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Abstract  13 

Direct Air Capture (DAC) could play a key role in achieving net-zero emissions. Here, we use a 14 

probabilistic approach to explore its growth and therefore its contribution to climate change mitigation 15 

by 2050. We find that, based on its characteristics alone, DAC may only reach the megaton -scale by 16 

mid-century. However, with targeted policy support - especially to increase near-term capacity – a 17 

climate-relevant gigaton-scale could still be reached. 18 

 19 

Main  20 

Direct Air Capture (DAC) is a promising technology to tackle climate change. Combined with CO₂ storage 21 

(as Direct Air Carbon Capture and Storage, DACCS), DAC enables long-term carbon dioxide removal 22 

(CDR). Unlike other land-based CDR methods, DAC operates with fewer biophysical constraints and 23 

possibly lower sustainability trade-offs1-3, while offering great flexibility in the choice of the location of 24 

its deployment4. DAC can also provide CO₂ feedstock to produce synthetic fuels, chemicals, and 25 

materials, broadening its application across sectors5,6. As such, DAC is rising as a promising solution to 26 

abate unavoidable residual emissions and achieve net-negative emissions both in modelling7–10 and 27 

policymaking11–13. 28 

 29 

Despite its potential, current deployment of DAC remains critically low, with approximately 27 small-30 

scale plants operational globally, primarily in Europe and North America13. If DAC is to make a climate-31 

relevant contribution to net-zero emissions and reach the gigaton-scale by 2050, it will need to scale its 32 

capacity by 100,000 times from the 2024 annual capture rate of 0.01 MtCO₂/a14,15. This discrepancy 33 

underscores the urgent need for clarity on the scale-up potential of DAC. In particular, assessments of 34 

feasible DAC capacity by mid-century and the role of policy in scaling up this technology are essential 35 

to manage expectations and avoid over-reliance on infeasible DAC rates to achieve our net zero targets. 36 

 37 

This brief communication aims to investigate possible growth pathways for DAC with an adapted 38 

technology diffusion model, highlighting the critical role of including different policy levers.  39 

 40 

To explore this issue, we modelled probabilistic pathways for DAC deployment, using ammonia 41 

synthesis growth rates as our base case. This case represents DAC deployment in a situation where 42 

there is no additional enhanced technology policy. In addition, we modelled a set of scenarios that 43 

represent cases with enhanced technology policy, with the impact of three key policy levers explicitly 44 

explored: (i) short-term capacity pushes by 2030 through increasing initial capacity, (ii) long-term 45 

demand credibility through increased anticipation for DAC requirements, and (iii) minimum long-term 46 

demand security through long-term market size (Online Methods, 2.3).  47 

 48 
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Our study built on and extended findings from existing research on DAC diffusion (SI_Table 1). Prior 49 

studies16 emphasized the use of analogs like ammonia synthesis, liquid natural gas (LNG), and carbon 50 

capture and storage (CCS). We focused on ammonia synthesis as the most suitable analog, and 51 

therefore as our baseline, using LNG and wind energy as sensitivities to reflect pessimistic and 52 

optimistic growth scenarios. While previous studies5 employed Integrated Assessment Model (IAM) -53 

based approaches, we used an extended logistic diffusion model17 that was initially used to study green 54 

hydrogen and incorporated probabilistic elements to capture uncertainties from policy impacts and 55 

market dynamics. The logistic diffusion model used in this study incorporated key uncertain parameters 56 

mentioned below (Table 1): 57 

Table 1: Overview of the key uncertain parameters used in this study. For further explanations see Online 58 

Methods, 2.3. 59 

Nr. Uncertain 

parameters 

Definition 

1 
Initial capacity  

in 2030 

Reflects the transition from formative to growth phase (SI_Visual 1). Our base 

case (Visual 1, A) used empirical DAC capacity data (SI_Table 2); our case 

with enhanced technology policy (Visual 1, B) modelled a significant capacity 

acceleration (10x increase) driven by political interventions (Visual 1, C (i)). 

2 
Emergence  

growth rate 

Captures maximum annual growth in the post-formative phase (SI_Visual 1). 

We used ammonia synthesis (~11%/a) as the baseline scenario (Visual 1, A), 

wind energy (~20%/a) as optimistic, and LNG (~4%/a) as pessimistic 

sensitivity scenarios (Visual 1, B). 

3 

Credibility in  

long-term DAC 

requirements 

(demand pull) 

Accounts for investor confidence in DAC's long-term market potential. Our 

base case (Visual 1, A) assumed an anticipation of 5 years; our case with 

technology policy (Visual 1, B) extended this to 15 years, reflecting enhanced 

regulatory certainty regarding long-term DAC requirements (Visual 1, C (ii)). 

4 

Long-term 

market size 

(demand pull) 

Generated by uniform distributions of potential DAC capacity by 2050. Our 

base case (Visual 1, A) ranged from 0 to 5.1 GtCO2/a; our case with 

technology policy (Visual 1, B) from 1.79 to 5.1 GtCO2/a, reflecting improved 

market conditions driven by policy (Visual 1, C (iii)). 

 60 

These parameters are inputs for the probabilistic simulation of scenarios for both the base case and 61 

the case with enhanced technology policy, revealing how interventions shape DAC’s growth 62 

trajectories (Online Methods, 2.3). 63 

 64 

Our findings indicated that global DAC capacity cannot reach gigaton-scale deployment by 2050, even 65 

with enhanced technology policy support, when following the median path of the base case where 66 

growth rates are driven by our defined baseline technology analog (Visual 1, A and B). If growth is only 67 

based on the characteristics of DAC and its announced capacity by 2030 (Visual 1, A), DAC capacity 68 

would grow only slowly, reaching ~50 MtCO₂/a by 2050 if following the median path, where the 95th 69 

percentile reaches a maximum of ~100 MtCO₂/a by mid-century.   70 

 71 

With a mix of enhanced technology policy (Visual 1, B), DAC capacity improved, reaching ~600 MtCO₂/a 72 

for the median path and ~1 GtCO₂/a for the 95th percentile by 2050. If DAC proved to achieve more 73 

optimistic growth rates, modelled after wind energy, it could achieve ~1.6 GtCO₂/a. Conversely, 74 

pessimistic growth, modelled after LNG diffusion, resulted in ~130 MtCO₂/a, lower than the baseline 75 

growth rates of ammonia synthesis in the base case. Across all scenarios, in the case with enhanced 76 

technology policy, the DAC capacity resulted consistently higher compared to the base case. 77 

We further explore the impact of different policy levers on DAC diffusion (Visual, C): Short-term policy 78 

pushes to boost 2030 DAC capacity (Visual 1, C (i)) prove to be the most impactful. This capacity push 79 



increased the base case median path by more than ~700%, enabling DAC to reach ~500 MtCO₂/a by 80 

2050. In contrast, measures to establish long-term demand credibility or secure minimum demand each 81 

yielded only modest improvements (~5%) (Visual 1, C (ii,iii)). Without the mentioned policy push, DAC 82 

could not exit its formative phase (SI_Visual 1) or achieve meaningful capacity by 2050. Regional findings 83 

for Europe and North America showed similar trends (SI_Visual 8-SI_Visual 9). 84 

Visual 1: Probability feasibility space for achieving global DAC deployment by 2050, based on ammonia 
synthesis growth rates: (A) without enhanced policy support (base case) and (B) with enhanced policy 
support scenarios. Dashed lines compare optimistic (wind, blue) and pessimistic (LNG, green) analog 
growth rate sensitivities. Policy scenarios include (C): (i) a policy push to accelerate initial DAC capacity 
by 2030, (ii) measures to establish credible long-term DAC demand, and (iii) policies to secure minimum 
long-term demand. The colour shading indicates the annual probability density (determined from the 
uncertainty propagation of the initial capacity in 2030 and the emergence growth rate), with grey lines 
showing example growth paths, representing the broad spectrum of possible outcomes. The deviation to 
the base case (% Δ) was rounded to the nearest 5th or 10th for all plots in A, B and C.  



Our analysis sheds light on the complex challenge of scaling up DAC to gigaton-scale by 2050, 85 

emphasizing the critical role of policy to yield high growth rates and boost short-term capacity. Even with 86 

policy support, baseline ammonia synthesis growth rates (~11%/a) remained insufficient, following the 87 

median path. Optimistic scenarios, such as wind energy (~20%/a), showed promise but require robust 88 

policy measures, while pessimistic trajectories, like LNG (~4%/a), fell far short of meeting mid-century 89 

targets.   90 

 91 

These findings align with prior studies5,15,18 emphasizing that DAC would need to follow the growth rates 92 

of fast-diffusing technologies, such as photovoltaics and nuclear power, to achieve gigaton-scale by 93 

mid-century. This challenge is not unique to DAC, as it was shown to apply also to other novel 94 

technologies such as green hydrogen17. However, our innovative probabilistic approach constitutes a 95 

methodological advance over previous studies16 that based future capacity projections on linearly 96 

extrapolated growth rates of technological analogs. Our study also highlights the interplay between 97 

future DAC capacity and policy interventions, which in previous literature remained implicit18. 98 

Additionally, modellers can use this analysis to better assist policy makers by incorporating DAC 99 

diffusion constraints into scenario analyses. 100 

 101 

Furthermore, our research shows that policy pushes to boost short-term capacity are crucial. 102 

Instruments like public investments, subsidies, and tax credits (e.g., the U.S. 45Q tax credit) can 103 

stimulate early deployment and achieve a similar effect to what simulated in our analysis19–22. In 104 

addition, broad societal buy-in for this technology is also essential. Policymakers should engage 105 

communities, foster stakeholder dialogue, and implement transparent, inclusive policies to address 106 

public resistance and social challenges20,23–25. However, this study indicates that even all these policies 107 

mentioned may not be sufficient to achieve the gigaton scale by 2050. This means that, in absence of 108 

serious efforts to multiply the short-term DAC capacity, we should not over-rely on future large-scale 109 

DAC deployment to meet our climate targets, as this could lead to potential carbon lock-ins26. Given the 110 

potentially limited role of DAC in achieving net-zero emissions by 2050, policymakers should balance 111 

efforts to scale DAC with advancing other carbon removal technologies such as BECCS (Bioenergy with 112 

Carbon Capture and Storage) and afforestation, while prioritizing aggressive emissions reductions. This 113 

highlights also the urgency of proven and readily available solutions, such as renewable energy and end-114 

use electrification, to reach the Paris Agreement’s climate targets in time. 115 

 116 

In summary, accelerating DAC deployment while managing its risks requires a careful balance. 117 

Policymakers must encourage fast growth to meet near-term capacity goals while preparing for limited 118 

availability by supporting complementary solutions. Our research highlights these considerations 119 

despite data and assumption limitations. Future work should refine uncertainties in DAC diffusion to 120 

guide realistic policy frameworks and strategies for meeting global climate goals. 121 

  122 



Online Methods 123 

 124 

1 Modelling Outline 125 

 126 

Visual 2 conceptually illustrates the modelling of diffusion pathways for DAC deployment, depending 127 

on the influence of policy levers simulated using a logistic function. We defined the function by three 128 

uncertain and independent main parameters: initial capacity, emergence growth rate and demand pull.  129 

To estimate the initial capacity and emergence growth rates for analog technologies, we relied on the 130 

combination of existing databases and determined these parameters by applying truncated normal 131 

distributions (SI_Table 2). Further, for the emergence growth rate parameters we used the same 132 

technology analogs regarding the base case and the case with enhanced technology policy. We 133 

parameterized the emergence growth rates using the distribution of exponential growth rates 134 

(SI_Visual 3, SI_Visual 4) of ammonia synthesis, LNG and wind energy, whereas the key focus was on 135 

ammonia synthesis as a baseline and the latter two technologies functioned as optimistic and 136 

pessimistic growth rate sensitivities (Table 2). 137 

 138 

We also defined a steadily increasing long-term demand pull for a growing market size using a uniform 139 

(block) distribution, and a demand pull anticipation to describe the credibility in long-term DAC 140 

requirements. These demand pulls represented the political, regulatory, and competitiveness-141 

enhancing effects that expand market opportunities. Using the logistic diffusion model, the initial 142 

capacity determined the timing, the emergence growth rate influenced the slope, and the demand pulls 143 

Visual 2: Modelling outline of DAC deployment analysis: definition of uncertain parameters (initial 
capacity, growth rate, demand pull), creation of probabilistic feasibility spaces using an adjusted logistic 
diffusion model as well as Monte Carlo sampling (base case) and subsequent adjustment regarding 
different policy levers to analyse their influence (case with enhanced technology policy). 



defined the asymptote of the S-shaped diffusion curve (SI_Visual 1), reflecting the introduction of the 144 

CDR market by DAC. 145 

Finally, with this approach we derived DAC capacities based on probability distributions over time. 146 

These different distributions and therefore the spread of the uncertain initial capacity and emergence 147 

growth rate defined probabilistic feasibility spaces under the condition of an increasing demand pull for 148 

the base case. 149 

In a subsequent step, we extended this framework to include additional technology policy levers. This 150 

involved forming further probabilistic feasibility spaces under more optimistic conditions then in the 151 

base case, including (i) a policy push fostering short-term DAC capacity in 2030, (ii) the creation of 152 

credibility in long-term DAC requirements through an extended demand pull anticipation, and (iii) the 153 

introduction of a greater minimum long-term demand for DAC as in the base case.  154 

These two cases—the base case and the case with enhanced technology policy—we then used to 155 

define and analyse different diffusion pathways for DAC deployment by 2050. 156 

 157 

2 Theoretical Approach 158 

2.1 Selected Methods 159 

We explored diffusion pathways for DAC deployment and assessed the impact of enhanced technology 160 

policy by drawing on technology diffusion models, particularly those addressing CDR and green 161 

technologies due to the limited literature on DAC. We found the probabilistic diffusion model for green 162 

hydrogen, as described by Odenweller et al. (2022)17, to be especially relevant. This model integrates 163 

two approaches: modifying growth models with historical asymptotic parameters27,28 and using 164 

historical development to set ex-ante targets for wind and solar energy 29,30. Odenweller et al. (2022)17 165 

synthesized these approaches to create probabilistic feasibility spaces for green hydrogen diffusion, 166 

which parallels the current stage of DAC technology. Therefore, their model built the basis for our further 167 

developed and optimized analysis. 168 

 169 

For the growth rates chosen in our analysis (ammonia synthesis as a baseline, LNG and wind energy as 170 

sensitivities), we relied on the study of Roberts and Nemet (2024)16. This is because on the one hand, 171 

they developed specific criteria to identify suitable technological analogs, focusing on technologies with 172 

at least 20 years of history, significant scaling potential, and high complexity and moderate adaptability. 173 

On the other hand, they used the findings of Malhotra and Schmidt (2020)31, which emphasized the role 174 

of complexity and customization in technology adoption, to assess the suitability of different 175 

technologies. Lastly, the analysis of Sievert et al. (2024)32 confirmed the high complexity and moderate 176 

customization of liquid DAC, which further supported the selection of relevant technological analogs 177 

and provided a solid basis for the analysis of scaling potential.  178 

 179 

In this regard, our study not only utilised the results of previous studies and applied the most similar 180 

technology analog16, ammonia synthesis, for the main analysis, but it also differed from the current 181 

literature by expressing probabilistic pathways for DAC adoption with an S-shaped logistic diffusion 182 

model rather than relying on IAMs. These are widely used, but subject to limitations due to the lack of 183 

empirical data on DAC technology and the need to account for policies and market dynamics5,17,18. 184 

 185 

The SI_Table 1 gives an overview of the mentioned and additionally relevant studies and how we used 186 

them for our approach and therefore how it differs from other literature. 187 

 188 

2.2 Modelling Technology Diffusion Pathways 189 

We modelled the diffusion of DAC using an S-shaped curve (SI_Visual 1), which technologies typically 190 

follow when entering a finite market 17,33. The logistic form of this curve, rooted in Rogers' (1962) concept 191 

of technology adoption 34, begins with rapid initial growth and flattens as saturation approaches. It 192 



reflects how early adopters, familiar with a new technology, create niche markets, enabling wider 193 

adoption as conditions improve, such as better performance or lower costs. 194 

Green, clean and CDR niche technologies can also be approximated by such an S-shaped curve to 195 

predict a so-called technology diffusion pathway 35–37. Consequently, our analysis also assumed this 196 

approximation for DAC deployment.  197 

The diffusion pathway progresses through three phases: formative, growth, and saturation. The 198 

formative phase involves gradual, uncertain growth as demonstration projects face technical 199 

challenges and high costs, often described as the "valley of death" 38. The growth phase sees 200 

accelerated market adoption driven by cost-reducing learning effects 39,40. Finally, the saturation phase 201 

occurs when growth slows due to techno-economic and social factors, reaching the market's final 202 

level34. Such paths, which are modelled with the help of a logistical function, captures the full 203 

technology adoption process accordingly (SI_Visual 1). 204 

 205 

2.3 Uncertain Parameters 206 

Since the scale-up and therefore the extent of the deployment of DAC is highly dependent on the 207 

political measures taken in the short and long term, it is critical to capture the effects of possible policy 208 

levers. This provides policymakers with a guideline on how and to what extent measures must be taken 209 

to align with global climate targets. Possible future policy levers that directly influence the diffusion 210 

pathway and therefore the deployment of DAC include the influence on the starting capacity in 2030, as 211 

well as the impact on the demand pull. The latter can be characterised on the one hand by a growing 212 

market size in the long term and on the other hand by anticipation through the creation of credibility 213 

regarding long-term DAC requirements (Table 2). 214 

The uncertain parameters described below relate to the base case and the case with enhanced 215 

technology policy and are differentiated in the respective sub-chapters regarding their underlying 216 

differences and assumptions. 217 

Table 2: Overview of uncertain parameters for the base case and the case with enhanced technology 218 

policy regarding the baseline emergence growth rate of ammonia synthesis (see SI_Table 3 for wind 219 

energy and LNG). 220 

a) Initial Capacity in 2030 221 

The momentum driving DAC’s removal capacity from the formative to the growth phase is uncertain, but 222 

potentially significant in the coming years. Since the initial capacity depends on this momentum, we 223 

treated it as an uncertain parameter in our analysis.  224 

We compiled data for the initial capacity analysis from the IEA CCUS Project Database41, the State of 225 

CDR Report20,42 and other individual sources (SI_Table 1). Using these, we created a comprehensive 226 

database of historical and future DAC projects, detailing their locations, development statuses, 227 



technological characteristics, and removal capacities. We reclassified projects labeled "Proof of 228 

Technology" as "Operational" or "Decommissioned" depending on whether they are still in operation, 229 

resulting in a database of 78 entries (SI_Table 1). This data was then used to describe the initial capacity 230 

of existing, planned, and announced projects and to parameterize the distribution of cumulative initial 231 

capacity based on project status (SI_Visual 2).  232 

We selected 2030 as the initial year, assuming that it takes around five years to initiate the necessary 233 

political measures for the realization of the projects and thus to implement the corresponding projects 234 

from announcement to commissioning. This assumption accounts for the uncertainty of project 235 

implementation before a Final Investment Decision ("FID") and recognizes that even projects with a 236 

"FID" may face delays. Therefore, this approach balances short-term dynamics with the exclusion of 237 

uncertain long-term announcements. These considerations apply to the base case in our analysis, 238 

which excludes the application of targeted policy levers. 239 

As mentioned above, the initial short-term capacity has a direct effect on the path of the diffusion curve 240 

and consequently on the long-term DAC capacity available in 2050. Therefore, by increasing this 241 

capacity by a certain factor, more capacity will be available in 2030, which results in a faster scale-up, 242 

a quicker emergence of the technology from its niche and ultimately a more probable saturation. For the 243 

case with enhanced technology policy, we therefore assumed the effect of a policy push on short-term 244 

capacity by 2030 to be 10 times the initial capacity. This assumption implies that such an increase in 245 

capacity is within the realms of possibility, provided that many projects that are currently in "FID" or 246 

"Under Construction" project development status transition to "Operational" status by 203043. 247 

 248 

b) Emergence Growth Rate  249 

Possible cost reductions, political and government support, and technological maturity influence the 250 

growth rate of new CDR technologies 19,20,22,44. Given these uncertainties, we included the growth rate of 251 

DAC as an uncertain parameter in our analysis. 252 

In this study, we focused on the maximum annual growth rate, known as the emergence growth rate29, 253 

rather than the gradually declining rate due to market saturation. The emergence growth rate, realized 254 

after the formative phase, was parameterized using the slope parameter in the logistic function, 255 

following Odenweller et al. (2022)17 (chapter 2.4). 256 

 257 

To determine the different emergence growth rates, we used empirical data from the most suitable 258 

technology analogs for liquid and solid DAC (chapter 2.1), with having the goal to obtain different growth 259 

rates for DAC and therefore a range of possible deployment scenarios, defining a main baseline case 260 

and a pessimistic and an optimistic case as sensitivities for the analysis: 261 

 262 

Baseline and pessimistic scenario: For the liquid DAC technology analogs, we followed the 263 

methodology of Roberts and Nemet (2024)16(chapter 2.1). With their approach we identified ammonia 264 

synthesis and LNG for technology analogs of liquid DAC in our analysis. We focused on ammonia 265 

synthesis for our baseline scenario, since this analog is the most suitable analog for liquid DAC.  For our 266 

pessimistic scenario we chose LNG, since this technology showed a similar but more pessimistic 267 

growth then ammonia synthesis16. 268 

Optimistic scenario: Since our methodology expand on solid DAC, we also included wind energy as a 269 

third analog technology. To determine wind energy as a third analog technology for solid DAC we used 270 

the same approach as Roberts and Nemet (2024)16 and combined findings out of two studies (chapter 271 

2.1). Besides that wind energy identifies as an analog for solid DAC specifically, the inclusion of it also 272 

allows us to determine diffusion pathways for DAC deployment with a highly optimistic growth rate and 273 



therefore with a deployment example of one of the most established successful energy technologies 274 

besides solar PV (SI_Table 4). For those reasons, we selected wind energy as our optimistic case.  275 

Furthermore, instead of comparing the same technology across different regions, we considered 276 

different technologies within the same region, as historical growth rates for DAC and similar 277 

technologies, like green hydrogen, primarily reflect past political support rather than future potential 45. 278 

This approach also simplified scenario construction by not requiring consideration of all factors 279 

influencing technology diffusion speed 17. Lastly, since the uncertainties of these emergence growth rate 280 

parameters were also unstable and non-linear, as in Odenweller et al. (2022)17, we expressed this 281 

scattering using a Monte Carlo simulation approach in the logistic diffusion model (chapter 2.4-2.5). 282 

c) Demand pull 283 

As the outcome of competition between different climate mitigation measures has not yet been 284 

determined for many end applications, the final CDR market volume is characterised by uncertainty 17,46. 285 

In these applications, DAC is not only a new CDR technology in itself, but its supply, demand and 286 

infrastructure must be developed simultaneously 15,19,22,44,47. This stands in contrast to for example solar 287 

and wind energy, which is already fully embedded in the electricity market and its infrastructure 288 

(SI_Table 4). Therefore, the demand pull represented political, regulatory and competitiveness- 289 

enhancing effects that increase market opportunities. Due to the uncertainties mentioned above, we 290 

included the demand pull, which was differentiated in long-term market size and in credibility in long-291 

term DAC requirements, as a third uncertainty parameter in the analysis.  292 

 293 

Long-term market size: In contrast to Odenweller et al (2022)17, we did not use a fixed market size until 294 

2050 for DAC. Instead, we used a randomly selected uniform distribution per Monte Carlo Iteration 295 

(chapter 2.5) to draw a plausible range between a minimum and a maximum demand of the possible 296 

long-term DAC market size by 2050, reflecting the unpredictability of future demand and market 297 

dynamics for DAC. This range is based on a sector-specific assessment of global climate mitigation 298 

scenarios (Table 4). In the base case, we therefore assumed a range between a minimum demand of 0 299 

GtCO2/a and a maximum demand of 5.1 GtCO2/a. In the case with enhanced technology policy, we 300 

assumed a more optimistic range with a minimum demand of 1.79 GtCO2/a and the same maximum 301 

demand of 5.1 GtCO2/a for long-term market growth, where political interventions and measures 302 

promote more favorable market conditions and therefore higher demand for DAC (Table 3). 303 

  304 

For the maximum potential demand, we included DAC-based carbon in the hard-to-abate sectors, 305 

aviation, maritime shipping, chemicals and cross-sectoral carbon dioxide removal (Table 3). We then 306 

obtained the energy or carbon demand for 2050 for each sector. In terms of energy demand, we assumed 307 

a carbon intensity of fuels and feedstocks of 250 g/kWh. We assumed that up to 50% of the carbon 308 

demand associated with the largest hard-to-electrify fuels and feedstocks in the mentioned sectors, 309 

along with 50% of the novel carbon removal needs at the 75th percentile of scenarios limiting warming 310 

to below 2°C by 2050, could be met by DAC or DAC-based e-fuels (Table 3). This led to a maximum DAC 311 

market size of 5.1 GtCO2/a in total, which defined the upper limit of the uniform demand distribution 312 

(SI_Visual 3d).  313 

 314 

For the minimum potential demand for DAC-based carbon and in the case with enhanced technology 315 

policy we multiplied the potential maximum demand of 5.1 GtCO2/a by 35%, resulting in a value of 1.79 316 

GtCO2/a.  The 35% reflects a general assumption that, by 2050, demand in each hard-to-abate sector 317 

will increase by at least this amount, inspired by the projected 35% rise in synthetic aviation fuel (SAF) 318 

demand across all EU airports by 205048. For simplicity, we assumed that the minimum demand for CDR 319 

for cross-sectoral carbon capture covers only 17.5% of the total carbon required by 2050, rather than 320 



50% as in the maximum potential demand. This also corresponds to a 35% increase in CDR demand 321 

compared to DAC's maximum carbon demand by mid-century (Table 3). 322 

Table 3: Summary Table of the minimum and maximum long-term DAC demand market size. 323 

Case Minimum Value [GtCO2/a] Maximum Value [GtCO2/a] 

A) Base case 0 
5.1 

B) Case with technology policy 1.79 

 324 

Table 4: Maximum and minimum DAC demand pull values 325 

Sector or 
application 
with 
potential 
DAC 
requirement 

2050 
energy 
or 
carbon 
demand 

Total 
carbon 
required 

Maximu
m 
carbon 
required 
from 
DAC 

Assumption on deriving 
the sector-specific DAC 
requirement from the 
total annual demands 

Source 

Aviation 
15.27 
EJ/a 

1.1 GtCO2/a 
0.5 
GtCO2/a 

50% of carbon 
requirements met by DAC 

IEA NZE 2050 49 

Maritime 9.9 EJ/a 0.7 GtCO2/a 
0.3 
GtCO2/a 

50% of carbon 
requirements met by DAC 
(this assumes large role of 
methanol compared to 
the carbon-free fuel 
ammonia) 

IEA NZE 205049 

Chemicals 
carbonaceou
s feedstocks 

55 EJ/a 3.8 GtCO2/a 
1.9 
GtCO2/a 

50% of carbon 
requirements met by DAC 
(this maximum DAC 
scenario implicitly 
assumes little waste 
incineration CCS, less 
circularity such as 
mechanical/chemical 
recycling routes and less 
bioplastics) 

Fritzeen et al. 202350 
(GCAM), which 
shows 55-60 EJ/a 
only for chemical 
feedstocks (in 3 of 4 
scenarios). 
In comparison, the 
IEA NZE49 only has 
28 EJ feedstock 
demand in 2050 (due 
to demand 
reductions in e.g. 
plastics compared to 
a baseline) 

Carbon 
dioxide 
removal 
(CDR) 

4.6 
GtCO2/a 

4.6 GtCO2/a 
2.3 
GtCO2/a 

50% of carbon 
requirements met by DAC 
(assuming limits in the 
availability of biogenic 
carbon for BECCS, which 
dominates novel CDR in 
many IAM scenarios) 

Smith et al. 2023 
(table 8.2) 20, 75th 
percentile from novel 
CDR (e.g. DACCS, 
BECCS) in C1-C3 
scenarios 

Sum across 
sectors 

  
10.2 
GtCO2/a 

5.1 
GtCO2/a 

    



Credibility in long-term DAC requirements: The demand pull regarding the credibility in long-term DAC 326 

requirements reflected investors' foresight and regulatory certainty, indicating their expectations for the 327 

duration of demand pull long-term market size projections and the competitiveness of CDR by DAC. For 328 

the base case we set the default assumption of this anticipation to five years. This assumption is based 329 

on Odenweller et al. (2022)17 and data regarding the market expansion duration of other clean 330 

technologies 22,43. For the case with enhanced technology policy, we scaled the default anticipation up 331 

to 15 years, based on the assumption that ambitious policy measures have been taken place.  332 

 333 

2.4 Truncated Normal Distribution  334 

The implementation of the stochastic uncertainty analysis was based on the Monte Carlo simulation 335 

approach. The parametric uncertainty underlying this approach was reflected by randomly selected 336 

samples extracted from probability distributions. For the initial capacity in 2030, as well as for the 337 

different emergence growth rates, we applied a normal distribution with a lower truncation (chapter 2.3).  338 

The lower truncation constrained the distribution to a certain lower bound51. We defined this lower 339 

bound "a" for the initial capacity distribution by all projects that were already "Operational" or "Under 340 

construction" and will start production in 2030. By defining the lower truncation, we were able to 341 

determine the truncation interval [a, ]. In the next step, we set up suitable conditions for the remaining 342 

two degrees of freedom using the μ (mean) and s (standard deviation).  343 

 344 

For the first condition, we assumed that the success rate of the projects with the development status 345 

"Feasibility Study" (FS) and "Design and Engineering Phase" (DEP) is 30% due to techno-economic and 346 

financial influences52–54. Therefore, we set the corresponding post-truncation expected value to this 347 

assumed capacity, which can be described as C
0.3 (FSandDEP)

. Since the probability density function can be 348 

expressed as ϕ and the cumulative density function of the normal distribution as Φ, the first condition 349 

relates to the expected value (E(X)):  350 

 351 

   (2.4.1) 352 

The second condition we determined by assuming a further techno-economic and financial scenario, 353 

namely the probability of those projects that have already been confirmed by a "FID" and are therefore 354 

actually built is 15%. We labelled this capacity C
FID

. Using the truncated cumulative distribution 355 

function, this condition can be described as follows:  356 

(2.4.2) 357 

 358 

Due to the scarcity of empirical data to determine these conditions regarding DAC, we adopted the two 359 

conditions 2.4.1 and 2.4.2 almost identically to those of Odenweller et al. (2022)17. However, for the 360 

capacity C0.3 (FSandDEP)  
in the first condition, we orientated us not only on the success rate of 30% from 361 

the source of Odenweller et al. (2022)17 in the case of hydrogen projects, but also on Abdulla et al. 362 

(2020)52, which has shown a failure rate of 80% for CCS investments in the US, and on Kazlou et al. 363 

(2023)53, which has predicted a failure rate of 76% for today’s CCS plans. Furthermore, since we 364 

additionally included the DEP projects between the development stages of the FS and the "FID" and 365 

aimed for an optimistic and representative distribution, both capacity assumptions of 30% and 15% 366 

already made by Odenweller et al. (2022)17 also proved to be valid for our analysis. 367 

To obtain μ and σ, we numerically solved the non-linear system formed by the conditions 2.4.1 and 368 

2.4.2, which allowed us to completely determine the truncated distribution by adding the previously 369 

determined truncation value "a". The changed initial capacity of the case with enhanced technology 370 

policy also passed through this truncated normal distribution, except that that capacity was multiplied 371 

by a factor of 10 (chapter 2.3).  372 



For the distribution of baseline growth rates of the analog ammonia synthesis, we extracted the global 373 

ammonia synthesis production data from the dataset of Roberts and Nemet (2024)16. From this dataset, 374 

which contains data between 1924 and 2018, we used only the data from the period 1932 to 1959 to 375 

isolate exclusively the exponential growth phase of this technology. We obtained the data for wind 376 

energy, which reflected the optimistic sensitivity of the growth rates for DAC, by using the installed wind 377 

capacity from the BP Statistical Review of World Energy 202455. This data was available and therefore 378 

used to examine the exponential growth phase of wind energy from 1997 to 2023 for Europe, North 379 

America and globally. Our database for LNG capacity, which represented the pessimistic sensitivity of 380 

growth rates for DAC, originated from the HATCH database56, where we looked at a selected period 381 

from 1974 to 2020 to capture its exponential growth phase (SI_Visual 3, SI_Visual 4, SI_Table 2). 382 

We fitted exponential models to the data of each technology in 7-year moving intervals by calculating 383 

the mean and standard deviation of the 7-year growth rates of them (SI_Visual 4). We then subsequently 384 

used the intervals to parameterise the emergence growth rate distributions of each technology 385 

(SI_Visual 3). For the respective distributions, and therefore the different growth rate cases, we 386 

assumed a lower truncation of 0%/a for all the considered technologies, which we also defined as the 387 

lower limit of CDR market growth for DAC. By doing so, we accounted for the possible reality in which 388 

the growth of the CDR market for DAC and therefore its adoption has a non-ambitious outcome in the 389 

future. We then used the values from the truncated normal distributions for the respective initial 390 

capacities of the base case and the case with enhanced technology policy, as well as for the emergence 391 

growth rates, to further calculate the logistic diffusion model and finally to determine the resulting 392 

feasibility spaces. 393 

2.5 Logistic Technology Diffusion Model  394 

As already introduced in chapter 2.3 c) Demand pull, we elaborated the adapted logistic technology 395 

diffusion model provided by Odenweller et al. (2022)17. As with the scale-up of green hydrogen in the 396 

case of DAC deployment, the demand pull of the long-term market size must also simultaneously 397 

expand and harmonise the three definition areas of infrastructure, supply and demand. To realise this, 398 

we implemented the standard logistical technology diffusion model in such a way that a steadily growing 399 

demand pull was embedded, similar to Odenweller et al. (2022)17. In contrast to the referenced study, 400 

our demand pull approach did not assume a fixed end-market volume. Instead, we considered a range 401 

of potential end-market volumes and corresponding market growth trajectories, applying a randomized 402 

distribution with the following characteristics (equation 2.5.1):  403 f(x)  =         1(g−c) , for c ≤  x ≤  g        (2.5.1) 404              0,                   otherwise 405 

 406 

Whereas "c" is the minimum potential demand and "g" the maximum potential demand that can occur 407 

in the distribution (chapter 2.3 c) Demand pull). Furthermore, all values between "c" and "g" have equal 408 

probability and the area under the probability density function is equal to 1, as it represents a probability 409 

distribution. This method enabled us to determine a randomly selected long-term DAC demand for each 410 

Monte Carlo iteration, resulting in varied end-market size outcomes. This range of possible end-market 411 

size scenarios we then defined differently between the base case and the case with enhanced 412 

technology policy, based on specific assumptions (chapter 2.3).  413 

Additionally, since the CO2 removal by DAC, like green hydrogen, cannot be described representatively 414 

by substituting technology shares, as Odenweller et al. (2022)17, we modelled the directly growing 415 

market volume, expressed by the CDR capacity of DAC in our analysis, instead of its market shares. In 416 

this way, the implementation of the diffusion could be reconstructed as described below: 417 

 418 



The standard logistic function for the DAC removal capacity C(t) is described per definition by the 419 

asymptote C
max

, growth constant k, inflection point t
inf and Euler’s number e = 2.718 (equation 2.5.2):  420 

(2.5.2) 421 

By deriving this function, the solution of the logistic differential equation 2.5.3 could be obtained. As a 422 

result, C(t
inf

) is subject to the condition C(t
inf

) = C
max

/2 due to the existing point symmetry of the S-shaped 423 

curve:  424 

(2.5.3) 425 

Whereas Odenweller et al. (2022)17’s model idea was based on this differential equation 2.5.4. The 426 

resulting adapted model converted C
max into a time-dependent demand pull C

max(t) 
and discretised the 427 

differential equation, where t denotes the time in years and b the annual growth rate b = ek - 1: 428 

 (2.5.4) 429 

We then drew a sample (N = 1000) for the base case and the case with enhanced technology policy, in 430 

each case separately for the corresponding initial capacities in 2030, and for the annual growth rate b 431 

of the baseline and sensitivity growth rates using the Monte Carlo simulation. This allowed us to use the 432 

values obtained in the adjusted diffusion equation 2.5.2. Furthermore, the presented model improved 433 

numerical accuracy by using a quarterly time resolution with a quarterly growth rate. This growth rate 434 

was defined by bq = (1 + b)1/4 - 1. Like Odenweller et al. (2022)17, we found no noticeable influence on 435 

the results by further increasing the temporal resolution.  436 

Data availability  437 

All data analysed in the paper have been derived from previously published materials, which are 438 

included in the listed references and in the GitHub repository. 439 

Code availability 440 

All code necessary for replicating reported results is available in the GitHub repository. 441 
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