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Global covariation of forest age transitions 
with the net carbon balance
 

Simon Besnard    1  , Viola H. A. Heinrich    1,2, Nuno Carvalhais    3,4,5, 
Philippe Ciais    6, Martin Herold    1, Ingrid Luijkx    7, Wouter Peters    7,8, 
Daniela Requena Suarez1, Maurizio Santoro    9 & Hui Yang    3,10

Forest age transitions are critical in shaping the global carbon balance, 
yet their influence on carbon stocks and fluxes remains poorly quantified. 
Here we analyse global forest age dynamics from 2010 to 2020 using the 
Global Age Mapping Integration v2.0 dataset, alongside satellite-derived 
aboveground carbon (AGC) and atmospheric inversion-derived net CO2 
flux data. We reveal widespread declines in forest age across the Amazon, 
Congo Basin, Southeast Asia and parts of Siberia, primarily driven by 
stand-replacing disturbances such as fire and harvest, leading to the 
replacement of older forests by younger stands. Meanwhile, forests in 
China, Europe and North America experienced net ageing. Globally, stand 
replacement resulted in substantial AGC losses, with old forests (>200 years, 
~98.0 MgC ha−1) transitioning to younger, carbon-poor stands (<20 years, 
~43.5 MgC ha−1), leading to a net AGC loss of ~0.14 PgC per year. Despite this, 
regions with high rates of young stands replacing old forests exhibited a 
temporary strengthening of the carbon sink, driven by the rapid regrowth 
of these young stands. Crucially, these young forests do not compensate for 
the long-term carbon storage of old forests. Our findings underscore the 
importance of protecting old forests while optimizing forest management 
strategies to maximize carbon gains and enhance climate mitigation.

Key international initiatives, such as the Forest and Land Use Declara-
tion at the 26th United Nations Climate Change Conference of the 
Parties (COP26)1, the EU’s Nature Restoration Law2, and the Regulation 
on Deforestation-Free Products3, highlight the critical role of forests 
in global climate mitigation. In this study, forests encompass natural 
forests, managed stands and planted tree cover (for example, agro-
forestry, tree crop and plantations), characterized by at least 5 metres 
height4. Forests are essential to Earth’s carbon cycle, acting as carbon 
sinks by absorbing about −3.5 ± 0.4 (where − denotes a net carbon gain) 
petagrams of carbon annually (PgC per year) in the 2010s5. Effectively 

managing and conserving these forests is crucial for mitigating climate 
change, especially given the decline in forest resilience under climate 
change6.

Several processes, including deforestation, degradation, affor-
estation, natural disturbances, management practices and regrowth, 
influence the distribution of forest ages worldwide7. These factors, 
in turn, affect the forests’ capacity to sequester carbon8. European 
forests, for instance, have consistently acted as carbon sinks9 due to 
their recovery from extensive clear-cutting after World War II10. Their 
growth exceeds harvest removals and natural mortality9,11, although 

Received: 5 August 2024

Accepted: 6 July 2025

Published online: xx xx xxxx

 Check for updates

1GFZ Helmholtz Centre for Geosciences, Potsdam, Germany. 2School of Geographical Sciences, University of Bristol, Bristol, UK. 3Max Planck Institute 
for Biogeochemistry, Jena, Germany. 4ELLIS Unit Jena, Jena, Germany. 5Departamento de Ciências e Engenharia do Ambiente, DCEA, Faculdade 
de Ciências e Tecnologia, FCT, Universidade Nova de Lisboa, Caparica, Portugal. 6Laboratoire des Sciences du Climat et de l’Environnement, 
CEA-CNRS-UVSQ-UPSACLAY, Gif sur Yvette, France. 7Meteorology and Air Quality Department, Wageningen University, Wageningen, The Netherlands. 
8Centre for Isotope Research, University of Groningen, Groningen, The Netherlands. 9Gamma Remote Sensing, Gümligen, Switzerland. 10College of 
Urban and Environmental Sciences, Peking University, Beijing, China.  e-mail: simon.besnard@gfz.de

http://www.nature.com/natecolevol
https://doi.org/10.1038/s41559-025-02821-5
http://orcid.org/0000-0002-1137-103X
http://orcid.org/0000-0003-0501-0032
http://orcid.org/0000-0003-0465-1436
http://orcid.org/0000-0001-8560-4943
http://orcid.org/0000-0003-0246-6886
http://orcid.org/0000-0002-3990-6737
http://orcid.org/0000-0001-8166-2070
http://orcid.org/0000-0002-3339-6991
http://orcid.org/0000-0001-6454-8954
http://crossmark.crossref.org/dialog/?doi=10.1038/s41559-025-02821-5&domain=pdf
mailto:simon.besnard@gfz.de


Nature Ecology & Evolution

Article https://doi.org/10.1038/s41559-025-02821-5

monitor temporal changes in forest age, but these are limited in space 
and can only monitor forests since the beginning of the Landsat era19,20. 
This limitation impedes our ability to effectively track and understand 
temporal changes in forest age across all age classes.

Using the Global Age Mapping Integration v2.0 (GAMIv2.0) 
dataset16,21 (Methods), our study analyses changes in forest age distribu-
tion from 2010 to 2020 and their implications for the carbon cycle. We 
integrate forest age maps with independent atmospheric CO2 inversion 
flux data from the Global Carbon Project22 and European Space Agency 
Climate Change Initiative (ESA-CCI) satellite-based biomass maps23. 
Our analysis examines how shifts in forest age, caused by rejuvenation 
from natural disturbances and clear-cutting, and the natural ageing 
of established forests affect the net carbon balance. The study has 
three main objectives: (1) to map global changes in forest age distri-
bution over the last decade, (2) to infer the impact of replacing older, 
carbon-rich forests with younger ones on the net carbon balance, and 
(3) to hypothesize the effects of these shifts on aboveground carbon 
(AGC) stocks under a (1) business-as-usual (BAU) forest management 
and (2) forest conservation scenario. Our findings highlight the inter-
play between forest age dynamics and the global carbon cycle, empha-
sizing the need for strategic, targeted forest management and informed 
policies to optimize the role of forests in climate change mitigation.

Results and discussion
Changes in forest age distribution for 2010–2020
We analysed forest age distribution shifts from 2010 to 2020 using the 
GAMIv2.0 dataset (Fig. 1a). We focused on this period due to the avail-
ability of ESA-CCI biomass data (2010, 2017–2020) and the rising 

the European carbon sink has shown a recent decline12. In regions 
such as the Amazon Basin, old forests were once ‘hotspots’ of younger 
forests, shaped substantially by ancient civilization activities13. Recent 
regional transformations have created a diverse mosaic of forest age 
classes (Fig. 1a,b). Complex interactions between stand-replacement 
events, regrowth following disturbances, afforestation and the natural 
ageing of established forests drive shifts in forest age distributions. 
These factors collectively contribute to ecological transformations in 
forest landscapes. Yet the implications of these changes on the global 
carbon cycle remain unresolved14.

Traditional methods, such as national forest inventories and 
research plot measurements, offer valuable insights into local for-
ests but have limited spatial and temporal coverage. Several factors 
constrain their effectiveness, including the absence, complexity or 
limited availability of sample-based inventories in many regions, the 
infrequency of repeated measurements and the variability in what 
they measure. These limitations hinder their ability to comprehen-
sively capture global forest dynamics. Atmospheric CO2 flux estimates 
from inversion techniques offer an integrated view of biosphere–
atmosphere carbon exchange, considering various sources and sinks 
across different spatial and temporal scales. Yet, their coarse spatial 
resolution, typically around 110 km, limits their ability to distinguish 
between forests and non-forests or accurately capture the different 
dynamics of forests. Additionally, uncertainty in atmospheric trans-
port models and the lack of measurement stations in certain regions 
limit their regional accuracy15. Efforts to map forest age at global and 
regional levels have been made16–18, but these typically result in static 
snapshots of forest age distribution. A few satellite-derived maps 
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Fig. 1 | Global patterns and shifts in forest age between 2010 and 2020.  
a,b, Average forest age for 2010 and 2020 at a one-degree pixel resolution  
(a) and the total area of each forest age class for 2010 (blue) and 2020 (green)  
(b). The total area represents the median values across the 20 ensemble 
members, with error bars in b indicating the 5% and 95% quantiles of the total area 
across the ensemble. c, The forest age difference map between 2020 and 2010, 
relative to the expected 10-year ageing. This map was calculated by subtracting 
ten years from the difference between 2020 and 2010. A value of zero indicates 

that forests have aged as expected over the decade, consistent with the gradual 
maturation of undisturbed forests. Positive values indicate slower-than-expected 
ageing or ageing stagnation, potentially due to disturbances. By contrast, 
negative values reflect forests becoming younger, probably due to stand 
replacement, disturbances or shifts in forest composition favouring younger 
stands. In a and c, the median estimates across the 20 ensemble members are 
shown. One-degree grid cells with less than 20% forest cover have been masked.
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pressure on forests over the past decade24,25. Age classes were defined 
based on ecological stages (Table 1). From 2010 to 2020, global forest 
age shifts (Fig. 1b) were driven by stand replacement and the gradual 
ageing of established forests (definition in Table 2). Mature  
(81–200 years) forests increased by +0.08+0.11+0.05  billion hectares 
(+8.0+12.6

+4.4 %), whereas young (1–20 years), maturing (21–80 years) and 
old forests (>200 years) declined by −0.04−0.01−0.08  billion hectares 
(−5.2−1.5−12.0%), −0.02

+0.05
−0.05  billion hectares (−2.7+7.4−7.4%) and −0.03−0.02−0.04  

billion hectares (−2.6−2.1−3.3% ), respectively (Extended Data Table 1). 
Regional variations are noteworthy, though (Extended Data Fig. 1). For 
instance, the total area of young forests increased in Eurasian boreal 
from 0.0390.042

0.038 billion hectares in 2010 to 0.0580.059
0.058 billion hectares 

in 2020 (Extended Data Fig. 1a). By contrast, young forests remained 
relatively stable in European forests, with approximately 0.0360.042

0.032  
billion hectares in 2010 and 0.0370.0410.035  billion hectares in 2020 
(Extended Data Fig. 1d). This stability suggests a balance between young 
forests maturing into older age classes and stand-replacement pro-
cesses despite ongoing disturbances26. GAMIv2.0 estimates this rela-
tionship using a nonlinear model that considers the effects of local 
biogeographic and climatic conditions, enabling the representation 
of non-monotonic biomass accumulation across age classes (Extended 
Data Fig. 2). However, our analysis does not fully capture the impact 
of forest management practices on the forest age–biomass 
relationship. Consequently, shifts between age classes may be biased, 
especially in regions with substantial management influence on forest 
dynamics (Supplementary Fig. 1). To address this, we binned the age 
classes by 20 years, which smooths out variability and reduces sensitiv-
ity to errors in age estimation. Whereas this approach captures broader 
trends and minimizes noise from management-induced variations, it 
may mask the finer-scale impacts of different management practices. 
Therefore, more comprehensive forest management data are crucial 
to enhancing the accuracy and reliability of these models.

The reduction in young forests is probably due to their progres-
sion to older stages, outpacing the development of young forests 
through frequent forest clearings and afforestation. Additionally, the 
saturation of afforestation programmes in countries such as China27, 
initiated in the 1980s and 1990s, and the possible exhaustion of old 
forests suitable for cutting in Southeast Asia due to increased protec-
tion efforts28 may have contributed to this reduction. We observe an 
increase in the global area of forests aged between 21 and 40 years by 
approximately +0.03 billion hectares (+17%) over 2010–2020 (Extended 
Data Table 1). The increase could be a response to prior variations in 
natural or human-induced disturbances, such as clear-cutting, lead-
ing initially to an increase in this age class. These dynamics indicate a 
more complex forest regrowth pattern29, where young forests mature 
and recover from earlier disturbances. Multiple factors, including 
the natural ageing of younger forests, enhanced conservation efforts 
and a shift towards sustainable practices such as thinning, probably 
drive the increase in mature forests. Additionally, land abandonment 
and migration to urban areas may indirectly contribute to this trend. 
The decline of old forests is alarming because it suggests the loss of 

the oldest and most ecologically valuable forest stands, vital for their 
substantial carbon storage capabilities and rich biodiversity. These 
forests not only sequester large amounts of carbon but also enhance 
the recovery and growth of nearby degraded forests through processes 
such as seed dispersal and the creation of stable microclimates20. This 
underscores the critical importance of preserving old forests.

Beyond global changes in forest age distribution (Fig. 1b), we 
identified contrasting local and regional forest age transitions (Fig. 1c, 
Supplementary Fig. 2 and Supplementary Table 1). In regions such as 
Amazonia, the Congo Basin and Southeast Asia, marked decreases in 
forest age were evident, with variations at the one-degree pixel level 
showing up to 30% changes since 2010. Specifically, forests in South 
America and tropical Asia experienced net age decreases of −4.7−3.4−6.2 
years (mean age of 251.9260.2

237.2  years in 2010, shifting to 247.1254.3233.9 years 
in 2020) and −7.3−5.0−10.0 years (mean age of 139.4152.5

121.2 years in 2010, shift-
ing to 132.4142.3

116.4  years in 2020), respectively (Supplementary Table 1). 
This trend is primarily attributed to increasing stand-replacing distur-
bances and mortality30,31, indicating a shift towards younger forest 
stands and the replacement of old forests. Traditional activities such 
as slash-and-burn agriculture also contributed to this trend in the 
Amazon Basin32. Whereas young forests grow faster27, their regrowth 
does not fully compensate for the carbon loss from older forests28. 
Transitions to younger stands often involve associated emissions 
fluxes—from direct emissions due to fire to delayed emissions resulting 
from increased substrate availability following the harvest of litter. In 
North America, especially in the Pacific Northwest, a mosaic of older 
stands and areas of stand replacement followed by regrowth is evident, 
probably influenced by clear-cutting, a high-burning frequency regime 
and other natural disturbances, such as insect outbreaks33. Forests in 
the North American boreal region experienced a net age increase of 
+8.9+9.0+8.8 years (mean age of 101.6111.9

85.7  years in 2010, shifting to 110.5120.794.6  
years in 2020). The age increase is only marginally lower than the 
expected net ten-year increase if no disturbances have occurred. It 
suggests that disturbances were relatively limited in this region, allow-
ing the forests to age naturally. We also observed that local patches of 
Canadian forests were getting younger, probably related to recent fire 
activity34. These localized disturbances indicate that while the overall 
impact on forest ageing was minimal, specific areas experienced sub-
stantial shifts in forest age distribution. Siberian forests, suspected to 
harbour an important fraction of the global carbon sink12, predomi-
nantly sustained their older age class (that is, forests in Eurasian boreal 
regions showed a mean age of 108.0116.5

89.0 years in 2010, shifting to a mean 
age of 113.6122.0

95.1  years in 2020). However, substantial transitions towards 
younger forests (approximately 0.09 billion hectares, 7.2% of the Eura-
sia boreal region) indicate localized impacts from logging, increased 
wildfire events35 and tree recruitment failure after fire36.

In China, extensive reforestation and afforestation programs since 
the 1980s37 have led to substantial shifts in the forest age, with younger 
planted forests maturing. As part of these large-scale afforestation 
efforts, the forest area in southern China increased from 9% to 35% 
between 1986 and 2018, reflecting a marked expansion in forest cover 
following the implementation of these policies37. These efforts have 
contributed to the overall net ageing of forests in Eurasia temperate 
by +7.7+8.2+6.4 years, from a mean age of 44.553.236.5 years in 2010 to 52.560.442.9  
years in 2020 (Supplementary Table 1). In southwestern Australia, 
frequent wildfires have led to younger age classes, probably due to 
increased turnover or the severity of recent fire events34. Overall, for-
ests in Australia aged by +2.1+3.4−0.3 years (a mean age of 67.788.055.8  years in 
2010, shifting to a mean age of 69.987.7

57.9 years in 2020). This suggests 
that while fire events have caused localized rejuvenation, other areas 
have aged relatively undisturbed. Conversely, the Miombo woodlands 
have maintained consistent fire regimes34, resulting in relatively 
unchanged turnover and gross primary productivity38. This stability 
indicates an adaptation to the prevailing fire regime, which preserves 
the understory and maintains the overall forest structure. In South 

Table 1 | Forest age classification and characteristics

Forest age class Characteristics

Young forests 
(1–20 years)

Rapid post-disturbance growth, high net primary 
productivity63,64, dominated by early-successional 
species and high canopy openness.

Maturing forests 
(21–80 years)

Transitioning towards structural stability, moderate 
carbon accumulation and increasing canopy closure.

Mature forests 
(81–200 years)

Substantial carbon storage, slower growth rates, 
structurally complex canopy, increased biodiversity.

Old forests (>200 
years)

Mainly in intact tropical rainforests and inaccessible 
boreal regions represent complex ecosystems that may 
be sources or sinks of carbon12,51
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America, forests outside the Amazonia, such as the Atlantic forests, 
have experienced a decrease in native forest cover due to human activi-
ties and disturbances. However, recent conservation efforts have led 
to some recovery39. This combination of factors has resulted in a slight 
net age increase in the temperate forests of South America by +3.9+6.3+1.2  
years (mean age of 87.4110.1

51.6  years in 2010, shifting to a mean age of 
91.0110.5

57.7  years in 2020).
European forests, covering around 33% of the continent, are 

experiencing complex age dynamics due to management and natural 
disturbances, such as fire, drought and insect outbreaks since 201040,41. 
Despite these disturbances, forests are generally ageing (mean age of 
81.591.272.1  years in 2010, shifting to a mean age of 89.598.980.3 years in 2020, 
that is, +8.0+8.2

+7.7  years), except in areas such as Portugal, where large 
fires have led to younger forests34. Climate-induced disturbances and 
subsequent salvage logging substantially impact northern and central 
Europe’s boreal coniferous and dry forests in the Iberian Peninsula42. 
Consistent management and stable harvest rates43 suggest that drastic 
forest age shifts due to human management are unlikely. However, 
intensified disturbances or increased harvesting could alter the future 
age structure of European forests, potentially amplifying the reported 
saturation of the European forest carbon sink44. The net ageing trend 
in Eurasian boreal forests (that is, forests aged by +5.7+6.2+5.4  years), 
especially in western Russia, is mainly due to large-scale forest aban-
donment since 1990, a scale surpassing the European forest area45.

Patterns of undisturbed ageing forests and forests replaced by 
young stands
Our analysis of global forest age shifts reveals distinct regional patterns, 
with a mix of undisturbed ageing (Fig. 2a) (3.213.462.84 billion hectares) and 
stand-replaced forests (Fig. 2b) (0.230.310.16 billion hectares) (Table 2 pro-
vides definitions, and Supplementary Table 3 and Supplementary 
Table 4 provide a summary of statistics). This variation across regions 
underscores the complex interplay (Supplementary Fig. 2) of natural 
processes and human influences (Fig. 2d) in shaping the age distribu-
tions of forests. Regionally, stand-replaced forests cover the largest 
absolute areas in tropical Asia (0.260.28

0.22 of total stand-replaced forest 
fraction, 0.0590.070

0.040 billion hectares), northern Africa (0.220.250.11  of total 
stand-replaced forest fraction, 0.0480.067

0.018  billion hectares) and South 
America tropical (0.110.130.10  of total stand-replaced forest fraction, 
0.0260.030

0.020  billion hectares) (Supplementary Table 3). By contrast, 
undisturbed ageing forests are primarily located in South America 
tropical (0.200.21

0.20 of total undisturbed ageing forest fraction, 0.640.64
0.63 

billion hectares), Eurasia boreal (0.170.170.17 of total undisturbed ageing 
forest fraction, 0.540.54

0.54 billion hectares), Europe (0.100.11
0.10 of total undis-

turbed ageing forest fraction, 0.320.320.32  billion hectares) and North 
America temperate (0.0920.0920.090 of total undisturbed ageing forest frac-
tion, 0.290.29

0.28  billion hectares) (Supplementary Table 3), primarily 
characterized by a mix of forests often subject to management (for 
example, selective harvesting) and unmanaged forests (Fig. 1d). Due 
to its vast forest extent, South America tropical contains substantial 
absolute areas of both stand-replaced and undisturbed ageing forests, 
making both classes particularly prevalent in the region.

Boreal forests typically have an average pre-stand-replacement 
age of approximately 120 years (123.75132.4899.51  years and 113.05122.7996.00  years 
for Eurasia boreal and North American boreal, respectively) (Fig. 2c). 
By contrast, forests in the Northern Hemisphere’s temperate regions 
are replaced at younger ages. Management in these temperate regions, 
which usually involves naturally regenerated and planted forests, results 
in an average replacement age of 94.50102.87

78.94  years in Europe and 
95.74101.63

80.64  years in North America (Fig. 2c). This variability is influenced 
by regional rotation lengths, with areas such as northern Spain, Portugal 
(that is, fast-growing species, such as Eucalyptus, feed into fast rotation 
forestry projects), Les Landes, Sweden and Finland having shorter rota-
tion periods (Extended Data Fig. 3a,b). By contrast, other forests are 
harvested at an age over 100 years (Extended Data Fig. 3c). We observed 
short regeneration cycles in Eurasia’s temperate (33.5539.5821.84  years) and 
South American temperate (58.0775.4738.46 years) forests. This forest age 
pre-stand replacement is probably influenced by frequent fires34 and 
plantation forestry in these regions (Fig. 2d), where the typical rotation 
period is up to 15 years (ref. 46). In the South American tropics, stand 
replacement often occurs in older forests, averaging 190.71215.73166.29 years, 
including old forests over 300 years old, usually characterized by con-
tinuous recruitment, though with considerable local variation. The age 
variability before stand-replacement in South America’s tropical region 
suggests a mix of deforested old forests and young secondary forests 
harvested and burned before maturity20 or part of a slash-and-burn 
agricultural system32. The scenario is more complex in northern 
(91.97106.2278.28  years) and southern (78.9297.5765.99 years) Africa regions, which 
experienced rapid replacement of young forests. These regions experi-
ence regular disturbances, primarily from fires34, which can rapidly 
replace young forests. However, these fires do not always lead to com-
plete stand replacement. Instead, they often leave some trees unburned, 
especially in lower-intensity or sub-canopy fires. Additionally, in some 
forest ecosystems, the lower tree density per hectare in certain areas47 
may limit the fire severity, reducing the likelihood of complete stand 
replacement. This highlights post-fire regeneration processes that differ 
from those of stand-replacing fires, allowing some trees to survive and 
creating a mix of age structures within the forests.

We observe a distinctive spatial pattern in the distribution of 
stand-replaced forests across various age classes as of 2010 (Fig. 3a, 
Extended Data Fig. 3 and Supplementary Table 3). Forests that were 
already young (that is 0–20 years) before stand replacement—covering 
0.140.20

0.083  billion hectares and accounting for 58.9766.5546.14 % of all 
stand-replaced forests— are broadly distributed but primarily concen-
trated in tropical regions (for example, South America’s tropics, tropical 
Asia and northern Africa) and the Eurasian temperate zone (Fig. 3a). 
This widespread area of young forests being replaced by new stands 
suggests a high turnover rate, probably driven by plantations (Fig. 2d) 
and natural disturbances, such as fire events. Maturing forests (that is 
20–80 years) replaced by younger stands constitute 12.5115.969.97 % of the 
total stand-replaced forest areas. Mature forests (that is 81–200 years) 
that have undergone stand replacement, where younger stands have 
replaced previously mature forests, account for 14.4518.8610.58% of the total 
stand-replaced forest area. Their distribution (Extended Data Fig. 3c) 

Table 2 | Description of the stand-replaced and undisturbed ageing forests’ processes derived from 100-m resolution data

Stand-replaced forests Undisturbed ageing forests

Process description Stand-replaced forests emerge from substantial disturbances, 
resetting forest age and undergoing regrowth. Following 
disturbance, structural growth (biomass accumulation, canopy 
development) can be rapid in young forests.

Undisturbed ageing forests include forests that have not 
experienced stand-replacing disturbances but may be subject to 
stable management practices such as thinning. These practices 
do not involve resetting the stand age.

Forest age transition Forests experience an age difference of less than ten years derived 
from 100-m resolution data, indicating stand-replacement followed 
by regrowth between 2010 and 2020. Before disturbance, these 
forests could have been young, maturing, mature or old, but after 
the stand-replacement event, they were reset to young stands and 
began regrowth.

For undisturbed forests between 2010 and 2020, a uniform 
ten-year age increase derived from 100-m resolution data is 
assumed. This category includes naturally ageing forests planted 
before 2010 and forests regenerating from pre-2010 disturbances.
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is sparser than that of younger forests, with large but dispersed patches 
in regions such as North American, European and Siberian forests. This 
pattern may indicate less frequent replacement events in mature forests, 
suggesting a period of relative stability or reduced human influence 
(Fig. 2d). Old forests (that is >200 years) were the least likely to undergo 
stand replacement, representing only 14.3819.92

11.78 % of the total and are 
primarily located in tropical regions (Extended Data Fig. 3d and Sup-
plementary Fig. 6a). By contrast, forests undisturbed during the study 
period display a more balanced distribution across different age classes: 
young (19.0120.5916.56%), maturing (18.7120.7616.22 %), mature (30.8032.98

26.30%) and 
old forests (32.2334.4130.06%) (Extended Data Fig. 4 and Fig. 3b).

Influence of forests replaced by younger stands on the global 
carbon sink capacity
Using the ESA-CCI biomass map for 202023, we observe apparent dif-
ferences in AGC stocks where younger stands replaced carbon-rich 
older forests from 2010 to 2020 (Fig. 4c and Extended Data Fig. 5). After 

replacement, the AGC stock of stand-replaced forests varies by prior age 
class: ~2.3 MgC ha−1 in young forests, increasing to 15.2 MgC ha−1 in matur-
ing forests, 31.1 MgC ha−1 in mature and peaking at 31.9 MgC ha−1 in old 
forests. These differences reflect two main factors. First, not all biomass 
is lost during stand-replacement—legacy trees and residual carbon often 
remain, especially in partially disturbed areas. Second, younger stands 
replacing old forests usually grow faster due to nutrient-rich soils, exist-
ing seed banks and structural legacies, with open canopies enhancing 
light availability and promoting rapid regrowth48 (Extended Data Fig. 6).

Undisturbed ageing forests store substantially more carbon than 
recently disturbed ones across all age classes (Fig. 4c and Extended 
Data Fig. 7): ~23.8 MgC ha−1 in young forests, 29.5 MgC ha−1 in maturing 
forests, 50.5 MgC ha−1 in mature forests and 77.8 MgC ha−1 in old forests. 
The comparable carbon storage capacity in stand-replaced and undis-
turbed mature forests suggests that stand replacement often involves 
partial rather than complete biomass removal through selective log-
ging or natural disturbance. Whereas the GAMIv2.0 product does not 
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a,b, Spatial distribution of undisturbed ageing (a) and stand-replaced forest 
fraction (b) at one-degree pixel size. c,d, The forest age pre-stand-replacement 
(c) and the total area of forest management types46 (d) are also shown across 
the 11 TRANSCOM-land regions (Supplementary Fig. 3). Unmanaged/intact 
forests are regenerating forests without any signs of management (including 
primary forests). Naturally regenerated forests are forests that have regenerated 

without signs of management (for example, logging, clear-cuts). Plantation 
forests are considered to have a rotation time of up to 15 years. In a–c, the median 
estimates of the 20 members are shown. The error bars in c represent the 5th and 
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masked. NA, North American; SA, South America.
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capture small-scale degradation or mortality effects, the ESA-CCI 
biomass map partially reflects these dynamics. This may explain the 
limited AGC gap observed in mature forests across disturbance types. 
However, ESA-CCI biomass data also have limitations, particularly in the 
calibration of AGC estimates from remote sensing observations, as the 
sensitivity of satellite-derived AGC retrievals decreases with increasing 
biomass, contributing to uncertainty in high-biomass forests49.

Evaluating total carbon stocks across forest age classes (Supple-
mentary Table 5) reveals that old, undisturbed forests store 127.39155.14

99.20 
PgC. Conversely, young forests, including those that replaced older 
stands (1.853.171.35 PgC) and undisturbed ageing forests (17.9921.32

16.02 PgC), 
collectively stored approximately 20 PgC in 2020 (approximately 9% 
of the total AGC stocks in 2020). Maturing and mature, undisturbed 
ageing forests cover large areas (Fig. 3b), substantially contributing to 
total forest AGC stocks (31.2935.68

26.40 PgC and 60.5179.3447.32 PgC, respectively). 
The total global AGC stock in 2020 was estimated at ~235.75286.11192.50 PgC 
in 2020, aligning with independent datasets but substantially lower 
than previous estimates5 (~371.5 PgC), probably due to differences in 
disturbance representation, belowground biomass inclusion and forest 
definition (for example, a 20% forest fraction filter was applied in our 
study).

The transition from carbon-rich old forests to younger forests, 
resulting from stand replacement, substantially reduces the overall 
carbon storage of these ecosystems (Fig. 4b) and ecosystem function50. 
Between 2010 and 2020, forests undergoing stand replacement lost 
+0.38+0.46+0.35  PgC yr−1 (where + denotes loss of AGC) (Supplementary 
Table 5 and Supplementary Fig. 4). Despite covering only a small frac-
tion of the global forest area (Fig. 3a and Extended Data Fig. 3 ), these 
forests disproportionately influenced AGC losses, particularly where 
old forests were replaced by young stands, contributing to 0.10–0.16 
PgC yr−1 of global AGC loss (~1% of total forest area).

Despite the initial loss of AGC following stand replacement, 
young forests often transition quickly to a net carbon sink51. This is 
reflected in a significant correlation between the fraction of old forests  
(>200 years) replaced by young stands (<20 years) and the 10-year 
trend in net ecosystem exchange (NEE), based on GAMIv2.0 data 
and atmospheric inversion estimates from nine Global Carbon 
Budget 2023 (GCB2023) inversion models22 (Fig. 4c) (R2 = 0.28, 
slope =−34.32 gC m−2 yr−1 per % yr−1, P < 0.05, N = 134). The negative 
slope indicates that for each 1% annual increase in the fraction of old 
forests replaced by young forests, the carbon sink strengthens by 

34.32 gC m−2 yr−1. This suggests that regions with a higher proportion 
of old forests replaced by young forests tend to exhibit a stronger 
carbon sink. However, this pattern should not be misinterpreted as 
an argument in favour of stand replacement. The strong carbon sink 
observed in these areas primarily results from the long, undisturbed 
period before stand replacement, during which old forests accumu-
lated large amounts of carbon and created conditions that facilitate 
rapid regrowth52. The time since the previous-to-last disturbance has 
a critical role in shaping carbon sink strength, as long-undisturbed 
forests develop favourable soil conditions, structural complexity and 
nutrient availability that enhance post-disturbance regrowth.

It is also essential to recognize the limitations of this analysis. At 
the spatial resolution of current atmospheric inversion models (~1°), 
it is beyond our capacity to disentangle NEE trends across all four age 
classes robustly. This limitation is particularly pronounced in regions 
with mixed-age forests and intensive management, where inversion sig-
nals integrate fluxes across diverse stand conditions. Whereas explora-
tory correlations by age class are presented in Extended Data Fig. 8a–c, 
these should be interpreted cautiously. More interpretable signals may 
emerge in tropical regions, where large areas of old-growth forest have 
been replaced by younger stands, resulting in more homogeneous age 
distributions within inversion grid cells. Still, robust separation of 
age-specific NEE responses remains challenging at this scale. Accord-
ingly, our main interpretation focuses on the consistent NEE signal 
linked to old-to-young forest transitions in these areas (Extended Data 
Fig. 3d), which shows a consistent negative correlation with NEE trends 
across multiple inversion models (Fig. 4c). Still, broader factors such 
as CO2 fertilization, temperature shifts and climate variability may 
also influence NEE trends. While we acknowledge these influences, our 
analysis isolates the relationship between stand replacement and NEE 
without attempting to disentangle climate-driven effects.

Young, fast-growing forests can sequester carbon at rates higher 
than old forests, particularly in tropical regions, where young regrow-
ing forests (<20 years) can absorb CO2 up to 20 times faster than old 
forests52. Yet they do not recover the AGC stocks of old forests within 
a meaningful timeframe for climate policy. Complete restoration 
of species composition can take centuries53–55. The ability of forests 
to accumulate carbon over centuries highlights the importance 
of preserving old forests, which store far more carbon than young 
regrowing stands. Although undisturbed ageing forests contribute 
to long-term carbon storage (Fig. 3b), the net CO2 uptake trends 
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suggest that stand-replacement processes—not just naturally age-
ing forests—are key drivers of recent flux changes. Nevertheless, it 
is essential to recognize that forest harvesting, leading to biomass 
loss, impacts atmospheric carbon levels in multiple ways. Harvest-
ing does not immediately result in equivalent carbon emissions 
being released into the atmosphere. Forests continue to assimilate 
carbon, and the fate of harvested biomass—whether rapidly released 
through burning, gradually decomposed as coarse woody debris or 
stored in wood products for a long time—determines the timing and 
extent of carbon released into the atmosphere. The balance between 
immediate and delayed carbon release may explain the residuals 
between the proportion of forests replaced by young stands and 
net CO2 fluxes (Fig. 4c), which are further influenced by variations 
in hydrometeorological conditions56.

It is crucial to contextualize the impact of stand replacement on 
carbon flux dynamics within the broader picture of global forest dynam-
ics. Global forests act as a net carbon sink, particularly in boreal and 
temperate regions5,57. However, deforestation and land-use conversion 
increasingly challenge this climate-mitigation role, where forests are 
permanently lost rather than replaced. In deforestation hotspots, atmos-
pheric inversion data mainly show these areas as net CO2 sources, primar-
ily due to emissions from burning activities. For example, in regions such 
as the eastern edge of the Amazon, fire-related emissions can exceed 
the carbon uptake of remaining forests58, reinforcing the dominant 
role of deforestation in increasing atmospheric CO2. Thus, whereas 
stand-replacement processes contribute to enhanced CO2 uptake in 
some regions, they should not be viewed in isolation from the broader 
issue of forest loss and the protection of old forests. Furthermore, the 
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atmospheric inversion models. One-degree grid cells with less than 20% forest 
cover have been masked. To smooth the spatial distribution of net CO2 fluxes, 
we applied a Gaussian filter (length = 500 km, equivalent to approximately four 
one-degree pixels). This smoothing technique reduces noise in the data and helps 
minimize the influence of local transport errors. To minimize noise and regional 
variability due to atmospheric transport errors, all spatial data were aggregated 
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for Interdisciplinary Research on Climate; NISMON-CO2, NICAM-based Inverse 
Simulation for Monitoring of CO2; UoE, University of Edinburgh Inversion System.
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relationship between old-stand replacement and NEE trends varies 
across atmospheric inversion models. Whereas five of the nine mod-
els indicate a significant negative correlation, others show no clear 
relationship (Fig. 4c), highlighting uncertainties in top-down CO2 flux 
estimates59. This variability underscores the need for cautious interpreta-
tion when linking stand-replacement processes to regional NEE trends. 
Nevertheless, the consistent signal across multiple models and spatial 
windows (Supplementary Fig. 8) supports the conclusion that old forest 
replacement has been key in shaping recent CO2 flux dynamics.

Our findings emphasize the complex role of forest age transitions in 
shaping the global carbon balance. Whereas old forests store the highest 
carbon stocks, young regrowing forests, particularly those replacing old 
forests, can contribute substantially to CO2 uptake due to rapid biomass 
accumulation. However, this high sequestration rate primarily results 
from the favourable conditions left behind by the replaced old forests, 
including legacy soil carbon, nutrient availability and established seed 
banks. This does not imply that stand replacement is a viable climate 
mitigation strategy, as old forests take centuries to develop and cannot 
be restored within a policy-relevant timeframe. Young forests can never 
fully replace the long-term carbon storage capacity and ecological 
functions of old forests. Protecting existing forests remains the most 
effective and immediate strategy for mitigating climate change60.

To explore the implications of age dynamics for future carbon 
storage, we projected forest age distributions and AGC stocks to 2050 
under two idealized pathways: BAU and a forest conservation scenario 
that halts stand-replacement after 2030 (Methods, Extended Data 
Fig. 9 and Supplementary Fig. 5). Whereas BAU results in stable AGC 
stocks due to ongoing turnover, the conservation scenario projects an 
annual increase in carbon storage of +0.55 to +0.63 PgC yr−1 relative to 
2020 levels, primarily in maturing and mature forests. Despite reduced 
AGC in young stands, total projected AGC by 2050 is higher under 
conservation (209–306 PgC) than BAU (200–296 PgC), illustrating the 
mitigation potential of conserving ageing forests. Yet, the modest gain 
suggests that conservation alone will not be sufficient for achieving 
large-scale sequestration goals.

It is also crucial to distinguish between young forests emerging 
from stand replacement and those established through afforestation. 
Whereas afforestation represents an expansion of forest cover, stand 
replacement involves the replacement of existing forests, thereby 
reducing their long-term carbon storage potential. Although afforesta-
tion can enhance carbon sequestration27,37, its effectiveness depends on 
the forest type; planted, homogeneous forests provide fewer benefits 
for carbon storage, biodiversity and local ecosystem resilience than 
naturally regenerating forests. Beyond carbon storage, natural forests 
provide irreplaceable ecosystem and social benefits compared to mon-
oculture plantations. Yet, only 34% of global restoration commitments 
prioritize natural forests, whereas 45% focus on monocultures61. Our 
study highlights the need for targeted conservation and forest man-
agement policies that strike a balance between preserving old forests 
and implementing sustainable harvesting and regrowth strategies. We 
call for targeted management and conservation strategies that care-
fully consider forest age and type to ensure forests remain functional, 
land-based systems for mitigating anthropogenic climate change.

Methods
Satellite-based AGB product
We used the ESA-CCI biomass v4 data, which provide estimates of 
AGB density in woody vegetation for 2010 and 2020 (https://data.
ceda.ac.uk/neodc/esacci/biomass/data/agb/maps/v4.0). Those data 
are derived from a combination of Earth observation data from the 
Copernicus Sentinel-1 mission, Envisat’s ASAR instrument and JAXA’s 
Advanced Land Observing Satellite (ALOS-1 and ALOS-2), along with 
additional information from Earth observation sources. We calculated 
the changes in AGB for 2010–2020 by taking the differences between 
the 2020 and 2010 maps. To quantify the uncertainties in the biomass 

maps, we generated 20 realizations of the AGB data by introducing 
controlled perturbations to the mean biomass estimates. Specifically, 
for each time step and each member of our ensemble, we added a scaled 
version of the standard deviation of the biomass, with the scaling fac-
tor drawn from a normal distribution clipped to the range [−1, 1]. This 
approach allows us to simulate the natural variability and uncertainty 
in the biomass data. We then combined these perturbed maps to create 
a comprehensive dataset representing the possible range of biomass 
values. This enables us to provide confidence intervals and robust 
statistical measures of uncertainty in our estimates. The following 
equation can describe the perturbation applied:

AGBi, j,k (t) = max (μi, j (t) + Sk × σi, j (t) ,0) (1)

where AGBi, j,k (t) is the perturbed aboveground biomass at location  
(i, j) and time t for the kth member, μi, j(t) is the mean aboveground 
biomass, σi,j(t) is the standard deviation of the aboveground biomass 
and Sk is the scaling factor drawn from a normal distribution N(0, 1

3
) and 

clipped to the range [−1,1]. The use N(0, 1
3
) ensures that the perturba-

tions are centred around zero, introducing symmetric and controlled 
variability. The standard deviation 1

3
 moderates the variability to pre-

vent extreme perturbations, thus maintaining the realism of the bio-
mass estimates. Clipping the values to [−1,1] further ensures that the 
introduced variations are within a reasonable range.

The AGB estimates, expressed as dry organic mass, were converted 
to AGC using the Intergovernmental Panel on Climate Change default 
carbon fraction of 0.47.

Global Age Mapping Integration v2.0
GAMIv2.016,21 is an updated version of the Max Planck Institute for 
Biogeochemistry (MPI-BGC) forest age product, providing global 
forest age distributions for 2010 and 2020 at a 100-metre resolution. 
This version leverages the machine learning algorithm XGBoost to 
generate data-driven estimates of forest age, integrating over 40,000 
forest inventory plots, biomass and height measurements, remote 
sensing observations and climate data. This multi-variable approach 
accounts for structural and ecological variations across climatic gra-
dients, ensuring that forest age is not inferred from biomass alone 
but reflects broader growth patterns (Extended Data Fig. 2). Unlike 
previous global age products that assume monotonic or simplified 
growth trajectories, GAMIv2.0 is explicitly designed to represent the 
full diversity of age–biomass relationships, including saturation and 
declines in older age classes, across biomes. This improves alignment 
with patterns observed in ground-based studies and enhances the 
suitability of the dataset for carbon modelling applications.

A key improvement in GAMIv2.0 is the integration of Landsat-based 
disturbance history with machine-learning-based forest age estimates. 
The methodology for mapping time since the last disturbance and 
afforestation is based on Potapov et al.4 and Hansen et al.62. The process 
involves the following steps:

•	 Mapping time since last disturbance and afforestation

	° Last disturbance layer: disturbed forest areas are identified 
using the ‘forests affected by stand-replacement disturbances 
or degradation’ layer from Potapov et al.4. The Hansen et al.62 
dataset is then used to determine the year of forest loss, which 
is subtracted from 2020 to obtain the time since the last dis-
turbance. Negative values (indicating losses in 2021 and 2022) 
are masked.

	° Stable forest layer: the ‘stable forest extent’ layer from 
Potapov et al.4 is used to identify undisturbed forest areas as 
of 2020.

	° Forest gain layer (Afforestation): afforested (regrown) forest 
areas are mapped using the ‘forest extent gain’ layer and the 
canopy height data from 2020.

http://www.nature.com/natecolevol
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•	 Integrating Landsat-based and machine-learning-based age 
estimates 
To improve forest age predictions, we merged the 
Landsat-based time since disturbance estimates with the 
machine-learning-derived forest age estimates through the fol-
lowing decision rules:

	° If the Landsat-based time since disturbance is ≤19 years and 
the machine-learning predicted age is higher, we assign the 
Landsat-based estimate.

	° If the Landsat-based time since disturbance is ≤19 years and 
the machine-learning predicted age is equal to or lower than 
the Landsat-based estimate, we retain the machine-learning 
estimate.

	° If the Landsat-based time since disturbance is ≥20 years, we 
retain the machine-learning estimate, regardless of its value.

 
This fusion approach refines the estimation of time since the last 
stand-replacement event over the past 20 years, addressing biases 
that tend to overestimate the age of young forests in regrowing or 
afforested areas (Supplementary Fig. 7). Despite these improvements, 
some biases remain, including a potential overestimation of young for-
est age and an underestimation of older forest age. This has important 
implications for our results: the observed decline in young forests may 
be less pronounced than suggested, whereas the reduction in older 
forests could be more substantial.

•	 Addressing uncertainties in age estimates 
The age maps were generated using an ensemble approach to 
account for uncertainties:

	° Aleatoric uncertainty: different biomass data realizations 
were incorporated into the model to capture variability in 
input data.

	° Epistemic uncertainty: multiple XGBoost models were trained 
with varying hyperparameter settings to assess variability in 
model performance and predictions.

By incorporating these uncertainty quantifications, we provide 
a more robust estimate of forest age distribution. We also derived 
age-class fraction products at one-degree resolution, categorizing 
forests into two-decade intervals up to 200 years, followed by 201–300 
and >300-year age classes.

The GAMIv2.0 product and its associated uncertainties can be 
visualized in the following Google Earth Engine app: https://besnard-
sim.users.earthengine.app/view/globalforestage.

Atmospheric inversion data
We used the 1 × 1° gridded ‘co2flux’ output generated by nine (CAMS, 
CMS-Flux, CT-NOAA, CTE, CarboScope, IAPCAS, MIROC, NISMON-CO2 
and UoE) inversion models within the Regional Carbon Cycle Assess-
ment and Processes Project (RECCAP-2)22 (https://meta.icos-cp.eu/
objects/FHbD8OTgCb7Tlvs99lUDApO0). These models incorporate 
CO2 mole fraction measurements from surface stations and total col-
umn mole fraction data from satellites. The selected atmospheric 
inversion models include CAMS, sEXTocNEET, CTE2022, NISMON-CO2, 
CMS-Flux, UoE, GONGGA, THU and CAMS-Satellite. We adjusted the 
net carbon fluxes by excluding lateral fluxes from the calculation. 
Such adjustments included removing riverine carbon export to estu-
aries and coastal oceans and accounting for carbon transfers in crops 
and emissions from cement production. By adjusting the data, we 
aligned the atmospheric inversion findings more closely with the 
forest age estimates inferred from the GAMIv2.0 product. We masked 
out non-forested pixels. Finally, atmospheric inversion-based net CO2 
fluxes estimates were smoothed with a Gaussian filter while maintain-
ing the total intensity by redistributing values only among valid pixels. 
The NaN values in the input remain unchanged in the output. This 

approach uses a Gaussian distribution for intensity redistribution, con-
sidering only valid pixels. The filter’s smoothing scale is set to a length 
of 500 km, defining the filter’s physical length in kilometres. Sigma for 
the filter is calculated based on a specified degree of longitude at the 
equator. This approach effectively smooths the data while respecting 
its original structure and missing values. We created two net CO2 fluxes, 
circa 2010 (average between 2009–2011) and 2020 (average between 
2019–2021), from which we determined the NEE changes by subtracting 
the latter from the former.

Estimating the changes in forest age distribution for 2010–
2020
Estimating changes in forest age distribution between 2010 and 2020 
involved several steps using the 100 m GAMIv2.0 product. First, we 
aggregated the data to a one-degree pixel resolution for 2010 and 2020 
using an average resampling method. The resulting datasets provided 
estimates of the mean forest age at a one-degree scale for both years 
(Fig. 1a). In parallel, we calculated forest age differences at GAMIv2.0’s 
native resolution (100 m). This difference map was then resampled to 
a one-degree resolution using the same averaging method to main-
tain spatial consistency (Fig. 1c). Additionally, we quantified the total 
area occupied by young (0–20 years old), maturing (21–80 years old), 
mature (81–200 years old) and old (>200 years old) forests in both 2010 
and 2020 (Fig. 1b). This analysis was performed independently for each 
of the 20 forest age maps. In this study, it is essential to distinguish 
between forest ageing, which progresses at a constant rate over time, 
and forest growth, representing changes in biomass accumulation 
over time. Growth rates vary depending on stand dynamics, distur-
bance history and environmental conditions, whereas ageing itself 
remains uniform. However, because GAMI estimates forest age as a 
function of biomass, canopy height and climate variables, variations 
in modelled age primarily reflect inferred structural and ecological 
differences rather than the simple passage of time. This distinction is 
crucial for correctly interpreting trends in forest age distribution and 
their implications for carbon dynamics.

Partitioning stand-replaced and undisturbed ageing forests
We first computed the difference in modelled forest age between 2010 
and 2020 at 100-m resolution using the GAMIv2.0 product to classify 
forests into stand-replaced and undisturbed ageing categories. Undis-
turbed ageing forests were identified as pixels where the age difference 
was exactly 10 years, indicating that the forest remained undisturbed 
and aged naturally over the decade. Stand-replaced forests were identi-
fied as pixels where the age difference was less than 10 years, meaning 
that a stand-replacing disturbance occurred between 2010 and 2020. 
This includes negative values, where the 2020 forest age is lower than 
in 2010, reflecting a more recent disturbance that had little time for 
regrowth to occur.

To further analyse these patterns, we generated two derivative 
products for stand-replaced forests:

Age difference magnitude—capturing the extent of age reduction 
due to disturbance.

Binary classification—distinguishing stand-replaced (1) vs 
non-stand-replaced (0) pixels.

Similarly, we created equivalent products based on an age differ-
ence of exactly 10 years for undisturbed ageing forests.

To understand how initial forest age influences disturbance and 
ageing patterns, we stratified both stand-replaced and undisturbed age-
ing forests into four age classes, using their 2010 GAMIv2.0-estimated 
age: young forests (0–20 years), maturing forests (21–80 years), mature 
forests (81–200 years) and old forests (>200 years).

Finally, the age difference and binary classification products were 
resampled to a one-degree resolution using an average resampling 
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method, enabling large-scale analysis. This process was conducted 
independently for each of the 20 forest age maps to account for model 
variability. These resampled products served two purposes: the binary 
classification was used to compute the fraction of forest pixels in each 
one-degree grid cell that experienced stand replacement or undis-
turbed ageing. At the same time, the magnitude of the age difference 
captured the mean severity of age reduction or gain. These metrics were 
then used to quantify the spatial extent and intensity of age transitions 
(for example, Figs. 1c and 2a–c).

Assessing the covariation of forest age shifts with changes in 
net CO2 fluxes
First, we analysed carbon stock across forest age classes, focusing on 
stand-replaced and undisturbed ageing forests. This involved parti-
tioning 100-m pixels based on age difference, as previously described, 
to identify distinct categories of forests that had undergone varying 
degrees of change over the study period. Each partitioned class was 
then assigned an estimate of carbon stock. Using an average resampling 
method, those carbon stock estimate products were resampled to a 
one-degree pixel resolution. In addition, we estimated the total carbon 
stock across age classes by multiplying the product of the carbon stock 
estimates and the area of each age-class partition. This was done indepen-
dently for the stand-replaced and undisturbed ageing forest categories. 
Similarly, we calculated net carbon stock changes for stand-replaced 
forests by computing the difference in AGC stocks between 2010 and 
2020. Specifically, for each spatial unit, the AGC stock 2020 was sub-
tracted from the AGC stock 2010, yielding the net change over the decade 
(ΔAGC = AGC2020 − AGC2010). To express these changes in a flux-consistent 
sign convention, we multiplied the resulting values by −1 so that positive 
values represent carbon loss (biosphere-to-atmosphere flux, typically 
due to disturbance or decomposition). By contrast, negative values indi-
cate carbon accumulation (biomass regrowth). This approach ensures 
consistency with commonly used flux representations while preserving 
the original stock change information. Finally, we estimate the average 
annual growth rate across age classes for stand-replaced and undis-
turbed ageing forests as follows:

Ratio = biomass2020
biomass2010

(2)

Average annual growth rate = ratio
1
n − 1 (3)

where n is the number of years between the two measurements. In this 
case, n = 10 years.

Such a procedure was done independently for the corresponding 
20 forest age and biomass maps.

To assess the covariation between forest age shifts and net CO2 
flux changes, we analysed the relationship between stand-replacement 
fractions and changes in NEE derived from atmospheric inversions. To 
ensure the robustness of our analysis, we extract data within spatial 
windows of different resolutions (that is, 2° × 2°, 5° × 5° and 10° × 10°) 
before performing the regression analysis. This spatial window 
approach ensures that stand-replacement fractions and NEE changes 
remain spatially coherent within each inversion model. We compute the 
median stand-replacement fraction (20 members) and corresponding 
median NEE changes across all available inversion models (nine mem-
bers) for each spatial window. To assess the robustness of our results, 
we apply Jackknife resampling, systematically excluding individual 
NEE inversion members to test their influence on the overall trend.

Constructing future forest age distribution under different 
pathways
To explore how changes in forest management could influence future 
age-class dynamics and AGC storage, we developed projections of 

forest age distributions to the year 2050 under two hypothetical man-
agement scenarios: BAU and forest conservation. These scenarios are 
inspired by, but do not strictly adhere to, the objectives of global forest 
policy initiatives, such as the New York Declaration on Forests, which 
aims to halt natural forest loss by 2030 and restore 350 million hectares 
of degraded landscapes and forests. We aim to provide a first-order 
estimate of how AGC stocks might evolve in response to shifts in forest 
age structures under idealized management pathways. Our projections 
do not account for climate-driven effects such as CO2 fertilization or 
altered disturbance regimes.

BAU scenario. This scenario assumes that current forest management 
practices and policies remain unchanged for a period of 30 years. Con-
sequently, the distribution of forest age classes is projected to mirror 
the pattern observed for the 2010–2020 period. As a result, the forest 
age structure in 2050 is expected to be similar to the one observed in 
2020. To calculate the total carbon storage capacity for this scenario, 
we use a straightforward method: multiplying the total area of each 
age class in 2050 by its respective total carbon stock estimate and then 
dividing this product by the total area of each age class in 2020. In the 
BAU scenario, the total area of each age class in 2050 is expected to be 
the same as in 2020. Such carbon stock estimation can be estimated 
as follows:

Total AGC BAU2050

= ∑
total area of age class BAUi,2050 × total stocki,2020

total area of age classi,2020

(4)

Where:
The total area of age-class BAUi, 2050 is the area of the ith age class 

(in hectares) in 2050.
Total area of age classi, 2020 is the area of the ith age class (in hec-

tares) in 2020.
Total stocki, 2020 is the estimated total carbon stock for the ith age 

class (in MgC per hectare) in 2020.

Forest conservation scenario. Aligning with the objectives of the New 
York Declaration on Forests, this scenario maintains the continuation 
of existing management practices until 2030, followed by a period of 
non-intervention in forest areas up to 2050. The aim is to halt BAU stand 
replacement by 2030 and allow forests to age naturally thereafter. In 
this scenario, the forest age-class distribution in 2030 is anticipated to 
be identical to that of 2020, whereas by 2050, all forests are expected 
to have matured by an additional 20 years. The total carbon stocks 
under this scenario are estimated by multiplying each age class’s total 
area in 2050 by its corresponding total carbon stock estimates in 2020. 
This product will then be divided by the total area of each age class in 
2020. The carbon stock changes estimation for the forest conservation 
scenario can be expressed as follows:

Total AGC conservation2050

= ∑
total area of age class conservationi,2050 × total stocki,2020

total area of age classi,2020

(5)

Where:
Total area of age-class conservation2050 is the area of the ith age 

class (in hectares) in 2050.
Total area of age classi, 2020 is the area of the ith age class (in hec-

tares) in 2020.
Total stocki, 2020 is the estimated total carbon stock for the ith age 

class (in MgC per hectare) in 2020.

Exploring the role of forest management
First, to investigate the influence of forest management on the relation-
ship between forest age and biomass (Supplementary Fig. 1), we used 
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mixed-effects models on a global scale. These models included the 
management category as a fixed effect and geographic coordinates 
as random effects to capture spatial heterogeneity. This approach 
allowed us to isolate the role of management while accounting for 
spatial variability across different regions. To manage regional vari-
ability effectively, the analysis was conducted within 2-degree latitude 
by 2-degree longitude windows, ensuring sufficient data points within 
each window for robust statistical analysis. The mixed-effects model 
can be expressed as:

biomass ∼ management type × forest age + (1 | latitude/longitude) (6)

Where:
Biomass is the dependent variable, while management type (man-

aged vs unmanaged) and forest age are fixed effects. Latitude and 
longitude are random effects that account for spatial variability.

Within each 2-degree latitude by 2-degree longitude window, we 
extracted the P value of the interaction term between the management 
category and forest age to assess the influence of management prac-
tices on the relationship between forest age and biomass.

Second, we investigated the relationship between forest age and 
logging fraction (Supplementary Fig. 6). To do so, we used a forest 
management map46 to calculate a metric related to the logging frac-
tion as follows:

Logging fraction

= class20 + class32
class11 + class20 + class32 + class31 + class40 + class53

(7)

Where:
class 11 – naturally regenerating forest without any signs of man-

agement, including primary forests;
class 20 – naturally regenerating forest with signs of management, 

for example, logging, clear-cuts and so on;
class 31 – planted forests;
class 32 – plantation forests (rotation time up to 15 years);
class 40 – oil palm plantations; and
class 53 – agroforestry.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The authors declare that the Methods section contains all the methods 
needed to evaluate the paper’s conclusions.

Code availability
All codes for the analysis of the data are available via GitHub at  
https://github.com/simonbesnard1/forest-age-upscale.git.
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Extended Data Fig. 1 | Forest age class distribution across TRANSCOM regions in 2010 and 2020. a–k, Total forest area per age class in 2010 (blue) and 2020 (green) 
across the eleven TRANSCOM land regions (see Supplementary Fig. 3). Values represent the median estimates across 20 ensemble members, with error bars indicating 
the 5th and 95th percentiles.
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Extended Data Fig. 2 | Biomass–age relationships across hydro-climate zones. 
a–k, Relationship between forest biomass and age across hydro-climate zones, 
based on the GAMI dataset and ESA-CCI biomass v4 data for 2020. The figure 
illustrates consistent patterns of biomass accumulation with forest aging, 

reflecting broad ecological trends. Although the GAMI product incorporates 
ESA-CCI biomass data (see Methods), this comparison independently validates 
the robustness of the observed growth trajectories.
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Extended Data Fig. 3 | Spatial distribution of stand-replaced forests. Spatial distribution of stand-replaced forests that were (a) young (forest age <= 20 years old),  
(b) intermediate (21–80 years old), (c) mature (81–200 years old), and (d) old forests (forest age > 200 years old) in 2010.
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Extended Data Fig. 4 | Spatial distribution of undisturbed ageing forests. Spatial distribution of undisturbed ageing forests (a) young (forest age <= 20 years old),  
(b) intermediate (21–80 years old), (c) mature (81–200 years old), and (d) old forests (forest age > 200 years old) in 2010.
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Extended Data Fig. 5 | Spatial distribution of carbon stocks in stand-replaced 
forests. Spatial distribution of carbon stocks (in MgC ha-1) in stand-replaced 
forests (a) young (forest age <= 20 years old), (b) intermediate (21–80 years old), 

(c) mature (81–200 years old), and (d) old forests (forest age > 200 years old) in 
2010. Each pixel represents a median estimate of the 100 m pixels belonging to a 
specific category within each one-degree pixel.
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Extended Data Fig. 6 | Annual growth rates across age classes. a–k, Annual 
growth rates across age classes for forests replaced by young stands (in orange) 
and undisturbed ageing forests (in green) in each TRANSCOM-Land region. The 
annual growth rate represents the net change in biomass per year. Stand-replaced 
forests (orange) correspond to areas where older stands have been replaced by 

younger forests, which generally exhibit higher growth rates due to their early 
successional stage. In contrast, undisturbed ageing forests (green) represent 
forests that continue ageing without stand replacement, typically showing lower 
growth rates as they approach maturity.
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Extended Data Fig. 7 | Spatial distribution of carbon stocks in undisturbed 
ageing established forest. Spatial distribution of carbon stocks (in MgC ha-1) in 
undisturbed ageing established forests (a) young (forest age <= 20 years old), (b) 

intermediate (21–80 years old), (c) mature (81–200 years old), and (d) old forests 
(forest age > 200 years old) in 2010. Each pixel represents a median estimate of the 
100 m pixels belonging to a specific category within each one-degree pixel.
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Extended Data Fig. 8 | Relationship between the extent of stand-replaced 
forests and changes in net CO2 fluxes. Relationship between the fraction of 
forests replaced by young stands (that is, stand-replacement extent) and changes 
in net CO2 fluxes between circa 2020 (average of 2019–2021) and 2010 (average 
of 2009–2011) for young (a), maturing (b), mature (c) and old (d) stand-replaced 
forests. The dark solid line represents the linear regression on the ensemble 

estimates, while the dashed grey lines indicate the regressions for the nine 
individual atmospheric inversion models. To smooth the spatial distribution 
of net CO2 fluxes, we applied a Gaussian filter (length = 500 km, equivalent to 
approximately four one-degree pixels). This smoothing technique reduces noise 
in the data and helps minimise the influence of local transport errors.
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Extended Data Fig. 9 | Potential total carbon stock in 2050. Potential total carbon stock (a) in 2050 across age classes for the two scenarios. We also show the forest 
age class distribution in 2050 (b) under BAU and forest conservation scenarios. The young forest age class include the stand-replaced and undisturbed ageing forests.
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Extended Data Table 1 | Global forest area by age class in 2010 and 2020 with net changes over the decade

 
 Young 

forests  
Maturing forests Mature forests  Old forests 

0-20 21-40 41-60 61-80 81-100 101-120 121-140 141-160 161-180 180-200 201-300 >300 

Total 
area in 
2010 

    0. 76
0.66
0.82  0. 21

0.18
0.24     0. 18

0.15
0.20     0. 23

0.18
0.27     0. 26

0.23
0.31    0. 28

0.25
0.31     0. 26

0.17
0.31  0. 13

0.05
0.21  0. 043

0.016
0.073 0. 017

0.0073
0.033 0. 018

0.0067
0.026  1. 044

0.97
1.12

Total 
area in 
2020 

    0. 71
0.58
0.79  0. 25

0.22
0.30     0. 17

0.15
0.20     0. 20

0.15
0.23     0. 25

0.20
0.29    0. 26

0.23
0.32     0. 28

0.24
0.30  0. 20

0.09
0.27  0. 065

0.024
0.12 0. 024

0.0098
0.046 0. 023

0.0095
0.035  1. 01

0.94
1.07

Absolute 
net 
changes  

-0.040 
 

+0.034 
 

-0.0098 
 

-0.023 
 

-0.023 
 

-0.019  +0.014 
 

+0.055 
 

+0.022 
 

+0.0077 +0.0059 

 

-0.034 
 

Relative 
net 
changes  

-5.20% +16.61% 
 

-5.71% -14.54% 
 

-8.11% 
 

-7.19% +5.49% +58.96% 
 

+55.00% 
 

+41.30% +34.96% 

 

-3.26% 
 

Table shows the total global forest area distributed across age classes for the years 2010 and 2020, along with net area changes over the 2010–2020 period. Area estimates are reported in 
billions of hectares. The table includes the median and the 5th and 95th percentiles across 20 ensemble members.
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