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Abstract 

Marine carbon dioxide removal (mCDR) removes CO2 from seawater to enable additional uptake of 

anthropogenic CO2 by the ocean. However, this uptake is very slow, limiting mCDR efficiency on years to 

century timescales. Furthermore, it occurs over vast spatial scales, making estimates with real world 

measurements unfeasible and robust estimates with conventional ocean models expensive.  Here, we 

develop a novel approach that uses virtual particle tracking of mCDR-perturbed absorbers, which 

accumulate atmospheric CO2 along their trajectories. Benchmarking against state-of-the-art ocean 

model simulations shows that absorbers can reproduce the global structures of mCDR efficiency 

estimated by a low-resolution (1°) model (±8%) and mCDR efficiency from 12 selected sites estimated 

with a high-resolution (0.1°) model (±4%), while being 102 and 106 times computationally cheaper. This 

advance enabled assessing mCDR efficiency on all coastlines around the world at 4-12 km resolution. 

This high-resolution global assessment found that 10-year mCDR efficiency was generally high 

(efficiency>80%) across (sub)tropical coasts, but more limited around Antarctica and parts in the North 

Atlantic, the Mediterranean, North-East-Asian coastlines, and some Southern Hemisphere mid-latitudes. 

Furthermore, dense nearshore sampling reveals 30-50% efficiency differences over tens to hundreds of 

kilometres, showing that coastal mCDR efficiency estimates depend on high-resolution assessments. 

Through integration into accessible online tools, our study provides a transparent and spatially explicit 

assessment of where coastal mCDR interventions are most likely to provide efficient atmospheric CO2 

uptake.  

 



   

 

   

 

Main text 

Keeping global warming below 2 °C requires rapid emissions reduction. Additionally, 6-10 Gt CO2 need to 

be removed from the atmosphere per year by 2050, using a portfolio of carbon dioxide removal (CDR) 

methods 1. Marine CDR (mCDR) methods are considered to be among the most scalable within this CDR 

portfolio, due to the large size of the ocean and its natural carbon reservoir 2. However, mCDR methods 

create a surface-ocean seawater CO2 deficit that is equilibrated only when atmospheric CO2 enters the 

ocean. The rate and extent of this air-sea CO2 equilibration determine the mCDR efficiency, defined here 

as the time-dependent equilibration of a seawater CO2 deficit with atmospheric CO2. As this 

equilibration occurs on the ocean basin scale and takes months to decades (or even centuries under 

some physical regimes), we are unable to continuously monitor mCDR efficiency in the real world. 

Instead, the assessment of mCDR efficiency critically depends on numerical model simulations 3–8. 

Air-sea CO2 equilibration is controlled by physical and biogeochemical processes. CO2-deficient water 

must remain within, or repeatedly return to, the surface layer for air-sea gas exchange to act. The 

equilibration rate depends on wind speed, sea-ice cover, temperature-dependent gas transfer and 

carbonate chemistry buffering. Existing (conventional) model experiments have revealed global patterns 

and seasonal distribution of mCDR equilibration 7–9. However, the computational cost of such 

conventional simulations strongly constrains the number of mCDR deployment sites, seasons, 

parameterizations and resolutions that can be tested. Real-world measurements of equilibration of an 

mCDR-induced seawater CO2 deficit will likely be practically impossible in the medium-term, due to the 

vast spatial-temporal scales over which air-sea CO2 equilibration occurs 3 (Fig. 1b).   

Here, we address this critical limitation by implementing “virtual absorbers” into Lagrangian particle 

tracking 10, which uses existing physical and biogeochemical fields generated by existing ocean model 

simulations (Fig. 1). Each absorber represents a fraction of the mCDR perturbation, which is established 

by assigning absorbers with a deficit in dissolved inorganic carbon (DIC) relative to the surrounding 

seawater 11.  This DIC deficit causes a CO2 deficit that decays through air-sea CO2 exchange. When the 

absorber is within the mixed layer, the remaining deficit is reduced by a gas-exchange loss term. When it 

is below the mixed layer, no direct air-sea compensation occurs. The method is modular: Absorber 

trajectories, gas exchange strength, carbonate sensitivity, sea-ice coverage and mixed-layer exposure 

are treated explicitly, allowing the method to be used across model products and spatial resolutions. We 

first benchmarked the method against existing simulations, which had previously assessed mCDR-

induced CO2 equilibration rates with conventional, coarse- and high-resolution global models 7,8,12. 

Afterwards, we used virtual absorbers in 0.1° coastal release experiments to study the global coastal 

structure of mCDR efficiency, as the coastal ocean is where mCDR is expected to occur primarily 9,13,14. 



   

 

   

 

Figure 1: Virtual absorbers for mCDR air-sea equilibration. 

a)  Virtual absorbers, here illustrated as barrels, are released as an ensemble at a given location. Initially, absorbers share 

a pre-defined CO2 deficit relative to the surrounding (barrels are empty; 0% CO2 uptake). Once released, naturally 

buoyant absorbers disperse with ocean currents and absorb CO2 when they in or near the surface layer, until the initial 

CO2 deficit is compensated (barrel is full; 100% CO2 uptake).  b) Example ensemble release near Japan, showing CO2 

(percentage) uptake along absorber trajectories (lines) and 5-year final absorber equilibration states (circles).  

 



   

 

   

 

Results 

Benchmarking against conventional modelling 

We first tested whether the virtual absorber approach reproduces globally gridded mCDR efficiencies 

that had previously been estimated with an ocean-sea ice only version of the Community Earth System 

Model 2 (CESM2) at coarse spatial (1°) and temporal (1 month) resolutions 7,12. We find that the 

absorber method reasonably reproduces the main global patterns of mCDR efficiency (Fig. 1a–c). The 

mean absolute error across all efficiency estimates, pooled over sites and time, is 7.7%, and 97.8% of the 

690 site-level comparisons between the absorber method and CESM2 fall within ±30%. 

We observed relatively good agreement between the methods in the tropics, although the absorber 

method underestimates equilibration by ~5% relative to CESM2 when averaged over all tropical sites 

(Fig. 2d). In the mid-latitudes, the absorber method (on average) initially overestimates equilibration 

before settling at a ~2% underestimation after 5-7 years.  The largest systematic biases occur in high-

latitude deep-water formation regions (Fig.2d), and in mid- to high-latitude open-ocean regions. These 

biases are likely related to the fact that monthly, low-resolution velocity fields cannot fully represent 

deep-water formation processes, which further leads to a higher mCDR efficiency estimation, as 

subduction is suppressed.  

Next, we compared absorber mCDR efficiencies to simulations with the Australian Community Climate 

and Earth System Simulator Ocean Model (ACCESS-OM2) 15. This comparison was conducted across 12 

globally representative nearshore regions  and at two resolutions 8 : 1° and monthly (ACCESS-OM2) as 

well as 0.1° and daily resolution (ACCESS-OM2-01). These comparisons show that increasing 

spatiotemporal resolution substantially increase the agreement in mCDR efficiency between the 

absorber and the conventional modelling method (Fig. 2e, f). At low resolution, differences initially 

exceed 20% at some study sites, while settling at a mean absolute error of 8.0% from beginning to year 

13 (Fig. 2e). The differences are particularly pronounced at polar sites, where the low resolution velocity 

fields used for simulating absorber drift cannot accurately resolve polar low-efficiency regions 

associated with bottom-water formation. This reveals a limitation of the absorber method in polar 

oceans when used in low resolution models. Nevertheless, the absorber method is able to provide 

mCDR efficiency estimates that are broadly consistent (year 10 bias < 10%) with conventional modelling 

in most regions. 

At high model resolution the agreement between the two approaches improves substantially, including 

in polar sites.  During four years of simulation, differences remain more stable, not exceeding 15%, while 

the mean absolute error is only 4.19% (Fig. 2f).  

The computational cost reduction enabled by the absorber method is substantial. Conventional model 

estimates of mCDR efficiency require hundreds of CPU hours per simulated year at 1° and tens of 

thousands of CPU hours at 0.1° for each independent mCDR scenario 7,8,15,16. At market rates, a 10-year 

simulation for the assessment of a single site costs approximately USD 30–60 at 1° resolution, and USD 

30,000–60,000 at 0.1° resolution (see Supplementary Text 1). By using available ocean fields, the 

absorber method can evaluate many release sites simultaneously, reducing computational cost by 

roughly two to six orders of magnitude (see Supplementary Text 1, Supplementary Fig. 5). This shifts the 



   

 

   

 

practical question from whether a small number of mCDR scenarios can be simulated to how densely 

coastlines, seasons and parameter space should be sampled. 

 

Figure 2: Comparing absorber-derived mCDR efficiency with conventional model 

estimates. 

(a-b) mean 10-year mCDR efficiency across 690 sites from the absorber implementation into 1° CESM2 

and the conventional online CESM2 estimate from Zhou et al. (2025). Difference in 10-year mCDR 

efficiency (absorber-method minus online CESM2) shown as gridded dataset (c) and over time (d). In (d), 

coloured lines indicate the mean for three geographic groups. The bias of each of the 690 curves is 

shown as a semi-transparent grey line. (e-f) ACCESS-OM2 1° monthly (e) and ACCESS-OM2 0.1° daily (f) 

absorber simulations compared with conventional estimates at 12 globally distributed reference sites 8. 

Note that in (a) and (c-e), for sites with >60% invalid absorber trajectories in later tracking stages, their 

results were excluded from both figures and statistics (see in Methods). 

 

 



   

 

   

 

Global coastal patterns of mCDR efficiency 

Using absorbers within the high-resolution model (0.1°) at daily temporal resolution allowed the 

evaluation of 10-year mCDR efficiencies at 149,521 sites spanning the global coastline south of 75°N. 

Absorbers were deployed in each of the four seasons (January, April, July and October), leading to 

598,084 mCDR efficiency assessments along coastlines. Absorbers were released at the two model grid 

cells closest to the coast. The spacing between test sites was nominally 0.1°, varying with latitude from 

approximately 4-12 km. 

The 0.1° resolution analysis shows a clear geographic structure in 10-year mCDR efficiency on a global 

level (Fig. 3a). Tropical and subtropical coasts are generally high-efficiency environments and often 

approach complete CO2 equilibration within a decade, for example in the Indo-Pacific, tropical Atlantic, 

and many low-latitude islands. By contrast, high-latitude Antarctic coastal waters and sea-ice-influenced 

regions remain low efficiency. Furthermore, larger stretches of lower-efficiency coastlines also occur 

around Japan, Australia south of 20°S, New Zealand, the Gulf of Oman, the Mediterranean Sea, and 

some islands in the North Atlantic such as the Canary Islands (Fig. 3a). These regional differences 

emerge early after absorber initialisation and intensify with time.  (Supplementary Fig. 1). 

Smaller-scale spatial variability (within ~100 km) in mCDR efficiency between release sites also shows 

distinguishable geographic features (Fig. 3b). Low-latitude coasts tend to have limited small-scale 

variability in mCDR efficiency, whereas higher latitudes often show steep gradients within 10s to 100s of 

kilometres of coastline. Mid-latitude hotspots of local variability occur along the western Pacific 

margins, the Japanese and East Asian seas, western Europe, the Caribbean and the Mediterranean. 

Seasonal variability in mCDR efficiency, which is calculated from the 10-year mCDR efficiency standard 

derivation of the four experimental seasons, roughly follows the pattern of smaller-scale variability 

(compare Figs. 3b and 3c).  It is concentrated at high latitudes (Fig. 3c), where winter mixed-layer 

deepening, sea-ice cover, and pronounced seasonal variations in temperature and wind modulate the 

rate of air–sea gas exchange and the duration for which perturbed waters remain exposed to the 

atmosphere. Seasonal maps at years 1 and 10 further confirm that the largest monthly contrasts occur 

in high-latitude regions, whereas low-latitude coasts remain consistently high efficiency across four 

seasons (Supplementary Fig. 2). Seasonal attribution maps show that the same physical controls recur 

across seasons, but their relative importance shifts where sea ice and mixed-layer depth vary strongly 

(Supplementary Fig. 3).  

To facilitate detailed access to the underlying data for all 149,521 sites, we developed an interactive 

data-visualization website as a supplementary resource to this study 17.  

 



   

 

   

 

Dominant controls of mCDR efficiency 

The “dominant attribution analysis” (see Methods) reveals the dominant drivers that shape the spatial 

patterns in mCDR efficiency (Fig. 3d and Supplementary Fig. 3). We interpreted these patterns using five 

trajectory-sampled controls on air-sea CO2 equilibration: mixed-layer residence (whether the absorber is 

in the mixed-layer or not), sea-ice cover, surface windspeed, carbonate-system sensitivity, and Schmidt-

number scaling. Mixed-layer residence and sea-ice cover are first-order control because they regulate 

the absorber’s exposure to the atmosphere. Secondly, surface windspeed regulates gas-transfer 

intensity following 18,19, carbonate-system sensitivity is represented by β, defined as the ratio of sea-

surface Δ[CO2] to ΔDIC above the absorber (see methods). A higher β means that a given DIC deficit 
produces a larger reduction in surface CO2 concentration, strengthening the air-sea CO2 gradient and 

accelerating atmospheric CO2 uptake. Schmidt-number scaling captures the temperature dependence of 

CO2 diffusivity: warm, low-Schmidt-number waters exchange CO2 more rapidly for a given wind speed, 

whereas cold, high-Schmidt-number waters slow diffusive exchange. 

High-efficiency regions (efficiency>90%) are distributed widely in tropical and subtropical coasts, mainly 

corresponding to environments where absorbers remain in the mixed layer and where gas exchange is 

accelerated by high β, strong winds or warm water with a low Schmidt number (Fig. 3d).  

Low-efficiency regions (efficiency<70%) result from the opposite combination of controls (Fig. 3d). 

Dominant attribution shows that in most low-efficiency regions the vertical transport moves absorbers 

out of the mixed layer, carrying the CO2 deficit into the ocean interior where it cannot be compensated 

with atmospheric CO2. Antarctic coastal waters combine several low-efficiency processes: sea-ice cover, 

cold water, strong seasonal stratification changes and frequent residence below the mixed-layer, 

producing the lowest 10-year mCDR efficiency globally. Some low-efficiency coastal regions in the North 

Atlantic (e.g. Greenland) and mid-latitudes (e.g. Hokkaido) similarly reflect efficiency reductions 

associated with deep mixed layers and/or diapycnal transport from the surface ocean. 

Figure 3: Coastal mCDR efficiency, variability and dominant controls. 

(a) Annual mean 10-year coastal mCDR efficiency based on ACCESS-OM2 0.1° daily absorber simulation. Mean values are 

calculated for 100-km alongshore bins using simulation data from the 149,521 coastal sites across four seasons. For 

visualization, bin values are extended up to 185 km offshore on the global maps.  (b) Spatial variability of 10-year mCDR 

efficiency around each release site, quantified as the difference between the 80th and 20th percentiles (Q80–Q20) of 

mCDR efficiency across all sites within a 300 km radius of that release site. Higher values indicate greater local spatial 

variability in mCDR efficiency. (c) Seasonal standard deviation in 10-year mCDR efficiency, calculated from the mCDR 

efficiency values of the four experimental seasons at each site. Higher values indicate greater inter-seasonal variability in 

mCDR efficiency. (d) Dominant drivers of summer 10-year mCDR efficiency across coastlines, using July/January results 

for the Northern/Southern Hemisphere. Drivers are grouped into three efficiency categories: low efficiency (0–70%; 

green), intermediate efficiency (70–90%; blue/purple), and high efficiency (90–100%; red/orange/pink).  More detailed 

dominant-driver classifications, including secondary driver combinations, for summer and other seasons are shown in 

Supplementary Fig. 3.  



   

 

   

 

 



   

 

   

 

High resolution reveals nearshore heterogeneity 

Conventional ocean models are computationally expensive. Therefore, previous studies have estimated 

mCDR efficiency mostly over relatively coarse spatial resolutions, with individual mCDR deployment 

regions spanning approximately 2°–20° (100 to 1000s kilometres)5,7,8,12,20–23. Fig. 4 reveals that such 

coarse resolution misses the pronounced gradients that occur along coastlines on short distances. The 

four locations exemplified in Fig. 4, Hokkaido, the Canary Islands, Tasmania and the Antarctic Peninsula, 

are hotspots of smaller-scale spatial variability after 10 years of simulation. They show that 10-year 

mCDR efficiency can vary by roughly 30-50% over tens to hundreds of kilometres. Many contemporary 

mCDR deployments occur along coasts and on small scales 24,25. Future mCDR deployments are also 

expected to remain primarily coastal in due to logistical and regulatory constraints 9,13,14. Thus, the 

spatial heterogeneity revealed with absorber simulations represent deployment-relevant coastal 

features that larger-scale mCDR assessments cannot resolve. 

The pronounced small-scale heterogeneity in mCDR efficiency around Hokkaido, the Canary Islands and 

Tasmania mainly reflect different combinations of below-mixed layer residence, strong-wind exposure 

and β control while cold water temperature effects play an additional role along the Antarctic Peninsula. 

Thus, large-scale averaging obscures local variations of mCDR efficiency because it cannot distinguish 

the relevant local physical and chemical conditions that govern it. For coastal mCDR, the relevant 

question is not primarily which region is efficient on average, but which nearshore water-mass pathways 

remain sufficiently exposed to the surface ocean to draw down atmospheric CO2 over the following 

decade.  

As such, a key finding of this study is that coastal mCDR efficiency cannot be inferred from assessments 

that average over larger spatial scales. High-resolution simulations show strong regional structure in 

both the magnitude and drivers of mCDR efficiency. This spatial structure is not noise, it is the 

oceanographic signal that determines how much atmospheric CO2 a coastal mCDR intervention can 

credibly remove over policy-relevant timescales. 

 



   

 

   

 

Figure 4: Comparison between coarse-resolution and 0.1° resolution assessments of 

coastal mCDR efficiency and its dominant controls. 

(a-c) Hokkaido January release; (d-f) Canary Islands January release; (g-i) Tasmania July release; (j-l) Antarctic Peninsula 

July release. For each row, the left panels show  mCDR efficiency estimated with the conventional modelling approach  
7,12 where the simulated mCDR deployment covers very large areas. The middle panels show the 0.1° resolution 10-year 

coastal absorber assessment for each site. The right panels show dominant attribution classes at the corresponding 

coastal sites. The left and middle panels share the mCDR efficiency (%) colour scale; numbers in brackets in the legend on 

the right provide the number of coastal sites that fall into a corresponding attribution class.  



   

 

   

 

Strengths and weaknesses 

Estimating mCDR efficiency with the absorber method is one hundred to one million times 

computationally cheaper than conventional ocean model approaches, while yielding comparable results 

especially in high-resolution applications (Fig. 2). The method is therefore suitable to generate high-

resolution assessments over large spatial scales (Fig. 3, Supplementary Website 17), which would be 

prohibitively expensive with conventional modelling methods.  

However, the absorber method has other limitations. The framework diagnoses physical and carbonate-

chemistry controls on air-sea equilibration, but it is not a coupled Earth-system accounting model. It 

assumes perturbations remain small enough that background DIC and alkalinity fields provide an 

adequate carbonate-chemistry reference. It does not represent biological feedbacks, nutrient limitation 
26, calcification and dissolution responses 27, atmospheric CO2 feedbacks 23,28, or local concentration-

gradient diffusion from intense deployments 29. Furthermore, conventional ocean models transport a 

simulated CO2 deficit through advective and diffusive processes. Absorbers (which carry the CO2 deficit) 

are only displaced through advection, while diffusive processes have to be implemented through a fixed 

term (horizontally) and simplified parameterization (vertically) (See details in Methods). This limitation 

makes absorbers physically less representative of water mass dispersal simulated with conventional 

modelling. Finally, absorbers depend on the ocean current simulations provided by conventional 

modelling. Thus, the fidelity of the absorber method depends on how well a model outputs (which are 

used to calculate absorber trajectories) represent ocean currents. Model simulations can insufficiently 

resolve tidal currents 30, important topographic features 31, or submesoscale transport 32,33, thereby 

affecting absorber pathways and surface exposure. Meanwhile, because the absorber framework can be 

readily applied to other models, improved model fidelity should translate directly into improved 

absorber-based estimates.  

These strengths and weaknesses define the appropriate use of the absorber method. It is well suited for 

high-resolution global screening, model intercomparison, ensemble design, and identifying where and 

when the much more expensive conventional model simulations are needed most.  

 



   

 

   

 

Implications 

Logistical constraints on infrastructure, energy, and regulation suggest that mCDR will, at least initially, 

mainly occur along coastlines.  Indeed, all mCDR field trials that generate a seawater CO2 deficit and are 

documented on an international database are coastal 34. This coastal concentration makes high-

resolution spatial assessment particularly valuable, because deployment feasibility and mCDR efficacy 

will be sensitive to coastal fine scale variations in bathymetry and circulation.  

The geographic structure of mCDR efficiency along coastlines (Fig. 3a) also has direct implications for the 

implementation of mCDR on the global level. For example, some nations with interest in mCDR like 

Australia 35, Japan 36, or Saudi Arabia 37 may be geographically disadvantaged, since considerable parts of 

their coastlines enable comparatively low mCDR efficiency over 10-year timescales. While zooming in 

reveals that high efficiency hotspots can still be found along these coastlines (from Fig. 3a to Fig. 

4b,e,h,k, see Supplementary Website 17), the overall implication is that mCDR risks significant efficiency 

losses due to the spatial proximity to low efficiency areas. Importantly, many of the equilibration 

trajectories at these more critical sites suggest that equilibration stops at lower levels rather than more 

slowly but continuously increasing over longer timescales. This suggests that the efficiency limitation on 

mCDR via air-sea CO2 equilibration extends beyond the 10-year simulations performed herein.  

In summary, our new absorber-based approach represents a step towards more efficient and scalable 

evaluation of mCDR efficiency by providing a robust, yet affordable method for identifying regions of the 

global ocean where mCDR is most effective. Beyond mapping spatial patterns, the method also enables 

us to diagnose why some regions exhibit higher efficiencies than others. Importantly, we show that 

pronounced small-scale variability in mCDR efficiency is a widespread feature, highlighting the need for 

high-resolution simulations to adequately resolve these variations. Together, these advances provide a 

stronger basis for assessing and planning coastal mCDR deployment worldwide and are directly 

supported by an open access online tool  17. 

 



   

 

   

 

Methods 

Absorber experiments 

Absorbers are virtual particles that can absorb CO2 until they are 100% equilibrated with the 

atmosphere. Absorbers were released at prescribed locations and advected with three-dimensional 

ocean velocity fields (Table 1) using Ocean Parcels10. Absorber positions were recorded with co-located 

physical and biogeochemical fields, including their own depth, local mixed-layer depth, sea-surface 

temperature, salinity, sea-ice concentration, background dissolved inorganic carbon, background total 

alkalinity and 10 m wind speed. The mCDR efficiency was calculated as the mean across absorbers 

released at the same site and season. 

Table 1: Configuration of absorber simulations 

Model 
1-month mCDR perturbation 

time 

Run length 

(year) 

Velocity field 

frequency 
Model citation 

ACCESS-OM2 1° 2004 January/July 13 monthly Kiss et al. (2020) 

ACCESS-OM2 

0.1° 

2004 

January/April/July/October 
10 daily Kiss et al. (2020) 

CESM2 1° 
1999 

January/April/July/October 
15 monthly 

Danabasoglu et 

al. (2020) 

Mesoscale spreading of absorbers is unresolved in the simulations with monthly 1° fields (ACCESS-OM2, 

CESM2, see Table 1). In these simulations mesoscale spreading was introduced with a default horizontal 

diffusivity of 3000 m2·s-1. For the daily 0.1° ACCESS-OM2 fields, mesoscale structure is partly resolved, 

and no additional horizontal diffusivity was introduced. When absorbers approach coastlines or the 

seafloor, advection can occasionally move them into invalid model locations, such as land cells or below 

the local bathymetry 39,40. In such cases, the trajectory-tracking routine automatically attempts to 

relocate the particle to the nearest valid ocean grid point for which velocity fields were available. If this 

relocation failed, trajectory tracking for that absorber was terminated and it was not considered for the 

calculation of mCDR efficiency from that point onward.  

Vertical exchange within the surface layer was represented by a mixed-layer shuffle that redistributes 

particles within the mixed layer  39–42. Specifically, at each 1.5 h time step, absorbers located within the 

ocean model’s mixed layer, were assigned a stochastic vertical displacement within the diagnosed mixed 

layer. The maximum displacement per time step was 5.4 m (i.e., 0.1cm/s), and the updated particle 

depth was constrained not to exceed the local mixed-layer depth. This parameterization represents 

unresolved turbulent stirring in the upper ocean, prevents absorbers from remaining unrealistically fixed 

at their release depth and preserves the three-dimensional transport resolved by the model velocity 

fields. 

 



   

 

   

 

Absorber approach calculation of mCDR efficiency 

For each absorber trajectory i and time step t, we first estimate the potential air-sea CO2 uptake by the 

absorber that would occur if it was in the mixed layer where CO2 exchange is possible. This single-step 

gas-exchange term Ki,t, is calculated: 𝐾௜,௧  =  1 − exp (−0.24 ∙ ೔ீ,೟ℎೌ್ೞ೚ೝ್೐ೝ) (Equation 1) 

Here, Gi,t is the gas-transfer velocity (described below) and habsorber is the geometric height of the 

absorber, which is based on absorber’s release depth. We used habsorber = 4.6 m for the 1° and 0.1° 

ACCESS-OM2 simulations, and habsorber = 12 m for CESM2 (Supplementary Text 2). Ki,t ranges from 0 to 1, 

where 0 indicates no atmospheric CO2 uptake during the time step and 1 indicates that absorbers have 

taken up all the CO2 they can at a specific location.  

Air-sea exchange is only allowed when the absorber is within the mixed layer. We therefore define a 

binary exposure term: ܣ௜,௧ = {1, ܼ௜,௧ < ,௜,௧0ܮܯ ܼ௜,௧ ≥  ௜,௧  (Equation 2)ܮܯ

Here, Zi,t is the absorber depth and MLi,t is the mixed-layer depth. Based on sensitivity tests, mixed-layer 

depth was constrained to 50–1000 m for the 0.1° fields and 100–1000 m for the 1° fields, because these 

ranges produced absorber-approach estimates most consistent with the conventional model simulations 

(Supplementary Text 3; Supplementary Fig. 4).  

For absorbers within the mixed layer, we define a mixed-layer exposure factor: Φ௜,௧ = ߛ ℎೌ್ೞ೚ೝ್೐ೝெ௅೔,೟  (Equation 3) 

Φi,t represents the probability of the absorber to be in the surface where air-sea gas exchange can occur, 

adjusted by the empirical scaling coefficient γ. γ is calibrated against the conventional model approach. 

We used γ = 1.3 for the 0.1° daily ACCESS-OM2-01 fields, γ = 1.8 for the 1° monthly ACCESS-OM2 fields, 

and γ = 1.5 for the CESM2 fields (Supplementary Fig. 4). The single-step fractional loss (Li,t) of the mCDR 

perturbation is then calculated as: ܮ௜,௧ =  min(ܣ௜,௧Φ௜,௧𝐾௜,௧ , 1) (Equation 4) 

In most cases, Li,t is less than 1: Ai,t and Ki,t  are both bounded by 1, and γ.habsorber is typically smaller than 

MLi,t, so Φi,t is also less than 1. If Li,t exceeds 1 in rare cases, we set it to 1, so that the calculated 

atmospheric CO2 uptake cannot exceed the maximum capacity of an absorber.  

Remaining mCDR perturbation in percentage is accumulated along each trajectory: ܴ௜,௧ =  100% ∏ (1 − ௜,௧)௧{௧=0}ܮ  (Equation 5) 

Finally, the cumulative atmospheric CO2 uptake is calculated as: ܧ௜,௧ =  100% −  ܴ௜,௧ (Equation 6) 



   

 

   

 

Air-sea gas exchange and carbonate sensitivity 

The gas-transfer velocity for the absorbers in ACCESS-OM2 simulations (both 1 and 0.1) was calculated 

as: 

௜,௧ܩ  =  0.31 ௜ܷ,௧2 (ௌ௖(்೔,೟)660 )−12 ௜,௧ߚ ∙  (1 − ݂݅ܿ݁௜,௧) (Equation 7) 

For CESM2 the same equation was used but the gas-transfer coefficient was changed from 0.31 18 to 

0.251 19 to be consistent with the conventional modelling approach used for CESM2 7.  In equation 7, Ui,t 

is 10 m wind speed, Ti,t is sea-surface temperature, which is approximated by uppermost layer 

temperature, and f_icei,t is sea-ice fraction. The Schmidt number Sc is: ܵܿ(ܶ) =  2073.1 −  125.62 ܶ +  3.6276 ܶ2 −  0.043219 ܶ3 (Equation 8) 

Carbonate sensitivity β was estimated with PyCO2SYS 43 as a finite difference in aqueous CO2 

concentration with respect to DIC. Here the ΔDIC is set to 10 mmol m-3: ߚ௜,௧ ≈ [CO2](DIC೔,೟+௱DIC,ALK೔,೟,ௌ೔,೟,்೔,೟)−[CO2](DIC೔,೟,ALK೔,೟,ௌ೔,೟,்೔,೟)௱DIC   (Equation 9) 

 

 

Model simulations and absorber release setup 

The absorber  benchmark experiments used monthly 1° CESM2 simulations for comparison with 

conventional model estimates of mCDR efficiency 7,12, and ACCESS-OM2 simulations at 1° and 0.1° 

resolution for comparison with conventional estimates from ACCESS-OM2  8. The high resolution coastal 

mapping experiments used daily ACCESS-OM2 0.1°  physical and biogeochemical simulation outputs for 

1999-2018, forced by JRA55-do atmospheric fields 44. Wind fields were taken from three-hourly JRA55-

do atmospheric forcing and aggregated to match the temporal resolution of the ocean products. 

In the ACCESS-OM2 0.1° absorber experiments, nearshore release locations were defined using the two 

ocean grid cells closest to the nearest coastline. Absorbers were released for one-month in January, 

April, July and October 2004. Each monthly release experiment included 149,521 release sites, with one 

absorber released per site per day, giving 31 absorbers per site in January, July and October, and 30 

absorbers per site in April.  Because some absorbers can become unintentionally trapped and 

terminated in complex nearshore topography, we applied a minimum threshold of 6 valid absorbers of 

the total 30/31 absorbers in each site. Sites below this threshold were excluded from subsequent 

analyses to retain as much interpretable nearshore mCDR efficiency information as possible while 

avoiding unstable estimates from very small absorber samples. All data are available through the 

Supplementary Website 17. To assess whether 30/31 particles are sufficient to represent the site-level 

mCDR efficiency, we conducted a series of sensitivity tests. An absorber-number sensitivity test based 

on 100 randomly selected coastal sites showed that, the 31-absorber configuration retained a 95% 

confidence-interval half-width within ±5 percentage points in 66 of the 100 coastal sites (Supplementary 

Fig. 5a). This test therefore shows that 30/31 absorbers are sufficient to obtain robust assessments of 

mCDR efficiency. 



   

 

   

 

In the absorber vs. Conventional model simulations, absorber releases were strictly co-located with the 

corresponding conventional model release locations. For the CESM2 1° comparison, absorber particles 

were released at the 690 sites used in the conventional simulations 7,12; for the ACCESS-OM2 1° and 

ACCESS-OM2 0.1° absorber vs. Conventional model comparisons, absorber releases were conducted at 

the same 12 reference sites  used for the conventional simulations 8. Each site used on the order of 

3,000-10,000 absorber particles to minimize stochastic sampling error and ensure robust comparison 

with the conventional model estimates. Unlike the main coastal experiment, benchmark analyses used a 

stricter valid-absorber threshold: trapped absorbers were excluded, and sites with <40% valid absorbers 

were omitted from statistics and figures. Readers can also  test the validity threshold to display more or 

fewer retained results through the Supplementary Website 17. 

 

Accuracy of mCDR efficiency prediction compared with conventional online 

experiments 

Absorber estimates were benchmarked against conventional online model mCDR efficiency by 

comparing annual efficiency time series and spatial maps at matching sites, release seasons and model 

products. Difference maps report absorber minus conventional model efficiency (Fig. 2c). 

To determine the default empirical scaling coefficient γ values in Eq. 2, we recalculated mCDR efficiency 

across a range of γ for the ACCESS-OM2 and CESM2 benchmark trajectory ensembles. The results show 

that γ = 1.3 gives the lowest absorber vs.  conventional model prediction error for the 0.1° ACCESS-OM2-

01 daily 12-site benchmark, whereas γ = 1.8 and 1.5 provide the more robust low-error configuration for 

the 1° monthly fields based on the CESM2 690-site four-season benchmark and the ACCESS-OM2 12-site 

benchmark (Supplementary Fig. 4). 

We also tested the sensitivity of the absorber approach to mixed layer depth limits. The sensitivity tests 

show that the daily 0.1° ACCESS-OM2-01 fields achieved the best agreement between the absorber 

approach and the conventional model under a 50–1000 m mixed layer depth limit, whereas the 1° 

ACCESS-OM2 and CESM2 fields showed the closest agreement under a 100–1000 m limit. This difference 

may reflect the greater ability of the higher resolution and higher frequency ACCESS-OM2-01 fields to 

represent near-surface water mass transport, allowing shallower absorber trajectories to be assigned 

exchange weights more realistically. By contrast, the coarser and lower frequency 1° fields may require a 

stronger shallow mixed layer constraint to avoid assigning unrealistically large exchange weights to 

shallow trajectories when mesoscale transport is not fully resolved. 

Trajectory-based environmental attribution of mCDR efficiency  

We used a trajectory-based attribution analysis to identify which environmental conditions were 

associated with spatial differences in mCDR efficiency. This analysis was descriptive: it tested whether 

high- and low-efficiency release sites were consistently linked to different air-sea CO2 exchange 

environments recorded by the absorber trajectories. 

For each release site, site-level environmental descriptors were calculated from all absorbers released at 

that site. Each site consisted of 30 or 31 absorbers, depending on the release month (see above). Each 

environmental variable was weighted by the remaining mCDR perturbation, so that conditions recorded 



   

 

   

 

while a larger CO2 deficit remained had a stronger influence on the site-level descriptor. For an 

environmental variable X, the trajectory-weighted site mean was calculated as: 

 ܺ̅௦ = ∑ ∑ ௪೔,೟೟೔=30/31೔=1 ௑೔,೟∑ ∑ ௪೔,೟೟೔=30/31೔=1  (Equation 10) 

 

Here, Xi,t is the environmental value (descriptor) sampled by absorber i at time step t, and wi,t is the 

fraction of the initial mCDR perturbation remaining for that absorber at that time step. The same 

weighting was applied to sea-ice fraction, wind forcing, Schmidt-number scaling, carbonate sensitivity, 

and mixed-layer contact. 

Different environmental descriptors (Xi,t) were chosen to represent the main physical and chemical 

controls on air-sea CO2 exchange. Sea-ice fraction represents suppression of surface CO2 exchange. 

Mixed-layer contact was represented by the binary exposure term (Ai,t), which indicates whether the 

absorber was physically connected to the atmosphere. Wind forcing was represented by U2, which is 

proportional to the wind contribution to gas transfer. The temperature effect on gas exchange was 

represented by the Schmidt-number scaling term Sc660
-0.5, with warmer, lower-Schmidt-number waters 

corresponding to faster diffusive exchange for the same wind speed. Carbonate sensitivity was 

represented by β. 

To compare descriptors with different units, each site-level descriptor was converted to a standardized 

anomaly within the same release season: 

  ZX = X−μXσX  (Equation 11) 

where µX and σX are the mean and standard deviation of descriptor X across all valid global sites in that 

season and window. A positive ZX therefore indicates that a site sampled more of that environmental 

condition than the seasonal average. 

Sites were grouped into three efficiency regimes using their 10-year mCDR efficiency: high efficiency > 

90%, intermediate efficiency 70%–90%, and low efficiency < 70%. We then summarized the dominant 

environmental features associated with each regime. A descriptor was treated as a primary 

environmental feature when its signed standardized anomaly was at least 1.0, and as a secondary 

feature when it was at least 0.5. 

For high-efficiency sites, we first tested whether the site had unusually strong mixed-layer contact. If so, 

the site was classified as mixed layer connected. We then recorded any secondary features associated 

with enhanced air-sea exchange, including stronger winds, warmer water, or higher carbonate 

sensitivity. For low-efficiency sites, we first tested whether sea ice was unusually high, because sea ice 

directly limits surface gas exchange. If sea ice was not the dominant feature, we then tested whether 

the absorber spent unusually little time in the mixed layer. Other secondary features for low-efficiency 

sites included weak winds, colder high-Schmidt-number waters, and low carbonate sensitivity. 

Intermediate-efficiency sites were allowed to include both positive and negative environmental features, 

reflecting cases where different controls may partly offset each other. 



   

 

   

 

Sites sharing the same efficiency regime and dominant environmental features were grouped into 

attribution classes. The mean efficiency anomaly, occurrence frequency, and spatial coherence of these 

classes are summarized in the supplementary webpage (Xie et al., 2026). This analysis identifies 

environmental conditions that co-vary with spatial patterns in mCDR efficiency along absorber 

trajectories. It should be interpreted as a descriptive attribution framework, rather than as a single-

factor causal perturbation experiment. 

 

Interactive data-visualization tool 

To make full use of the absorber method and dataset we build a website 17 that allows users to explore 

mCDR efficiency at any given coastal site, conduct sensitivity tests, and evaluate the site-specific drivers 

that explain differences in mCDR efficiency. For any site from any of the four seasonal experiments, 

users can select the site on the interactive map and move the time slider to visualize the daily 

trajectories of individual absorbers over the entire 0–10-year period, together with their day-by-day 

changes in mCDR efficiency. The trajectories are displayed in the map, with an optional depth-based 

colour scale that allows users to track changes in depth along each trajectory. The website also provides 

the corresponding daily temporal evolution of wind speed, local mixed-layer depth, background (i.e., 

excluding the mCDR perturbation) DIC, background total alkalinity, and β for each absorber along its 
trajectory. The website therefore enables readers to retrieve the complete daily mCDR-efficiency data 

for any site of interest and to interpret its temporal variability in the context of the evolving physical and 

chemical conditions encountered by each absorber. This interactive framework was developed to make 

the large volume of trajectory-resolved model output accessible and interpretable at the individual-site 

and individual-absorber levels, which cannot be comprehensively represented in figures or tables. 

 



   

 

   

 

Data availability 

The processed data for all main text and supplementary figures are publicly available on Zenodo 

(https://doi.org/10.5281/zenodo.23073669). Coastal marine CO2 removal efficiencies and absorber 

trajectories can also be explored through the supplementary website. The CESM2 model output used in 

this study is available through the Cworthy DOR Efficiency Atlas on Source Cooperative. The ACCESS-

OM2 model fields are held at Australia’s National Computational Infrastructure and can be accessed by 
contacting the corresponding author. The complete particle-trajectory outputs are not included in the 

Zenodo archive because of their large size but are available from the corresponding author on request. 

Code availability 

The absorber approach implementation and workflows for ACCESS-OM2-01, ACCESS-OM2-1 and CESM2 

are archived on Zenodo (https://doi.org/10.5281/zenodo.23071881). Code for reproducing the main 

and supplementary figures from the archived data is provided in the figure source-data repository on 

Zenodo (https://doi.org/10.5281/zenodo.23073669). The underlying ACCESS-OM2 model code is 

maintained in the COSIMA repository, and the Parcels Lagrangian particle-tracking framework is 

available from its GitHub repository. 
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