly modeled. Instead, these effects are represented in a simplified 
manner through literature-based cost assumptions. This may influence 
long-term productivity, operating costs, and overall cost estimates and 
should be considered when interpreting the results. Finally, this study 
reports the gross CO₂ removal, excluding upstream emissions from en
ergy and materials. Although the emissions from DAC systems powered 
by renewable energy are expected to be close to zero, upstream life-cycle 
emissions associated with energy supply and system infrastructure are 
not considered in this study. Incorporating these effects would provide a 
more complete representation of net CO₂ removal, as outlined by Young 
et al. (Young et al., 2023) and should be considered in future work. More 
broadly, this work focuses on techno-economic parameters and does not 

explicitly consider socio-economic and policy-related factors, such as 
regional labor costs, financing conditions, or policy and regulatory 
frameworks, which may significantly influence the feasibility and 
spatial distribution of DAC deployment.

Future research can address several of these limitations. First, it 
would be valuable to incorporate the impacts of climate change, as DAC 
performance depends on weather conditions, and climate change may 
shift absolute productivity and costs by 2050. However, the overall 
regional ranking is likely to remain similar. Second, improved process 
models that capture real-world operating conditions, including dynamic 
operation and adaptive control strategies, would enhance the accuracy 
of cost estimates. Third, integrating DAC deployment with broader 
system constraints, such as CO₂ transport and storage infrastructure and 
policy frameworks, would provide a more comprehensive assessment of 
large-scale deployment. Addressing these aspects would enable a more 
robust and realistic evaluation of future DAC deployment.
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