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Tropical forests did not recover from the strong
2015–2016 El Niño event
Jean-Pierre Wigneron1*†, Lei Fan1,2*†, Philippe Ciais3, Ana Bastos4, Martin Brandt5,
Jérome Chave6, Sassan Saatchi7,8, Alessandro Baccini9,10, Rasmus Fensholt5

INTRODUCTION

A major El Niño episode developed in mid-2015 and lasted until mid2016 with dry and hot conditions affecting tropical terrestrial ecosystems
(1). The episode was among the strongest since the 1950s, characterized by record-breaking temperatures and by a doubling of areas exposed to drought anomalies compared with the 1997–1998 extreme
El Niño (2). Tropical primary productivity, and consequently the global
terrestrial carbon sink, markedly decreased (3, 4), resulting in an increase in the atmospheric CO2 growth rate (3, 5). The atmospheric CO2
growth rate returned close to reference levels in 2017, suggesting recovery of the global land carbon sink as a whole (5). A key question is
whether tropical vegetation contributed to this global land sink recovery. In Amazonian forests, previous El Niño events were associated
with a decrease in net primary productivity and an increase in mortality (6–9). Recent studies have shown that the inability of the Amazon
forests to recover after extreme droughts might lead to long-term forest
loss (8, 10). Less is known about the response of Asian and African
forests to drought and heat stress. Further, there are very few plot data
in dry tropical forests and woodlands, ecosystems that are more sensitive to interannual variations in climate than humid forests (11). Thus,
the contribution of tropical drylands to climatic anomalies is also a
large source of uncertainty in the tropical carbon balance.
The return of wetter conditions and less extreme temperatures
over the tropics after mid-2016 is expected to have stimulated a
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recovery of primary productivity leading to increased carbon storage
by the vegetation (12). On the other hand, dead trees decompose for
many years after a mortality event, resulting in a delayed carbon
source to the atmosphere (13). Simulations from land-surface models
used in the global carbon budget (GCB) (5) suggest a strong reinvigoration of the tropical land sink after the 2015–2016 El Niño.
However, models and atmospheric inversions display large divergences in tropical CO2 fluxes during the 2017 recovery event (4, 5).
For instance, models predict a total net land sink recovery (2017
sink minus the 2015–2016 average sink) ranging from 0.3 to 2.6 Pg C
(mean = 1.5 Pg C), and the land sink recovery estimated from five
atmospheric inversions (table S1) ranges from −0.08 to +1.92 Pg C
(mean = 0.9 Pg C). Moreover, the modeled net land sink differs with
that estimated as a residual of the other terms in the GCB. Landsurface models simulate processes that reduce productivity during
drought conditions, but mortality and associated carbon losses are
poorly described (14). Atmospheric inversions that infer the distribution of CO2 fluxes using transport models and concentration data
from surface in situ networks or satellites also confirm a partial
recovery since late 2016, but the results of different inversions show
a large spread in the tropics (4, 5) due to the scarcity of stations and
uncertainties in atmospheric transport simulations.
RESULTS

Here, we map the changes in aboveground biomass carbon (AGC)
stock from 2014 to 2017, using L-VOD (L-band vegetation optical
depth) remote sensing of microwave emissivity in the L-band at 25-km
resolution across the tropics (15–17). L-VOD is sensitive to the biomass
of stems, branches, and leaves. AGC is computed from L-VOD based
on an empirical calibration using reference AGC gridded datasets. The
soil moisture and ocean salinity (SMOS) L-VOD product adds, thus, a
temporal dimension to static biomass maps, assuming that a “space for
time” substitution holds true. Therefore, the absolute accuracy of the
AGC estimates inferred from L-VOD relies on that of the benchmark
biomass maps used for the calibration (fig. S1). This relationship
did not saturate up to AGC levels of 200 tC ha−1 (fig. S1), in contrast
to optical greenness indexes and previous VOD products mainly
detecting canopy properties, which saturated for AGC larger than
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Severe drought and extreme heat associated with the 2015–2016 El Niño event have led to large carbon emissions
from the tropical vegetation to the atmosphere. With the return to normal climatic conditions in 2017, tropical
forest aboveground carbon (AGC) stocks are expected to partly recover due to increased productivity, but the
intensity and spatial distribution of this recovery are unknown. We used low-frequency microwave satellite data
(L-VOD) to feature precise monitoring of AGC changes and show that the AGC recovery of tropical ecosystems was
slow and that by the end of 2017, AGC had not reached predrought levels of 2014. From 2014 to 2017, tropical
−0.4
−0.8
AGC stocks decreased by 1.31.5
1.2 Pg C due to persistent AGC losses in Africa (−0.9−1.1 Pg C) and America (−0.5−0.6 Pg C).
Pantropically, drylands recovered their carbon stocks to pre–El Niño levels, but African and American humid forests
did not, suggesting carryover effects from enhanced forest mortality.
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approximately 50 tC ha−1 (16, 17). We generated an uncertainty range
associated with the AGC values by propagating the uncertainty associated with the empirical relationships between L-VOD and AGC
(16, 17). The range associated with the AGC changes was estimated
from 10 different calibrations of L-VOD with different benchmark biomass datasets (see the Supplementary Materials; fig. S1 and table S2).
A time series of AGC provides a direct estimate of changes in AGC
stocks (17), as shown in Fig. 1. The results show a large decrease of
Pg C during 2015–2016 (2015–2016 average compared with pre−1.6−1.4
−1.8
drought conditions of year 2014; Fig. 1A) across the tropics. This AGC
−0.7
decrease partitioned into losses of −0.9−1.1 Pg C in tropical Africa and
−0.5
−0.7− Pg C in tropical America (Fig. 1, C and E, and Table 1). In
0.8
tropical Asia, by contrast, a large AGC loss was observed in 2015, followed
by a large gain in 2016, leading to almost neutral changes from 2014
to 2015–2016 (Fig. 1G and Table 1).

The decline in tropical AGC started at the end of 2014, before the
onset of El Niño conditions, as defined by the multivariate El Niño/
Southern Oscillation (ENSO) index (MEI) (18). This early decline in
the AGC stocks was attributed to changes in tropical Africa (Fig. 1,
A and C) and related to a regional drought trend over Africa in 2014,
as revealed by the declining trend in the cumulative precipitation −
evapotranspiration (P − ET, mm) index during 2014 over the continent
(fig. S2C). In tropical America, the decline in the cumulative P − ET
index started later, beginning of 2015 (fig. S2E), while in tropical Asia,
the decline in the cumulative P − ET index was ongoing in 2014, as for
tropical Africa (fig. S2G). These results are consistent with those of
land-surface models (3), which simulate an early decline of the terrestrial land sink in the tropics, with negative anomalies of the multimodel average net biome productivity at the beginning of 2015 during
the pre–El Niño conditions.
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Fig. 1. Anomalies of AGC stocks estimated from the L-VOD index in tropical regions. (A), (C), (E), and (G) are time variations in annual AGC over the pantropical,
tropical Africa, tropical America, and tropical Asia regions, respectively. In each region, AGC changes are separated (B, D, F, and H) into three biome groups [including (i) forests,
(ii) shrublands and savannas, and (iii) grasslands and croplands] using a classification based on MODIS IGBP 2001–2010. The background shading shows the intensity of
La Niña (blue) and El Niño (red) events defined by the multivariate ENSO index (MEI). The AGC anomalies at the continental scale were computed by summing the deseasonalized AGC anomalies estimated separately over each pixel. The latter was computed at the pixel scale, by estimating the time series of AGC to which we removed the
average seasonal cycle of AGC. This average cycle was computed over 2010–2017. AGC stocks were computed from the L-VOD index (see the Supplementary Materials).
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Table 1. AGC (Pg) changes over the whole tropics and over tropical regions of Africa, America, and Asia. Changes are given (positive sign for a CO2 land
surface sink) between two periods in time given in the first column (for instance, 2014/2015–2016 corresponds to the change in AGC between year 2014 and
the period 2015–2016). As in (17), the range in brackets represents the minimum and maximum of AGC changes estimated by 10 calibrations (see the
Supplementary Materials).
Tropics

Africa

America

Asia

2014/2015–2016

−1.63
[−1.79, −1.37]

−0.91
[−1.06, −0.75]

−0.66
[−0.80, −0.53]

−0.06
[−0.17, −0.00]

2015–2016/2017

+0.30
[+0.21, +0.34]

−0.04
[−0.06, +0.00]

+0.17
[+0.13, +0.23]

+0.17
[+0.11, +0.21]

2016/2017

+0.89
[+0.66, +1.01]

+0.06
[+0.02, 0.12]

+0.50
[+0.40, +0.56]

+0.33
[+0.24 + 0.40]

2014/2017

−1.33
[−1.46, −1.15]

−0.94
[−1.09, −0.79]

−0.49
[−0.58, −0.37]

+0.11
[−0.02, +0.21]

2010–2017/2017

−0.53
[−0.64, −0.44]

−0.35
[−0.42, −0.28]

−0.43
[−0.51, −0.32]

+0.25
[+0.16, +0.32]
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existing drought led to a massive cumulative soil moisture depletion
at the end of 2016. In tropical America, the low recovery in the AGC
stocks over humid areas is consistent, as for tropical Africa, with the
lack of recovery in the cumulative P − ET index. In tropical Asia, the
AGC stocks in drylands remained relatively stable during 2014 to 2017
despite a slow but continuing declining trend of the P − ET deficit.
The AGC stocks for the humid areas were affected, end of 2015, by
the declining trend of the cumulative water balance during 2014–2015
and then recovered from mid-2016.
In summary, the recovery from the 2015–2016 El Niño event mainly
took place in drylands in Africa and, to a lesser extent, in America,
and it concerned shrublands, savannas, grasslands, and croplands.
By contrast, humid forests showed weak signs of recovery in America
and Asia and a continuing decline in Africa (Fig. 1, A and B, and fig. S2).
Thus, pantropical AGC stocks did not fully recover in 2017. This
contrasts with results estimated from the multimodel mean of landsurface models and from atmospheric inversions, which showed a
nearly complete recovery of the tropical carbon balance, including
soil and biomass changes (5).
Relative to 2010–2017 (corresponding to the line y = 0 in Fig. 1,
A to H), the anomaly in 2017 of AGC carbon stocks derived from
L-VOD was net negative over the tropics (a net loss of −0.5−0.4
−0.6 Pg C)
partitioned into negative anomalies for tropical Africa and America
−0.3
(−0.35−0.3
−0.4 and −0.43−0.5 Pg C, respectively) and a small positive
anomaly in tropical Asia (+0.25+0.3
+0.2 Pg C). Relative to the predrought
conditions of 2014, the lack of recovery becomes even more apparent:
AGC stocks decreased by −1.3−1.1
−1.5 Pg C over the tropics from 2014
to 2017, mainly due to AGC losses in tropical Africa (−0.9−0.8
−1.1 Pg C),
contributing approximately 70% to the net loss, and tropical America
(−0.50−0.4
−0.6 Pg C). The dynamics of the decrease in AGC was comparable in deforested or nondeforested areas of tropical America and
Asia [deforestation was defined over the period of 2014–2017, based
on the forest area loss map produced by (20)], while it was higher in
nondeforested areas for Africa, suggesting climate to be one of the main
causes of the AGC stock decrease across continents (figs. S4 and S5).
The partial recovery in tropical AGC did not necessarily take
place in the same regions that were affected by drought in 2015–2016.
To explore this point, we compared the spatial patterns of AGC
changes from 2014 to 2015–2016 (DAGCEN) and from 2015–2016
3 of 10
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From 2015–2016 to 2017, a partial AGC recovery of +0.3+0.4
+0.2 Pg C
was observed over the tropics (Fig. 1A and Table 1). AGC stocks in+0.3
Pg C;
creased in tropical America and Asia (similar increase of +0.17+0.1
Fig. 1, E to G, and Table 1) but remained stable in tropical Africa
(Fig. 1C and Table 1).
We then stratified the AGC change map into drylands versus
humid regions using the ratio between annual precipitation and
potential evapotranspiration (16, 17, 19), and into three main vegetation classes: (i) tropical forests, (ii) shrublands and savannas, and
(iii) grasslands and croplands (see land cover and humidity classes in
the Supplementary Materials; fig. S3). The 2017 recovery in tropical
AGC (Fig. 1B) occurred predominantly in shrublands and savannas
and in grasslands and croplands, while forest AGC stocks remained
at the level of 2016 (Fig. 1B). In tropical Africa, the strong recovery
of shrublands and savannas in 2017 was offset by continued loss of
AGC over forests balancing recovery gains at a continental scale
(Fig. 1, C and D). The continuous decrease in C stocks in African
forests was in humid areas, while drylands almost recovered to the
pre–2015–2016 El Niño state (fig. S2) despite considerable carbon
losses during the major 2013 to 2016 drought, one of the driest
periods in the last three decades (16). Forests in tropical Asia and
America also showed little or no recovery in 2017 (Fig. 1, F and H).
In tropical Asia, a small post–El Niño AGC increase was observed
in shrublands and savannas, as well as in grasslands and croplands,
resulting in AGC being +0.1+0.2
−0.0 Pg C larger in 2017 than before the
event in 2014. In tropical America, however, shrublands and savannas
did not show any strong post–El Niño recovery.
The cumulative water balance, as estimated by the P − ET deficit,
displayed different trends for drylands and humid areas over the
tropics (fig. S2 B, D, F, and H). In tropical Africa and tropical America,
the cumulative water balance declined more rapidly in humid areas
than in drylands, and it did not show recovery during 2017. In tropical
Asia, the cumulative water balance declined rapidly in humid areas,
but it shows a clear recovery during 2016–2017, while for drylands, the
P − ET index showed a continuous and slow decline over 2014–2017.
The AGC trends inferred from L-VOD are generally consistent with
these results. For the humid tropical Africa, the continuing AGC
decline is consistent with a lack of recovery in the cumulative water
balance, and the conjunction of the El Niño anomaly and the pre-
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+1.04 Pg C [CarboScope-s76, CarboScope-s85, Japan Agency for
Marine-Earth Science and Technology (JAMSTEC), and CarbonTracker Europe; a higher value of +1.92 Pg C was obtained for
Copernicus Atmosphere Monitoring Service (CAMS)]. Hence,
atmospheric inversions generally support our results indicating
that the recovery of the tropical carbon sink only partly explains the
recovery in the global land carbon uptake in 2017 (+1.7 Pg C).
Compared to atmospheric inversions, L-VOD–based estimates of
AGC values predict a lower contribution of the tropics (+0.3+0.4
+0.2 Pg C)
to this global terrestrial carbon uptake. This can be partly explained,
as mentioned above, by the fact that the AGC estimates do not
account for changes in stocks of coarse woody debris produced in
2015–2016 and changes in soil carbon.
DISCUSSION

The key result of this study is that AGC stocks in the tropics had
not recovered from the strong 2015–2016 El Niño event by the end
of 2017. This lack of recovery in AGC stocks was revealed relatively
to (i) the predrought conditions of 2014 and (ii) the multiyear
(2010–2017) AGC average. It was mainly due to decreases in AGC
stocks of forests in tropical Africa and tropical America. Notably,
humid forests showed weak signs of recovery in America and Asia
and showed continuous decline in Africa. Our results point to a
large contribution of the African continent to tropical carbon losses
during the 2015–2016 El Niño, losses in Africa representing 56% of
the −1.6 PgC carbon losses during that event. These results are consistent with recent findings obtained from two independent satellite
datasets of column CO2 (23). Northern tropical Africa appeared
to be responsible for an unexpectedly large net source of carbon
during that period.
Effects from human management on the carbon cycle, in particular
the role of tropical deforestation, may affect the results of the study.
Our calculations remove the average seasonal cycle of AGC and,

Fig. 2. Spatial patterns of AGC changes corresponding to “El Niño” and “Recovery.” AGC changes (A) from 2014 to 2015–2016 (DAGCEN) and (B) from 2015–2016 to
2017 (DAGCR) (subscripts “R” and “EN” mean “recovery” and “El Niño,” respectively). In (C), the recovery strength was estimated as the ratio DAGCR/DAGCEN and expressed
in percentage. AGC stocks were computed from the L-VOD index as described in the Supplementary Materials. Masked pixels (gray) correspond to pixels where no recovery
was identified, namely, pixels where either DAGCEN > −1 Mg C ha−1 (no losses or very low losses during El Niño 2015–2016) or DAGCR < 0 (no recovery in 2017). White areas
correspond to areas where no L-VOD data were available after applying quality flag filtering criteria (see the Supplementary Materials).
Wigneron et al., Sci. Adv. 2020; 6 : eaay4603

5 February 2020

4 of 10

Downloaded from http://advances.sciencemag.org/ on March 25, 2020

to 2017 (DAGCR) (Fig. 2, A and B, respectively; subscripts “R” and
“EN” mean “recovery” and “El Niño,” respectively). We found that most
tropical regions were affected by AGC losses due to the 2015–2016
El Niño drought. Epicenters of AGC losses (dark red values of
DAGCEN in Fig. 2A) are located in the eastern Amazon, in central
and southern tropical Africa, and in tropical Asia. Southeastern
tropical America and northeastern tropical Asia were less affected
by the 2015–2016 El Niño drought. In 2017, a strong recovery
(i.e., positive values of DAGCR corresponding to blue areas in Fig. 2B)
was found in northern tropical America, in central-western and
southern Africa, and in India, but AGC continued to decrease
over southern Amazon and Central America and in the central and
central-eastern regions of Africa (Fig. 2, A and B).
We defined an AGC recovery ratio by the ratio DAGCR/DAGCEN
(Fig. 2C). This recovery ratio only accounts for aboveground changes
and excludes the soil carbon pool. High-recovery ratios were found
in the northernmost parts of tropical America, the western part of
the Congo Basin, southern Africa, and central India. These regions
generally experienced early recovery dates in 2016 (the date at which
the derivative of AGC changed from a negative to a positive sign; see
the Supplementary Materials; Fig. 3). We found that from 2015–2016
to 2017, the partial recovery (+0.3+0.4
+0.2 Pg C) of tropical AGC stocks
(Table 1) accounted only for 18% of the global net land sink recovery
(+1.7 Pg C) diagnosed from the global CO2 budget [the value of 1.7 Pg C
includes both natural and land-use change land fluxes computed by
considering fossil fuel emissions, to which we subtracted the ocean
carbon sink and the growth rate in atmospheric CO2 concentration
(5)]. This suggests either that tropical litter and soil carbon storage
increased [as would be expected from increased production of
coarse woody debris that have not yet decomposed 1 year after
enhanced mortality (21)], which are not measured by L-VOD data, or
that an increased northern hemisphere sink (22) contributed to the
global land sink recovery. The net tropical sink recovery estimated
from four atmospheric inversions (table S1) varies between −0.08 and
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Fig. 3. Map of the AGC “recovery” date. The date was defined here as the date of the minimum value in the AGC stocks over year 2016. To ensure that this date
corresponded well to a minimum (the inflexion point in the AGC anomaly curve), we excluded recovery dates at the very beginning or at the very end of 2016. Gray and
white areas are defined in the caption of Fig. 2. An estimate of the uncertainty value associated with the recovery date is presented in the Supplementary Materials.
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fluorescence (SIF) (fig. S6, B and I). Northwestern and northeastern
regions of tropical Africa showing low recovery (fig. S2B) and
negative anomalies (fig. S6A) in the AGC stocks in 2017 coincide
with those revealed from satellite-based record of column CO2 from
2009 onward (23). These regions also showed precipitation and
cumulative soil moisture deficits, as estimated by the cumulative
P − ET values (fig. S1G). Generally, the largest loci found in (23) of
(i) carbon emissions in the northern regions of tropical Africa, in
the central-eastern regions in tropical America, and in the Borneo
island, and of (ii) carbon sinks in the western and southern regions
of tropical America, the Congo Basin, and the northern regions of
tropical Asia are also quite consistent with our results (fig. S1A).
Notably, anomalies in climate variables consistent with low drought
stress are predominantly found over tropical Asia and explain the
AGC stock recovery in this region.
Our AGC estimates based on L-band microwave observations
feature low saturation effects up to AGC levels of ~200 tC ha−1 (fig. S1)
(16, 17). However, it cannot be excluded that saturation effects may
affect some AGC estimates at very high biomass levels (>200 tC ha−1)
that can be found mainly in the moist tropical forests of the Amazon
and Congo Basins. Also, the spatial resolution of the space-borne
L-VOD observations limits the ability of L-VOD to accurately attribute
C stock changes to climate and/or anthropogenic drivers. However,
L-VOD integrates the impact of this range of drivers, providing
direct estimates of C stocks and, thus, key inputs for the GCB. These
integrated estimates of changes in AGC could be valuable to carry
out large-scale validation of other products associated specifically
with different aspects of the tropical carbon budget [for instance,
mapping and evaluating the impacts of C stocks from fires and
deforestation (29, 30) and associated regrowth processes (31)].
Our results demonstrate how the L-VOD dataset, retrieved from
passive L-band observations, supports the assessment of the tropical
forest carbon balance (32), and the study confirms the high-value
L-VOD to monitor the impact of large climate anomalies on the
terrestrial C-stock in near real time. In particular, our findings show that
soil moisture depletion associated with El Niño events in large tropical
regions followed ongoing drought events, leading to enhanced cumulative P − ET decline, and important carbon stock losses as revealed
here especially in tropical Africa. These findings have important implications for the long-term vulnerability of carbons stocks in the
tropics, as large-scale droughts and El Niño events are expected to
intensify, in terms of both frequency and intensity (33), and their succession may have marked cumulative effects on deep-rooting-zone
drying and, consequently, on AGC stock losses. Thus, the L-VOD data
provide unique large-scale observations of changes in vegetation
carbon stocks at a critical time where improved understanding of the
impacts of climate change on ecosystems is essential. So, ensuring
continuity in the long-term records of these observations is important,
but next-generation spatial missions have not yet been decided.
5 of 10
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thus, account for seasonal trends in deforestation activities but not
its interannual variability. In Africa, high AGC losses were found
in areas where no large-scale deforestation could be detected by
monitoring programs, suggesting that either climate conditions or
unaccounted deforestation/degradation is the main cause of the AGC
stock decreases.
It would be interesting to compare our results to the dynamics of
AGC recovery that occurred during former El Niño or drought events.
However, this is not straightforward, as no large-scale observational
product, comparable to the L-VOD dataset, is currently available to
investigate the previous events. Further, each El Niño or drought
event and subsequent recovery of vegetation carbon stocks may have
a specific signature, both in spatial extent and intensity (9, 24, 25).
The continuing decline in AGC stocks in African forests in 2017
may be compared with previous results from the Amazon in relation
to the 2005 severe drought that revealed persistent postdrought
effects with tree height decreases in the area exposed to severe
drought, lagging the precipitation recovery (9, 26). A decline in
long-lived components of canopy structure, such as loss of branches
or tree falls, can lead to recovery times exceeding 3 to 4 years (9).
Further, Yang et al. (26) outlined the persistence of lower carbon
biomass stocks even several years after the drought, pointing to lingering impacts of droughts on the Amazon forests. In addition, longterm plot records in the Amazon forest suggest a delayed mortality
and legacy of carbon emissions after a severe drought (6, 21, 27), which
may also apply to other tropical forests. Analysis in (28) linked the
California forest die-off during the 2012–2015 drought to delayed
mortality effects, namely, mortality, which can be explained by cumulative soil moisture depletion. Thus, the forest die-off in California
was not attributed to a single extreme dry and warm event in 2015,
but rather to a multiyear deep-rooting-zone drought. A similar phenomenon could have occurred over the tropics, where the lack of
recovery in the carbon stocks in 2017 could also be explained by
cumulative soil moisture depletion, related to low precipitation and
enhanced evapotranspiration effects, particularly in the northern
regions of tropical Africa. The latter regions were affected by successive
years of shortage in water storage since 2002 (23). Thus, the hypothesis
of delayed mortality effects is consistent with continued negative
anomalies in the climatic conditions observed over large tropical
areas in 2017 (fig. S6). In 2017, persistent negative anomalies (z scores)
for precipitation, surface soil moisture (SM), maximum climatological
water deficit [MCWD; an estimate of drought intensity and a correlate
of forest tree mortality (6, 24)], and the cumulative P − ET deficit,
combined with positive anomalies for land surface temperature and
vapor pressure deficit (VPD) were observed in tropical America and
central and eastern tropical Africa (fig. S6, C to H). The spatial patterns
of the anomalies in AGC are in good agreement with those derived
independently from other remote sensing vegetation indices, such as
the enhanced vegetation index (EVI) and solar-induced chlorophyll
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Vegetation and climate variables
To evaluate the impact of the drought stress on the carbon uptake
by plants, we used several vegetation indexes and climate variables
(fig. S6):
1) MEI (18)
2) Precipitation at a spatial resolution of 0.25° from datasets of
the Tropical Rainfall Measuring Mission (TRMM 3B43 v7) from
1998 to 2017 (36)
3) MCWD [an estimate of drought intensity at a spatial resolution of 0.25° calculated from TRMM precipitation (37)]
4) SM obtained, as for L-VOD, from the SMOS-IC product,
V105 (16, 17, 38), from 2010 to 2017. The multiangular and dualpolarization SMOS observations ensure a good decoupling between
the effects of soil moisture and vegetation, parameterized here by
the L-VOD index (15, 17). SMOS-IC SM has been recently evaluated
with other recently reprocessed global SM products against in situ
International Soil Moisture Network (ISMN) datasets and performs
very well (39, 40); in (40), it was found to be the most performant
remote sensing SM product in dense vegetation conditions
5) Land surface temperature at a spatial resolution of 0.25°
obtained from skin temperature data produced by the European
Centre for Medium-Range Weather Forecasts (ECMWF) atmospheric
reanalysis ERA-Interim during 1979 and 2017 (38)
6) VPD at a spatial resolution of 1° from 2002 to 2017, calculated
using near-surface air temperature and surface relative humidity from
both the daytime and nighttime overpasses (1:30 p.m. and 1:30 a.m.,
respectively) of the Atmospheric Infrared Sounder (version 6) (41)
7) Cumulative water balance was computed by cumulating precipitation minus evapotranspiration (P − ET, mm) starting 1 January 2010,
as for the L-VOD time series analyzed in this study. Precipitation was
estimated as defined above from the TRMM 3B43 v7 data. Evapotranspiration was obtained from the GLEAM v3 satellite-based
dataset (42). As in (17), the spatial patterns of the anomalies in AGC
were compared with those derived independently from other remote sensing vegetation indices, such as the EVI and SIF. The EVI
was obtained from the monthly MODIS Vegetation Index product
(MOD13C2 Climate Modeling Grid) at a spatial resolution of 0.05°
from 2010 to 2017. SIF was obtained from version 27 global monthly
(level 3) product at a spatial resolution of 0.5° from 2007 to 2017
retrieved from the Global Ozone Monitoring Experiment 2 (GOME-2)
instrument.
Precipitation, land surface temperature, EVI, and SIF were aggregated to an annual composite at 25 -km spatial resolution by averaging or bilinear interpolation from their original resolution to match
the L-VOD grid. In fig. S6, yearly anomalies were calculated using
the z score: (value − mean)/SD.
Benchmark maps of AGC density
Brandt et al. (16) have used the maps produced by Baccini et al. (43)
for calibrating the L-VOD/AGC relationship for Africa. Here, as in
(17), we used four static AGC benchmark maps (fig. S1) to calibrate
L-VOD and retrieve AGC to decrease the dependence of our results
on the accuracy of a single biomass map. These maps include three
pantropical maps published by (43, 44, 45), hereafter referred to as
the “Saatchi,” “Avitabile,” and “Baccini” maps, respectively. The
Saatchi map used in the present study is an updated version, which
represents AGC circa 2015 (46). A fourth map covering only Africa
and hereinafter referred to as the “Bouvet-Mermoz” map was used
(17). The original units of aboveground biomass density (Mg ha−1)
6 of 10
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Land cover and humidity classes
Land cover types were derived from the IGBP (International
Geosphere-Biosphere Programme) scheme of land cover classification for 2015 (34). The IGBP scheme considers 17 cover types
(fig. S3). The data were aggregated to 25-km resolution by dominant
class within each SMOS L-VOD grid cell. “Dominant” refers to the
class that has the largest number of 500-m native resolution pixels
within each SMOS grid cell. We used the 500-m Moderate Resolution Imaging Spectroradiometer (MODIS)–based global land cover
climatology map based on 10 years (2001–2010) of the MODIS
MCD12Q1 product, which contains land cover information.
We merged the original IGBP classes to reduce the number of
classes to three biomes (forests, shrublands and savannas, and
grasslands and croplands), sorted by potentially decreasing woody
cover and carbon density. Forests include IGBP classes 1 to 5 (evergreen needleleaf forest, evergreen broadleaf forest, deciduous needleleaf forest, deciduous broadleaf forest, and mixed forest); shrublands
and savannas include IGBP classes 6 to 9 (closed and open shrublands,
woody savannas, and savannas); and grasslands and croplands
include classes 10, 12, and 14 (grasslands, croplands, and cropland/
natural vegetation mosaics).
The deforested and nondeforested areas in the tropics were
defined on the basis of the forest area loss map produced by (20).
Pixels with more than 5% forest losses (covering 16% of the tropics)
are considered to correspond to deforested areas. Forest percentage
loss rates during the study period of 2014–2017 were calculated at
the resolution of SMOS as the proportion of the summed areas of
forest loss (detected by the “yearloss” map) within each SMOS grid
cell (~25 km).
We masked the nonvegetated SMOS pixels, where SMOS retrievals of L-VOD and SM do not apply, dominated by “wetland,”
“urban and built-up,” “snow and ice,” “water,” and “barren or sparsely
vegetated,” based on the aggregated 25-km IGBP land cover map.
The map of drylands versus humid regions was defined using the
aridity index (AI) corresponding to the ratio between annual precipitation and total annual potential evapotranspiration (16, 17, 18),
with drylands having an AI lower than 0.65 as proposed by the
United Nations Environment Programme (UNEP). This map was
later referred to as the UNEP map. To evaluate the sensitivity of the
results shown in fig. S2 to the ratio of 0.65, we applied a different
map separating drylands and humid regions. This second map was
computed from a global AI (GAI), which is calculated as the ratio of
precipitation to potential evapotranspiration (P/PET) and is provided
by the GAI and Potential Evapotranspiration (ET0) Climate Database v2, where drylands are defined by GAI ≤0.65 (35). This map is
referred to as the GAI map. We changed the threshold of the GAI
map up and down by 5% threshold intervals, and five different
thresholds values (0.59, 0.62, 0.65, 0.68, and 0.72) were tested to
define new maps of drylands. On the basis of these new maps, we
computed AGC anomalies and compared them to results given in
fig. S2 based on the UNEP map.
The new results based on the GAI maps for the different threshold
values are shown in fig. S7. It can be seen that (i) results obtained
with the GAI and UNEP maps are very similar, and (ii) there is a
rather low sensitivity of the results to the threshold values used to
define drylands in the GAI maps. A larger sensitivity of the results
to the threshold value was found in tropical Asia at the end of 2017,
with a low impact on the main conclusions of this study.
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were converted to AGC density (Mg C ha−1) by multiplying the
original values by a factor of 0.5 (16). All AGC maps were aggregated
to 25-km spatial resolution to match the spatial resolution of the
SMOS data by averaging AGC pixels within the SMOS grid cells.
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arctan(b × (VOD − c ) ) −arctan(−b × c)
AGC = a × ─────────────────────── + d (1)
arctan(b × (Inf − c ) ) −arctan(−b × c)
where a, b, c, and d are four best-fit parameters (table S2) and VOD
is the yearly L-VOD data. As in (16, 17), we used here the year 2011
(the year used for calibration proved to have very little impact on
the calibrated curves). An illustration of the calibrated relationships
between L-VOD and AGC based on the Saatchi, Baccini, Avitabile,
and Bouvet-Mermoz maps is given in fig. S1. We converted the
yearly L-VOD map into maps of yearly AGC density (Mg C ha−1)
for 2010–2017 using Eq. 1. Regional AGC stocks were obtained
by multiplying the AGC density by the area of the corresponding
L-VOD pixels.
AGC benchmark maps contain uncertainties and bias, and no
single map can be considered fully reliable, as outlined above. We
used all the different maps to fit Eq. 1 for tropical America, tropical
Africa, and the entire tropical region separately. Benchmark maps
in tropical Asia were not used in this calibration process due to the
limited number of SMOS observations in the region. Ten calibrations
of Eq. 1 were thereby obtained (table S2). We used all 10 calibrations
to create 10 maps of AGC stocks. We used the median of these
10 maps to calculate yearly tropical AGC maps during 2010–2017.
The minima and maxima were also reported, as they provide estimates of the uncertainty of retrieved AGC estimates used in this study
that relates to systematic errors in the reference biomass maps.
Anomalies of AGC stocks computed from the L-VOD index
The AGC anomalies (Fig. 1) at the continental scale were computed
by summing the deseasonalized AGC anomalies estimated separately
over each pixel and were smoothed using a sliding-window average
(T = 120 days). To compute the deseasonalized AGC anomalies at the
pixel scale, we estimated the time series of AGC to which we removed
the average seasonal cycle of AGC computed over 2010–2017 for each
pixel. AGC stocks were computed from the L-VOD index as follows:
daily ascending/descending L-VOD data with an RMSE-TB larger
than 6 K and the 10th/90th outliers were filtered out (L-VOD values
for days with overlapped ascending/descending L-VOD data were
averaged). A sliding-window average (T = 90 days) was used to smooth
the times series at the pixel scale.
Recovery date
The AGC recovery date (Fig. 3) was computed for each pixel as the
date of the minimum value of AGC stocks during 2017, corresponding to the inflexion point in the AGC anomaly curve. To ensure that
this date corresponded well to an inflexion point in the AGC anomaly
curve, we excluded recovery dates at the very beginning or at the very
end of 2017. Over short (daily or weekly) time scales, changes in
the L-VOD parameter are mainly sensitive to changes in the water
7 of 10
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Retrieved AGC products and uncertainty associated
with the AGC estimates
As in (16, 17), changes in AGC were estimated from the L-VOD product using SMOS datasets in the newly developed SMOS-IC version
(38). In the SMOS-IC algorithm, L-VOD and SM are retrieved simultaneously without external vegetation or hydrologic products as inputs in the L-band microwave emission of the biosphere inversion
model. L-VOD retrievals, thus, depend only on temperature fields
from the ECMWF for calculating the effective surface temperature
and are independent of any vegetation index. This improvement
makes this new product very robust for applications in ecology and
climate change studies (3, 16, 17).
The root mean square error (RMSE) between the measured and
simulated brightness temperature (referred to as RMSE-TB) associated
with the SMOS-IC product was used to filter out observations affected
by radio frequency interference (RFI), which perturbs the natural
microwave emission from Earth surface measured by passive microwave systems. We excluded daily observations, influenced by RFI
effects, for which RMSE-TB was larger than 6 K (38). Robust estimates
of annual L-VOD and SM were then obtained as the medians of all
high-quality ascending and descending retrievals with more than
30 valid observations per year. This filtering left a large fraction
of the original SMOS pixels available for the analysis in tropical
biomes over America (74%), Africa (94%), and Asia (72%).
Over woody vegetation, L-VOD is mainly sensitive to the vegetation water content (VWC) of stems and branches (kg/m2) (15), which
can be computed from the values of biomass and of the moisture
content of vegetation (Mg, %). Assuming that the yearly average of
Mg is relatively constant between years at the spatial scale of the SMOS
grid (25 km × 25 km), yearly average values of VWC and biomass
are strongly correlated over time. This explains that several studies
have reported a strong relationship between L-VOD and biomass
for woody vegetation, which is almost linear and independent of the
year of calculation (16, 17). The yearly average of L-VOD, through
its strong link to VWC, can thus be considered as a robust proxy
of biomass.
The method used here to compute AGC from L-VOD is the same
as the one used in (17), where it is described in detail. The L-VOD
dataset allows computation of annual AGC values at a resolution of
25 km, but these values cannot be validated directly, as no other
dataset has this capability to date. So, indirect validation of the
L-VOD–derived AGC values has been made in (16, 17) against
numerous datasets evaluating changes in forest area, spatial patterns
of greening/browning trends computed from optical remote sensing
observations, climate variables, and atmospheric modeling of carbon
sinks and sources in the tropics. An extensive analysis of the uncertainties associated with the L-VOD–derived AGC estimates has
been made as well in the Supplementary Materials of (17), and relative uncertainties associated with changes in the carbon stocks over
the tropics have been estimated to be in the order of 20 to 25% (for
instance, this corresponds to an uncertainty of 0.15 Pg C for estimated
changes in the carbon stocks of 0.66 Pg C over the tropics). We will
not duplicate these analyses in this study, and we refer the readers to
(17) on the questions related to uncertainties and validation of the

AGC values computed from the new SMOS-IC L-VOD satellite data.
However, for a better understanding of the use of the new L-VOD
dataset, the main steps of the computation of the AGC values as
detailed in (17) are given in the following.
The yearly L-VOD data were ranked from low to high VOD
values and were pooled into bins of 250 grid cells as in (47). The
mean of the corresponding AGC distribution in the reference map
was calculated for each L-VOD bin to obtain an AGC curve as a
function of L-VOD. The curve was fitted using the four-parameter
function (47)
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Atmospheric data and inversions
Five observation-based datasets of net land-atmosphere surface fluxes
were used to compute the land sink (Pg C) and land sink recovery
(Pg C) from model inversion over the tropics: the CAMS atmospheric
inversion version 16r1 (48), the Jena CarboScope inversion versions
s76_v4.1 and s85 (49), JAMSTEC (50), and CarbonTracker Europe
(CTE) (51). More details about the differences in model inversions
of CAMS, Jena CarboScope, and JAMSTEC are given in (5).
The CAMS data (Copernicus service) are available from ECMWF.
The CTE data are available at www.carbontracker.eu/fluxtimeseries.
php. The JAMSTEC data were obtained upon request from P. Patra
(JAMSTEC). For the five atmospheric inversions, the land sink
recovery was computed as the average of the land sink over 2017
minus that over 2015–2016 (table S1).
SUPPLEMENTARY MATERIALS

Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/6/6/eaay4603/DC1
Fig. S1. Scatterplots between yearly mean L-VOD in 2011 and benchmark AGC density maps.
Fig. S2. Anomaly of the P − ET deficit (mm) superimposed on the anomalies of AGC stocks
estimated from the L-VOD index in the tropics.
Fig. S3. Biome classes for 2001 to 2010 based on the MODIS IGBP products over the tropics.
Fig. S4. Anomalies of AGC stocks estimated from the L-VOD index in tropical regions.
Fig. S5. Map of deforested and nondeforested areas over the tropics.
Fig. S6. The 2017 anomalies in remote sensing indices and climate variables.
Fig. S7. Anomalies in the P − ET deficit (mm) and in AGC stocks considering different maps of
drylands and humid areas.
Fig. S8. Map of the uncertainty value associated with the recovery date.
Table S1. Land sink (Pg C) and land sink recovery (Pg C) computed from model inversion over
the tropics.
Table S2. Fitted parameters (a, b, c, and d) in Eq. 1 in the Supplementary Materials for the
relationship between L-VOD in 2011 and AGC.
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content of the whole vegetation layer (15), so that the link with changes
in C stocks are indirect. However, it is very likely that the recovery
in the vegetation water status, after a long drought period, can be
associated with a recovery in vegetation productivity and C stocks.
To obtain an estimate of the uncertainty value associated with the
recovery date, we evaluated for each pixel the range of days corresponding to AGC anomaly values lower than Min + TH, where Min
is the value of the minimum AGC value for the pixel and TH is a fixed
threshold value. We selected a value of TH = 0.1 Mg C ha−1 corresponding to ~4% of the average value of the minimum AGC anomaly
(−2.65 Mg C ha−1) for the pixels.
In summary, we computed for each pixel the range of days surrounding the recovery date and corresponding to an AGC anomaly <
Min + 0.1 Tg C. A narrow range of days will correspond to a low
uncertainty associated with the date of recovery (AGC anomaly curve
with a minimum defined by a “sharp drop”). A large range of days
will correspond to a high uncertainty associated with the date of
recovery (AGC anomaly curve with a minimum defined by a “smooth
valley”). The map of the per-pixel uncertainty value associated with
the recovery (as defined by the range of days surrounding the recovery
date and computed as described above) is given in fig. S8. The average
value of this range of days is ±25 days (SD = ±21 days) and provides
a reasonable estimate of the average uncertainty associated with the
recovery date.
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