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Ecosystemrestorationis increasingly recognized as ameans of climate

change mitigation. Recent global-scale studies have suggested that
ecosystemrestoration could offset a substantial fraction of human

carbon emissions since the Industrial Revolution. However, global carbon
sequestration potential remains uncertain due to the tree-centric view

of some models and difficulties in modelling restoration across different
ecosystem types. Here we applied a model-based prediction workflow

to estimate the carbon capture potential of restoring forest, shrubland,
grassland and wetland ecosystems until 2100. We found that the maximum
sequestration potential is 96.9 Gt of carbon, equivalent to 17.6% of the
anthropogenic emissions to date, or 3.7-12.0% if taking into account future
emissions until 2100. Our results suggest that ecosystem restoration has
limited potential for climate change mitigation even if orchestrated with a
pervasive shift towards sustainable, low-emissions economies globally. In
addition, if we plan restoration targets to match future climatic conditions
and consider state transitions of currently natural ecosystems due to climate
change, the potential for natural climate solutions related to ecosystem
restorationis close to zero. Therefore, we recommend that ecosystem
restorationis pursued primarily for restoring biodiversity, supporting
livelihoods and resilience of ecosystem services, as the climate mitigation
potential will vary depending on the state transitions that occur between

vegetation types.

In 2024, the European Parliament passed the ambitious Nature
Restoration Law to address the biodiversity crisis by initiating eco-
systemrestoration in 20% of the European Union’s land and maritime
areasuntil2030 and in all degraded habitats of member states by 2050".
TheEUinitiative aligns with global movements, including the UN Decade
on Ecosystem Restoration, launched to halt biodiversity loss and secure
humanwell-being on along-term basis**. Most biodiversity initiatives
are linked to the mitigation of anthropogenic climate change through
ecosystem-scale carbon storage. The EU Nature Restoration Law expli-
citly states that accelerating and up-scaling ecosystem restoration
will contribute to climate change mitigation.

Thereiswide consensus that reducing greenhouse gas emissions
is central to climate change mitigation*, but recapturing atmospheric
CO, is also necessary to reach climate targets®”. Technological solu-
tions for atmospheric CO, removal are today unavailable at relevant
scales®, Conversely, natural climate solutions (NCSs) are considered
straightforward and rely, among others, on the ability of plants to
capture CO, and store carbonin their tissues or later in the soil.

Ecosystem restoration includes revegetation of degraded land
to areference state, thus qualifying as an important NCS via captur-
ing CO,. However, the potential of ecosystem restoration to offset
anthropogenic emissions remains controversial. Given the urgency
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to act and the opportunity to up-scale ecosystem restoration from
the mid-2020s, a clear picture of the realistic impact of ecosystem
restorationis required.

Influential studies provided promising model outputs™®, sug-
gesting up to two-thirds of the anthropogenic carbon burden
canberecaptured with restoration-based NCS. However, Bastin et al.’
received criticism for their tree-centric view of global ecosystems
that ignored diverse ecosystem types and overlooked negative
afforestation impacts on biodiversity and ecosystem functioning of
non-forest ecosystems'*>. Open ecosystems (for example, grasslands
and savannahs) with their unique biodiversity and ecosystem services,
also sequester considerable amounts of carbon'. Unlike in forests,
open ecosystem carbon stores are mostly belowground, out of reach
from fire and drought, processes to which these ecosystems have
a high resilience, and that in forests substantively reduce above-
ground carbon”". Into the future, open ecosystems may be a more
secure land-cover type tostore carbonin fire-prone regions®. Empiri-
cal studies have shown that fire-suppression-driven increases in tree
cover of historically open ecosystems has limited impact on total eco-
system carbon stocks'®. Furthermore, open ecosystem afforestation
increases water scarcity'*?’, alters fire regimes, reduces biodiversity”
and albedo, which can offset or outweigh climate benefits?>*,

Strassburgetal.®addressed some of the above issues by modelling
the potential carbon gain of restoring a range of ecosystems and
found values similar to Bastin et al.”. However, they used a method
to predict potential ecosystem types earmarked for restoration that
generates high uncertainty. Examining the current composition
ofevery4.96 x 4.96 km pixel on Earth’s terrestrial surface, they identi-
fied natural-looking ecosystem patches and used the proportion of
each to extrapolate to the entire pixel, an approach appropriate for
homogeneous landscapes but yields high uncertainty inmosaicland-
scapes (forexample, open-forest mosaic, topographically or hydrologi-
cally complex landscapes)® 2 where uniform anthropogenicimpacts
were highly unlikely. Furthermore, partially degraded areas are largely
overlooked”, and woody vegetation, including non-native plantations,
were considered naturallooking. Therefore, non-forested landscapes
converted to arable land with some planted trees were considered
potential forest restoration areas. This bias led, for example, to predict-
ing forest restoration across the Carpathian Basin in Eastern-Central
Europe, home to the largest stretch of intact steppe grassland within
the European Union. Moreover, Bastin et al.’, Strassburg et al.' and a
recent tree-centric model by Mo et al.”® considered total carbon stocks,
althoughreaching those values by 2100 seems unlikely in certain eco-
systemtypes, especiallyif restorationis not performed instantaneously
but with arealistic schedule over the twenty-first century.

At the low end of the predicted carbon sequestration potential,
Cook-Patton etal.’ listed ecosystem restoration as the least effective of
the main NCSs, with protecting intact ecosystems and improving land
management ranked as best alternatives. This aligns with Mo et al.?*,
whoalso focused onincreasing carbon stocks of existing forests. Nolan
et al.° then highlighted the uncertainty of restoration-mediated CO,
removal, given the tenfold difference between current highest and
lowest predictions. The low predicted values of some models are due
to potential difficulties inrealizing large-scale ecosystem restoration
due to social, economic and governance constraints. Recently, some
ofthese constraints have started to be alleviated viatop-down mecha-
nismssuch as the EUNature Restoration Law. Williams et al.”’ provide a
partial solution for economic and governance constraints via effective
ongoing unassisted large-scale forest regeneration, requiring minimal
intervention but potentially contributing >2.15 million km? of forest
gainwithin 30 years.

Relying on previous modelling approaches and via addressing
the criticisms they received, we present results of a global ecosystem
restoration model. In our approach (Fig.1), we applied machine learn-
ingto predict the potential cover percentages of native ecosystemtypes

9,10

toterrestrial locations using climatic, soil and topographic predictors
(Extended Data Table1). We then assessed the potential restorable area
for each ecosystem. Using published carbon sequestration rates for
eachecosystemtype, we calculated expected global carbon gain until
2100. Our estimates may be more realistic than previous ones because
weaccount for (1) allmajor terrestrial ecosystem types, (2) above-and
belowground carbonstorage, where relevant, (3) carbon sequestration
rates (instead of total stocks, which often require > 70 years, thatis the
length of the 2030-2100 planning period, to develop), (4) the carbon
sequestration rate of current ecosystem type (because the net carbon
gainis the difference between current and post-restoration rates), (5)
biogeographic differences, (6) socio-economic considerations that
excludebuilt-up and intensive agricultural areas fromrestoration and
(7) sustainable land-use practicesin restoration targets (thatis, certain
high-nature-value farminglandscapes, such as wood pastures, canalso
be predicted as targets), (8) future carbon emissions, (9) aschedule of
restorationimplementation and (10) current and future (2061-2080)
climatic conditions to predict restoration targets. Using our model, we
estimate how global ecosystem restoration can potentially contribute
to climate change mitigation until 2100.

Available areas for restoration

Using current climate, we predicted a total of 42.48 million km? of for-
est,14.14 million km?of shrubland, 36.07 million km?of grassland and
3.10 millionkm?of wetland on Earth’s land surface as potential natural
ecosystems (Fig. 2a-d). The majority has been greatly altered by human
actions’®, but according to our model, 28.76 million km?are available
for ecosystem restoration. Of this, 11.66 million km?(40.5% of the total
area) is potential forest (Fig. 2e), slightly higher than the 9 million km?
predicted by Bastin et al.’, but lower than the 15.50 million km? of
Strassburget al.'. We found large potential areas for forest restoration
(including restoring the forested component of mosaic landscapes)
across the northern temperate and boreal zones and across subtropi-
cal and tropical regions. Nearly 4.91 million km? (17.1%) was suitable for
shrubland worldwide as the target of ecosystem restoration (Fig. 2f),
particularly in eastern Australia and southern-central United States,
afigure similar to the Strassburg et al.'° prediction (4.11 million km?).

Thetotal areafor grassland restorationis 9.37 million km?(32.6%),
~30% higher than Strassburg et al.s'° 7.17 million km?, implying over-
estimation of forest expansion at the expense of grassland. Potential
grassland restoration in our model is concentrated in North America,
Eurasia, Asian highlands and tropical mosaics (Fig. 2g). Large potential
grassland restoration targets were predicted at the northern edge of
boreal forests, potentially indicating misplaced tree plantations or
other forms of degradation due to grassland overuse or a lagging of
climate-change-driven expansion of grassland on currently sparsely
vegetated areas.

Total area predicted for wetland restoration including all freshwa-
ter and saltwater herbaceous wetlands (excluding permanent water
and wooded wetlands) was 2.83 million km? (9.8%), concentrated in
the American Midwest and Eastern Asia, where wetlands have been
extensively drained for agriculture® Potential wetland restoration
was alsoidentified in many floodplains and coastal habitats, such asthe
Euphrates River and Gulf of Bengal (Fig. 2h). Strassburg et al.'° calcu-
lated potential wetland restoration at 0.57 million km?, and they were
explicit wetland restoration was probably underestimated. However,
our model’s predictive power was also comparatively low for wetlands.

Usingaclimatescenarioprojected for2061-2080 (thatis, themiddle
of our planning period) may potentially provide more relevant target
ecosystemsasinthefuture, sites may become available for restoration
ifa current native ecosystemtype willnolonger be a potential predicted
ecosystem type. These state transitions may happen spontaneously
(for example, tree encroachment in present-day tundra or grassland
expansion due to excessive fires in dry tropical forests) but can also
beactively assisted if the transition is for some reason favourable.
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Fig. 1| Flowchart of the modelling process to predict the carbon gain
potential of global ecosystem restoration until 2100. Detailed description of
the steps marked with capital letters A to M can be found in Methods. Extended
DataFigs. 6-8 provide further details of the model. Boxes in green are external

sources of input data, orange boxes signify intermittent datasets and models
and the blue box is the final output. Horizontal tan shading separates the main
steps of modelling and prediction.

Predicted 2061-2080 potential forest extentis 35.9-37.4 million km?,
depending on the climate scenario (SSP1-2.6, SSP2-4.5, SSP3-7.0 or
SSP5-8.5), with forest expansion at high latitudes but widespread loss
in tropical zones (Extended Data Figs. 1-4a). The latter is especially
prevalentin the Amazon Basin, as forecast by other studies®*. Taking
suchmodelled state transitions into accountincludes both expansion
and loss compared to the present, with anet outcome that is negative,
indicating 2.3-3.4 million km? forest loss globally (Extended Data
Figs.1-4e).

Compared to current predictions, future potential shrubland
area doubles, mostly due to potential forest loss, and reaches 11.2-
11.7 million km? (Extended Data Figs.1-4b) with anet available amount
for restoration and state transitions of 0.7-1.1 million km? (Extended
Data Figs. 1-4f). Grasslands (and savannahs) expand their potential
area, predicted to increase to 26.9-28.8 million km?, largely due to
savannah expansion, montane grassland cover growth in Tibet and
forest-steppe expansion over boreal forests (Extended Data Figs.1-4c).

However, dependent upon the combination of climate scenario, resto-
ration opportunities and state transitions, there isacombined change
from a loss of 0.6 million km? to a gain of 1.1 million km? (Extended
DataFigs.1-4g). Conversely, potential future wetland area, amounting
to 3.7-5.2 million km? (Extended Data Figs. 1-4d), is not only higher
than current potential, but 2.6-3.8 million km? will be available for
restoration and state transitions (Extended Data Figs. 1-4h).

Carbon capture potential

Overall, restoration of available land (all potential land minus areas
with natural vegetation, built-up and intensive agricultural areas
and arid and polar regions) using current climate predictions would
lead to carbon capture 0f 1.92 Gt yr!, summing to a total 0f136.3 Gt
between 2030 and 2100 (Fig. 3). However, reclaiming all this land by
2030andinitiating target ecosystemrestoration are extremely unlikely.
Using the momentum of the UN Decade on Ecosystem Restoration
combined withthe targets of the EU’s Nature Restoration Law, feasibility
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Fig.2|Potential distribution of modelled ecosystems and the available area for
restoration using current climates for predictions. a-d, Potential distribution
of modelled forest (a), shrubland (b), grassland (c) and wetland (d) ecosystems
using current climates for predictions. e-h, The available area for forest (e),
shrubland (f), grassland (g) and wetland (h) restoration. Colour coding indicates
the percentage of each ecosystem type (predicted and restorable) within a
1x1kmgrid. Thus, ecosystem combinations (for example, forest steppes and
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savannah-forest mosaics) are also allowed in our grid-level restoration planning,
although the proportion of each constituting ecosystem type appears on different
maps. For example, a savannah-forest mosaic landscape can contain forested,
shrubby and grassy parts within agrid cell, and their proportional values are shown
oneach ofthe three corresponding maps. Available areais the potential area
minus (1) intact areas not requiring restoration, (2) intensive agricultural areas,

(3) built-up areas and (4) biomes with low productivity (polar and arid regions).

calculations®® and the potential of natural regeneration®, achieving
20% of the potential area is theoretically possible for restoration
initiation by 2030. The remaining 80% could be implemented evenly
across the 2031-2100 period (Fig. 4). This more realistic timeframe

suggests sequestration of 85.2 Gt by 2100. Of this, 49.4 Gt (58.1%)
is allocated to forests, which is substantially less than either Bastin
etal.'orMoetal.”®, Open ecosystems combined sum to 35.8 Gt (41.9%).
Including the three main open ecosystemsin global agendas can thus
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Fig. 3| Global distribution of potential annual carbon gain rates of all
restorable land predicted using current climates. A global maximum
sequestration rate gain of 1.92 Gt yr™' can be achieved using restoration, of which
67.4%,9.2%,12.3% and 11.4% come from restored forests, shrublands, grasslands
and wetlands, respectively. Carbon gainincludes both above- and belowground

carbon capture (exceptin savannah grasslands where we considered only
belowground rates due to frequent fires). Shown carbon gain rates are calculated
as the difference between the rates of the predicted restoration targets minus the
rates of the current ecosystem types in1 x 1 km modelling sites. We used biome-
specific rates for each of the four ecosystem types instead of global averages.

nearly double potential carbon sequestration, while also provide a
control on misplaced tree planting and afforestation with undesired
effects, such as warming due to reduced albedo®***?, increased
wildfires" and biodiversity declines.

The above 85.2 Gt can be increased by prioritizing regions
with the highest potential carbon benefit. For this, we laid a grid of
100 km x 100 km mesh size on the terrestrial surface of Earth and
selected those cells as priority regions that cover 20% of the poten-
tially restorable area with the highest possible carbon gain. Starting
restoration until 2030 within these priority regions and then con-
tinuing randomly with the rest increases capture to 96.9 Gt carbon
until 2100. These priority regions include temperate areas, such as
American prairies and central Asian steppes (Fig. 4), and not only
formerly prioritized tropical rainforest regions®. On reflection, we
probably received this nuanced pattern over previous studies via our
ecosystem-inclusive approach, the use of rates over final carbon stocks
and that we did not ignore the carbon sequestration of the ecosys-
tem type before restoration. As a result, there is a more even biogeo-
graphic distribution of priority regions, with greater opportunities
for both high- and low-income countries to contribute to large-scale
restoration, supporting climate justice, ameliorating an increasing
pressure on historically low-emitting countries to meet ambitious res-
toration targets®>***’, The inclusion of non-forested ecosystems offers
the promise of more equitable global NCS efforts than, for example,
simplistic tree-planting campaigns. Such campaigns drivenby carbon
credits may eventually have little climate change mitigation****' and
rather have detrimental impacts on biodiversity” and livelihoods of
local people**, for example, by displacing people for afforestation,
whichin turn canlead to deforestation elsewhere. In addition, future
agricultural expansion in low-income countries can cause conflicts
with the realization of ecosystem restoration predicted on the scale
ofthe present study. The total area allocated to agriculture is expected
tobemorestablein high-income countries*, making themalso perhaps
sustainable targets of restoration interventions.

Our estimate 0f 96.9 Gt carbon sequestration potential is substan-
tially smaller than previous models®", as it equals to 47.3% and 31.8%
of their respective predictions, and amounts to 17.6% of the 640 Gt
of carbon emissions since 1750". We estimate our difference from

previous studies is primarily due to the use of rates instead of final
stocks of mature ecosystems, as most restored sites would not reach
maturity by 2100 due to the gradualimplementation of restoration over
the twenty-first century and that certain ecosystem types (Extended
DataFig. 9) require >70 years to build up their carbon stock.

Our predicted amount thus forms an important but moderate
contribution to reducing atmospheric CO, closer to pre-industrial
levels by 2100. A more realistic role of ecosystem restoration may
thus be to keep pace with future emissions. Shared Socioeconomic
Pathways (SSPs) are widely applied scenarios for forecasting emissions
that considerimpacts of varied climate policies from ashift towards a
sustainable green future (SSP1-2.6) to business as usual (SSP5-8.5)**.
Combining the carbon benefit of global ecosystem restoration with
emission trends of each SSP (SSP1-2.6:169.6 Gt, SSP2-4.5: 642.4 Gt,
SSP3-7.0:1,319.4 Gt and SSP5-8.5:1,989.0 Gt) suggests restoration
has alimited mitigating effect without transformative global climate
policies (Fig. 5). Anthropogenic contributions to the atmospheric
carbon balance remain positive throughout the twenty-first century
in SSP5-8.5 and SSP3-7.0 even with restoration site prioritization for
carbongain, and the proportion of total anthropogenic carbonburden
canonlybereducedby3.7% (SSP5-8.5) or 5.0% (SSP3-7.0). Ecosystem
restoration in SSP2-4.5 leads to zero annual emissions by 2100 (and a
7.6% reduction of the carbon burden), but this is insufficient to meet
any reasonable climate target. SSP1-2.6 is the most difficult scenario
to realize due to its dramatic global greening requirements of the
industry, but its implementation with predicted restoration actions
could reduce the atmospheric carbonburden by 12.0%. SSP1-2.6 entails
zero and then negative emissions from the second half of the 2070s.
Combined with global restoration, this threshold can be brought
forward to the late 2060s. Prioritization of regions with the highest
carbon gain affects this date only marginally. However, SSP1-2.6 also
contains some NCS-based mitigation by afforestation*¢, so the actual
improvement of this pathway might be overestimated by simply adding
allrestoration-related sequestration toit.

Considering restoration possibilities and predicted ecosys-
tem state transitions using climate projections, our model provides
alarming results, as we predict a continuous loss of ecosystem-locked
carbon, particularly in tropical forest regions, although carbon gains
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Fig. 4 | Distribution of the 2,675 priority regions for ecosystem restoration.
Priority regions are 100 x 100 km pixels, covering 20% of all restorable land area
with the highest possible carbon gain. Priority regions do not necessarily require
restoration in their entire area and certain amounts of the degraded areas may
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isinclusive of any potential ecosystem type (that is, forest, shrubland, grassland,
wetland or their mosaic) predicted to each region.
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Fig. 5| The effect of global ecosystem restoration on annual carbon emissions
according to four future climate pathways. Solid line: no restoration,

dashed line: restoration without prioritization, dotted line: restoration with

site prioritization for carbon gain. Arrows point at the years when the global
zero-emissions lineis crossed, whereas the shaded area corresponds to negative
emissions. In SSP1-2.6, we expect a pervasive shift towards sustainable green
economies globally, whereas SSP2-4.5 is characterized by slower progress and
little shift from the current socio-economic patterns. In contrast, SSP3-7.0 takes
place if domestic and regional concerns about competitiveness and security
hinder the global shift towards sustainability, and SSP5-8.5 will take place if we
keep onrelying on competitive markets and rapid technological progress to
maintain aresource- and energy-intensive lifestyle all over the world*. Decimal
numbers in the pathway names indicate expected radiative forcing values
(expressed in W m™)in2100.

are also expected at higher latitudes. Depending on the scenario,
the rate of annual carbon emission is predicted to range from 0.11 to
0.64 Gt,inSSP1-26 and SSP5-8.5, respectively, with the other scenarios
located between them. However, it is important to acknowledge the
resilience of natural, functional ecosystems against state transitions**,
which thus may take place with some delay after underlying drivers
exceeded their original rate of variability. Our findings highlight the
importance of measures supporting ecosystemresilience (forexample,
promoting tree recruitmentin forests threatened by climate change*’)

to delay state transitions** and concomitant carbon emissions. If this
is sustained until all mitigation measures (including improved
habitat management and industrial solutions) restore atmospheric
CO, levels in a more distant future, unfavourable state transitions
may be prevented. Furthermore, future climate scenarios probably
contain novel climates that our model is inherently not trained for,
reducingits reliability*.

In sum, we demonstrated that terrestrial ecosystem restora-
tion can play arole in climate change mitigation in the near future, if
applied in conjunction with a prompt shift towards energy-efficient,
renewable-based economies of SSP1-2.6 and if ecosystem state transi-
tions are suppressed where possible and desirable. In other scenarios,
the most appropriate aims of ecosystem restoration as an NCS will
be around local to regional-scale climate change adaptation due to
uncertainties related to global-scale mitigation. Optimizing restora-
tionsite selection for adaptation instead of mitigation would probably
yield lower carbon capture, but theimportance of ecosystemrestora-
tion in climate change adaptation cannot be overestimated for the
livelihoods of local communities, especially those that are nature-
reliant™*. Intact ecosystems dampen the effects of heatwaves by opti-
mal evapotranspiration rates”, prevent soil erosion after increased
precipitation events due to well-developed root systems™ and increase
the resilience of pollinator populations®, which are threatened
by climate change®*”’. Due to the limited likelihood of any notable
mitigation of climate change through global ecosystem restoration
in the short or medium term, future policies should (1) prioritize
adaptationand optimize restoration activitiesin favour of vulnerable
peoples, (2) streamline mitigation plans by rigorous mechanisms
to cut emissions instead of investing in offsetting with uncertain
results®*** and (3) support the original goal of ecosystem restoration
to combat the biodiversity crisis* and thereby increase the resilience
of ecosystem services, rather than solely carbon sequestration.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code
availability are available at https://doi.org/10.1038/s41561-025-01742-z.
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Methods

Model construction

Ecosystem restoration can have a large variety of goals and natural
target vegetation states. For modelling purposes, we narrowed these
downto fourbroad ecosystem types: forest, shrubland, grassland and
wetland. These are also listed among the major land-cover categories
of Earth in the Copernicus Global Land Service-Land Cover raster
and available as fractional scores in pixels of 1-ha resolution (version
2019)* (A in Fig. 1). Other land-cover categories in the database cor-
respond to either non-target ecosystemtypes for classical restoration
(cropland and built-up areas; but see EImqvist et al.®* and Klaus and
Kiehl® for urbanrestoration initiatives) or natural ecosystem types with
little vegetation and therefore minor carbon sequestration rates
(bare/sparse vegetation, snow and ice and moss and lichen).

To construct a predictive model for the potential global cover
distribution of the four selected ecosystem types, we followed mod-
elling principles in Bastin et al.” For learning sites (that is, pixels with
known fractional cover scores of target ecosystems and environmental
predictors), we used their 78.850 pixels (100 m x 100 m) supplemented
with20.000 more pixels with non-zero fractional cover percentages for
each ecosystem type (80.000 additional pixels in total) in protected
areas worldwide (except Antarctica) (B in Fig. 1). These latter pixels
were selected by first assigning every pixel in protected areas that
contained at least one of the target ecosystem types to a pool of each
ecosystem type (pixels could be allocated to more than one pool if they
contained more than one target ecosystem type), then we randomly
selected (without repetition) 20.000 pixels from each pool, leading to
158.850 pixelsintotal (Extended Data Fig. 6).

Fractional cover scores were kept for subsequent model construc-
tion, so pool assignment did not mean that a pixel was fully attributed
to an ecosystem type. The four pools were needed to enable similar
representations of each ecosystemtypein the final set of learning sites.
We used the World Database on Protected Areas® for the delineation
of protected areas. We included all listed protected areas (for exam-
ple, EU Natura 2000 areas) and did not restrict pixel selection to
strict nature reserves, as that procedure would exclude sustainable
coexistence of humans with nature, such as extensive grassland man-
agement or silvopastoral systems, which can also lead to high bio-
diversity and co-benefits for climate change mitigation/adaptation and
are often practical targets of restoration efforts®’. Thus, our approach
includes components of land sharing and land sparing.

We allocated ten environmental predictors, including five climatic
(WorldClim database®; 1km x 1km resolution), three edaphic (Soil-
Grids250m*®; 250 m x 250 m) and two topographic (GMTED2010°;
250 m x 250 m) variables (Extended Data Fig. 9) to every learning site
(Supplementary Table 1) (C in Fig. 1). These environmental variables
proved to be reliable predictors in Bastin et al.’. The differences in
the spatial resolution of the variables were handled with the bilinear
resampling technique of ESRI ArcMap 10.8. The bilinear resampling
technique involves attributing the average value of the four nearest
pixels withina 2 x 2 window to the relevant output pixel. This process
follows a bilinear mathematical function along both the horizontal
and vertical axes and is the commonly applied method for smoothly
transitioning continuous datasets lacking clear boundaries®’.

We used Random Forest machine learning regression models
with fivefold cross-validations®® for training 500 trees of (potentially)
unlimited depth (DinFig.1). The number of variables to possibly split at
eachnodewassetto three (thatis, the default value for ten predictors).
The models were evaluated by regressing observed values by predicted
values (both of which were fractional)®’. Spatial distribution of the
model uncertainty was assessed by the standard deviation of the predic-
tions made by the five trained sub-models originated from the fivefold
cross-validation. According to the regression-based evaluation, the
models of forest, shrubland and grassland had high predictive power
(0.70 <R?< 0.82), although at high (above 60%) observed shrubland

cover scores, the predictions tended to yield underestimations. This
was due to the low prevalence of such pixels in the datasets (approxi-
mately 0.1%), but because they are rare, uncertaintiesin their range do
not affect the overall predicted amount of shrubland (Extended Data
Fig. 7). The model for wetlands was fair (R* = 0.32), with uncertainties
also caused by the rarity of high empirical cover scores. Models’ uncer-
tainty, estimated using standard deviations, was evenly distributed
across continents and biogeographic regions (Extended Data Fig. 8).

Predicting restoration targets

We predicted the potential forest, shrubland, grassland and wetland
cover distributions as the ensemble mean of the five trained sub-models
(accordingto thefivefold cross-validation) of each of the four ecosys-
tem models to a global grid of 1 x 1 km cells (henceforth ‘modelling
sites’) (EinFig.1). We also made predictions for a future period to take
into account the effect of changing climate on the potential cover of
ecosystem types, by updating the climatic predictors but leaving the
non-climatic predictors unchanged. We chose the period 2061-2080
becauseitisinthe middle of our study period (between2030 and 2100).
Fromamong the global climate models of the Coupled Model Intercom-
parison Project Phase 6 (CMIP6)" having predictions in the WorldClim
database®, we selected EC-Earth3-Veg model”, which has a medium
(that is, 4.33) effective climate sensitivity value” and its predecessor
(thatis, EC-Earth) has been successfully used for carbon sequestration
prediction”. Among the Shared Socioeconomic Pathways (SSPs), we
considered SSP1-2.6, SSP2-4.5, SSP3-7.0 and SSP5-8.5.

The differences in the spatial resolution of the variables were
handled with the bilinear resampling technique of ESRI ArcMap 10.8.
Due to the independent construction of the four ecosystem models,
the predicted total cover could exceed 100%. In such cases, we pro-
portionately reduced the cover of each ecosystem type to sum up to
100% (for example, a prediction of 60% forest and 60% grassland was
reduced to 50% each).

Once having the potential distribution of target ecosystems
(in percentage fractions for every modelling site), we compared them
to the present cover of the target ecosystems using the Copernicus
Global Land Service-Land Cover raster (version 2019)*. We used the
difference to identify degraded areas globally (F in Fig. 1).

However, built-up areas are rarely available for restoration pur-
poses, sowe removed them (their fractional cover from the modelling
sites) from subsequent calculations. Likewise, restoration activities
cannot be implemented in all agricultural areas due to their role in
food security. Therefore, we identified intensive agricultural areas
using the Land Use Systems of the World 1.1. database’ and removed
all corresponding modelling sites (G in Fig. 1). Fractional removal was
not possible due to the datastructure of the database. We considered
the following categories asintensive agriculture: rain-fed crops, crops
with moderate or higher livestock density, crops with high livestock
density and large-scaleirrigation agriculture.

It wascommon that a currently natural ecosystem typein a parti-
cular location is not the potential type in the future predictions,
indicating that state transitions are expected worldwide in the near
future. These can take place spontaneously but can also be assisted
bylandscape and conservation management (for example, to prevent
catastrophic, pyric transitions from forests to savannahs by allowing
a smooth transition with management). We did not lump them with
restoration but handled them separately as ‘state transitions’, with
additional (often negative) effects on carbon sequestration rates.

We finally had five potential cover values (one based on current
and four based on future climates) for every target ecosystem type
in all modelling sites, covering the terrestrial surface of Earth that is
available for restoration (or prone to state transitions). Our model did
notidentify specific mosaic ecosystems (for example, savannah-forest
mosaics) but handled them adequately, because the ecosystem-type
cover values were proportional, meaning that such a modelling site,
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for instance, contained certain proportions of forest, shrubland and
grassland alike. These constituting ecosystem types were then used
separately in subsequent carbon gain calculations.

Predicting carbon gain potential

As the next step, we assigned carbon sequestration rates (t ha™ yr™)
to the modelling sites. Carbon sequestration rates of a target eco-
system type can vary greatly among biomes (for example, tropical
rainforest vs boreal forest). To account for this heterogeneity, we first
removed all modelling sites located in polar or arid biomes using the
‘Resolve EcoRegions2017’ database” (H in Fig. 1), because these cli-
mates allow very low primary productivity and therefore low carbon
sequestration rates. Then, we combined the four target ecosystem
types with the remaining biomes listed in the database, resulting in
12 biome-specific ecosystem types: boreal forest, temperate forest,
tropical/subtropical dry forest, tropical/subtropical moist forest,
mangrove forest/shrubland, boreal/temperate shrubland (including
heathland), tropical/subtropical shrubland, boreal/temperate grass-
land, tropical/subtropical grassland, boreal wetland (predominantly
peatland), temperate wetland (including salt marshes) and tropical/
subtropical wetland (lin Fig. 1). For boreal, temperate, tropical/sub-
tropical dry forest and tropical/subtropical moist forests, we adopted
the sequestration rates from Cook-Patton et al.”®, who compiled and
summarized over ten thousand records from regenerating forests.
They provided ecoregion-specific rates, which we averaged across our
broader biome-specific forest ecosystemtypes. For open ecosystems,
we heavily relied on the database of the European Environmental
Agency”’. For biome-specific ecosystem types that were notincluded
inany of these databases or had a poor coverage in the European Envi-
ronmental Agency’s database, we searched for published literature
records that considered total ecosystem carbon sequestration rates,
including both above- and belowground biomass and soil organic
carbon, except in tropical/subtropical grasslands, where frequent
fires (and herbivory) preclude the formation of astable aboveground
carbonsink.Soin their case, we used only records from belowground
compartments (Extended DataFig. 9 andJ in Fig.1).

Oncehavingthe carbonsequestration rates of the 12biome-specific
ecosystem types, we calculated the carbon sequestration rate of
eachmodelling site after theimplementation of restoration or the com-
bination of restoration and state transitions in future-climate-based
predictions (KinFig.1). To get the carbon gain potential of modelling
sites, we calculated their current, pre-restoration sequestration rate (L
inFig.1) and subtracted this from the post-restoration rate (plus state
transition, where applicable) (MinFig.1). We assumed O t C ha™ seques-
tration to non-target ecosystem types (for example, bare soil surface
andsnowandice).Inafew rare cases we predicted negative carbon gain
based on current climates, which can happen if, for example, current
forest cover is locally higher for some reason than predicted by our
model. We ignored these rare cases but negative rates owing to state
transitionsin future-climate-based predictions were retained. We used
carbon gain values based on current climates to estimate the impact
of ecosystem restoration on carbon emissions projected by Shared
Socioeconomic Pathways (SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5)
between 2030 and 2100 (SSP Public Database 2.0%).

Besides the global sequestration potential until 2100, we also
identified priority regions for restoration where the highest carbon
gain can be achieved first. Selecting the modelling sites with the top
carbongain valuesisapossible option, but they maybe scattered across
theworld and due to their relatively small size are not especially suitable
for planning global restoration strategies. Therefore, we used a coarser
global grid of 100 x 100 km cells (22.880 cellsin total). We ranked these
large grid cells according to their total potential carbon gain as the
summed values from the included modelling sites and set the cut-off
atthat rank above which the cells contained 20% of all restorable land
area, thatis, the 80th percentile. This way, we identified regions where

the highest carbon sequestration can be achieved until 2030, which
was set asamilestone year torestore the first 20% of the available land.
This selection method yielded 2,669 priority regions (corresponding
to 11.7% of all grid cells). We performed prioritization using only the
present-climate-based predictions, because of the very low overall
carbon gains predicted when future climates were considered.

Data preparation and model construction were done in ESRI
ArcMap 10.8 and R 4.2.0 statistical software, respectively. We used
the R packages ‘groupdata2’, ‘ranger’, ‘raster’ and ‘sf’ for model con-
struction and predictions.

Limitations of the model

Using carbon sequestration rates instead of the carbon stocks of
mature stands isamajorimprovement of our model compared to previ-
ousones, but we used linear functions, although deviations from this
can happen during stand maturation in some ecosystem types’. The
lack of global data across different biomes precluded us from taking
intoaccount these nonlinearities. Ourinput dataset structure allowed
usto consider restoration actions that entailed achange in vegetation
or ecosystem type through the restoration, although this is nota pre-
requisite for ecosystemrestoration and for carbon gain (for example,
restoration of intensively managed grasslands to natural grasslands
or tree plantations to forests, although these actions are sometimes
difficult to distinguish fromimproved management). However, using
proportional ecosystem type cover values alleviated this deficiency
inmosaic ecosystems if the degradation manifested in changesin the
proportions of constituting ecosystem types; so, for example, our
modelincluded the restoration of degraded savannah-forest mosaics
to pristine ones with the original ecosystem-type cover proportions.
Furthermore, future changes of some input data and other relevant
trends (for example, changesin the area ofintensive agriculture, biome
boundary shifts and the effects of elevating CO, and changing climate
in general on assimilation, decomposition, fire frequency) were not
takeninto account due to high uncertainties, but this also gives room
for future research. Lastly, the 1-km? model resolution does not mean
that the output maps are directly usable for local-scale restoration
planning because the predictors are often extrapolated values that
are not sensitive enough to fine-scale environmental heterogeneity
(topography, soil and so on), which cannot be ignored in small-scale
planning.

Data availability

Data used in this study are available in Extended Data Fig. 9 and
Extended Data Table 1, Supplementary Data Table 1 and in the free
databases cited. Processed data and models are available via Dryad
athttps://doi.org/10.5061/dryad.ksn02v7g4 (ref.79).Source dataare
provided with this paper.

Code availability
Rcodesto prepare the models are available viaDryad at https://doi.org/
10.5061/dryad.ksn02v7g4 (ref. 79).
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Extended Data Table 1| Predictors used for model construction

Predictor type and source Predictor

Climatic: WorldClim®* (https://www.worldclim.org/data/bioclim.html) 1. Annual mean temperature (°C x10)
2. Mean temperature of wettest quarter (°C x 10)
3. Annual precipitation (mm)
4. Precipitation seasonality (coefficient of variation)
5. Precipitation of the driest quarter of the year (mm)

Edaphic: SoilGrids250m® (https://soilgrids.org/) 6. Sand content in the top 15 cm of the soil (%)
7. Soil organic carbon stock (g m™)
8. Depth to bedrock (m)

GMTED2010° (https://topotools.cr.usgs.gov/gmted_viewer) 9. Slope (degree)
10. Elevation above sea level (m)
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Extended DataFig. 1| Potential distribution of modelled ecosystems (A-D) proportion of each constituting ecosystem type appears on different maps. For
and the available area for restoration or spontaneous establishment (E-H), example, a savanna-forest mosaic landscape can contain forested, shrubby and
predicted using SSP1-2.6 (2061-2080). Color coding indicates the percentage grassy parts within agrid cell, and their proportional values are shown on each
of each ecosystem type (predicted and available) within a1x1km grid. Thus, ofthe three corresponding maps. We excluded potential restoration activities
ecosystem combinations (for example forest steppes and savanna-forest inintensive agricultural and built-up areas and in biomes with low productivity
mosaics) are also allowed in our grid-level restoration planning, although the (polar and arid regions).
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Extended DataFig. 2 | Potential distribution of modelled ecosystems (A-D)
and the available area for restoration or spontaneous establishment (E-H),
predicted using SSP2-4.5 (2061-2080). Color coding indicates the percentage
of eachecosystem type (predicted and available) within a1x1km grid. Thus,
ecosystem combinations (for example forest steppes and savanna-forest
mosaics) are also allowed in our grid-level restoration planning, although the

Available for restoration

o E 120 E 180"

proportion of each constituting ecosystem type appears on different maps. For
example, a savanna-forest mosaic landscape can contain forested, shrubby and
grassy parts within agrid cell, and their proportional values are shown on each
ofthe three corresponding maps. We excluded potential restoration activities
inintensive agricultural and built-up areas and in biomes with low productivity
(polarand arid regions).

Nature Geoscience


http://www.nature.com/naturegeoscience

Article https://doi.org/10.1038/s41561-025-01742-z

Potential total cover Available for restoration

e
0
o
o
o
L
©
C
WY
0
>
=
e
0p)]
©
[
Y
[%)]
(2}
©
o
©
c
©
—
2
Extended DataFig. 3 |3 Potential distribution of modelled ecosystems (A-D) proportion of each constituting ecosystem type appears on different maps. For
and the available area for restoration or spontaneous establishment (E-H), example, a savanna-forest mosaic landscape can contain forested, shrubby and
predicted using SSP3-7.0 (2061-2080). Color coding indicates the percentage grassy parts within agrid cell, and their proportional values are shown on each
of eachecosystem type (predicted and available) within a1x1km grid. Thus, ofthe three corresponding maps. We excluded potential restoration activities
ecosystem combinations (for example forest steppes and savanna-forest inintensive agricultural and built-up areas and in biomes with low productivity
mosaics) are also allowed in our grid-level restoration planning, although the (polar and arid regions).
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Extended Data Fig. 4 | Potential distribution of modelled ecosystems (A-D)
and the available area for restoration or spontaneous establishment (E-H),
predicted using SSP5-8.5 (2061-2080). Color coding indicates the percentage
of each ecosystem type (predicted and available) withinalx1kmgrid. Thus,
ecosystem combinations (for example forest steppes and savanna-forest
mosaics) are also allowed in our grid-level restoration planning, although the

Available for restoration

proportion of each constituting ecosystem type appears on different maps. For
example, a savanna-forest mosaic landscape can contain forested, shrubby and
grassy parts within a grid cell, and their proportional values are shown on each
of the three corresponding maps. We excluded potential restoration activities
inintensive agricultural and built-up areas and in biomes with low productivity
(polar and arid regions).
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Extended DataFig. 5| Global distribution of potential annual rates of carbon (exceptinsavannagrasslands where we considered only belowground rates
gain (green) or loss (red). Calculations were made on all land available for dueto frequent fires). Shown carbon gain rates are calculated as the difference
restoration or subject to ecosystem state transitions, predicted using climates between the rates of the predicted restoration targets minus the rates of the
projected for 2061-2080 in scenarios SSP1-2.6, SSP2-4.5, SSP3-7.0, SSP5-8.5. current ecosystem typesin1x1km modeling sites. We used biome-specific rates
Carbon gainor loss includes both above- and below-ground carbon capture for each of the four ecosystem types instead of global averages.
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Extended DataFig. 6 | Distribution of the 158.850 learning sites we used to train our predictive models for the four target ecosystem types. Located within
protected areas, we assumed that they contain each ecosystem type in proportions that match restoration targets.

Nature Geoscience


http://www.nature.com/naturegeoscience

Article

https://doi.org/10.1038/s41561-025-01742-z

Forest
91-1001 ommmm—— [ [} 17.6%
81-901 eemm [T 1 3.6%
71-80{ em———[ | }— 37%
$ 61-70f —— [ }—— 35%
3 51-60- —{ I - 37%
@ 41-500 —— | == 40%
g 31-401 —— | | o= 49%
O 21-30- N — 6.2%
11-204 —{ [ 1 8.6%
1-101 [ | —10.8%
0 []—— 33.5%
0 25 5 75 100
Predicted cover
Grassland
91-1001 o ommemn [T 2.3%
81-90 cmmmm— [T 2.4%
71-80{ oo —— [ [ |——e»  43%
g 61-70] e (11 - 6.4%
8 51-60] e HE - 7.9%
@ 41-50 @m——[ | | emmmes  89%
S 31-401 @ [ | e 10.2%
S 21-301 — [ —e  10.0%
11 - 204 (11 e 9.9%
1-101 —EI:]——. [ 7.8%
0 [I:]—_o 29.9%

Predicted cover
Extended DataFig. 7 | Distribution of the predicted cover fraction values
within eleven intervals of the observed values for each ecosystem type.
Percentage scores in the right side of the subplots indicate the amount of pixels in
the respective ranges. Boxes show the interquartile range (IQR) of the data. Thick
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lines in the boxes are the median values. Whiskers extend towards the minimum
or maximum values but are no longer than 1.5 times the IQR. Data beyond the
whiskers are shown as individual points.
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Extended Data Fig. 8 | Spatial distribution of the uncertainty of forest (A), shrubland (B), grassland (C) and wetland (D) models. Uncertainty was assessed using the
standard deviation of the predictions calculated from the five sub-models originated from the 5-fold cross-validation. Uncertainty was rather low and uniform globally
for all four models.
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Specific ecosystem type

Mean = SD

(min, max, median)

(t C halyr?)

N Stock Build-up

(t C ha') (yr)

Boreal wetland™ 0.46 £0.57| 47 373.3 811.5
(0.02, 2.80, 0.24)

Temperate wetland” 214149 29 211.0 98.6
(0.15, 6.5, 1.65)

Tropical/subtropical wetland®~° 1.92 +1.58 6 740.1 385.5
(0.48, 4.8, 1.32)

Boreal forests7% 7179 1.26 £ 0.11 6 129.6 102.9
(1.13,1.40, 1.27)

Temperate forest’ %26 1.98 +0.57 7 137.9 69,6
(1.24,2.80, 2.04)

Tropical/subtropical dry forest’s:100-109 1.92 £ 0.85 8 209.9 109.3
(0.78,3.12, 2.11)

Tropical/subtropical moist forest (excl. 3.40+£1.50| 20 253.4 72.5
mangroves) !¢ (1.18, 6.03, 3.64)

Mangrove forest/shrubland!?>-1?’ 1.79 £ 0.27 6 553.9 309.4
(134,2.11,1.72)

Temperate/boreal shrubland’-128-134 0.59 +£0.36 6 98.2 166.4
(0.21, 1.20, 0.53)

Tropical/subtropical shrubland!®:100-103. 135- 0.31+£0.21 5 139.7 450.6
v (0.14, 0.65, 0.21)

Temperate/boreal grassland’:!40-145 0.49+£0.16 6 79.9 163.1
(0.24, 0.66, 0.54)

Tropical/subtropical grassland!04137:146-154 0.31+£0.21 6 68.8 221.9
(0.11,0.67,0.27)

Extended Data Fig. 9| Carbon sequestration rates and carbon stocks of biome-specific ecosystem types compiled and averaged from published studies. Build-up
timeis the time inyear required to reach the stock considering the listed rates and assuming linear trend. Data from refs. 80-153.
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