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Abstract 
African tropical moist forests are critical regulators of global carbon cycling, yet their 

contributions to national carbon budgets remain poorly constrained, impairing effective policy 

design. Here, we unravel carbon removals and emissions for 18 African tropical countries using 

multiple approaches over a data-rich period (2015-2019). Across countries, carbon removals (-

286±68.4 TgC yr-1) nearly offset land-use change emissions (343.4±100.3 TgC yr-1), with consistent 

net fluxes between bottom-up and top-down approaches (57.4±121.4 TgC yr-1 versus 99.4±164.5 

TgC yr-1). Results vary between countries, with highest removals in intact forests in the 

Democratic Republic of the Congo (-81.7±64.2 TgC yr-1), lowest land-use change emissions in 

Gabon (2.6±7.1 TgC yr-1), and highest fossil fuel emissions in Nigeria (31.2±1.6 TgC yr-1). African 

tropical countries show high carbon removal rates and land-use change emissions but low fossil 

fuel emissions, contrasting with industrialized countries. (Inter)nationally endorsed conservation 

policies can reverse national carbon budgets from net sources to sinks. 
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Introduction 

African tropical moist forests (ATMF) play a vital role in global carbon cycling and climate 

regulation 1–6, covering large areas, and storing substantial amounts of carbon in soil and biomass 

7–9. These forests act as major biomass carbon sinks in structurally intact areas 1,10,11, making their 

conservation essential for mitigating climate change and preserving biodiversity 12–15. However, 

growing food and energy demands 2,16–18 have accelerated biomass extraction and land 

conversion to agriculture, releasing carbon from vegetation and soil 18,19. Additionally, the ability 

of structurally intact African forests to sequester carbon may be reaching its saturation point 

1,20,21. Yet, despite the urgent need to understand the role of African moist forests in climate 

mitigation, this region remains notoriously understudied 3. 

Effectively tackling climate change necessitates integrating tropical moist forests into 

Nationally Determined Contributions (NDCs) of African countries 22,23. Previous studies have 

primarily focused on continental 5,24–27, regional 28–30, and to a lesser degree national carbon flux 

estimates 10,31,32. However, in ATMF-rich countries, accurate national-scale reporting remains 

challenging due to data gaps 3 and discrepancies between ground observations 1, satellite data 

10,30,31,33,34, and models 35–38, spanning various spatial and temporal scales. The most recent 

endeavor to quantify African continental-scale carbon fluxes used vegetation models (TRENDY 

v9 and aDGVM), five atmospheric inversions, and five data-driven remotely sensed products, as 

part of the RECCAP2 project 28. However, TRENDY v9 lacks the latest calibrations and process 

representations, while the relatively small number of atmospheric inversions likely makes 

uncertainty assessment incomplete. Furthermore, field data in primary forests used to calibrate 

and validate satellite biomass maps is relatively limited, as well as repeated measurements to 

explicitly inform temporal biomass changes 39–43. Yet, this limited use of field data stands in 

contrast to the growing availability of repeated tree measurements from permanent inventory 

plots, which enable constraining important fluxes such as intact forest carbon uptake through 

tree growth and carbon loss through tree mortality over time 1,21,44–49. 
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The absence of accurate national carbon flux data is problematic because it hampers the 

assessment of ATMF countries’ past and present contributions to climate change through 

incomplete NDCs 50,51, making regional and global carbon balances uncertain 4,5,25,28,36,50,52,53. It 

also impairs designing and implementing effective climate and biodiversity policies, including 

forest monitoring and conservation initiatives 54. Addressing this gap requires a rigorous, 

comprehensive analysis of national carbon fluxes in ATMF countries to improve scientific 

understanding of their role in global climate dynamics and inform policy frameworks. 

Here, we present a rigorous national-scale assessment of individual carbon fluxes and the 

net ecosystem exchange (NEE or summed non-fossil fuel land carbon fluxes 55), as well as their 

associated uncertainties for 18 West and Central African ATMF countries (Figure 1; 

Supplementary Figure 1; Supplementary Table 1), encompassing ~99% of Africa’s tropical moist 

forests 56. We focused on the period 2015-2019 which offers the greatest concentration of 

observational constraints. We combined a diverse range of state-of-the-art, model-based, and 

data-informed approaches. Our bottom-up approaches separately estimate national net carbon 

removals of intact forests and emissions from land-use change. Carbon removals by structurally 

intact woody ecosystems (∆Cintact) are estimated using several independent approaches 

including: above- and belowground biomass carbon stock data upscaled from a large database of 

forest plot measurements not previously used in national-, regional- or continental-scale budgets 

1; a Bayesian CARbon DAta–MOdel fraMework (CARDAMOM) 57, that is uniquely able to 

propagate pixel level observations and their uncertainties into a systemic carbon cycle analysis; 

and a large ensemble of 17 Dynamic Global Vegetation Models (DGVMs) from TRENDY v11, the 

first TRENDY iteration where the multi-model ensemble provided the land sink for the main 

global carbon budget 57–59. Following IPCC Tier 1 guidelines 60 and due to high uncertainty in 

tropical regions 55, soil, deadwood, and litter pools were assumed unchanged for ∆Cintact. Land-

use change emissions were estimated using an ensemble of 18 DGVMs 57–59, CARDAMOM 57, 

three bookkeeping models 61–63, and satellite data 32,60,64,65, capturing removals from forest 

regrowth and emissions from deforestation, degradation, and fire. We completed national 

carbon balances by accounting for lateral river 36,66 and trade 67 fluxes, carbon storage in inland 

water sediments 68,69, and coastal vegetation removals 70–73. 
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We derived our top-down NEE estimates from an ensemble of 14 atmospheric CO2 

inversions 36,66, nearly three times as many used in the recent RECCAP2 analysis of Africa 28 

offering a more complete quantification of NEE uncertainty. These top-down estimates of net 

land carbon fluxes implicitly include all carbon fluxes across space and time. These models, 

primarily Bayesian, reduce discrepancies between observed (from satellites or ground-based) 

and modeled atmospheric CO2 from atmospheric transport models which incorporate prior land 

flux information 27. 

Ultimately, to assess the role of African ecosystems in the carbon balance, we compared 

bottom-up and top-down national-scale NEE estimates with fossil fuel emissions 26. The rigor of 

our analysis comes by utilizing a more diverse and greater number of independent estimates 

(than either RECCAP2 28 or the Global Carbon Budget (GCB) 36), but also by using a Monte Carlo 

approach to propagating their collective uncertainty providing a probabilistic estimate of 

whether a given nation represents a net carbon source or sink. 
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Results 

Bottom-up estimates of carbon removals by structurally intact 

terrestrial ecosystems 

To quantify carbon removals by structurally intact (primarily woody) terrestrial ecosystems 

(∆Cintact, i.e., forests and woodlands without recent events of deforestation, degradation, or 

regrowth 56,74,75) across 18 ATMF countries, we estimated annual changes in live biomass carbon 

stocks using upscaled forest plot measurements 1, CARDAMOM 57, and 17 DGVMs 58,59. Together, 

these three approaches estimated total carbon removals of -203 ± 68.1 TgC yr-1 (median ± 

interquartile range) across all ATMF countries during 2015-2019 (Figure 2A; Supplementary 

Figure 2). 

The Congo Basin accounted for the largest share of removals (-112.9 ± 64.9 TgC yr-1) (Figure 

2A), driven by extensive and productive, structurally intact forests and woodlands in the 

Democratic Republic of the Congo (COD) (-81.7 ± 64.2 TgC yr-1) and Central African Republic (CAF) 

(-24.4 ± 9.6 TgC yr-1) (Supplementary Figure 3). Atlantic Central Africa and West-Africa 

contributed less to removals at -52.5 ± 18.3 TgC yr-1 and -37.5 ± 9.5 TgC yr-1, respectively, with 

maximum removals in Cameroon (-27.1 ± 7.8 TgC yr-1) and Ivory Coast (-8.5 ± 5.8 TgC yr-1), 

reflecting smaller forested areas relative to the Congo Basin. 

Per-hectare, structurally intact woody ecosystems sequestered a similar amount of 

atmospheric CO2 in countries in the Congo Basin (e.g., COD: -0.6 ± 0.2 MgC ha-1 yr1) and Atlantic 

Central Africa (e.g., Gabon: -0.4 ± 0.4 MgC ha-1 yr-1) (Figure 2B). We observed lower carbon 

removals per hectare in smaller Central African (e.g., Burundi and Rwanda) and West-African 

countries (e.g., Guinea-Bissau, Togo, and Sierra Leone), where less productive ecosystems such 

as shrublands and open woodlands were more common than highly productive forests 

(Supplementary Table 1). 

Upscaled forest plot measurements and DGVMs showed consistent carbon uptake in intact 

woody ecosystems across all countries (Figure 2; Supplementary Figure 4). In contrast, 

CARDAMOM indicated localized decreases in biomass carbon stocks, particularly in central Congo 

Basin (e.g., COD), parts of Atlantic Central Africa (e.g., Gabon, Republic of the Congo, and 
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Equatorial-Guinea), and West-Africa (e.g., Ivory Coast) due to climate-driven variability 

(Supplementary Figure 5). 

Bottom-up estimates of other components of net ecosystem exchange 

Apart from ∆Cintact, we quantified other non-fossil fuel carbon fluxes as part of our 

bottom-up approach. These are land-use change fluxes (FLUC) 32,60,64,65, aquatic ecosystem fluxes 

(Faquatic), and fluxes from trade in wood and crops (Fcrop+wood) 67 (Figure 3). Faquatic 

encompassed organic carbon export from rivers to oceans 66,76–79, burial in inland sediments 68,69, 

and sequestration by coastal vegetation 70–73. Together with carbon removals by structurally 

intact ecosystems (∆Cintact), these fluxes comprise the net ecosystem exchange: NEE =

∆Cintact + Faquatic + FLUC + Fcrop+wood 55. We found that aquatic ecosystems were a net carbon 

sink across all ATMF countries together, at -83.1 ± 6.2 TgC yr-1 (Figure 3). This was primarily due 

to sediment burial and coastal vegetation uptake, with the largest contributions in Nigeria and 

the Democratic Republic of the Congo, reflecting the influence of the Niger and Congo river 

systems (Supplementary Figure 6). 

Land-use change emissions were highest in the Congo Basin (235.5 ± 94.5 TgC yr-1) (Figure 

3A), mainly driven by substantial forest loss and degradation in the Democratic Republic of the 

Congo (166.5 ± 64.8 TgC yr-1) and Central African Republic (65 ± 68.5 TgC yr-1) (Supplementary 

Figure 7). Both countries were the largest national gross emitters and among the highest emitters 

per hectare (Supplementary Table 2). West-Africa followed with 77.8 ± 29.8 TgC yr-1, with a 

maximum in Ivory Coast (17.6 ± 10.3 TgC yr-1) (Figure 3A). In West-African countries such as Sierra 

Leone and Liberia, per-hectare land-use change emissions were the highest of all 18 countries, 

indicating a high degree of forest disturbance (Supplementary Table 2; Supplementary Figure 

7). In contrast, Atlantic Central Africa had the lowest absolute (22.9 ± 15.1 TgC yr-1) and per-

hectare land-use change emissions (0.1 ± 0.3 MgC ha-1 yr-1) (Figure 3A), with particularly low 

values in Gabon (2.6 ± 7.1 TgC yr-1 and 0.2 ± 0.1MgC ha-1 yr-1) (Figure 3B; Supplementary Table 

2). 
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Trade-related carbon fluxes were generally negligible relative to other carbon fluxes, but 

mostly contributed net emissions in countries with high imports such as Nigeria (Figure 3A; 

Supplementary Table 2). 

Comparing bottom-up and top-down net ecosystem exchange 

estimates 

We compared our bottom-up NEE estimates (Figure 3) with top-down NEE derived from 

14 atmospheric inversions 36,66 corrected for lateral fluxes (Supplementary Figure 8). We found 

that, between 2015 and 2019, both approaches suggested that all 18 ATMF countries together 

were a small carbon source or near-neutral given substantial uncertainty, with the bottom-up 

estimate at 57.4 ± 121.4 TgC yr-1 (median ± interquartile range; 60% certainty of being a net 

source) and the top-down estimate at 99.4 ± 164.5 TgC yr-1 (66% certainty of being a net source) 

(Figure 4A; Supplementary Table 2). The difference between the two approaches was 41.7 ± 

204.4 TgC yr-1, with the highest imbalance observed in West-Africa (Supplementary Table 2). 

However, this difference was not statistically significant in any country or region due to high 

uncertainty (P-value>0.05). 

Both methods indicated that Atlantic Central Africa was likely a net carbon sink, with 58% 

and 74% certainty for the bottom-up and top-down approach, respectively (Supplementary 

Table 2). By contrast, the Congo Basin appeared near-neutral or a net source (52% certainty for 

ensemble) (Figure 4A) due to substantial land-use change emissions (Figure 3). There was no 

consensus between the bottom-up and top-down estimates for West-Africa, where the bottom-

up approach suggested carbon neutrality due to high past deforestation (Supplementary Figure 

3B), while top-down inversions indicated a net source with 84% certainty (Supplementary Table 

2). At the national level, both approaches suggested that Gabon was a net sink (at -14.2 ± 12.9 

TgC yr-1 with 70% certainty for bottom-up approach and -12.3 ± 14.1 TgC yr-1 with 63% certainty 

for top-down approach), while most ATMF countries were near-neutral (Supplementary Table 

2). In contrast, the Democratic Republic of the Congo and Central African Republic were 

potentially net sources with 37% and 61% certainty for the ensemble NEE (Supplementary Table 

2), but uncertainty intervals overlapped the carbon source/sink boundary (Figure 4A). No country 
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or region showed a statistically significant difference from zero due to high uncertainty (P-

value>0.05). 

Contrasting the net ecosystem exchange with fossil fuel emissions 

Fossil fuel emissions were minor relative to other carbon fluxes, with only Nigeria, Ivory 

Coast, Ghana, and Cameroon exceeding 2 TgC yr-1 (Table 1). West-Africa had the highest fossil 

fuel emissions (41.9 ± 1.6 TgC yr-1), dominated by Nigeria which was the highest national emitter 

at 31.2 ± 1.6 TgC yr-1. In contrast, fossil fuel emissions were lower in Atlantic Central Africa (7.8 ± 

0.2 TgC yr-1) and the Congo Basin (2.8 ± 0.1 TgC yr-1), led by Cameroon and the Republic of the 

Congo, respectively. The lowest fossil fuel emitters were Central African Republic, Guinea-Bissau, 

and Burundi (each at 0.1 TgC yr-1). 

In the Congo Basin and Atlantic Central Africa, non-fossil fuel carbon fluxes surpassed 

fossil fuel emissions, particularly in the Democratic Republic of the Congo and Central African 

Republic, where energy is predominantly derived from fuelwood and charcoal instead of fossil 

fuels. West-Africa exhibited comparable fossil and non-fossil fuel carbon fluxes, as observed in 

Nigeria (Table 1). Overall, from 2015 to 2019, non-fossil fuel land carbon fluxes dominated the 

ATMF countries’ carbon balances, characterized by substantial removals from intact woody 

ecosystems and high emissions from land-use change. 
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Discussion 

Substantial carbon removals nearly offset land-use change emissions in 

African tropical moist forests 

Our results suggested that, for 2015-2019, the 18 ATMF countries were collectively likely a 

small net carbon source or near-neutral given the high uncertainty. While land-use change 

emissions were substantial, particularly in the Democratic Republic of the Congo and Central 

African Republic, they were largely offset by carbon removals in intact woody ecosystems, 

especially within Atlantic Central Africa’s countries. Lateral carbon fluxes via riverine export and 

trade were minimal compared to other land-atmosphere exchanges. 

Intact woody ecosystems in tropical Africa sequestered an estimated -203 ± 68.1 TgC yr-1 

from the atmosphere during 2015-2019, with most removals occurring in the Congo Basin hosting 

the second-largest tropical rainforest globally 1,48. Our estimate was slightly lower than previous 

average carbon removal estimates for tropical Africa (-258 ± 128 TgC yr-1) 1,5,10,24,28,30,31,80 and 

much lower than estimates for continental Africa (-516 ± 245 TgC yr-1) 4,21,25,28,48,53,63 

(Supplementary Figure 9) due to three potential reasons. First, we focused on ATMF countries, 

excluding woodlands in Eastern and Southern Africa 28,81. Second, CARDAMOM yielded lower 

biomass carbon removals in intact woody ecosystems than other approaches (Supplementary 

Figure 4), including biomass declines in the central Congo Basin, contrasting with increases shown 

by upscaled plot measurements and DGVM 82. This could reflect CARDAMOM’s sensitivity to 

moisture stress and reliance on remote sensing data 30,83, which may enable detection of biomass 

losses from climatic extremes such as the 2015-2016 El Niño 33, likely not captured by other 

models 40 or forest plot datasets limited to the period 1990-2015 1. Third, our bottom-up 

approach excluded litter, deadwood, and soil carbon fluxes in intact ecosystems (see below). 

Carbon emissions from land-use change were substantial, nearly offsetting carbon 

removals by forest productivity in ATMF countries. Land-use change was the primary source of 

emissions in these countries 10,31,84, with the majority occurring in the Democratic Republic of the 

Congo resulting from forest loss and degradation due to smallholder clearing, mining, road 

construction, and logging 16,18,30,85,86. We estimate total land-use change emissions in ATMF 
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countries at 336.2 ± 100.2 TgC yr-1, which is slightly higher than previous studies in tropical Africa 

5,8,10,18,28,30,31,80,84,87–91 (mean ± standard deviation: 220 ± 113 TgC yr-1) and similar to estimates for 

continental Africa 4,18,24,25,28,53,55,63,92,93 (341 ± 110 TgC yr-1) (Supplementary Figure 9). This 

discrepancy likely stems from methodological differences for handling selective logging, forest 

recovery, and fire across methods, which have been underrepresented in previous assessments 

94,95. 

Uncertainties conceal net carbon sink or source 

Methodological limitations contributed to large uncertainties and inconsistencies 

between approaches, preventing a clear determination of whether ATMF countries were 

statistically significant net carbon sources, sinks, or neutral (Figure 4). Due to high uncertainty 96, 

our bottom-up approach assumed soil, deadwood, and litter carbon stocks constant in intact 

terrestrial ecosystems, aligning with IPCC Tier 1 guidelines 22, but unlike other studies 

4,5,24,25,28,53,63. Incorporating soil, deadwood, and litter in our bottom-up analysis increased 

estimated removals by 40% for the whole region (from -203 ± 68.1 TgC yr-1  to -284.7 ± 73.2 TgC 

yr-1), potentially shifting the region from near-neutral to a modest net sink (Supplementary 

Figure 10). However, despite similar total removals across methods 28, soil, deadwood, and litter 

contributed little to total carbon changes in forest plot data (from limited FAO data 97) compared 

to DGVMs and CARDAMOM (Supplementary Figure 10). Field experiments assessing the change 

in soil, deadwood, and litter carbon stocks in response to warming in tropical forests are limited 

to Central America, suggesting that these pools are closely interlinked  98–101 (however, Sayer et 

al. 102 showed no increases in soil carbon stocks after 15 years of doubled litter inputs) and highly 

sensitive to environmental changes with limited short-term acclimation, potentially triggering 

positive earth-atmosphere feedbacks 103,104. However, a recent study combining atmospheric 

inversions and satellite-based biomass maps identified Africa as a large net soil and litter carbon 

sink at -0.34 ± 0.14 Pg C yr-1 and a deadwood sink at -0.01 ± 0.01 Pg C yr-1 due to carbon uptake 

in old-growth forests and croplands 105, yet experiments on soil, deadwood, and litter carbon 

responses to environmental change in undisturbed forests and woodlands remain scarce in 

tropical Africa. 
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In Africa, smallholder-driven land-use change causes subtle forest disturbances often 

undetectable by satellite images 74 due to coarse resolution and optical limitations 106, leading to 

underestimated emissions from degradation 107, deforestation 74, and fires 95. Process-based and 

bookkeeping models 108,109 also face constraints, including inadequate carbon density maps 109 

which are often biased 110 due to limitations in satellite data (e.g., cloudiness for optical data 

111,112), allometric relations (particularly with LiDAR) 113, topographic complexity, and sparse field 

data in regrowing 114,115 and old-growth moist forests 46, dry forests 4,21,81,116, non-forest 

ecosystems 4, and managed forests 117 (especially in the Congo Basin 41). Additionally, 

bookkeeping models tend to underrepresent land-use dynamics such as shifting cultivation and 

even deforestation, as they rely on inadequate land-use change datasets 118,119 like LUH2 (BLUE), 

FAO statistics (H&C2023), or combinations thereof (OSCAR) 120. 

Carbon flux estimates from DGVMs, such as those in TRENDY, are highly uncertain in 

tropical ecosystems 109,121. DGVMs use a limited set of plant function types (PFT), such as tropical 

moist forests 122, often calibrated at few sites, with the assumption that PFT parameters remain 

spatially and temporally invariant, despite evidence to the contrary 123. Additionally, key land-use 

processes, including (peat) fires, irrigation, tillage, erosion, nitrogen fertilization, natural 

disturbances, and grazing, are inconsistently represented across DGVMs 26,119, and integrating 

these likely increases rather than reduces uncertainty in DGVMs. The absence of eddy covariance 

flux measurements in Equatorial Africa 124 further limits the ability to constrain these models 5. 

Despite limitations regarding bottom-up fluxes, our estimates broadly aligned with National 

Greenhouse Gas Inventories (NGHGIs) 125 (Supplementary Figure 11). However, alternative 

bottom-up approaches, such as X-BASE flux tower data (corrected for emission components) 126 

and SMOS-LVOD aboveground biomass carbon flux data 30,34, indicated larger net carbon sinks in 

the Congo Basin and divergent regional NEE for West-Africa classified as near-neutral by SMOS-

LVOD but a substantial source by X-BASE (Supplementary Figure 11), highlighting the 

discrepancies between various bottom-up approaches. 

Top-down atmospheric CO2 inversions implicitly capture all total net surface-atmosphere 

carbon fluxes, whereas bottom-up approaches exclude several components. Most notably, we 

decided to exclude soil, deadwood, and litter carbon fluxes in structurally intact ecosystems due 
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to the high uncertainty regarding the dynamics of these carbon pools in tropical forests due to 

sparse data. Emissions from fine-scale land-use change, such as small fires, forest edge effects, 

and selective logging are also likely underestimated in bottom-up approaches 95,110. These 

processes are widespread in smallholder agricultural landscapes and forest-savanna transition 

zones across tropical Africa, yet are poorly represented in current land-use and fire datasets. In 

contrast, such fluxes are likely to be implicitly incorporated into inversion-based NEE estimates 

27,127, which contributes to the divergence between top-down and bottom-up approaches 128. 

However, atmospheric inversions cannot explicitly partition net fluxes into their gross underlying 

sources and sinks, such as fossil fuel emissions versus biogenic land carbon fluxes 27,82,129. 

Additional uncertainties arise from multiple methodological factors, including the type and 

quality of assimilated observations (satellites versus ground-based), the sparsity of high-quality 

in situ atmospheric CO2 measurements across most of Africa, limitations in atmospheric transport 

models, and uncertainties in the magnitude and spatial-temporal structure of prior land carbon 

fluxes (Supplementary Table 3) 27,130. Consequently, while inversion approaches provide more 

stable estimates at continental or large regional scales, the magnitude and spatial distribution of 

NEE remains highly uncertain at national and subregional scales in these regions with limited 

observational coverage 131. 

These limitations are particularly evident in West-Africa, where bottom-up estimates 

suggest near carbon neutrality, whereas inversion-based approaches indicate a net carbon 

source. Beyond sparse surface (but not satellite) CO2 observations and uncertainties in prior 

fluxes 27,130, atmospheric transport modeling is especially challenging in this region. Circulation is 

strongly governed by the West-African monsoon, which organizes air flow across steep climatic 

gradients from the humid Upper Guinean forests along the Atlantic coast to the semi-arid Sahel 

interior 132,133. Transport simulations and satellite retrievals used in inversions are further 

complicated by pronounced land-cover heterogeneity and dynamics (e.g., croplands, grasslands, 

savannas, and forest mosaics), sea surface temperature variability linked to Guinea Coast 

upwelling, Saharan dust and biomass burning aerosols, cloud formation, and deep convection 

134–136. 
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Persistent uncertainties in regional net carbon fluxes highlight the need for enhanced 

carbon monitoring in humid African tropics. Constraining net carbon fluxes requires regular 

atmospheric CO2 sampling through aircraft campaigns 137. To decompose net carbon fluxes into 

individual sources and sinks, an integrated monitoring network should be established, including 

(1) distributed forest inventory plots tracking live biomass, soil, deadwood, and litter carbon 

stocks to quantify regrowing and old-growth forest carbon sinks 1,46,138, (2) eddy covariance flux 

towers to measure net ecosystem fluxes 124 including in understudied ecosystems such as carbon-

rich peatlands (e.g., Cuvette Central) 139, and (3) ‘supersites’ combining field and airborne 

biomass data for high-resolution land-use and carbon density maps 140. These in situ data can 

improve bookkeeping, dynamic vegetation, and inversion models. By ranking regions according 

to the uncertainty in NEE and bottom-up carbon flux components, we identified the Congo Basin, 

particularly the Democratic Republic of the Congo and Central African Republic due to their vast 

forest extents and ongoing land-use changes, as priority regions for future sampling campaigns 

to better constraints on land-use change fluxes and net carbon removals in intact tropical forests 

and woodlands (Supplementary Figure 12). Lastly, expanding monitoring to other greenhouse 

gases, such as CH4 and N2O, is essential for a comprehensive regional greenhouse gas budget 

139,141. 

Environmental policies matter 

We revealed that ATMF countries exhibited high land-use carbon emissions and 

ecosystem carbon removals, while fossil fuel emissions remained relatively low 26 

(Supplementary Figure 13), especially in the Congo Basin 17. Differences in carbon balances 

across ATMF countries were at least partly reflecting national environmental policies. For 

example, Gabon, known for strong forest conservation policies as a High-Forest, Low-

Deforestation country 3,54, had low land-use emissions and high removals per hectare, likely 

resulting in a net sink for the bottom-up (at -14.2 ± 12.9 TgC yr-1) and top-down approach (at -

12.3 ± 14.1 TgC yr-1) with a certainty of 70% and 63%, respectively. In contrast, countries such as 

CAF and COD, with less stringent policies, showed high per-hectare emissions and removals, 

potentially making them net carbon sources or near-neutral 54,142. This underscores the potential 

of forest conservation policies in ATMF countries such as the Democratic Republic of the Congo 
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and Central African Republic to conserve structurally intact ecosystems and reduce land-use 

change emissions. Future research could examine the causal relationships between national 

environmental policies and carbon balances across African tropical moist countries, accounting 

for socio-economic differences, to improve the identification of the drivers of variation in 

national-scale carbon emissions and sources, for example, by drawing on approaches used in 

national-scale assessments of REDD+ program impacts on forest carbon stocks 143,144. 

Moreover, intact forest ecosystems tend to be spatially clustered (Supplementary Figure 

3), highlighting that regional-scale carbon flux estimates can mask heterogeneity in land-use 

cover and ecosystem intactness. Small countries with heavily disturbed forests, such as Sierra 

Leone and Guinea, exhibit high per-hectare net carbon emissions but contribute relatively little 

to regional carbon emissions because of their limited spatial extent and low, yet highly 

heterogenous, ecosystem intactness (Supplementary Figure 14). In contrast, large countries such 

as the Democratic Republic of the Congo contribute substantially to regional net carbon 

emissions, while having low per-hectare emission rates due to extensive areas of relatively intact 

forests with limited spatial heterogeneity (Supplementary Figure 14). These contrasting patterns 

demonstrate that conservation policies should jointly consider absolute carbon fluxes, per-area 

emission or removal intensity, and the spatial extent and clustering of ecosystem intactness. 

Integrating these dimensions, for example within baseline frameworks such as those applied in 

the Tropical Forest Forever Facility (TFFF) Initiative 145, can help balance policy considerations 

between countries with high per-area impacts but small absolute contributions and those with 

large absolute emissions because of extensive forest area. 

Our findings highlight the urgency to conserve structurally intact ecosystems such as 

forests and woodlands to mitigate global warming (distinguishing between passive and active 

carbon sinks) 13, support biodiversity 146, and maintain ecosystem services, including local climatic 

buffering 147 and water provisioning 148. Given large projected population growth in Central Africa 

over the next decades 149, a major challenge will be to reconcile forest conservation with regional 

food security 150. This underpins the paramount importance of implementing policies that 

promote sustainable, low carbon economic development. ATMF, whose emissions are 

dominated by land-use change, contrast sharply with current and historically high fossil-fuel-
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emitters in the Global North (Supplementary Figure 13). Protecting intact forests while 

supporting local livelihoods will require international support that empowers African tropical 

countries to strengthen their local research, monitoring, and forest management, with active 

participation of indigenous communities (e.g., through financial initiatives such as TFFF 145). 

Support reflecting current and historical global emission asymmetries can help reconciling forest 

conservation objectives with development priorities, ensuring that forest stewardship is guided 

by local knowledge and needs. At the same time, it is critically urgent to reduce global 

anthropogenic greenhouse gas emissions to mitigate climate-driven carbon losses 151. Despite 

remaining uncertainties, our national carbon flux estimates provide a foundation for sustainable 

policies fostering both local livelihoods and effective climate and conservation strategies in 

tropical Africa’s carbon-rich, biodiverse countries.  
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Methods 

Temporal and geographic coverage 

We limited our study period to the ten years between 2015 and 2019, covering the 

temporal availability of all observation and model data products (Supplementary Table 4). We 

quantified carbon fluxes within three different types of terrestrial ecosystems: ‘forests’ (tree 

cover greater than 30%, canopy >5m), ‘woodlands’ (also referred to as ‘woody non-forests’; tree 

cover 5-30%), and ‘other ecosystems’ (grasslands, wetlands, settlements, croplands/natural 

vegetation mosaics, and barren areas). The extent of each of these ecosystems was based on the 

land use cover map from the Moderate Resolution Imaging Spectroradiometer (MODIS) 

MCD12Q1.061 152 for the year 2015 (Supplementary Figure 3; Supplementary Table 1; 

Supplementary Table 4). 

We calculated national fluxes for 18 countries (Supplementary Table 4). Country 

boundaries were extracted from the Global Administrative Unit Layers (GAUL) 153. Analysis of 

remote sensing products was performed in Google Earth Engine 154. Further quantification of 

carbon fluxes (e.g., Dynamic Global Vegetation Models, CARDAMOM, inversion models, and 

Monte Carlo methods) and plotting was done in R v4.4.0 155. 

Bottom-up national net ecosystem exchange 

Using a bottom-up framework, national-level net ecosystem exchange (NEE) was 

calculated by summing non-fossil fuel land carbon fluxes (F) (Equation 1; Supplementary Figure 

1) (in TgC yr-1) related to structurally intact terrestrial ecosystems (∆Cintact), land-use change 

(FLUC), aquatic ecosystems (Faquatic), and lateral import and export through trade in crops and 

wood (Fcrop+wood). Faquatic was the net aquatic flux calculated by summing organic carbon 

export by rivers to oceans (Friver), carbon burial in sediment in inland waters (Fburial), and carbon 

assimilated by coastal vegetation (Fcoastal vegetationl). As our fluxes are to be interpreted from an 

atmospheric perspective, the sign convention is that carbon removals are negative values 

(ecosystem acts as a carbon sink) and carbon emissions are positive values (ecosystem acts as a 

carbon source). To convert carbon fluxes per area into absolute fluxes, we multiplied the carbon 
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flux per area by the pixel surface area. We then calculated national-scale carbon fluxes by 

summing the pixels with absolute fluxes per country. 

NEE = ∆Cintact + FLUC + Faquatic + Fcrop+wood (Equation 1) 

We quantified each carbon flux component and its uncertainty using a Monte Carlo 

approach 156. For each carbon flux assessed with two or more estimates, we calculated the flux 

by taking the median of the medians from 10,000 randomly generated Gaussian distributions 

(each distribution with n = 1,000) based on the mean and standard deviation of each individual 

estimate per flux. Similarly, the uncertainty was estimated by taking the median of the inter-

quartile ranges of all generated distributions. We used the internal error for carbon fluxes with 

only one estimate (e.g., Fcrop+wood). The uncertainty of NEE was calculated using error 

propagation. 

After calculating national net carbon fluxes and components, we also quantified carbon 

fluxes at the regional level (Supplementary Table 1) by summing national carbon fluxes (Figure 

3) for countries in West-Africa, Atlantic Central Africa, Congo Basin, and the whole region (all 18 

African countries together). The uncertainty was quantified based on propagating national-level 

uncertainties. Carbon flux components and their uncertainties are described separately in the 

following sections. 

Carbon removal by structurally intact and other terrestrial ecosystems 

(∆Cintact) 

To quantify the carbon flux in tropical terrestrial ecosystems at a national level (∆Cintact) 

as a response to a changing atmospheric CO2 and climate, we estimated net carbon fluxes due to 

changes in above- and belowground (coarse roots) biomass carbon stocks in structurally intact 

woody (i.e., forests and woodlands) (∆Cintact FW) and other terrestrial ecosystems (∆Cintact other). 

Throughout the process, we assumed that soil, deadwood, and litter pools did not change 

because of their high uncertainty in tropical regions 55 and in line with the IPCC Tier 1 assumption 

of no net changes to non-biomass pools in ‘undisturbed’ ecosystems 60. We reported carbon 

fluxes in tropical terrestrial ecosystems as one component ∆Cintact, but carbon removals were 
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also quantified per biome (Supplementary Figure 2). The uncertainty was calculated using error 

propagation based on the Monte Carlo interquartile ranges. 

∆Cintact = ∆Cintact FW + ∆Cintact other (Equation 2) 

Carbon removal by structurally intact forests and woodlands 

(∆𝐶𝑖𝑛𝑡𝑎𝑐𝑡 𝐹𝑊) 

Mapping structurally intact forests and woodlands 

To calculate carbon removals by structurally intact forests and woodlands (i.e. with no 

recent event of land-use change), we generated a map with ecosystem intactness following 

Rosan et al. 157 by calculating the fraction of each pixel that did not undergo any recent forest 

degradation, deforestation, or forest regrowth during the period with available land-use change 

data (i.e., 1990-2019) using two forest conversion maps: Global Forest Watch (GFW) (version 1.9) 

74 and Tropical Moist Forest (TMF) (version 1 2021) 56 (Supplementary Figure 3). An ecosystem 

intactness of ‘0’ indicates the absence of structurally intact forests and woodlands within a pixel, 

while ‘1’ implies that the whole pixel is covered by structurally intact forests and woodlands. 

Upscaled forest plot measurements (AfriTRON) 

We generated a field data-driven map of the carbon removal by structurally intact woody 

ecosystems 152 (Supplementary Figure 5). We adopted methods from Hubau et al. 1, who used 

linear mixed modeling to link environmental variables and the net biomass carbon removal by 

African tropical moist rainforests based on a permanent inventory plot data from the African 

Tropical Rainforest Observation Network (AfriTRON) 1, containing 244 repeatedly censused plots 

in humid tropical rainforest with a total plot area of 277.9 hectares. Since this data only covers 

changes in stem, branch, and leaf biomass carbon stocks, we assumed that carbon removal and 

emission from other carbon components such as fine roots, fruits, and seeds was in steady state. 

We included belowground carbon (i.e., coarse roots) by adding 25% and 49% of aboveground 

biomass carbon in African forests 48 and woodlands 32, respectively. 

By combining spatial maps of the environmental variables with the coefficients of the 

linear mixed models from Hubau et al. 1, we produced annual maps of ∆Cintact FW per area (in 

MgC ha-1 yr-1) in structurally intact forests at 0.01° for 2015-2019. The environmental variables 
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consisted of atmospheric CO2 concentrations (from the Mauna Loa record: Global Monitoring 

Laboratory - Carbon Cycle Greenhouse Gases (noaa.gov)), mean annual temperatures (from the 

Climate Research Unit CRU TS v4.07 158 combined with WorldClim v2 159 to downscale CRU to 

resolution 1 km), mean climatic water deficit (calculated using data on evapotranspiration 1 and 

monthly precipitation from the Tropical Rainfall Measurement Mission (TRMM) data v7 160, and 

WorldClim v2 159 to downscale TRMM to resolution 1 km), wood density (kriging of plot-level 

mean wood densities from Hubau et al. 1), and the carbon residence time (estimated based on 

dividing the mean aboveground carbon density from five maps 7–9,161,162 by the spatially predicted 

carbon removals from Hubau et al. 1). 

In structurally intact woodlands, we calculated carbon removals per area by applying a 

mean annual percentage change to the carbon density (in MgC ha-1). The annual percentage 

change was calculated by averaging the net aboveground carbon removal divided by the initial 

annual aboveground carbon stocks in forests across the whole studied for every year between 

2015 and 2019. To calculate ∆Cintact FW we multiplied the map of the ∆Cintact FW per area by the 

fraction with structurally intact ecosystems at resolution 0.01° (Supplementary Figure 3). Since 

the AfriTRON plot network only covered old-growth tropical moist forests, we excluded forest 

plantations 163. 

We produced uncertainty maps of carbon removals by combining the variance-covariance 

matrix of the model coefficients with the maps of the environmental variables using the standard 

formula for propagated prediction variance (xTVx where x is the vector of predicted values and V 

is the variance-covariance matrix of the fitted linear mixed models) (Supplementary Figure 5). 

We derived the uncertainty bounds on ∆Cintact FW by propagating upper and lower bounds of 

carbon gains and losses, that is, the upper net flux bound was computed as upper gains minus 

upper losses, and the lower net flux bound as lower gains minus lower losses 1. Since the linear 

mixed models from Hubau et al. 1 only included plot data in humid tropical rainforests, we 

assumed that the uncertainty in woodlands equaled the mean relative standard deviation in 

forests over the whole studied region (rel. sd. ≈ 71%). To calculate the uncertainty of the national-

level ∆Cintact FW, we computed the standard error as half the difference between the spatially 

integrated upper and lower ∆Cintact FW, bounds across all pixels per country. 
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Dynamic Global Vegetation Models (TRENDY v11) 

∆Cintact FW was also quantified using the Dynamic Global Vegetation Models (DGVMs) 

from TRENDY v11 58,59 (ensemble of 17 models). We calculated the Monte Carlo average of the 

annual change in above- and belowground vegetation carbon stocks between the consecutive 

years 2015 and 2019 of the 17 models (Supplementary Figure 4). To extract forests and 

woodlands, we rescaled all models to resolution 0.5° (highest model resolution) and used a forest 

and woodland mask 152 (Supplementary Figure 3). We used scenario S2, in which changes in the 

vegetation carbon density due to climate change and increased atmospheric carbon dioxide 

concentrations were accounted for, but changes in the land-use cover were not considered. To 

prevent overestimating carbon removals 164, we multiplied ∆Cintact FW by the degree of intactness 

in forests and woodlands at resolution 0.5° (Supplementary Figure 3). The uncertainty was 

quantified by calculating the Monte Carlo standard deviation based on the 17 model estimates. 

Since including ecosystems such as agricultural land which potentially act as net carbon sources 

or neutral, it is likely that ∆Cintact FW is underestimated using DGVMs. 

CARbon DAta-MOdel fraMework (CARDAMOM) 

We also used the CARbon DAta-MOdel fraMework (CARDAMOM) model-data fusion 

analysis (resolution 1°) 35 to estimate ∆Cintact (Supplementary Figure 4). CARDAMOM is a DGVM 

based on Bayesian calibration at pixel scale, using remote sensing information on woody 

biomass, canopy phenology and disturbance to generate a probabilistic analysis of terrestrial 

carbon fluxes 35. In line with DGVMs (see above), we used the annual change in above- and 

belowground biomass carbon stocks of Scenario 2 for the consecutive year combinations 

between 2015 and 2019. After rescaling the resolution from 1° to 0.5°, we multiplied the net 

biomass carbon removal by the degree of intactness for each pixel. The uncertainty was based 

on the interquartile range. 

Carbon removal by other terrestrial ecosystems (∆𝐶𝑖𝑛𝑡𝑎𝑐𝑡 𝑜𝑡ℎ𝑒𝑟) 

We quantified carbon removals by other ecosystems (∆Cintact other) using the Monte Carlo 

average of CARDAMOM 35 and the TRENDY v11 model ensemble 58,59 from scenario S2 (see 

above). Since carbon removal estimates using upscaled forest plot measurements only accurately 
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represented carbon removals in forests and woodlands (see above), we also added ∆Cintact other 

to forest plot-based estimates of ∆Cintact FW by calculating the Monte Carlo mean and standard 

deviation of ∆Cintact other using CARDAMOM 35 and TRENDY v11 58,59. 

Sensitivity analysis regarding changes in litter, deadwood, and soil 

carbon pools 

To quantify effects of excluding changes in litter, deadwood, and soil carbon pools on net 

carbon removals by structurally intact terrestrial ecosystems, we calculated total carbon stock 

changes for the three methods described above. For CARDAMOM 35 and TRENDY v11 58,59, we 

used the Net Biome Productivity (representing total carbon stock changes) for Scenario 2, 

corrected for ecosystem intactness (see above). For the upscaled forest plot measurements, we 

included litter, deadwood, and soil carbon stock changes based on the latest available field data.  

We did not use model-based estimates for adding missing carbon pools to the estimate based on 

upscaled forest plot measurements to enable comparison between model predictions and field 

observations. We added litter and deadwood carbon stock changes by adding a fixed factor from 

the IPCC 165 to the biomass carbon changes considering elevational zones 166 and mean annual 

precipitation 159, assuming that litter carbon pools responded proportionally to biomass carbon 

stock changes 21. Then, we accounted for soil carbon stock changes using area-based soil carbon 

stock change rates for African structurally intact forests 21 (-0.021 ± 0.021 MgC ha-1 yr-1), assuming 

similar responses in structurally intact woodlands. 

To estimate the relative importance of changes in each of the carbon pools (biomass, 

litter, deadwood, and soil), we quantified the median pixel-level percentage change in each 

carbon pool in relation to the total carbon stock changes for the three methods, as well as the 

median pixel-level percentage change of soil to biomass carbon pools (Supplementary Figure 

10A-C). Additionally, we compared national- and regional-scale carbon removals considering 

changes in biomass versus total carbon stocks (Supplementary Figure 10D). 

Carbon emission through land-use change (FLUC) 

Carbon fluxes related to land-use change consisted of carbon emissions due to 

deforestation, forest degradation, and forest fires, as well as carbon removals due to forest 
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regrowth. To compute carbon fluxes due to land-use change (FLUC), we used Dynamic Global 

Vegetation Models from TRENDY v11, CARDAMOM, bookkeeping models, and a remote sensing-

based approach (Supplementary Figure 15). Carbon fluxes due to wood and crop harvesting were 

(implicitly) included in this flux component. 

Dynamic Global Vegetation Models (TRENDY v11) 

To quantify both direct and indirect land-use change emissions based on TRENDY v11 

(ensemble of 18 models) 58,59, we calculated the difference in the Net Biome Production (overall 

land carbon flux) of scenarios S3 (accounting for changing atmospheric carbon dioxide 

concentrations, climate, and land-use) and S2 (accounting for changing atmospheric carbon 

dioxide concentrations and climate) for all 18 models at their original resolution (Supplementary 

Figure 15C; Supplementary Figure 16). Because carbon emissions due to fires are most likely 

underestimated by DGVMs, we removed fire emissions from each model. The national-scale FLUC 

(excluding fire emissions) was computed by calculating the Monte Carlo mean of the 18 model 

estimates, and the standard deviation. 

To quantify the observation-based fire emissions, we calculated the Monte Carlo mean 

and standard deviation of national-scale total CO2 fire estimates from the Global Fire Assimilation 

System (GFAS) 167 and Global Fire Emissions Database v5 (GFEDv5) 168. To avoid double-counting 

emissions due to deforestation and forest degradation, we subtracted forest fire emissions from 

GFEDv5  168 from total mean fire emissions. The final national-scale FLUC estimate was computed 

by correcting FLUC by the fire emissions, with the uncertainty calculated based on error 

propagation. 

CARbon DAta-MOdel fraMework (CARDAMOM) 

Similar to DGVMs, we calculated FLUC using CARDAMOM by subtracting the net biome 

production of Scenario 3 and 2 (Supplementary Figure 15A). To be consistent with DGVM 

approach, we used the observation-based fire emission estimates to complete the land-use 

change flux (see above). The uncertainty equaled the interquartile range. 

Bookkeeping models 
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We used the Monte Carlo average and standard deviation of three bookkeeping models 

(BLUE 62, H&C2023 63, and OSCAR 61) from the Global Carbon Budget 2023 26 to quantify land-use 

change fluxes for 2015-2019 for each nation (Supplementary Figure 15B). 

Remote sensing 

To estimate the land-use change fluxes based on remote sensing (Supplementary Figure 

7; Supplementary Figure 15A), we considered carbon emissions from forest degradation (EFD), 

deforestation (ED), and fire (EF), and carbon removal due to forest regrowth (RR). We excluded 

changes in soil (except for deforestation), deadwood, and litter carbon pools due to the high 

uncertainty regarding these fluxes 55. To quantify the land-use change fluxes and their 

uncertainty, we calculated the mean and standard deviation using a Monte Carlo approach. We 

compared our remote sensing-based carbon emission and removal estimates to other studies 

(Supplementary Figure 9). 

FLUC = RR + EFD + ED + EF (Equation 3) 

To calculate RR, we combined biomass carbon recovery models with maps of forest 

regrowth from GFW 169 and TMF 56 (Supplementary Figure 7). TMF 56 contains annual regrowth 

data, while GFW 169 indicates cumulative forest regrowth for 2000-2020. We summed the carbon 

removal in forests and woodlands 152 with forest regrowth in each year for 1991-2019 from TMF 

56 and for the whole period 2000-2020 from GFW 169 per country. We then calculated carbon 

removals due to forest regrowth by applying two methods. On the one hand, we applied the 

aboveground biomass carbon recovery models from Heinrich et al. 65 (uncertainty equaled the 

interquartile range) to forest gains. Belowground biomass carbon was added for forests and 

woodlands by adding of 25% and 49% of aboveground biomass carbon in forests 48 and 

woodlands 32, respectively. On the other hand, we used the map of above- and belowground 

biomass carbon recovery models of Cook-Patton et al. 64, which we rescaled to 0.00025° 

resolution to match the land-use-change maps. The uncertainty was estimated by applying error 

propagation to the uncertainty map 64. Soil, deadwood, and litter carbon changes were excluded 

due to high uncertainty of recovery rates 170, Moreover, chronosequence studies in the central 

Congo Basin showed little variation in soil and litter carbon stocks across a successional gradient 
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115,171,172. Taken together, this resulted in four estimates of carbon removal by regrowing forests 

per country (two series of land-use-change maps and two methods of carbon recovery rates). 

To calculate biomass carbon emissions from forest degradation (EFD) and fire (EF) due to 

land-use change, we used annual live above- and belowground biomass carbon maps from Xu et 

al. 32. The uncertainty of the emission components equaled 10% of the emission estimates 32. 

Carbon emissions due to deforestation (ED) consisted of emissions in above-and belowground 

tree biomass carbon (ED,tree biomass), in soil organic carbon in mineral soils (ED,SOC), and in soil 

organic carbon in peatlands (ED,peat). 

ED = ED,tree biomass + ED,SOC + ED,peat (Equation 4) 

To compute ED,tree biomass, we used the maps from Xu et al. 32 (uncertainty equaling 10% 

of the national estimate). ED,SOC was estimated by combining annual forest loss data from the 

Global Forest Watch (GFW) 74,75 and Tropical Moist Forest (TMF) 56 (resolution 0.00025°) with a 

map of soil organic carbon (SOC) stocks at depths 0-30 cm from SoilGrids version 2.0 173. To match 

the forest loss maps, we rescaled the SOC map from 0.005° to 0.00025° (Supplementary Figure 

7). For pixels undergoing deforestation, we applied the relative loss of soil organic carbon after 

land-use change adopted from refs. 19,174, according to the forest loss driver 16 and forest 

successional stage 86 (Supplementary Table 4). The uncertainty was estimated based on the map 

of the interquartile range of soil carbon stocks 173. ED,peat was calculated by applying an emission 

factor from the IPPC Wetland Report 175 to the annual forest loss data from GFW 74,75 and TMF 56 

in peatlands (defined following GFW) 176–178. The uncertainty was based on the reported 

uncertainty of the emission factors. 

Net aquatic carbon flux (Faquatic) 

We quantified the net carbon flux in aquatic ecosystems (Faquatic) by summing carbon 

removals due to organic carbon exported by rivers to oceans (Frivers), carbon buried in inland 

water sediment (Fburial), and carbon sequestration by coastal vegetation (Fcoastal vegetation) 

(Supplementary Figure 6), with the uncertainty calculated using error propagation. 

Faquatic = Frivers + Fburial + Fcoastal vegetation (Equation 5) 
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First, we quantified Frivers by estimating the Monte Carlo median and interquartile range 

from three refs. 76,78,79 only considering particulate (POC) and dissolved (DOC) organic carbon 

fluxes. Second, we quantified carbon burial in sediment of lakes and reservoirs using the average 

flux for lakes and reservoirs 69 per basin (uncertainty equaling 60% of estimate 55) combined with 

the area of lakes and reservoirs from the Global Lakes and Wetlands Database (GLWD) version 2 

68. Additionally, we calculated carbon burial on floodplains using the area-weighted global 

estimate from Regnier et al. 77 and country-level floodplain extents from GLWD version 2 68. Third, 

to compute Fcoastal vegetation, we summed national-scale carbon fluxes in mangroves 179, salt 

marshes 73, and seagrasses 72,180 by multiplying country-level surface areas by area-weighted 

median flux rates at the African continental or global level from Rosentreter et al. 71, with the 

uncertainty equaling the interquartile range. 

Carbon dioxide outgassed from rivers, lakes, reservoirs, and estuaries was initially 

assimilated by the vegetation, but was subsequently not stored in biomass and soil carbon stocks 

due to being leached or eroded to adjacent waters 77,181. Therefore, following the mass balance 

principle, we assumed that initial removals (not included in ∆Cintact) completely compensated 

carbon emissions from inland and estuarine waters (i.e., net flux equaling zero) (Supplementary 

Figure 6). 

Lateral carbon fluxes due to trade in crop and wood products 

(Fcrop+wood) 

The carbon import and export fluxes related to trade of crop and wood product 

(Fcrop+wood) were taken from Byrne et al. 67 (Fcrop+wood), with an uncertainty equaling 30% of 

the national estimate 67. 

Top-down national net ecosystem exchange 

Top-down atmospheric inversions quantify net land carbon fluxes by modeling 

atmospheric CO2 transportation. To quantify the top-down NEE, we used the ensemble of 14 

atmospheric inversion models from the Global Carbon Budget (GCB) 2024 at resolution 1° 36,66 

(Supplementary Figure 8). We calculated the top-down NEE by subtracting fossil fuel emissions 

from GCP’s Gridded Fossil Emissions Dataset version 2024.0 182 from the net carbon flux. Using a 
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Monte Carlo approach, we then estimated the top-down NEE based on the median of 10,000 

generated Gaussian distributions (n=1,000) based on all inversions (Figure 4). The uncertainty 

equaled the median of the interquartile ranges from all generated distributions. Since lateral 

carbon fluxes due to rivers and trade (Frivers + Fcrop+wood) (differing from lateral river flux 

correction of GCB 2024; see above) were not included in the inversions, we corrected national 

top-down NEE for these lateral fluxes. The final uncertainty of top-down NEE was quantified 

based on error propagation of the interquartile ranges of the national net and lateral carbon 

fluxes. 

To assess the robustness of the fluxes in African moist forest-rich countries estimated by 

the inverse models, we repeated the analysis of Gaubert et al. 29 to quantify an emergent 

constraint of the CO2 flux for our region of interest (i.e., tropical Africa between 18.5°N and 

17.5°S) by comparing posterior mole fractions from the inversions with independent in-situ 

airborne observations measured over the tropical Atlantic Ocean during the four Atmospheric 

Tomography (ATom) missions. We first extracted CO2 observations and simulated mole fractions 

from the inversions for all four ATom flights within our region and binned the data into 500m 

elevational bins 36,66. Subsequently, we selected bins with the highest correlation between 

inversion fluxes and observation-based mole fractions. Using these bins, we calculated monthly 

mean fluxes for each of the four ATom flights using linear regression of the inversion fluxes and 

the mole fraction difference between the inversions and observations. Then, the ensemble mean 

of the inversions was fitted to the observation-based fluxes. Subsequently, the standard 

deviation was calculated by bootstrapping the observation uncertainties from Gaubert et al. 29 

and regression fit uncertainties. We found an emergent constraint of the CO2 flux in tropical 

Africa equaling to 0.1 ± 0.36 PgC yr-1 (mean ± standard deviation (SD)). All inversions were within 

the 95% confidence interval (CI) (2*SD) of this observation-based constraint, but four inversions 

(CAMS-Satellite, IAPCAS, COLA, and NISMON-CO2) were outside of the 68% CI (SD).  Ultimately, 

we quantified the Monte Carlo median of the NEE of the whole region using models within the 

range of the 68% (standard deviation) and 95% (2*standard deviation) confidence intervals (CI) 

of the emergent constraint of our region of interest (Supplementary Table 3).  
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Furthermore, to assess the sensitivity of the top-down NEE estimates to the prior data on 

fire emissions and the observation type of atmospheric CO2 mole fractions, we calculated Monte 

Carlo medians of the NEE of the whole region using inversions with/without explicit fire carbon 

emissions as prior data, and models using atmospheric CO2 mole fractions from satellites, ground 

measurements, and a combination of both (Supplementary Table 3). 

Ensemble national net ecosystem exchange 

Using the median (assumed to equal mean) and the interquartile range (converted to 

standard deviation by dividing by 1.35) of the top-down and bottom-up NEE, we quantified the 

median national-level net ecosystem exchanges following a Monte Carlo approach assuming a 

symmetric Gaussian distribution, with the interquartile range as uncertainty. 

To assess whether NEEs significantly differed from zero, we generated 1,000,000 random 

data points from a Gaussian distribution using the region/country-specific median and 

interquartile range (converted to standard deviation by dividing by 1.35). P-values were 

determined by quantifying the percentage of data with an opposite sign to the reported median 

NEE. By subtracting P-value from 100%, we estimated the certainty of the direction of the NEE 

per region. Additionally, to statistically compare bottom-up and top-down NEE estimates, we 

estimated p-values by calculating the percentage of data within the 95% confidence interval of 

each approach per region. 

Quantifying net ecosystem exchange using alternative bottom-up 

approaches 

To validate our bottom-up and top-down estimates, we calculated the NEE using four other 

bottom-up approaches (Supplementary Figure 11). First, we extracted national-level NEE from 

land use, land-use change, and forestry (LULUCF) from Grassi et al. 125, which was calculated using 

gap-filled carbon fluxes based on UNFCCC reports. We corrected for lateral carbon fluxes 

(Fcrop+wood + Frivers; see above) and carbon burial in sediment (Fburial; see above). 

Second, we quantified the NEE by calculating total changes in aboveground biomass carbon 

stocks using Soil Moisture and Ocean Salinity (SMOS) L-VOD data 30,34, accounting for lateral and 
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burial carbon fluxes (see above). Soil, deadwood, litter, and belowground biomass carbon stock 

changes were excluded due to high uncertainty 55. 

Third, we estimated national-scale net carbon fluxes of terrestrial ecosystems (i.e., gross 

primary productivity minus ecosystem respiration) using the flux tower data-driven global map 

X-BASE 126. Since this only included carbon removals in structurally intact terrestrial ecosystems, 

we accounted for carbon emissions related to CO2 outgassing in inland and coastal waters 

(Foutgas; described below), land-use change emissions (FLUC; see above), and emissions from 

biogenic volatile organic compounds (BVOCs) 183 to calculate NEE. We excluded carbon emissions 

related to wood and crop products, and geological processes 181. We quantified total carbon 

emissions due to aquatic CO2 evasion (Foutgas) by summing carbon fluxes in inland waters 

(Frivers+lakes+reservoirs outgas; rivers, lakes, and reservoirs), coastal waters (Festuaries), and coastal 

vegetation (Fcoastal vegetation; see above) (Supplementary Figure 6). We first used the carbon 

efflux rate map from Liu et al. 184 to estimate CO2 outgassing in rivers. Second, we calculated 

carbon emissions in lakes and reservoirs by using regional carbon efflux rates from Raymond et 

al. 185. The uncertainty equaled 50% of the national-level estimate 55. Third, to compute Festuaries, 

we summed national-scale carbon fluxes in tidal systems/deltas and lagoons 70 by multiplying 

country-level surface areas by area-weighted median flux rates at the African continental or 

global level from Rosentreter et al. 71, with the uncertainty equaling the interquartile range. The 

final estimate of Foutgas equaled the sum of the carbon fluxes in inland and coastal waters, with 

the uncertainty calculated using error propagation. 

Carbon emission through fossil fuel combustion (FFo) 

Carbon emissions through fossil fuel combustion, oxidation and cement production (FFo) 

were quantified using the global compilation of national data reported by the Global Carbon 

Budget 26. Bunker fuel emissions were excluded. The uncertainty equaled 5% of the emissions 26. 

Then, to highlight the relevance of preserving the net carbon sinks in African tropical moist forest-

rich countries, we compared bottom-up and top-down NEE with fossil fuel emissions at a national 

and regional level (Table 1). 
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Figures 
Figure 1 – Overview of bottom-up and top-down methods for calculating net ecosystem 

exchange. The top-down and bottom-up approaches are shown on the left and right from the 

vertical dashed line, respectively. Colors represent carbon pools, including aboveground live 

biomass (ΔAGB; in dark green), belowground live biomass (ΔBGB; in light green), soil organic 

carbon (ΔSOC; in brown), deadwood and litter (ΔDWL; in light orange), and other fluxes (other; in 

grey). The grey box shows carbon flux components quantified using the bottom-up approach: 

structurally intact terrestrial ecosystems (∆𝐶𝑖𝑛𝑡𝑎𝑐𝑡), land-use change (𝐹𝐿𝑈𝐶), inland and coastal 

waters (𝐹𝑎𝑞𝑢𝑎𝑡𝑖𝑐: sum of lateral carbon export from river to ocean, burial in sediment, and removal 

in coastal vegetation), and trade in crop and wood products (𝐹𝑐𝑟𝑜𝑝+𝑤𝑜𝑜𝑑). The orange box shows 

the processes covered by each flux component, and the black box lists the used data products (see 

Supplementary Figure 1 for details). Dotted lines indicate components that can represent either 

removals or emissions. Adapted from Winckler et al. 186. 

Figure 2 – Biomass carbon stock fluxes in structurally intact terrestrial ecosystems for 18 African 

tropical moist forest-rich countries, averaged from 2015 to 2019 (∆𝑪𝒊𝒏𝒕𝒂𝒄𝒕 ; in TgC yr-1). 

Negative values represent net carbon removal from the atmosphere. Carbon removals are 

shown for national (left), regional (middle), and whole region (right) scales, with both median 

absolute (A) and area-weighted (B) values. Area refers to the total surface area of the region, 

excluding water bodies (from FAO 153). Symbols represent carbon removal estimates from 

upscaled forest plot measurements (AfriTRON 1; squares), Bayesian CARbon DAta–MOdel 

fraMework (CARDAMOM 57; dots), and the average of 17 Dynamic Global Vegetation Models 

from TRENDY v11 58,59 (DGVMs; triangles) (see legend at the bottom). Vertical lines across each 

symbol represent the uncertainty (standard deviation). Boxes represent the median (horizontal 

line) and interquartile range (box) across the three methods based on a Monte Carlo approach. 

Colors indicate regions: Atlantic Central Africa (green), Congo Basin (purple), West-Africa (light 

green). Country codes follow IBAN standards (see Supplementary Table 1 for abbreviations). 

Figure 3 – Bottom-up estimates of carbon flux components of 18 African tropical moist forest-

rich countries, averaged from 2015 to 2019. (A) Absolute carbon removals (negative bars) and 
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emissions (positive bars) at national (left), regional (middle), and whole region (right) scales (in 

TgC yr-1). Colors in the bars represent the components of median absolute carbon fluxes: carbon 

removal by structurally intact terrestrial ecosystems (∆𝐶𝑖𝑛𝑡𝑎𝑐𝑡: from Figure 2), land-use change 

flux (𝐹𝐿𝑈𝐶), net flux in aquatic ecosystems (𝐹𝑎𝑞𝑢𝑎𝑡𝑖𝑐: carbon exported to oceans, buried in 

sediment, and sequestered by coastal vegetation), and  lateral carbon flux from trade in crops 

and wood (𝐹𝑐𝑟𝑜𝑝+𝑤𝑜𝑜𝑑). Countries are ranked by the magnitude (descending) and direction 

(source to sink) of the bottom-up net ecosystem exchange (sum of all emissions and removals), 

shown as a horizontal black line for each region. (B) Median carbon removals and emissions 

weighted by unit area (in MgC ha-1 yr-1). The area refers to total surface area of the region, 

including water bodies (from FAO 153). Countries are ranked by the magnitude (descending) and 

direction (source to sink) of the bottom-up net ecosystem exchange per hectare, shown as a 

horizontal black line for each region. Country codes follow IBAN standards (see Supplementary 

Table 1 for abbreviations). See Supplementary Table 2 for national-scale carbon fluxes (per 

hectare) with uncertainty. 

Figure 4 – Net ecosystem exchange (NEE) for 18 African tropical moist forest-rich countries, 

averaged from 2015 to 2019. (A) Median absolute NEE (in TgC yr-1) at national (left), regional 

(middle), and whole region (right) scales, representing the sum of removals and emissions. 

Symbols indicate the NEE estimates from the bottom-up (points) and top-down approach 

(triangles) (see legend at the bottom and Supplementary Figure 8 for national-scale inversion 

model estimates). Vertical lines across each symbol represent uncertainty (interquartile range). 

Boxes show the ensemble NEE or median across the two methods (horizontal line) with 

interquartile range (box) using a Monte Carlo approach. Colors indicate regions: Atlantic Central 

Africa (green), Congo Basin (purple), West-Africa (light green). Countries and regions are ordered 

by the magnitude (descending) and direction (source to sink) of the ensemble NEE. (B) Area-

weighted NEE (in MgC ha-1 yr-1), with the total surface area of the region including water bodies 

(from the FAO 153). Country codes follow IBAN standards (see Supplementary Table 1 for 

abbreviations). 
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 Tables 
Table 1 – Comparison of net ecosystem exchange with fossil fuel fluxes at national and regional 

scales for 18 African tropical moist forest-rich countries, averaged from 2015 to 2019. Net 

ecosystem exchange (NEE) from bottom-up and top-down approaches, and fossil fuel emissions 

(FFo) are shown at both national and regional levels. Countries and regions are ordered by the 

magnitude of fossil fuel emissions. 

Country / Region FFo  

(in TgC yr-1) 

Bottom-up NEE  

(in TgC yr-1) 

Top-down NEE  

(in TgC yr-1) 

National 

Central African 

Republic (CAF) 

0.1 ± 0.003 38 ± 69.2 48.8 ± 31 

Guinea-Bissau (GNB) 0.1 ± 0.004 -4.7 ± 2.5 0.9 ± 1.9 

Burundi (BDI) 0.1 ± 0.007 -0.2 ± 1.1 0.3 ± 1.1 

Liberia (LBR) 0.2 ± 0.009 6.5 ± 5.2 -0.1 ± 2.8 

Sierra Leone (SLE) 0.3 ± 0.02 6.8 ± 9.8 4.4 ± 3.7 

Rwanda (RWA) 0.3 ± 0.02 0 ± 0.8 0.1 ± 0.7 

Togo (TGO) 0.6 ± 0.03 -0.6 ± 2.4 3.6 ± 3.8 

Guinea (GIN) 0.8 ± 0.04 5.4 ± 20 18.5 ± 16 

Democratic Republic of 

the Congo (COD) 

0.9 ± 0.04 66.8 ± 91.3 3.1 ± 151.2 

Uganda (UGA) 1.4 ± 0.07 -6.1 ± 6.8 7.5 ± 7 

Gabon (GAB) 1.6 ± 0.08 -14.2 ± 12.9 -12.3 ± 14.1 

Republic of the Congo 

(COG) 

1.7 ± 0.08 -10.3 ± 13.8 -14.1 ± 28.8 

Equatorial Guinea 

(GNQ) 

1.8 ± 0.09 -1 ± 1.8 -0.9 ± 0.7 

Benin (BEN) 1.8 ± 0.09 0.4 ± 3.2 6.3 ± 7.5 

Cameroon (CMR) 2.7 ± 0.1 -17.2 ± 14.4 2.7 ± 13.6 

Ivory Coast (CIV) 3 ± 0.1 6.2 ± 11.8 9.6 ± 14.9 

Ghana (GHA) 4 ± 0.2 -0.6 ± 9.7 15.2 ± 15.6 

Nigeria (NGA) 31.2 ± 1.6 -17.9 ± 14.7 5.8 ± 34 

Regional 

Congo Basin 2.8 ± 0.1 98.5 ± 114.7 59.8 ± 154.5 
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Atlantic Central Africa 7.8 ± 0.2 -42.7 ± 23.8 -24.6 ± 34.8

West-Africa 41.9 ± 1.6 1.6 ± 31.6 64.2 ± 44.5 

Whole region 

Whole region 52.5 ± 1.6 57.4 ± 121.4 99.4 ± 164.5 
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