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Mapping carbon accumulation potential 
from global natural forest regrowth

Susan C. Cook-Patton1,2 ✉, Sara M. Leavitt1, David Gibbs3, Nancy L. Harris3, Kristine Lister3, 
Kristina J. Anderson-Teixeira4,5, Russell D. Briggs6, Robin L. Chazdon3,7,8, Thomas W. Crowther9,  
Peter W. Ellis1, Heather P. Griscom10, Valentine Herrmann4, Karen D. Holl11,  
Richard A. Houghton12, Cecilia Larrosa13, Guy Lomax14, Richard Lucas15, Palle Madsen16, 
Yadvinder Malhi17, Alain Paquette18, John D. Parker2, Keryn Paul19, Devin Routh9,  
Stephen Roxburgh19, Sassan Saatchi20, Johan van den Hoogen9, Wayne S. Walker12,  
Charlotte E. Wheeler21, Stephen A. Wood22, Liang Xu20 & Bronson W. Griscom23

To constrain global warming, we must strongly curtail greenhouse gas emissions and 
capture excess atmospheric carbon dioxide1,2. Regrowing natural forests is a 
prominent strategy for capturing additional carbon3, but accurate assessments of its 
potential are limited by uncertainty and variability in carbon accumulation rates2,3. 
To assess why and where rates differ, here we compile 13,112 georeferenced 
measurements of carbon accumulation. Climatic factors explain variation in rates 
better than land-use history, so we combine the field measurements with 66 
environmental covariate layers to create a global, one-kilometre-resolution map of 
potential aboveground carbon accumulation rates for the first 30 years of natural 
forest regrowth. This map shows over 100-fold variation in rates across the globe, 
and indicates that default rates from the Intergovernmental Panel on Climate Change 
(IPCC)4,5 may underestimate aboveground carbon accumulation rates by 32 per cent 
on average and do not capture eight-fold variation within ecozones. Conversely, we 
conclude that maximum climate mitigation potential from natural forest regrowth is 
11 per cent lower than previously reported3 owing to the use of overly high rates for 
the location of potential new forest. Although our data compilation includes more 
studies and sites than previous efforts, our results depend on data availability,  
which is concentrated in ten countries, and data quality, which varies across studies. 
However, the plots cover most of the environmental conditions across the areas for 
which we predicted carbon accumulation rates (except for northern Africa and 
northeast Asia). We therefore provide a robust and globally consistent tool for 
assessing natural forest regrowth as a climate mitigation strategy.

Restoring forest cover, defined here as the transition from less than 25% 
tree cover to more than 25% tree cover in areas where forests histori-
cally occurred, is a promising option for additional carbon capture3 
and has been prioritized in many national and international goals6,7. It 
is deployable, scalable and provides important biodiversity and eco-
system services8. Yet the magnitude and distribution of the climate 
mitigation opportunity available from restoring forest cover is poorly 
described, with large confidence intervals around estimates2,3. To evalu-
ate the appropriateness of forest cover restoration for climate mitiga-
tion compared to the multitude of other potential climate mitigation 

actions, countries, corporations, and multilateral entities need more 
accurate assessments of its potential9.

Mitigation potential from restoring forest cover is determined by 
the potential extent and location of restored forest (‘area of oppor-
tunity’) and the rate at which such forests remove atmospheric car-
bon (reported here in terms of megagrams of carbon per hectare per 
year, Mg C ha−1 yr−1). Although there are multiple estimates of area of 
opportunity based on diverse and often heavily debated criteria (see 
for example refs. 3,10–12), we lack spatially explicit and globally compre-
hensive estimates of carbon accumulation rates. This is especially true 
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for natural forest regrowth, defined here as the recovery of forest cover 
on cleared lands through spontaneous regrowth after cessation of pre-
vious disturbance or land use. Many countries do not have nationally 
specific forest carbon accumulation rates and instead rely on default 
rates from the IPCC5,13. Although these rates were recently updated4,5, 
they nonetheless represent coarse estimates based on continent and 
ecozone, and do not account for finer-scale variation due to more local 
land-use history or environmental conditions. To reduce uncertainty 
and better predict variation in carbon accumulation rates, we have 
assembled a global dataset of carbon in naturally regrowing forests 
from the literature (‘literature-derived data’) and national inventory 
data. We used these data to assess how strongly climatic factors, soil 
characteristics and land-use history influenced variation in carbon 
accumulation rates and to produce a spatially explicit model of poten-
tial carbon accumulation across the globe. Throughout, we focused 
on the first thirty years of natural forest regrowth, because 2020 to 
2050 represents a biophysically critical and policy-relevant window 
for reaching net zero emissions and limiting the most negative effects 
of global warming2,14.

We also focused on natural forest regrowth, although there are many 
ways to restore forest or tree cover (Extended Data Table 1) and these 
differ in utility depending on specific contexts. Although enthusiasm 
for tree planting is high, tree planting must be carefully planned to avoid 
negative outcomes, such as inappropriate species selection for a given 
site15, whereas natural forest regrowth may cost less and better promote 
the re-establishment of local biodiversity16,17. Reliance on natural forest 
regrowth, coupled with maintenance of natural disturbance regimes, 
also avoids perverse tree establishment in native grasslands18. Some 
reviews further suggest that naturally regrowing forests can recover 
as well as or better than actively restored forests19–22, although these 
reviews are probably biased towards sites more amenable for forest 
establishment, and natural forest regrowth can be limited by severe land 
degradation and distant seed sources23. Our comprehensive analysis 
across a range of starting conditions provides a robust baseline for 
natural forest regrowth and elucidates fundamental constraints and 
drivers of carbon accumulation rates. It also serves as a benchmark for 
alternative approaches to restoring forest cover, such as active tree 
planting, and provides a method of identifying areas with the greatest 
potential carbon accumulation per hectare.

Potential drivers of accumulation rates
We used the literature-derived data to assess potential drivers of carbon 
accumulation rates. Biome type, as a proxy for climatic and environ-
mental variation, significantly influenced carbon accumulation in 
total plant pools (that is, above- and belowground biomass combined). 
Total plant carbon accumulated more rapidly in warmer and wetter 
biomes than in cooler and drier ones (F-statistic with subscript degrees 
of freedom F5,2652.2 = 11.8, P < 0.0001; Fig. 1). In contrast, soil carbon 
accumulation rates did not vary significantly across biomes (F6,126 = 1.0, 
P = 0.393; Extended Data Fig. 1) or with soil texture (F9,128 = 0.2, P = 0.997), 
underscoring the known challenges of generating default soil carbon 
accumulation rates5. In litter and coarse woody debris carbon pools, 
we did not observe measurable accumulation during the first 30 years 
of forest regrowth (Extended Data Fig. 2) despite differences among 
biomes in the absolute magnitude of these carbon pools (Extended 
Data Fig. 3). Indeed, carbon stocks in these pools often declined with 
time, presumably owing to decomposition of residual biomass from 
previous disturbance. We therefore did not further account for litter 
or coarse woody debris carbon since natural forest regrowth did not 
directly drive near-term carbon dynamics across our data.

The type of previous land use/disturbance significantly, but inconsist-
ently, influenced carbon accumulation rates in both total plant and soil 
pools. The literature generally describes seven land-use/disturbance 
categories: pasture, long-term cropping, shifting cultivation, clear-cut 

harvest, mining, fire and other natural disturbances (such as hurricane 
windthrow or landslide). In all forest biomes with the exception of 
the boreal biome, land-use/disturbance type significantly influenced 
total plant carbon accumulation (boreal: F1,21.1 < 0.1, P = 0.910; temper-
ate conifer: F4,32.1 = 31.3, P < 0.0001; temperate broadleaf: F5,314.7 = 23.6, 
P < 0.0001; tropical/subtropical dry: F1,539.8 = 13.7, P = 0.0002; tropical/
subtropical moist: F5,539.8 = 7.7, P < 0.0001; and tropical/subtropical 
savanna: F2,48.0 = 3.2, P = 0.0495). However, within a biome, rates were 
often similar across land-use/disturbance types (insets in Fig. 1). Moreo-
ver, across biomes, the specific effect of a given land-use/disturbance 
type often differed. For example, former cropland showed the highest 
rates of total plant carbon accumulation in the temperate broadleaf 
biome, but only intermediate rates in the tropical/subtropical moist 
biome. For soil, previous land use/disturbance data were limited to 
temperate broadleaf and tropical/subtropical moist forests. Only 
temperate broadleaf forests showed a significant effect; specifically, 
that disturbance caused by cropping or timber harvest led to faster 
soil accumulation than disturbance by pasture (F2,46 = 7.5, P = 0.001). 
Overall, these results suggest that land-use/disturbance type cannot 
be used to predict carbon accumulation rates in naturally regrowing 
forests at global scales owing to inconsistent effects across biomes for 
total plant carbon and limited data for soil.

Finally, disturbance intensity influenced carbon accumulation in 
plant biomass (F2,992.3 = 13.7, P < 0.0001) but not soil (F2,78 = 1.4, P = 0.237). 
The literature-derived data included sites that experienced a range 
of disturbance intensities, from relatively mild (for example, most 
natural disturbance) to very intense (for example, long-term tillage 
for agriculture), so we categorized sites according to low, medium or 
high disturbance intensity (see Supplementary Table S1). In general, 
total plant carbon accumulation rates were greater after the highest 
intensity of disturbance compared to the lowest intensity of distur-
bance (Extended Data Fig. 4), but this pattern was not consistent across 
biomes. Instead, within biomes, the highest carbon accumulation rates 
occurred in the category with the lowest starting biomass, regardless 
of disturbance intensity (Extended Data Table 2), reflecting standard 
sigmoidal growth curves.

Mapping carbon accumulation rates
Given the significant biome effects and the limited predictive power of 
land-use/disturbance history, we used 66 global environmental covari-
ate layers, primarily related to climate (see Supplementary Table S2), to 
develop a global map of potential aboveground carbon accumulation 
rates at a 1-km scale. We modelled only aboveground carbon accumula-
tion, because the aboveground data represented the largest fraction of 
our literature-derived data (N = 2,118), showed strong and well explained 
variation across the globe, and avoided propagating uncertainty from 
root-to-shoot ratios. Focusing on aboveground carbon also allowed 
us to improve our geographic and environmental representation with 
available aboveground carbon data from national forest inventories in 
Australia, Sweden and the USA (N = 10,994). However, to increase the 
utility of these maps for conservation and policy planning, we estimated 
belowground carbon post hoc using IPCC default root-to-shoot ratios5 
(see ‘Data availability’ section).

We used an ensemble machine-learning model to develop a pre-
dictive map of aboveground carbon accumulation rates in naturally 
regenerating forests over the next 30 years (Fig. 2a). Rates ranged 
from 0.058 Mg C ha−1 yr−1 to 6 Mg C ha−1 yr−1. The best ensemble model 
included all 66 covariate layers and predicted the test data reasonably 
well (root-mean-square error RMSE = 0.80 Mg C ha−1 yr−1, R2 = 0.45). Our 
model required limited extrapolation to environmental conditions 
not included in the training plots, with covariate values at the field 
sites spanning most of the range of covariate values across the entire 
prediction area (Extended Data Fig. 5). The standard deviation across 
the ensemble model was ±13% of the predicted value, on average, but 
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areas of substantial uncertainty remain. We observed the highest uncer-
tainty in northern Africa and northeast Asia, and lowest uncertainty in 
the tropics (Fig. 2b).

When we examined average carbon accumulation rates using the 
same spatial boundaries underlying the 2019 IPCC defaults (that is, 
United Nations Food and Agriculture Organization (FAO) ecozones 
crossed by continent)5, we found that our predicted rates were 32% 
higher on average than IPCC defaults for young forests (Fig. 3). How-
ever, this differed within and across biomes. Notably, our predicted 
rates were consistently higher (53% on average) in the tropical biomes 
compared to 2019 IPCC defaults, even though some of our input data 
were used to update these IPCC rates4. Our predicted rates are also on 
the high end of the range provided by the IPCC for the boreal biome, 
though incorporating albedo effects will limit the climate mitigation 
potential of natural forest regrowth in these locations24.

Our map of potential carbon accumulation rates also demonstrated 
the value of improved spatial resolution, with over eight-fold variation 
within an average FAO ecozone and continent combination (that is, the 
difference between the maximum and minimum predicted value rela-
tive to the minimum). Variation within countries was also substantial, 
with an average of 1.7-fold difference in rates within a country (see Sup-
plementary Information) and notable differences in rates at small spa-
tial scales (see Colombia as an example, in Extended Data Fig. 6).

Climate mitigation potential of regrowth
Our map of potential near-term carbon accumulation rates also allowed 
us to refine estimates of global mitigation potential from natural forest 

regrowth. To do so, we combined our rate map with two scenarios of 
forest expansion based on recently published estimates. Although 
there are multiple and diverse estimates of area of opportunity3,10–12, 
we chose two that represent a policy-relevant scenario and a maximum 
biophysical potential. The first ‘national commitments’ scenario com-
bines country-level commitments to the Bonn Challenge and nationally 
determined contributions to the Paris Agreement (349 Mha; based 
on ref. 12). The second ‘maximum’ scenario is a spatially resolved esti-
mate of maximum biophysical area (678 Mha) that excludes grassland 
biomes to avoid negative biodiversity consequences, the boreal biome 
owing to potentially adverse warming effects from changes in albedo, 
current croplands to safeguard human needs for food, and rural and 
urban population centres3 (Fig. 2c). Using our maps of potential above-
ground carbon accumulation, we estimate that 30 years of natural 
forest regrowth across 349 Mha and 678 Mha could capture 1.08 and 
1.60 petagrams of carbon per year (Pg C yr−1) in aboveground biomass, 
respectively, and a further 0.37 and 0.54 Pg C yr−1 in belowground bio-
mass, respectively. Carbon accumulation in soil may be negligible or 
negative (Extended Data Fig. 1). However, if we use the global average 
from our literature-derived data (0.42 Mg C ha−1 yr−1) for the shallower 
0–30 cm profile where additional soil accumulation is expected to 
occur25, then these estimates rise to a total of 1.60 and 2.43 Pg C yr−1, 
respectively. Under the national commitments scenario12, the top ten 
countries held 69% of the global mitigation potential, whereas under 
the maximum scenario3, the top ten countries held 61% of the poten-
tial (see Supplementary Dataset 1). However, these countries differed 
between scenarios, and in general mitigation potential depended heav-
ily on area of opportunity. These two scenarios are illustrative and 
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Fig. 1 | Variation in carbon accumulation among 
biomes and previous land use/disturbance. 
Scatterplots show total plant carbon through time 
from the literature-derived data (Mg C ha−1 ± 95% 
confidence interval) regardless of disturbance. 
Insets show average carbon accumulation rates as a 
function of previous land use/disturbance from the 
literature-derived data (Mg C ha−1 yr−1 ± 95% 
confidence interval). Studies usually provided 
information on seven disturbance/land-use types: 
fire (F, filled squares), other natural disturbance  
(D, open squares, such as hurricane windthrow), 
clear-cut harvest of land in forest use (H, open 
circles), shifting cultivation (SC, open diamonds), 
pasture (PA, open triangles), permanent cropland 
(C, closed triangles), and mining (M, closed circles). 
Small grey points indicate no known disturbance 
type. Biomes include: a, boreal (Nscatterplot = 45;  
Ninset = 18 (F), 11 (H)); b, temperate conifer  
(Nscatterplot = 104; Ninset = 12 (D), 39 (F), 13 (H), 10 (M),  
7 (PA)); c, temperate broadleaf (Nscatterplot = 418;  
Ninset = 113 (C), 32 (D), 47 (F), 50 (H), 69 (M), 51 (PA));  
d, subtropical/tropical dry (Nscatterplot = 552; Ninset = 233 
(PA), 316 (SC)); e, subtropical/tropical savanna 
(Nscatterplot = 57; Ninset = 13 (H), 21 (PA), 23 (SC)) and f, 
subtropical/tropical moist (Nscatterplot = 1614; Ninset = 32 
(C), 4 (D), 68 (F), 139 (H), 648 (PA), 628 (SC)). Savanna 
results apply only to the portions of these grassland–
forest matrices with forest cover exceeding 25%.



548  |  Nature  |  Vol 585  |  24 September 2020

Article

alternative scenarios would provide different results. Regardless, the 
mitigation potential of any scenario can easily be estimated using the 
global map presented here.

Evaluation of our results
Enthusiasm is high for natural forest regrowth as a climate mitigation 
strategy, given its potential to capture carbon while also providing 
additional benefits, such as habitat for biodiversity8, which is needed 
to ameliorate the equally urgent biodiversity crisis26. Here, we provide 
a consistent method for quantifying potential carbon accumulation in 
naturally regrowing forests over the next 30 years, at global and local 
scales. We find that current IPCC default rates are on average 32% lower 
than our predicted rates and most notably 53% lower in the tropics,  
suggesting that tropical countries using IPCC default rates may under-
estimate the mitigation potential of natural forest regrowth. Moreover, 
the default IPCC rates do not capture eight-fold variation within eco-
zones. Requena Suarez et al.4 provide a thorough description of the 
methods used to generate the IPCC tropical and subtropical defaults. 
Compared to those methods, we had more extensive data coverage, 
with field measurements in 32 rather than 12 of the subtropical/tropi-
cal ecozone by continent combinations. We used individual field plots 
and assumed linear growth rates, rather than chronosequences or 

permanent plots and log–linear growth rates, to generate each rate 
estimate and have ten times more rate estimates per ecozone by conti-
nent combination. Further, we combined the field measurements with 
66 environmental covariates, allowing us to predict potential carbon 
accumulation rates at much finer spatial resolution.

The improved spatial resolution of our study also allows us to better 
match area of opportunity with potential carbon accumulation rates 
and refine previous estimates of climate mitigation potential. We find 
that the maximum biophysical potential for natural forest regrowth 
to mitigate climate change is 2.43 Pg C yr−1, which is almost 11% lower 
than previously reported3 owing to the overestimation of rates. The 
area-weighted average carbon accumulation rate in Griscom et al.3 
was 3.58 Mg C ha−1 yr−1 (derived from Bonner et al.27) compared to the 
3.16 Mg C ha−1 yr−1 estimated here. Nevertheless, even with our more 
conservative rate estimates3, regrowth of natural forest in the absence 
of cost constraints remains the single largest natural climate solution.

Achieving 2.43 Pg C yr−1 under our maximum biophysical scenario 
is challenging and would require dietary shifts towards a plant-based 
diet, which could release large areas of current grazing lands back to 
forest, as well as croplands that are used to produce fodder for live-
stock28,29. Even 1.60 Pg C yr−1 under the more policy-relevant national 
commitments scenario will be difficult to achieve, with some countries 
committing to the restoration of more forest area than is available11 and 

Aboveground carbon
sequestration rate in 
forest and savanna biomes

6.0 Mg C ha–1  yr–1

0.058
Savanna biomes 

Error ratio
0.53

0.027
Savanna biomes

a

b

c

Aboveground carbon
sequestration rate
in potential restoration areas

6.0 Mg C ha–1  yr–1 

0.24

Fig. 2 | Mapping carbon accumulation potential. 
a, Predicted aboveground carbon accumulation 
rates (Mg C ha−1 yr−1) in naturally regrowing forests 
in forest (solid colours) and savanna biomes 
(hatched colours). We denote savanna biomes 
differently to note that many of these areas are not 
appropriate for forests and that restoration of 
forest cover should proceed with particular caution 
in these biomes. We note that the map only predicts 
accumulation rates if natural forest 30 years old or 
less were growing there; it does not exclude 
currently forested areas or non-forestable parts of 
these biomes. b, The ratio of model uncertainty 
relative to best-fit model value per 1-km pixel. 
Higher ratios denote greater variation across 
random forest decision trees. c, Modelled 
accumulation rates restricted to the area of 
opportunity in Griscom et al.3 to demonstrate 
where these rates might apply. D.G. created the 
maps in Fig. 2 and Extended Data Figs. 5–7 using 
ArcMap version 10.6.
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relying on approaches other than natural forest regrowth to restore 
forests12. These challenges do not undermine the utility of our map, 
however, which can be used to estimate mitigation potential for any 
area of opportunity ranging from project-level to alternative global 
estimates, such as the one provided in Bastin et al.11.

The urgency of the growing climate crisis means that the global 
community needs to simultaneously deploy multiple climate mitiga-
tion strategies to constrain global warming1,2. This includes strong 
reductions in emissions, since natural climate solutions, including 
the regrowth of natural forests, are not a substitute for reducing fos-
sil fuel emissions30, but rather an essential complement, especially 
while carbon capture technologies remain expensive and under 
development31. Regrowing natural forest is also not a substitute for 
protecting existing forests, which store enormous pools of carbon32. 
In general, there is no ‘panacea’ approach to climate mitigation and 
most, if not all, options (for example, transformations in the energy 
sector, carbon taxes) will require enormous political will and financial 
resources to realize. Natural forest regrowth may impose land-use 
trade-offs3,10, but our results can help local decisionmakers optimize 
areas of opportunity for natural forest regrowth by pinpointing areas 
of high potential carbon accumulation to consider alongside other 
important feasibility criteria, such as costs, livelihoods, and social 
suitability10.

Our analyses of carbon accumulation rates also complement other 
global mapping efforts that focus on long-term carbon storage in 
mature forests11,33,34 or to 210012, serving as a counterpoint to assump-
tions around the time frame and carbon accumulation rates needed 
to achieve these long-term carbon stores. For example, achieving the 
maximum carbon storage in Bastin et al.11 (205 PgC across 900 Mha) 
within 100 years would require 2.28 Mg C ha−1 yr−1. Although that analysis 
identified a very large area of opportunity, the rate estimate is moder-
ate given our range of potential carbon accumulation rates. Further, 
although long-term storage is important, the next thirty years represent 
an important and policy-relevant window for limiting global warming2,14 
and our rate estimates facilitate comparisons of natural forest regrowth 
with other near-term climate mitigation actions.

There are several sources of uncertainty in our analysis. The first 
results from limited field site coverage, and variation in data quality 
and methodology. Although our data compilation far exceeds previous 
efforts with an initial consideration of 11,360 publications, confidence 
in our results necessarily depends on data availability, which varies 
considerably across studies and locations (Extended Data Fig. 7). The 
dataset employed here spanned 43 countries, but 96% of the data were 
derived from only ten countries (the USA, Sweden, Mexico, Brazil, Costa 
Rica, Colombia, China, Indonesia, Bolivia and Panama, in descending 
order of amount of data). Data may be limited because researchers have 
not collected sufficient amounts, the data are not publicly available 
(as for many national forest inventories), and/or some forest types 
are still fairly intact with limited opportunity to quantify regrowth. 
Despite the patchy plot data, we found that plots covered most of the 
environmental conditions across the prediction area, with the main 
exceptions being the Sahel and northeast Asia (Extended Data Fig. 5).

Increased data collection, ideally in a coordinated fashion to facilitate 
greater comparability across sites and using repeated plot measure-
ments to improve robustness, would ameliorate some of these issues. 
To facilitate coordination and enable updates to our analyses as new 
data become available, we deliberately merged our efforts with the 
global Forest Carbon Database (ForC) to support the further develop-
ment of a single, robust, and transparent repository for forest carbon 
data35. Future data collection should not only prioritize aboveground 
carbon data in more poorly sampled geographies, but also soil carbon 
data. Although our review encompasses and expands upon all existing 
reviews of soil carbon accumulation (see Methods), the available data 
did not substantially elucidate how soil carbon changes with natu-
ral forest regrowth. Our global default of 0.42 Mg C ha−1 yr−1 for soil  
carbon accumulation is similar to that observed by others (for example, 
refs. 25,36), but further research is clearly merited.

Another source of uncertainty stems from using historical forest 
growth to predict future carbon accumulation rates. As global warming 
ramps up, rates in a given location may increase or decrease depending 
on factors such as disturbance frequency, carbon dioxide fertilization, 
or increased respiration due to higher temperatures11,37. Moreover, 
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Fig. 3 | Predicted rates compared to IPCC defaults. Average predicted rate of 
carbon accumulation per ecozone (open circles) compared to 2019 IPCC 
defaults, which are given as a single number (filled circle) or a range (thick black 
bars). Coloured bars indicate the range between the minimum and maximum 
modelled rate per ecozone and continent (boreal, dark purple; temperate, light 

purple; subtropical, light green; and tropical, dark green). Ecozone and 
continental forest types are listed below the x axis (NA, North America; NZ,  
New Zealand; SA, South America). We assume linear growth rate during the first 
30 years and thus can compare our rates to the IPCC rates for young forests less 
than 20 years old.
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there are other known factors that influence natural forest regrowth 
that we did not capture in our analysis. For example, residual vegeta-
tion can accelerate forest regrowth by providing roosting sites for 
seed-dispersers38 or shade for late-successional species39. Others have 
observed an increased likelihood of regrowth near rivers or existing 
forest fragments, far from roads or on steep (less-accessible) slopes, 
and in areas protected from browsing40–43. Our global map provides a 
good starting point, but project-level planning will require detailed site 
assessments, as well as additional research to refine how local factors 
and future climate will affect carbon accumulation rates in a given 
location.

Further work is also needed to characterize how other approaches 
to restoring forest cover affect carbon accumulation rates and storage. 
We focused on natural forest regrowth, where natural processes rather 
than management actions predominantly drive carbon accumulation. 
However, the permanence of natural forest regrowth (and the carbon 
stored therein) cannot be assumed44, especially if secondary forests 
are less valued than plantation forests. Rates from naturally regrowing 
forests also do not capture how silvicultural practices can enhance 
tree establishment and carbon accumulation45 or how harvested 
wood products from sustainably managed forests can be substituted 
for more energy-intensive products and provide carbon storage in 
long-lived wood products46. Additional work is needed to character-
ize climate mitigation potential of alternative management schemes, 
but we now provide a robust baseline from which to characterize any 
additional benefit of assisted regeneration and active planting and 
management19–23.

As countries, corporations, and multilateral entities develop plans 
to deploy natural forest regrowth as a climate mitigation strategy, our 
global, 1-km-resolution map of potential aboveground carbon accumu-
lation rates should provide essential information for targeting activities 
towards areas with the highest potential carbon accumulation, estimat-
ing the potential carbon return on investment, and further refining 
how forests influence terrestrial carbon cycles at local, national and 
global scales. It will allow governments that have nationally determined 
contributions related to natural forest regrowth to estimate potential 
carbon accumulation quickly and prioritize more detailed assessments. 
We thus enable more robust comparisons of natural forest regrowth to 
other climate mitigation options and confirm that regrowing natural 
forests can strongly contribute to stabilizing global warming.
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Methods

Assembling a global carbon database
We systematically reviewed the literature (19 April 2017) with a Web of 
Science keyword search of studies published since 1975: TOPIC: (bio-
mass OR carbon OR agb OR recover* OR accumulat*) AND (forest) AND 
(restorat* OR reforest* OR afforest* OR plantation* OR agroforest* OR 
secondary*). We included “agb” for aboveground biomass. We included 
“afforest*” because afforestation sometimes describes establishing 
forest cover in places where forests historically occurred, but we elimi-
nated studies that described tree planting in grasslands (also called 
‘afforestation’), because these efforts are often not successful47, and 
reduce biodiversity and ecosystem integrity48,49.

The initial search yielded 10,937 peer-reviewed studies, which we 
augmented to 11,360 with additional peer-reviewed studies referenced 
therein or datasets from institutions (Oak Ridge National Laboratory, 
International Centre for Research in Agroforestry, and the Chinese 
Academy of Forestry). We reviewed all abstracts to identify accessible 
studies that described any approach for returning forest cover to the 
landscape (Extended Data Table 1). We fully reviewed these (N = 5,464) 
to find studies that quantified carbon or biomass stocks (N ≈ 1,400). We 
categorized the latter by approach for restoration of forest or tree cover 
and focused initially on natural forest regrowth (N = 256 studies) given 
the need for improved natural forest regrowth data and the immense 
time required to build this dataset. However, other approaches, such as 
assisted regeneration, are currently being reviewed for future studies.

To be included, studies had to provide: (1) empirical measures of 
carbon (or biomass) in aboveground or belowground plant, litter, 
coarse woody debris and/or soil pools; (2) stand age with at least one 
stand between 5 and 30 years old; and (3) a latitude and longitude, or 
a discernible geolocation (such as an identifiable place name). Papers 
focusing on soils did not need to include other carbon pools but had to 
include mineral soils deeper than 10 cm, as well as a reference measure-
ment (for example, a younger stand or an adjacent non-forest plot) to 
assess changes in soil carbon. We included measurements in shallower  
soils if present in papers with data from soils 30 cm or deeper. Simi-
larly, we extracted all available data from stands between 0 and 100 
years old when included in studies with the correct age range (5 to 30 
years old), excluding studies with only very young forests because  
of the stochastic nature of early forest establishment, as well as  
papers with only forests greater than 30 years old, given our 2020 to 
2050 focus.

To avoid duplicated measurements, we gave priority to primary 
studies and included the earliest instance of repeatedly published 
data. Our dataset fully encompasses all relevant primary studies from 
many other reviews (for example, refs. 19,27,36,50–56) and the Forest Carbon 
Database (ForC)35. For these, we obtained the original studies to confirm 
numbers, correct errors and acquire additional variables. However, we 
preferentially extracted data from three reviews rather than the primary 
source when authors acquired and reanalysed original datasets, some 
of which were previously unpublished57 or were published in Russian 
or Chinese58,59. Notably, Guo and Ren58 provided 5,730 measurements 
across China that we included in the larger dataset, but ultimately 
excluded by our more stringent filtering (details below).

Beyond geolocation, stand age (years), type of carbon pool, and 
carbon or biomass estimate (Mg ha−1), we also extracted any available 
data on type and intensity of previous land use or disturbance. We used 
geolocation to extract biome designations from refs. 60,61. While we 
acquired data from presumably forested portions of tropical and tem-
perate savannas (for example, the Miombo forests (mainly Brachystegia 
spp.) in Africa, the Cerrado savanna in Brazil, and the pinyon/juniper 
forests in the USA), we note that it is not ecologically appropriate to 
increase forest cover in many areas of savanna and that we do not advo-
cate expansion of trees on natural, low-tree-cover landscapes48,49. We 
did not include mangroves because they are highly dynamic systems 

that require complex accounting for in situ versus exported soil carbon 
accumulation62.

The resulting dataset includes 13,033 empirical measurements of 
carbon storage in aboveground and belowground biomass, soil, lit-
ter and coarse woody debris (see Supplementary Tables S3–S5). We 
aggregated data by site (N = 2,330) and plot (N = 6,674), where sites have 
unique geolocations and plots are spatial units within sites that have 
unique attributes (for example, age and previous land use; see metadata 
in Supplementary Information for additional details). We then further 
winnowed these data along stricter criteria to exclude (1) locations with 
inappropriate geolocations, such as in the ocean or a non-forest biome 
according to the biome spatial layer60,61, (2) stands less than one year 
old because they are not (yet) undergoing natural forest regrowth, (3) 
Mediterranean forests and temperate savanna because the sample size 
was too low (N < 10 for any single pool), (4) studies with only shallow 
soil measurements (30 cm or less) because carbon in topsoil is highly 
dynamic and can dramatically underestimate overall soil carbon63, and 
(5) Guo and Ren58 data because it contained many old stands with little 
to no plant biomass that we could not explain. The final dataset (N = 227 
studies) used in these analyses spanned 5,762 carbon measurements, 
3,058 unique forest plots, 554 sites, 121 ecoregions and most forest and 
savanna biomes (Extended Data Fig. 7).

Standardizing data across publications
For studies that reported biomass only, we converted to carbon 
(Mg C ha−1) using 0.47 as a default conversion factor for aboveground 
and belowground carbon pools (combined and described as the “total 
plant carbon” pool)64, 0.37 for litter biomass65, and 0.50 for coarse 
woody debris biomass66. If a study used different default conversion 
factors, we adjusted their carbon numbers to match the above defaults 
for consistency.

Most soil organic carbon (SOC) data (72%; N = 1,065 of 1,485) were 
already in units of Mg C ha−1 per centimetre depth and the remainder 
we converted from SOC concentration (g per 100 g) or soil organic 
matter (SOM). For SOM concentration data (N = 38), we estimated 
SOC concentration as SOM/2 based on ref. 67, which found that the 
median ratio between SOM and SOC across 481 data points from 24 
empirical studies was 1.97, with a mean of 2.20. We converted SOC 
concentration to Mg C ha−1 per centimetre depth with empirical bulk 
density data where given (N = 355) or depth-specific bulk density data 
from SoilGrids68 (N = 65). SoilGrids provides bulk density modelled 
at 15 cm, 30 cm and 60 cm and we used the value nearest in depth to 
the SOC concentration measure. Modelled bulk density was higher 
but within the range of empirical estimates (1.29 ± 0.13 Mg m−3 versus 
0.98 ± 0.31 Mg m−3, mean ± standard deviation). To convert to Mg C ha−1 
per centimetre depth, we used one bulk density value for each site and 
reference pairing, using measured bulk density from the pre-forest 
site if available, measured bulk density from the youngest nearby site 
as the next option, or SoilGrids bulk density from the pre-forest site 
in the absence of other data.

After converting biomass data to carbon, we standardized within 
pools. Aboveground carbon measures typically included foliage, but 
we retained two measures that excluded foliage, since this represents 
a small fraction of overall carbon. Studies differed in whether they 
included understory (such as lianas and shrubs). For those without, 
we added average understory carbon per biome based on our dataset 
(1.2 Mg C ha−1 to 4.0 Mg C ha−1). We did not, however, adjust for dif-
ferences in diameters at breast height (DBH; nominally 1.3 m above 
ground level). Although studies used different DBH thresholds, ranging 
from 0 cm to 10 cm, minimum DBH did not explain variation in above-
ground biomass (F1,459.2 = 0.5, P = 0.4608) and we assumed that authors 
used a DBH threshold that captured the majority of biomass at their 
sites. We summed aboveground and belowground plant carbon using 
empirically measured belowground carbon when present (N = 444) or 
standard root-to-shoot ratios69 when absent (N = 2,346). Where it was 
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possible to compare, we found that estimated belowground carbon 
was 1.8 Mg C ha−1 higher than measured values, since the field measure-
ments typically only quantified biomass to a specific depth or roots 
greater than a specific diameter. This produced 2,790 independent 
plot measurements of total plant carbon. For dead pools (litter and 
coarse woody debris), measurements often included additional pools, 
but we did not attempt to parse litter or coarse woody debris from 
these combined measurements because these pools are highly variable 
and site-specific65. Thus, we only retained single pool measurements 
(N = 473 litter and 298 coarse woody debris). Finally, for soil, we adjusted 
data to the nearest of two standard depths (30 cm and 60 cm). For plots 
with multiple depth measures, we used the slope from a fitted log–log 
curve for cumulative SOC stocks as a function of depth to estimate SOC 
at standard depths, but for plots without multiple depth measures, 
we used a biome-specific slope coefficient70. If standardizing depths 
resulted in duplicate measures—for example, when a study reported 
SOC at 20 cm and 40 cm, leading to two predicted values at 30 cm—we 
calculated the average. Depth-standardized SOC was 1% lower than the 
empirical measure of SOC and highly correlated (R2 = 0.84).

For plant, litter and coarse woody debris pools, we analysed car-
bon stocks (Mg C ha−1) as a function of stand age, as these pools can 
have zero carbon at initiation of regrowth. However, SOC changes are 
relative to a non-zero baseline so we first converted SOC stock data to 
rates (Mg C ha−1 yr−1). For repeated measure designs, we calculated a 
single rate per plot based on SOC change from initial conditions. For the 
remaining studies, we used linear regression to fit SOC as a function of 
stand age within each chronosequence, treating any reference plot (for 
example, an adjacent treeless cropland) as age zero (N = 5 data points 
on average per regression). We only compared forest and reference 
plots with the same previous land use36. This produced a single rate 
estimate per chronosequence, and these rates became the foundational 
data for the soil analyses. We ultimately derived 138 SOC rates from 
chronosequences (N = 129) and repeated measures (N = 9). Most rates 
quantified changes at 0–30 cm (N = 83) and then 0–60 cm (N = 55).

Potential drivers of carbon accumulation rates
To assess fundamental drivers of variation in carbon accumulation 
rates, we examined differences in rates (1) across biomes as a proxy for 
major climatic differences, (2) across soil texture categories (soil only), 
(3) as a function of type of previous disturbance or land use, and (4) as 
a function of intensity of previous disturbance or land use.

First, to examine differences in plant, litter, and coarse woody debris 
carbon among biomes, we used mixed effects models (R v. 3.5.1 pack-
ages lme4 and lmertest) to examine carbon stocks as a function of stand 
age, biome and stand age × biome with site (or plot nested within site) 
as a random intercept. We were primarily interested in the interaction 
term here and below, since it describes how the effect of age on carbon 
stocks (that is, carbon accumulation rate) is modified by the predictor 
variable, which in this case is biome. We compared a linear model to 
one with ln-transformed stand age, selecting the model that minimized 
the Aikake Information Criterion. For litter and coarse woody debris, 
carbon either declined nonlinearly from initial starting conditions or 
remained roughly constant with stand age (Extended Data Fig. 2). We 
therefore did not further examine carbon accumulation in these pools, 
because residual dead matter from previous disturbance obscured any 
signal of additional accumulation. However, we did examine variation 
across biomes by removing stand age from the model. We found that 
litter and coarse woody debris carbon stocks were generally higher in 
boreal and temperate biomes compared to other biomes (Extended 
Data Fig. 3; litter: F5,138.7 = 8.5, P < 0.0001; coarse woody debris: F4,125.7 = 5.9, 
P = 0.0002). For soil, we used linear regression to model carbon accu-
mulation rates as a function of biome identity. We also included depth 
as a categorical predictor (depth and depth × biome) and found that, 
although stocks generally declined with depth of measurement as 
expected, rates of carbon accumulation did not (F1,126 < 0.1, P = 0.956).

Second, we examined how soil carbon accumulation might differ by 
soil texture. We used SoilGrids data on clay, silt and sand percentages 
to estimate the soil texture category (for example, sand, loam, clay 
and so on) at each site where texture data were not provided. We used 
linear regression to analyse soil carbon accumulation as a function of 
texture, and again found that texture was not a significant predictor 
of variation (F9,128 = 0.2, P = 0.9997).

Third, we examined how previous land use or disturbance influenced 
carbon stocks over time for disturbance types with more than three data 
points per biome. When studies listed multiple disturbance or land use 
types for a single plot, we noted the most recent type where discernible. 
Otherwise, we used the type that was most likely to negatively affect 
forest regrowth (natural disturbance < harvest = shifting cultivation 
< crop < pasture, based on personal observations). We conducted 
separate analyses per biome, as each biome was associated with dif-
ferent disturbance types. For plant biomass (N = 2,600), we used mixed 
effects linear regression, modelling carbon as a function of stand age 
and previous land use, plus their interaction, with site (or plot nested 
within site) as a random intercept. For soil (N = 132), we used an analysis 
of variance with previous land use and depth as the predictors of SOC.

Finally, we examined how the intensity of previous disturbance 
influences carbon stocks over time. Unfortunately, studies provided 
fewer details about the intensity of previous land use (N = 1,567 and 91 
for plant biomass and SOC respectively). Three authors in this study 
(H.P.G., K.D.H. and C.L.) independently categorized disturbance inten-
sity into low, medium and high categories using a disturbance rubric 
(see Supplementary Table S1), assigning the final category based on 
majority agreement among scorers. Given data scarcity, we only cat-
egorized intensity of previous land use for four disturbance types: 
pasture, shifting cultivation, long-term cropland, and clear-cut harvest. 
We conducted our statistical analysis across disturbance types, using 
mixed effects to model total plant carbon as a function of stand age and 
disturbance intensity, plus their interaction, with site or plot nested 
within site and biome as random intercepts. We used a similar model 
for soil with only disturbance intensity as the predictor and biome as 
a random intercept. We also ran similar models, though without the 
biome random effect, for each biome with sufficient data.

Mapping global, near-term forest carbon accumulation 
potential
To develop maps of aboveground carbon accumulation, we extracted 
the literature-derived data that had a separate measurement for above-
ground carbon and stand age of 30 years or less (N = 2,118). We next 
improved the geographic and environmental representativeness of our 
aboveground dataset by including available national forest inventory 
data from three countries: Australia, Sweden and the USA (Extended 
Data Fig. 7). The Australian data were collected between 2006 and 
2017 from naturally regenerating stands of known age (N = 54)34. These 
stands were located across contrasting biomes, ranging from relatively 
productive temperate regions to water-stressed semi-arid regions. Bio-
mass data included only new tree growth and did not include remnant 
trees. The Swedish National Forest Inventory plot data were collected 
between 2007 and 2017 (N = 5,458)71. The USA data are from the United 
States Department of Agriculture (USDA) Forest Service’s Forest Inven-
tory and Assessment (FIA) programme (N = 5,482)34. Owing to privacy 
concerns, FIA data are made available only after a fraction of plots are 
randomly shifted or swapped with the coordinates of others in the same 
county. Although these security procedures shifted the geolocation of 
plot data and predictor variables by approximately 1 km, including the 
FIA data improved the predictive power of the model. We used plots that 
had (1) been remeasured at time one (T1) and time two (T2) to estimate 
a rate of carbon accumulation, (2) no treatment at T2 or T1 (TRTCD = 0) 
to restrict data to natural forest regrowth, (3) no trees recorded as alive 
in T2 that were recorded as dead in T1 (DEAD_TO_LIVE_COUNT = 0) to 
remove erroneous measurements, (4) no recorded disturbance in T2 or 



T1 (DSTRBCD = 0), (5) aboveground biomass at T2 (AG_LIVE_BIO_MGHA 
>0) to avoid harvested or burned plots, and (6) a stand age at T2 between 
0 and 30 years (30 > STDAGE > 0). We also only included plots where 
>50% of the area was comprised of the same forest type, owner class, 
land class and other properties at T1 and T2 to ensure consistency within 
a site (CONDPROP_UNADJ >0.5).

Combined, all literature-derived and national inventory data repre-
sented 13,112 plot measurements. We then calculated carbon accumula-
tion rates by dividing aboveground carbon by stand age, providing an 
average rate over the first 30 years of growth. We removed plots that 
did not fall into forest or savanna biomes or had no recorded biomass 
to avoid plots that had probably been harvested (N = 685 or 5.2% of 
data). We also removed any points that had rates greater than three 
standard deviations above the mean (N = 153 or 1.2% of data). Finally, 
when there were multiple point estimates within each of our ~1-km 
pixels, we calculated the average rate to use in model development 
(N = 10,216). Averaging within pixels improved model performance 
compared to models with no within-pixel averaging.

To create a spatially predictive model of carbon accumulation, we 
first sampled our prepared stack of 66 environmental covariates at 
each of the point locations within the literature-derived and national 
inventory datasets. These layers included climate, soil nutrient, soil 
chemical, soil physical, radiation, topography and nitrogen deposition 
variables (see Supplementary Table S2). We did not use variables that 
represent current vegetation condition (for example, leaf area index 
or percent forest cover) or satellite-derived indices such as the nor-
malized difference vegetation index (NDVI), as these do not represent 
fundamental biophysical controls on carbon accumulation rates for the 
future accumulation of plant biomass. We re-sampled and re-projected 
these covariate map layers to a unified pixel grid (World Geodetic Sys-
tem 1984, EPSG:4326) at 30-arcsecond resolution (~1-km at the Equator), 
downsampling higher resolution data using the mean aggregation 
method and resampling those with a lower original resolution using 
simple upsampling (that is, without interpolation). We chose this res-
olution to balance pixel-level uncertainty, which is proportionately 
larger in smaller pixels, with utility for local decision-makers. If multiple 
resolutions were available for a covariate, we used the resolution clos-
est to 30 arcseconds. Covariates represent different time periods but 
were all between 1970 and 2017. This time period allows us to capture 
long-term average conditions under current and historical climate.

We then split the total number of points into a training set and a test 
set using an 80/20 random split, stratified by data source (that is, the 
literature-derived data and each national inventory) and by biome. We 
used the training set to determine the best machine-learning algorithm 
and set of hyperparameters, and to train the final model. We used the 
test set to assess out-of-sample error, as well as model performance 
with novel data (details below).

We compared four machine-learning algorithms (random for-
est72, a gradient boosting decision tree called XGBoost73, support 
vector machines74, and multi-layer perceptron)75 along with four fea-
ture selection methods (support vector machine feature selection, 
random-forest-based feature selection, principal component analysis, 
and no feature selection), leading to 16 different combinations of fea-
ture selection methods and machine-learning algorithms (or ‘model 
pipelines’). Each model pipeline first applied feature scaling to the data 
(standard scaling for the continuous variables and one-hot encoding of 
biome as our only categorical variable), then selected features using the 
feature selection algorithm, and finally trained the machine-learning 
model on the transformed data. For each machine-learning algorithm, 
we also defined a suite of hyperparameters to test over, often leading 
to over 1,000 tested hyperparameter combinations. We conducted 
the machine learning steps in Microsoft Azure.

We used the Python scikit-learn package and the gridsearchCV 
function to define and train model pipelines using three-fold 
cross-validation and to choose the best hyperparameter combination 

for each model pipeline76. We used the cross-validation RMSE to choose 
the best feature selection method and machine-learning algorithm 
with defined hyperparameters. Cross-validation is an important step 
in training and comparing machine-learning algorithms, as it creates 
pseudo-training sets that can be used to estimate the out-of-sample 
error and reduce over-fitting to the training set, while still keeping 
the final test set completely independent of the model. In three-fold 
cross-validation, the training set is randomly split into three equal-sized 
subsets. Two subsets combine to form a new training subset, and the 
last subset serves as a validation set to assess the model performance. 
We trained the model pipeline on the training subset, stored the RMSE 
of the model predictions over the validation set, and then repeated 
the process twice more with the remaining combinations of training 
and validation subsets. The final cross-validation score is the aver-
age of the validation RMSEs across each model pipeline, and we used 
the average cross-validation RMSE to compare model pipelines and 
selected the model pipeline with the lowest cross-validation RMSE as 
our best trained model pipeline. In our case, the best trained model 
pipeline was the random forest machine-learning algorithm with no 
feature selection.

After determining the best-performing algorithm and set of hyper-
parameters, we used a Monte Carlo approach to create an ensemble 
model for our final predictions and uncertainty analysis. We gener-
ated the ensemble model by first drawing 100 independent boot-
strapped samples with replacement of our training data, stratified on 
the data source and biome. Next, we trained separate random forest 
models using the best-performing set of hyperparameters on each of  
the 100 bootstrapped samples of the training data. Our final  
model is the ensemble of the 100 random forest models, where the 
ensemble model prediction is the average of the predictions of the  
100 random forest models. To asses our out-of-sample error, we applied 
this final ensemble model to our test set. The ensemble model had an 
RMSE of 0.798 Mg C ha−1 yr−1 and an R2 of 0.445 on our independent 
test set.

To create a final global map of aboveground carbon accumulation 
and associated uncertainty, we sampled all environmental covariate 
layers over all pixels in forest and savanna biomes and applied the best 
trained model to each pixel’s covariates. Although the trained model 
works over any area, we constrained it to forest and savanna biomes. 
Because our model is an ensemble of 100 random forest models with 
each random forest model trained on an independent bootstrapped 
sample of the training data, we can use the standard deviation of the 
100 random forest models’ predictions to estimate model uncertainty 
in each pixel. Therefore, for each pixel we have the model’s prediction 
and standard deviation across the 100 models.

We also tested the extent of extrapolation in our models by examining 
how many of the Earth’s pixels exist outside the range of our sampled 
data for each of the 66 global covariate layers. We first extracted the 
minimum and maximum values of each covariate layer across our sam-
pling pixels to determine sample range. We then used the final model 
to evaluate the number of variables that fell outside the sample range, 
across all terrestrial pixels. Next, we created a per-pixel representation 
of the relative proportion of interpolation and extrapolation (Extended 
Data Fig. 5). This revealed that our samples covered most environmental 
conditions on Earth, with 88% of Earth’s pixel values falling within the 
sampled range of at least 90% of all bands. Across all pixels, the aver-
age fraction of the pixel values falling within the sampled range of the 
covariates was 97%. This method measures the univariate extent of 
extrapolation, and takes into account only whether each of the pixel’s 
covariates falls into the sampled range of the corresponding covariate 
from our training points.

Comparison of rates to IPCC defaults
We compared our predicted rates with the latest 2019 IPCC default 
rates for young forest (less than 20 years old)5 by estimating the 
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average pixel value, as well as the minimum and maximum pixel 
value within each ecozone by continent combination. Although the 
IPCC provides default rates for the first 20, rather than the first 30, 
years of forest regrowth described here, we modelled linear rates, 
assuming growth rates would not be asymptotic until later in stand 
development. Therefore, because our map would not change using 
a 20-year time horizon, our results are directly comparable to IPCC 
default rates. Whenever a range was provided for IPCC values, we used 
the average of the lower and upper bound of the range to compare 
to our predicted rates.

Climate mitigation potential of natural forest regrowth
To estimate the ‘maximum’ mitigation potential of natural forest 
regrowth (constrained by biodiversity and human well-being consid-
erations), we combined the Griscom et al.3 area map with our map of 
potential aboveground carbon accumulation and a map of potential 
belowground plant carbon accumulation. We created the latter by 
applying default root-to-shoot ratios to the aboveground pixels5. This 
Griscom et al.3 extent raster identifies more area of opportunity than 
is available because there is a series of non-spatial deductions that was 
applied later in their analyses. We therefore proportionally scaled miti-
gation opportunity within each country so that the final area summed to 
their reported 678 Mha area of opportunity. The Griscom et al.3 analysis 
assumes that a small fraction of their area of opportunity would have 
plantations, so we adjusted their mitigation estimate to reflect a sce-
nario of 100% natural forest regrowth (2.88 Pg C yr−1).

Lewis et al.12 compiled national commitments to the Bonn Challenge 
and from nationally determined contributions to the Paris Agreement. 
Although that publication focused on tropical countries, we acquired 
the global compilation to use here. Two countries (Niger and Burkina 
Faso) included commitments that we did not include, because those 
countries fall outside our potential rates map. To estimate the miti-
gation potential of these national commitments, we used the same 
average predicted rates per country from the overlay of Griscom et al.3 
for aboveground and belowground carbon accumulation. Thus, this 
assumes that the 349 Mha of opportunity under this scenario repre-
sents an average subset of the area identified as biophysically possible 
in Griscom et al.3.

Data availability
The literature-based dataset (both raw and filtered) and detailed 
descriptions of the environmental covariates are all available at https://
github.com/forc-db/groa, where GROA stands for Global Restoration 
Opportunity Assessment. Data are also archived on Zenodo at https://
doi.org/10.5281/zenodo.3983644). The Supplementary Information 
includes metadata for the literature-derived dataset (Supplemen-
tary Table S3, Supplementary sections 4 and 5). We also include data 
on country-level estimates (see Supplementary Data 1). Spatial data 
for both aboveground carbon accumulation rates and uncertainty 
(scaled and unscaled by mean pixel value), as well as belowground 
carbon accumulation rates can be downloaded from Global Forest 
Watch (http://www.globalforestwatch.org). S.C.C.-P. and N.H. welcome 
discussions around potential collaborations, and the data are freely 
available. Source data are provided with this paper.

Code availability
We include code for constructing the global maps and assessing uncer-
tainty at https://github.com/forc-db/groa.
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Extended Data Fig. 1 | Variation in carbon accumulation among biomes. 
Observed variation in total plant carbon accumulation rates and soil carbon 
accumulation rates (mean ± 95% confidence intervals) from the literature- 
derived dataset. We did not have plant biomass data for subtropical and 
tropical conifer forests.



Extended Data Fig. 2 | Accumulation of coarse woody debris and litter carbon through time. We did not find studies describing litter (black) or coarse woody 
debris (grey) pools in temperate savannas, or coarse woody debris in tropical savannas.
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Extended Data Fig. 3 | Variation in carbon stocks among biomes. Carbon 
pools (mean ± standard error) in coarse woody debris (grey) and litter (black).



Extended Data Fig. 4 | Effect of disturbance intensity on carbon 
accumulation. Carbon accumulation in plots with high intensity disturbance 
(black circles, black line) versus low intensity disturbance (grey circles, grey 
line). The most disturbed categories had lower residual biomass at the 
initiation of regrowth (for example, 0 Mg C ha−1 versus 28 Mg C ha−1 in the least 
disturbed category; Welch’s t-value = 5.9, P < 0.0001), suggesting that the 
higher rate in the most disturbed category is due to standard sigmoidal growth 
rates in forests.
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Extended Data Fig. 5 | Map of extent of extrapolation per pixel across all covariate layers. A value of 1 indicates that 100% of pixels fall within the sample range 
(that is, there is no extrapolation).



Extended Data Fig. 6 | Fine-scale variation in rates. a, Map of predicted carbon accumulation rates in Colombia, as an example. b, Map of predicted rates filtered 
to the area of opportunity in Griscom et al.3 to demonstrate where these rates might apply.
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Extended Data Fig. 7 | Coverage of field data. Distribution of sites after final filtering of the literature-based dataset (blue) and inclusion of the field inventory data 
(green). We compiled data from forest (dark grey) and savanna biomes (light grey). We restricted savanna data to portions of these grassland-forest matrices with 
forest cover >25%.



Extended Data Table 1 | General approaches for restoring forest or tree cover

This list is based on an aggregation of existing taxonomies and expert consultation at a workshop at Oxford University, UK, in February 2017. These approaches will not necessarily reach >25% 
forest cover. Categories are based on refs. 77–81.
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Extended Data Table 2 | Effect of disturbance intensity on carbon accumulation

Biome-level effects of disturbance intensity on carbon accumulation in total plant biomass (Mg C ha−1 yr−1) as a function of stand age. Intensity categories are low (L), medium (M), and high (H) 
based on Supplementary Table S1 and we list number of data points per category (N). For all biomes, the greatest carbon accumulation rate (slope parameter) was observed in the intensity 
category with the lowest starting biomass (intercept parameter).
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