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Dramatic increase in ecosystem respiration
causes record-breaking atmospheric CO2
growth rate in 2024

Guanyu Dong 1, Fei Jiang 1,2,3 , Weimin Ju 1, Josep Peñuelas 4,5,
Philippe Ciais 6, Yongguang Zhang 1, Jingfeng Xiao 7, Xuhui Wang 8,
Wenping Yuan 8, Yuanyuan Huang 9, Chao Yue 10, Liangyun Liu 11,
Xing Li 12, Lei Fan 13, GuidoR. vanderWerf 14,MousongWu 1, JunWang 1,
Yanlian Zhou15, Jiaqi Tian 1, Hengmao Wang1, Wei He16, Lingyu Zhang 1,
Guoyuan Lv1, Yuanyuan Zhang 1 & Jing M. Chen 17,18

2024 is the hottest year on record, accompanied by extreme precipitation,
droughts and fires. The global atmospheric CO2 growth rate in 2024 reached a
historic high of 3.73 ppm yr-1, significantly surpassing the previous record set
during the 2015/16 El Niño event. Here, we investigate the causes and under-
lyingmechanisms of this record-high growth rate by combining satellite-based
atmospheric inversions and estimates of gross primary production and fire
emissions. We find that the record-high CO2 growth rate is due to large
reductions in the land CO2 sink. This is dominated by a dramatic increase in
total ecosystem respiration,whichoccurredprimarily in grass and shrub lands,
owing to compound hot-wet climatic conditions in 2024. Given the projected
increase in the frequency and intensity of compound pluvial-hot extremes
under warming, changes in ecosystem respiration will become more drastic
and cause positive feedback to climate warming.

The global terrestrial carbon dioxide (CO2) sink (hereinafter “land
sink”) has increased significantly since the 1960s but exhibits pro-
nounced interannual variability (IAV) driven by climate anomalies,
which dominates the IAV of the atmospheric CO2 growth rate (CGR)1,2.

In 2024, the global mean temperature was 1.55 °C above pre-industrial
levels (1850–1900), making it the hottest year on record3. This
exceptional warming coincided with a prolonged El Niño event (June
2023–March 2024) followed by the onset of La Niña (from September
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2024), contributing to unprecedented precipitation extremes,
droughts, and fires4–7. Such pulse disturbances might significantly
affect the land sink8–10. Although a record-breaking high global vege-
tation greenness was observed in 2024, some vegetated areas exhib-
ited browning signals due to hot-dry conditions, resulting in
pronounced regional variations11. Meanwhile, the global fossil fuel and
cement (FFC) CO2 emissions reached an all-time high of ~10 PgC yr−1 in
2024, marking a 0.9% increase from 2023 levels12. According to CO2

records frommarineboundary layer (MBL) stations13, the global annual
mean CGR reached 3.73 ppmyr−1 in 2024, the highest value in its
records since 1959, surpassing the 2015 peak (2.96 ppmyr−1) induced
by extreme El Niño events (Fig. S1). The increased atmospheric CO2

concentration and associated warming have triggered a series of glo-
bal environmental crises in 2024, such as anomalously low sea ice
extent14, faster sea level rise15, increased ocean heat content16, and
extremely high lake surface water temperature17. An in-depth analysis
of the causes of the record-breaking high CGR in 2024 is thus
imperative, as the causes are currently unclear to us.

Large-scale anomalous warming can enhance carbon releases
from the biosphere to the atmosphere, especially in the tropics, but
the carbon processes driving the land net biosphere exchange
(NBE = TER –GPP + Fire) anomalies are different in different regions
and episodes18. For example, during the period of extreme 2015/16 El
Niño event, the declined land sink in the tropical America was domi-
nated by gross primary production (GPP) reductions, whereas the
declined sink in the tropical Africa and tropical Asia was primarily
caused by increased total ecosystem respiration (TER) and elevated
fire carbon emissions, respectively18. By contrast, the decline in the
tropical land sink in the extremely hot year 2023wasmore attributable
to decreased GPP than to increased TER19. Such divergence in carbon
cycle responses between the 2023 and 2015/16 El Niño events, as well
as across continents, can be attributed to heterogeneous climate
anomalies and the intrinsic differences in terrestrial ecosystem
response to disturbances. However, the responses of terrestrial eco-
system carbon sinks to climate extremes remain elusive. The year
2024, characterized by out-breaking high temperatures and hetero-
geneous moisture anomaly conditions3,5, provides another unique
opportunity to analyze the responses of the terrestrial carbon cycle to
climate extremes.

Top-down atmosphericCO2 inversions use atmospheric CO2mole
fractions from globally distributed surface stations or column-
averaged dry-air CO2 mole fraction (XCO2) retrievals from satellite
observations to estimate global and/or regional carbon sinks and
sources20,21. Evaluations from independent aircraft observations indi-
cate that the Orbiting Carbon Observatory-2 (OCO-2) XCO2 retrievals
have similar performance to surface CO2 measurements in atmo-
spheric inversions when estimating global carbon fluxes22. In regions
with sparse surface in-situ measurements (e.g., the tropics), however,
OCO-2 satellite observations can provide better spatial coverage and
therefore improve the estimates of regional carbon fluxes and better
reveal the impactof extremeclimate events on terrestrial carbon sinks.
The atmospheric inversions by assimilating OCO-2 XCO2 retrievals
have been widely used to analyze the impact of climate extremes on
the global and/or regional carbon cycle18,19,23–25.

To investigate the causes and underlying mechanisms of the
record-breaking high CGR in 2024, we use the Global Carbon Assim-
ilation System, version 2 (GCASv2)26, to estimate monthly and 1° × 1°
NBE fluxes by assimilating OCO-2 XCO2 retrievals

27. To obtain a more
comprehensive estimate, two fire emission datasets28,29 and two bio-
sphere flux simulations30,31 are used as prior information for the
inversions (see “Methods”). The atmospheric inversions are evaluated
independently using CO2 observations from global background
stations32,33, and using the global CGR from the MBL stations13

(Fig. S2–5 and Tables S1–2). During 2015–2024, themean biases in CO2

concentrations and global mean CGR are 0.25 ± 0.15 ppm and

–0.06 ±0.19 ppmyr−1, respectively (Figs. S3 and S5). At most stations,
the biases in 2024 are similar to those in previous years (Table S2),
indicating a good performance of our inversions in this study (details
are shown in Text S1). By further combining two satellite-derived GPP
products34,35, we quantify the anomalies of NBE and its components
(including fire carbon emissions, GPP, and TER (TER =NBE +GPP –

Fire)) for 2024 relative to 2022. The reasons for choosing 2022 as the
reference year are: (1) 2022 is the latest yearwith a normal CGR; (2) due
to the extreme 2015/16 El Niño event, the tropical land sinks did not
fully recover before 202236–38.

Results
Declined global land sink in 2024 due to increased ecosystem
respiration
To investigate the causes of record-high CGR in 2024, we quantify
anomalies of global net carbon fluxes (NCFs) and their major con-
stituents (i.e., NBE, ocean-atmospheric carbon exchanges (Ocean
fluxes), FFC emissions), where positive and negative values indicate
net CO2 release to and uptake from the atmosphere, respectively. In
the year 2024, the global NCF was estimated at 7.08 ± 0.55 PgC yr−1

(Table S3), resulting fromFFC emissions (10.17 PgC yr−1) being partially
absorbed by the land (–0.32 ±0.53 PgC yr−1) and the ocean
(–2.77 ± 0.16 PgC yr−1). Compared to the reference year 2022, the glo-
bal NCF in 2024 increased by 2.87 ± 0.80 PgC yr−1, with NBE showing a
notable positive anomaly of 2.62 ± 0.76 PgC yr−1 (positive NBE
anomalies represent a decrease in land sinks), accounting for 91% of
the global NCF anomaly (Table S1). By contrast, the FFC emissions
increased by 0.27 PgC yr−1, while the ocean sink increased slightly by
–0.02 ±0.24PgC yr−1. These results indicate that the surge in 2024CGR
is mainly due to large reductions in the land sink (Fig. 1a).

The 2024 NBE exceeded the anomalously high 2015–2016 NBE
caused by the extreme 2015/16 El Niño event,making it the lowest land
sink over the last decade (Fig. 1b). Compared to 2022, fire carbon
emissions in 2024 showed a positive anomaly of 0.65 ± 0.13 PgC yr−1

(Fig. 1d and Table S3). Although GPP showed a positive anomaly of
2.28 ± 0.63 PgC yr−1, which could offset the carbon releases from fires,
the TER increased dramatically, with an anomaly value reaching
4.30 ±0.99 PgC yr−1 (Fig. 1c and Table S3), suggesting that the increase
in TER dominated the observed decline in the global land sink in 2024.

We also quantify anomalies of NBE and its constituent fluxes
across major biomes, i.e., forests, shrub/grasslands, and croplands
(Fig. S6a and insets in Fig. 2). The results show that shrub/grasslands
contributed49% to the globalNBE anomalies in 2024,while forests and
croplands contributed 33% and 18%, respectively. The decrease in land
sinks in shrub/grasslands and croplands is mainly due to increased
TER, while the decline in land sinks in forests is due to increased TER
and fire emissions. Overall, these results suggest that the decrease in
the global land sink in 2024 was primarily contributed by non-forests
(especially shrub/grasslands) rather than forests.

Regional contributions to the declined global land sink in 2024
In 2024, most regions witnessed a widespread decline in the land sink,
mainly in eastern US, most of Europe, western Siberia, South America,
southern Africa, India, and China (Fig. 2a). Only 36% of the global land
areas showed enhanced land sinks, such as central and eastern Siberia
and parts of Canada (Fig. 2a). In regions with declined land sinks, TER
generally exhibited positive anomalies, except for southern Africa and
northeastern Brazil where negative TER anomalies occurred (Fig. 2c).
We find a spatially synchronized variation between GPP and TER, but
the magnitude of GPP increases was generally lower than that of TER
increases (Fig. 2b). In addition, elevated fire carbon emissions were
observed in Canada, South America, Angola, eastern Siberia, and
northern Australia (Fig. 2d).

To better understand the regional contributions to the declined
global land sink in 2024, we aggregate the land carbon fluxes in four
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latitudinal bands and in 9 land regions of the REgional Carbon Cycle
Assessment and Processes (RECCAP) project39 (Fig. S6b). Our results
show that the positive global NBE anomalies in 2024 were dominated
by the tropics (23°N–23°S, 1.42 ± 0.42 PgC yr-1), whereas the extra-
tropical lands showed limited contributions in NBE anomalies:
0.57 ± 0.40 PgC yr−1 over the Northern Hemisphere (NH) mid latitudes
(23–50°N), 0.33 ± 0.14 PgC yr−1 over the Southern Hemisphere (SH)
mid-to-high latitudes (23–60°S), and 0.17 ± 0.39 PgC yr−1 over the NH
high latitudes (50–90°N) (Fig. 3). Over the NHmid and high latitudinal
regions, NBE exhibited negative anomalies during April–May 2024 and
switched to positive anomalies in the following months (Fig. S7–8). In
contrast, the positive NBE anomalies were observed throughout the
year in tropics and SH mid-to-high latitudinal regions (Fig. S7–8).
Overall, the enhanced land sinks in April–May over the NH mid and
high latitudinal regions were partly offset by the decreases in
June–August, while the strongly reduced sink in tropics persisted
throughout the year, dominating the global seasonal NBE anomalies.

All of the RECCAP regions showed positiveNBE anomalies in 2024
relative to 2022, but with different magnitudes. Large positive NBE
anomalies were found in South America (0.66 ±0.27 PgC yr−1), Africa
(0.68 ±0.31 PgC yr−1), and North America (0.37 ± 0.32 PgC yr−1),
whereas other regions tended to have less contributions:
0.21 ± 0.14 PgC yr−1 in West/Central/South Asia, 0.16 ± 0.09 PgC yr−1 in
Oceania, 0.12 ± 0.10 PgC yr−1 in Southeast Asia, 0.08 ±0.33 PgC yr−1 in
Russia, 0.14 ± 0.20 PgC yr−1 in East Asia, and 0.09 ± 0.19 PgC yr−1 in
Europe (Fig. 3). In tropics and SH mid-to-high latitudinal regions,
shrub/grasslands dominated the NBE anomalies, whereas over the NH
mid and high latitudinal regions, croplands and forests were themajor

contributors to the NBE anomalies (Fig. S9–10). The declines in land
sinks across most regions were primarily driven by enhanced TER, as
observed in Europe, West/Central/South Asia, East Asia, Africa, Ocea-
nia, South America, and North America (Fig. 3). In contrast, in Russia
and Southeast Asia, the NBE anomalies were primarily caused by the
elevated fire emissions and decreased GPP, respectively.

It shouldbenoted that the carbon flux anomaliesmayhave strong
spatial variations in a region, which could have biased the contribution
of land flux anomalies in regionally aggregated results, such as in
Russia and Africa.We thus analyze the spatial distribution of dominant
contributors driving the NBE anomalies and find that TER increase
made dominant contributions to the positive NBE anomalies over 40%
of the global land area (Fig. 4a–c). In contrast to the regionally
aggregated results, the positive NBE anomalies in West Russia were
dominated by enhanced TER, whereas the negative NBE anomalies in
East Russia and Canada were mainly caused by the decreased TER
(Fig. 4a). Additionally, the declined land sinks in southern Africa,
northeast Brazil, and southeast Asia were dominated by decreased
GPP. Although areas dominated by increased fire emissions accounted
for only 3% of the global land area, they contributed
0.56 ±0.08 PgC yr−1 to global NBE anomalies in 2024, especially for the
tropics and NH high latitudinal regions (Fig. 4b, c).

Responses of land carbon fluxes to climate anomalies in 2024
Compared to 2022, most regions around the world experienced
extremely high air temperature anomalies (ΔT) in 2024, such as Africa,
eastern Europe, southern Australia, and North and South America
(Fig. S11–12). Meanwhile, negative anomalies of terrestrial water

Fig. 3 | Regional and latitudinal contributions of land carbon flux anomalies
in 2024. The bottom left panel shows anomalies of net biosphere exchange (NBE),
gross primary production (GPP), total ecosystem respiration (TER), and fire emis-
sions at the latitudinal scale (unit: PgC yr−1), including NH high latitudes (50–90°N),
NH mid latitudes (23–50°N), tropics (23°N–23°S), and SH mid-to-high latitudes

(23–60°S). Other panels show anomalies of NBE, GPP, TER, and fire emissions in
each RECCAP region (unit: PgC yr−1). For the RECCAP region, the “West Asia” and
“South Asia” are combined into “West/Central/South Asia”. The error bars indicate
uncertainties of these carbon fluxes (see “Methods”).
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storage (TWS), representing total soil water availability, were observed
in Canada, Amazon, and southern Africa, whereas positive TWS
anomalies (ΔTWS) occurred in Europe, western Russia, central Asia,
eastern Africa, and northern Australia (Fig. S11–12). We find that the
declined land sink in 2024 was associated with high temperatures and
TWS anomalies: under hot-dry conditions, both GPP and TER generally
exhibited negative anomalies, with GPP reductions exceeding TER
decreases; whereas under hot-wet conditions, GPP and TER generally
showed positive anomalies, but TER increases substantially outpaced
GPP (Fig. 4c, d).

We examine the carbon flux anomalies within the climate phase
space (i.e., ΔT and ΔTWS) for 2024, disaggregated across different
biomes and latitudinal bands (Fig. S13–15). Results show that net car-
bon losses in tropical shrub/grasslands increased under intensified
hot-dry and hot-wet anomalies, primarily driven by reducedGPPunder
hot-dry conditions and increased TER under hot-wet conditions
(Fig. S13c). Notably, critical thresholds of ΔT and ΔTWS that trigger
large carbon losses in these ecosystemswere identified: under hot-dry
conditions, losses occur when ΔT > 1.2 °C and ΔTWS <–10 cm, and
under hot-wet conditions, they occur when ΔT >0 °C and ΔTWS> 20
cm. Similar results are observed in the SHmid-to-high latitudes, where
net losses arise when ΔT >0.8 °C and ΔTWS <–5 cm (Fig. S13d). In
tropical forests, net carbon losses under hot-dry conditions generally
result from decreased GPP and elevated fire emissions; however, no
clear trends along gradients of temperature and TWS were evident
(Fig. S14c). By contrast, biomes in the NHmid latitudes generally show
net carbon losses under warming, primarily due to the increased TER

(Fig. S13–15). For the NH high latitudinal biomes, TER-induced carbon
losses tend to occur during hot-wet conditions within a ΔT range of
0–1 °C and ΔTWS>0 cm (Fig. S13–15). Under hot-dry conditions,
although reducedGPP is largelyoffset bydecreasedTER, enhancedfire
emissions likely drive net carbon losses when ΔT > 1 °C and ΔTWS
<–5 cm. However, given that the temperature and TWS thresholds are
empirically derived from the 2024 climate events, further investigation
is needed to determine whether these thresholds shift across different
spatiotemporal scales in the future. To better understand the vulner-
ability of global terrestrial ecosystems to climate change, we sum-
marize the carbon flux responses under compound climate extremes
in 2024 for each biome (Fig. S16–17 and Table S4). Overall, the global
land sinks generally weaken under extreme hot-dry and hot-wet con-
ditions, with tropical shrub/grasslands experiencing greater reduc-
tions than other biomes.

Over the NHmid and high latitudes, the increases in GPP and land
sinks during April–May 2024 could be attributed to an earlier onset of
growing season driven by elevated spring (March–May) air tempera-
ture (Figure S7–8 and S18–19). Relatively high spring temperatures and
the accompanying accelerated landscape thawing advanced the start
of growing season and enhanced plant photosynthesis40,41, which has
been documented in previous studies42–44. The positive GPP anomalies
could also be observed after June, especially for NH mid-latitudinal
regions, which is associated with continued warm and wet conditions;
But the GPP increases were offset by increased TER and fire emissions,
leading to decreased land sinks in following months
(Figs. S7–8 and S18–19). Over the tropics and SHmid-to-high latitudes,

Fig. 4 | Dominant contributors to the net biosphere exchange (NBE) anomalies
in 2024. a Spatial pattern of dominant contributor driving NBE anomalies in 2024,
defined as the carbon fluxes that contribute the most to the positive (or negative)
NBE anomalies for each 1° × 1° grid. The inset in (a) denotes the area ratio of each
dominant contributor. b Contribution of different dominant zones to 2024 NBE
anomalies in latitude bands (50–90°N, 23–50°N, 23°N–23°S, 23–60°S). c Land
carbon flux anomalies in 2024 for each dominant zone, including NBE, gross

primary production (GPP), total ecosystem respiration (TER), and fire emissions.
d Climate anomalies in 2024 for each dominant zone, including air temperature,
terrestrial water storage (TWS), vapor pressure deficit (VPD), and solar radiation
(SR). σ is multi-year (2000–2021) standard deviation of the climate. TWS is taken
from GRACE-FO data product. Air temperature, VPD, and SR are taken from ERA5-
Land dataset.
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El Niño-induced extreme heat and drought hit southern Africa and
eastern Brazil (Figure S11), leading to declines in GPP and land sinks. In
northern Argentina, Uruguay, and Bolivia, the GPP increases under the
hot-wet conditions, but wear offset by increased TER and fire emis-
sions. However, for eastern Africa, characterized by moderate air
temperatures, the combination of abundant water availability and
reduced VPD created favourable conditions for plant growth, leading
to increased GPP and land sinks (Fig. S11).

We further fit the relationships between TER and air temperature,
TWS, and GPP during 2015–2024 over shrub/grasslands, forests, and
croplands (seeMethods), focusing on regions dominated by increased
TER. Over the shrub/grasslands, we find that the response of TER to air
temperature is amonotonic function,withTER increases exponentially
with air temperature during 2015–2024 (Fig. 5a). Similar TER-air tem-
perature response curve could also be found in forests and croplands
(Fig. S21–22). However, recent evidence suggests optimal temperature
response of TER, i.e., TER rises with air temperature and reaches a
maximumvalue at an optimal air temperature, followedby a decline as
air temperature increases further45,46. This divergence may arise
because regional aggregations mask the locally optimal response of
TER to extreme high temperatures. To reconcile this divergence, we
further quantify the TER-temperature relationship at the grid-cell level,
incorporating both spatial and temporal variabilities in TER and tem-
perature (Text S2). The results show a unimodal temperature response
of TERacrossbiomes and timescales (Fig. S23–28), aligningwith recent
studies45,46. Notably, although some local temperatures have exceeded

the optimal temperature threshold for TER, the 2024 mean tempera-
ture across most regions and biomes remains below the optimum
threshold (Fig. S23–24). This suggests that TER rates retain the
remarkable potential for further increase globally/regionally under
continued climate warming.

Similar to the TER-temperature response curve, the TER-TWS
relationship in shrub/grasslands shows that the TER increases mono-
tonically with TWS (Fig. 5b), reflecting the effect of soil water availability
on TER45,47. We note that the TWS response of TER differs in forests
compared to shrub/grasslands and croplands (Fig. S21–22). This is
probably because forest respiration in these regions is more limited by
temperature than bywater availability48. On the other hand, the ongoing
global greening trend can increase vegetation photosynthesis, which
directly enhances autotrophic respiration through metabolic processes
and indirectly modulates heterotrophic respiration via changes in
belowground carbon allocation45,49. These effects can be reflected in the
linear relationship between GPP and TER (Fig. 5c).

We further quantify the contributions of climate (i.e., air tem-
perature and TWS) and GPP anomalies to the TER anomalies in 2024
using a multiple non-linear regression model (see Methods). The
results show that climate and GPP changes over shrub/grasslands
contributed 35% and 65%, respectively, to the positive TER anomalies
in 2024 (Fig. 5d). Positive contributions from climate anomalies to the
TER increases were also found in forests and croplands, contributing
63% and 43% of the 2024 TER anomalies, respectively (Fig. S21–22).
However, it is worth noting that climatic anomalies can indirectly

Fig. 5 | Responses of total ecosystem respiration (TER) to air temperature,
terrestrial water storage (TWS), and gross primary production (GPP) during
2015–2024 over the shrub/grasslands. Relationship between the TER and (a) air
temperature, (b) TWS, and (c) GPP during 2015–2024. d Contributions of climate
(i.e., air temperature and TWS) and GPP changes to TER anomalies in 2024. The
blue, grey, and green bars in d represent the direct (blue) and indirect (grey)

climate impacts through GPP, as well as the other GPP impacts (green), on TER
anomalies in 2024, respectively. The TER-air temperature and TER-TWS response
curves are fitted by a second-order polynomial model, whereas the TER-GPP
response curve is fitted by a linear model (see “Methods”). The black dashed lines
denote the regression lines fitted to data, whereas the shaded areas indicate 95%
confidence interval. Here, the TWS is taken from GLDAS dataset.
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influence TER by affecting GPP, which can be detected through mul-
ticollinearity diagnostics (Table S5). We thus use a residualization
method to further separate the indirect climate effects and other GPP
effects in shrub/grasslands (see “Methods”). The results demonstrate
that GPP contributions primarily stems from indirect climate effects,
while the residual GPP effects induced by other factors being com-
paratively small (Fig. 5d). However, it should be noted that the specific
roles of TER components (autotrophic respiration versus hetero-
trophic respiration) in driving the 2024 land sink decline cannot be
diagnosed here, as autotrophic respiration increases are often coupled
with GPP gains. The contribution of individual TER components needs
to be studied further in the future.

Discussion
The uncertainty in this study mainly stems from the estimates of TER
and GPP. The two satellite-derived GPP products (i.e., GOSIF GPP and
FluxSat GPP) used in this study have been independently evaluated by
global eddy covariance (EC) sites and demonstrate a high correlation
with EC-basedGPP34,35. The twoGPPproducts also exhibited consistent
IAV and trends during 2015–2024. Besides, the spatial pattern of GPP
anomalies matched well with that of normalized difference vegetation
index (NDVI) and solar-induced chlorophyll fluorescence (SIF)
anomalies (Fig. S29), and across different RECCAP regions, the GPP
anomalies are linearly correlatedwith those of NDVI and SIF anomalies
(Fig. S30). These suggest that the estimated GPP is robust in this study.
For the estimated TER, we evaluate it using ground-based CO2 flux
observations from global EC sites (Fig. S31 and Table S6). The results
reveal a reasonable agreement between our grid-cell TER estimates
and site-level EC-based TER (R2 = 0.47 and RMSE = 424.30 gCm−2 yr−1

for 2024, R2 = 0.51 and RMSE = 370.76 gCm−2 yr−1 for 2022) (Fig. S32).
This independent validation provides strong corroboration for our
estimates, even while acknowledging that obvious scaling dis-
crepancies between point measurements and regional estimates can
influence precise numerical agreement. In addition, our estimated TER
implicitly includes carbon releases from other processes, such as CO2

outgassing from inland waters50 and estuaries51 and CO2 emissions
from land-use change (LUC). The CO2 outgassing is substantially
smaller compared to that from TER. Recent estimates indicate that
global LUC emissions in 2024 are only slightly lower than those in 2022
by ~0.05 PgC (Fig. S33)52. Considering that the temperature sensitivity
of TER shifts with land use and land cover changes53, we also analyze
the land cover changes, and the results show that the extent and
intensity of land cover changes between 2022 and 2024 are very small
(Fig. S34). Thus, the contribution of carbon flux anomalies caused by
these processes to IAV of TER and the 2024 TER anomalies is quite
limited.

We find contrasting roles of hot-dry and hot-wet conditions in
reducing land sinks. To verify this finding, we examine the EC obser-
vations and select EC sites that experienced hot-wet and hot-dry
anomalies in 2024. We find that all EC sites exhibited a decrease in net
CO2 uptake (Fig. S35–36 and Tables S7–8). Regardless of how the hot-
dry and hot-wet thresholds are defined, the declined CO2 uptake is
dominated by the increased TER at sites experiencing hot-wet
anomalies (Fig. S35 and Table S7) and by GPP reductions at sites
experiencing hot-dry anomalies (Fig. S36 and Table S8), consistent
with our finding. Nonetheless, the subset of EC sites analyzed here
(n = 6 for hot-dry anomalies, n = 12 for hot-wet anomalies) is quite
limited, and the site-to-site heterogeneity is evident. Meanwhile, our
analyses based on annual aggregates maymask nuances related to the
seasonal timing of extremes, management practices (e.g., tillage and
irrigation), and biome-specific responses. Therefore, these EC site-
scale results should be interpreted as supportive rather than fully
generalizable.

Our results are also consistent with a previous study that suggests
increased carbon release in parts of the NH during 2004–2018 due to

greater increases in TER than GPP under warm and wet conditions54.
Furthermore, controlled experiments in boreal forests under different
warming and rainfall scenarios demonstrate that soil moisture mod-
ulates the temperature sensitivity of respiration, with wetter soils
exhibiting a greater increase in soil respiration under warming than
drier soils55. Similarly, warming control experiments in tropical forests
have recorded a 42–204% increase in soil respiration rates in warm
plots compared to ambient plots56. A five-year precipitation manip-
ulation experiment in temperate meadow steppes also confirms that
TER and its components increase significantly during extremely wet
spring and summer57. Moreover, EC observations and ground mea-
surements suggest that both vegetation and microbial carbon use
efficiency decrease with increasing temperature and moisture58,59, i.e.,
hot-wet conditions can increase carbon emissions via enhanced TER
rates. These controlled experiments and ground measurements all
support our findings.

The increased TER in 2024 under hot-wet conditions may be due
to multiple potential mechanisms. For example, the efficiency of
enzymes andmetabolic rate typically increasewith temperature under
their optimal temperature45, leading to an increase in the ecosystem
respiration rate. Meanwhile, higher temperatures and increases in soil
moisture can stimulate the soil microbial activity and the decom-
position rate of litter and soil organic matter (SOM)60. Hot-wet con-
ditions can also promote nutrient mineralization (e.g., nitrogen and
phosphorus), which relieves the microbial metabolic constraints and
enablesmore complete SOMdecomposition. Moreover, the enhanced
plant growth in 2024 provided additional labile carbon inputs via root
exudates and litterfall61, thereby increasing the soil respiration rate.

Our results suggest that the overall temperature in 2024 is still
below the optimum threshold at the global/regional scale. In future
extremely hot and wet years, the TER will likely increase more than
GPP, leading to a reduction in land sinks. Notably, current climate
models project a significant increase in the risk of compound extreme
weather events over most global land areas, particularly in regions
already experiencing high temperatures and/or high precipitation
variability62–64. This increased risk is primarily attributable to climate
warming62,63, with future compound pluvial-hot extremes expected to
be more severe than compound hot-dry extremes63. Given the
increasing number and intensity of compound pluvial-hot events
under global warming, the risk of future TER-driven reductions in the
land sink will continue to increase. Ecosystem respiration may thus
play an increasingly dominant role in controlling the IAV of the global
land sink in the future.

It should be noted that this study selects 2022 rather than multi-
year averages as the baseline year, primarily to eliminate the legacy
effect of extreme2015/16 ElNiño event on land sinks. However, despite
2022 is the year with a normal CGR and land sink globally, climate
extremes may occur at regional scales, such as 2022 extreme heat-
drought event in Europe42 and southern China65, potentially introdu-
cing limitations and uncertainties into estimates of 2024 regional land
sink anomalies. Besides, this study primarily uses precipitation and
TWS anomalies to represent the dynamics of water availability, but
these factors may not fully capture the influence of plant-available soil
moisture66, atmospheric aridity67, and antecedent climate conditions68

on land carbon fluxes. Meanwhile, TWS integrates multiple hydro-
logical cycle processes (e.g., precipitation, runoff, evapotranspiration,
groundwater, ice and snow, etc.); it is thus difficult to attribute carbon
flux anomalies to the specific hydrological process. In addition, the fire
emission datasets (GFED4.1s, GFAS) used in this study provide esti-
mates of carbon released into the atmosphere during combustion, but
they do not capture critical differences in fire type (e.g., crown fires vs.
surfacefires) thatmayhave varying impacts onpostfirebiogeophysical
and biogeochemical processes69. These datasets also do not account
for the long-term legacy effect of fire on carbon processes, such as the
high postfire vegetation mortality, which may result in additional
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carbon losses not reflected in the fire emission estimates.Moreover, as
other inversion results (e.g., from Carbon Tracker and RECCAP2) for
2024 were not available at that time, this study relies solely on the
GCASv2 inversions. Future intercomparison of atmospheric inversion
results for 2024 will be necessary.

In summary, our study reveals the causes and underlying
mechanisms of the record-high CGR in 2024 by combining GCASv2
atmospheric inversions with multiple satellite-derived carbon flux
estimates. We find that the surge in CGR in 2024 is due to large
reductions in the global land sink (2.62 ± 0.76 PgC yr−1), which is
dominated by the tropical regions (1.41 ± 0.42 PgC yr−1). The declined
land sink is mainly caused by the large increase in TER, owing to the
extreme hot-wet conditions as well as enhanced vegetation produc-
tion. This suggests that extreme heat and wet conditions can reduce
the land sink by increasing TER, providing a more comprehensive
understanding of how the land sink responds to climate extremes
under anthropogenic warming. Alarmingly, the global air temperature
anomalies in 2024 have broken the 1.5 °C threshold set by Paris
Agreement3, and there is thus an urgent need for anthropogenic
actions to decrease the carbon release fromgreenhouse gas emissions
and terrestrial ecosystem respiration, and enhance carbon sequestra-
tion capacity, in order to halt the continued warming of the Earth.

Methods
Global Carbon Assimilation System (GCAS), version 2
The global land and ocean CO2 fluxes were estimated using the
GCASv226, which has been used in the atmospheric inversion of the
global carbon budget1,70. In this study, the GCASv2 inversion frame-
work is the sameas the oneused inDonget al.71, where it is described in
detail.We updated the inversion estimates by assimilating the updated
version of OCO-2 XCO2 retrievals (ACOS V11.2 Level 2 Lite)27. We used
the JMA Ocean CO2 map72 for the Ocean fluxes and GCP-
GridFEDv2024.073 from the Global Carbon Project (GCP) for the FFC
emissions. Note that GCP-GridFEDv2024.0 was only updated to 2023
(hereafter FFCGCP); we used the FFC data from the Carbon Monitor12,74

(hereafter FFCCM) to extrapolate FFC emissions in 2024, based on the
ratios of FFCCM between 2023 and 2024 in different regions. We con-
ducted four atmospheric inversion experiments combining twomulti-
year averaged prior biosphere fluxes (BEPS30,75 and CASA-GFED4.1s31)
and two fire emission datasets (GFED4.1s28 and GFAS29). We computed
the mean across four experiments as the optimal estimates, and the
uncertainties were calculated as the mean of posterior flux uncer-
tainties across four experiments. A Monte Carlo approach was used to
calculate the uncertainties of posterior fluxes for each experiment.

Gross primary production estimates
We used two different satellite-derived GPP estimates during
2015–2024, i.e., GOSIF GPP34 and FluxSat v2.2 GPP35, which were both
generated based on machine learning techniques and have been vali-
dated by independent ground GPP measurements34,35. The GOSIF GPP
was estimated from OCO-2 SIF data based on linear SIF-GPP relation-
ships, which are in 0.05° × 0.05° spatial and 8-day temporal
resolutions34. The daily FluxSat GPP (spatial resolution, 0.05° × 0.05°)
was estimated based on eddy-tower GPP measurements, MODIS
reflectance data, and reanalysis data using neural network
architecture35. Both satellite-derived GPP used here were aggregated
to a spatial resolution of 1° × 1° on a monthly basis. We computed the
optimal estimate by averaging the two GPP products. The uncertainty
of GPP (δGPP) was estimated by considering the uncertainty induced by
the differences between the twoGPP products (δGPP1

) and the intrinsic
uncertainty for each GPP product (δGPP2

). The δGPP1
was estimated as

the standard deviation of 1000 bootstrapped samples23, while the
δGPP2

was calculated using the Monte Carlo method based on the
uncertainty data provided by each GPP product. Here, the uncertainty
of GPP was estimated as δGPP =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

δ2
GPP1

+ δ2
GPP2

q

.

Fire carbon emission estimates
We used two different fire emission data products. i.e., GFED4.1s28 and
GFAS29, which offer emissions of CO2, carbon monoxide (CO), and
methane (CH4). TheGFED4.1s usedCarnegie-Ames-Stanford Approach
(CASA) biogeochemical model, and MODIS burned area to estimate
global fire emissions at a 0.25° × 0.25° spatial resolution and 3-h
interval, which included contributions from small fires28. The GFAS
assimilated MODIS Fire Radiative Power (FRP) to generate global daily
emissions at a 0.1° × 0.1° spatial resolution. For each product, the fire
carbon emissionswere calculated as the sumof carbon emissions from
CO2, CO, and CH4, and then aggregated to 1° × 1° spatial and monthly
resolutions. We calculated the mean of GFED4.1s and GFAS as the
optimal estimates and assumed a 20% uncertainty in the estimates23.

Total ecosystem respiration estimates
Followingprevious studies18,23,24, themonthlyTERwas calculated as the
residual among atmospheric inversion-derived NBE, satellite-derived
GPP, and fire carbon emissions. Notably, only small fraction of CO and
CH4 emissions can be transformed to CO2 in the boundary layer, and
detected by the inversions76. The TER was calculated as follows:

TER=NBE+GPP� FireCO2 + 14%× ðCO+CH4Þ ð1Þ

where NBE and GPP are the optimal estimates of NBE and GPP.
FireCO2 + 14%× ðCO+CH4Þ represents fire carbon emissions from CO2 and
14% of CO and CH4. Considering that the uncertainties of NBE, GPP,
and fire emission estimatesmay be propagated into the TER estimates,
the uncertainty of TER estimates was calculated as follows18:

δTER =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

δ2
NBE + δ

2
GPP + δ

2
FireCO2 + 14% × ðCO+CH4 Þ

r

ð2Þ

where δTER, δNBE, and δGPP are the uncertainty of TER, NBE, and GPP
estimates, respectively. δFireCO2 + 14%× ðCO+CH4Þ

represents the uncertainty of
fire carbon emissions from CO2 and 14% of CO and CH4, calculated as
20% of these emissions. Notably, our uncertainty propagation
approach, like many others, assumes independent errors among NBE,
GPP, and fire emissions. This is a common simplification often neces-
sitated by the general lack of comprehensive knowledge regarding
error covariance structures across these complex and inter-related
data streams. However, these variables share common drivers (e.g.,
climate factors and satellite-based reflectance), which likely introduce
positive error covariances and lead to an overestimation of the
uncertainty in TER estimates. Therefore, the true uncertainty of TER
estimates could potentially be smaller than what we reported.

Atmospheric CO2 growth rate and in-situ CO2 concentration
observations
The annual mean CGR records from globally averaged marine
boundary layer (MBL) stations during 1959–2024wereprovided by the
NOAA Global Monitoring Laboratory (GML)13. The annual mean CGR
from MBL stations for each year is calculated as the difference in
concentrations between the end of December and the start of January
of that year. Based on the samemethod, we also calculated the annual
mean CGR using the OCO-2 XCO2 retrievals from 2015 to 2024.

Surface flask CO2 observations were used for the independently
evaluate the posterior fluxes, which were obtained from the Obser-
vation Package (ObsPack) dataset in the NOAA GML, including
obspack_co2_1_GLOBALVIEWplus_v10.1_2024-11-13 (GV v10.1)32 and
obspack_co2_1_NRT_v10.1_2025-02-07 (NRT v10.1)33. The CO2 data in
the GV v10.1 dataset only goes up to Dec 2023, whereas the data in the
NRT v10.1 dataset starts from Jan 2024. First, we selected the surface
flask sites with observations in both datasets. There are a total of
49 sites. Then, for the observational data of each site, we performed
data quality control and removed outlier observations. Thirdly, to

Article https://doi.org/10.1038/s41467-026-72189-y

Nature Communications |         (2026) 17:5436 8

www.nature.com/naturecommunications


ensure that the 2024 evaluation results are comparable with those of
previous years, we only retained sites with at least eight months of
observation data in 2024 and at least 2 observation records permonth.
Finally, 26 sites were retained for evaluations (Fig. S2 and Table S1).

EC data
The EC data were collected from ICOS, AmeriFlux (https://ameriflux.
lbl.gov/), OzFlux (https://www.ozflux.org.au/), and a paddy rice site
(CN-JR) in China77. For ICOS and AmeriFlux datasets, we selected the
annual flux data derived from the night-time partitioningmethod (i.e.,
“GPP_NT_VUT_REF” for GPP, “RECO_NT_VUT_REF” for TER, “NEE_VU-
T_REF” for net ecosystem exchange (NEE)). For the OzFlux dataset, the
annual flux data generated from artificial neural networks were selec-
ted, as some OzFlux sites do not provide the EC flux data from the
night-time approach. We only selected sites with complete records in
2022 and 2024. Ultimately, 98 sites were used to validate the TER
estimates in this study (Fig. S31 and Table S6).

To investigate to response of carbon flux to climate anomalies at
the site scale, we also obtained annual climate data (i.e., air tempera-
ture and precipitation) from each EC site. We used the precipitation
anomaly (ΔPRCP) as the proxy of water availability, as some sites do
not provide soil moisture measurements. We calculated the climate
anomalies in 2024 relative to 2022. Here, the hot-wet anomalies were
defined as ΔT >0 °C and ΔPRCP > 15%, whereas the hot-dry anomalies
were defined as ΔT >0 °C and ΔPRCP <–15%. Of the 98 EC sites, 12
experienced hot-wet anomalies and 6 experienced hot-dry anomalies
in 2024 (Table S7–8).

Auxiliary data
The land cover map was derived from MODIS MCD12C1 v6.1 product,
which has a spatial resolution of 0.05° × 0.05°78. We aggregated the
land cover map to 1° × 1° resolution by the dominant class. Based on
the majority land cover type, pixels dominated by non-vegetated land
cover types were masked, including “water bodies”, “urban and built-
up lands”, “barren”, and “permanent snow and ice”. We merged
“evergreen needleleaf forests”, “evergreen broadleaf forests”, “decid-
uous needleleaf forests”, “deciduous broadleaf forests”, “mixed for-
ests”, and “woody savannas” into “forests”. In addition, “closed
shrublands”, “open shrublands”, “savannas”, and “grasslands” were
merged into “shrub/grasslands”. We additionally used the MODIS
MCD12Q1 v6.1 land covermap (spatial resolution, 500m)79 to calculate
the fraction of forests, shrub/grasslands, and croplands in 2022 and
2024. Here, the fraction of each biome in these two years was calcu-
lated at the resolution of atmospheric inversions as the proportion of
the summed areas of each biome within each inversion-grid
cell (1° × 1°).

The 16-day NDVI data was obtained from MODIS MOD13C1 v6.1
product, which also has a 0.05° × 0.05° spatial resolution80. The daily
SIF data were derived from TROPOspheric Monitoring Instrument
(TROPOMI) near-infrared bandmeasurements (i.e., 743–758 nm fitting
window)81. The NDVI indicates vegetation greenness, and SIF is a
strong proxy of GPP at the ecosystem scale82. The NDVI and SIF data
were aggregated to a spatial resolution of 1° × 1° as well.

Climate data
The TWS data were derived from the Center for Space Research (CSR)
Gravity Recovery and Climate Experiment Follow-On (GRACE-FO) data
product (RL06.3 Mascon Solutions)83. Due to the lack of GRACE-FO
TWS data during 2017–2018, we also used the TWS data from Global
Land Data Assimilation System (GLDAS) dataset, which assimilates
GRACE observations84, to analyze the relationship between TER and
TWS. Both TWSGRACE and TWSGLDAS show a consistent spatial pattern
of TWS anomalies in 2024 (Fig. S37). These TWS data were aggregated
to a 1° × 1° resolution on a monthly basis.

The monthly air temperature, VPD, and SR were derived from the
fifth generation of the land component of ECMWF reanalysis (ERA5-
Land) dataset85. Since VPD was not directly provided in ERA5-Land, it
was calculated using 2-m air temperature and dew-point temperature.
These climate factors were aggregated to a 1° × 1° resolution as well.

Statistical analysis
Given the non-linear response of TER to temperature and soil
moisture45, following previous studies46,86, the relationships between
TER and air temperature and TWS during 2015–2024 were fitted using
the second-order polynomial model. In addition, TER typically
increases linearly with GPP at both seasonal and annual scales87, thus a
linear model was used to fit the relationship between TER and GPP.
Statistical significance of the model fitting was computed using F-test.
To quantify the effects of climate and GPP changes to the increased
TER in 2024, we performed a multiple non-linear regression model to
separate the TER anomalies due to climate and GPP, as follows:

TER=α0 +α1 ×ZT
2 +α2 ×ZT +α3 × ZTWS

2 +α4 ×ZTWS +α5 ×ZGPP + εTER
ð3Þ

whereα0, α1, α2,α3,α4, andα5 are regression coefficients;ZT ,ZTWS, and
ZGPP are the z-score values of air temperature, TWSGLDAS, and GPP,
respectively; andεTER is the residual error.The timeseriesofTEReffected
by climate (TERclimate) and GPP (TERGPP) was calculated as follows:

TERclimate =α0 +α1 ×ZT
2 +α2 ×ZT +α3 ×ZTWS

2 +α4 ×ZTWS ð4Þ

TERGPP =α5 ×ZGPP ð5Þ

We calculated the anomalies of TERclimate and TERGPP in 2024
relative to 2022. TERclimate anomalies were considered as the climate
effects, whereas TERGPP anomalies were considered as the GPP effects.
However, it should be noted that climatic anomalies can indirectly
affect TER by influencing GPP, which can be detected by multi-
collinearity diagnostics (Table S5). Therefore, we used the residuali-
zation method to further separate the indirect climate effects and
other GPP effects. We first fitted the relationship between GPP and
climatic variables, as follows:

ZGPP = β0 +β1 ×ZT
2 +β2 ×ZT +β3 × ZTWS

2 +β4 ×ZTWS + εGPP ð6Þ

ZGPP, climate =β0 +β1 ×ZT
2 +β2 × ZT + β3 ×ZTWS

2 +β4 ×ZTWS ð7Þ

ZGPP, only = εGPP =ZGPP � ZGPP, climate ð8Þ

where ZGPP, climate represents the climate effects on GPP. ZGPP, only

represents the residual of GPP that is not explained by climatic vari-
ables. On this basis, the indirect climate effects (TERclimate, indirect) and
other GPP effects (TERGPP, only) on TER time series were calculated as
follows:

TERclimate, indirect =α5 ×ZGPP, climate ð9Þ

TERGPP, only =α5 ×ZGPP, only ð10Þ

We calculated the anomalies of TERclimate, indirect and TERGPP, only in
2024 relative to 2022. TERclimate, indirect anomalies were considered as
the indirect climate effects, whereas TERGPP, only anomalies were con-
sidered as the GPP effects caused by other factors (e.g., CO2 fertiliza-
tion, land management, increased nutrition availability, etc.).
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data used in this study are publicly available. The inversions of
GCASv2 are available at https://github.com/Guanyu-nju/Global_
2024sink.git. The GOSIF GPP is available at https://globalecology.
unh.edu/data/GOSIF-GPP.html. The FluxSat v2.2 GPP is available at
https://daac.ornl.gov/VEGETATION/guides/FluxSat_GPP_FPAR.html.
The GFED 4.1 s fire emissions are available at https://www.geo.vu.nl/
~gwerf/GFED/GFED4/. The CAMS GFAS fire emissions are available at
https://www.ecmwf.int/en/forecasts/dataset/global-fire-assimilation-
system. The TROPOMI SIF data are available at https://radiantearth.
github.io/stac-browser/#/external/data-portal.s5p-pal.com/api/s5p l2/
collections/L2__SIF___. The GRACE/FO TWS data are available at https://
www2.csr.utexas.edu/grace/RL06_mascons.html. The EC data col-
lected from ICOS, AmeriFlux, and OzFlux networks are available at
https://www.icos-cp.eu/, https://ameriflux.lbl.gov/, and https://www.
ozflux.org.au/, respectively. TheMODIS NDVI and land cover map, the
GLDAS TWS, and the air temperature, vapor pressure deficit, and solar
radiation from ERA5-Land are available from the Google Earth Engine
(GEE) platform at https://developers.google.com/earth-engine/
datasets/.

Code availability
The MATLAB codes used in this study are available via GitHub at
https://github.com/Guanyu-nju/Global_2024sink.git.

References
1. Friedlingstein, P. et al. Global carbon budget 2024. Earth Syst. Sci.

Data 17, 965–1039 (2025).
2. Ahlstrom, A. et al. The dominant role of semi-arid ecosystems in the

trend and variability of the land CO2 sink. Science 348, 895–899
(2015).

3. Jha, R. et al. Extreme terrestrial heat in 2024.Nat. Rev. Earth Environ.
6, 234–236 (2025).

4. Zscheischler, J. et al. Compound weather and climate events in
2024. Nat. Rev. Earth Environ. 6, 240–242 (2025).

5. Li, B., Rodell, M. & Save, H. Terrestrial water storage in 2024. Nat.
Rev. Earth Environ. 6, 261–263 (2025).

6. Kolden, C. A., Abatzoglou, J. T., Jones, M. W. & Jain, P. Wildfires in
2024. Nat. Rev. Earth Environ. 6, 237–239 (2025).

7. Green, A.C., Fowler, H. J., Blenkinsop, S. &Davies, P. A. Precipitation
extremes in 2024. Nat. Rev. Earth Environ. 6, 243–245 (2025).

8. Reichstein, M. et al. Climate extremes and the carbon cycle.Nature
500, 287–295 (2013).

9. Peñuelas, J. et al. Shifting from a fertilization-dominated to a
warming-dominated period. Nat. Ecol. Evol. 1, 1438–1445 (2017).

10. Penuelas, J. Decreasing efficiency and slowdown of the increase in
terrestrial carbon-sink activity. One Earth 6, 591–594 (2023).

11. Gui, Y. et al. Vegetation greenness in 2024. Nat. Rev. Earth Environ.
6, 255–257 (2025).

12. Deng, Z. et al. Global carbon emissions and decarbonization in
2024. Nat. Rev. Earth Environ. 6, 231–233 (2025).

13. Lan, X., Tans, P. & Thoning, K. W. Trends in globally-averaged CO2

determined from NOAA Global Monitoring Laboratory measure-
ments. https://doi.org/10.15138/9N0H-ZH07 (2025).

14. Roach, L. A.&Meier,W.N. Sea ice in 2024.Nat. Rev. EarthEnviron.6,
252–254 (2025).

15. Hamlington, B. D., Fournier, S., Thompson, P. R. & Marcos, M. Sea
level rise in 2024. Nat. Rev. Earth Environ. 6, 246–248 (2025).

16. Pan, Y. et al. Ocean heat content in 2024.Nat. Rev. Earth Environ. 6,
249–251 (2025).

17. Shi, K. et al. Lake surfacewater temperature in 2024.Nat. Rev. Earth
Environ. 6, 258–260 (2025).

18. Liu, J. et al. Contrasting carbon cycle responses of the tropical
continents to the 2015–2016 El Niño. Science 358, eaam5690
(2017).

19. Gui, Y. et al. The decline in tropical land carbon sink drove high
atmospheric CO2 growth rate in 2023. Natl. Sci. Rev. 11, nwae365
(2024).

20. Gurney, K. R. et al. Towards robust regional estimates of CO2

sources and sinks using atmospheric transportmodels.Nature 415,
626–630 (2002).

21. Peters, W. et al. An atmospheric perspective on North American
carbon dioxide exchange: carbonTracker. Proc. Natl. Acad. Sci. USA
104, 18925–18930 (2007).

22. Chevallier, F. et al. Objective evaluation of surface- and satellite-
driven carbon dioxide atmospheric inversions. Atmos. Chem. Phys.
19, 14233–14251 (2019).

23. Liu, J. et al. The reduced net carbon uptake over Northern Hemi-
sphere land causes the close-to-normal CO2 growth rate in 2021 La
Nina. Sci. Adv. 10, eadl2201 (2024).

24. Chen, H. et al. Satellite-detected largeCO2 release in southwestern
North America during the 2020–2021 drought and associated
wildfires. Environ. Res. Lett. 19, 054047 (2024).

25. Ke, P. et al. Low latency carbon budget analysis reveals a large
decline of the land carbon sink in 2023. Natl. Sci. Rev. 11,
nwae367 (2024).

26. Jiang, F. et al. Regional CO2 fluxes from 2010 to 2015 inferred from
GOSAT XCO2 retrievals using a new version of the Global Carbon
Assimilation System. Atmos. Chem. Phys. 21, 1963–1985 (2021).

27. O’Dell, C. W. et al. Improved retrievals of carbon dioxide from
Orbiting Carbon Observatory-2 with the version 8 ACOS algorithm.
Atmos. Meas. Tech. 11, 6539–6576 (2018).

28. van der Werf, G. R. et al. Global fire emissions estimates during
1997–2016. Earth Syst. Sci. Data 9, 697–720 (2017).

29. Kaiser, J. W. et al. Biomass burning emissions estimated with a
global fire assimilation system based on observed fire radiative
power. Biogeosciences 9, 527–554 (2012).

30. Chen, J.M. et al. Vegetation structural change since 1981 significantly
enhanced the terrestrial carbon sink. Nat. Commun. 10, 4259 (2019).

31. Jacobson, A. R. et al. CarbonTracker CT2022 (NOAA Global Mon-
itoring Laboratory, 2023).

32. Schuldt, K. N. et al. Multi-laboratory compilation of atmospheric
carbon dioxide data for the period 1957-2023; obspack_co2_1_-
GLOBALVIEWplus_v10.1_2024-11-13 (NOAA Earth System Research
Laboratory, Global Monitoring Laboratory). https://doi.org/10.
25925/20241101 (2024).

33. Schuldt, K. N. et al. Multi-laboratory compilation of atmospheric
carbon dioxide data for the year 2024; obspack_co2_1_NRT_v10.1_
2025-02-07 (NOAA Earth System Research Laboratory, Global
Monitoring Laboratory). https://doi.org/10.25925/20250101 (2024).

34. Li, X. & Xiao, J. A global, 0.05-degree product of solar-induced
chlorophyll fluorescence derived from OCO-2, MODIS, and reana-
lysis data. Remote Sens 11, 517 (2019).

35. Joiner, J. & Yoshida, Y. Satellite-based reflectances capture large
fraction of variability in global gross primary production (GPP) at
weekly time scales. Agric. For. Meteorol. 291, 108092 (2020).

36. Wigneron, J. P. et al. Tropical forests did not recover from the strong
2015-2016 El Nino event. Sci. Adv. 6, eaay4603 (2020).

37. Fan, L. et al. Dominant role of the non-forest woody vegetation in
the post 2015/16 El Niño tropical carbon recovery. Glob. Change
Biol. 30, e17423 (2024).

38. Dou, Y. et al. Satellite observations indicate slower recovery of
woody components compared to upper-canopy and leaves in tro-
pical rainforests after drought. Commun. Earth Environ. 5,
725 (2024).

Article https://doi.org/10.1038/s41467-026-72189-y

Nature Communications |         (2026) 17:5436 10

https://github.com/Guanyu-nju/Global_2024sink.git
https://github.com/Guanyu-nju/Global_2024sink.git
https://globalecology.unh.edu/data/GOSIF-GPP.html
https://globalecology.unh.edu/data/GOSIF-GPP.html
https://daac.ornl.gov/VEGETATION/guides/FluxSat_GPP_FPAR.html
https://www.geo.vu.nl/~gwerf/GFED/GFED4/
https://www.geo.vu.nl/~gwerf/GFED/GFED4/
https://www.ecmwf.int/en/forecasts/dataset/global-fire-assimilation-system
https://www.ecmwf.int/en/forecasts/dataset/global-fire-assimilation-system
https://radiantearth.github.io/stac-browser/#/external/data-portal.s5p-pal.com/api/s5p
https://radiantearth.github.io/stac-browser/#/external/data-portal.s5p-pal.com/api/s5p
https://www2.csr.utexas.edu/grace/RL06_mascons.html
https://www2.csr.utexas.edu/grace/RL06_mascons.html
https://www.icos-cp.eu/
https://ameriflux.lbl.gov/
https://www.ozflux.org.au/
https://www.ozflux.org.au/
https://developers.google.com/earth-engine/datasets/
https://developers.google.com/earth-engine/datasets/
https://github.com/Guanyu-nju/Global_2024sink.git
https://doi.org/10.15138/9N0H-ZH07
https://doi.org/10.25925/20241101
https://doi.org/10.25925/20241101
https://doi.org/10.25925/20250101
www.nature.com/naturecommunications


39. Ciais, P. et al. Empirical estimates of regional carbon budgets imply
reduced global soil heterotrophic respiration. Natl. Sci. Rev. 8,
2 (2020).

40. Bowling, D. R. et al. Phenology of photosynthesis in winter-dormant
temperate and boreal forests: long-term observations from flux
towers and quantitative evaluation of phenology models. J. Geo-
phys. Res. Biogeosci. 129, e2023JG007839 (2024).

41. Kim, Y. et al. Diagnosing spring onset across the North American
arctic-boreal region using complementary satellite environmental
data records. J. Geophys. Res. Biogeosci. 129, e2023JG007977
(2024).

42. van derWoude, A. M. et al. Temperature extremes of 2022 reduced
carbon uptake by forests in Europe. Nat. Commun. 14, 6218 (2023).

43. Buermann, W. et al. Widespread seasonal compensation effects of
spring warming on northern plant productivity. Nature 562,
110–114 (2018).

44. Gu,H. et al.Warming-induced increase in carbon uptake is linked to
earlier spring phenology in temperate and boreal forests. Nat.
Commun. 13, 3698 (2022).

45. Niu, S. et al. Temperature responses of ecosystem respiration. Nat.
Rev. Earth Environ. 5, 559–571 (2024).

46. Chen, W. et al. Evidence for widespread thermal optimality of
ecosystem respiration. Nat. Ecol. Evol. 7, 1379–1387 (2023).

47. Davidson, E. A. & Janssens, I. A. Temperature sensitivity of soil
carbon decomposition and feedbacks to climate change. Nature
440, 165–173 (2006).

48. Zhang, Q. et al. Water limitation regulates positive feedback of
increased ecosystem respiration. Nat. Ecol. Evol. 8, 1870–1876
(2024).

49. Curiel Yuste, J. et al. Microbial soil respiration and its dependency
on carbon inputs, soil temperature and moisture. Glob. Change
Biol. 13, 2018–2035 (2007).

50. Raymond, P. A. et al. Global carbon dioxide emissions from inland
waters. Nature 503, 355–359 (2013).

51. Rosentreter, J. A. et al. Coastal vegetation and estuaries are col-
lectively a greenhouse gas sink. Nat. Clim. Change 13, 579–587
(2023).

52. Friedlingstein, P. et al. Global carbon budget 2025. Earth Syst. Sci.
Data Discuss. 2025, 1–139 (2025).

53. Sheng, H. A. O. et al. The dynamic response of soil respiration to
land-use changes in subtropical China. Glob. Change Biol. 16,
1107–1121 (2010).

54. Tang, R. et al. Increasing terrestrial ecosystem carbon release in
response to autumn cooling and warming. Nat. Clim. Change 12,
380–385 (2022).

55. Liang, G. et al. Soil respiration response to decade-long warming
modulated by soil moisture in a boreal forest. Nat. Geosci. 17,
905–911 (2024).

56. Wood, T. E. et al. Warming induces unexpectedly high soil
respiration in a wet tropical forest. Nat. Commun. 16, 8222 (2025).

57. Legesse, T. G. et al. Differential responses of plant and microbial
respiration to extreme precipitation and drought during spring and
summer in the Eurasian meadow steppe. Environ. Rev. 269,
120883 (2025).

58. Luo, X. et al. Global variation in vegetation carbon use efficiency
inferred from eddy covariance observations. Nat. Ecol. Evol. 9,
1414–1425 (2025).

59. Wang, C. et al. Large-scale importance of microbial carbon use
efficiency andnecromass to soil organic carbon.Glob. Change Biol.
27, 2039–2048 (2021).

60. Ghezzehei, T. A., Sulman, B., Arnold,C. L., Bogie, N. A.& Berhe, A. A.
On the role of soil water retention characteristic on aerobic
microbial respiration. Biogeosciences 16, 1187–1209 (2019).

61. Song, B. et al. Divergent apparent temperature sensitivity of ter-
restrial ecosystem respiration. J. Plant Ecol. 7, 419–428 (2014).

62. Tang, Y., Luo, M., Wu, S. & Li, X. Increasing synchrony of extreme
heat and precipitation events under climate warming. Geophys.
Res. Lett. 52, e2024GL113021 (2025).

63. Wu, H., Su, X. & Singh, V. P. Increasing risks of future compound
climate extremes with warming over global land masses. Earth’s
Future 11, e2022EF003466 (2023).

64. Coffel, D. More distinct dry and Humid Heat in a Warming World.
Earth’s Future 13, e2024EF005770 (2025).

65. Wang, J. et al. Unprecedented decline in photosynthesis caused by
summer 2022 record-breaking compound drought-heatwave over
Yangtze River Basin. Sci. Bull. 68, 2160–2163 (2023).

66. Liu, J., Wang, Q., Zhan, W., Lian, X. & Gentine, P. When and where
soil dryness matters to ecosystem photosynthesis. Nat. Plants 11,
1390–1400 (2025).

67. Yuan, W. et al. Impacts of rising atmospheric dryness on terrestrial
ecosystem carbon cycle. Nat. Rev. Earth Environ. 6, 712–727 (2025).

68. Qiu, J. et al. Large contribution of antecedent climate to ecosystem
productivity anomalies during extreme events. Nat. Geosci. 19,
25–32 (2026).

69. Zhao, J. et al. Forest fire size amplifies postfire land surface warm-
ing. Nature 633, 828–834 (2024).

70. Friedlingstein, P. et al. Global carbon budget 2023. Earth Syst. Sci.
Data 15, 5301–5369 (2023).

71. Dong, G. et al. Canadian net forest CO2 uptake enhanced by heat
drought via reduced respiration. Nat. Geosci. 19, 145–152
(2026).

72. Iida, Y., Takatani, Y., Kojima, A. & Ishii,M.Global trendsof oceanCO2

sink and ocean acidification: an observation-based reconstruction
of surface ocean inorganic carbon variables. J. Oceanogr. 77,
323–358 (2021).

73. Jones, M. W. et al. Gridded fossil CO2 emissions and related O2

combustion consistent with national inventories 1959–2018. Sci.
Data 8, 2 (2021).

74. Liu, Z. et al. CarbonMonitor, a near-real-time daily dataset of global
CO2 emission from fossil fuel and cement production. Sci. Data 7,
392 (2020).

75. Chen, J. M., Liu, J., Cihlar, J. & Goulden, M. L. Daily canopy photo-
synthesis model through temporal and spatial scaling for remote
sensing applications. Ecol. Model. 124, 99–119 (1999).

76. Ciais, P. et al. The impact of lateral carbon fluxes on the European
carbon balance. Biogeosciences 5, 1259–1271 (2008).

77. Cheng, N. et al. Exploring light use efficiency models capacities in
characterizing environmental impacts on paddy rice productivity.
Int. J. Appl. Earth Obs. 117, 103179 (2023).

78. Friedl, M. & Sulla-Menashe, D. MODIS/Terra+Aqua Land Cover Type
Yearly L3 Global 0.05Deg CMG V061 (NASA EOSDIS Land Pro-
cesses Distributed Active Archive Center, 2022) https://doi.org/10.
5067/MODIS/MCD12C1.061. Accessed: 21 May 2025.

79. Friedl, M. & Sulla-Menashe, D. MCD12Q1 MODIS/Terra+Aqua Land
Cover Type Yearly L3 Global 500m SIN Grid V006 (NASA EOSDIS
Land Processes DAAC, 2019). https://doi.org/10.5067/MODIS/
MCD12Q1.006. Accessed: 18 October 2025.

80. Didan, K. MODIS/Terra Vegetation Indices 16-Day L3 Global
0.05Deg CMG V061 (NASA EOSDIS Land Processes Distributed
Active Archive Center 2021). https://doi.org/10.5067/MODIS/
MOD13C1.061. Accessed: 22 May 2025.

81. Köhler, P. et al. Global retrievals of solar-induced chlorophyll
fluorescence with TROPOMI: first results and intersensor compar-
ison to OCO-2. Geophys. Res. Lett. 45, 456–410,463 (2018).

82. Li, X. et al. Solar-induced chlorophyll fluorescence is strongly cor-
related with terrestrial photosynthesis for a wide variety of biomes:
first global analysis based on OCO-2 and flux tower observations.
Glob. Change Biol. 24, 3990–4008 (2018).

83. Save, H., Bettadpur, S. & Tapley, B. D. High-resolution CSR GRACE
RL05 mascons. J. Geophys. Res. Solid Earth 121, 7547–7569 (2016).

Article https://doi.org/10.1038/s41467-026-72189-y

Nature Communications |         (2026) 17:5436 11

https://doi.org/10.5067/MODIS/MCD12C1.061
https://doi.org/10.5067/MODIS/MCD12C1.061
https://doi.org/10.5067/MODIS/MCD12Q1.006
https://doi.org/10.5067/MODIS/MCD12Q1.006
https://doi.org/10.5067/MODIS/MOD13C1.061
https://doi.org/10.5067/MODIS/MOD13C1.061
www.nature.com/naturecommunications


84. Rodell, M. et al. The global land data assimilation system. Bull. Am.
Meteorol. Soc. 85, 381–394 (2004).

85. Hersbach, H. et al. ERA5 monthly averaged data on single levels
from 1959 to present (Copernicus Climate Change Service Climate
Data Store, 2019). https://doi.org/10.24381/cds.f17050d7.

86. Niu, S. L. et al. Thermal optimality of net ecosystem exchange of
carbon dioxide and underlying mechanisms. N. Phytol. 194,
775–783 (2012).

87. Jia, X. et al. Seasonal and interannual variations in ecosystem
respiration in relation to temperature, moisture, and productivity in
a temperate semi-arid shrubland. Sci. Total Environ. 709, 136210
(2020).

Acknowledgements
This work is supported by the National Key R&D Program of China (grant
no. 2023YFB3907404 to F.J.), the National Natural Science Foundation
of China (grant no. 42377102 to F.J.), and the Jiangsu Provincial Science
Fund for Distinguished Young Scholars (grant no. BK20231530 to F.J.).
J.X. is supported by the University of New Hampshire via the Iola Hub-
bard Climate Change Endowment. TheOCO-2 data are produced by the
OCO project at the Jet Propulsion Laboratory, California Institute of
Technology, and obtained from the data archive at the NASA Goddard
Earth Science Data and Information Services Center. We acknowledge
all atmospheric data providers to obspack_co2_1_GLOBALVIEW-
plus_v10.1_2024-11-13 and obspack_co2_1_NRT_v10.1_2025-02-07. We
are also grateful to the High-Performance Computing Center (HPCC) of
Nanjing University for doing the numerical calculations in this paper on
its blade cluster system.

Author contributions
F.J. and G.D. conceptualized and designed the study. F.J. and G.D.
performed the analyses and wrote the paper. F.J. provided the atmo-
spheric inversion estimates. W.J. and Yongguang Zhang provided the
prior biosphere flux used in the atmospheric inversion. J.X. and X.L.
provided the GOSIF GPP data, and G.R.W. provided the GFEDv4.1s fire
emission data. F.J., G.D., L.Z., G.L. and Yuanyuan Zhang prepared the
figures. J.P., P.C., Yongguang Zhang, J.X., X.W.,W.Y., Y.H., C.Y., L.L., L.F.,
M.W., J.W., Y.Z., J.T., W.H., H.W. and J.M.C offered thoughts on the data
analysis and the writing of the manuscript. All authors contributed
during the writing of the paper.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-026-72189-y.

Correspondence and requests for materials should be addressed to
Fei Jiang.

Peer review informationNature Communications thanks Atsushi Obata,
and the other, anonymous, reviewer(s) for their contribution to the peer
review of this work. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International License,
which permits any non-commercial use, sharing, distribution and
reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if you modified the licensed
material. Youdonot havepermissionunder this licence toshare adapted
material derived from this article or parts of it. The images or other third
party material in this article are included in the article’s Creative
Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons
licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2026

Article https://doi.org/10.1038/s41467-026-72189-y

Nature Communications |         (2026) 17:5436 12

https://doi.org/10.24381/cds.f17050d7
https://doi.org/10.1038/s41467-026-72189-y
http://www.nature.com/reprints
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
www.nature.com/naturecommunications

	Dramatic increase in ecosystem respiration causes record-breaking atmospheric CO2 growth rate in 2024
	Results
	Declined global land sink in 2024 due to increased ecosystem respiration
	Regional contributions to the declined global land sink in 2024
	Responses of land carbon fluxes to climate anomalies in 2024

	Discussion
	Methods
	Global Carbon Assimilation System (GCAS), version 2
	Gross primary production estimates
	Fire carbon emission estimates
	Total ecosystem respiration estimates
	Atmospheric CO2 growth rate and in-situ CO2 concentration observations
	EC data
	Auxiliary data
	Climate data
	Statistical analysis
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




