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Global Carbon Budget 20252026 - Supplementary Information

S.1 Methodology Fossil Fuel CO; emissions (Eros)

S.1.1 Cement carbonation

From the moment it-isthey are created, cement beginsproducts begin to absorb CO; from the atmosphere, a
process known as ‘cement carbonation’. We estimate this CO, sink, from 1931 onwards, as the average of
twethree studies in the literature (Cao et al., 2020; GueNiu et al., 2021-extended by Huang2025; Xiao et al.,
20232026). The Global Cement and Concrete Association reports a much lower carbonation rate, but this is
based on the highly conservative assumption of 0% mortar (GCCA, 2021). Modelling cement carbonation
requires estimation of a large number of parameters, including the different types of cement material in different
countries, the lifetime of the structures before demolition, of cement waste after demolition, and the volumetric
properties of structures, among others (Xi et al., 2016). Lifetime is an important parameter because demolition
results in the exposure of new surfaces to the carbonation process. The main reasons for differences between the
tweo-studies appear-to-be-theare assumed lifetimes of cement structures-and-the, geographic resolution, but-the
uneertainty-bounds-whether mortar is modelled separately, and whether end-of-the-twe-stadies-everlap-life and

secondary use phases are included.

S.1.2 Emissions embodied in goods and services

Our national emission statistics are in line with IPCC reporting guidelines and ‘include greenhouse gas
emissions and removals taking place within national territory and offshore areas over which the country has
jurisdiction’ (Rypdal et al., 2006), and are called territorial emission inventories. Consumption-based emission
inventories allocate emissions to products that are consumed within a country and are conceptually calculated as
the territorial emissions minus the ‘embodied’ territorial emissions to produce exported products plus the
emissions in other countries to produce imported products (Consumption = Territorial — Exports + Imports).
Consumption-based emission attribution results (e.g. Davis and Caldeira, 2010) provide additional information
to territorial-based emissions that can be used to understand emission drivers (Hertwich and Peters, 2009) and
quantify emission transfers by the trade of products between countries (Peters et al., 2011a). The consumption-
based emissions have the same global total but reflect the trade-driven movement of emissions between

countries in response to human activities.

We estimate consumption-based emissions from 1990 by enumerating the global supply chain using a global
model of the economic relationships between economic sectors within and between every country (Andrew and
Peters, 2013; Peters et al., 2011b). Our analysis is based on the economic and trade data from the Global Trade
and Analysis Project (GTAP; Narayanan et al., 2015), and we make detailed estimates for the years 1997
(GTAP version 5), 2001 (GTAP6), and 2004, 2007, 2011, 2014, and 2017 (GTAP11.0), covering 57 sectors and
141 countries and regions. The detailed results are then extended into an annual time series from 1990 to the
latest year of the Gross Domestic Product (GDP) data (typically one year less than the territorial emissions
data), using GDP data by expenditure in current exchange rate of US dollars (USD; from the UN National
Accounts main Aggregates database; UN, 2025) and time series of trade data from GTAP (based on the
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methodology in Peters et al., 2011b). We estimate the sector-level CO, emissions using the GTAP data and
methodology, add the flaring and cement emissions from our fossil CO, dataset, and then scale the national
totals (excluding bunker fuels) to match the emission estimates from the carbon budget. We do not provide a
separate uncertainty estimate for the consumption-based emissions, but based on model comparisons and
sensitivity analysis, they are unlikely to be significantly different than for the territorial emission estimates

(Peters et al., 2012b).

S.1.3 Uncertainty assessment for Eros

We estimate the uncertainty of the global fossil CO, emissions at +5% (scaled down from the published 10 %
at +26 to the use of +1c bounds reported here; Andres et al., 2012). This is consistent with a more detailed
analysis of uncertainty of £8.4% at +2¢ (Andres et al., 2014) and at the high-end of the range of +5-10% at +2¢
reported by (Ballantyne et al., 2015). This includes an assessment of uncertainties in the amounts of fuel
consumed, the carbon and heat contents of fuels, and the combustion efficiency. While we consider a fixed
uncertainty of +5% for all years, the uncertainty as a percentage of emissions is growing with time because of
the larger share of global emissions from emerging economies and developing countries (Marland et al., 2009).
Generally, emissions from mature economies with good statistical processes have an uncertainty of only a few
per cent (Marland, 2008), while emissions from strongly developing economies such as China have
uncertainties of around £10% (for +1o; Gregg et al., 2008; Andres et al., 2014). Uncertainties of emissions are
likely to be mainly systematic errors related to underlying biases of energy statistics and to the accounting

method used by each country.

S.1.4 Growth rate in emissions

We report the annual growth rate in emissions for adjacent years (in percent per year) by calculating the
difference between the two years and then normalising to the emissions in the first year: (Eros(tt1)-
Eros(t0))/Eros(t9)*100%. We apply a leap-year adjustment where relevant to ensure valid interpretations of
annual growth rates. This affects the growth rate by about 0.3% yr™' (1/366) and causes calculated growth rates

to go up approximately 0.3% if the first year is a leap year and down 0.3% if the second year is a leap year.

The relative growth rate of Eros over time periods of greater than one year can be rewritten using its logarithm

equivalent as follows:

1 dE d(InE,
Fos _ d(InEfos) (s1)
Epos dt at

Here we calculate relative growth rates in emissions for multi-year periods (e.g. a decade) by fitting a linear
trend to In(Eros) in Eq. (S1), reported in percent per year. We define the average growth rate over a decadal
period to include the growth in the first year. For example, when calculating the growth rate of 2000-2009, we
include the growth rate in the year 2000, thus the regression is for the years 1999-2009, otherwise the growth
from 1999-2000 would not be included in either 1990-1999 or 2000-2009 time periods.

S.1.5 Emissions projection for 20252026

To gain insight on emission trends for 20252026, we provide an assessment of global fossil CO, emissions,

Eros, by combining individual assessments of emissions for China, USA, the EU, and-India-(thefour, and Japan
2
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(five countries/regions with the largest emissions), international aviation, international shipping, and the rest of

the world.
The methods are specific to each country or region, as described in detail below.

China: We use a regression between monthly data for each fossil fuel and cement, and annual data for
consumption of fossil fuels / production of cement to project full-year growth in fossil fuel consumption and

cement production. The monthly data for each product consists of the following:

- Coal: Production data from the National Bureau of Statistics (NBS), plus net imports from the China
Customs Administration (i.e., gross supply of coal, not including inventory changes), adjusted
using monthly production data for thermal electricity, crude steel, pig iron, coke and cement from
NBS.

- Oil and Natural gas: Production data from NBS, plus net imports from the China Customs
Administration (i.e., gross supply, not including inventory changes)

- Cement: Production data from NBS

For oil, we use data for production and net imports of refined oil products rather than crude oil. This choice is
made because refined products are one step closer to actual consumption, and because crude oil can be subject

to large market-driven and strategic inventory changes that are not captured by available monthly data.

For each fuel and cement, we make a Bayesian linear regression between year-on-year cumulative growth in
supply (production for cement) and full-year growth in consumption (production for cement) from annual
consumption data. In the regression model, the growth rate in annual consumption (production for cement) is
modelled as a regression parameter multiplied by the cumulative year-on-year growth rate from the monthly
data through the last month of observation (m) of each year for past years (through 26242025). We use broad
Gaussian distributions centered around 1 as priors for the ratios between annual and through-m growth rates. We
then use the posteriors for the growth rates together with cumulative monthly supply/production data through
month m of 26252026 to produce a posterior predictive distribution for the full-year growth rate for fossil fuel

consumption / cement production in 26252026.

If the growth in supply/production through the last month of observation were an unbiased estimate of the full-
year growth in consumption/production, the posterior distribution for the ratio between the monthly and annual
growth rates would be centered around 1. However, in practice the ratios are different from 1 (in most cases
below 1). This is a result of various biasing factors such as uneven evolution in the first and second half of each
year, inventory changes that are somewhat anti-correlated with production and net imports, differences in

statistical coverage, and other factors that are not captured in the monthly data.

For fossil fuels, the mean of the posterior distribution is used as the central estimate for the growth rate in
20252026, while the edges of a 68% credible interval (analogous to a 1-sigma confidence interval) are used for

the upper and lower bounds.

USA: We use emissions estimated by the U.S. Energy Information Administration (EIA) in their Short-Term
Energy Outlook (STEO) for emissions from fossil fuels to get beth-¥FD-and-a full year projection (EIA,
20252026). The STEO alse-ineludesuses a near-term forecast based on an energy forecasting model which is

3
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updated monthly (we use the October 26252026 edition), and takes into account expected temperatures,
household expenditures by fuel type, energy markets, policies, and other effects. We combine this with our
estimate of emissions from cement production using the monthly U.S. cement clinker production data from
USGS for January-June 26252026, assuming changes in clinker production over the first part of the year apply
throughout the year.

India: We use monthly emissions estimates for India updated from Andrew (2020b) through August/September
20252026. These estimates are derived from many official monthly energy and other activity data sources to
produce direct estimates of national CO; emissions, without the use of proxies. Emissions from coal are then
extended using a regression relationship based on power generated from coal, coal dispatched by Coal India Ltd.
(CIL) and the Singareni Collieries Company Limited (SCCL), the composite Purchasing Managers’ Index
(PMI), time, and days per month. For the last months of the year without observations, each series is

extrapolated assuming typical (pre-2019)-trends from previous years.

EU: We use a refinement to the methods presented by Andrew (2021), deriving emissions from monthly energy
data reported by Eurostat. Some data gaps are filled using data from the Joint Organisations Data Initiative
(JODI, 26252026). Sub-annual cement and cement-clinker production data are limited, but data for Germany,

Poland and Spain, the three largest producers, are available-, and we also use indices of cement production for

France and Italy. For fossil fuels this provides estimates through July-September, varying by fuel. We extend
coal emissions through October using a regression model built from generation of power from hard coal, power
from brown coal, and the number of working days in Germany, the biggest coal consumer in the EU, and then
extend through December using typical trends. We extend oil emissions through December by building a
regression model between our monthly CO; estimates and oil consumption reported by the EIA for Europe in its

Short-Term Energy Outlook (October 2025 edition), and then using this model with EIA’s monthly forecasts.

Eornatural-gas;weFor natural gas, we first extend through September using the daily demand estimation

method of Fernandez-Blanco et al. (2024) and then extend through December using Holt-Winters, which

captures recent trends.

Japan: We use-a-newly-developed-datasetderive estimates of monthly emissions-derived from official monthly
activity data including energy flows and industrial production statistics (Kunimitsu & Andrew, i#
preparationaccepted). This gives very robust estimates through July, which we extend through December using

typical trends from previous years.

International transport: Given the divergence in behaviour of international shipping from countries’ emissions

since the COVID-19 pandemic, we project international bunkers separately. Foraviation-we-use-sub-annual-data

(https:airportia-com

qualitatively-For aviation we construct a model of available seat kilometres (ASK) and cargo-dedicated flights

using data from IATA and assume some recovery before the end of the year from the dip caused largely by a

4
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sharp reduction of traffic in the Middle East, but still well below the previous trend. For international shipping,

while there has been a sharp drop in shipping from the Middle East, much of this has been made up with

increased supply elsewhere, often on much longer routes. No reliable estimates of sub-annual international

shipping emissions are available. Data from AIS have become less reliable, not only because of many more

ships disabling their transmitters or spoofing their locations, but also because of ship-to-ship transfers of

cargoes, which turn one international voyage into two non-international voyages. We combine information from

the OECD, ClimateTRACE, and bunker-fuel sales from major ports to qualitatively arrive at a reduction of -1%.

Rest of the world: For oil and gas emissions, we use the global oil demand forecast (EIA) and global gas
demand forecast (IEA) and subtract the other regions explicitly modelled, and estimate uncertainty as the
maximum absolute difference over the period available for such forecasts using the specific monthly editions of
the respective forecasts. For coal and cement, we use the close relationship between the growth in GDP and the
growth in emissions (Raupach et al., 2007) to project emissions for the current year. This is based on a
simplified Kaya Identity, whereby Eros (GtC yr'') is decomposed by the product of GDP (USD yr™') and the

fossil fuel carbon intensity of the economy (Iros; GtC USD™) as follows:
Erps = GDP X Ipgpg (S2)

Taking a time derivative of Equation (S2) and rearranging gives:

1 dEpos _ 1 dGDP | 1 dipps
Eros dt  GDP dt ' Ipps dt (83)
where the left-hand term is the relative growth rate of Eros, and the right-hand terms are the relative growth

rates of GDP and Iros, respectively, which can simply be added linearly to give the overall growth rate.

The Iros is based on GDP in constant PPP (Purchasing Power Parity) from the International Energy Agency
(IEA) up to 2017 (IEA/OECD, 2019) and extended using the International Monetary Fund (IMF) growth rates
through 2024 (IMF, 2024). Interannual variability in Iros is the largest source of uncertainty in the GDP-based
emissions projections. We thus use the standard deviation of the annual Iros for the last decade as a measure of

uncertainty, reflecting a +1c as in the rest of the carbon budget.

World: The global total is the sum of each of the countries and regions.

S.1.6 Carbon Monitor projection
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83 Shert-term—projection—by—the—end-of 2025+ We use a time series forecasting model based on an additive

84 decomposition framework to predict the full-year CO, emissions in 26252026. The model separates the emission
185 dynamics into four structural components: p(t)=g(t)+s(t)+h(t)+&
186 Where g(t) is the trend function, capturing long-term directional changes in emissions; S(f) represents the temporal
187 patterns, e.g. seasonality; A(?) denotes the holiday effects, encoding country-specific public holidays and major
188 events that disrupt normal activity (e.g., Spring Festival holidays in China, COVID-19 lockdowns); £1is the errors,
189  representing stochastic variability not explained by the above components.
|190 Historical daily CO, emissions data from Carbon Monitor, spanning January 1, 2019 to AugustJuly 31, 20252026,
191 are used as input. Data are disaggregated by country and sector to capture heterogeneous emission patterns. Each
192 country—sector series is modeled independently to preserve unique structural dynamics. The fitted models generate
|193 daily predictions for SeptemberAugust 1 to December 31, 20252026, which are then aggregated to produce annual
194 projections at both the national and global levels. To quantify predictive uncertainty, we generate 68% confidence
195 intervals using repeated parameter sampling and residual bootstrapping. These intervals reflect both model

196  uncertainty and unexplained variability in historical emissions.

197
198 S.2 Methodology CO; emissionsfluxes from land-use;land-use change and < [Formatted: Indent: First line: 1.27 cm
199 ferestryland management (Epuc)

ROO The net CO; flux from land-use;tand-use change and forestryland management (Eruc, eatedhereafter referred
RO1 to as net land-use change emissions-in-therest-of the-text) includes CO; fluxes from deforestation and clearing

R02 of other natural vegetation, afforestation and reforestation, logging and forest degradation (including harvest

R0O3 activity), shifting cultivation (cycle of cutting forest for agriculture, then abandoning), regrowth of forests and

RO4 other natural vegetation following wood harvest or abandonment of agriculture, peat burning; and peat drainage,

RO5 and transitions between cropland, pasture and urban areas. Land-management activities are only partly included

206 in our land-use change emissions estimates (Table S1). Some land-use change and land-management activities
207 cause emissions of CO; to the atmosphere, while others remove CO; from the atmosphere. Eruc is the net sum
208 of emissions and removals due to all anthropogenic activities considered. Our annual estimates for 1959-2024
209 are provided as the average of results from three bookkeeping models (Supplement S.2.2): the Bookkeeping of
210 Land Use Emissions model (BLUE; Hansis et al., 2015), the compact Earth system model OSCAR (Gasser et
211 al., 2020), and the Land-Use Change Emissions model (LUCE; Qin et al., 2024). Peat emissions are added from
212 external datasets (Supplement S.2.2). BLUE and OSCAR are updated with new land-use forcing data covering
P13 the time period until 2024 (Supplement S.2.1). ELuc data are extrapolated to provide a projection for 20252026
214 (Supplement S.2.6). In addition, we use results from Dynamic Global Vegetation Models (DGVMs; see

215 Supplement S.2.3 and Table 4) to help quantify the uncertainty in E_uc (Supplement S.2.5), and thus better
216 characterise the robustness of annual estimates and trends. In this budget, we follow the Eryc definition as used
217 by global carbon cycle models, which counts fluxes due to environmental changes on managed land towards
218 Sranp, as opposed to the national greenhouse gas inventories (NGHGIs) under the UNFCCC, most of which

19 include them in E_uctheir estimate of fluxes from land use, land-use change and forestry (LULUCF) and thus

20 often report smaller net land-use emissions (Grassi et al., 2023). Following the translation methodology of
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Grassi et al. (2023), we provide harmenisedreconciled estimates of the two approaches further below
(Supplement S.2.4).

S.2.1 Land-Use and Land Use Change Datasets

Bookkeeping models and DGVMs use the harmonised land-use change data LUH2-GEB2625GCB2026
covering the period 850-20242025 as input to estimate ELuc (an update to the previously released LUH2 v2h
dataset; Hurtt et al., 2017; Hurtt et al., 2020). LUH2-GEB2025GCB2026 provides land-use change data at 0.25°
spatial resolution based on data from the Food and Agriculture Organization of the United Nations (FAO,
2025a2025) as well as the HYDE3 SHYDE365 dataset (Klein Goldewijk et al., 2017a, 2017b), considering
subgrid-scale transitions between primary forest, secondary forest, primary non-forest, secondary non-forest,

cropland, pasture, rangeland, and urban land (Hurtt et al., 2020; Chini et al., 2021).

S.2.1.1 HYDE3.56 [Formatted: Font: Calibri, Italic

The HYDE3.56 cropland/grazing/urban land dataset is constrained by FAO country-level statistics (FAO,
2025a2025; bulk download February 2025) for the years 1961-2023. HYDE uses satellite imagery from ESA-
CCI from 1992-2018 for more detailed yearly allocation of cropland and grazing land, with the ESA-CCI area
data scaled to match the FAO annual totals at country-level. The 2018 map is also used for the 2019-26242025
period. The original 300 metre spatial resolution data from ESA is aggregated to a 5 arc minute resolution

according to the classification scheme as described in Klein Goldewijk et al. (2017a).

As-in-GEB2024Similar to GCB2025 we replace the FAO timeseries for China, based on province-level area
totals from Yu et al. (2022) for the 1900-26192024 period. For Brazil and Indonesia, we replace the full FAO
time series with time series based on MapBiomas state-level area totals (available for 1985-26232024 for Brazil
and 2000-20232024 for Indonesia) (MapBiomas Brasil, Souza et al., 2020, MapBiomas Indonesia). For
Indonesia, MapBiomas replaces cropland only, which includes oil palm plantations as does FAO, while grazing
land is taken from FAO. For the pre-1985 period, the per-capita cropland area in 1985 is calculated for each
state of Brazil (based on MapBiomas) and scaled with the historical population development for each state of

Brazil. A similar methodology is adopted for land cover change information from MapBiomas for Indonesia.

5.2.1.2 LUH2-GCB2025GCB2026 | Formatted: Font: Calibri, Italic

LUH2-GEB2625GCB2026 is an update of the comprehensive harmonised land-use data set version 2 (Hurtt et
al., 2020), which includes fractional data on primary and secondary forest vegetation, as well as all underlying
transitions between land-use states (Hurtt et al., 2011, 2017, 2020; Chini et al., 2021; Table S1). LUH2-
GEB2025GCB2026 covers the period 850-26242025 and consists of 0.25° fractional areas of land-use states
and all transitions between those states, including an updated wood harvest reconstruction and updated
representation of shifting cultivation, crop rotation, and management information including irrigation and
fertiliser application. The land-use states include five different crop types in addition to splitting grazing land
into managed pasture and rangeland. Wood harvest patterns are constrained with Landsat-based tree cover loss

data (Hansen et al. 2013).
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The complete LUH2-GEB2025GCB2026 forcing timeseries is updated to use the new HYDE3.56 land-use and
population data. LUH2-GEB2625GCB2026 uses the 2025-FAO national wood harvest production data for
1961-26232024 along with the new HYDE3.56 population data to reconstruct the historical wood harvest time-
series. Wood production data is linearly extended to the year 26242025. In addition, the land-use time series is
extended beyond the years that are directly informed by data in HYDE (e.g., beyond 2023 for those countries
based on FAO country-level statistics) to include land-use states up to and including the year 26252026 (and
land-use transitions during the year 20242025). A simple extension of the previous 5-year trend for each gridcell
is applied. Updates in the land-use forcing are shown in Figure S1 in comparison to LUH2-GEB2623GCB2024
and LUH2-GEB2024GCB2025.

LUH2-GEB2025GCB2026 provides a distinction between rangelands and pasture, based on inputs from HYDE.

DGVM/ABM and bookkeeping modelling groups in the past have requested more information on whether natural

vegetation is lost in conversion to pasture or rangelands. LUH2 guidelines suggest that rangelands are
established after clearing of forests and managed pastures are established after clearing of all other natural
vegetation. Therefore, (1) rangeland establishment in forests is assumed to transform forests to grasslands, (2)
rangeland establishment in non-forest primary vegetation degrades primary to secondary vegetation, and (3)
rangeland establishment in non-forest secondary vegetation has no effect (e.g., browsing on shrubland; Ma et
al., 2020). In the bookkeeping model BLUE, this case distinction is implemented based on a forest mask
provided with LUH2-GCB2021.

S.2.2 Bookkeeping models

CO; emissions and removals from land-use change are calculated by three bookkeeping models. These are
based on the original bookkeeping approach of Houghton (2003), which keeps track of the carbon stored in
vegetation and soils before and after a land-use change event (transitions between various natural vegetation
types, croplands, and pastures). Literature-based response curves describe the decay of vegetation and soil
carbon, including carbon transfer to product pools of different lifetimes, as well as carbon uptake due to
regrowth. In addition, the bookkeeping models represent long-term degradation of primary forest as lowered
standing vegetation and soil carbon stocks in secondary forests and include forest management practices such as

wood harvests.

All three GEB2025GCB2026 bookkeepings models use transient carbon densities to estimate ELuc, i.e., they
consider the effects of environmental changes, such as atmospheric CO; increase and impacts of climate change,

on vegetation and soil carbon densities.

i)
earben-densities—The consideration of environmental changes to estimate ELuc does not interfere with Spanp

estimates. In fact, censideringthe consideration of environmental effects foron Epyc estimates-and eorreetingthe

updated methodology to estimate Spanp # (see

SeetionSupplement S.4.1) delivers a conceptually consistent terrestrial carbon budget (Pongratz et al. 2014;
i ~biases i i FC 5:2024). OSCAR already

includes the transient response in its Eryc estimates (Gasser and Ciais, 2013; Gasser et al., 2020). The static

Dorgeist et al.,

carbon densities of BLUE and LUCE were both updated using time-varying DGVM data from
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DGVMTRENDYv14-GCB2025 following the method described in Dorgeist et al. (2024). Vegetation and soil

carbon densities were used to derive scaling factors, benchmarked to their 1980 values. These scaling factors are

applied to the original carbon densities of BLUE and LUCE. The updated carbon densities maintain the original

spatial resolution but with temporal changes following DGVMs. Scaling factors for vegetation carbon densities
were derived from the DGVMs CABLE-POP, CLM, IBIS, ISAM, JSBACH. JULES-ES, LPJ-GUESS, LPJml,
LPX-Bern. ORCHIDEE, and iMAPLE. and scaling factors for soil carbon densities were derived from the
DGVMs CABLE-POP, IBIS, ISAM., JSBACH. ORCHIDEE, iMAPLE.

The bookkeeping models differ in (1) computational units (spatially explicit treatment of land-use change at
0.25° resolution for BLUE and LUCE, country-level for OSCAR), (2) processes represented (see Table S1), and
(3) carbon densities assigned to vegetation and soils for different types of vegetation (literature-based for BLUE,
calibrated to DGVMs for OSCAR, mainly literature-based but additionally considering the impact of land
cohort age on secondary land carbon stocks for LUCE). All three bookkeeping models include subgrid-scale
transitions between all vegetation types, and they allocate pasture transitions proportionally to all natural

vegetation that exists in a grid cell.

The three bookkeeping estimates used in this study also differ with respect to the land-use change data used to
drive the models. BLUE and LUCE use the harmonised land-use change data LUH2-GEB2625GCB2026.
OSCAR was run with both LUH2-GEB2025GCB2026 and data from the Forest Resource Assessment (FRA) of
FAO (using data from FAO, 2020), which provides statistics on forest-area change and management at intervals
of five years. The data is based on country reporting to FAO and may include remote-sensing information in
more recent assessments. Changes in land use other than forests are based on annual, national changes in
cropland and pasture areas reported by FAO (FAO, 2021). FAO/FRA data were linearly extrapolated to
20242025 using their 2015-2020 trends. The best-guess OSCAR estimate used in our study is a combination of
results for LUH2-GEB2025GCB2026 and FAO/FRA land-use data and a large number of perturbed parameter

simulations weighted against a constraint (the cumulative Spanp over 1960-20232024 of last year’s GCB).

Bookkeeping models do not directly capture carbon emissions from the organic layers of drained peat soils nor
from peat fires. Particularly the latter can create large emissions and interannual variability due to synergies of
land-use and climate variability in equatorial Southeast Asia, especially during E1-Nifio events. We add peat fire
emissions in equatorial Southeast Asia based on the Global Fire Emission Database (GFED4sGFEDS.1; van der
Werf et al., 20472025) to the bookkeeping models’ output. Peat fire emissions are calculated by multiplying the

mass of dry matter emitted by peat fires with the carbon emission factor for peat fires (considering CO, and CO

emissions) indicated in the GEED4sGFEDS.1 database. Emissions from tropical deforestation and degradation
fires used to derive the 20252026 Eruc projection (Supplement S.2.6) are calculated analogously. The satellite-
derived GEED4sGFEDS. 1 estimates of peat fire emissions start in 1997. For the previous years, we follow the
approach by Houghton and Nassikas (2017), which linearly ramps up from zero emissions in 1980 to 0.6407
GtC yr! in 1996, reflecting the onset of major clearing of peatlands in equatorial Southeast Asia in the 1980s.

We also add peat drainage emissions, combining estimates from three spatially explicit datasets. We employ
peat drainage emissions 1990-26222025 from croplands and grasslands provided by FAO (Conchedda and
Tubiello, 2020; FAO, 2625b2026a), peat drainage emissions 1700-2010 from simulations with the DGVM
ORCHIDEE-PEAT (Qiu et al., 2021), and peat drainage emissions 170120242025 from simulations with the
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DGVM LPX-Bern v1.5 (Lienert and Joos, 2018; Miiller and Joos, 2021), the latter applying the updated LUH2-
GEB2025GCB2026 forcing as also used by BLUE, OSCAR, LUCE, and the DGVMs. The LPX-Bern
simulations start from a transient run over the last deglaciation (-20,050 to 1700 AD) following Miiller and Joos
(2020) and are forced by changes in climate, atmospheric CO2, nitrogen deposition/input, and land-use changes.
Simulations were done with and without prescribing land-use changes since 1700 AD. The difference between
the simulations represents anthropogenic peat drainage emissions. To account for internal variability, we used
the median peat drainage emissions from a +020-member ensemble. In LPX-Bern, peat carbon is stored in (i)
active peatlands, (ii) former peatlands (“natural”), and (iii) former peatlands under anthropogenic use. We
average the two CO; emission cases from Miiller and Joos (2021), assuming that half the peat carbon is lost
immediately to the atmosphere after transformation from active to former peatland, while the rest decays slowly,
depending on local temperature and soil moisture. The LPX-Bern peat drainage emissions show a very high
emission peak in Russia in 1959 followed by very low emissions in 1960. This peak can be attributed to an
artefact in the HYDE dataset, which was corrected for Brazil and the Democratic Republic of the Congo in
GCB2022 (Friedlingstein et al. 2022b) but remains for Russia where it strongly impacts the LPX-Bern peat
drainage estimates in 1959 and 1960. To correct for this unrealistic peak, we replace the LPX-Bern peat
drainage emissions in Russia in 1959 and 1960 by the average of the estimates in 1958 and 1961. The FAO peat
drainage emissions are extrapolated to 1850-2024-bykeeping the post-2022 emissions-constantat 2022
levels;2025 by linearly increasing tropical peat drainage emissions between 1980 and 1990 starting from 0 GtC
yr! in 1980 (consistent with Houghton and Nassikas, 2017), and by keeping pre-1990 emissions from the often
old, drained areas of the extra-tropics constant at 1990 emission levels. The ORCHIDEE-PEAT data are
extrapolated to 2011-20242025 by replicating the average emissions in 2000-2010 (pers. comm. C. Qiu).
Further, ORCHIDEE-PEAT only provides peat drainage emissions north of 30°N, and thus we fill the regions
south of 30°N by the average peat drainage emissions from FAO and LPX-Bern. The final peat drainage

emissions are calculated as the average of the estimates from the three different peat drainage datasets.

We provide a split of net ELuc into component fluxes to give more insight into the drivers of net Eruyc and to
better identify reasons for divergence between bookkeeping estimates. This split distinguishes between total

emissions from deforestation and clearing of other vegetation (including due to shifting cultivation), total

removals from ferest-(re-)growth of forest and other vegetation (including regrowth in shifting cultivation

cycles), fluxes from wood harvest and other forest management (including emissions from slash decay in
forests, emissions from product decay following wood harvesting, and removals from regrowth after wood

harvesting), emissions from peat drainage and peat fires, and emissions and removals asseciated-with-all-ether

land-use-from transitions: between cropland, pasture, and urban areas. Additionally, we split emissions from

deforestation emissionsand clearing of other vegetation into emissions from permanent deforestation-and,

emissions from permanent clearing of shrub and herbaceous vegetation, emissions from deforestation in shifting

cultivation cycles-, and emissions from clearing of shrub and herbaceous vegetation in shifting cultivation

cycles. Similarly, we split removals from ferest-(re-)growth of forest and other vegetation into permanent forest

(re-)growth due to re-//afforestation-and, permanent (re-)growth of shrub and herbaceous vegetation, forest

regrowth in shifting cultivation cycles, and regrowth of shrub and herbaceous vegetation in shifting cultivation

cycles. This distinction is insightful with regard to the levers on the reduction of net emissions: as deforestation

and clearing of other vegetation for shifting cultivation is only temporary, the associated CO» emissions cannot
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easily be avoided without compromising the CO; removals from regrowth in shifting cultivation cycles. By
contrast, permanent deforestation is typically not directly related to re-//afforestation. Stopping deforestation for
permanent agricultural expansion and increasing the forest area provide two independent levers for net

emissions reduction.

Eruc data are provided as global sums, as spatially explicit estimates at 0.25° spatial resolution (i.e., the native
LUH2-GEB2625GCB2026 resolution), and for 199 countries (based on the list of UNFCCC parties). Spatially
explicit Eryc estimates for BLUE and LUCE are directly available at 0.25°. For OSCAR, the country-level
estimates were scaled to 0.25° based on the patterns of gross emissions and gross removals in BLUE (following
the methodology of Schwingshackl et al., 2022). The global net Eruc values indicated in the manuscript are the
sum of Eruc estimates from bookkeeping models, peat drainage emissions (average of FAO, LPX-Bern, and
ORCHIDEE-PEAT), and peat fire emissions (from GFEB4sGFEDS.1). Annual Epyc estimates from 1850
onwards are calculated as the average of the estimates from BLUE, OSCAR, and LUCE plus emissions from
peat fires and peat drainage. For the cumulative numbers starting in 1750, emission estimates between 1750-
1850 are added based on the average of four earlier publications (30 = 20 GtC 1750-1850, rounded to nearest 5;
Le Quéré et al., 2016). The gridded net Eryc estimates of BLUE, LUCE, and OSCAR are averaged, and the
gridded estimates of peat drainage emissions and of peat fire emissions are added. Country-level estimates for
the gridded datasets (BLUE, LUCE, LPX-Bern, ORCHIDEE-PEAT, GEED4sGFEDS.1) are calculated based on
a country map from Eurostat (Eurostat, 2024), which was remapped to 0.25°. In case multiple countries are
present in a 0.25° grid cell, the ELuc estimates are allocated proportional to each country’s land fraction in that

grid cell.

5.2.3 Dynamic Global Vegetation Models (DGVMs)

All DGVMs represent processes of vegetation growth and mortality, as well as decomposition of dead organic
matter associated with natural cycles, and include the vegetation and soil carbon response to increasing
atmospheric CO; concentration, to climate variability and to climate change. Most models explicitly simulate
the coupling of carbon and nitrogen cycles and account for atmospheric N deposition and N fertilisers (Table
S1). The DGVMs are independent from the other budget terms except for their use of atmospheric CO»
concentration to calculate the fertilisation effect of CO; on plant photosynthesis. Land-use change CO,
emissions are also estimated by an ensemble of 2223 DGVMs. The DGVMs account for deforestation and
regrowth, the most important components of Eruc, but they do not represent all processes resulting directly from

human activities on land (Table S1).

All DGVMs use the LUH2-GEB2625GCB2026 dataset as input to estimate the land use change CO; fluxes.
which includes the HYDE cropland/grazing land dataset (Klein Goldewijk et al., 2017a, 2017b), and some
additional information on land-use transitions, land-use management activities and wood harvest. DGVMs that
do not simulate subgrid-scale transitions (i.e., those estimating net land-use emissions; see Table S1) use the
HYDE information on agricultural area change. DGVMs implement land-use change in different ways (e.g., an
increased cropland fraction in a grid cell can either be at the expense of grassland, shrubs, or forest, the latter
resulting in deforestation; land cover fractions of non-agricultural land differ between models). Similarly,

model-specific assumptions are applied to convert deforested biomass or deforested area, and other forest
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product pools into carbon, and different choices are made regarding the allocation of rangelands as natural

vegetation or pastures.

As a criterion for inclusion in this carbon budget, we only retain models that simulate a positive ELuc during the
1990s, as assessed in the IPCC AR4 (Denman et al., 2007) and ARS (Ciais et al., 2013). All DGVMs met this

criterion.

This year, DGVM estimates of Epyc are calculated as the difference between simulation S4, with time-varying

land-use change but pre-industrial atmospheric CO» and climate, and the control simulation SO, with all forcings

held constant (see section S.4.1). Because CO; and climate are held at pre-industrial levels, S0-S4 does not

capture how environmental change has altered the carbon densities of land affected by land-use change (5L).

For example, vegetation grown under elevated CO; holds more carbon, so clearing it releases more. To account

for this missing term, we add the L. component estimated from the mean of the bookkeeping models to the

DGVM S0-54 Eruc.

S.2.4 Translation between NGHGIsNGHGI and E.ucbookkeeping estimates

LandNet land-use emissions estimates from bookkeeping models and from national GHG Inventories (NGHGIs)
show a large gap (Figure 8 and Table S11). This gap is due to different approaches for calculating anthropogenic
CO; fluxes related to land-use change and land management (Grassi et al. 2018). Land sinks due to
environmental changes on managed }andsland are treated as non-anthropogenic in the GCB assessments, while
they are generally considered as anthropogenic in NGHGIs (“indirect anthropogenic fluxes”; IPCC, 2006).

Building on previous studies (Grassi et al. 26212023, Melo et al. 2026a), we implement a translation approach

that adds the DGVM estimates of CO; fluxes due to environmental change in managed forest areas (part of
Scanp) to the Epyc estimate from bookkeeping models. The translated Epuc values are expected to be

conceptually more comparable to NGHGIthe LULUCF flux estimates_from NGHGIs.

LULUCEF data from NGHGIs are those in the LULUCF data hub ¥3V4.1
thttps://zenode.ore/records7153438). 0 (Melo et al., 2026b). They are collected and processed based on

country data submitted to the UNFCCC, as described in detail by Melo et al. (26252026a). While Annex I

countries report a complete time series 1990-20232024, gap-filling was applied for many Non-Annex I countries
through linear interpolation between two points and/or through extrapolation backward (till 2000) and forward
(till 26232024) using the single closest available data. For this assessment, the NGHGI estimates of the year
20242025 are assumed to be equal to those of 20232024. NGHGI data include all CO; fluxes from land
considered managed (forest land, cropland, grassland, wetlands, settlements, and other land), changes among
these land categories, and emissions from organic soils (i.e., from peat drainage), from harvested wood products
and from fires. Almost all Annex I countries report all land uses, whereas many non-Annex I countries report
only on deforestation and forest land, and only few countries report on other land uses. Similarly, Annex I
countries typically report most carbon pools (biomass, dead organic matter, soil), whereas non-biomass pools

are reported less frequently by non-Annex I countries.

In most cases, NGHGIs include most of the natural response to recent environmental changes because they use
direct observations (e.g., national forest inventories) that do not allow separating direct and indirect

anthropogenic effects (IPCC, 2006; Grassi et al., 2018). These effects are considered to be particularly relevant
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in forests (Grassi et al., 2023). To improve comparability with NGHGIs, the natural land sink (Sranp) in
managed forests (only including carbon fluxes due to environmental change and excluding land -use change
fluxes) is added to the results from bookkeeping models to make them comparable to LULUCF estimates from

NGHGIs (Figure 8).

Feo-determine-The calculation of Spanp in managed forests; broadly follows the fellewingsteps-were-taken
{methodology described in Grassi et al-. (2023):-Spatially-sridded data-of natural forest NBPwere-obtained).
However, we use the corrected Syanp estimates from DGVMs using-the-S2-simulationfromin the FTRENDY-
GEB2025TRENDYvI5-GCB2026 dataset (see Supplement S.4.1):). thereby eliminating the need for certain

rocessing steps. Specifically, the S2 simulation is no longer used, and the earlier correction of forest NBP b

the ratio between observed and prescribed forest cover (see Friedlingstein et al., 2026a) is no longer applied. For
these-DGVMs that disaggregate their NBP results-by plant functional type (PFT), NBP-fremwe use forest PFTs
was-usedonly. For all other DGVMs, the total NBP-ofa-grid--cell wasNBP is used for all grid cells containing

0, - Yo f

forest.

; seri (orestcover (4 s)-Results wereare then masked using a proxy map of managed
forest (Rossi et al., 2024) for different years (2000, 20105 and 2020). This map is based on global Earth
observation-derived data-eftree cover data (Hansen et al-., 2013) and country-based information on managed
and unmanaged forests. Several countries indicate that all forest is managed (e.g-. China, India, Australia, most
European countries)). and a few provide geospatial polygons of managed forest areas (Brazil, Canada, USA).
Hewever;semeSome countries report only the total extent of managed and unmanaged forest without maps
being-available-(e.g-. Russia)). or de-net-provide no specific information on managed land (most developing
countries). In these cases, maps of intact and non-intact forest areas (Potapov et al-.. 2017) wereare used as a
proxy-of nen-managedproxies for unmanaged and managed forests in NGHGISs, respectively (Grassi et al-..
2023). The detailed DGVM processing steps are explained in Alkama (2022). Figure 8 and Table S11 show the

resulting translation of global carbon cycle models' land flux definitions to that of the NGHGISs (discussed in

Section 3.2.2).

We also use gridded net land flux estimates from 4416 atmospheric inversion systems (Table S4) to get an

additional estimate of land-use fluxes on managed land- for 2000-2025. The number of inversion systems

providing estimates increases over this period. We appliedapply a correction for riverine transport (see

Supplement S.5.1.) and multipliedmultiply the resulting values with the fraction of managed land in each grid
cell for each inversion system. For this purpose, we useduse masks of managed land from Grassi et al. (2023)
available for the years 1994, 2002, 2010, and 2016. We linearly interpelatedinterpolate the masks in time and
rephieatedreplicate the 2016 mask in the years 2017-20242025. Subsequently, we apphiedapply another
correction for lateral transport due to international wood and crop trade (data-fromDengfrom the Lateral
Accounting of Transport in Terrestrial Ecosystems (LATTE) dataset version 6.1 (Ciais et al-2024)-., 2026). As

data for 2025 are not available, we replicate the 2024 value in 2025. The obtained vatuesinversion-based

estimates of the net land flux in managed land are summed globally and compared to the NGHGILULUCF flux

estimates from NGHGIs and the translated net Epyc estimates.
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fthe NGHGIs(diseussedinSeetion 322y ForcomparisonAdditionally, we alse-showEUEUCEuse FAO
estimates from-the FAOSTAT databaseof CO» land fluxes (FAO, 2025¢)-which-inelude2026b). FAO reports

emissions from the net forest-conversion and-fluxes-between forest and agricultural land (proxy of deforestation)

and removals on forest land based on carbon stock changes (Tubiello et al., 26252026) as well as €6.-emissions
from peat drainage (Conchedda and Tubiello, 2020) and peat fires (Prosperi et al., 20205-) based on IPCC Tier |
emission factors. The FAO forest land stockchange-estimates useare computed as input-the mestrecent FRA

astoek-difference-approacha country’s total forest area, based on FAO's ForestResoureeA nent-whes
foeus-is-on-area-andFRA 2025 data for living biomass-s - issionsf athage ¢ 5 ani

complete-coverage-of non-biomass, litter, dead wood and soil carbon pools-and-nen—forestland uses{Grassiet
al2022;-TubieHo-et-al52025).. Losses from harvested wood products are assumed to occur instantly and are

part of the carbon stock change calculations,, {Formatted: Font: Not Bold

S.2.5 Uncertainty assessment for Eiuc

Differences between the bookkeeping models and DGVMs originate from three main sources: different
methodologies, different underlying land-use/land-cover datasets, and different processes represented (Table
S1). We examine both the results from bookkeeping models and from DGVMs and use the resulting variations

to characterise the uncertainty in ELuc.

Despite the existing differences, the ELuc estimate from the DGVM multi-model mean is consistent with the
average of the emissions from the bookkeeping models (Table 5). However, there are targesubstantial
differences among individual DGVM s (standard deviation at ~0.53 GtC yr''; Table 5) and between the
bookkeeping estimates (standard-deviation-at-0.3 GtC yr' foreumulative-emissionsdifference between lowest
and highest net Ejyc estimate in +850-20242016-2025). A factorial analysis of differences between BLUE and
the bookkeeping model H&N2017 (Houghton & Nassikas, 2017), which was part of the bookkeeping ensemble

in previous GCBs, attributed them particularly to differences in carbon densities between primary and secondary
vegetation (Bastos et al., 2021). Earlier studies additionally showed the relevance of the different land-use
forcing as applied (in updated versions) also in the current study (Gasser et al., 2020). Ganzenmiiller et al.
(2022) showed that ELuc estimates from BLUE are substantially smaller when the model is driven by a high-
resolution land-use dataset (HILDA+). They identified shifting cultivation and the way it is implemented in
LUH?2 as a main reason for this divergence. They further showed that a higher spatial resolution reduces the
estimates of both gross emissions and gross removals because successive transitions are not adequately
represented at coarser resolution, which has the effect that—despite capturing the same extent of transition

areas—overall less area remains pristine at the coarser compared to the higher resolution.
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The uncertainty in Eryc of £0.7 GtC yr™! reflects our best value judgement that there is at least 68% chance
(+10) that the true land-use change emissions lie within the given range, for the range of processes considered
here. Prior to the year 1959, the uncertainty in Eryc is taken from the standard deviation of the DGVMs. We

assign low confidence to the annual estimates of ELuc because of the inconsistencies among estimates and

because of the difficulties to quantify some of the processes with DGVMs.

S.3 Methodology Ocean CO; sink Socean b [Formatted: Indent: First line: 1.27 cm

S.3.1 Observation-based estimates

SfCO:z-products - We use nineten estimates of the ocean CO; sink and its variability based on surface ocean
fCO, maps obtained by the interpolation of surface ocean fCO, measurements. SevenEight of the methods cover
a period from 1990 onwards due to severe restriction in data availability prior to 1990 (Figure 11), whereas two
span the period from 1957 and 1959 onwards. These estimates differ in many respects: they use different maps
of surface fCO,, different atmospheric CO; concentrations, different wind products and different gas-exchange
formulations as specified in Table S3. We refer to them as fCO,-products. The methods include a data-driven
diagnostic method combined with a multi-linear regression approach to extend back to 1957 (Rédenbeck et al.,
2022; referred to here as Jena-MLS), fivesix neural network models (Landschiitzer et al., 2014; referred to as
VLIZ-SOMFFN; Chau et al., 2022; Copernicus Marine Environment Monitoring Service, referred to here as
CMEMS-LSCE-FFNN; Zeng et al., 2022; referred to as NIES- ML3%}F€%@¥—%{—&|—2@—1—9—P€#€FF%§—FG—&3—GSJ—R-
ML6;., Ford et al., 2024; referred to as UExP-FNN- UGregor et al.,
2024; referred to as OceanSODA-ETHZv2, Wanninkhof et al 2025a, referred to as AOML-ET), a multi-linear
regression method (Tida et al., 2021; referred to as IMA-MLR), and ene-methodtwo methods that relates the

fCO, mistitobservations either between GOBMs and SOCAT to environmental predictors using the extreme
gradient boosting method extending back to 1959 (Gloege et al., 2022, referred to as LDEO-HTP)) or between

CMIP6 models and SOCAT observations via a vision transformer method (Zhang et al 2025, referred to as
SJTU-AVIT). The ensemble mean of the fCO»-based flux estimates is calculated from these nineten mapping
methods. In ¥2025 sve-now-alse-inelade2v2026, 3 fCO; products (JMA-MLR-and-,UEXP-FNN-Uj-where-the
authorsadiusted and AOML-ET) adjust the SOCAT fCO:; to account for differences in temperature between the
depth of the ship intake and the relevant depth right near the surface using the dataset provided by Ford et al.

(20252026a.b). Furthermore, UEXxP-FNN-U includes an additional adjustment to account for the cool surface

skin temperature effect in the air-sea CO; flux.
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Following the approach of Friedlingstein et al. (2025b), we add 0.18 PgC yr™! (multiplied by 7/910 as 23
products already include the cool skin/warm layer temperature effect). This correction is only done on the fCO»-

products average, at the global scale, for the estimate of Socan.

The impact of the cool skin and warm layer effect on air-sea CO, flux is based on established understanding of
temperature gradients (as discussed by Goddijn-Murphy et al., 2015 and Woolf et al., 2016), and laboratory
observations (Jdhne and Haussecker, 1998; Jihne, 2019), however in situ field observational evidence is still
sparse (Dong et al., 2022, Ford et al., 2024). While the cool skin and warm ocean layers are mechanistically well
understood, temperature differences between the ship inlet and the sea surface microlayer due to variable
sampling depth as well as potential artificial warm biases also have been suggested in the literature (Dong et al.,
2022, Watson et al., 20203, Ford et al 2026a.b). These are, however, not considered in the above correction
factor due to their uncertainty.

FypieathyHistorically, fCO2-products do not cover the entire ocean due to missing coastal oceans and sea-ice

cover, however, coverage has significantly improved in recent years. The CO; flux from the fCO»-based

products is already at or above 99% coverage of the ice-free ocean surface area in several products this year

(UEXP-FNN-U, JIMA-MLR, VLIZ-SOMFFN, Jena-MLS, OceanSODA-ETHZv2, CMEMS-LSCE-FFNN, either

due to complete coverage or a posteriori filling). The products that remained below 99% coverage of the ice-free
ocean (EMEMS-ESCE-FENN,-NIES-ML3, LDEO-HPD, ESIR-ML6-SJTU-AVIT) were scaled by the following
procedure.

Since v2022 of the GCB we now scale fluxes globally and regionally (North, Tropics, South) to match the ice-

free area (using the HadISST sea surface temperature and sea ice cover; Rayner et al., 2003):

region
A . .
reg-scaled __ “(1-ice) region
FCOZ — region : FCOZ (S4)
FCO2

In Eq. (S4), 4 represents area, (1 — ice) represents the ice-free ocean, Arcoy™2" represents the coverage of the

fCOx-product for a region, and FCO,™¢" is the integrated flux for a region.

For the regional estimates of Socean based on the fCO,-products, we subtract the preindustrial mean state from

the fCO,-products. For this, we use the preindustrial mean flux from the GOBMs’ simulation B averaged over

1958-2025 from six models that do not account for riverine outgassing, i.e. their simulation B represents the

natural steady state fluxes (Fpauss) and that have a simulation B CO, flux within + 0.2 GtC yr'' (NEMO-
PlankTOM 12, NorESM-OCv1.2, FESOM-2.7-REcoM3.1, CESM-ETHZ, MRI-ESM2-4, ACCESS). The
regional preindustrial mean fluxes are: 0.71£0.14 GtC yr' (North), -1.07£0.25 GtC yr™' (Tropics), 0.38+0.22
GtC yr'!' (South), 0.05+0.10 GtC yr! (Atlantic), -0.30+0.18 GtC yr’! (Pacific), 0.02+0.14 GtC yr! (Indian)
0.07+0.01 GtC yr'!' (Arctic), 0.15+0.22 GtC yr'! (Southern Ocean, Figure S4).

SOCAT - The measurements underlying the surface fCO,-products are from the Surface Ocean CO» Atlas
version 26252026 (SOCAT +2625v2026; Bakker et al., 26252026), which is an update of version 3 (Bakker et
al., 2016) and the subsequent annual updates used in previous versions of the global carbon budget. SOCAT has
updated its quality control cookbook for SOCATv2025 and v2026 (Gkritzalis et al., 2024), partly in response to

the results of the 2021 fCO, intercomparison experiment (Steinhoff et al., 2025). These changes have been
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implemented going forwards, i.e-., for new and updated data submissions to SOCATV2025 and v2026. Two
important changes in the cookbook are: Membrane-based fCO, sensor data can at best receive a flag of E
(uncertainty of less than 10 patm), such that new and updated membrane-based data sets are not part of the
synthesis and gridded SOCAT products used for the global carbon budget. Complete metadata is now required
for all new and updated data sets (except for historic data sets). SOCAT +2625v2026 has an additional 2.86
million fCO; measurements with an estimated accuracy of better than 5 patm relative to ¥2024v2025. Of these,
2.1 million are from 20242025 in a total of 283298 data sets (Table S&S7), while the largest addition from
earlier years is from 20232024 with 136-data75data sets new to SOCAT. NineteenshipboardNo data sets that
were included in earlier SOCAT versions have been suspended or excluded from SOCATv2025(TFable-S13).

o

SOCAT2025SOCATV2026. For 2024, the one but final year in SOCATv2026 (with more data sets than the

final year as a result of delays in data submission), there are a total of 269279 data sets with measurements in
the Northern hemisphere, while there are +67106 data sets from the Southern hemisphere. For the Southern
Ocean, there are only 3316 data sets from 20232024 south of 50°S, and enly-feurnone from Austral winter
(June-August). The coverage of monthly gridded SOCAT observations in 26232024 is only about 7565% of
that in 2016 (Fig. 11), mainly as a result of a large reduction in sampling in the Northern hemisphere (from 391
to 269279 data sets), while the Southern hemisphere data collection effort showed little change (from 109 to
107106 data sets). Each of the data-based estimates uses a different method to map the SOCAT +2025v2026

data to the global ocean.

Prior to 1959 - We further use results from two diagnostic ocean models, Khatiwala et al. (2013) and DeVries
(2014), to estimate the anthropogenic carbon accumulated in the ocean prior to 1959. The two approaches
assume constant ocean circulation and biological fluxes, with Socean estimated as a response into the change in
atmospheric CO; concentration calibrated to observations. The uncertainty in cumulative uptake of £20 GtC
(converted to +10) is taken directly from the IPCC’s review of the literature (Rhein et al., 2013), or about +30%

for the annual values (Khatiwala et al., 2009).

Additional data - We use the observational constraints assessed by IPCC of a mean ocean CO> sink of 2.2 £ 0.7
GtC yr! for the 1990s (90% confidence interval; Ciais et al., 2013) to verify that the GOBMs and fCO»-products
provide a realistic assessment of Socean. This is based on indirect observations with seven different

methodologies and their uncertainties, and further using three of these methods that are deemed most reliable for
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the assessment of this quantity (Denman et al., 2007; Ciais et al., 2013). The observation-based estimates use the
ocean/land CO; sink partitioning from observed atmospheric CO and O»/N; concentration trends (Manning and
Keeling, 2006; Keeling and Manning, 2014), an oceanic inversion method constrained by ocean
biogeochemistry data (Mikaloff Fletcher et al., 2006), and a method based on penetration time scale for
chlorofluorocarbons (McNeil et al., 2003). The IPCC estimate of 2.2 GtC yr™!' for the 1990s is consistent with a
range of methods (Wanninkhof et al., 2013). We refrain from using the IPCC estimates for the 2000s (2.3 + 0.7
GtC yr'), and the period 2002-2011 (2.4 + 0.7 GtC yr*!, Ciais et al., 2013) as these are based on trends derived
mainly from models and one data-product (Ciais et al., 2013). Additional constraints summarised in AR6
(Canadell et al., 2021) are the interior ocean anthropogenic carbon change (Gruber et al., 2019) and ocean sink
estimate from atmospheric CO; and O»/N; (Tohjima et al., 2019), of which we already use updated data sets for

model evaluation and discussion, respectively.

S.3.2 Global Ocean Biogeochemistry Models (GOBMs)

The ocean CO; sink for 1959-2024 is estimated using ten GOBMs (Table S2). The GOBMs represent the
physical, chemical, and biological processes that influence the surface ocean concentration of CO; and thus the
air-sea CO; flux. The GOBMs are forced by meteorological reanalysis and atmospheric CO, concentration data
available for the entire time period. They mostly differ in the source of the atmospheric forcing data
(meteorological reanalysis), spin up strategies, and in their horizontal and vertical resolutions (Table S2). All
GOBMs except one (CESM-ETHZ) do not include the effects of anthropogenic changes in nutrient supply
(Duce et al., 2008). They also do not include the perturbation associated with changes in riverine organic carbon
(see Section 2.10 and Supplement S.6.3). Four sets of simulations were performed with each of the GOBMs.
Simulation A applied historical changes in climate and atmospheric CO; concentration. Simulation B is a
control simulation with constant atmospheric forcing (normal year or repeated year forcing) and constant pre-
industrial atmospheric CO, concentration. Simulation C is forced with historical changes in atmospheric CO»
concentration, but repeated year or normal year atmospheric climate forcing. Simulation D is forced by

historical changes in climate and constant pre-industrial atmospheric CO; concentration.

To derive Socean from the model simulations, we subtracted-the-slope-of a linear fit to the annual time series of
the control simulation B from the annual time series of simulation A. Assuming that drift and bias are the same
in simulations A and B, we thereby correct for any model drift. Further, this difference also removes the natural
steady state flux (assumed to be 0 GtC yr! globally without rivers), which is often a major source of biases.
Note, however, that Giirses et al. (2023) questioned the assumption of comparable bias and drift in simulations
A and B as they compared two versions of FESOM-REcoM, and found a very similar air-sea CO; flux in
simulation A despite a different bias as derived from simulation B. This approach works for all model set-ups,
including CNRM, IPSL and Princeton, where simulation B was forced with variable historical climate changes
(looping over a certain repeated period for atmospheric forcing). This approach assures that the interannual
variability is not removed from CNRM. IPSL and Princeton simulation A. The absolute correction for bias and
drift per model in the 1990s varied between <0.01 GtC yr*! and 0.4447 GtC yr'!, with ene-medelfour models

having a-positive bias-sixbiases, five having negative biases and threeone model havinghas essentially no

biasesbias (NorESM;-ACCESS-CES 4 ;- <0.02 GtC yr'). The MPLIPSL-and PrineetonThree models
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use riverine input-and-thereforeinputs that are not balanced by burial (Table S2) and these three models simulate

outgassing in simulation B. By subtracting a linear fit of simulation B, also the ocean carbon sink of these
models follows the definition of Socean. This correction increases the model mean ocean carbon sink by 0.4204
GtC yr'! in the 1990s.

The ocean models cover 99% to 101% of the total ocean area, so that area-scaling is not necessary.

Finally, aswe conceptually keep the scaling factor as proposed in Friedlingstein et al. (2025b) we-upseale-the

multi-model average estimate-of the-oceansink-by10%-to account for the known underestimation-of the
sinkbiases by the GOBMs (section 2.5 and Friedlingstein et al., 2025b). However, we now base the value of the

scaling factor on new quantitative process-based evaluation of the current GOBM ensemble, where we target the

previously identified potential causes for an underestimation of the sink, namely biases in ocean carbon

transport and mixing from the surface mixed layer to the ocean interior (Goris et al., 2018, Terhaar et al., 2021,

Bourgeois et al., 2022, Terhaar et al., 2022), and biases in the chemical buffer capacity (Revelle factor) of the

ocean (Vaittinada Ayar et al., 2022; Terhaar et al., 2022) (see next section S.3.3). Based on this analysis, we set

the scaling factor for this year’s GOBM ensemble to 1.0 (0% correction). This correction is only done on the

GOBMs average, at the global scale, for the estimate of Socean.

S.3.3 GOBM evaluation

IPCC estimate - The ocean CO; sink for all GOBMs and the ensemble mean falls within 90% confidence of the
observed range, or 1.5 to 2.9 GtC yr~! for the 1990s (Ciais et al., 2013) before and after applying
adjustmentssubtracting simulation B.

International Ocean Model Benchmarking - We evaluate the GOBMs using the IOMB framework (Collier et
al., 2018, Fu et al., 2022). Building upon the benchmarking principles established by these studies, IOMB

provides a systematic approach for assessing model performance against a range of observational datasets.

Model skill is quantified using several statistical metrics, including bias, root mean square error (RMSE), annual

cycle phase, and spatial distribution. These metrics are combined into an overall performance score (refer to
equation 7 in Fu et al., 2022), which enables objective comparison across models. The IOMB framework has
been further expanded and refined to address uncertainties in the estimation of the ocean carbon sink (IOMB-
GCBv1).

For GCB2026, the benchmarking framework has been extended to include additional diagnostics relevant to the

evaluation of ocean carbon uptake and its physical and carbonate system controls for the surface and subsurface

ocean. In this updated version of IOMBv3-GCBv1, several new diagnostics were introduced, namely

anthropogenic carbon inventories and tracer inventories of chlorofluorocarbons (CFC11, CFC12) and sulfur

hexafluoride (SF6). In addition, vertical gradient diagnostics of upper and subsurface ocean variables are also

included to assess the model representation of vertical structure of the ocean. Previously introduced diagnostics

include the Revelle factor, Southern Ocean subpolar seasonally stratified biome (SPSS) surface salinity

Southern Ocean stratification index, Atlantic Meridional Overturning Circulation (AMOC). and CO:- fugacity.

These metrics broaden the system’s ability to evaluate model skill in reproducing critical physical and

biogeochemical processes that influence the global ocean carbon sink. For the time-series analysis the overall
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model score is computed as a combination of the bias score and the Taylor score (depends on the normalized

standard deviation and correlation). The final benchmark visualization presents Z-score normalized results,
enabling fair comparison of model performance relative to each other across multiple variables and metrics.

Figure S5 illustrates the evaluation results from IOMBv3-GCBv1, where key variables of interest are assessed

against state-of-the-art observational datasets. The model climatology for the period 2000—2025 is compared

with corresponding observational climatologies to evaluate model performance in simulating upper-ocean

physics and biogeochemistry.

To assess upper-ocean physical processes, the variables sea surface temperature (SST), sea surface salinity
(SSS), mixed layer depth (MLD), Southern Ocean stratification index (SO-SI), Southern Ocean SPSS biome
salinity (SO-SPSS-SSS), Atlantic Meridional Overturning Circulation (AMOC) and the vertical gradients of

temperature and salinity for upper (0-300 m) and subsurface (300-800 m) were analyzed. For temperature and

salinity, individual performance scores are computed relative to WOA2023 (20222-2022, Locarnini et al., 2023,
Reagan et al., 2023), GLODAPv2-2023 (2000-2021, Lauvset et al., 2024) and UExP-FNN-U v2026-prel (2000-

2025, Ford et al., 2026¢) datasets, and an overall score is derived by combining the evaluation against these

reference datasets. The mixed layer depth, a key indicator of upper and interior ocean exchange, is evaluated
using multiple observational products, including Sallée et al. (2021) and de Boyer Montégut (2023). The RAPID

26°N AMOC observational record (2005— 2023) is used to assess the modeled AMOC strength (Moat et al.,
2025). The EN4.2.2 dataset (2005-2025, Good et al., 2013) provides the basis for evaluating both the Southern

Ocean stratification index and SPSS biome salinity. In addition, CFC11, CFC12 and SF6 inventories are
evaluated against OCIM-48L datasets (DeVries, 2022).

To evaluate carbonate chemistry, model-simulated surface total alkalinity (TALK) and dissolved inorganic
carbon (DIC) are compared against GLODAPv2-2023 observations. For the Revelle factor, we use

observation-based data set (Gregor and Gruber, 2021). In addition, the vertical profiles of DIC and TALK for

upper (0-300 m) and subsurface (300-800 m) were evaluated using GLODAP observations using vertical

gradient analysis in the IOMB-GCBVI. Finally, CO: fugacity from the models is compared against

SOCATV2026 (Bakker et al., 2026). For benchmarking the changes in oceanic inventory of anthropogenic

carbon (dCant), we used observation-based estimates covering different time periods. For the period 1994-2007
we used the estimates of Gruber et al. (2019). derived from repeat hydrographic observations using the extended
multiple linear regression (eMLR(C*)) method (Clement and Gruber, 2018), and the OCIM-based estimates of
DeVries (2014). The OCIMv2014 were derived using a global Ocean Circulation Inverse Model (OCIM)

constrained by observations of potential temperature, salinity, radiocarbon, and chlorofluorocarbon-11 (CFC-

11). In addition, we used the estimates based on eMLR (C*) regression method of Miiller et al. (2023) for 1994—

2004 and 20042014 to benchmark anthropogenic carbon inventory changes over these respective periods.

These comparisons help for consistent benchmarking among independent estimates of oceanic anthropogenic

carbon storage across overlapping and consecutive time intervals.
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Transient tracers - We evaluate the simulation of uptake and storage of transient tracers (CFC11, CFC12, SF6)

in the GOBMs. For the model simulations, we use the protocol of Orr et al. (2017) and force the models with

hemispheric atmospheric concentrations. These data are taken from Bullister et al. (2017, updated) for the

period 1921-2022. Linear trends were applied to approximate the data for 2023-2025. The simulated CFC11

CFCI12 and SF6 inventories in the ocean of simulation A are evaluated against the observation-derived global

CFC11 inventory for the year 1994 (5.5 + 1.2 x 10® moles, Willey et al., 2004, Matsumoto et al., 2004). As a

second evaluation dataset, the full time-series was also compared to the simulated inventory of OCIM that

assimilates ocean CFC11, CFC12 and SF6 observations to derive an optimized mean state circulation (DeVries,

2022). OCIM performs constant climate simulations (“simulation C”), so that any climate-induced changes in

the tracer inventories would not be accounted for. These differences are acknowledged, available GOBM

simulations of transient tracer simulations suggest that the differences in inventories between simulations A and

C are less than 4.2%.

Emergent constraint - We apply the multi-predictor emergent constraint of Terhaar et al. (2022), with the

uncertainty estimate of Terhaar et al. (2026), to the ten GOBMSs of GCB2026. The target is Socean estimated
from the GOBMs averaged over 2016-2025. The analysis is repeated for each decade since 1960, for 1990-2025

(Table S13), and for each individual year (Figure S7). Three predictors are calculated from simulation A of each

model and compared with observation-based estimates over the periods for which observations are available.

i The surface salinity averaged over the inter-frontal region of the Southern Ocean between the Subtropical
Front and the Polar Front (Terhaar et al., 2021), 2005-2022. The observed value of 34.04 + 0.01 psu is the mean

of the World Ocean Atlas 2023 (Reagan et al., 2024; Locarnini et al., 2024), EN4 (Good et al.. 2013) and IAP
(Cheng et al., 2020, 2024). The uncertainty is estimated as in Terhaar et al. (2026) and combines the spread across

the three products (£ 0.002 psu) with their sampling uncertainties.

(ii) The strength of the AMOC at 26.5°N, 2005-2023. The observed value of 16.9 £ 0.8 Sv comes from the
RAPID array (Cunningham et al., 2007; McCarthy et al., 2015; Moat et al., 2025), with an uncertainty that

combines sampling and measurement errors (Terhaar et al., 2026).

(iii) The global mean surface ocean carbon uptake capacity, 1997-2007. Because the observation-based

products do not cover the entire ocean, it is computed only over grid cells where all models and all four products
provide data. The observed value of 0.546 + 0.003 mmol m= ppm™ is the mean of the gridded GLODAPv2
(Lauvset et al., 2016) and three fCO.-based products: OceanSODA-ETHZ-v2023 (Gregor and Gruber, 2021), and
the RECCAP2 versions of CMEMS-LSCE-FFNN (v20210709; Chau et al., 2022) and JMA-MLR (v20211208;

lida et al., 2021). The uncertainty is half the range across the four products.

Across the models, the simulated sink is regressed on the three predictors with

ordinary least squares. The constrained sink is the value of this regression at the

observed predictor values. Following Terhaar et al. (2026), its uncertainty

combines two independent terms in quadrature. The first is the observational

uncertainty of the predictors, propagated through the regression coefficients.

The second is the prediction interval of the regression at the observed predictor
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values, which uses the unbiased residual standard error (N — p — 1 degrees of

freedom) and a leverage term that increases the further the observations lie from

the model ensemble. This is more conservative than the residual standard

deviation used in Terhaar et al. (2022). The unconstrained estimate is the multi-

model mean * one standard deviation. For 2016 —2025, the regression explains 70%

of the spread between models (R? = 0.70).

The constrained estimate is robust to the choice of models. Leaving out any single

model changes the 2016—2025 estimate by between —0.13 and +0.04 GtC yr~*. The

largest change occurs when NorESM—-0C1.2, the model with the strongest AMOC, is

removed, which indicates that the AMOC contribution to the constraint relies

mainly on this model. While leaving out a single model does not change the result

beyond its uncertainty, one model is an actual outlier. To test whether individual

models deviate from the relationship, each model was excluded from the

regression in turn, and its sink was predicted from the remaining nine. The

difference between simulated and predicted sink, divided by its standard error,

follows a Student’s t distribution with five degrees of freedom. ACCESS is the only

model that deviates significantly: it takes up 0.53 GtC yr~* (about 20%) more carbon

than predicted from the other nine models for 2016—2025 (t = 4.5, p = 0.007), and

between 4.1 and 8.5 in all other periods since 1990, while no other model exceeds

|t] =1.5 in these periods. Half of the excess uptake of ACCESS (0.27 of 0.56 GtC yr~?*,

based on the gridded fluxes) occurs north of 30°N, the only region where the

deviation is significant. In the North Atlantic, ACCESS mixes 265 X 10** m? of water

below 1000 m, compared with 15 £ 35 X 10*?* m® expected from its AMOC based on the

other nine models, and 1.5 + 0.6 X 10** m® in EN4 for 2005—2024, using the same

mixed-layer criterion as for the models.

Additional evaluation - We further report mean values of process-based metrics that are related to ocean

carbon uptake that are now also mostly covered by IOMB or the emergent constraint (Table S11). These are the

Atlantic Meridional Overturning Circulation (Goris et al., 2018, Terhaar et al., 2022, 2024), the Southern Ocean
sea surface salinity (Terhaar et al., 2021, 2022, 2024, Hauck et al., 2023b), the Southern Ocean stratification
index (Bourgeois et al., 2022) and the surface ocean Revelle factor (Terhaar et al., 2022, 2024).

chapter(Terhaaretal;2024)-The Atlantic Meridional Overturning Circulation from the GOBMs is here

defined as the maximum of the Atlantic meridional overturning streamfunction at 26.5°N-, below 500 m. This is

36  compared to data from the RAPID array at 26.5°N (Moat et al., 2025). AnThe uncertainty of 0.98 Sv was
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reportedin-MeCarthyagain taken from Terhaar et al2045., 2026). We use the years 2005-2023, which are all

complete calendar years available from the RAPID data set, and report the temporal standard deviation over that

period.

The Southern Ocean sea surface salinity is reported for the subpolar seasonally stratified biome (SPSS) and for
the area covering both the SPSS and subtropical seasonally stratified (STSS) biomes. Biome definitions are
taken from Fay and McKinley (2014, as provided for the RECCAP2 project). The sea surface salinity was first
used as an emergent constraint for the Southern Ocean CO; uptake with Earth System Models (Terhaar et al.
2021, 2022) using the interfrontal salinity between the polar and subtropical fronts with dynamic fronts. As the
GOBMs are forced with reanalysis data, the fronts do not vary as much as in the ESMs, and thus the use of fixed
biomes is justified (Hauck et al., 2023b, Terhaar et al., 2024). We use the time period 2005-26242025. The
observational sea surface salinity values are calculated from the EN4 data set (Good et al., 2013; using the
objective analyses — Gouretski and Reseghetti (2010) XBT corrections and Gouretski and Cheng (2020) MBT
corrections) with the aid of the Fay and McKinley (2014) mask.

The Southern Ocean stratification index is a simplified version of the metric used in Bourgeois et al. (2022). It is

defined as the difference between in situ density at the surface and at 1000 m depth in the latitudinal band of

30°S to 55°S. Each model provider calculated this metric based on their native model mesh. We use the period

0f 2005-26242025. The same metric was calculated from the EN4 data set mentioned above (Good et al., 2013).
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Finally, the global surface ocean Revelle factor is reported. Monthly 1°x1° gridded fields were provided by the

modelling groups, based on standard carbonate chemistry routines (e.g., mocsy, Orr & Epitalon, 2015;

PyCO2SYS, Humphreys et al., 2022a,b). The observational metrics come from two sources, firstly the gridded

GLODAP data set v2.2016 (Lauvset et al., 2016)., which is a climatology centered around the year 2002. For

comparison with GLODAP, the models were subsampled to GLODAP data coverage and to a comparable time

window also centred around 2002 (1997-2007). Secondly, the OceanSODA_v2023 data set (Gregor and Gruber.

2021) was used, which has all input data available to calculate the surface ocean Revelle factor. OceanSODA

covers a slightly smaller surface area (between 97.2% and 99.6% depending on the month) but provides data

until 2022. The period 2005-2022 was used due to data availability, and the models and the OceanSODA

dataset were subsampled monthly to the common available open ocean grid cells between all models and

OceanSODA.

$3.4 fCOz-product evaluation

To benchmark the performance of 9 fCO,-products included this year, we compare the suite of 910 fCO,
products to independent observations that have not been included in any training/regression step of the methods,
i.e. direct fCO, measurements from the Surface Ocean CO, Atlas (Bakker et al., 2016) that received a quality
flag E (uncertainty less than 10 patm) and calculated fCO, from surface ocean measurements of dissolved
inorganic carbon and total alkalinity with quality flag of at least 2 from the Global Ocean Data Analysis Project
(GLODAP, Lauvset et al. 2024) of the top 10 meters, via the CO2sys carbonate system calculation software
(Sharp et al., 2020), using the dissociation constants of Lueker et al. (2000). Additionally, we use temperature-
corrected SOCAT flag E fCO, measurements (from Ford et al., 26252026a.b) for comparisons with JMA-MLR

and-,UEXP-FNN-U and AOML-ET for consistency. Both sets of measurements carry inherent larger uncertainty
than the SOCAT measurements the fCO,-products are based on, however, their independent nature and spatial

extent allows us to further investigate regional biases in fCO»-products.
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Interestingly, Figure S7S8 reveals overall close to zero or negative biases in all products, with the exception of

the GLODAP comparison in the region north of 30°N, highlighting a tendency of the fCO,-products to

underestimate the sea surface fugacity of the observations. We find the smallest errors in the Southern

Hemisphere south of 30°S in all fCO,-products, i.e. a region that has substantially less seasonal data coverage

compared to the northern hemisphere and where we find the largest trend divergence between GOBMs and

fCOz-products (see main text and below). Overall, fCO; products perform better against calculated GLODAP

measurements compared to SOCAT flag E data, but with biases within the expected measurement uncertainty

(up to 10 patm). There are only 4 exceptions where biases are beyond the expected uncertainty range of the

measurements, i.e. in the Northern Hemisphere, where UEXP-FNN-U (-48-4726.03 patm), Jena-MLS (22:20.68

patm) and OceanSODA-ETHv2 (43-4924.90 patm) show larger biases and in the tropics where OceanSODA -

ETHZv2 (10.2903 patm) falls just outside the 10 patm range. Larger spreads, represented by the RMSE exist in

the north compared to SOCAT flag E data in the same products that illustrated the largest bias (with RMSE

exceeding 100 patm), however, the impact on the resulting global bias and RMSE remains small due to the very

limited number of measurements in this region, explaining the larger bias and local spread. The global

comparison reveals a better agreement with GLODAP measurements (mean bias of -2:031.72 patm) compared

to SOCAT flag E data (mean of -6.25 patm), however, for all products within the estimated measurement

uncertainty. ,

This ar—we-also-update-the-tr
HHS-year;-we-arso-upaate-the-trend

nd-benchmark-analvsis
DeReHmarcar

valysis-us

ingThis benchmarking exercise is broadly consistent

with a recent study by McKinley et al (2026), that is built on an ensemble of 10 fCO2-products, of which 8

contributed to this year's GCB. The main difference is that this study focuses on 5 large scale biome regions

instead of the regions defined here in the GCB2026. Additionally, the study by McKinley et al (2026) uses

independent CO2 observations from the Lamont Doherty Earth Observatory (LDEQ) database in addition to

SOCAT flag E and GLODAP data used here. Despite these differences, global results are consistent with the

benchmarking conducted here for the mean biases against all independent measurements combined (+ Spatm

reported in McKinley et al 2026 compared to & 4patm here) and their root mean square errors (19-37patm

reported in McKinley et al 2026 compared to + 19-41 patm here)

Additionally, as part of the Surface Ocean CO2 mapping (SOCOM) program, method benchmarking

experiments are conducted and many of them are underway. One already conducted experiment (Roobaert et al

2026) extends on the previously conducted benchmarking exercise presented in the GCB2024 and GCB2025.

Using a set of 5 GOBM’s, namely CESM-ETHZ, FESOM2.1-REcoM, MRI-ESM2, IPSL and NorESM, that
were submitted to the GCB2023 (Friedlingstein et al., 2023)). Roobaert et al 2026 performed a model testbed

experiment, following the approach of Hauck et al. (2023a). A total of 79 fCO-products conducted the
benchmark test. of which 7 have submitted to this year's carbon budget (VLIZ-SOMFFN, NIES-ML3, Jena-

MLS, €SIR-ME6;-OceanSODAETHZv2, IMA-MLR and UExP-FNN-U, CMEMS-LSCE-FFNNv2). The

GOBMs serve as known truth and are subsampled according to the real-world observation tracks. The fCO»-

products then reconstruct the true model field, based on the subsampled information provided. WeRoobaert et al

2026 then compare mean biases and trends for the period 2001-2021, i.e. the period where we see the

divergence between fCO,-products and models
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a—reeent-estimate by Mayet-et-al—(. Results of Roobaert et al 2026 show that ensemble mean biases averaged

over 2001-2021 and across the 5 subsampled GOBMs are +0.09 patm for the mean, with larger biases when

individual methods are considered, ranging from -1.81 to +1.38 patm, and -0.13patm yr decade-1 for the trends.

This results in an estimated mean trend bias of -0.04 Pg C yr-1 decade-1 (range -0.14 to +0.13 Pg C yr-1

decade-1). The numbers, however, indicate biases in the model testbed framework and are not representative for

their true uncertainties that are e.g. derived from the benchmarking with independent data above.

2924) o£0-42--0.06P. §€ 3 11446&*164 (]AS%HABE! 2000 2922) inthe mean;a thsugh with-a ‘llb{‘t’mtﬂ"l]]f‘ ]’ingF

$3.5 Uncertainty assessment for Socean

We quantify the 1-c uncertainty around the mean ocean sink of anthropogenic CO, by assessingcombining

random and systematic uncertainties for the GOBMs and fCO»-products- with a Gaussian mixture model. In this

approach, GOBMs and products are treated as two separate estimates, each with its own biases and structural

uncertainty, and Socean as an equally weighted mixture of two Gaussians. Its variance is

0o(Socean) = sqrt(0.5 * (o GOBM? + 6 Droductsz) +0.25 * (Socean. GOBM - Socean Droducts)z) (S5)

The first term in this equation is the average variance of the two estimates and the second term grows as the

means of the GOBMs and fCO, products diverge. For each ensemble, a random and a systematic term are added

in quadrature, for every year.

The random uncertainties are taken from the ensemble standard deviation (0:3-GtCyrfor GOBMs;-0-3-GtCyr™

for feO,-produetsy-for every year. We derive the GOBMs systematic uncertainty by the mean deviation from the

observation-based anthropegenie-carbon inventory changes (Gruberet-al(2619):-Miiller et al., 2023; DeVries,

2022); Keppler et al. 2023) over the 1990s, 2000s and 2010s, reported in Section 3.6.5 (0.3 GtC yr-')-and
e-related-to-physi ansport (inixing, advection)-into-the oceaninterior:). For the fCO,-

products, we consider systematic uncertainties stemming from uncertainty in fCO, observations (0.2 GtC yr'!,
Takahashi et al., 2009; Wanninkhof et al., 2013), gas-transfer velocity (0.2 GtC yr'!, Ho et al., 2011;
Wanninkhof et al., 2013; Roobaert et al., 2018), wind product (0.1 GtC yr*!, Fay et al., 2021), river flux
adjustment (0.3 GtC yr'!, Regnier et al., 2022, formally 2-c uncertainty), and fCO, mapping (0.2 GtC yr™!,
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Landschiitzer et al., 2014). €

as-6(Socpan)=0:5%(0:47+0:6%)" > GtC yr -and result-in-an+0:4-GtCyr  uncertainty-around the best-estimate-of

Socean:

The resulting uncertainty terms for the decade 2016-2025 are 6(GOBM random): 0.30 PgC yr'', s(GOBM
structural): 0.33 PgC yr'!', 6(GOBMs combined): 0.45 PgC yr'', o(fCO, products random): 0.37 PgC yr!
o(fCO; products structural): 0.47 PgC yr'!, 6(fCO, products combined): 0.60 PgC yr', resulting in the first term

of Equation S5 (c?) to amount to 0.28 (PgC yr™')> and the second term (c?) to amount to 0.13 (PgC yr'")*> with

the square root of their sum resulting in 0.64 PgCyr™. In 2025 this number increases to 0.68 PgC yr' attributable

to the larger standard deviation of the products in that year.

The uncertainty estimate for the fCO, products is comparable to a recent estimate by Ford et al. (2024), who

estimate an uncertainty of 0.76 GtC yr~' [range 0.60 to 0.85 Pg C yr'] based on propagating different sources of

uncertainty in fCO,-products.

We examine the consistency between the variability of the GOBMs and the fCO»-products to assess confidence
in Socean. Individual estimates (both GOBMs and fCOsproducts) generally produce a higher ocean CO; sink
during strong El Niflo events. There is emerging agreement between GOBMs and fCO»-products on the patterns
of decadal variability of Socean With a global stagnation in the 1990s and an extra-tropical strengthening in the
2000s (McKinley et al., 2020, Hauck et al., 2020). More recently, a fast growth of the sink is simulated by both
methods between 2001 and 2016, and a stagnation period since then. A stagnation or even decline of S ocean
occurred during the triple La Nifa years 2020-2023. The central estimates of the annual flux from the GOBMs
and the fCO,-products have a correlation 7 of 0.98 (1990-26242025). The agreement between the models and
the fCO»-products reflects some consistency in their representation of underlying variability since there is little

overlap in their methodology or use of observations.

$3.6 Observation-based estimates of carbon storage changes in the ocean interior

We rely on fourthree observation-based methods to quantify temporal changes in dissolved inorganic carbon
(DIC) in the ocean interior, differing in their underlying observations, gap-filling approach, temporal resolution

and the type of carbon fluxes they resolve.

The extended multiple linear regression (eMLR) method (Miiller et al., 2023 :-Gruberet-al2019) applied to the
tracer C* builds on observations of DIC, total alkalinity, phosphate, oxygen and other physical and
biogeochemical variables from GLODAPv2 (Lauvset et al., 2022) collected during repeat surveys. The method
calculates a quasi-conservative tracer C*, separating biological from anthropogenic carbon variability, and fits
regional multiple regressions of C* against temperature, salinity, oxygen, and nutrients for individual water

masses separated along neutral density surfaces. Finally, these regional MLR regressions are applied to global
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climatological fields to map the decadal change in anthropogenic carbon as the differences between survey

periods.

The Ocean Circulation Inverse Model (OCIM; DeVries, 2022, Table S2) uses an observation-constrained

steady-state ocean circulation model that assimilates temperature, salinity, CFCs, and radiocarbon to reconstruct
the large-scale transport field. An abiotic carbon cycle module is then forced with the evolving atmospheric
pCO; (partial pressure of CO») to simulate air—sea CO; fluxes and interior carbon storage. Because biological
and internal biogeochemical feedbacks are excluded, OCIM isolates the anthropogenic component of the ocean

carbon sink.

The Mapped Observation-Based Oceanic DIC (MOBO-DIC; Keppler et al., 2023) approach employs a two-step
approach of self-organizing maps and feed-forward neural networks trained on ship-based DIC measurements
from GLODAPvV2 and corresponding environmental predictors such as temperature, salinity, nutrients, oxygen
for the upper ocean and atmospheric pCO». The trained models reconstruct monthly global ocean interior DIC
fields at 1° resolution for 2004—2019. As MOBO-DIC is based on total DIC observations without separating the

anthropogenic component, it resolves the combined anthropogenic plus natural DIC changes.

betweenDICTo facilitate the comparison of Socean estimates from GOBMs and physieal-drivers(temperature;

sidual-archi stabilizes training ables-fCO, products to extrapelation-to-full-ocean-depth;
produeing-an observation-based composite estimate ef-total DIC-storage-change(natural-and-anthropegenie):

for full decades, two of the individual ocean interior products need to be scaled in time and/or adjusted for

missing carbon flux components. To scale eMLR(C*)-based estimates to full decades (1990s, 2000s, 2010s)

reported in Table 6, the cumulative ocean carbon storage change over the original base periods (1994-2004-
2014) was divided by the corresponding atmospheric CO; increase (NOAA/GML global mean COy) to obtain a
sink efficiency (Pg C ppm~Y), following Miiller et al. (2023). These efficiencies were then multiplied by the

observed atmospheric CO; change over the closest target decade;-assuming. While this scaling approach

assumes proportionality between atmospheric CO, growth and oceanic CO, uptake, the observational

reconstructions themselves already suggest that the sink efficiency varies over time, which implies that the

scaled ocean interior estimates do not perfectly match the corresponding GOBM estimates in time. OCIM and

eMLR(C¥*) estimates were further adjusted for non-steady changes in natural DIC storage, obtained from the

ensemble of GOBMs (Sim D - Sim B), and OCIM estimates were further adjusted for non-steady changes in

anthropogenic DIC storage, obtained from the ensemble of GOBMs (Sim A - Sim D - Sim C + Sim B). to obtain

estimates formally consistent with the definition of Socean. While the observation-based estimates of Socran

obtained with this approach contain GOBM-derived carbon flux components, the actual comparison of GOBM-

and observation-based ocean interior estimates is numerically identical, irrespective of whether the observation-

based estimates are adjusted to match the definition of Socean or if the flux components that are resolved by
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each of the observation-based reconstructions was directly computed from the GOBMs. In Table 6, the mean

and range are provided for all members of the ensemble of fourthree ocean interior estimates (OCIM,

eMLR(C*), MOBO-DIC;ResNet-DIC) that cover the full reported decade.

S.4 Methodology Land CO; sink Spanp <

S.4.1 DGVM simulations

The DGVMs model runs were forced by either the merged monthly ChmateClimatic Research Unit gridded
Terrestrial Series (CRU-TS) and 6-hourly Japanese 3-quarter<century-Reanalysis for Three Quarters of a
Century (JRA-3Q) data set (CRU-JRA) or by the monthly CRU-TS data set, both providing observation-based
temperature, precipitation, and incoming surface radiation on a 0.5°x0.5° grid and updated to 2024-(Harris-et-al;

3Q-data:2025 (Harris et al., 2014, 2020).
The combination of CRU-TS monthly data with 6-hourly forcing from JRA-3Q (Kobayashi et al., 2015) in

CRU-JRA is performed with a methodology used in previous years (Viovy, 2016) adapted to the specifics of the
JRA-3Q output. Introduced in GCB2021 (Friedlingstein et al., 2022a), incoming short-wave radiation fields take

into account aerosol impacts and the division of total radiation into direct and diffuse components as
summarised below.

The diffuse fraction dataset offers 6-hourly distributions of the diffuse fraction of surface shortwave fluxes over
the period 1901-20242025. Radiative transfer calculations are based on monthly-averaged distributions of
tropospheric and stratospheric aerosol optical depth, and 6-hourly distributions of cloud fraction. Methods
follow those described in the Methods section of Mercado et al. (2009), but with updated input datasets.

The time series of speciated tropospheric aerosol optical depth is taken from the historical and RCP8.5
simulations by the HadGEM2-ES climate model (Bellouin et al., 2011). To correct for biases in HadGEM2-ES,
tropospheric aerosol optical depths are scaled over the whole period to match the global and monthly averages
obtained over the period 2003-2020 by the CAMS Reanalysis of atmospheric composition (Inness et al., 2019),
which assimilates satellite retrievals of aerosol optical depth.

The time series of stratospheric aerosol optical depth is taken from the by Sato et al. (1993) climatology, which
has been updated to 2012. Years 2013-2020 are assumed to be background years so replicate the background
year 2010. That assumption is supported by the Global Space-based Stratospheric Aerosol Climatology time
series (1979-2016; Thomason et al., 2018). The time series of cloud fraction is obtained by scaling the 6-hourly
distributions simulated in the Japanese Reanalysis (Kobayashi et al., 2015) to match the monthly-averaged cloud
cover in the CRU TS v4.06 dataset (Harris et al., 2020). Surface radiative fluxes account for aerosol-radiation
interactions from both tropospheric and stratospheric aerosols, and for aerosol-cloud interactions from
tropospheric aerosols, except mineral dust. Tropospheric aerosols are also assumed to exert interactions with
clouds. The radiative effects of those aerosol-cloud interactions are assumed to scale with the radiative effects of
aerosol-radiation interactions of tropospheric aerosols, using regional scaling factors derived from HadGEM2-

ES. Diffuse fraction is assumed to be 1 in cloudy sky. Atmospheric constituents other than aerosols and clouds
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are set to a constant standard mid-latitude summer atmosphere, but their variations do not affect the diffuse

fraction of surface shortwave fluxes.

In addition to the climate forcing, the DGVMs forcing also include the global atmospheric CO; time series,

same as for the GOBMs and described in Section S.3.2 (Lan et al. (2023), the gridded land cover changes (see

Supplement S.2.2), and the gridded nitrogen deposition and fertilisers (see Table S1 for specific models details).

Eoursimulations-were-performed-with-each-of the DGV Ms-

Four

Seven simulations are performed with the DGVMs-; S4-S6 are new for GCB2026.

concentrations, cycles early 20th century (1901-1920) climate and applies a time-invariant pre-

industrial land cover distribution, pre-industrial wood harvest rates and pre-industrial weed-harvest

ratesN inputs.

N inputsdeposition, while applying time invariant pre-industrial land cover distribution, pre-industrial

wood harvest rates, and pre-industrial climate.

Simulation 2 (S2) applies historical changes in atmospheric CO, concentration, N inputsdeposition, and
climate, while applying time-invariant pre-industrial land cover distribution and pre-industrial wood
harvest rates.

Simulation 3 (S3) applies historical changes in atmospheric CO; concentration, N ##putsdeposition,

climate, and land cover distribution-and, wood harvest rates— and N fertilizer.
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5 > i - afi seription—Simulation 4 (S4) applies historical

changes in land cover distribution, wood harvest rates, and N fertilizer, while applying time invariant

pre-industrial atmospheric CO, concentration, pre-industrial N deposition and pre-industrial climate.

e Simulation 5 (S5) applies historical changes in atmospheric CO, concentration, N deposition, and land

cover distribution and wood harvest rates, and N fertilizer, while applying time invariant pre-industrial

climate.

e Simulation 6 (S6) applies historical changes in climate, land cover distribution, wood harvest rates, and

N fertilizer, while applying time invariant pre-industrial atmospheric CO concentration and N

deposition.

Simulation CO2 / Ndep. Climate Land-Use / NFert.
S0 E E E
S1 T E E
S2 T T E
S3 T T T
S4 E E T
S5 T E T
S6 E T T

In previous budgets, SLAND was estimated from simulation S2, which uses time-invariant pre-industrial land

cover. S2 therefore includes sinks (and sources) on land that has since been converted to other uses, such as

forest that has been cleared for agriculture. In GCB2025, we corrected for these replaced sinks and sources

(RSS) by combining per-area S2 fluxes on PFT level with the transient S3 land cover, using the subset of seven

DGVMs that provided the required output (O’Sullivan et al. 2026). This correction relies on a small subset of

the ensemble. It is also difficult to apply to models with explicit vegetation demography: forests in S2 do not

have the age structure created by historical land use and land management, so they respond differently to

environmental change than forests in S3. For GCB2026, we therefore introduce three new simulations (S4-S6)

so that SLAND and its attribution to CO2 and climate are calculated only from simulations with transient land

cover. The one term these simulations do not resolve, the environmental effect on land-use fluxes (5L), is taken

from the bookkeeping models (see below).

New for GCB2026, Spanp is calculated as:
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Scanp = S3 - (S4 - S0) + 6L

where SL represents the transient environmental effects on Epuc (Dorgeist et al. 2024), as estimated from

bookkeeping models (see Supplement S.2.2). These effects arise because land-use change and land management

generally cause larger CO2 emissions and removals under transient and present-day environmental conditions

than under pre-industrial conditions, largely due to increased forest biomass and enhanced tree growth at higher

atmospheric CO2 concentrations. dL is quantified by bookkeeping models as the difference in E;uc of a

simulation under transient and one under pre-industrial environmental conditions (CO2 and climate). 3L has the

Eruc sign convention where a positive value is an emission from the land to the atmosphere. For 2016-2025

global SLAND from the new approach is very close to the GCB2025 RSS-based approach (both 2.5 GtC yr-1).

S3 is used to estimate the total land flux. We further separate Sy anp into contributions from CO, and N

deposition (=S3-S6+4L) and climate (=S3-S5+S0). We do not attempt to calculate the individual contributions

of CO, and climate on the 5L term and for simplicity/visualisation in Figure 12 we add the L term to the CO,

effect (Figure 12a), although we recognise there also long-term climate change effects on carbon stocks that are

subsequently impacted by land-use change.

5.4.2 DGVM evaluation - { Formatted: Line spacing

: 1.5 lines

We apply three criteria for minimum DGVMs realism by including only those DGVMs with (1) steady state
after spin up, (2) global net land flux (Stanxp — Eruc) that is an atmosphere-to-land carbon flux over the 1990s
ranging between -0.3 and 2.3 GtC yr!, within 90% confidence of constraints by global atmospheric and oceanic
observations (Keeling and Manning, 2014; Wanninkhof et al., 2013), and (3) global ELuc that is a carbon source
to the atmosphere over the 1990s, as already mentioned in Supplement S.2.2. All DGVMs meet these three
criteria.

The International LAnd Model Benchmarking (ILAMB) system (Collier et al. 2018; version 2.7.2 (2024):
https://github.com/rubisco-sfa/ILAMB/releases/tag/v2.7.2) is used to compare the 2324 models (2223 DGVMs

and CARDAMOM) to observational benchmarks for a number of different variables related to the land surface:
live biomass carbon, gross primary productivity (GPP), leaf area index (LAI), ecosystem respiration
(heterotrophic + autotrophic), soil carbon, evapotranspiration, runoff, burned areas, fire CO emissions, and soil
respiration. Each row for each variable in Figure S+S10 is clickable in the full website version

(https:/gws-

access.jasmin.ac.uk/public/landsurf rdg/pmcguire/ILAMB_output FRENDYH4/FRENDY4TRENDYVIS/T

RENDYvI5_latest/ ) and gives access to geographic plots for such quantities as bias relative to observational
benchmark, temporal RMSE from the observational benchmark, and difference in max month from the
observational benchmark. The full website version also gives a spatial Taylor diagram for all the models, as well

as time series comparisons of the regional mean time-series and the regional mean annual cycle.

Fhis-yearLike in GCB2025, we include Biomass Carbon in the ILAMB analysis, wherein we add a time-
dependent annual dataset, ESACCI6.0 (Santoro et al. 2024), for the years 2015-2022, and a time-dependent
annual dataset XuSaatchi (Xu et al., 2021), for the years 2000-2019. This year, for Biomass Carbon, we also
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include GEDI L4B (Dubayah et al., 2022) as a time-averaged dataset, for the dates April 2019 to March 2023.
For the ESACCI dataset, the ESACCI6.0 dataset, and-the XuSaatchi dataset, and the GEDI_L4B dataset, we use

an approximate, global, linearized, allometric root-to-shoot ratio (RSR) of 0.275 to convert above-ground

biomass to total above-ground + below-ground biomass (multiplying by 1.0 + RSR).

In the ILAMB setup for TRENDYV13 (GCB2024), we added three extra variables (annual-averaged Burned
Area, Fire Emissions, and Soil Respiration). In addition for TRENDY -GCB2025 the following changes are

made:

1) Modified the Koven et al., (2017) analysis slightly for the Soil Carbon variable, when masking
out arid regions;

2) Added annually-averaged observational data sets for GFEDS.1 for both Burned Area and Fire
Emissions (Chen et al. 2023);

3) Enabled a pre-existing ILAMB variable for Carbon Dioxide, which uses Net Biome
Production (NBP) over land as an emulator for Carbon Dioxide that is subsequently

transported by atmospheric circulation to the observation sites, as in Liptak et al. (2017).

The ILAMB setup for TRENDYv15 (GCB2026) has not been significantly changed from the ILAMB setup for
TRENDYv14 (GCB2025), except for the addition of the GEDI_L4B variable for Biomass Carbon. The new

variables in GCB2024/25 are assigned into the category, ‘Ecosystem and Carbon Cycle Extended’. Variables in
this category do not affect the overall scores for the category ‘Ecosystem and Carbon Cycle’. For TRENDY -
GCB2025, Burned Area from two models (EDv3 and SDGVM) arewere corrected in post-processing to mask
out fuel limited regions (i.e. grid cells with no vegetation or with no carbon emissions due to fire). For
TRENDY-GCB2026. Burned Area for SDGVM is not included. and no post-processing was done for Burned
Area for EDv3.

AFor TRENDY-GCB2026, we determined that the observational benchmark data sets for Soil Carbon (HWSD

Fischer et al., 2008, and NCSCDv2.2, Hugelius et al., 2013) are set for depths down to 1-meter. Three of our

models (CLM6.0, E3SM, and LPJmL) previously reported Soil Carbon down to deeper depths, and they had

poor ILAMB subscores for Soil Carbon. Therefore, for only these three models, we updated their model outputs

to only be for depths down to 1-meter, and the Soil Carbon subscores for these models improved.

For TRENDY-GCB2026, for weighting the global sums, we have provided the fractional land-fractions for

those models that do not use binary-only land-fractions. This affects the ILAMB global sums for those models

but the ILAMB relative scores are unaffected.

Like in TRENDY-GCB2025. a row for the total score is added to the ILAMB summary page, and this total

score is called ‘Hydrology and Carbon Cycles’. The total score is the weighted average of the ‘Hydrology
Cycle’ (weight of 2, since there are 2 variables under Hydrology Cycle) and the ‘Ecosystem and Carbon Cycle’

(weight of 5, since there are 5 variables under the Ecosystem and Carbon Cycle).

The TRENDY-GCB2025 version of the updated ILAMB version 2.7.2 GitHub code fork/branch is available at:
https://github.com/mcguirepatr/ILAMB/tree/master

33

[ Formatted: Normal



https://github.com/mcguirepatr/ILAMB/tree/master

- [Formatted: Normal ]

R57 New to GCB2026, we use the ILAMB Carbon Dioxide emulation described above to evaluate the DGVM net

R58 land flux in more detail against atmospheric CO2 at 38 NOAA Global Monitoring Laboratory stations: 9 in the
R59 North (north of 30°N), 20 in the Tropics (30°S-30°N) and 9 in the South (south of 30°S). The emulation needs
R60 monthly NBP, so it is applied to the 21 DGVMs that provide monthly output; LPJ-GUESS and LPJmL are thus

P61 not included, as they calculate respiration on an annual timescale. In ILAMB, the land contribution to CO2 at

R62 each station is obtained by convolving each model’s monthly NBP with precomputed atmospheric pulse-

P63 response functions. The fossil fuel and ocean contributions are removed from the observed records. The

R64 comparison covers 1983-2013. At each station, the seasonal cycle is the mean annual cycle. Interannual

R65 variability (IAV) is extracted with the NOAA CCGCRYV curve-fitting filter (Thoning et al., 1989), as the

P66 smoothed record minus its long-term trend and harmonics. For each latitude band, we compute the root-mean-

R67 square error (RMSE) of the simulated seasonal cycle and IAV against the observations - and show the median

P68 across stations (Figure S11). Results suggest agreement across models for IAV with a wider spread across

R69 DGVMs and general poorer performance for the seasonal cycle at northern stations. For the northern stations

R70 we also compute the trend in seasonal amplitude from a linear fit to annual amplitudes. We calculate the

R71 absolute difference from the observed trend and plot the median (and interquartile range) error across the

R72 stations (Figure S12).
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1P73  5.4.3 Uncertainty assessment for Siano “ [ Formatted: Space After: 8 pt, Line spacing: 1.5 lines ]

1274 For the uncertainty for Spanp, we use the standard deviation of the annual CO» sink across the DGVMs
1P75  combined with the SL uncertainty from the BKMs, averaging to abeut==+0.67 GtC yr’! for the period 1959 to

1P76  20242025. We attach a medium confidence level to the annual land CO; sink and its uncertainty because the

1277  estimates from the residual budget and averaged DGVMs match well within their respective uncertainties (Table
1278 5.
1279

1p80 S.5 Methodology Atmospheric Inversions < [ Formatted: Indent; First line: 1.27 cm ]

1281  S.5.1Inversion System Simulations

1282 Fourteen atmospheric inversions (details of each in Table S4) were used to infer the spatio-temporal distribution
1283 of the CO; flux exchanged between the atmosphere and the land or oceans. These inversions are based on

1284 Bayesian inversion principles with prior information on fluxes and their uncertainties. They use very similar sets
1285 of surface measurements of CO; time series (or subsets thereof) from various flask and in situ networks. Six
1286  inversion systems used surface observations, and eight inversion systems used satellite XCO» retrievals from
1287  GOSAT and/or OCO-2, of which three systems used a combination of satellite and surface observations.

1288 Each inversion system uses different methodologies and input data but is rooted in Bayesian inversion

1289 principles. These differences mainly concern the selection of atmospheric CO, data and prior fluxes, as well as
1290 the spatial resolution, assumed correlation structures, and mathematical approach of the models. Each system
1291  uses a different transport model, which was demonstrated to be a driving factor behind differences in

1292 atmospheric inversion-based flux estimates, and specifically their distribution across latitudinal bands (Gaubert

1293 et al., 2019; Schuh et al., 2019).
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Most of the fourteen inversion systems prescribe similar global fossil fuel emissions for Eros; specifically, the
GCP’s Gridded Fossil Emissions Dataset version 2025.1 (GCP-GridFEDv2025.1; Jones et al., 2025), which is
an update through 2024 of the first version of GCP-GridFED presented by Jones et al. (2021b) (Table S4). All
GCP-GridFED versions scale gridded estimates of CO; emissions from EDGARv4.3.2 (Janssens-Maenhout et
al., 2019) within national territories to match national emissions estimates provided by the GCP for the years
1959-2024, which are compiled following the methodology described in Supplement S.1. GCP-
GridFEDv2025.1 adopts the seasonality of emissions (the monthly distribution of annual emissions) from the
Carbon Monitor (Liu et al., 2020a,b; Dou et al., 2022) for Brazil, China, all EU27 countries, the United
Kingdom, the USA and shipping and aviation bunker emissions. The seasonality present in Carbon Monitor is
used directly for years 2019-2024, while for years 1959-2018 the average seasonality of 2019, and 2021 and
2022 are applied (avoiding the year 2020 during which emissions were most impacted by the COVID-19
pandemic). For all other countries, seasonality of emissions is taken from EDGAR (Janssens-Maenhout et al.,
2019; Jones et al., 2023), with small annual correction to the seasonality present in 2010 based on heating or
cooling degree days to account for the effects of inter-annual climate variability on the seasonality of emissions
(Jones et al., 2021b).

Small remaining differences between regridding of the GridFED inputs, or the use of different fossil fuel
emission priors are corrected for by scaling the resulting inverse fluxes to GridFEDv2025.1. The consistent use
of Eros ensures a close alignment with the estimate of Eros used in this budget assessment, enhancing the

comparability of the inversion-based estimate with the flux estimates deriving from DGVMs, GOBMs and

fCO;,-based methods. The fossil fuel adjustment (including emissions from cement production and cement

carbonation CO; sink) ensures that the estimated uptake of atmospheric CO> by the land and oceans was fully
consistent within the inversion ensemble.

The land and ocean CO; fluxes from atmospheric inversions contain anthropogenic perturbation and natural pre-
industrial CO; fluxes. On annual time scales, natural pre-industrial fluxes are primarily land CO; sinks and
ocean CO; sources corresponding to carbon taken up on land, transported by rivers from land to ocean, and
outgassed by the ocean. These pre-industrial land CO, sinks are thus compensated over the globe by ocean CO,
sources corresponding to the outgassing of riverine carbon inputs to the ocean, using the exact same numbers
and distribution as described for the ocean in Section 2.5. To facilitate the comparison, we adjusted the inverse
estimates of the land and ocean fluxes per latitude band with these numbers to produce historical perturbation

CO; fluxes from inversions.

S.5.2 Inversion System Evaluation

All participating atmospheric inversions are checked for consistency with the annual global growth rate, as both
are derived from the global surface network of atmospheric CO, observations. In this exercise, we use the
conversion factor of 2.086 GtC ppm™' to convert the inverted carbon fluxes to mole fractions, as suggested by
Prather (2012). This number is specifically suited for the comparison to surface observations that do not respond
uniformly, nor immediately, to each year’s summed sources and sinks. This factor is therefore slightly smaller
than the GCB conversion factor in Table 1 (2.142 GtC ppm', Ballantyne et al., 2012). Overall, the inversions
agree with the growth rate with biases between 0.003-0.04 ppm yr! (0.006-0.08 GtC yr™') for the period 2015-
2024.
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The atmospheric inversions are also evaluated using vertical profiles of atmospheric CO» concentrations (Figure
$13S14). More than 50 aircraft programs over the globe, either regular programs or repeated surveys over at
least 9 months (except on the SH), have been used to draw a robust picture of the system performance (with
space-time data coverage irregular and denser in the 0-45°N latitude band; Table S9 and lower panel in Figure
$13S14). The fourteen systems are compared to these independent aircraft CO, observations between 2 and 7
km above sea level between 2001 and 2024. Results are shown in Figure S13S14, where the inversions

generally match the atmospheric mole fractions to within 0.6 ppm at all latitudes.

S.6 Methodology Earth System Models (ESMs)

The decadal prediction systems based on ESMs used here consist of three sets of simulations: (i) uninitialized
freely evolving historical simulations (1850-2014); (ii) assimilation reconstruction incorporating observational

data into the ESMsmodel (1960-26242025); (iii) initialised prediction simulations for the 1981-26252026

period, starting every year from initial states obtained from the above assimilation simulations. The
assimilations are designed to reconstruct the actual evolution of the Earth system by assimilating essential fields
from data products. The assimilations’ states, which are expected to be close to observations, are used to start
the initialised prediction simulations used for the current year (26252026) global carbon budget. Similar
initialised prediction simulations starting every year (Nov. Ist or Jan. 1st) over the 1981-26242025 period (i.e.,
hindcasts) are also performed for predictive skill quantification and for bias correction. More details on the

illustration of a decadal prediction system based on an ESM can refer to Figure 1 of Li et al. (2023).

Six ESMs, i.e., CanESMS5 (Swart et al., 2019; Sospedra-Alfonso et al., 2021), EC-Earth3-CC (Déscher et al. 2021;
Bilbao et al., 2021; Bernardello et al., 2024), IPSL-CM6A-CO2-LR (Boucher et al., 2020), MIROC-ES2L
(Watanabe et al., 2020), MPI-ESM1-2-LR (Mauritsen et al., 2019; Li et al., 2023), and NorCPM-CC (Tjiputra et
al. 2020; Bethke et al. 2021) have performed 10-ensemble members of prediction simulations. Each ESM uses a
different assimilation method and combination of data products incorporated into the model. More details on the
models’ configuration can be found in Table 4 and Supplement Table S5. The ESMs use external forcings from
the Coupled Model Intercomparison Project Phase 6 (CMIP6) historical (1960-2014) plus SSP2-4.5 baseline and
CovidMIP two-year blip scenario (2015-206252026) (Eyring et al., 2016; Lamboll et al., 2021). The CO; emissions
forcing from 2015-2024 are substituted by GCB-GridFED (v2025.0, Jones et al., 2025) to provide a consistent
CO; forcing, the CO; emissions forcing for year 2025 is an extension with the same emission of the year 2024.
The CO, emissions forcing for year 2026 use the 2025 emissions adding on top the increment of 2026 emissions

in CMIP6 SSP2-4.5 scenario,

S.7 Atmospheric CO; time series

The 1750-2024 atmospheric CO; concentration times series is produced as follows.
Since January 1980, we use the CO; global growth rate reported by NOAA/GML (Lan et al., 2024). In the
period March 1958-December 1979, we use bias-adjusted values of the global growth rate based on

measurements of atmospheric CO, made by the Scripps Institution of Oceanography at the Mauna Loa
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Observatory, Hawaii (Keeling et al., 1976; full period of coverage 1758-2024). Bias adjustment of the Scripps
data was performed in three sequential stages as follows:

e  First, to correct for differences in the mean atmospheric concentration of CO, at Mauna Loa versus the
globally averaged value, a constant of -0.231 ppm was added to all Scripps data to improve alignment
of the “CO,[trend]” values from the Scripps data with the “CO,[trend]” values from the global NOAA
data. The value of -0.231 ppm is the mean offset of “CO;[trend]” at Mauna Loa from the global
“COs[trend]” value during 1980-2000.

e Second, to correct for differences in the seasonality of atmospheric CO» concentrations at Mauna Loa
versus globally, we shifted monthly anomalies between CO» concentration data and “trend” values
backward in time by one month in the Scripps data. This specifically corrects for the fact that
peaks/troughs in the climatology of "CO[monthly observation] - CO;[trend]” at Mauna Loa occur 1
month earlier than peaks/troughs in the climatology of "CO[monthly observation] - CO[trend]” in the
global data from NOAA. A one-month shift to the Scripps data was found to optimally align the
climatologies of "CO;[monthly_observation] - CO>[trend]” in the Scripps and global data.

e Third, to correct for the greater amplitude of seasonal anomalies at Mauna Loa from Scripps than the
global data from NOAA, we apply a monthly multiplier that dampens the magnitude of monthly
anomalies from “trend” values in the Scripps data. The monthly multiplier reduces values of
"COz[monthly_observation] - CO»[trend]” in the Scripps data to more closely match values of
"CO,[monthly observation] - CO,[trend]” in the NOAA global data.

For the period Jan 1750 to February 1958, we use bias-adjusted values of the global growth rate based on
measurements of atmospheric CO; from air trapped in ice at Law Dome (Joos and Spahni, 2008; full period of
coverage 1750-2004). Bias adjustments were made to improve alignment with the post-1980 time series of data

from Scripps and NOAA, and were performed in two sequential stages as follows:

e  First, a constant of 0.973 was added to all data from Law Dome to improve alignment with the Scripps < Formatted: Outline numbered + Level: 1 + Numbering
data (which had already been bias-corrected as described above). The constant of 0.973 is the mean Style: Bullet + Aligned at: 0.63 cm + Indent at: 1.27 cm

offset of CO; annual values (annual mean in the case of the Scripps data) in the period 1958-1979.

e Second, the climatology of "COz[monthly_observation] - CO;[trend]” from the period 1958-2000 was
superimposed on the data from Law Dome (note that the 1958-2000 data includes both Scripps and
NOAA data, combined as described above). To achieve this, a spline interpolation was fitted to
downscale annual observations from CO; concentration from Law Dome to monthly values of
“COs[trend]” and the climatological seasonality of "COz[monthly observation] - CO;[trend]” from
1958-2000) was then added to the interpolated values of “COx[trend]”.

S.8 Processes not included in the global carbon budget < {Formatted: Indent: First line: 1.27 cm

$.8.1 Contribution of anthropogenic CO and CHa to the global carbon budget

Equation (1) includes only partly the net input of CO; to the atmosphere from the chemical oxidation of reactive
carbon-containing gases from sources other than the combustion of fossil fuels, such as: (1) cement process
emissions, since these do not come from combustion of fossil fuels, (2) the oxidation of fossil fuels, (3) the

assumption of immediate oxidation of vented methane in oil production. However, it omits any other
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anthropogenic carbon-containing gases that are eventually oxidised in the atmosphere, forming a diffuse source
of CO», such as anthropogenic emissions of CO and CH4. An attempt is made in this section to estimate their
magnitude and identify the sources of uncertainty. Anthropogenic CO emissions are from incomplete fossil fuel
and biofuel burning and deforestation fires. The main anthropogenic emissions of fossil CH,4 that matter for the
global (anthropogenic) carbon budget are the fugitive emissions of coal, oil and gas sectors (see below). These
emissions of CO and CHj contribute a net addition of fossil carbon to the atmosphere.

In our estimate of Eros we assumed (Section 2.1.1) that all the fuel burned is emitted as CO», thus CO
anthropogenic emissions associated with incomplete fossil fuel combustion and its atmospheric oxidation into
CO; within a few months are already counted implicitly in Eros and should not be counted twice (same for Epuc
and anthropogenic CO emissions by deforestation fires). The diffuse atmospheric source of CO; deriving from
anthropogenic emissions of fossil CHy is not included in Eros. In reality, the diffuse source of CO; from CH4
oxidation contributes to the annual CO, growth. Emissions of fossil CH4 represent 30% of total anthropogenic
CHj4 emissions (Saunois et al. 2020; their top-down estimate is used because it is consistent with the observed
CH, growth rate), that is 0.083 GtC yr™! for the decade 2008-2017. Assuming steady state, an amount equal to
this fossil CHy4 emission is all converted to CO, by OH oxidation, and thus explain 0.083 GtC yr! of the global
CO; growth rate with an uncertainty range of 0.061 to 0.098 GtC yr~! taken from the min-max of top-down
estimates in Saunois et al. (2020). If this min-max range is assumed to be 2 ¢ because Saunois et al. (2020) did
not account for the internal uncertainty of their minimum and maximum top-down estimates, it translates into a
1-6 uncertainty of 0.019 GtC yr-'.

Other anthropogenic changes in the sources of CO and CH,4 from wildfires, vegetation biomass, wetlands,
ruminants, or permafrost changes are similarly assumed to have a small effect on the CO» growth rate. The CHy4
and CO emissions and sinks are published and analysed separately in the Global Methane Budget and Global
Carbon Monoxide Budget publications, which follow a similar approach to that presented here (Saunois et al.,
2020; Zheng et al., 2019).

S.8.2 Contribution of other carbonates to COz emissions

Although we do account for cement carbonation (a carbon sink), the contribution of emissions of fossil
carbonates (carbon sources) other than cement production is not systematically included in estimates of Eros,
except for Annex I countries and lime production in China (Andrew and Peters, 2025). The missing processes
include CO; emissions associated with the calcination of lime and limestone outside of cement production.
Carbonates are also used in various industries, including in iron and steel manufacture and in agriculture. They
are found naturally in some coals. CO; emissions from fossil carbonates other than cement not included in our

dataset are estimated to amount to less than 0.5% of Eros (estimated based on Crippa et al., 2019).

S.8.3 Anthropogenic carbon fluxes in the land-to-ocean aquatic continuum

The approach used to determine the global carbon budget refers to the mean, variations, and trends in the
perturbation of CO; in the atmosphere, referenced to the pre-industrial era. Carbon is continuously displaced
from the land to the ocean through the land-ocean aquatic continuum (LOAC) comprising freshwaters, estuaries,
and coastal areas (Bauer et al., 2013; Regnier et al., 2013). A substantial fraction of this lateral carbon flux is

entirely ‘natural” and is thus a steady state component of the pre-industrial carbon cycle. We account for this
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pre-industrial flux where appropriate in our study (see Supplement S.3). However, changes in environmental
conditions and land-use change have caused an increase in the lateral transport of carbon into the LOAC —a
perturbation that is relevant for the global carbon budget presented here.

The results of the analysis of Regnier et al. (2013) can be summarised in two points of relevance for the
anthropogenic CO; budget. First, the anthropogenic perturbation of the LOAC has increased the organic carbon
export from terrestrial ecosystems to the hydrosphere by as much as 1.0 + 0.5 GtC yr™! since pre-industrial
times, mainly owing to enhanced carbon export from soils. Second, this exported anthropogenic carbon is partly
respired through the LOAC, partly sequestered in sediments along the LOAC and to a lesser extent, transferred
to the open ocean where it may accumulate or be outgassed. The anthropogenic CO» outgassing from the LOAC
was recently estimated at 0.34 = 0.26 GtC yr~' (Regnier et al., 2022; Tian et al., 2023), a significant fraction
originating from the lateral displacement of CO; produced by soil heterotrophic respiration to the aquatic
system. The inclusion of LOAC related anthropogenic CO, fluxes should affect estimates of Spanp and Socean
in Eq. (1) but does not affect the other terms. The GOBMs and DGVMs used in the global carbon budget do not
include a representation of the anthropogenic perturbation of LOAC CO»> fluxes. Here-in-GEB2025; we apply a
posteriori correction of -0.07 GtC yr'! to the Spanp estimate everthe 20152024 period-as assessed in
(Friedlingstein et al. (2025b).

39

[ Formatted: Normal




Supplementary Tables

Table $1. Comparison of the processes included in the bookkeeping method and DGVMs in their estimates of ELUC and SLAND. See Table 4 for model references. All models include deforestation and forest

regrowth after abandonment of agriculture (or from afforestation activities on agricultural land). Processes relevant for ELUC are only described for the DGVMs used with land-cover change in this study.
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(a) Reiiers to the routine harvest of established managed forests rather than pools of harvested products.

(b) Lirr+ited. Nitrogen uptake is simulated as a function of soil C, and Vcmax is an empirical function of canopy N. Does not consider N deposition.

(c) Ava*ilable but not active.

(d) widhout the LUH2 secondary mature, young, and non-forest harvest fractions

() Tillége is represented over croplands by increased soil carbon decomposition rate and reduced humification of litter to soil carbon.

(g) as ‘ar as the DGVMs that OSCAR is calibrated to include it

(h) perifect fertilisation assumed, i.e. crops are not nitrogen limited and the implied fertiliser diagnosed

(i) Pro{:ess captured implicitly by use of observed carbon densities.
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i) Emi|ssions added from external datasets.

(k) Diffuse fraction calculated internally, not from external dataset

() Fire|eeeuraneeoccurrence added from external dataset, but C impact simulated.
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Table $2. Comparison of the processes and model set up for the Global Ocean Biogeochemistry Models for their estimates of SOCEAN. See Table 4 for model references.
invers¢ model OCIM, which contributes an ocean interior estimate in Table 6.
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Total 3.6080E+08 3.6360E+08 3.6006E+08 3.6598E+08 3.6435E+08 3.6270E+4408 = 3.6437E+1461 3.5926E+08 3.6094E+08 3.6134E+08 ¢ 3.5% Formatted: Centered
oceanlarea 11E+08 :
on native
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“ [ Formatted: Normal

grid (km2)
Gas- Wanninkhof etal = Orr et al.,, 2017 Orretal.,, 2017, Orretal, 2017 Orretal, 2017 Orr et al., 2017; Deike et al., Wanninkhof Orretal., 2017 Wanninkhof etal [ Wannin F tted: Cent d
exchahge | (1992) but with Wanninkhof et (2025) wind- | (1992, (1992) (2014) | OFmMatted: Lentere
parameteri a=0.337 al. 2014 wave-bubble coefficient a
zation formulation scaled down to
0.31)
Cc02 OCMIP2 (Orret = mocsy Following llyina et al. mocsy mocsy mocsy OCMIP2 (Orr et mocsy OCMIP2 (Orret [« CO2SYS [ 5
chemiLtry al. 2017) Dickson etal.  (2013) adapted al. 2017) al. 2017) Formatted: Centered
routines 2007 to comply with
OMIP protocol
(Orretal.,
2017)
River jnput | 0.723/- 0.9167 (0.2577 0 077/- 0/0 0.641/-6743 /- = 0.9309 (24394  0.33/- 0/0 0/0 ko/o [ .
(PaCAr) 10.659) 0.74492149/0.7 Formatted: Centered
(organic/in 160)
organic
DIC)
Net flux to 0.723 /- 0.41143997 around 0.54 / - 0.71/- 0/0 0.2411 ~0.2995 (~166+ = 0.24+-29/ - 0/0 0/0 [«0/0 [ .
sediment (0.088560889 / (0.031/0.2411)a ~0.156 / Formatted: Centered
(PgCHyr) 0.3138)3228 round-0-656-/— ~0.144445
s CaCO:
(organtic/ot (Caco3M
her)
1
SPIN-UP procedure Deleted Cells
| ! Deleted Cells
Initialigatio GLODAPvV2 GLODAPvV2 GLODAPV1 initialization GLODAPv2 GLODAPvV2 GLODAPvV2 GLODAPvV2 GLODAPV2 (preindustrial DIC) GLODAPV1 Uniform l I‘tl d Cell
n of carbon (preindustrial (preindustrial (preindustrial from previous (preindustrial (Alkalinity, DIC) (preindustrial preindustrial 2100 unt nserte ells
chemistry DIC) DIC) DIC) simulation DIC) DIC) DIC
Preindustri spin-up 1750- ~300 yrs with 1000 year spin ~2000 years 199189 years 250 years with Spin-up 600792 500 years 1925 years with xCO2 = 278 20004200+ -Spun-u E tted: Cent d
al spin-up 1940 xC0O2=278ppm up (prior to xC02=278 years before before year years seasona | Ormatted: Lentere
prior t 1762) ppmieng-spin- the year 1766 1780 with varying
1850 w100 with xC02=278 xCO2 = 278 cyclostationary
years) from equilibrium
1750-fixed using Newton's
conditions method (zero

drift
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AtmoTpheric forcing fields and CO2

“ [ Formatted: Normal

Deleted Cells

Atmospher looping ERA5 (i) and (ii) CORE-I
ic forcing year 1990 looping first ten (normal year)
for (i) pre- years (1958- forcing (i, ii, iii)
industfial 1967) of

. - JRAS5-do-v1.4
spin-up, (ii) (spin-up and
spin-up 1750-1939) ;
1850-1958 (iii) looping ten
for years (1958-
simulgtion 1967) of ERAS
B, (iif) (1940-
simulgtion 2024)2025)
B
Atmosjpher constant xCO2 of xCO2 of
ic CO2 for 278ppm; 278ppm, 278ppm,
control converted to converted to converted to

. pCO2 pCO2 with pCO2 with sea-
spin-up

temperature constant sea- level pressure

1850-1958 formulation level pressure and water
for (Sarmiento et and water vapour
simulgtion al., 1992) vapour pressure
B, and for pressure
simulgtion
B

OMIP ERAS5 JRAS5-
climatology (i), dov.1.4.0
NCEP year repeated year
1957 (i) 1961 (i, ii),
ERAS5 hourly
(iii)
xCO2 of xCO2 of
278ppm, no 278ppm,
conversion to converted to
pCO2 pCO2 with sea-
level pressure
and water
vapour
pressure

i) preindustrial
spin-up 1580-
1829: 110
years of a 10-
years loop
1958-1967
with JRA55-do-
v1.5.0 full
reanalysis +
150 years of a
10-years loop
with ERA5 3H
1959-1968)

ii) spin-up
1830-1958: 10-
years loop with
ERA5 3H
1959-1968
iii) simulation
1959-2025: 10-
years loop with
ERA5 3H
1959-
1968)JRA55-
do-v4-5:0-full
reanalysis (i)
eyeling-year
958 (i

xCO2 of 278
ppm, converted
to pCO2 with
constant sea-
level pressure
and water
vapour
pressure

ERADS5 hourly
loop over 1958-
1969 (i, ii, iii)

xCO2 of
278ppm,
converted to
pCO2 with sea-
level pressure
and water
vapour
pressure
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(i, ii, iii): ERAS JRA-3Q repeat year 1990/91 (01May1990 to
NYF (mean of 30Apr1991) (i, ii, iii)
1958-2024 with
2001
anomalies, with
a temporal
resolution of
3h)
xCO2 = 278 xCO2 of 278ppm, converted to pCO2 with water
ppm, converted vapour and sea-level pressure (JRA-3Q repeat year
to pCO2 with 1990/91)
atmospheric

pressure, and
water vapour
pressure

T
(i) 800+ years

CORE spinup.
750 years with
JRA55-do
1990/1991 and
700250+ years
of cycling ERAS
1958, (i) and
(i) cycling
ERA5 1958.

xCO2 of
278ppm,
converted to
pCO2 with sea-
level pressure

1
JRASS5
verage. INserted Cells
sea ice, and
atmospheric
pressure used
for all of these

[+Spun ug
equilibril Inserted Cells

under iFormatted: Left

atmosp

xCO2 of 277.5
ppm,
corresponding
to year 1700 in
the GCB
Atm_CO2_forci
ng.csv
file278ppen,
converted to
sea level pCO2




Atmosjpher
ic forcing

for
historigal
spin-up
1850-1958
for
simulgtion
A (i) apd
for
simulgtion
A (i)

Atmospher
ic CO2 for
historigal
spin-up
1850-1958
for
simulgtion
A (i) apd
simulation
A (ii)

1750-1947:
looping ERAS
year 1990;
1948-2023:
ERAS5

xCO2 provided
by the GCB;
converted to
pCO2
temperature
formulation
(Sarmiento et
al., 1992),
monthly
resolution (i, ii)

(i) looping first
ten years
(1958-1967) of
JRA55-do-v1.4
(1750-1939) ;
(ii) full ERA5
reanalysis
(1940-
2024)2025)

xCO2 as
provided by the
GCB, global
mean, annual
resolution,
converted to
pCO2 with sea-
level pressure
and water
vapour
pressure (i, ii)

CORE-I
(normal year)
forcing; from
1948 onwards
NCEP-R1 with

CORE-II

corrections

xCO2 as
provided by the
GCB,
converted to
pCO2 with sea
level pressure
(taken from the
atmophericatm
e es
forcing) and
water vapor
correction (i, ii)

NCEP 6 hourly
cyclic forcing
(10 years
starting from
1948, i), 1948-
2021: transient
NCEP forcing

transient
monthly xCO2
provided by
GCB, no
conversion (i, ii)

ERA5 JRA5S-
eom L0
repeated year
1961 (i), ERA5
hourly (ii)

xCO2 as
provided by the
GCB,
converted to
pCO2 with sea-
level pressure
and water
vapour
pressure,
global mean,
monthly
resolution (i, ii)

pre-industrial
spin-up (1580-
1829) then (i)
spin-up 1830-
1958: 10-years
loop with ERA5
3H (1959-
1968), (ii
simulation
1959-2025: full
ERAS5 3H
reanalysis
1959-
2025)JRA55-do

From 1830:
xCO2 as
provided by the
GCB,
converted to
pCO2 with
constant sea-
level pressure
and water
vapour
pressure,
global mean,
yearly

ERAS5 hourly (i, ii): ERA5 at
loop over 1958- 3h resolution,
1969 (i), ERAS repeat cycle
hourly i) 1958-2024
xCO2 as xCO2 as
provided by provided by the
GCB, GCB in 2025
converted to (from 1780
pCO2 with sea- onward),
level pressure converted to
and water pCO2 with
vapour locally
pressure, determined
global mean, atm. pressure,
yearly and water
resolution (i, ii) vapour

pressure (i, ii)
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1636-1947 and 1948-1958 (till 2025):4640-1957
repeated cycle JRA-3Q 1948-2024-(i),-1958-2024

(i) cycling ERA5
1958, (i) ERA5

{2025 for 1958-
2024.2025.
xCO2 as provided by GCB, converted to pCO2 with xCO2 as

provided by the
GCB, converted
to pCO2 with
sea-level
pressure

water vapour and sea-level pressure (i, ii).

[ Formatted: Normal

with
atmosphericsea
-level pressure
and water
vapor pressure

No simu
erformi Inserted Cells

No simulation
A, but for
simulation C
the GCB xC0O2
forcing file was
used, converted
to pCO2 with
water vapor
and sea level
pressure




PRRRRRRREPER R
<
o

Table 53{ Description of ocean fCO2-products used for assessment of Spcean. See Table 4 for references.

resolution (i, ii)

[ Formatted: Normal

[ Formatted: Subscript

(

‘ Jena-MLS

VLIZ-SOMFFN

CMEMS-LSCE-FFNN

UExP-FNN-U
(previously Watson
etal.)

NIES-ML3

JMA-MLR

OceanSODA-ETHZv2

LDEO HPD

AOML-ETCSIR-MLE

SITU-AVIT

Formatted Table

Inserted Cells
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Method

Spatio-temporal
interpolation (version
oc_v2026%2623).
Spatio-temporal field of
ocean-internal carbon
sources/sinks is fit to
the
SOCATV2026S0€ATv20
22 pCO2 data. Includes
a multi-linear
regression against
environmental drivers
to bridge data gaps,

A feed-forward neural
network (FFN)
determines non-linear
relationship between
SOCAT pCO2
measurements and
environmental
predictor data for 16
biogeochemical
provinces (defined
through a self-
organizing map, SOM)
and is used to fill the
existing data gaps.

An ensemble of neural
network models trained
on 100 subsampled
datasets from SOCAT
and environmental
predictors. The models
are used to reconstruct
sea surface fugacity of
€02 and convert to air-
sea CO2 fluxes

A self-organising map
feed forward neural
network (SOM-FNN)
implementation using
SOCATV2026S0€ATv20
25 recalculated to the
subskin temperature
(ESA CCl v3 bias
corrected to surface
drifter data following
recommendations in
Dong et al. 2022) of the
ocean as measured by
satellites (described in
FordGeddijn-Murphy et
al. 2026,-2015). Flux
calculation corrected
for the cool and salty
surface skin. Monthly
skin temperature
calculated from ESA CCI
v3 (Embury et al. 2024)
with the cool skin
difference calculated
using NOAA COARE
3.65. Flux calculations
completed using
FluxEngine v4.2.0
(Shutler et al., 2016;
Holding et al., 2019).

The ensemble of a
random forest, a
gradient boost
machine, and a feed
forward neural network
trained on SOCAT 2025
fCo2 and
environmental
predictor variables. The
interannual trend of
fCO2 was estimated
first by the decadal
trend of atmospheric
CO2 and then corrected
by a so-called leave-
one-year-out validation
method. The trend was
used to normalize fCO2
to the mid year of 1982-
2024 for model training.
The monthly fCO2 maps
were reconstructed
using model prediction
and the trend.

Fields of total alkalinity
(TA) were estimated by
using a multiple linear
regressions (MLR)
method based on
GLODAPV3GLOBARV2 2
023 and satellite
observation data.
SOCATV2026S0€AT20
25 recalculated fCO2
data were converted to
dissolved inorganic
carbon (DIC) with the
TA. Fields of DIC were
estimated by using a
MLR method based on
the DIC and satellite
observation data

OceanSODA-ETHZv2 is a
two-phase machine
learning approach. In
phase 1, we estimate
the AfCO2 8-day
seasonal cycle
climatology with a
Gradient Boosted
Decision Tree which is
used as a predictor in
the next phase. In
phase 2, we predict the
non-thermal
component of AfCO2 at
a 8-day by 0.25° by
0.25° resolution with a
two-layer fully-
connected neural
network using 35
ensemble members.
The atmospheric CO2
and non-thermal
component are added
back to the result.

Based on fCO2-misfit
between observed fCO2
and 10 global carbon
budget GOBMs. The
eXtreme Gradient
Boosting method links
this misfit to
environmental
observations to
reconstruct the model
misfit across all space
and time, which is
then added back to the
model-based fCO2
estimate. The final
reconstruction of
surface fCO2 is the
average across the 10
reconstructions. A
climatology of the
misfits calculated for
the years 2000-
20252623 is used as an
offset for years prior to
1982 when ae/limited

A hybrid machine-
learning approach is

“ [ Formatted: Normal

Vision Transformer

pretrained on seven

used to reconstruct

CMIP6 models and fine-

monthly surface-ocean

tuned with MOM6-

fCO2. A generalized

COBALT2 and

additive model (GAM)

SOCATv2024. Predictors

provides the large-scale

include SST, SSS, Chl-a,

spatial, temporal and

MLD, atmospheric CO2

environmental baseline

and carbonate-system

followed by two

sensitivities to SST, SSS

Extremely Randomized

DIC and alkalinity

Trees (ET) stages that
learn residual structure
and refine the final
estimate. The model is
trained on SOCATv2026
recalculated fCO2 using
SST, SSS, mixed-layer
depth, chlorophyll,
latitude/longitude and
seasonal/time
predictors, and is then
applied globally on the
1° ocean grid.An

environmental
ental observations are
available to train the
ML algorithm.

Zhang et al., 2025).
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“ [ Formatted: Normal

Gas- Wanninkhof 1992. Wanninkhof 2014. Wanninkhof 2014. Nightingale et al 2000 Wanninkhof, 2014. Wanninkhof 5 2014. Wanninkhof 1992, Wanninkhof 1992 Wanninkhof (2014). Wanninkhof (2014
exchang Transfer coefficient k Transfer coefficient k Transfer coefficient k Transfer coefficient k Transfer coefficient k averaged and scaled for | parameterization. Transfer coefficient quadratic wind-speed
e scaled to match a global | scaled to match a global | scaled to match a global scaled to match a global | scaled to match a global | three reanalysis wind Transfer coefficient k KIS —avaraped-ana dependence with
paramet mean transfer rate of mean transfer rate of mean transfer rate of mean transfer rate of mean transfer rate of data, to a global mean scaled to match a global | scaled ferthree coefficient 0.251 (global
erization 16.5 cm/hr by (Naegler, 16.5 cm/hr (Naegler, 16.5 cm/hr (Naegler, 16.5 cm/hr in 1990- 16.5 cm/hr (Naegler, 16.5 cm/hr (after mean transfer rate of R e {0 mean transfer velocity
2009) 2009) 2009) 2019 (Fay et al., 2021) 2009; Fay, Gregor et al. Naegler 2009; Fay & 16.5 cm/hr (Naegler, match a global mean approximately 16
2021) Gregor et al. 2021) 2009) transfer rate of 16.5 cm cm/hr).

h" (fhe{afterNaegler,

2009; Fay &Gregeret

al.- 2021}).
Wind JMAS55-do reanalysis ERAS ERAS CCMP3.1 ERAS JRA3Q ERAS ERAS ERAS ERAS
product
Spatial 2.5 degrees longitude x 1x1 degree 0.25x0.25 degree 1x1 degree 1x1 degree 1x1 degree 0.25x0.25 degree 1x1 degree 1x1 degree 1x1 degree
resolutio| | 2 degrees latitude regridded to 1x1 degree regridded to 1x1 degree
n regridded to 1x1 degree
Tempora| | daily monthly monthly monthly monthly monthly 8-daily regridded to monthly monthly monthly

monthly
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resolutio
n

“ [ Formatted: Normal

Atmosph|
eric CO2

Spatially and temporally
varying field based on
atmospheric CO2 data
from 169 stations (Jena
CarboScope
atmospheric inversion)

Spatially varying 1x1
degree atmospheric
pCO2_wet calculated
from the NOAA ESRL
marine boundary layer
xCO2 and NCEP sea
level pressure with the
moisture correction by
Dickson et al 2007.

Spatially and monthly
varying fields of
atmospheric pCO2
computed from CO2
mole fraction (CO2
atmospheric inversion
from the Copernicus
Atmosphere Monitoring
Service), and
atmospheric dry-air
pressure which is
derived from monthly
surface pressure (ERAS)
and water vapour
pressure fitted by Weiss
and Price 1980

Atmospheric fCO2 (wet)
calculated from NOAA
marine boundary layer
XCO2(atm) and ERAS
sea level pressure, with
pH20 calculated
following Dicksonfrem
Cooperetal. (2007).
2025 xCO2(atm){4998)-
2024-XCO2 marine
boundary values were
not available at
submission so we used
preliminary values,
estimated from
20242023 values and
increase at Mauna Loa.

NOAA Greenhouse Gas
Marine Boundary Layer
Reference.
https://gml.noaa.gov/cc
gg/mbl/mbl.html

Atmospheric xCO2
fields of IMA-GSAM
inversion model (Maki
etal. 2010) were
converted to pCO2 by
using JRA3Q sea level
pressure. 20252024
xCO2 fields were not
available at this stage,
and we used Cape Grim
and Mauna Loa xCO2
increments from
20242023 to 20252024
for the southern and
northern hemispheres,
respectively.

NOAA's marine
boundary layer (MBL)
product (1980 - 2023) is
used for atmospheric
XxCO2. For the year
2024, a linear
regression is performed
between
deseasonalised Mauna
Loa (1970 - 2025) and
MBL data for each
latitude of the latter.
The mean seasonal
cycle is added back to
the interpolated data
for 2024. The MBL xCO2
(now 1980 - 2024) is
linearly interpolated
onto a 0.25°x0.25° grid
and resampled from
weekly to 8-daily. xCO2
is multiplied by ERAS
mean sea level
pressure, where the
latter corrected for
water vapour pressure
using Dickson et al.
(2007). These results
are regridded to a
monthly 1x1 degree
pCO2atm.

NOAA's marine boundary
layer (MBL) surface xCO2
product is linearly
interpolated to a 1x1
degree monthly grid for
years 1979 onward-2623.

Spatially varying 1x1

NOAA ESRLNO;

degree atmospheric
pCO2 wet calculated
from the NOAA ESRL
marine boundary layer
xCO2 and NCEP sea

marine bounda._,
productforxC02,-s

linearly interpolated in
latitude and replicated
across longitude onto a

Prior to 1979, calculating
an offset between the
MBL and Mauna Loa
seasonal climatologic
xCO2 values for a subset
of common years (1979-
1989) yields a mean
seasonality difference
which is then applied to
the Mauna Loateaéd time
series pre-1979. This
results in a latitudinal-
varying xCO2 time series
for years prior to 1979,
based on the long term
trajectory estimated at
Mauna Loa. Monthly 1x1
degree xCO2 is multiplied
by ERA5 mean sea level
pressure, with the
correction for water
vapour pressure using
Dickson et al. 2007, using
ERAS SST and EN4 SSS.
Flnally converted to fCO2
using ERAS SST and SLP.

level pressure with the
moisture correction b

1 x 14x% degree grid.
Atmospheric pCO2

Dickson et al 2007.

includes-and-resampled

B ]
e
segoevaloressure s
used,where the latter
eorrected-forwater-
vapour correction
ofpressure-using
Dickson et al. (2007).

Total
ocean
area on
native
grid
(km2)

3.63E+08

3.63E+08

3.50E+08

361000000

329000000

303000000315660000

354615000

3.586 E+8

3.63E+08363150000

3.44 E+8
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method
to
extend
product
to full
global
ocean
coverage

Arctic and marginal seas
added following
Landschiitzer et al.
(2020). No coastal cut.

Fay & Gregor et al. 2021

Coverage of the global
ice free ocean (ice frac
<0.9)

Based on method in Fay
& Gregor et al. 2021.
Gaps were filled with
monthly climatology
(Landschutzer et al.
2020) scaled for
interannual variability
based on the temporal
evolution of this
product for all years.

The trained model is
applied directly to all
available cells of the
global 1° ice-free ocean
grid.

“ [ Formatted: Normal

Method has ne
coverage

I
Inserted Cells
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Note the difference in global integrated CO2 emissions between CMIP6 CovidMIP and GCP-GridFED in recent years is within the emission uncertainty.
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Table S6. Comparison of the projection with realised fossil CO2 emissions (EFOS). The ‘Actual’ values are first the estimate available using actual data (e.g., the actual 2020 value is from the
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[a) chkson et al. (2016) and Le Quéré et al. (2015a). (b) Le Quéré et al. (2016). (c) Le Quéré et al. (2018a). (d) Le Quéré et al. (2018b). (e) Friedlingstein et al., (2019), (f) Friedlingstein et als, (202({ Formatted: Font: Not Bold, English (United Kingdom) }

Friedlingstein et al., (2022a), (h) Friedlingstein et al., (2022b), (j) Friedlingstein et al., (2023), (k) Friedlingstein et al. (2025a), (l) Fhis-studyFriedlingstein et al. (2026a).
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(i) F‘om 2023, the projection for Rest of World is composed of separate projections for aviation bunkers, maritime bunkers, and all other countries. [ Formatted: Font: Not Bold J
(i) ﬁhe projection for the World includes the projection on cement carbonation [Formatted: Font: Not Bold ]
5
6
7

68



Table S7 Comparison of the eurrent-yearprojection-projected and assessed estimates of Garm, Stanp and
Socean-fer-the-eurrentyearwith-the-actualvaluessinee GEB2021.. The ‘actual’ values arerefer to the
estimateestimates available using observations and comprehensive models/data streams (e.g., the actual
26232025 value from the 20242026 GCB budget publication) and the ‘projected’ values refersrefer to_the
estimates made before the end of the year for each publication (e.g., the projected 26242025 value from
the 26242025 GCB budget publication). All units in GtC/yr.

N Gatv Socean Sranp

N Projected Actual Projected Actual Projected Actual
2021 53+0.1 52402 29+0.4 29+04 33+1.0 3.5+0.9
2022 53+04 4.6+£0.2 29+0.4 2.8+0.4 34+0.9 3.8+0.8
2023 5.1+04 59+0.2 2.9+0.6 2.9+0.4 29+1.2 23+1.0
2024 6.1+0.3 7.9+0.2 3.0£0.6 3.4£0.6 32+1.5 1.9+0.9
202420 6149+ 7944+ | 3210+ 342+ 324+ 1936+

25, 0.32 0.2 064 0.64 1.50 0.9

Note: the 2024 projections of Spcean and Spanp are not corrected as in the GCB2024, while the
actual estimates are corrected, as in the-present-GCB2025. The uncorrected 2024 estimates of
Socean and Spanp are 3.2 + 0.6 and 2.5 £ 0.9 GtC/yr respectively.
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Table| $10. Main methodological changes in the global carbon budget since first publication. Methodological changes introduced in one year are kept for the following years unless noted. Empty { Formatted Table
mean there were no methodological changes introduced that year.

Publicat
ion year

Fossil fuel emissions

LUC emissions

Reservoirs

Global

Country (territorial)

Country
(consumption)

Atmosphere

Ocean

Land

Uncertainty & other
changes

2006 ’(a)

Split in regions

2007 ’(b)

ELUC based on FAO-
FRA 2005; constant
ELUC for 2006

1959-1979 data from
Mauna Loa; data
after 1980 from
global average

Based on one ocean
model tuned to
reproduced
observed 1990s sink

+10 provided for all
components

2008 ’(c)

Constant ELUC for
2007

2009 ’(d)

Split between Annex
B and non-Annex B

Results from an
independent study
discussed

Fire-based emission
anomalies used for
2006-2008

Based on four ocean
models normalised
to observations with
constant delta

First use of five
DGVMs to compare
with budget residual
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2010 ’(e) Projection for Emissions for top ELUC updated with
current year based emitters FAO-FRA 2010
on GDP
2011 ’(f) Split between Annex
B and non-Annex B
2012 ’(g) 129 countries from 129 countries and ELUC for 1997-2011 | All years from global | Based on 5 ocean Ten DGVMs available
1959 regions from 1990- includes interannual | average models normalised for SLAND; First use
2010 based on anomalies from fire- to observations with | of four models to
GTAP8.0 based emissions ratio compare with ELUC
2013 ((h) 250 countriesb 134 countries and ELUC for 2012 Based on six models | Coordinated DGVM Confidence levels;

regions 1990-2011
based on GTAPS.1,
with detailed
estimates for years
1997, 2001, 2004,
and 2007

estimated from
2001-2010 average

compared with two
data-products to
year 2011

experiments for
SLAND and ELUC

cumulative
emissions; budget
from 1750

81




“ [ Formatted: Normal

2014 ’(i) Three years of BP Three years of BP Extended to 2012 ELUC for 1997-2013 Based on seven Based on ten models | Inclusion of
data data with updated GDP includes interannual models breakdown of the
data anomalies from fire- sinks in three
based emissions latitude bands and
comparison with
three atmospheric
inversions
2015(j) | Projection for National emissions Detailed estimates Based on eight Based on ten models | The decadal
current year based from UNFCCC introduced for 2011 models with assessment of uncertainty for the
Jan-Aug data extended to 2014 based on GTAP9 minimum realism DGVM ensemble
also provided mean now uses 10
of the decadal
spread across
models
2016 (k) | Two years of BP data | Added three small Preliminary ELUC Based on seven Based on fourteen Discussion of

countries; China’s
emissions from 1990
from BP data (this
release only)

using FRA-2015
shown for
comparison; use of
five DGVMs

models

models

projection for full
budget for current
year
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20171)

Projection includes
India-specific data

Average of two
bookkeeping models;
use of 12 DGVMs

Based on eight
models that match
the observed sink for
the 1990s; no longer
normalised

Based on 15 models
that meet
observation-based
criteria (see Sect.
2.5)

“ [ Formatted: Normal

Land multi-model
average now used in
main carbon budget,

with the carbon
imbalance presented

separately; new
table of key
uncertainties

2018
(m)

Revision in cement
emissions; Projection
includes EU-specific
data

Aggregation of
overseas territories
into governing
nations for total of
213 countries a

Average of two
bookkeeping models;
use of 16 DGVMs

Use of four
atmospheric
inversions

Based on seven
models

Based on 16 models;
revised atmospheric
forcing from
CRUNCEP to CRUJRA

Introduction of
metrics for
evaluation of
individual models
using observations

2019{n)

Global emissions
calculated as sum of
all countries plus
bunkers, rather than
taken directly from
CDIAC.

Average of two
bookkeeping models;
use of 15 DGVMs

Use of three
atmospheric
inversions

Based on nine
models

Based on 16 models

83




zozoro)

Cement carbonation
now included in the
EFOS estimate,
reducing EFOS by
about 0.2GtC yr-1 for
the last decade

India's emissions
from Andrew (2020:
India); Corrections to
Netherland Antilles
and Aruba and Soviet

emissions before
1950 as per Andrew
(2020: CO2); China's

coal emissions in
2019 derived from
official statistics,
emissions now
shown for EU27
instead of EU28.
Projection for 2020
based on assessment
of four approaches.

Average of three
bookkeeping models;
use of 17 DGVMs.
Estimate of gross
land use sources and
sinks provided

Use of six
atmospheric
inversions

Based on nine
models. River flux
revised and
partitioned NH,
Tropics, SH

Based on 17 models

[ Formatted: Normal

2021|p

Projections are no
longer an
assessment of four
approaches.

Official data included
for a number of
additional countries,
new estimates for
South Korea, added
emissions from lime
production in China.

ELUC estimate
compared to the
estimates adopted in
national GHG
inventories

Average of means of
eight models and
means of seven data-
products. Current
year prediction of
SOCEAN using a
feed-forward neural
network method

Current year
prediction of SLAND
using a feed-forward

neural network
method
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2022 ’(q) ELUC provided at Use of nine Average of means of | Based on 16 models.
country level. atmospheric ten models and Revision of LUC maps
Revised components inversions means of seven data- for Brazil.
decomposition of products
ELUC fluxes. Revision
of LUC maps for
Brazil. New datasets
for peat drainage.
2023(r) Refined components Use of 14 Additional use of 4 Based on 20 models. | Inclusion of an

decomposition of
ELUC. Revision of
LUC maps for
Indonesia. Use of
updated peat
drainage estimates.

atmospheric
inversions.
Additional use of 4
Earth System Models
to estimate current
year CO2

Earth System Models
and atmospheric
oxygen method to

assess SOCEAN.

Regional distribution

of river flux
adjustment revised.

Additional use of 4
Earth System Models
and atmospheric
oxygen method to
assess the net
atmosphere-land
flux.

estimate of Carbon
Dioxide Removal
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Inclusion of 2024
projections from
Carbon Monitor

Inclusion of 2024
projections from
Carbon Monitor for
China, USA, EU27,
India, and Rest of the
World

Fourth bookkeeping
estimate (LUCE).
Update in land-use
data (HYDE3.4)
including revision of
LUC maps for China.
Updated definition
of forest (re-)growth
fluxes (consistent
with 2nd State of

Use of 14
atmospheric
inversions models

Use of 10 GOBMs, 8
fCO2-products.
Added evaluation for
fCO2-products.

Use of 20 DGVMs

[ Formatted: Normal

Projection available

for Japan for the first
time

CDR Report).
Bookkeeping Adjustments applied

estimates derived
from models that

estimate ELUC based

on transient carbon
densities responding
to environmental
changes (BLUE
OSCAR, LUCE).

Include an
assessment of
satellite-derived
growth rates

for known
underestimation of
GOBM s and cool
surface skin effect in
fCO2-products.
Suspension of 19

ocean data sets from

SOCAT.

Include the RSS
adjustment.
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e Frie|d|ingstein et al. (2010) N [ Formatted Table

f Petqrs etal. (2012a)

gle Ctluéré et al. (2013), Peters et al. (2013)
hLe qluéré et al. (2014)

ilLe Q|uéré et al. (2015a)

j Le Quéré et al. (2015b)

k Le Chuéré et al. (2016)

I Le Q|uéré et al. (2018a)

m Le puéré et al. (2018b)

n Frie|d|ingstein et al. (2019)

o Frie|d|ingstein etal. (2020

p Frie|d|ingstein et al. (2022a)
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q Frie|d|ingstein et al. (2022b)
r Frie{jlingstein et al. (2023)

s Friehlingstein et al. (2025a)
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Table S11: Translation of global carbon cycle models' land-use flux definition to the LULUCF flux definition used in national

greenhouse gas inventory (NGHGI) reports submitted to UNFCCC. The translation is based on adding the natural land sink

SLAND) in managed forests estimated by dynamic global vegetation models (DGVMs) to ELUC estimates from bookkeeping

models (BMs). Managed forests are approximated by non-intact forests, unless country-specific maps of managed forests

are available. The component 'forest (GCB)' includes removals from permanent afforestation/reforestation, net fluxes from

shifting cultivation in forests, and net fluxes from wood harvest. The component ‘other transitions’ includes all transitions

between non-forested land (e.g., shrub and herbaceous vegetation), cropland, pasture, and urban areas. For comparison

we provide FAQ estimates of emissions from net forest conversion and removals on forest land (based on carbon stock

change), plus emissions from peat drainage and peat fires (based on IPCC Tier 1 emission factors), as well as the net land

flux on managed land from atmospheric inversions (see Section S.2.4 for more details). The FAO net LULUCF flux estimate

excludes the component "other transitions". NGHGI data are from the LULUCF datahub v4.1.0 (missing years are gap-filled

and FAO data are from Tubiello et al. (2026) and FAOSTAT (FAO, 2026b). Values are averages for 2016-2025, expressed in

GtC yr!; positive values indicate emissions to the atmosphere, and negative values indicate removals.
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-2.3 -2.1 -1.7 -
2+3 for BMs - - - -
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fluxes forest (LULUCF) [1+4 - - -
Other fluxes  (6) other transitions 0.1 -0.2 - -
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23
24
25

7) peat fire & drainage 0.2 0.2 0.3 -

(8) net Eiuc (GCB) [1+2+6+7] 13 - - -
Total fluxes

(9) net LULUCF flux [1+4+6+7] -0.9 -1.2 -0.4 -0.9
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| 26

Tabl¢ S12 - Evaluation of global ocean biogeochemistry models based on comparison with observation-based interior ocean carbon accumulation and
rocess-based evaluation metrics for Atlantic Meridional Overturning Circulation (AMOC), Southern Ocean sea surface salinity and surface ocean
Revéllle factor (following the RECCAP2 ocean model evaluation chapter, Terhaar et al., 2024) and Southern Ocean stratification index (Bourgeois et al.,
. "full coverage" refers to full model domain coverage and published dataset including scaling factors. "reduced coverage" refers to models
subspmpled to horizontal and vertical coverage of the data set (e.g., restricted to 3000 m depth). See supplementary text C3.3 for details of
calcylation and observational data sources.
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atio | (CSI | ETH Cob | - ESM | (IPSL) - PISCESv2-
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Table S14 - Mean ocean CO; fluxes from surface ocean fCO,-products and atmospheric inversions over the
period 2016-2025, before (net air-sea flux) and after (Socean) applying corrections for pre-industrial
riverine carbon fluxes (Pl Rivers) and pre-industrial natural steady state ocean CO; fluxes that are
regionally different from zero (Pl natural steady state). The riverine correction and the Pl natural steady
state corrections are subtracted. The latter is applied only to regional estimates, as its global integral is
zero. All values are expressed in GtC yr, with positive values indicating ocean CO> uptake. Uncertainties
represent +10. For the reported estimates, uncertainties associated with the Pl natural steady state
correction are combined in quadrature with the original flux uncertainties. For atmospheric inversions,
uncertainties are calculated as the standard deviation across the decadal means of individual inversion
models. For fCO,-based products, the global uncertainty includes both random (model ensemble spread)
and systematic uncertainties, whereas regional uncertainties include only random uncertainties (see
Supplement S3.5).

Corrections fCO>-products Atmospheric Inversions
Region Pl Rivers Pl natural Net air-sea Socean Net air-sea Socean
steady state | flux flux
Global -0.65 0 2.60+£0.58 3.25+0.58 | 2.45+0.25 3.10+0.25
North -0.14 0.71+0.14 1.20+0.11 0.63+0.18 | 1.06+0.11 0.49+0.18
Tropics -0.42 -1.07+0.25 | -0.18+0.10 1.31+0.27 |-0.12+0.12 1.37+0.28
South -0.09 0.38+0.22 1.57+0.22 1.28+0.31 1.51+0.20 1.22+0.30
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Figure S1. Differences in the HYDE/LUH2 land-use forcing used for the global carbon budgets GEB2623

(Eriedlingstein-et-al5-2023),-GCB2024 (Friedlingstein et al., 2025a), and-GCB2025 (Friedlingstein et al.
2026a), and GCB2026 (this paper). Shown are year-to-year changes in cropland area (top panel) and pasture

area (middle panel). To illustrate the relevance of the update in the land-use forcing for the recent trends in
Eruc, the bottom panel shows the land-use emission estimate from the bookkeeping model BLUE (original
model output, i.e., excluding emissions from peat fire and peat drainage). The inclusion of transient carbon

densities in GEB2025GCB2026 is also shown on the bottom panel.
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Figure S2. Split of net CO» fluxes from wood harvest and other forest management into gross emissions and
gross removals. Solid lines denote the average of the three bookkeeping models and shaded areas the full range
(min-max) of the bookkeeping model estimates. Gross wood harvest emissions amount to 1.65 [0.9,
2.2]GtCyr™* in 2015=20242016—2025 resulting from the decomposition of slash and
the decay of wood products. Gross removals amount to —1.1 [-1.5, —0.8] GtCyr tin

2045-20242016-2025 resulting from regrowth after wood harvesting.
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Evruc estimates with H&C2023 (4 models) and without H&C2023 (3 models)
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Figure S3. Comparison of initial Eryc projections (ELuc changes relative to the Eruc estimate in the previous
year) based on anomalies in peat fires in equatorial Asia and tropical deforestation and degradation fires with
updated estimates in later global carbon budgets (GCBs) based on bookkeeping model simulations. Black bars
on gray background indicate ELyc projections; colored bars indicate bookkeeping ELuc estimates from later

GCB versions (with the GEB2025GCB2026 bookkeeping Eryc estimate in black).
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M08  (GOBMs) simulation A, b) fCO; based data products, and ¢) GOBMs simulation B, averaged over 2045~

109  20242016-2025 period (kgC m2 yr'!). In panel c, only the six models that do not account for riverine outgassing

110 (i.e. their simulation B represents the natural steady-state fluxes and that have a simulation B CO2 flux within +

ni1 0.2 GtC yr-1) are shown (see section S.3.1). This map (along with river outgassing correction outlined in section

n12 2.5.1 in the main manuscript) is used to calculate Socean estimates from the original net air-sea exchange for the

L13  fCO2-products and atmospheric inversions. Positive numbers indicate a flux into the ocean. ed) gridded

114  SOCAT+2025SOCATV2026 fCO2 measurements, averaged over the 2045-20242016-2025 period (patm). fa-a)
115 modelsimulationA-is-shown-The fCO-products represent the contemporary flux, i.e. including outgassing of
116  riverine carbonswhich-is-estimated-to-amount-to-0-65-GtCyr -globally and natural steady-state fluxes.
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F21

122 sea surface salinity, mixed layer depth, Southern Ocean stratification index, Southern Ocean subpolar biome
n23 surface salinity, and Atlantic Meridional Overturning Circulation (AMOCY)), transient tracers CFC-11, CFC-12,
124 and SF6) and biogeochemical variables (surface dissolved inorganic carbon, alkalinity, Revelle factor and CO»
125 fugacity (fCO»))-). anthropogenic carbon inventory). See section S3.3 for observational data sets and statistical
26  metrics included,
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Figure S6: Inventory of transient tracer CFC-11 as simulated by seven out of ten global ocean biogeochemistry

models. Upper row: Temporal evolution of the CFC-11 inventory from simulation A (upper row) for the global

ocean (left), the upper ocean (centre, 6o < 27.5 kg m?) and the deep ocean (right, 6o >27.5 kg m?). The cross

shows the observation-based estimate for the year 1994 (Willey et al., 2004), and the dotted line shows the

estimate from the ocean inverse model OCIM simulation C with steady circulation (no climate change). Lower

row: The anthropogenic carbon accumulation since 1959 (simulation C minus simulation B, only direct CO»

effect, no climate change) in 1994 scales with the CFC inventory of the same year for the global (left), upper

(centre) and deep (right) ocean. The vertical dashed grey line and shading indicate Willey et al. (2004) estimate

and uncertainty, the black dotted line and grey diamond indicate the OCIM estimate. The diagonal dashed black

line is a least squares linear fit to the seven GOBMSs and the correlation coefficient is indicated in the upper left

corner.

112



170
171
172
173
174
175
176
77
178
179
180
181
182
183
184
185
186
187
188
189
190
191

b Prior and constrained sink, 2016-2025 < ‘Annual constrained sink
a Predicted vs simulated, 2016-2025
40 — pror: 2672030 — pror (mult-model mean = 10)
32 — constrained: 2,60  0:22 3.0{ — constrained = 10
° 35
30 3.0
3 g °© ° 2 I
3 £
2% P £25 g
§ s £ = 3 z
£ 2z -
s 220 z
3 2
= T 26 °
+ =
.8 H g
9 = [+ Bis ]
3 LBy
24
v 10
/ R? =070
221 /@ 10 models 03
22 24 26 28 30 32 00!
15 20 25 30 35 190 190 1980 1930 2000 2010 2020
e f
d
40] — proc 2672030
32 — constrained: 2,64 £ 0.11 30
o i
30
~ // 30 25
#y s S T
89 Gas Ias s
g+8 o notin ft 5 2
< § x o +053 > =20
“9z z =
O. =20 =
s <« 2 3 £
< s
2+ Fas | H
£4g & o ® £1s g
283 0 81s
T aa S
7 10
22 24 26 28 30 32 o0
Simulated sink (PaC yr) 15 20 25 30 35 190 190 1950 1930 2000 2010 2020
Anthropogenic ocean sink (PgCyr) Year
@ 1 Access @ 3 CNRM-ESMIdev @ 5 MOMGCOBALFFrinceton @ 7 MR-ESMZ-4. @ 9 NOrESM-OCLZ O notin fit

@ 2 CESMETHZ @ 4 FESOMZRECOM @ 6 MPIOM-HAMOCC @ 8 Nemod.ZPISCES @ 10 PlankToM

Figure S7. Emergent constraint on the global ocean carbon sink of the GOBMs using inter-frontal Southern

Ocean surface salinity (SSS), the AMOC at 26.5°N and the carbon uptake capacity (CUC) as predictors, for all

ten models (a-c) and excluding ACCESS (d-f). (a, d) Sink predicted by the regression against the simulated sink

2016-2025. Black circles show the models used in the fit, numbered as in the legend; the open circle in (d)

shows ACCESS, which is not used in the fit. The dashed line is the 1:1 line and the grey band the model

uncertainty of the fit. The green dotted line and shading show the sink predicted from the observed predictors

and its observational uncertainty; the coloured dotted line and shading show the constrained sink and its total

uncertainty. (b, ) Prior (grey; multi-model mean + 1o, with a histogram of the individual models) and

constrained (coloured) distributions of the sink, 2016-2025. (¢, f) Annual multi-model mean + 1c (grey) and

constrained sink + 16 (coloured), with the constraint applied separately to each year. All uncertainties are one

standard deviation.
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Figure S9 Time-series of CO, and climate effects on the Socean in the global ocean, and three latitudinal bands
(north, tropics, south) as indicated in the panels. Dotted lines show individual global ocean biogeochemistry
models and solid lines indicate the ensemble mean. The grey line shows the centempeorarySocean flux
(simulation Awithowtadiustnent—which-representsthesum-ofnatural-uxes—COand-climate-eflectsbias
and-drift minus simulation B). The CO; and climate effects are calculated from simulation C minus B and A

minus C, respectively. See section S3.2 on GOBM simulations.
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Figure S11S10. Evaluation of the DGVMs using the International Land Model Benchmarking system (ILAMB;
Collier et al., 2018). Skill scores relative to other models. The benchmarking is done with observations for
vegetation biomass (Santoro and Cartus, 2021; Saatchi et al., 2011; Thurner et al. 2014; Santoro et al. 2024; Xu
et al., 2021; Dubayah et al., 2022), GPP and ecosystem respiration (Reichstein et al., 2007; Lasslop et al., 2010;
Knauer et al., 2018; Jung et al., 2017; Tramontana et al., 2016; Alemohammad et al., 2017), leaf area index
(Vermote, 2019; Claverie et al., 2016; De Kauwe et al., 2011; Myneni et al., 1997), soil carbon (Hugelius et al.,
2013; Fischer et al., 2008), soil respiration (Tang et al., 2019, 2020; Raich et al., 2002; Hashimoto et al., 2015;
Hashimoto et al., 2023), carbon dioxide (Dlugokencky et al., 2013; Liptak et al., 2017), burned area and fire
emissions (Chen et al., 2023), evapotranspiration (De Kauwe et al., 2011; Martens et al., 2017; Miralles et al.,
2011; Mu et al., 2011), and runoff (Dai and Trenberth, 2002; Hobeichi et al., 2019; Hobeichi et al., 2020).
Metrics include relationships between carbon cycle variables, precipitation (Adler et al., 2003) and temperature
(Harris et al., 2014). For each model-observation comparison a series of error metrics are calculated, scores are
then calculated as an exponential function of each error metric, and finally for each variable the multiple scores
from different metrics and observational datasets are combined to give the overall variable scores. Overall
variable scores increase from 0 to 1 with improvements in model performance. The All_Model Mean does not
include CARDAMOM. The set of error metrics vary with dataset and can include metrics based on the period
mean, bias, root mean squared error, spatial distribution, interannual variability, and seasonal cycle. The relative
skill score shown is a Z score, which indicates in units of standard deviation the model scores relative to the
mean score for a given variable. The overall score is given in the row ‘Hydrology and Carbon Cycles’, which
represents a weighted average of the ‘Hydrology Cycle’ score and the ‘Ecosystem and Carbon Cycle’ score.
Grey boxes with x’s represent missing model data.
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Figure S11 - Evaluation of the DGVM net land flux against atmospheric CO, at NOAA Global Monitoring
Laboratory stations in three latitude bands: North (north of 30°N, 9 stations), Tropics (30°S-30°N, 20 stations)
and South (south of 30°S, 9 stations). For each of the 21 DGVMs that provide monthly NBP, the x-axis shows
the root-mean-square error (RMSE, ppm) of the simulated mean seasonal cycle and the y-axis the RMSE of the

interannual variability, relative to the observations. Simulated CO2 is emulated in [ILAMB from monthly NBP
using atmospheric pulse-response functions, and fossil fuel and ocean contributions are removed from the

observations. Lower values indicate better agreement. See Supplement S.4.2 for details.
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Figure S12 - Absolute error in the trend of the CO» seasonal amplitude (ppm decade™) for the 21 DGVMs that

provide monthly NBP, evaluated at the 9 NOAA Global Monitoring Laboratory stations north of 30°N. The
error is the absolute difference between the simulated and observed trends in seasonal amplitude. Dots show the
median across stations and grey bars the interquartile range. Models are ordered by their median error, and the

dashed line marks zero error. See Supplement S.4.2 for details.
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Figure S13. Time-series of CO; and climate effects on the land sink for global land, and three latitudinal bands
(north, tropics, south) as indicated in the panels. Dotted lines show individual dynamic global vegetation models
and solid lines indicate the ensemble mean. The grey line shows the Spanp flux (simulation S2S3-S4=S0)
without RSSSL adjustment, which represents the sum of natural fluxes, CO> and climate effects. The CO; and
climate effects are calculated from simulations $+S3 minus S8S6 and $S2S3 minus S1S5 plus S0, respectively.

See section S4.1 on DGVM simulations.
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Figure $13S14. Evaluation of the atmospheric inversion products. The mean of the model minus observations is
shown for four latitude bands in three periods: (first panel) 2001-20242025, (second panel) 2015-2624.2025

and for the latest year only (third panel). The +416 systems are compared to independent CO, observations from

aircraft over many places of the world between 2 and 7 km above sea level. Aircraft measurements archived in
the Cooperative Global Atmospheric Data Integration Project (Schuldt et al., 26242025, Schuldt et al.,
20252026) from sites, campaigns or programs that have not been assimilated and cover at least 9 months (except
for SH programs) between 2001 and 20242025, have been used to compute the biases (top row) and their
standard deviations (middle row) in four 45° latitude bins. Land and ocean data are used without distinction, and

observation density varies strongly with latitude and time as seen on the lower panels.
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Figure S14S15. Fire carbon emissions for the months January-September for each year 2003-2025 from two
global fire emissions products. (Top row) Global emissions. (Middle row) Emissions for the northern
hemisphere extratropics (>30° N), tropics (30°N-30°S) and southern extratropics (>30°S). (Bottom row)
Emissions by RECCAP2 region. The Global Fire Assimilation System (GFAS; Di Giuseppe et al., 2018) (left
column) and the Global Fire Emissions Database (GFED, version 4.1s; van der Werf et al., 2017) (right column)
are among the most widely applied global fire emissions products based on satellite remote sensing of fire.
GFED relies on the post-fire detection of burned areas combined with fuel consumption factors. GFAS relies on

the detection of thermal energy release during active fires.
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Figure S15S16. Comparison of the estimates of each component of the global carbon budget in this study (black

line) with the estimates released annually by the GCP since 2006. Grey shading shows the uncertainty bounds
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of the current global carbon budget, based on the uncertainty assessments
described in Supplement S1 to S4. CO; emissions from (a) fossil CO, emissions excluding cement carbonation
(Eros), and (b) land-use change (ELuc), as well as their partitioning among (c) the atmosphere (Garm), (d) the
land (Scanp), and (e) the ocean (Socean). See legend for the corresponding years, and Tables 3 and S10 for
description of changes in methodology. The budget year corresponds to the year when the budget was first

released. All values are in GtC yr'.
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Figure S16S17. The partitioning of total anthropogenic CO, emissions (Eros + Eruc) across (a) the atmosphere

(airborne fraction), (b) land (land-borne fraction), and (c) ocean (ocean-borne fraction). Black lines represent the
central estimate, and the coloured shading represents the uncertainty. The grey dashed lines represent the long-
term average of the airborne (4443%), land-borne (23%) and ocean-borne (27%) fractions during 1959-
20242025 (with a Biv of 68%).
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Figure S17S18. Kaya decomposition of the main drivers of fossil CO, emissions, considering population, GDP

per person, Energy per GDP, and CO; emissions per energy, for China (top left), USA (top right), EU27 (middle
left), India (middle right), Rest of the World (bottom left), and World (bottom right). Black dots are the annual
fossil CO; emissions growth rate, coloured bars are the contributions from the different drivers to this growth
rate. A general trend is that population and GDP growth put upward pressure on emissions (positive values),

while energy per GDP and, more recently, CO emissions per energy put downward pressure on emissions
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