N
N

N

HAL

open science

Compound droughts slow down the greening of the
Earth

Xianfeng Liu, Gaopeng Sun, Zheng Fu, Philippe Ciais, Xiaoming Feng, Jing

Li, Bojie Fu

» To cite this version:

Xianfeng Liu, Gaopeng Sun, Zheng Fu, Philippe Ciais, Xiaoming Feng, et al.. Compound droughts
slow down the greening of the Earth. Global Change Biology, 2023, 29 (11),

10.1111/gcb.16657 . hal-04087274

HAL Id: hal-04087274
https://hal.science/hal-04087274
Submitted on 3 May 2023

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.

pp.3072 - 3084.


https://hal.science/hal-04087274
https://hal.archives-ouvertes.fr

Received: 11 October 2022 | Revised: 23 January 2023

'.) Check for updates

Accepted: 24 February 2023

DOI: 10.1111/gcb.16657

RESEARCH ARTICLE

£ Jiobai chanoe siciooy RAVAPRSNG

Compound droughts slow down the greening of the Earth

Xianfeng Liu®"?
Xiaoming Feng®

1School of Geography and Tourism,
Shaanxi Normal University, Xi'an, China

2Laboratoire des Sciences du Climat et de
I'Environnement, CEA-CNRS-UVSQ,
Gif-sur-Yvette, France

SState Key Laboratory of Urban and
Regional Ecology, Research Center for
Eco-Environmental Sciences, Chinese
Academy of Sciences, Beijing, China

Correspondence

Xianfeng Liu, School of Geography and
Tourism, Shaanxi Normal University, Xi'an,
China.

Email: xianfeng.liu@Isce.ipsl.fr

Zheng Fu, Laboratoire des Sciences du
Climat et de I'Environnement, CEA-CNRS-
uVvsQ, Gif-sur Yvette, France.

Email: zheng.fu@lsce.ipsl.fr

Bojie Fu, State Key Laboratory of Urban and
Regional Ecology, Research Center for Eco-
Environmental Sciences, Chinese Academy
of Sciences, Beijing 100085, China.

Email: bfu@rcees.ac.cn

Funding information

National Natural Science Foundation of
China, Grant/Award Number: 41991230
and 42171095; The Fundamental Research
Funds for the Central Universities, Grant/
Award Number: GK202201008; The Open
Foundation of the State Key Laboratory

of Urban and Regional Ecology of China,
Grant/Award Number: SKLURE2022-2-1;
The Social Science Foundation of Shaanxi
Province, Grant/Award Number: 2020D039

1 | INTRODUCTION

| Gaopeng Sun?
| Jing Lil

| Zheng Fu?® | Philippe Ciais?® |

| Bojie Ful®

Abstract

Vegetation response to soil and atmospheric drought has raised extensively contro-
versy, however, the relative contributions of soil drought, atmospheric drought, and
their compound droughts on global vegetation growth remain unclear. Combining the
changes in soil moisture (SM), vapor pressure deficit (VPD), and vegetation growth
(normalized difference vegetation index [NDVI]) during 1982-2015, here we evalu-
ated the trends of these three drought types and quantified their impacts on global
NDVI. We found that global VPD has increased 0.22 +0.05 kPa-decade ™ during 1982-
2015, and this trend was doubled after 1996 (0.32+0.16 kPa-decade™) than before
1996 (0.16+0.15kPa-decade™). Regions with large increase in VPD trend generally
accompanied with decreasing trend in SM, leading to a widespread increasing trend in
compound droughts across 37.62% land areas. We further found compound droughts
dominated the vegetation browning since late 1990s, contributing to a declined NDVI
of 64.56%. Earth system models agree with the dominant role of compound droughts
on vegetation growth, but their negative magnitudes are considerably underesti-
mated, with half of the observed results (34.48%). Our results provided the evidence
of compound droughts-induced global vegetation browning, highlighting the impor-
tance of correctly simulating the ecosystem-scale response to the under-appreciated

exposure to compound droughts as it will increase with climate change.

KEYWORDS
atmospheric drought, climate change, compound droughts, soil drought, soil moisture, vapor
pressure deficit, vegetation browning, vegetation greening

sustained precipitation deficit but various elements of hydrosphere

Drought poses large risks to ecosystem services and agricultural pro-
duction because of their devastating impacts on the environment,
economy, and society (Zhang, Keenan & Zhou, 2021). Generally,
drought classied into four types including meteorological drought,
soil drought, hydrological drought, and social-economic drought

(Wilhite & Pulwarty, 2017), which are strongly-correlated with

response to drought in different degrees (AghaKouchak et al., 2015).
The combination of interacting physical processes across sev-
eral related droughts is referred to as the compound droughts
(AghaKouchak et al., 2020; Li, Li, Chen, Xiang, et al., 2021), leading
to a significant impact on ecosystem and multiple social-economic
sectors than any single drought (Ciais et al., 2005; Lloret et al., 2012;
Su et al.,, 2021; Williams et al., 2010). The most occurrence of
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compound droughts is the coincidence of atmospheric drought (high
vapor pressure deficit [VPD]) and soil drought (low soil moisture
[SM]) (Zhang, Gentine, et al., 2022; Zhou et al., 2021), exacerbat-
ing substantial impacts on vegetation greenness and productivity
(Liu, Feng, et al., 2020; Lloret et al., 2012; Piao et al., 2014; Sulman
et al., 2016; Williams et al., 2010). Earth system models showed that
the compound droughts will increase under global warming until
the end of this century (Meehl et al., 2014; Yuan et al., 2019; Zhou
et al., 2021). However, our knowledge of compound droughts, for
example, the intensity, duration, and hotspots of global compound,
and its impacts on global vegetation greenness are still unclear. A
global analysis of compound droughts between atmospheric and soil
drought is therefore critical to improve our understanding of com-
pound droughts-related impacts on terrestrial ecosystem carbon
budget and achieve the sustainable development of global vegeta-
tion greenness and photosynthesis.

Global vegetation greenness has increased substantially since
the 1980s (Chen et al., 2019; Zeng et al., 2017; Zhu et al., 2016), but
these increased trends reduced or even reversed since late 1990s
(Pan et al., 2018), primarily due to an increase in drought (Feng
et al., 2021). Recent several studies indicate that high VPD, a proxy
of atmospheric drought, is the dominant factor in controlling global
vegetation growth and photosynthesis, because VPD has increased
significantly along with the global warming trend and has a strong
negative correlation with gross primary production (GPP) of terres-
trial vegetation through regulating the leaf stomata conductance (Fu
etal., 2022; Rawson et al., 1977; Yuan et al., 2019). Conversely, other
studies argue that soil drought, proxy by SM, dominates global veg-
etation dynamic compared to a little stress by VPD by using solar-
induced chlorophyll fluorescence (SIF) datasets (Liu, Gudmundsson,
etal., 2020; Seneviratne et al., 2010). It should be noted that although
low SM is known to affect plant physiology (Zhou et al., 2021), the
positive feedback between atmosphere and SM significant exacer-
bates the adverse impacts on vegetation growth (Zhang, Gentine,
et al., 2022; Zhou, Williams, et al., 2019; Zhou, Zhang, et al., 2019).
Therefore, recent research has emphasized that both drivers of VPD
and SM should be accounted for to explain the impact of compound
droughts on vegetation growth in consideration of the strong cou-
pling mechanism of land-atmosphere interaction. A recent study
discussed the potential coupling impact of compound droughts by
projected outputs (Zhou, Zhang, et al., 2019), however, the rela-
tive contributions of different droughts on vegetation growth are
unknown.

To this end, we present a global analysis of changes in compound
droughts and analyze the impact of compound droughts on global
vegetation growth by using flux tower measurements, remotely
sensed observations, and earth system model outputs. Specifically,
we aim to address the following three questions: (1) what are the
patterns of global compound droughts and their evolution during
1982-20157? (2) What are the contributions of compound droughts
on global vegetation browning since 1990s? (3) Do earth system
models capture the influence of compound droughts? The third
question is important because future projections of the land carbon
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sink depend on how models capture the response of GPP to com-

pound droughts.

2 | MATERIALS AND METHODS
2.1 | Eddy-covariance observations

We used half-hourly or hourly GPP, air temperature (T), VPD, soil
water content (SWC), wind speed (WS), and incoming shortwave ra-
diation (SR) from the FLUXNET2015 dataset of energy, water, and
carbon fluxes and meteorological data, which has undergone a stand-
ardized set of quality control and gap filling (Pastorello et al., 2020)
(Table S1). Data were already processed following a consistent and
uniform processing pipeline, and all corrections were already applied
to the available product (Fu et al., 2022). We used SWC, VPD, T, P,
SR, atmospheric CO, concentration, and WS in the analysis. Annual
variations of each variable are shown in Figure S1. GPP estimates
from the night-time partitioning method were used for the analysis.
Thirty-eight sites were selected to construct the model based on the
following criteria: (1) the site should measure all above variables, (2)
the effective continuous observational data of the site need no less
than 10vyears, and (3) the site need located in vegetated or adjacent
to the global vegetation area based on the International Geosphere-
Biosphere Programme (Table S2). Also, we selected another inde-
pendent 15 sites with effective continuous observation time no less

than éyears to test the robustness of the model (Table S3).

2.2 | Normalized difference vegetation index data

The advanced very high-resolution radiometer normalized differ-
ence vegetation index (NDVI) data are acquired from the third-
generation product data (GIMMS3g) of NOAA series of weather
satellites. The GIMMS3g NDVI dataset is freely available on the
NASA website (https://ecocast.arc.nasa.gov/data/pub/gimms/) and
it has an approximately 8 kmx 8 km spatial resolution and a 15-day
temporal resolution. In this study, the 15-day data are integrated
into annual values with the maximum value composite method and
its pixel size is bi-linearly interpolated to 0.5°x0.5° for the further
analysis (Tucker et al., 2005; Yuan et al., 2019).

2.3 | Climate data

The monthly Climatic Research Unit (CRU) dataset releases global
monthly meteorological data variables with 0.5°x0.5° spatial reso-
lution, which is based on the observation data derived from mete-
orological stations scattered across continents around the world
except Antarctica (Harris et al., 2014). The gridded dataset can be
acquired freely from the University of East Anglia website (https://
sites.uea.ac.uk/cru/). In this study, we selected monthly mean air
temperature, actual vapor pressure data, and monthly cumulative
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precipitation from the latest version record, CRU TS v4.04 (Harris
et al., 2020). The air temperature and actual vapor pressure data are
used to estimate VPD across global vegetate areas.

We also used shortwave radiation and wind speed for global
vegetation driving force analysis during 1982 to 2015 from ERA5,
the fifth-generation ECMWEF reanalysis for the global climate and
weather for the past four to seven decades. We interpolated the
spatial resolution to 0.5°x0.5° by using bi-linearly interpolated
method. For global atmospheric CO, concentration data, we used
monthly scale observation data at Mauna Loa observatory of NOAA
(https://www.noaa.gov/) from 1982 to 2015.

24 | SMdata

The Global Land Evaporation Amsterdam Model (GLEAM) is a set
of algorithms for the estimation of terrestrial evaporation and
root-zone SM from satellite data (www.GLEAM.eu). These out-
put datasets can be utilized for global and regional large-scale
hydrological applications, climate studies, and research about
land-atmosphere feedbacks. In this study, we used global SM ob-
servation data of each month from 1982 to 2015, and interpolated
the spatial resolution to 0.5°x0.5° by using bi-linearly interpo-
lated method.

2.5 | Landcover data

GLASS-GLC (Global Land Cover) product is developed by using the
Google Earth Engine platform, using the global GLASS CDR dataset
from 1982 to 2015 as the data source, covering seven land cover
categories including cultivated land, forest, grassland, shrub, tundra,
bare land, and ice and snow (Liu, Gong, Wang, et al., 2020). In this
study, we constrain global vegetated areas to the overlap regions
of cropland, forest, grass land, shrubland, and tundra from 1982 to
2015, and the following analysis is all based on the spatial boundary
of global vegetated areas (Figure S2).

2.6 | Earth system models

Following the observational analysis, the same analysis was car-
ried out for the three earth system models participating in the
Coupled Model Inter-comparison Project Phase 6 (CMIP6). We
used three earth system models, namely MPI-ESM-1-2-HAM, MPI-
ESM1-2-LR, and AWI-ESM-1-1-LR, that simultaneously simulated
root-zone SM (rzwc), net shortwave surface radiation (rss), relative
humidity (hur), near-surface wind speed (sfcWind), near-surface
air temperature (Tas), sea level pressure (psl), and gross primary
production (gpp). The daily or monthly historical simulation data-
sets during 1982-2014 were retrieved from https://esgf-node.lInl.
gov. The daily rzwc is further resampled to monthly to be consist-
ent with other variables in the analysis. The CO, concentration

simulation data are obtained from MPI-ESM-1-2-HAM. The aver-
age values of these three earth system models were used for the

results.

2.7 | Calculation of VPD

The VPD commonly estimates as the difference between the satu-
ration vapor pressure (SVP) and actual vapor pressure (AVP) (Yuan

et al., 2019). The empirical formula is as below:

VPD = SVP — AVP (1)

17.67T,
SVP = 6.112 X f,, X 71285 2)
fu=1+7x10"*+3.46x107°P, )

(4)

o _p (T,+273.16) 6%
met I\ (T, +273.16) +0.0065x Z

where, Z refers to DEM, and T, and AVP are land air temperature and
actual vapor pressure of CRU dataset, respectively. The latitude de-
pendence of the correlation between VPD and temperature is dis-
cussed in Supplementary Information.

2.8 | Compound drought identification

Atmospheric drought is defined as high VPD percentiles
(VPD > 90th percentile of VPD over the entire study period) while
soil drought is defined as low SM percentiles (SM < 10th percen-
tile of SM over the entire study period) in this study. Compound
droughts are thus identified when an atmospheric drought co-
incides with a soil drought for a given pixel during 1982-2015
(Figure S3).

2.9 | Identification of TP of NDVI trend

We used the piecewise linear regression method to determine the TP
of NDVI during 1982-2015. The piecewise linear regression model
has been widely used in vegetation dynamics and climate analyses
because it can effectively detect a TP in long time-series data (Tomé
& Miranda, 2004; Wang et al., 2010). The equation is as follows:

Po+Pit+e t<a
y= (5)
Bo+Pit+pt—a)+e, t<a

where y is NDVI; t is the time; and «a is the TP of the time series; f, is
the intercept; g, and f, + 3, denote the magnitude of the trends before
and after the TP, respectively; and ¢ is the residual random error. « is
determined by least square error methods.
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2.10 | Theil-Sen trend analysis

The advantage of the SEN trend analysis method is that it does not
require samples to obey a certain distribution, and has a strong abil-
ity to avoid measurement errors or outliers (Sen, 1968).

. Xj = Xi .
B = medlan(l,T)Vj > (6)

where f is the vegetation change trend. x; and x; are the values of the
vegetation index at time i and j, when >0, it means that the vegeta-
tion cover is increasing, and when >0, it means that the vegetation
cover is showing a decreasing trend.

Mann-Kendall is a nonparametric statistical test method used
to judge the significance of trends, which does not require samples
to follow a certain distribution and is also free from the interference
of a few outliers. The statistical value Z obtained from the analysis
represents the change trend of the data. The positive and negative
values of Z correspond to the upward and downward trends, respec-
tively. At the same time, if Z value is greater than 1.64, it means that
the significance test with a confidence level of 95% has been passed
(p<.05).

2.11 | Pearson correlation analysis

Pearson correlation coefficient is used to reflect the degree of linear
correlation between two variables X and Y. The value of R is between
-1 and 1, and the greater the absolute value is, the stronger the cor-
relation is. The population correlation coefficient p is defined as the
ratio of the covariance between two variables X and Y and the prod-

uct of their standard deviations, as follows:

R = Zle(xi-x)(yx-v) -1 Zn (Xi-)_<><Yi_7)
\/Z?ﬂ (Xi_)_()\/27=1(yi—v) n-1&m Ix Oy

7)

where Xg—j )_(, and oy are the standard fraction, sample mean, and sam-
ple stand)iard deviation of the sample X;, respectively, and nis the sam-
ple size. The long-term trend of time-series data is removed by using
the detrend fluctuation analysis method before correlation analysis.
The t-test is used for significance test of Pearson correlation coeffi-

cient analysis.

2.12 | Quantifying the effect of predictors on
vegetation growth

The random forest (RF) model was used to separate the impact of
compound droughts on vegetation growth. We first constructed RF
models for simulating annual NDVI (or GPP) at each pixel driven by
SM, VPD, SMxVPD (C), air temperature (T), precipitation (P), short-
wave radiation (SR), atmospheric CO, concentration (CO,), and wind
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speed (WS). Before training the model, all the variables were normal-
ized. Then, 5000 trees were used to avoid a few decision trees being
sensitive to data changes, and could reduce certain noises that are
easy to produce over-fitting. For training the model, we randomly
choose 60% samples for training, 20% samples for validation, and
20% samples for test to build the model. Cross-validation method
was used to select the best model. We then performed two simula-
tions by using the well-validated RF model. We first run the model to
simulate the annual NDVI with variable climate factors over time (ex-
periment 1), and then run the model by fixing one climate factor in
1982 over time (experiment 2). The differences between the above
two experiments could determine the influence of the fixed climate
factor on vegetation growth. Details can be referred to Figure S4. To
test the robustness of these results, we conduct the above analysis
for both flux tower measurements and remote sensed observations,
and achieve similar results (Figures S5 and Sé). All above analysis is
based on “the Random Forest” package in R platform (https://cran.r-
project.org/web/packages/randomForest/).

3 | RESULTS
3.1 | Changesin global VPD and SM

Global mean annual VPD showed a significant increasing trend dur-
ing 1982-2015, with an average rate of 0.22+0.05kPa-decade™
(p<.05). The piecewise regression model indicated faster upward
rate after year of 1996 (0.32+0.16kPa-decade™?, p<.05) than that
for before (0.16+0.15kPa-decade™, p<.05). Spatially, 72.92%
(33.89% significant at p<.05, hereafter) and 27.08% (1.47%) re-
gions of global vegetated areas displayed increasing and decreasing
trends in VPD, respectively. The largest VPD trend mainly distrib-
uted in grasslands, savannas, croplands, and tropical rainforests in
Africa and Brazil, with a rate more than 0.5 kPa-decade™ (p<.05)
and occupy approximately 18.01% of vegetated land (Figure 1a,b).
Conversely, SM did not present an obvious trend during study pe-
riod, and had a comparable proportion of increasing and decreasing
trend regions, with 53.29% (10.51%) and 46.71% (8.53%), respec-
tively (Figure 1c,d). The spatial differences for VPD and SM before
and after 1996 also suggest a more prominent increasing trend of
VPD after year of 1996 (Figure S7).

The global distribution of correlation coefficients between VPD
and SM showed a prominent latitude heterogeneity, with high pos-
itive correlations in tropical regions and gradually decreased with
the increase in latitude, especially in the Northern Hemisphere.
Spatially, approximately 78.3% areas of global vegetated regions
show a significant correlation at p<.05. Moreover, more than 90%
areas present negative correlation between VPD and SM, and prom-
inent negative correlation (p <.05) in South Asia, Amazon and Congo
rainforest, and Sahel regions, suggesting regions with large increase
in VPD trend generally accompanied with decrease trend in SM,
contributing an increasing trend in concurrent of high VPD and low
SM events during the studied period (Figure 1e,f).
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FIGURE 1 Spatiotemporal variations in trend of VPD (a) and SM (c), with their annual variation curve (b, d), respectively. Subfigure (e) is
the spatial distribution of correlation coefficients between detrended SM and detrended VPD, and its latitude variation (f). The dots in (a, c,
e) indicate significant at p <.05, and gray areas indicate non-vegetated regions. SM, soil moisture; VPD, vapor pressure deficit. [Colour figure
can be viewed at wileyonlinelibrary.com]

3.2 | Changes in atmospheric drought, soil trend over 1982-2015, regions with increasing and decreasing trend
drought, and their compound droughts are 54.93% and 45.07%, respectively, indicating strong coupling be-
tween soil drought and atmospheric drought (Figure 2c). Moreover,
The results of 15-year moving window to detect changes in soil we find that more extreme drought shows more significant increase
drought, atmospheric drought, and concurrent drought (VPD > 90% or decrease trends. Regions with significant increase in concurrent
and SM < 10%) show that 40.27% (22.8% significant at p<.01, here- drought primarily concentrated in the Middle and Eastern Europe,
after) regions of global vegetated areas experience an increasing soil the Middle and Northeastern China, the South American, the South
drought during study period, while 59.73% (39.26%) regions witness Brazil, and Sahel regions.
a decreasing trend of soil drought (Figure 2a). For VPD extreme, We further binned SM and VPD into 10 percentile classes, and
62.97% (43.78%) regions of global vegetated areas show a promi- calculated the concurrent trend of SM and VPD in different SM-
nent increasing trend in atmospheric drought, and 37.03% (21.32%) VPD intervals (Figure 2d). We found that high VPD (VPD > 60%)
regions show a decreasing trend in atmospheric drought (Figure 2b). presents an increasing trend in all available SM bins, and it tends to
For compound droughts, our results show a significant increasing reach maximum trend for compound extremes events. Moreover,
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the TPs of VPD from decreasing to increasing trend gradually be-
came lower when SM increased, which suggest that more humid
conditions may more sensitive to occur compound droughts.
Temporally, the intra-annual pattern of compound droughts
shows an uni-modal distribution, with both pixels counts and their
increasing trend reach to the top at July-August, indicating com-
pound droughts tend to occur in warm season (Figure 2e). The
inter-annual variability of compound droughts show an overall
increasing trend globally during 1982-2015, but the increasing
trends during 1997-2015 are particularly high, which is signifi-
cantly larger than in 1982-1996 (Figure 2f). These results indicate
widespread regions experience a significant increasing trend in
compound droughts and atmospheric drought during study period
and mainly concentrated in warm seasons.

3.3 | Responses of vegetation activities to
climatic factors

Global NDVI showed a significant greening trend, with an average
rate of 0.0008year™ (p<.05) during 1982-2015, however, the trend
is significantly slower during 1997-2015 (0.0002year‘1, p>.05)
compared to 1982-1996 (0.0014 year %, p <.05). Spatially, more than
50.79% of global vegetated areas show negative trend during 1997-
2015, which is spatial consistency with the area of increased com-
pound droughts during the period (Figure 3).

To quantitatively evaluate the response of vegetation growth to
climatic factors, a RF model was used to reconstruct NDVI based on
SM, VPD, SMxVPD (C), air temperature (T), precipitation (P), short-
wave radiation (SR), atmospheric CO, concentration (CO,), and wind
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speed (WS). The predicted NDVI matches well with the observed
NDVI, with R? of the test set is .946 during 1982-2015, and the high-
est correlation coefficients were observed across mid- and high lati-
tude of the North Hemisphere (Figure 4; Figure S8). Then the model
was applied to separate the impact of each climatic factor on NDVI.
We first run the model to simulate the annual NDVI with variable
climate factors over time (experiment 1), and then run the model
by fixing one climate factor in 1982 over time (experiment 2). The
differences between the above two experiments could determine
the influence of the fixed climate factor on vegetation growth. The
model experiments indicated that the increasing compound droughts
significantly decreased NDVI (64.56%), following by VPD (28.08%)
and wind speed (5.32%) during the period of global browning (1997-
2015). Thus, compound droughts dominated the global browning.
In contrast, CO, fertilization plays a significant role in stimulating
vegetation growth (70.09%) during 1997-2015. However, the in-
creased NDVI induced by CO,, fertilization was nearly offset by the
increased compound droughts, leading to a widespread browning of

global vegetated areas (Figure 4c). We also calculated the sensitiv-
ity of vegetation anomaly to different independence variables, and
found that compound droughts are the most sensitivity variable to
drive vegetation decline (Figure 4d).

To test the robust of our results, we also repeated our analy-
sis using global flux tower datasets from FLUXNET2015, and found
that compound droughts posed large negative effect on NDVI/GPP
among all variables (Figure 4e,f). Therefore, our findings indicate
that the increased compound droughts dominant global vegetation
browning during 1997-2015, which is in line with the substantial
increase in compound droughts during 1997-2015 compared to
1982-1996.

3.4 | Earth system model simulations

To gain additional insights on the impact of compound droughts
on vegetation growth, we analyze the response of vegetation
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productivity to climate variables using the output from earth system
models that simultaneously simulate all variables used in this work.
Outputs from these models forced by observed climate fields and
changing CO, concentration are analyzed for their predictions dur-
ing the historical period 1982-2014. GPP is chosen as a dependent
variable in RF model. The average values of these three earth system
models were used for the analysis. The results share a similar pattern
to the observed results, and also indicate a dominant role of com-
pound drought impact on vegetation growth, providing two sepa-
rate lines of evidence (i.e., both earth observing and model based)
for compound droughts drives browning of the earth (Figure 5;
Figures S9-5S11). However, the ensemble model mean result shows
that compound droughts could only decrease NDVI/GPP by 34.48%,

nearly half of the observed results (Figure 5c), suggesting that the
state-of-the-art model considerably underestimated the impact of

compound droughts on global vegetation growth.

4 | DISCUSSION

4.1 | Substantial increase in coupling of soil and
atmospheric droughts

Compound events refer to the combination of process (climate
drivers and hazards) leading to a significant impact (Zscheischler
et al., 2018), which have recently received more attention because
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of their devastating and large-scale impact on natural ecosystem,
food system, human health, and economic stability (AghaKouchak
et al.,, 2020; Frank et al.,, 2015; Lesk et al., 2021; Raymond
et al., 2020; Zscheischler & Seneviratne, 2017). Most exist stud-
ies focus on the interactions between different hazards, including
drought, heat waves, wildfires, and floods, and their significant im-
pacts which occurs simultaneously. For example, Mazdiyasni and
AghaKouchak (2015) indicate a substantial increase in concurrent
droughts and heatwaves across most parts of the United States.
Lesk et al. (2021) reported a stronger impact of climate warming on
global crop yields when consider temperature-moisture coupling.
Our results indicate a substantial increase in compound droughts of
soil and atmosphere in many regions of the world, both in dryland
and humid regions (Figure 3). The inherence of compound droughts
is the propagation of drought across different hydrological process.
For example, when precipitation decreases, atmospheric drought oc-
curs first, followed by agricultural drought that measured by SM (Liu
et al., 2016). The increase in compound droughts indicates that the
propagation rate from atmospheric drought to soil drought has in-
creased during recent decades, suggesting an acceleration of global
hydrological cycle through positive feedback under global warming.
That is, increased VPD increases the water demand of atmospheric
drought, and further accelerates the loss of SM; in turn, decreased

SM reduced evapotranspiration, accompanying with higher temper-
ature and associated VPD, due to decreased latent cooling effect.
In addition, traditional atmospheric drought or soil drought are long
lasting and usually occur in all seasons or cross season, however, our
results indicate that compound droughts of atmospheric and soil
mainly occur in warm seasons and the drought period is generally
shorter than the traditional single drought. Therefore, knowledge of
the intensity, duration, and frequency of compound droughts is the
presupposition for future compound drought prediction and adap-

tion strategies under a changing climate.

4.2 | Dominant role of compound droughts in
global vegetation browning

Over the past three decades, many studies have documented a
greening trend of the earth during 1982-2015 (Chen et al., 2019;
Zengetal., 2017; Zhu et al., 2016). However, a recent study provides
an interesting finding that an increasing global vegetation browning
since late 1990s and attributed this phenomenon to drought (Pan
et al., 2018). The outstanding issue has raised heated debate, for ex-
ample, one study documents that the increased VPD significant re-
duces global vegetation growth since late 1990s (Yuan et al., 2019),
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whereas the other study shows that low SM is the dominant driver
of dryness stress on ecosystem production across more than 70%
of vegetated land areas based on satellite observations of SIF (Liu,
Gudmundsson, et al., 2020). Our results quantitatively demonstrate
that the compound droughts of soil and atmospheric rather than a
single type drought is the dominant factor to reduce NDVI since the
late 1990s, for example, an increase in compound droughts across
Middle and Eastern Europe and east America spatially coincides
with a decrease in NDVI (Figure 3a-d). Although our results con-
firmed the negative role of VPD on global vegetation growth, but
the negative effect was further amplified by the coupling of low SM
and high VPD. Compared with a single factor, the increased demand
of atmospheric water will further aggravate the loss of SM, thereby
forming a positive feedback effect, making the impact of compound
higher than two single factors. Specifically, as carbon starvation and
hydraulic failure are the two main constrains on vegetation growth.
When water stress occurs, the leaf stomatal conductance declines
in order to reduce water consumption, accompanied by a decrease
in CO, absorption through leaf stomach. These coupling processes
of water stress and carbon reduce associated with extreme low SM
and high VPD will pose considerable negative effect on vegetation
growth and these trends will further intensify under global warming
(Huang et al., 2016; Jiao et al., 2021; Lian et al., 2021). In addition,
CMIP5 models show that the frequency and intensity of compound
droughts of soil and atmospheric is projected to increase in the 21st
century (Zhou, Zhang, et al., 2019), which will greatly undermine the
vegetation greening trend and further induce vegetation mortality
and reduced terrestrial carbon uptake.

We noted that there is an increased trend in compound droughts
over regions such as south-eastern China and Sahel (Figure 3a-d),
where show a persist greening trend after year of 1997. This is be-
cause the fact that these regions have been a substantial increase
in afforestation and productive croplands over the past decades
(Chen et al., 2019). In addition, we also noted that NDVI may suffer
a saturation issue in densely forest (Atkinson et al., 2011), although
NDVI is widely used in previous studies to detect vegetation growth
in response to climate extremes and rising atmospheric CO, (Jong
et al.,, 2013; Yang et al., 2023; Yuan et al., 2019; Zhang, Gentine,
etal., 2022).

4.3 | Implications of compound droughts induced
vegetation browning

The predominant role of compound droughts in causing the veg-
etation browning has important implications for understanding the
ecosystem functions in response to climate change. Because cli-
mate change likely results in an increased frequency and intensity of
drought (AghaKouchak et al., 2020; Wu et al., 2022), future changes
in compound droughts may cause substantial reduction in carbon
uptake by impacting the vegetation activities. In addition, compound
droughts could increase the risk of vegetation mortality, resulting
in the decrease in biodiversity and accelerating the degradation of

S i ey

ecosystem. Meanwhile, vegetation browning will also offset the
cooling effects of global greening through land-atmospheric feed-
back (Zeng et al., 2017), which could further exacerbate the drought
conditions, leading to larger carbon loss globally. To better simulate
land carbon sink under changing climate, it is urgent for global mod-
els to realistically consider the impacts of compound droughts on
terrestrial ecosystems.

Rising temperatures have also increased the occurrence, sever-
ity, and duration of heat waves and droughts, which in turn have
increased the risk of wildfires (Raymond et al., 2020). However,
most of current studies primarily focused compound event on the
coupling of two related climate extremes or drivers, for example,
drought and heatwaves (Lesk et al., 2021). Knowledge regarding
the combination of more than two extremes or drivers is still in its
infancy, particularly the nexus of drought, heatwaves, wildfire, and
global carbon cycle is still an open question. Therefore, our findings
highlight the need to improve our understanding of the interrelated
climate extremes. Specifically, we need a systematic evaluation of
compound events, including definitions and types, research frame-
works, impact assessments, and future trends prediction. This will
help to better predict the impacts of compound events on the capac-

ity of continents to act as a carbon sink in the future.

5 | CONCLUSIONS

We analyzed the changes in atmospheric drought, soil drought, and
compound droughts, and quantified the response of global vegeta-
tion dynamic to different droughts. The results show a significant
increasing trend in global averaged VPD during 1982-2015, and the
upward rate doubled after 1996 than before 1996. Regions with
large increase in VPD trend generally accompanied with decrease
trend in SM, leading to a widespread increasing trend in compound
droughts across the most land area fraction. RF model experiments
suggest a divergent response of vegetation dynamics to different
climate drivers during study period, and our results showed a domi-
nant role of compound droughts in causing vegetation browning
since late 1990s. Earth system models also suggest the dominant
role of compound droughts on vegetation growth, but the negative

magnitude of GPP anomaly is considerably underestimated.
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