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ABSTRACT

Photosynthesis drives life on the Earth and it is essential to examine the response of terrestrial ecosystems to
climate change. This study investigates the changing vegetation-climate interactions and the response of global
photosynthesis to it in the current (2000-2021) and future climate scenarios (until 2100). The study finds
temperature (T, 31 %) as the dominant driver of global photosynthesis, followed by soil moisture (SM, 26 %),
precipitation (P, 23.4 %) and downward shortwave radiation flux (DSRF, 19.5 %) as suggested by Random Forest
(RF). Across biomes and land covers, T controls photosynthesis in forests (36.4 %), croplands (35 %), and
temperate (36.1 %) and cold (29.7 %) biomes, but P in grasses (35.5 %), and tropical (26.8 %) and arid (27 %)
biomes. Photosynthesis has causal feedbacks with SM (croplands), P (forests, tropical and temperate), and T
(temperate and cold); reveals Granger Causality that goes beyond correlations as it indicates directional effects.
Water availability (SM, 5 %; P, 2.4 %) has strengthened its control on the global photosynthesis, and weakened
the influence of T (—4.4 %) in recent decade (2010-2019) from its previous (2000-2009). The enhanced Solar-
Induced Fluorescence (SIF, 4.2 %), Enhanced Vegetation Index (EVI, 2.8 %) and Fraction of Photosynthetically
Active Radiation (FPAR, 0.8 %) confirm the “Greening Earth”, as also attested by the positive cumulative growth
rate (FPAR, 1.2 % CGR). Greening is intensified in croplands (1.7 % CGR), arid (1.6 % CGR) and temperate (1.4
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% CGR) biomes, and forests (0.4 % CGR); conversely, slowdown/reversed in grasses (—4.1 % CGR), and tropical
(—1.8 % CGR) and cold (—0.2 % CGR) biomes. Greening is projected to continue until the end of the century
(2090-2100), predominantly in the cold (45.9 %) and arid (31.6 %) biomes. Future greening can expedite the
hydrological cycle and strengthen land-atmosphere coupling. This calls for effective utilisation of land resources,
judicial management of green cover and climate adaptation policies to attain sustainability in a warmer and drier
world with an unprecedented human population rise.

1. Introduction

Land-atmosphere interactions are vital to the climate and the func-
tioning of various components of the Earth system. Vegetation plays a
crucial role in regulating the fluxes of carbon, water, energy and mo-
mentum between land and atmosphere (Piao et al., 2020; Humphrey
et al., 2021). To improve our understanding of fluctuations in these
fluxes within the climate system, and to monitor natural ecosystems and
agricultural lands, it is essential to study global photosynthesis (Ryu
etal., 2019; Keenan et al., 2023). The terrestrial ecosystems act as major
carbon sinks as they absorb about 30 % of human-caused CO; emissions
and store them as vegetation biomass, and control the stability of carbon
cycle (Ruehr et al., 2023; Bar-On et al., 2025). Thus, measuring global
photosynthesis is essential for comprehending the global carbon cycle
and climate system as both are closely connected through various
feedbacks (Nemani et al., 2003; Sellers et al., 2018). Furthermore, the
increase in population and economic growth necessitates an increase in
crop yield and wood production, that depend on photosynthesis (Piao
et al., 2020).

Quantification of global photosynthesis is very challenging as it re-
quires a vivid understanding of various linear and non-linear biophysical
processes that vary in space and time. In recent decades, collaborative
efforts among plant physiology, biogeochemistry, ecology and earth
observations have greatly enhanced our understanding of photosyn-
thesis on multiple scales (Ryu et al., 2019). However, there remains
uncertainties regarding the spatio-temporal patterns of global photo-
synthesis due to differences among the selected models, algorithms,
parameters, and measurements (Rogers et al., 2017). The establishment
of eddy covariance flux towers has greatly enhanced our comprehension
of canopy photosynthesis processes (Baldocchi, 2020). However, flux
towers do not represent global processes, particularly in the tropics with
limited measurements (Schimel et al., 2015; Kashyap et al., 2023a).
Contextually, the emergence of satellite remote sensing has made sig-
nificant strides in the study of global photosynthesis (Nemani et al.,
2003; Piao et al., 2020).

Monitoring the changes in global photosynthesis is essential for
comprehending the alterations in the functioning of terrestrial biosphere
and to assess climate feedback mechanisms (Nemani et al., 2003; Piao
etal., 2020). It is also of great significance because of the unprecedented
rise in human population, exorbitant resource consumption and accel-
erated environmental degradation (Zhu et al., 2016; Chen et al., 2019).
Satellite-derived vegetation indices reveal varied regional changes, with
an overall increase in vegetation greenness (i.e. greening) (Zhu et al.,
2016; Chen et al., 2019; Cortés et al., 2021; Chen et al., 2024a) over the
years and a recent decrease in vegetation greenness (i.e. browning)
(Brandt et al., 2018; Pan et al.,, 2018; Liu et al., 2023). The global
vegetation dynamics is influenced by both climate (Nemani et al., 2003;
Zhu et al., 2016; Piao et al., 2020) and non-climate (land management
and environmental factors) (Zhu et al., 2016; Chen et al., 2019; Piao
et al., 2020) drivers. Land management such as agricultural intensifi-
cation and afforestation contributes to greening (Chen et al., 2019;
Kuttippurath and Kashyap, 2023). Environmental factors such as the
CO, fertilization effect (CFE) and nitrogen deposition (ND) also
contribute to greening (Zhu et al., 2016). However, the land use land
cover change (LULCC) (Tagesson et al., 2020), dryness stress (Liu et al.,
2023), extreme events such as droughts and heatwaves (Bastos et al.,
2020), and strong El Nino (Wigneron et al., 2020) trigger browning.

The role of non-climate drivers on global vegetation dynamics is
rather straightforward. The vegetation response to climate trends is
intricate and exhibits significant spatial and temporal variability
(Nemani et al., 2003; Higgins et al., 2023). In the warming world
(Trenberth, 2015), with erratic rainfall and enhanced evapotranspira-
tion (ET), soil moisture (SM) has been drying in 40 % of the global
vegetated lands in recent decades (Lal et al., 2023). This dryness stress
impacts global ecosystems as it limits photosynthesis (Liu et al., 2020)
and reduces terrestrial carbon uptake (Feng et al., 2021). Changes in
climate have altered the functioning of terrestrial ecosystems in recent
decades on global (Higgins et al., 2023) and regional (Kashyap and
Kuttippurath, 2024a; b) scales. One of the major challenges in Earth
System Science is the identification of these alterations and their attri-
bution. First, the detection of changes in global vegetation is difficult
due to the inherent stochasticity of the system, the limited data avail-
ability, uncertainty in the observations, and the significant impact of
LULCC (Higgins et al., 2023). Next, the attribution is also challenging
due to the heterogeneity of vegetation response and nonlinearity of
ecosystem dynamics, further limited by the highly correlated climate
drivers (Winkler et al., 2021; Kashyap et al., 2023a).

A study based on multiple machine learning (ML) models finds
global greening to be stronger in the future, particularly in the northern
hemisphere (Zhang et al., 2025). Advancements in trend estimation
techniques find a decrease in the greening areas in recent decades
(Gutiérrez-Hernandez and Garcia, 2025). The global vegetation dy-
namics also impacts global climate through complex vegetation-climate
feedbacks (Miralles et al., 2025; Liu et al., 2025). A clear understanding
of the dominant climate drivers of global photosynthesis, its changes,
and the climatic control that drives these changes is of paramount sig-
nificance in assessing vegetation dynamics, and land-atmosphere and
carbon-climate interactions in a warmer and drier world. Furthermore,
in the context of unprecedented human population growth in the
background of a changing climate, attaining global sustainability is a big
challenge. There is a need for robust assessments aimed at effective
terrestrial carbon sink management and climate adaptation policies to
ensure the global food security and to timely meet sustainable devel-
opment goals (SDGs). Thus, this study hypothesises that with the
changing climate, the global vegetation-climate interactions will be
altered, and in response, global photosynthesis will change in the cur-
rent and future climate scenarios. Therefore, the study presents a
comprehensive assessment of the following: (i) What is the
spatio-temporal variability in global photosynthesis? (ii) What are the
dominant climate drivers of global photosynthesis? (iii) How does the
vegetation-climate relationship evolve with time? (iv) What is the role of
key climatic factors in driving changes in global photosynthesis? and (v)
What is the future of global photosynthesis for various land covers and
biomes? The study employs a set of statistical and ML techniques on
remote sensing measurements, reanalyses data and climate model pro-
jection results for this assessment. The findings would shed light on the
complex vegetation-climate interactions and their feedback, which are
crucial for drafting policies to mitigate the threats of climate change, to
attain food security and global sustainability.

2. Data and methods

The study employs a range of remote sensing observations, rean-
alyses and climate projection data of land cover types, biomes,
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photosynthetic activity, and climate. A suite of statistical and machine
learning techniques such as correlation, Partial Correlation (PC),
Limiting Factor analysis, Multiple Linear Regression (MLR), ML based
Random Forest (RF) model, Growth Rate (GR) analysis, sensitivity
analysis and Granger Causality (GC) are also employed to unravel the
evolution of global vegetation-climate interactions and the response of
photosynthetic activity to them. These would provide information on
their spatio-temporal variability, decadal changes, relationship, causal
connection, relative control, sensitivity and growth rate, and their
climate drivers. The data, parameters, computational techniques, and
the outputs are presented in the overall conceptual and methodological
framework in Fig. 1. Details of data and methods are given in this
section.

2.1. Data

2.1.1. Proxies of photosynthesis

The abbreviations and their meaning are mentioned in Table 1. The
data used in this study with their resolution, purpose and sources are
mentioned in Table 2. Earth observations enable a synoptic scale view of
the global terrestrial biosphere and are key to its timely monitoring
(Nemani et al., 2003; Crowther et al., 2015). The moderate resolution
imaging spectroradiometer (MODIS) is a highly effective instrument in
monitoring the terrestrial biosphere (Chen et al., 2019; Kashyap et al.,
2023a). To accurately measure plant photosynthetic activity, it is
essential to determine the fraction of photosynthetically active radiation
(FPAR) absorbed by the green components of vegetation canopy and is
one of the essential climate variables (Sellers et al., 1996; Kashyap et al.,
2022). The study utilises MODIS Normalised Difference Vegetation
Index (NDVI) to compute FPAR through the Linear Scaling technique
(Sellers et al., 1996) (detailed in methods). The study also utilises the
MODIS Enhanced Vegetation Index (EVI) as it is more sensitive to
changes in canopy structure and does not saturate in high biomass re-
gions like Amazon, unlike NDVI (Huete et al., 2002; Kashyap et al.,
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2023b; Patel et al., 2024a). The study also considers solar-induced
fluorescence (SIF), as it is an efficient indicator of photosynthesis and
productivity being closely related to plant physiological processes
(Rascher et al., 2015; Shekhar et al., 2022). The global Orbiting Carbon
Observatory (OCO-2) SIF (GOSIF v2) dataset is employed for quanti-
fying plant photosynthetic activity and terrestrial productivity (Li and
Xiao, 2019; Kashyap et al., 2023b).

2.1.2. Land covers and biomes

The study delineates various land cover types based on MODIS land
cover data as per the International Geosphere and Biosphere Programme
(IGBP) classification as it has an overall classification accuracy of around
75 % (MODIS Land Team, 2014). The study reclassifies the land covers
for our analysis, wherein the overall vegetated land comprises crop-
lands, forests, and all other natural vegetation such as grasslands,
shrublands and savannah. The other natural land cover types will be
called grasses hereafter (Fig. S1a). The study also performs analysis for
the four major biomes in the world, the tropical, temperate, cold and
arid, based on the Koppen-Geiger climate classification (Beck et al.,
2023) (Fig. S1b). The study additionally focusses 10 countries with the
largest vegetated area and population (Chen et al., 2019) (Fig. Slc).

2.1.3. Climate data

Global photosynthesis is greatly controlled by climatic drivers
(Nemani et al., 2003; Higgins et al., 2023). Here, the study considers
moisture availability as precipitation (P) and soil moisture (SM),
Warmth as temperature (T) and energy as downward shortwave radia-
tion flux (DSRF) as the key climatic drivers. The P data are obtained from
the Global Precipitation Measurement (GPM) system, a comprehensive
dataset that combines precipitation measurements from multiple satel-
lites (Skofronick-Jackson et al., 2018). The Global Land Data Assimila-
tion System (GLDAS) utilises satellite and ground-based observations
through sophisticated data assimilation techniques to produce accurate
representations of land surface conditions. This study incorporates the

DATA | PARAMETERS COMPUTATION OUTPUTS
e e i e e S s = ===
| i | - T
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L i 0 I I
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| | —r: » Partial Correlation : across land covers/biomes |
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Fig. 1. A schematic diagram of the working methodology of the study.
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Table 1 Table 2

The list of abbreviations used in the manuscript. The datasets, their resolution, purpose and the sources are listed.
Abbreviation Meaning Data Resolution Purpose/Use Source
CFE CO,, Fertilisation Effect MODIS LULC 500 m LULC data to extract (https://lpdaacsve.
CGR Cumulative Growth Rate (MCD12Q1) vegetated land covers Ccr.usgs.gov/)
CMIP6 Coupled Model Intercomparison Project Phase 6 MODIS NDVI 500 m calculation of FPAR (https://Ipdaacsvc.
CSA Climate-Smart Agriculture (MOD13A1) Ccr.usgs.gov/)
DGVM Dynamic Global Vegetataion Model MODIS EVI 500 m EVI & calculation of (https://Ipdaacsve.
DJF December, January and February (MOD13A1) change in photosynthesis cr.usgs.gov/)
DSRF Downward Shortwave Radiation Flux GOSIF SIF (v2) 0.05° x SIF & calculation of (http://data.glo
EbA Ecosystem-based Adaptation 0.05° change in photosynthetic balecology.unh.
ENSO El Nino Southern Oscillation (ENSO) activity and productivity edu/)
ET Evapotranspiration GPM Level-3 0.1° x 0.1° Precipitation, (https://daac.gsfc.
EVI Enhanced Vegetation Index precipitation relationship with nasa.gov/)
FPAR Fraction of Photosynthetically Active Radiation photosynthesis and
GC Granger Causality changes
GLDAS Global Land Data Assimilation System GLDAS Soil 0.25° x Soil Moisture, (https://daac.gsfc.
GNSS Global Navigation Satellite Systems Moisture 0.25° relationship with nasa.gov/)
GPM Global Precipitation Measurement photosynthesis and
GPP Gross Primary Productivity changes
GR Growth Rate GLDAS Skin 0.25° x Temperature, relationship ~ (https://daac.gsfc.
IGBP International Geosphere and Biosphere Programme Temperature 0.25° with photosynthesis and nasa.gov/)
ISIMIP Inter-Sectoral Impact Model Intercomparison Project changes
JJA June, July and August GLDAS DSRF 0.25° x DSRF, relationship with (https://daac.gsfc.
LAI Leaf Area Index 0.25° photosynthesis and nasa.gov/)
LULCC Land Use Land Cover Change changes
MAM March, April and May Koppen-Geiger 1 km Biome delineation (https://www.gloh
ML Machine learning classification 20.0rg/koppen/)
MLR Multiple Linear Regression CESM2 1° x 1° Future LAI and changes (https://esgf-node.
MODIS Moderate Resolution Imaging Spectroradiometer LAI llnl.gov/projects/c
NbS Nature-based Solutions mip6/
ND Nitrogen Deposition CSM-2 MR 1.25° x Future LAI and changes (https://esgf-node.
NDVI Normalised Difference Vegetation Index LAI 1.25° llnl.gov/projects/c
NPP Net Primary Productivity mip6/
0Co Orbiting Carbon Observatory CNRM 1.40° x Future LAI and changes (https://esgf-node.
P Precipitation LAI 1.40° lInl.gov/projects/c
P1 historical period (2015-2019) mip6/
P2 mid-century (2040-2050) ACCESS 1.875° x Future LAI and changes (https://esgf-node.
P3 end-century (2090-2100) LAI 1.25° lInl.gov/projects/c
PC Partial Correlation mip6/
REDD+ Reducing Emissions from Deforestation and Forest Degradation MPI-ESM 1.88° x Future LAI and changes (https://esgf-node.
RF Random Forest LAIL 1.86° lInl.gov/projects/c
SDGs Sustainable Development Goals mip6/
SIF Solar-Induced Fluorescence Can-ESM 2.81° x Future LAI and changes (https://esgf-node.
SM Soil Moisture LAIL 2.77° lInl.gov/projects/c
SON September, October and November mip6/
SSP Shared Socioeconomic Pathways
T Temperature
VAR Vector Autoregressive techniques, and uncertainties in interpreting biophysical proxies (e.g.
UN United Nations

GLDAS-based SM, land temperature (T) and DSRF data (Wang et al.,
2016; Liu et al., 2019).

2.1.4. Future projections

To explore the future of photosynthesis, the study employs the
Coupled Model Intercomparison Project Phase 6 (CMIP6) based future
projection of a proxy of photosynthesis in terms of Leaf Area Index (LAI).
The data from six CMIP6 models CESM2 (1° x 1°), CSM-2 MR (1.25° x
1.25°), CNRM (1.40° x 1.40°), ACCESS (1.875° x 1.25°), MPI-ESM
(1.88° x 1.86°) and Can-ESM (2.81° x 2.77°) are employed, as these
are high resolution models with good reliability (Zhao et al., 2020).
Since the study investigates changes in the most extreme cases, an ex-
amination of future projections is conducted under high emissions sce-
narios (Shared Socioeconomic Pathways, SSP585). Three time periods
are selected for comparison: (a) historical (P1, 2015-2019), (b)
mid-century (P2, 2040-2050) and (c) end-century (P3, 2090-2100).

2.2. Methods

This study identifies and attributes the role of climate change on
terrestrial ecosystems. Our approach effectively deals with the compli-
cations arising from limited time series data, constraints of correlative

LAI, Gross Primary Productivity: GPP and Net Primary Productivity:
NPP) from satellite data (Higgins et al., 2023). The study employs
high-resolution, recent remote sensing data (e.g. FPAR, SIF and EVI) that
are highly responsive indicators of plant photosynthesis and depend
solely on the radiometrically and geometrically corrected satellite
measurements. Additionally, terrestrial vegetation dynamics is influ-
enced by various environmental factors through complex, non-linear
processes (Winkler et al., 2021; Kashyap et al., 2023a). Therefore, this
study employs a suite of statistical techniques such as partial correlation,
MLR, ML based RF, and Granger Causality for robust analysis. The
climatology and varbility estimates in the study extends from 2000 to
2021 ensuring data quality remains intact and consistent across metrics.
For the analysis of long-term decadal changes, we have selected the
study period from 2000 to 2019, to avoid the anomalous vegetation
response during the COVID-19 lockdown in 2020 and 2021, as those
data may compromise the integrity of long-term data analysis (Kashyap
etal., 2023b; Patel et al., 2024a). The working methodology is presented
as a schematic (Fig. 1) and are described below.

2.2.1. Quantification of FPAR: linear scaling

Remotely-sensed FPAR is determined by the distribution of carbon to
foliage and the regulation of photon flux for photosynthesis. This study
employs Sellers' linear scaling technique to estimate FPAR from the
MODIS-based NDVI data as per Equation (1):
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NDVI — NDVImin) x (FPARmax — FPARmin)]

[(
FPAR =
(NDVImax — NDVImin)

+ FPARmin

@

where, NDVI max and NDVI min are defined as 98t and 2" percentiles,
respectively, of maximum and minimum NDVI during its growth cycle.
FPAR min and FPAR max are set equal to 0.01 and 0.95, which repre-
sents the extremes of potential canopy absorption of PAR (Sellers et al.,
1996).

2.2.2. Spatio-temporal variability

This study computes the spatio-temporal patterns of FPAR, the sea-
sonal, interannual and decadal variability and its key climatic drivers P,
SM, T and DSRF. The four seasons considered are, winter (DJF:
December, January and February), spring (MAM: March, April and
May), summer (JJA: June, July and August) and autumn (SON:
September, October and November). These are opposite in the southern
hemisphere, where DJF is summer, MAM is autumn, JJA is winter and
SON is spring. The change in different parameters during the period
(2000-2019) is quantified in terms of percentage as per Equation (2):

XR *Xp

P

% Xg_p= x 100 ()]

Here, X is any variable, R is the mean of X in recent decade
(2010-2019) and P is the mean of X in the previous decade
(2000-2009). To complement our analysis based on FPAR, the study
also employs other proxies of global photosynthesis SIF and EVI.

2.2.3. Relation with drivers

To understand the relation of photosynthesis (FPAR) with key
climate drivers (P, SM, T and DSRF) the study employs Pearson's cor-
relation analysis. However, to examine the link between two variables, it
is necessary to limit the impact of a third variable (covariate), and the
partial correlation (PC) does it. Therefore, we employ PC analysis to
examine the relationship between FPAR and its key climate drivers using
Equation (3):

Ty — Tz Tyz 3)

T =

Xxy.2
V1-71% /1 -1

Here, ryy = correlation coefficient between variables x and y.
I'yy.z = first order partial correlation between x and y by elimination
of covariate (z) from the other variables (x and y).

2.2.4. Limiting factor and change in climatic control analysis

The limiting factor of photosynthesis is estimated by computing the
mean of the partial correlation per pixel and then the climatic driver
with the largest value is the limiting factor or the dominant climatic
control of photosynthesis. To account for the change in the relation of
the climatic driver with global photosynthesis, the study detects change
in the coupling (correlation) between them over the two decades con-
verted to percentage values using equation (4):

CR—CP

P

% Cr_p= x 100 4

Here, C is the coupling (correlation) between FPAR and a climate
driver in recent decade (2010-2019) and P is C in the previous decade
(2000-2009).

2.2.5. Causal relationship of climatic drivers

Correlation analysis simply states the relation between two param-
eters, which does not imply causation. Therefore, to determine the
presence of causal relationships among FPAR and its key drivers,
Granger causality test is performed. This examines a causal relationship
between two variables based on the concepts of "cause" and "effect"” with
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an option of time lag. Instead of relying on basic correlation between the
effect(response) and the cause(driver), the Granger causality is groun-
ded in the concept of predictability. A causal relationship is Granger if
the ability to predict future responses of variable Y improves by incor-
porating all pertinent information, excluding the present value of vari-
able X (Granger, 1969). To conduct a Granger causality test, a bivariate
model is established between the time series (X and Y) that are sta-
tionary per equations (5) and (6):

n n

Y= aYoi+) bXei+e )
i=1 i=1
n n

X =Y cXii+ Y &Y i+d (6)
i=1 i=1

Where, X and Y are two stationary time series; a, b, ¢ and d are co-
efficients; and ¢ and 8 are white noise. For X to Granger cause Y, b; # 0;
for Feedback between X and Y, d; # 0.

The determination of stationarity for each time series is conducted
through a non-parametric test known as the Augmented Dickey-Fuller
(ADF) test. In the case of non-stationary time series, the difference
function is employed in conjunction with vector autoregressive (VAR)
models to create the adjusted time series. Subsequently, VAR models are
constructed to find the relationship between the "response variable (Y),"
specifically FPAR, and the "explanatory variable (X)," which represents
the driver. The evaluation of the null hypothesis (Ho: X does not Granger
cause Y) is conducted using the Granger causality test. The maximum
allowable temporal lag between photosynthesis (FPAR) and climate
drivers (P/SM/T/DSRF) is assigned as 3 months and its statistical sig-
nificance is computed at the 95% confidence interval based on multiple
iterations and previous studies for similar bioclimatic regions (Krich
et al., 2020; Winkler et al., 2021; Kashyap et al., 2023a; Kashyap and
Kuttippurath, 2024b). This particular lag is also selected to keep the
causal effects of drivers on FPAR intact within the same season to avoid
seasonal influence (Winkler et al., 2021; Kashyap and Kuttippurath,
2025a).

2.2.6. Contribution of drivers

ML has demonstrated significant efficacy in effectively managing
multidimensional data, rendering it highly valuable for modelling sys-
tems characterised by intricate nonlinear structures. An ensemble
model, RF, combines the boosting and regression trees to generate
multiple individual tree models. These models are then combined to
form a final optimised model. A variety of decision trees, each serving as
a distinct method for data classification, guarantee that RF assesses each
tree separately, choosing the one that accumulates the greatest number
of votes as the prediction. The RF algorithm exhibits the capability to
assign priority to input variables and address the constraints of con-
ventional approaches by virtue of its ability to handle extensive datasets
and its robustness against noise and overfitting (Breiman, 2001). The
study employs the RF model in R Studio version 4.2.1 based on packages
“randomForest” and “caret” to quantify the relative role of climate
drivers (P, SM, T and DSRF) on the photosynthesis (FPAR) (Kashyap and
Kuttippurath, 2024a; b). In the RF model, a total of 500 decision trees
are generated with two variable splitting allowed in each tree. Here, 70
% of the data are split for training and 30 % for testing. The utilisation of
hyperparameters in ML algorithms serves to augment the predictive
capability and efficiency of the model. The RF model's default hyper-
parameters have been chosen for their exceptional efficacy and effi-
ciency in executing the algorithm. The first step involves evaluating the
specimen obtained directly from the bag in terms of its predictive ac-
curacy. Afterwards, the stability of all other variables is maintained,
while the values of the variables in the outlier sample are generated
randomly. This study assesses the accuracy of forecast by calculating the
average decrease in precision across all trees. The value indicator is
further divided into various categories of outcomes. It can be deduced
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that the stochastic rearrangement of a variable leads to the total elimi-
nation of its predictive capability. The importance of a variable is a
measure of the degree to which its omission results in a decrease in
precision as per Equation (7):

L— i F (MSE®™™ — MSEy) @)
x = £ K k k

Here, I, is the variable importance or contribution, K is the number of
trees in the forest, MSE, ™" is the estimation error with predictor x
being eliminated for the kth decision tree, and MSEj is the forecasting
error with all predictors included in the kth decision tree. The RF model
is run for the global vegetated land and three broad land cover types and
four broad biomes.

The study also employs MLR to complement the contribution anal-
ysis with standard errors. MLR is a conventional statistical approach to
model the relationship between the dependent variable i.e. response
with independent variables i.e. predictors. This statistical approach
enables multiple predictors to explain the variability in the response.
Here, the study utilises climate drivers (P, SM, T and DSRF) to explain
the variability in photosynthesis (FPAR) as per Equations (8) and (9):

Y = Po+ P1X1 + P2Xo+ ... +PuXn +e ®
FPAR = Bo + Pp.P + Psm.SM + Br.T + Ppsrr-DSRF +€ 9

Here, Y i.e. FPAR is the dependent variable or the response, Xj, X5 to
Xy i.e., P, SM, T and DSRF are independent variables or predictors, B is
the intercept (value of Y when all X = 0), B, B2 to By are coefficients
(effect of each predictor on Y) and e is the uncertainty or error term
(unexplained variation).

2.2.7. Sensitivity analysis
The study estimates the sensitivity of global photosynthesis to cli-
matic drivers (P, SM, T and DSRF) as per Equation (10):

AS

sx==2
X T AX

(10)

Here, Sx is the sensitivity of S to X, S is FPAR and X is its driver (P,
SM, T and DSRF). The change in S (AS) and X (AX) are the percentage
change in recent decade (2010-2019) from the previous decade
(2000-2009). Furthermore, Sx is also normalised for better under-
standing and easier comparison.

2.2.8. Growth rate analysis

This concept is widely utilised in the domains of economics and fi-
nances to detect the intermediate change and the overall cumulative
changes within a span of time. This method is also widely utilised in
determining the variability in the atmospheric CO2 concentration
(Keenan et al., 2016). It is the difference in the value (X) in the current
time period (t) from the previous time period (t-1) based on Equation
(11):

Xor=X; — X;1 an

Here, Xgg is the growth rate (GR) in X (FPAR and its climate drivers)
among time periods t and t-1. The study also estimates the cumulative
growth rate (CGR, Equation (12)) and mean growth rate (MGR, Equa-
tion (13)) in FPAR and its climate drives for three time periods: (i) Study
period (2000-2019); (ii) previous decade (P, 2000-2009) and (iii)
recent decade (R, 2010-2019) (Kashyap and Kuttippurath, 2025b).

CGR = ZXGR (12)

i=1

i=1

Here, n is the number of years of the study.
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To understand the change in the MGR and CGR, the study also es-
timates the change in them among the decades as per equation (14):

CGR/MGRy — CGR/MGR,
CGR/MGR»

% CGR/MGRRg_p = x 100 14)

3. Results
3.1. Spatio-temporal variability in global photosynthesis

The regions with higher global photosynthetic activity (FPAR > 0.7)
are tropical forests in Amazonia, Central Africa, Indonesia and the
Western Ghats in India (Fig. 2a). Forests and grasses in temperate re-
gions such as South America, western and eastern coasts of North
America, Europe, China, and some regions in Russia also exhibit high
photosynthesis (FPAR = 0.5-0.7). Grasses and croplands in temperate
and cold regions in North America, India, eastern Europe, Russia, and
north and western Australia show moderate photosynthesis (FPAR =
0.3-0.5). The arid regions such as western North America, southern
South America, sub-Sahara, central Asia, northwest India, and western
Australia depict low photosynthesis (FPAR = < 0.3) (Fig. 2a). We also
utilise SIF and EVI, and find the spatial patterns of global photosynthesis
are consistent across these metrics (Figs. S2 and S3). Seasonally
(Fig. 2b), global photosynthesis peaks in JJA (FPAR = 0.63), followed by
SON (FPAR = 0.55), and lower in MAM (FPAR = 0.49) and DJF (FPAR
= 0.43). During DJF, the cold biomes such as western Europe and Russia
show lower photosynthesis (FPAR < 0.3). However, temperate biomes
in regions like India, sub-Sahara, southernmost Africa, western coast of
South America and Australia exhibit moderate photosynthesis (FPAR =
0.3-0.5). Contrarily in MAM, these cold biomes exhibit higher photo-
synthesis (FPAR = 0.8-0.9) and temperate and arid biomes in North
America, Africa and Australia show lower photosynthesis (FPAR <0.3).
In JJA, most vegetated lands exhibit higher photosynthesis than other
seasons. The cold biomes exhibit very high photosynthesis, and
temperate and arid biomes also exhibit relatively higher photosynthesis.
In SON, the spatial pattern is similar to that of JJA in most regions with
relatively lower photosynthesis in the cold and temperate biomes. The
hotspots of global photosynthesis in the pan-tropical forests exhibit high
photosynthesis across the seasons (Fig. 2b). SIF and EVI also exhibit
similar seasonality to FPAR for most regions in the study period (Figs. S2
and S3).

The annual global photosynthesis except for 2011-2013 (steep
decline in P, SM and spike in DSRF, Fig. S4) has shown a positive
anomaly. Seasonally, the negative anomaly peaked in JJA during 2002
and 2009, and the positive anomaly in SON during 2006, 2010 and
2012. Post-2012, high positive anomaly is exhibited in MAM and SON,
that peaked during 2020 and 2021 (Fig. 2c). Cold biome contributes a
very high positive anomaly in 2006 (large spike in T, Fig. S4c), which
makes the overall positive anomaly. The negative anomalies during
2006-2009 and 2012 (rise in T, decline in P and SM, Fig. S4) are
contributed by all biomes, peaked in the arid and cold biomes during
2009. Post-2012, the positive anomaly exhibited by all biomes peaked
with the arid and cold biomes. Temperate biomes also exhibit a very
sharp increase that peaked in 2020 (Fig. 2d). Grasses and forests
contribute to negative anomalies in 2002, 2009 and 2012, and positive
anomalies in 2006, 2010, 2016 and 2018. The croplands also exhibit a
persistent positive anomaly in recent decade that peaked in 2020
(Fig. 2e). This is predominant with the noticeable positive anomalies in
India (2020 and 2021) (Fig. 2f). The temperate croplands such as in
India, western Europe, and eastern China exhibit an increase in photo-
synthesis due to extended growing periods during COVID-induced
improvement in air quality during 2020 and 2021 (Kashyap et al.,
2023b; Patel et al., 2024a).
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Fig. 2. Spatio-temporal variability in Global Photosynthesis (measured as Fraction of Photosynthetically Active Radiation, FPAR) during 2000-2021 for (a) Annual;
(b) Seasonal: [(DJF: December, January and February), (MAM: March, April and May), (JJA: June, July and August), (SON: September, October and November)];
interannual anomaly for (c) a, b; (d) biomes; (e) land cover types; (f) global vegetation (GL) and countries as China (CHI), United States (US), India (IND), Argentina
(ARG), Australia (AUS), Brazil (BRZ), Bhutan (BHU), Canada (CAN), Indonesia (INDO) and Russia (RUS).

3.2. Climate controls of global photosynthesis

To understand the role of drivers, the study examines the key cli-
matic controls (P, SM, T and DSRF) of global photosynthesis (FPAR).
Here, P exhibits a high positive control (> 0.6) in northern North
America, sub-Sahara, Central Africa, and northern and eastern Asia.
Contrarily, negative (< —0.2) relation is prevalent in western North
America, Amazonia, western Europe and Indonesia (Fig. 3a). FPAR-SM
relation exhibits a distinct pattern, where a strong positive influence (>

0.6) is observed in temperate and some tropical regions of southern
North America, northwestern South America, Africa, India, China and
eastern Australia. Contrarily, cold biomes and tropical forests in Ama-
zonia and Indonesia have a negative control (< —0.2) (Fig. 3b). FPAR-T
relationship is homogeneous across biomes, wherein strong positive
(>0.8) control is observed in cold biomes in northern North America,
Eurasia, China and some areas in central Asia. However, a strong
negative (—0.4 to —0.8) control is found in southern North America,
northeastern and southern South America, northern and central Africa,
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Fig. 3. Climatic controls such as (a) Precipitation (P, mm/day), (b) Soil Moisture (SM, kg/mz), (c¢) Temperature (T,°C) and (d) Downward Shortwave Radiation Flux
(DSRF, W/m?) on global photosynthesis (measured as Fraction of Photosynthetically Active Radiation, FPAR) based on correlation (left) and partial correlation
(right) FPAR with (e) SM limiting the influence of P, (f) T limiting the influence of P, (g) SM limiting the influence of T, (h) DSRF limiting the influence of T

during 2000-2021.

India, some areas in southeast Asia, and Australia (Fig. 3c). DSRF has a
peculiar relationship with photosynthesis, wherein it has a strong pos-
itive influence (0.4-0.8) in cold biomes in the northern latitudes and a
positive control (<0.4) in temperate and arid regions such as southern
North America, central South America, sub-Sahara, southern Africa,
northwest India, eastern China and northern Australia. In contrast, some
tropical and temperate regions like western North America, northern
and southern South America, northern and central Africa, southeast
Asia, and southern Australia show a negative influence of DSRF on FPAR
(Fig. 3d).

Furthermore, for a vivid understanding of these relationships,
limiting the influence of a climate driver (covariate), this study employs
partial correlation (PC) analysis. First, PC of FPAR and SM with P as
covariate is examined, and there is a strong positive relation (> 0.6) in
temperate and arid biomes in southern North America, eastern South
America, northern and central Africa, India, eastern southeast Asia and
peripheries of Australia. Contrarily, cold biomes largely show a strong
negative relation (<—0.2) as SM is largely the snow water equivalent
there (Fig. 3e). The FPAR-SM relationship is very vivid when T is taken
as covariate. The relation is stronger in tropical (0.72), arid (0.68) and

temperate (0.65), but weaker in cold (0.32) biomes. The relation is
stronger in croplands (0.56) than for grasses (0.54) and forests (0.52)
(Fig. 3f and Fig. S5). Next, FPAR-T relationship with P as covariate is
investigated, and there is a very strong positive (> 0.8) relation for cold
biomes in eastern China, central North America, eastern Europe, and
Eurasia. However, the southern hemisphere shows a negative relation,
very strong (—0.4 to —0.8) in eastern South America, sub-Sahara,
eastern Africa, India, eastern southeast Asia, and western and eastern
Australia (Fig. 3g). The relation is a very strong positive for cold (0.94),
weak positive (0.23) in temperate, negligible in arid and negative
(—0.36) in tropical biomes. The relation is stronger in forests (0.44) than
in grasses (0.34) and croplands (0.31) (Fig. S5). FPAR-DSRF PC with T
as covariate relation is largely weak negative (—0.2) in cold and
temperate biomes, and strong negative (<-0.2) in some regions such as
tropical Amazonia, northern and Central Africa, southern India and
Indonesia (Fig. 3h). The results from partial correlation analysis across
the land cover types and biomes are presented in Supplementary ma-
terial (Table S1).
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3.3. Global photosynthesis: limiting factor, contribution and causal
relations with drivers

The analysis finds, P as the limiting factor for photosynthesis in re-
gions like central North America, Amazonia, western and southern
South America, central Africa, some areas in central Asia, northwest and
northeast India, Indonesia, and western and central Australia. However,
SM limits photosynthesis in southern North America, eastern and central
South America, sub-Sahara, eastern and southern Africa, northern India,
eastern southeast Asia, and northern and eastern Australia. Moisture
availability limits photosynthesis in tropics and temperate regions.
However, T limits photosynthesis in cold biomes of North America,
southern Europe, most of Eurasia, eastern Asia, southern India, eastern
and central Africa, northeastern South America, and southeastern and
southwestern Australia. Energy (DSRF) limits photosynthesis in
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northwestern and western North America, northern and central Africa,
northern Europe, southeastern Eurasia, central China, Western Ghats in
India, and southeastern and southwestern Australia (Fig. 4a).

The dominant drivers of photosynthesis across various biomes and
land covers and their relative contribution are largely unknown.
Therefore, this study employs the RF algorithm for the same and for
global vegetated lands, and finds T (30.9 %) to be the dominant driver of
photosynthesis followed by SM (26.1 %), P (23.4 %) and DSRF (19.5 %).
T is the dominant driver for photosynthesis in forests (36.4 %) and
croplands (35 %), but P (35.5 %) is the major control for grasses.
Interestingly, T has limited influence on photosynthesis for grasses
(19.7 %). SM has the highest influence on FPAR for grasses (26.5 %)
followed by forests (24.8 %) and croplands (22.2 %). P has a higher
influence on FPAR for croplands (23 %) than forests (18.2 %). P is the
major control on FPAR in tropical (26.8 %), arid (27 %), T in temperate
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Fig. 4. Global Photosynthesis (measured as Fraction of Photosynthetically Active Radiation, FPAR): (a) Limiting climate factor [Precipitation (P), Soil Moisture (SM),
Temperature (T) and Downward Shortwave Radiation Flux (DSRF)]; (b) Contribution of climate factors (P, SM, T and DSRF) percentage (%) to FPAR variability; (c-i)
Causal links between FPAR and climate factors across land cover types: [net vegetated land (VEG), Croplands (CROP), Forests (FOR), other natural vegetation
(GRASS)] and biomes: [Tropical (TROP), Temperate (T), Cold (COLD), Arid (ARD)] in 2000-2021 at lag of 0-3 months (blue line: positive impact, red line: negative

impact) and no lag (black line).
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(36.1 %), and cold (29.7 %) biomes. DSRF in tropical (26.4 %), SM in
temperate (23.8 %) and arid (26.4 %), and P in cold (25.2 %) biomes
also have key roles in photosynthesis (Fig. 4b). The climate drivers (P,
SM, T, and DSRF) are ranked based on their relative control on photo-
synthesis (FPAR) across land cover types and biomes, and are provided
in Supplementary material (Table S2). The RF model performs better for
tropical (R%>=0.79) and temperate (R% = 0.74) than arid (R = 0.69) and
cold (R% = 0.71) biomes. Amongst the land cover types, RF has a higher
accuracy for forests (R2 = 0.78) and croplands (R2 = 0.75) than grasses
(R2 = 0.73) (Table S3). The study also employs MLR to estimate the
influence of climate factors on global photosynthesis across land cover
types and biomes, and have found similar results as detailed in Sup-
plementary material (Table S4-S11).

The relation and contribution of drivers is now deciphered, but their
causal connection with photosynthesis is unknown. Henceforth, the
study employs Granger Causality test with a maximum allowable tem-
poral lag as 3 months for various land covers and biomes; significant at
the 95% confidence interval. In croplands, SM, P, and T have direct
causal links with FPAR, where SM has a feedback causal link (Fig. 4c). In
forests, all drivers have causal link with FPAR, but P has a causal feed-
back relationship (Fig. 4d). Grasses have causal links between FPAR and
P, T and DSRF (Fig. 4f). FPAR has causal connection with all drivers in
tropical biome, where P has a feedback relationship (Fig. 4g). In
temperate biome, there is a causal association of drivers with FPAR
except DSRF. DSRF has a causal link with T that has a direct causal
connection with FPAR. Here, both P and T have feedback relationships
with FPAR (Fig. 4h). In cold biome, all drivers except SM have causal
links with FPAR, and T has a feedback relationship with FPAR (Fig. 4i).
In arid biome, except T, all drivers have direct casual links with FPAR,
and T influences FPAR through DSRF (Fig. 4j).

3.4. Changes in relation of climatic drivers with photosynthesis

The study investigates the change in the relation (correlation) of
climatic drivers with photosynthesis (FPAR) in recent decade from the
previous decade (Fig. 5a). The FPAR-P coupling has strengthened in
northern latitudes of North America and Eurasia, sub-Sahara, central
and southern most Africa, southwest and northeast Europe, India and
Australia. However, the FPAR-P coupling has weakened in coastal North
America, western, central and southern South America, eastern Europe,
western and northern Eurasia, eastern China, and peripheries of
Australia. FPAR-P coupling has strengthened for all land cover types
with a higher increase in forests (8 %) than in grasses (1.7 %) and
croplands (1.6 %). The relationship has strengthened for temperate (3
%), tropical (1.2 %) and arid (0.6 %), but declined for cold (—3.6 %)
biomes (Fig. 5b). The FPAR-SM coupling has increased in northern and
central North America, northwest and southern South America, sub-
Sahara, central and southern Africa, eastern and western Europe,
eastern Asia, India and Australia. Contrarily, FPAR-SM coupling has
declined in eastern and southern North America, central South America,
southern Africa, central and northeastern Europe, eastern and western
Eurasia and western Australia (Fig. 5a). The FPAR-SM relationship has
substantially tightened for croplands (20.9 %), but declined for forests
(—6.7 %) and grasses (—3 %). For biomes, it has increased for all, higher
in temperate (3.3 %) and arid (2.2 %) than tropical (1 %) and cold (0.2
%) regions (Fig. 5b).

The FPAR-T coupling has strengthened marginally in northern North
America, eastern Europe, eastern Asia, India, northwestern Australia,
northern and peripheries in Africa, and northeastern and central South
America. However, FPAR-T coupling is greatly weakened in western
North America, northwestern, west central and southern South America,
central and southern Africa, eastern Europe, northwest India, eastern
southeast Asia, and central and eastern Australia (Fig. 5a). FPAR-T
relation has weakened for all land cover types, and is larger for forests
(—8 %) and croplands (—7.6 %) than grasses (—2 %). Temperate (—15.7
%) and arid (—5.6 %) biomes exhibit substantial weakening in FPAR-T
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Fig. 5. (a) Change in the relation of climate drivers: [Precipitation (P, mm/
day), Soil Moisture (SM, kg/mz), Temperature (T, °C) and Downward Short-
wave Radiation Flux (DSRF, W/m?)] with photosynthesis (Fraction of Photo-
synthetically Active Radiation, FPAR) in percentage (%) during recent decade
(2010-2019) from previous decade (2000-2009); (b) (a) for land cover types:
net vegetated land (VEG), Croplands (CROP), Forests (FOR), other natural
vegetation (GRASS) and biomes: Tropical (TROP), Temperate (T), Cold (COLD),
Arid (ARID)].

relation, where cold (—1.2 %) and tropical (7.5 %) biomes exhibit
marginal decline and marked strengthening, respectively (Fig. 5b). The
FPAR-DSRF relationship has strengthened in most regions like central
and eastern North America, northern, eastern and southern South
America, central Africa, central and southern Europe, central Asia,
eastern Asia, India, and northern and central Australia. Conversely, this
relation has weakened in northern North America, central and eastern
Eurasia, and Southeast Asia such as Indonesia, southern Australia,
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southern Africa, and northwestern and central South America (Fig. 5a).
FPAR-DSRF coupling has strengthened for all land cover types, higher
for croplands (23.4 %) than grasses (11.7 %) and forests (2.3 %). The
relationship has strengthened substantially for arid (30.7 %), temperate
(26.8 %), and tropical (10.3 %) biomes, but weakened for the cold (—3.5
%) (Fig. 5b).

3.5. Change in global photosynthesis

There are changes in the relation of global photosynthesis with its
drivers, and therefore, the study next explores the response of terrestrial
ecosystems to it. There are substantial changes, wherein increased
photosynthesis (greening) is intense (+FPAR, 10-20 %) in northwest
India and northeastern China, moderate (2.5-7.5 %) in northern and
southern North America, sub-Sahara, northern and western Europe,
eastern Asia, India, China and southeastern Australia (Fig. 6a). Marginal
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greening (< 2.5 %) is found in Amazonia, central Africa, and Indonesia.
The decrease in photosynthesis (i.e. browning) is severe (FPAR, —5 to
—20 %) in northwestern North America, northeastern South America,
southeastern Europe and western Eurasia. Moderate and marginal
browning (i.e. FPAR, 0 to —5 %) is observed in central North America,
central and southern South America, eastern and southern Africa, and
western and northern Australia (Fig. 6a).

Seasonally (Fig. 6b), in DJF, greening is predominant in eastern and
southern South America, southern Africa, central Asia, India, China,
Southeast Asia and southeastern Australia. Contrarily, browning is
prevalent in the northern latitudes of North America, Europe and Eur-
asia and some small areas in central North America, northeastern South
America, eastern Africa, and northern and western Australia. In MAM,
greening is found in northwestern North America, eastern and southern
Europe, northern Eurasia, eastern Asia, China, India and eastern
Australia. Browning is prevalent in central North America, eastern
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Fig. 6. Change (%) in Global Photosynthesis for: (a) Fraction of Photosynthetically Active Radiation, (FPAR), Annual; (b) FPAR, Seasonal: [(DJF: December, January
and February), (MAM: March, April and May), (JJA: June, July and August), (SON: September, October and November)]; (¢) Solar-Induced chlorophyll Fluorescence
(SIF), Annual; (d) Enhanced Vegetation Index (EVI), Annual; (e) FPAR, SIF and EVI for land cover types: [net vegetated land (VEG), Croplands (CROP), Forests
(FOR), other natural vegetation (GRASS)] and biomes: [Tropical (TROP), Temperate (T), Cold (COLD), Arid (ARID)]; (f) FPAR, SIF, EVI for countries: [India (IND),
United States (US), Argentina (ARG), Australia (AUS), Bhutan (BHU), Brazil (BRZ), Canada (CAN), China (CHI), Indonesia (INDO) and Russia (RUS)] during recent

decade (2010-2019) from the previous decade (2000-2009).



R. Kashyap and J. Kuttippurath

Europe, western Eurasia, western Australia, southern Africa and north-
eastern South America. In JJA, greening is evident in the majority of
lands, and it is intense in central east North America, northwest India,
northeast China and eastern Australia. However, marginal browning is
found in northeastern South America, peripheries of Africa, and western
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Australia. In SON, greening is intense in northern and southern North
America, northern Europe, eastern Asia, China, India sub-Sahara and
eastern Australia. Browning is evident in southern Europe, Eurasia,
eastern and central South America, eastern and southern Africa, and
western and northern Australia (Fig. 6b). Overall, except DJF (—3.2 %),
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Fig. 7. Cumulative Growth Rate (CGR) of Fraction of Photosynthetically Active Radiation (FPAR) in percentage (%) for: (a) land cover types: net vegetated land
(VEG), Croplands (CROP), Forests (FOR), other natural vegetation (GRASS)] and biomes: Tropical (TROP), Temperate (T), Cold (COLD), Arid (ARID); (b) countries:
India (IND), United States (US), Argentina (ARG), Australia (AUS), Bhutan (BHU), Brazil (BRZ), Canada (CAN), China (CHI), Indonesia (INDO) and Russia (RUS)
during 2000-2019; (c) change (%) in CGR of FPAR for (a); (d) change in CGR of FPAR for (b); (e) CGR for climate drivers: [(Precipitation (P), Soil Moisture (SM),
Temperature (T) and Downward Shortwave Radiation Flux (DSRF)]; (f) change (%) in CGR for (e) during recent decade (2010-2019) from the previous

decade (2000-2009).
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MAM (2.18 %), JJA (1.63) and SON (0.67 %) exhibit greening.

The study also utilises the SIF (Fig. 6¢) and EVI (Fig. 6d) data to find
the changes in global photosynthesis. The spatial patterns of changes are
largely consistent across the photosynthetic metrics, with variations in
their magnitudes, but the trends (greening/browning) remain consis-
tent. For instance, SIF exhibits more intense greening than FPAR and
EVL. The change in EVI exhibits its magnitude between those of SIF
(larger) and FPAR (smaller). All three photosynthetic proxies; SIF (4.2
%), EVI (2.8 %) and FPAR (0.8 %) show “Greening Earth” in recent
decade (2010-2019) from the previous decade (2000-2009). Croplands
exhibit more intense greening (1.8 % FPAR, 7.3 % SIF and 4.6 % EVI)
than forests (0.68 % FPAR, 3.2 % SIF and 2.3 % EVI) and grasses (0.73 %
FPAR, 4.5 % SIF and 2.8 % EVI). Temperate (2 % FPAR, 5 % SIF and 3.5
% EVI) and arid (1.6 % FPAR, 5.7 % SIF and 2.4 % EVI) biomes show
more greening than cold (0.25 % FPAR, 5 % SIF and 3.8 % EVI) and
tropical (0.6 % FPAR, 2.9 % SIF and 1.5 % EVI) biomes (Fig. 6e).
Amongst the selected ten countries, except for Brazil (—1 % FPAR, —1.5
% SIF and —1.1 EVI) and Russia (—0.6 % FPAR, —1.9 % SIF and —1.2
EVI), others are greening. India exhibits most intense greening (7.4 %
FPAR, 13 % SIF and 10.7 EVI) followed by China (4.8 % FPAR, 9.6 % SIF
and 7.2 % EVI), Australia (1 % FPAR, 7.6 % SIF and 4.4 % EVI), Bhutan
(1.6 % FPAR, 3.9 % FPAR and 2.6 % EVI) and the US (0.9 % FPAR, 2.6 %
SIF and 1.5 % EVI) (Fig. 6f).

3.6. Growth rate of global photosynthesis and its climate drivers

To better comprehend the changes in global photosynthesis with
climate change, this study computes the growth rates (GR) of FPAR and
climate factors. The positive cumulative GR (CGR, 1.16 %) in FPAR
during recent two decades affirms “Greening Earth”. Croplands exhibit
faster greening (CGR, 6.4 %; MGR, 0.3 %/yr) than forests (CGR, 4.64 %;
MGR, 0.22 %/yr) and grasses (CGR, 4.14 %; MGR, 0.19 %/yr).
Enhanced moisture availability (P, 4 % and SM, 1.3 % CGR) and rela-
tively lower warming (T, 0.76 % CGR) facilitate rapid cropland
greening. Contrarily, forests exhibit a large decline in P (—32.9 % CGR)
accompanied by intense warming (T, 6.3 % CGR) and reduction in en-
ergy/radiation (DSRF, —1.4 % CGR). Cold (6.5 % CGR), and temperate
(5.1 % CGR) biomes exhibit larger greening than tropical (2.8 % CGR)
and arid (—0.3 % CGR) biomes. Most countries exhibit a negative
photosynthetic GR, higher in Canada (—14.4 % CGR), Russia (—13.8 %
CGR), the US (—4.7 % CGR) and China (—4.4 % CGR). India exhibits a
massive positive photosynthetic GR (14 % CGR) followed by Argentina
(3.2 % CGR) (Fig. 7 a, b, e).

For further insights, the study also estimates the changes in GR be-
tween the decades and find a slowdown of the global greening (—0.27
%/yr MGR, —2.8 % CGR). Both croplands (1.7 % CGR) and forests (0.4
% CGR) exhibit greening intensification; but grasses show a decline
(—4.1 % CGR). Reduced moisture availability (P, —19.6 % and SM, —5.1
% CGR) accompanied by increased radiation (DSRF, 1.9 % CGR) in these
natural vegetations led to a decline in greening. Interestingly, croplands
exhibit a reduction in P (—6.9 % CGR), but enhanced SM (7.8 % CGR)
highlights the influence of irrigation on greening. Arid (1.6 % CGR) and
temperate (1.4 % CGR) biomes exhibit enhanced greening, whereas
tropical (—1.8 % CGR) and cold (—0.2 % CGR) biomes exhibit slow-
down/reversal of greening. The tropical biome experiences declined
water availability (P, —29.5 % CGR) and radiation (DSRF, —4.6 % CGR);
whereas cold biome exhibits cooling (T, —24.9 % CGR) and reduced
water availability (P, —18.5 % CGR) that slowdown greening. P exhibits
a substantial increase (39 % CGR) in the arid biome that boosts photo-
synthesis. Most countries exhibit a decline in photosynthetic GR such as
Australia (—8.3 % CGR), Argentina (—7.2 % CGR), the US (—3.4 % CGR)
and India (—1 % CGR). However, Canada (18.8 % CGR), China (14.6 %
CGR), Russia (13.7 % CGR) and some other countries show a substantial
increase in the photosynthesis GR (Fig. 7 c, d, ).
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3.7. Mechanisms of changes in global photosynthesis: sensitivity to
climatic drivers

Sensitivity analysis illustrates the change in global photosynthesis
corresponding to the change in climate drivers, where the change in
both (FPAR and climate driver) is in the same direction (positive) and
opposite direction (negative) for various land covers, biomes (Fig. S6)
and uncertainties (Table S12). Here, P exhibits an increase in various
land covers, higher in grasslands (1.14 %) and croplands (0.94 %) than
forests (0.23 %). Arid (2.8 %) and temperate (0.44 %) biomes show
showering, but tropical (—1.1 %) and cold (—0.24 %) biomes exhibit P-
drying (Fig. 8a and b). FPAR has a positive sensitivity to P in sub-Sahara,

(a)

Percenatge (%) Change

T T T T T T T T T T T T T T ¥

VEG CROP FOR GRASS TROP TEMP COLD ARID

Fig. 8. (a) Change in climate factors: [Precipitation (P, mm/day), Soil Moisture
(SM, kg/mz), Temperature (T, °C) and Downward Shortwave Radiation Flux
(DSRF, W/m?)] in percentage (%) during recent decade (2010-2019) from the
previous decade (2000-2009); (b) (a) for land cover types: [net vegetated land
(VEG), Croplands (CROP), Forests (FOR), other natural vegetation (GRASS)]
and biomes: [Tropical (TROP), Temperate (T), Cold (COLD), Arid (ARID)].
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northwest India, southeastern Eurasia, eastern China, Indonesia and
eastern Australia, where showering-induced greening is prevalent.
Central North America, northeastern South America, southern Africa
and westernmost Europe also exhibit positive sensitivity, wherein P-
drying driven browning is prevalent. However, FPAR has a high nega-
tive sensitivity to P in northwest North America, western Eurasia,
eastern and southern India, and northeastern China, wherein greening is
observed, although P-drying is observed there (Fig. 8a, b, 9a). SM-drying
is prevalent in all land cover types and biomes, most pronounced in
grasses (—2.3 %) and tropical (—2.9 %) biomes (Fig. 8d). Similarly, for
SM, FPAR has a positive sensitivity in central South America, sub-
Sahara, northwest India and eastern China, wherein moisture-induced

0.6

0.4

0.2

0.4

s

-0.8

-1

+P +SM  +T +DSRF -P -SM T]'-DSRF'l
Fig. 9. (a) Sensitivity index (Si) of Global Photosynthesis to climate factors i.e.
change in Fraction of Photosynthetically Active Radiation (AFPAR) to change in
climate factor ((Precipitation (AP), Soil Moisture (ASM), Temperature (AT) and
Downward Shortwave Radiation Flux (ADSRF)) during recent decade
(2010-2019) from previous decade (2000-2009) scaled to (-1 to +1); (b)
climate driven changes of Global Photosynthesis during the period 2000-2019.
Here “+/—" represents increase/decrease in recent decade from previ-

ous decade.
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greening is observed. Central North America, northeastern South
America, southernmost Africa, western Eurasia and western Australia
also exhibit a positive sensitivity, but dryness stress driven browning is
dominant there. Eastern and southern India, eastern Asia, and Indonesia
show a negative sensitivity as they exhibit marginal greening despite
dryness stress (Fig. 8a and 9a).

In the climate change context, warming is intense in arid (0.17 %)
and tropical (0.16 %) biomes, and cooling (—0.26 %) in cold biomes
(Fig. 8d). FPAR has a positive sensitivity to T in India, eastern and
southern China, Indonesia, central Africa and eastern Australia where
greening is observed, despite the warming. Northeastern Eurasia ex-
hibits a positive sensitivity as cooling-induced browning is prevalent in
these cold regions. Contrarily, FPAR exhibits negative sensitivity to T in
northeast South America, eastern and southern Africa and western
Australia as warming-induced browning is observed there. Some areas
in northern latitudes in North America, Europe, and eastern Eurasia
show a negative sensitivity as greening with cooling is observed there
(Fig. 9a). Energy/radiation (DSRF) has increased across land covers and
biomes with its high enhancement in tropical (4 %) and cold (2.7 %)
biomes; forests (3.5 %) and grasses (2.4 %) (Fig. 8d). FPAR has a positive
sensitivity to DSRF in northern and southern North America, western
Europe, India, eastern Australia and sub-Sahara, greening is observed
with an increase in DSRF there. Contrarily, FPAR has a negative sensi-
tivity to DSRF in northeastern South America, eastern Europe, western
Eurasia and western Australia wherein with an increase in DSRF
browning is exhibited. Also, central North America, eastern Europe and
northeastern China exhibit greening with a decrease in DSRF (Fig. 9a).

4. Discussion
4.1. Shifting climatic controls of global photosynthesis

In recent decades, the global climate has experienced substantial
changes like warming hiatus and enhanced warming (Trenberth, 2015),
drying (Feng et al., 2021), brightening and dimming (Wild, 2016) and
strengthening of land-atmosphere feedbacks (Humphrey et al., 2021).
There is a need for a comprehensive study on the spatio-temporal evo-
lution of global photosynthesis and its attribution to changing climate
across various seasons, biomes and land covers. Here, the study finds
that moisture availability (P, SM) is the key climatic control in tropical
and arid, but warmth (T) in temperate and cold biomes. For croplands
and forests, T is the predominant driver, but P is the key driver for
grasses; consistent with Zhang et al. (2021) and Higgins et al. (2023).
The study finds T to be the major control of photosynthetic activity for
all vegetated lands, followed by SM. T remains the key climatic control
of global photosynthesis, but the strength of the relation has declined
recently, as also found by Zhang et al. (2021) and Higgins et al. (2023).
This is due to the saturation of boreal greening to warming (Piao et al.,
2017), warming hiatus in the tropical and temperate biomes (Trenberth,
2015), and enhanced drying (Feng et al., 2021). Croplands (SM), forests
(P) and gasses (DSRF) show increasing influence of other drivers on
global photosynthesis. For arid regions, water availability (P and SM)
has enhanced and strengthened the control on photosynthesis (Patel
et al., 2024b, Kashyap et al., 2025a). A recent ground-based study
(Higgins et al., 2023) found SM to be the dominant driver of vegetation
growth in the warm and dry regions, but cool and wet regions exhibited
a combination of drivers dominated by T. The control of water avail-
ability (P and SM) and radiation (DSRF) has increased over global
photosynthesis. Also, there is a shift in control from radiation to water
limitation in ecosystems where an increase in DSRF and a decrease in SM
are observed (Denissen et al., 2022). Thus, the climate control on global
photosynthesis has shifted from warmth and energy to water availability
in recent decades. This is due to the saturation of vegetation to positive
influence of warming and enhanced dryness stress that override the
dominance of other limiting factors.
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4.2. Greening Earth

The study employs three proxies of photosynthesis FPAR, EVI and
SIF, and their long-term change is largely consistent across all three
metrics with variable magnitudes. The study finds greening in all land
covers and biomes, which is highest in temperate and arid biomes and
croplands. India and China exhibit the largest greening, followed by
Australia, but Brazil and Russia exhibit browning, as also found by Chen
et al. (2019). Greening is strongest in MAM and JJA. The
moisture-induced greening regions are the central North America,
sub-Sahara, northwestern India, northeastern Asia and eastern Australia
(Fig. 9b). Although these are largely moisture-limited regions, where
enhanced atmospheric moisture drives vegetation growth through
improved P and SM (Patel et al., 2024b). Warming-induced greening is
exhibited by northern high latitudes in North America and eastern
Europe. The warming in these cold regions enhances the plant meta-
bolism, extends the growing season and promotes the expansion of
shrubs (Piao et al., 2017). However, drying-induced browning is
observed in northeastern, northern and southern South America, central
and southern Africa and western Australia (Feng et al., 2021). These
regions are also predominantly warming, and thus warming-induced
drying drives browning in these regions (Gampe et al., 2021). The
reduced canopy photosynthesis during drying is further intensified by
warming-induced heat stress (Huang et al., 2019). The persistent
warming and drying will have a detrimental effect on tropical ecosys-
tems for carbon sequestration (Tao et al., 2022; Liu et al., 2023).
Changes in DSRF alone do not induce substantial changes in photosyn-
thesis, but it modifies T, and thus, enhanced DSRF drives greening in
northern Eurasia (Fig. 9b). SIF, particularly GOSIF is more closely
related to photosynthesis and carbon sinks than MODIS based NDVI and
EVI (Shekhar et al., 2022). The study finds that SIF exhibits a more
intense greening than NDVI and EVI in the pan-tropical forests, provided
the saturation of NDVI and EVI in dense canopy such as tropical forests.
In recent years, there has been enhancement in greening heterogeneity
(Myers-Smith et al., 2020; Qiu et al., 2022) and amplified browning (Pan
et al., 2018; Liu et al., 2023).

4.3. Slowdown of global greening

The positive growth rate (GR) of global photosynthesis in recent two
decades (FPAR, 1.2 % CGR) affirms global greening. However, there is a
slowdown/reversal of greening in recent decade (FPAR, —2.8 %, CGR),
predominantly for grasses and tropical biome due to dryness stress.
There is a decline in the global greening rate, with the emergence and
expansion of browning regions (Pan et al., 2018; Winkler et al., 2021).
Greening is evident in areas of sparse canopies such as arid biomes,
croplands and temperate forests. Contrarily, the areas of dense canopies
such as the pan-tropical forests, and Eurasian tundra exhibit browning,
owing to warming and drying (Feng et al., 2021; Qiu et al., 2022). There
is also regime shift in the cold, arid and tropical regions in recent de-
cades (Cooper et al., 2020; Southworth et al., 2023). Two of the largest
contributors to global greening (Chen et al., 2019) show contrasting
patterns. India has a very high positive GR and China has a negative GR
in recent two decades, consistent with Chen et al. (2024). However,
greening is largely intensified in China, but it has slowed down in India
during recent decade. Greening in China is predominantly due to large
scale afforestation (Chen et al., 2019; Tong et al., 2020), but largely
irrigation-induced agricultural intensification in India (Chen et al.,
2019; Kuttippurath and Kashyap, 2023). In previous decades, greening
in China may have reached saturation, but recent afforestation and
modernisation of agriculture have intensified the greening there (Tong
et al., 2020). On the contrary, increasing moisture stress constrains the
greening in India during recent decade (Kashyap and Kuttippurath,
2024a; b). Additionally, growing ecological implications of moisture
stress during the moisture-rich summer monsoons drives regional
browning in India (Kashyap et al., 2025b). In the warming world, the
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atmospheric evaporative demand is enhanced and leads to closer of
stomata to preserve water, which would limit photosynthesis and CO4
capture. Henceforth the global photosynthesis is largely becoming water
constrained in the warming world. This leads to SM drying along with
enhanced evaporative demands of land and atmosphere (Liu et al., 2023;
Song et al., 2024). Thus, there is a slowdown/reversal of global greening
due to the shift in climatic control to water availability and enhanced
dryness stress.

4.4. Non-climatic drivers of vegetation dynamics

Apart from climatic drivers, regional changes in vegetation can be
influenced by non-climatic drivers of CFE, land management, affores-
tation, or deforestation (Chen et al., 2019; Tagesson et al., 2020). The
impacts (beneficial or detrimental) of these factors, largely remain sta-
ble over a long period in a specific region (Zhu et al., 2016; Piao et al.,
2020). For instance, browning due to: (i) deforestation and forest
degradation in tropical forests of Amazon (Qin et al., 2021) and central
Africa (Zhao et al., 2024), and (ii) land clearance in Australia (Heagney
et al., 2021), and greening due to: (i) afforestation in China (Tong et al.,
2020), (ii) reforestation and woody encroachment in North America and
Europe (Buitenwerf et al., 2018; Bueso et al., 2023), (iii) plantations
growth in southeast Asia (Guillaume et al., 2018; Chen et al., 2019), and
(iii) improved land management in India (Chen et al., 2019; Kuttip-
purath and Kashyap, 2023) have already been reported. These factors
can intensify the magnitude of the change in global photosynthesis
(greening/browning), but can rarely alter the direction of change
(greening to browning or vice versa). For instance, warmer and drier
climate generally provoke and intensify disturbances such as wildfires
(Abatzoglou and Williams, 2016) and insect outbreaks (Deutsch et al.,
2018). These effects can be found as indirect consequences of climate
change that cause browning. CFE can facilitate greening by amplifying
the influence of climate factors. CFE can partially counteract browning
caused by climate change, but the overall vegetation dynamics is
determined by the climate as CFE can never cause browning on its own
(Zhang et al., 2021; Keenan et al., 2023). However, only temperate
forests and cool grasslands exhibit CFE with no persistent impact on
other biomes (Winkler et al., 2021). Additionally, CFE has weakened
due to the growing limitations of foliar nutrient concentrations and
water availability (Wang et al., 2020). Also, in the warming scenario, the
radiative effects of CO; may counter the fertilisation effects and satu-
ration of plants to CFE (Shi et al., 2021) due to enhanced land sinks
(Keenan et al., 2016, 2023). Therefore, the impact of CFE is restricted,
and possibly overshadowed by climatic factors (Zhang et al., 2021;
Higgins et al., 2023).

4.5. Future of global photosynthesis

The majority of CMIP6 models predict a consistent greening pattern
throughout the 21st century (Zhao et al., 2020). Additionally. Multiple
ML model ensemble also suggests intensified greening in the 21 cen-
tury, predominant in the northern hemisphere (Zhang et al., 2025). The
study finds that greening continues in the future for most global regions
until the end of the century (P3, 2090-2100), from the historical period
(P1, 2015-2019), which is stronger in the cold (45.9 %) and arid (31.6
%) biomes, forests (28.5 %) and grasses (25.9 %). However, browning is
projected in the Amazonia and much of northern South America
(Fig. 10a—e). The ensemble uncertainty range in LAI for the global
vegetation derived from CMIP6 models is in the Supplementary material
(Table S13). For a better understanding, this study splits the periods and
examine the changes in global photosynthesis during the mid-century
(P2, 2040-2050) from the historical period (P1). Generally, there is
widespread greening (6.4 %), more intense in the cold (16.4 %) and arid
(9.2 %) biomes, forests (8.8 %) and grasses (7 %), as found before.
Browning is largely observed in the southern hemisphere, and is intense
in central and southern India (Fig. 10b—e). This study also investigates
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Fig. 10. Future change in Global Photosynthesis (Leaf Area Index, LAI) in
percentage (%)during (a) historical (P1, 2015-2019) to end-century (P3,
2090-2100), (b) mid-century (P2, 2040-2050) to P1, (¢) P3-P2, (d) mid-
century to end-century (F2) from mid-century to historical period (F1); (e)
(a—d) for land cover types: [net vegetated land (VEG), Croplands (CROP),
Forests (FOR), other natural vegetation (GRASS)] and biomes: [Tropical
(TROP), Temperate (T), Cold (COLD), Arid (ARID)].

the changes in global photosynthesis in the end-century (P3) from
mid-century (P2). The greening is stronger (17.2 %) in the northern
hemisphere, whereas browning is dominant in southern hemisphere
regions such as Amazonia, northern and southern Africa and eastern
Australia. Again, greening is larger in the cold (25.2 %) and arid (20.5
%) biomes, forests (18 %) and grasses (17.7 %) (Fig. 10c—e). Interest-
ingly, in terms of changes between mid-end century and histor-
ical-mid-century, greening is intensified (10.9 %) and predominant in
northern latitudes of North America and Eurasia, India, Southeast Asia,
and Australia with larger magnitude in arid (11.4 %) and cold (8.8 %)
biomes and croplands (11.9 %) (Fig. 10d and e).

Slowdown/reversal of greening is expected in central North America,
central Eurasia, Africa and northeastern South America. Future warming
will favour greening in northern high latitudes, but will have a detri-
mental impact on photosynthesis in the tropics and sub-tropics.
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Moistening will drive greening in tropical regions of Central Africa and
mid-latitudes in central North America, north-central Asia and northeast
China in the future. Drying-induced browning will be observed in
western Europe, southern North America, northern South America,
southern Africa and Australia. Water availability will play a strong
positive role in enhanced cropland greening in the future (Wu et al.,
2022). The future greening will be dominant in the northern latitudes in
evergreen needleleaf forests and grasslands (Teng et al., 2023). CFE is
expected to be the predominant driver of future greening in the cold and
arid biomes (Zhao et al., 2020; Chai et al., 2025). However, there are
uncertainties with the CMIP6 models in quantifying CFE, as some
models are oversensitive to CFE, but others are less sensitive. This can
lead to discrepancies in estimating the future greening based on multiple
or ensemble model results (Wei et al.,, 2022; Chai et al., 2025).
Conversely, Inter-Sectoral Impact Model Intercomparison Project (ISI-
MIP) based Dynamic Global Vegetation Models (DGVMs) are con-
strained with their dynamic vegetation modules with water (plant
hydraulics) and nutrient (nitrogen and phosphorus) limitations, and
have better land use patterns, weak CFE and greening; particularly in the
semi-arid regions compared to the CMIP6 models (Warszawski et al.,
2014; Molina Bacca et al., 2025). Also, ISIMIP models have relatively
smaller inter-model variability and diverse dynamic vegetation mecha-
nisms that better accounts for the plant biological successions than
CMIP6 models (Warszawski et al., 2014; Rosenzweig et al., 2017). The
ISIMIP models assume simplified plant functional types (PFTs) and use
bias-corrected GCMs that smoothens out the extremes and thereby
largely underrepresent the uncertain future climate variability and ex-
tremes (Warszawski et al., 2014; Frieler et al., 2017). Additionally,
ISIMIP models suffer from uncertainties due to weak validation and very
limited applications in these studies due to large inconsistencies in LAI
definition (effective vs. true LAI) (Warszawski et al., 2014; Rosenzweig
et al., 2017). Both CMIP6 and ISIMIP models simulate future greening,
but have relatively weak patterns in ISIMIP due to restricted CFE in the
semi-arid regions. Both CMIP6 and ISIMIP models also overestimate
greening in water and nutrient limited regions due to the overestimation
of CFE (Zhao et al., 2020; Chai et al., 2025). Also, with saturation of CFE,
negative impacts of climate (e.g. enhanced warming and drying and
extreme events), nutrient limitations, and human interventions (land
use change and land management), the future photosynthesis will
probably exhibit restrained influence of CFE (Penuelas et al., 2017; Chen
etal., 2024b). This can also be a major reason for the slowdown/reversal
of future greening in the regions that previously exhibited strong CFE.

4.6. Biophysical implications of changes in global photosynthesis

The vegetation-climate feedbacks are key to terrestrial biogeo-
chemical cycling and the exchanges of carbon, water, energy and mo-
mentum between land and atmosphere (Miralles et al., 2025; Liu et al.,
2025). The future greening is expected to enhance terrestrial carbon
uptake. However, the translation of vegetation structure (greenness) to
functioning (carbon uptake) is very intricate (Kashyap and Kuttippur-
ath, 2025b). The global vegetation exhibits disproportionate conversion
of greening to increased carbon uptake in recent decades, as greening is
mostly observed in sparse canopies (croplands and drylands) of low
carbon sink potential and browning in dense canopies (tropical forests)
due to warming-induced moisture stress and deforestation (Zhang et al.,
2019; Feng et al., 2024). Interestingly, there is a decoupling of global
greening and carbon sequestration in the future climate scenarios, which
is predominant in grasslands and boreal biomes. Thus, the link between
greening and carbon uptake is highly uncertain in the future due to
changing climate and human interventions (Bian and Xia, 2024). Future
greening will potentially expedite the hydrological cycle as it will
enhance both ET and P, where the spatial disparity in their response to
SM causes a hydrological response known as the "dry gets drier, wet gets
wetter" (DDWW) paradigm (Wu et al., 2022). The future greening can
potentially deplete SM in some semi-arid and arid regions due to
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enhanced atmospheric aridity (Lian et al., 2020; Deng et al., 2020) and
strengthened land-atmosphere coupling (Liu et al., 2025). In mesic
ecosystems such as the tropical moist forests in Amazonia and Congo,
greening-induced enhanced ET will promote more convective rains that
boosts SM due to highly efficient moisture recycling in the atmospher-
ically closed ecosystems. Therefore, the overall balance between the
DDWW paradigm and moisture recycling of tropical ecosystems can
maintain the future SM levels (Feng et al.,, 2021). The future
greening-induced enhanced ET will lead to evaporative cooling, but
greener canopies have a lower albedo than bare ground and absorb more
sunlight, resulting in a higher sensible heat flux that causes albedo
warming. The equilibrium between evaporative cooling and albedo
warming determines the impact of greening on temperature (Piao et al.,
2020). In warmer regions such as the tropics and temperate, the evap-
orative cooling counters albedo warming, resulting in net cooling
(Forzieri et al., 2017). In recent decade, the enhancement in greening
heterogeneity and amplified drying-induced browning led to greater SM
limitations (Pan et al., 2018; Feng et al., 2021). The influence of drying
outweighed the effects of temperature (Zhang et al., 2021) and energy
(Denissen et al., 2022) on global photosynthesis.

4.7. Limitations

The existing remote sensing measurements exhibit limitations,
including saturation and inadequate sensitivity in dense canopies, at-
mospheric and soil background noise, satellite orbital drifts, and sensor
replacements. The MODIS MOD13A1 NDV and EVI data have an un-
certainty of approximately +0.02-0.05 (Huete et al., 2002; Didan et al.,
2015). Additionally, the photosynthesis proxies derived from MODIS
and MODIS-derived data do not accurately account for CFE. Therefore,
to study the effects of CFE on global photosynthesis, ground-based
measurements or high-resolution remote sensing data that efficiently
accounts for CFE are required. Optical remote sensing data have limited
applications in quantifying tropical disturbances such as deforestation,
degradation and fires (Wigneron et al., 2024; Bar-On et al., 2025).
Despite improvements, simulating accurate LAI is still a big challenge
for CMIP6 models as they overestimate it (Gier et al., 2024). Further-
more, the CMIP6 model results are not very efficient in simulating the
effect of SM-dryness on photosynthesis and they generally overestimate
the future greening. Additionally, these models might not accurately
simulate conditions of mega-droughts, intense wildfires, human mis-
managements, destructive logging, insect and disease outbreaks, and
forest diebacks that lead to browning (Zhao et al., 2020; Wu et al.,
2022). Furthermore, these climate projections mostly underestimate the
impacts of compound soil and atmospheric dryness stress on vegetation
(Liu et al., 2023; Song et al., 2024). In a warmer future Earth, the stress
arising from plant hydraulics and low atmospheric humidity can also
impact global photosynthesis, which is highly underestimated by these
climate projections (Feng et al., 2021; Liu et al., 2023). Also, these
models fail to efficiently account for the impact of climatic oscillations
like El Nino Southern Oscillation (ENSO) that can impact photosyn-
thesis, particularly in the tropical regions of higher carbon uptake
(Wigneron et al., 2020). The uncertainties in the data or measurements
used in this study could induce some uncertainties in the derived results.
The statistical and ML techniques employed in the study are also subject
to certain limitations. The first order linear sensitivity analysis is subject
to constraints in response to saturation and threshold behaviour.
Granger causality works effectively for longer time series that are sta-
tionary and detects linear causal links. In this regard, the nonlinear
causal inference approaches, such as Peter and Clarke's Momentary
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Conditional Independence (PCMCI) and Convergent Cross Mapping
(CCM) could add more insights in the causal relationships. However, at
times these causal approaches can also give spurious links that are not
mechanistically feasible. ML based approaches are largely data-driven
and require large volume of data to yield robust results.

4.8. Recommendations and policy relevance

There is a need to enhance the capability of remote sensing mea-
surements and their validation with ground-based observations in
quantifying global photosynthesis. However, the in-situ observations are
available only in some regions, and very few in the tropical and mid-
latitude regions of higher photosynthesis. Therefore, expansion of the
current ground observational networks is of paramount significance for
efficiently capturing the changing global vegetation-climate in-
teractions. Recently launched satellites, geostationary satellites (Xiao
et al., 2021) and global navigation satellites systems (GNSS) (Yao et al.,
2024) can provide relatively high frequency spatio-temporal photo-
synthesis measurements. The uncertainties in the future of global
photosynthesis call for better future projections for robust understand-
ing of vegetation state and functioning. There is an urgent need for
sustainable climate policies with a focus on effective terrestrial carbon
sink management through the prevention of deforestation and forest
degradation, particularly in the tropical and boreal forests of higher
carbon uptake potential. Efforts should be directed towards preservation
of indigenous forests, particularly in the tropical and sub-tropical re-
gions, and enhance their resilience to climate change and climatic ex-
tremes (Feng et al., 2024; Kashyap and Kuttippurath, 2025b). Scientific
afforestation should be promoted in mesic ecosystems (e.g. tropical
forests) and should refrain from planting trees in xeric regions (e.g. arid
lands) to maintain the energy balance and biogeochemical cycles. The
indigenous xerophytes can be planted in drylands rather than invasive
species that eventually degrade the regional flora and fauna (Hardy
et al., 2025; Kashyap et al., 2025a).

Efficient and sustained carbon sink management should be one of the
major agendas of climate policies. Additionally, targeted actions should
be taken towards the restoration of degraded landscapes to preserve the
indigenous biodiversity, socio-economic fabric and strengthen terres-
trial carbon sinks. Focused attention should be drawn towards ecologi-
cally sensitive ecosystems such as the grasses, drylands and tropical
forests. Furthermore, there is a need to check on anthropogenic distur-
bances of natural vegetation and better land management for croplands
to attain sustainability. Additionally, there is a necessity to employ
climate-smart agriculture (CSA) practices focussing on enhanced crop
yields and improved climate resilience along with reduced emissions
from land based sources. There is an urgent need to reduce carbon
emissions in synergy with initiatives like REDD+ (Reducing Emissions
from Deforestation and Forest Degradation, 2008), the Bonn Challenge
(2011) and the Trillion Trees Initiative (2020) to ensure sustained
terrestrial carbon sinks in the future, particularly in the tropical biome
that exhibit slowdown in greening under dryness stress. The Land
Degradation Neutrality (LDN, 2015) goals should be focused towards
the vulnerable grasslands that are degrading due to moisture stress.
Also, there is a need for sustainable policies for grazing such as rota-
tional grazing and plantation of forage crops in the grasses and drylands.
Adoption of Nature based Solutions (NbS) like Ecosystem-based Adap-
tation (EbA) is a way forward to effective green cover management in
vulnerable tropical forests and grasslands and are of paramount signif-
icance to the future climate adaptation frameworks. The boreal biome
exhibits saturation of warming-induced greening and there is a need for
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control on the logging of fuel woods and promote bioeconomic strate-
gies for climate-smart use of woods.

In a scenario of unprecedented population growth, there is a need for
climate policies that promote agroforestry and other sustainable farming
systems to reduce the pressure on natural forests in tropical and sub-
tropical regions. Planting climate resilient and water-efficient crops,
drought-resilient plant species and conservative agricultural practices
are required to ensure global food security. These efforts would support
United Nations (UN) Sustainable Development Goals (SDGs) 15.3
(combat desertification) and 13.1 (resilience to climate hazards). Con-
servative agricultural practices such as crop row spacing and mulching
can reduce ET and promote SM retention in croplands, drylands and
grasses under moisture stress. These approaches support UN SDGs 2.4
(sustainable food production) and 6.4 (increase water use efficiency).
Additionally, plantation-based carbon sequestration targets should be
revisited in the changing vegetation-climate interaction in the rising
dryness scenario in accordance with SDG 15.2 (sustainable forest man-
agement). Furthermore, there is an urgent need to ensure sustainable
agricultural practices in tune with the preservation of indigenous nat-
ural vegetation. Regional and global level detection, and forecast of
climatic stress on vegetation should be established with the support of
robust governance and policy-making. This calls for attention for
climate adaption and mitigation policies in accordance with the broad
UN SDGs 13 (climate action), 15 (life on land), 1 (no poverty) and 2
(zero hunger) to attain global food security and global sustainability. A
brief summary of key results from this study is also provided in Table 3.

Table 3
Summary of the results from the study.

Discussion Paragraphs Brief Summary

Shifting Climatic controls of Global
Photosynthesis

The climatic control on global
photosynthesis has shifted from warmth
and energy to water availability in recent
decades.

Global greening continues across the land
cover types, biomes and seasons (except
DJF) in recent decades.

There is slowdown/reversal of global
greening due to shift in climatic control to
water availability and enhanced dryness.
Apart from the climate drivers there are
other drivers such as land management,
afforestation, or deforestation, CO»
fertilization effect (CFE) and nitrogen
deposition (ND), which also drive regional
vegetation dynamics and their influence
largely remain stable over a long period.
Greening is expected to continue in the
future, and stronger in cold and arid
biomes.

The future greening can expedite the
hydrological cycle and intensify the land-

Greening Earth

Slowdown of Global Greening

Non-Climatic Drivers of Vegetation
Dynamics

Future of Global Photosynthesis

Biophysical implications of
Changes in Global

Photosynthesis atmosphere feedback and strengthened
terrestrial carbon sink.
Constraints The remote sensing data, climate

projections, statistical and ML techniques
have their own limitations.

Need to improve the global vegetation
monitoring by synergetic use of remote
sensing, field and ground-based
measurements. Focus should be drawn
towards climate adaption and mitigation
policies centered around the United
Nations (UN) Sustainable Development
Goals (SDGs) 13 (climate action), 15 (life
on land) and 2 (zero hunger) to attain
global food security and sustainability.

Recommendations and Policy
relevance
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5. Conclusions

Global vegetation dynamics has garnered substantial attention due
to its potential impact on food security, water cycle and terrestrial car-
bon sinks. Non-climatic factors have a rather straightforward and
regional impact on vegetation. However, there remains large un-
certainties regarding the response of terrestrial ecosystems to climate
change as vegetation-climate interactions are very complex. The study
finds high photosynthetic variability in the arid and cold biomes, grasses
and forests during the JJA and SON seasons, and thus are the most
sensitive to the changing climate. Warmth controls photosynthesis in
temperate and cold biomes, but moisture availability in the tropical and
arid biomes. Interestingly, the climatic control on global photosynthesis
is shifting from warmth and energy to water availability in the drying
world. “Greening Earth” is evident in recent decades, with India and
China exhibiting the largest magnitudes of its increase. However, there
is a decline in global photosynthetic growth rates in recent decade.
There is widespread greening in the cold (warming-induced) and arid
(moisture-induced) biomes and croplands (agricultural intensification
and improved land management), but its slowdown/reversal in the
tropical forests and temperate grasses (warming and drying-induced).
The shifting climatic control constrains the intensified global photo-
synthesis. Greening is projected to continue until the 21st century, most
intense in the cold and arid biomes. The future greening can expedite the
hydrological cycle and intensify the land-atmosphere feedbacks and
strengthened terrestrial carbon sink. In addition, the regime shift,
deforestation and forest diebacks can alter vulnerable ecosystems such
as those in boreal, drylands and tropical moist forests. This calls for
policies on the conservation of natural ecosystems, land management
and restoration programmes, prevention of destructive logging, judicial
utilisation of forest resources, and effective agronomic planning to
achieve global food security and sustainability. This study thus provides
new insights into drafting appropriate climate policies to solve the
challenges of global sustainability and food security in the rapidly
changing climate with unprecedented population growth.
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o The response of global photosynthesis to
rising moisture stress is examined for
biomes and land covers.

e VPD (39.8%) has greater control on
global photosynthesis than SM (31.4%)
and CWD (28.8%).

e SM and CWD influences photosynthesis
through VPD in biomes and land covers
where they lack direct causality.

o Moisture-stressed  ecosystems, non-
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ABSTRACT

The “Greening Earth” and rising aridity are both climate change signatures. We investigate the response of global
photosynthesis to moisture stress (higher demand and lower availability of moisture) in current (2000—2021)
and future climate scenarios (until 2100). We employ a suite of statistical and machine learning (ML) techniques
on satellite remote sensing, reanalyses and climate projection data for robust findings. Remote sensing based
high resolution indicators of global photosynthesis in Fraction of Photosynthetically Active Radiation (FPAR),
Enhanced Vegetation Index (EVI) and Solar-Induced Fluorescence (SIF) are utilised. Vapour Pressure Deficit
(VPD, 39.76%) influences global photosynthesis more than Soil Moisture (SM, 31.44%) and Climatic Water
Deficit (CWD, 28.8%), reveals Random Forest (RF). VPD exhibits a direct causal relationship with photosynthesis
across biomes and land cover types, unlike SM and CWD. In absence of direct causal association, SM and CWD
influence photosynthesis through VPD. Enhanced land (CWD, 16.7%) and atmospheric (VPD, 4.3%) evaporative
demands reduce SM (—2.2%) in recent decade (2010-2019) from the previous (2000-2009). Concurrently,
global photosynthesis exhibits enhanced cumulative growth rates (CGR), with a slowdown/reversal of global
greening (—2.8% CGR), notably in grasses and tropical biomes due to rising moisture stress. Cropland, and
temperate and arid biomes exhibit high sensitivity and low resilience to dryness stress. Global photosynthesis has
gained resilience against land evaporative (CWD, 6.7%) and atmospheric aridity (VPD, 4.1%), conversely lost
resilience against SM drying (—0.5%) in recent decade from previous. In moisture-stressed ecosystems, gain in
resilience facilitates photosynthesis and decline in resilience results in slowdown or reversal of greening. This
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calls for effective land management to enhance the resilience of vulnerable ecosystems to rising moisture stress
for ensuring food security and sustainability.

1. Introduction

Vegetation is an essential component of the earth, and climate sys-
tems that significantly influence the carbon and water cycles by regu-
lating their fluxes between the atmosphere and biosphere through
processes such as photosynthesis and transpiration (Piao et al., 2020;
Humphrey et al., 2021). Comprehending the changes in global photo-
synthesis is of paramount significance to unveil the changes in carbon-
climate feedbacks, and to sustain the unprecedented growth in popu-
lation through crop and wood production (Piao et al., 2020; Keenan
et al., 2023). In the warming world, enhanced atmospheric moisture
demand (vapour pressure deficit [VPD]) and lower soil moisture (SM)
can have detrimental effects on photosynthesis (Fu et al., 2022; Liu
et al., 2024). SM serves as the primary water source for vegetation, that
influences moisture readily accessible to plant roots. Consequently,
decline in SM is the prime indicator of moisture stress experienced by
vegetation (Liu et al., 2020; Feng et al., 2021). Elevated VPD can prompt
vegetation to close stomata to minimise water loss at the leaf surface
level, and thus restrict plant photosynthesis and growth (Yuan et al.,
2019, 2025; Fu et al., 2022).

In the global warming scenario, moisture stress is expected to
become more intense and frequent, thereby adversely affect terrestrial
ecosystems worldwide (Reichstein et al., 2013; Green, 2024). Moisture
stress can cause severe threats to crop productivity and trigger tree
mortality (Yuan et al., 2019, 2025; Bauman et al., 2022) through two
mechanisms i.e., carbon starvation and hydraulic failure (McDowell and
Sevanto, 2010; Hartmann, 2015). The carbon starvation hypothesis at-
tributes the tree mortality events to deficits in carbohydrate reserves due
to a reduction in photosynthesis driven by prolonged drought. The plant
carbon reserve is exhausted due to stomatal closure and inadequate
carbon assimilation to satisfy tissue maintenance requirements during
carbon starvation. The hydraulic failure hypothesis suggests that during
moisture stress, tree dies primarily from impaired water transport due to
xylem embolism. Inability to sustain xylem water tension below its
cavitation threshold leads to embolisms, which if unresolved, can ulti-
mately result in extensive desiccation to lead to plant mortality
(McDowell et al., 2022).

A robust understanding of the impact of moisture stress on ecosys-
tems is crucial for managing ecological implications of drought risks and
reducing uncertainties in predicting future land carbon sink potential
and climate change (Liu et al., 2020; Liu et al., 2023a). It also enables to
test the capacity of terrestrial ecosystems to serve as future carbon sinks
in a warmer and drier world (Kashyap and Kuttippurath, 2024a, 2024b,
2025a). Satellite based photosynthetic proxies reveal that the overall
global vegetation greenness has increased (i.e. greening) over the years
(Zhu et al., 2016; Chen et al., 2019; Cortés et al., 2021; Chen et al., 2024;
Kashyap and Kuttippurath, 2026). However, there is a rise in decline of
vegetation greenness (i.e. browning) on regional scales in recent decades
(Brandt et al., 2018; Pan et al., 2018; Liu et al., 2023a; Kashyap and
Kuttippurath, 2026). Concurrently, reduction in precipitation (P) and
increase in evapotranspiration (ET) have led to SM drying in recent
decades, where 40% of the global vegetated land experiences a decline
in SM (Lal et al.,, 2023; Peng et al., 2023). This SM drying limits
photosynthesis and reduces terrestrial carbon uptake (Liu et al., 2020;
Feng et al., 2021; Liu et al., 2025a). Furthermore, recent studies suggest
that elevated atmospheric dryness (VPD) adversely affects global vege-
tation growth and terrestrial productivity (Yuan et al., 2019, 2025; Fu
etal., 2022). Studies also suggest that the concurrent events of reduction
in SM accompanied by enhanced VPD are more detrimental to vegeta-
tion health (Liu et al., 2023b; Song et al., 2024).

The sensitivity of global photosynthesis to SM has increased in recent

decades (Li et al., 2022; Kashyap and Kuttippurath, 2026) and future
climate scenario (Denissen et al., 2022). Since, both global photosyn-
thesis and moisture stress are increasing in the changing climate, it is of
paramount significance to extensively investigate the relationship be-
tween the two. We hypothesise that in the rising moisture stress sce-
nario, there can be a slowdown/reversal of the global greening
particularly in the dense canopies. The ecosystems that are resilient to
moisture stress would continue greening in the future climate change
scenario. Since we want to examine extreme climate cases, we select
high emissions scenarios (Shared Socioeconomic Pathways, SSP585) in
the study.

However, still uncertainties exist in terms of the response of global
photosynthesis to moisture stress across land cover types and biomes.
Therefore, we comprehensively investigate the following science ques-
tions: (i) What is the relationship between global moisture availability/
demand and photosynthesis in current and future climate? (ii) How does
the changes in moisture availability/demand influence global photo-
synthesis? (iii) Which are the vegetated regions where photosynthesis is
resilient/non-resilient to moisture stress and how does it evolve with
time? We employ a suite of statistical techniques that includes correla-
tion, Partial Correlation (PC), Multiple Linear Regression (MLR), Ma-
chine Learning (ML) based Random Forest (RF) model, Granger
Causality, Sensitivity analysis, Resilience method and Growth Rate
Analysis on remote sensing measurements and reanalyses data for this
assessment. The findings would enable new insights on the intricacies of
the global carbon-water cycle interactions and feedbacks that are of
paramount significance for ecosystem management for a sustainable
world.

2. Data and methods
2.1. Data

2.1.1. Land covers and biomes

We categorise different land cover types according to Moderate
Resolution Imaging Spectroradiometer (MODIS) land cover data
following the International Geosphere and Biosphere Programme (IGBP)
classification that has an overall accuracy of 74.8% (MODIS Land Team,
2014). We reclassify land covers, where the various forest type classes
are grouped as a common or broad forest class, croplands and all other
forms of natural vegetation, such as grasslands, shrublands, and savan-
nahs. All other natural land cover types are referred to as grasses for
clear understanding (Fig. Sla). We conduct an analysis of the four
principal biomes globally—tropical, temperate, cold, and arid, but the
polar biome is left out as it is largely non-vegetated (Fig. S1b). We utilise
the most recent high-resolution version of the Koppen-Geiger (KG)
climate classification data which inherently integrates elevation effects
through temperature (T) and P patterns (Beck et al., 2023).

2.1.2. Proxies of photosynthesis

All the data with their resolution, purpose and sources are listed in
Table 1. Earth observations provide a comprehensive perspective of
global terrestrial biosphere and are essential for their timely monitoring
(Nemani et al., 2003; Piao et al., 2020). The efficacy of the MODIS in
monitoring the terrestrial biosphere is well documented (Chen et al.,
2019; Kashyap et al., 2023a). Fraction of Photosynthetically Active
Radiation (FPAR) is an essential climate variable (ECV) that serves as a
vital metric for photosynthesis and terrestrial carbon cycle. FPAR is also
crucial for comprehending carbon-climate and carbon-water in-
teractions, as well as the biogeochemical cycles of terrestrial ecosystems
(Sellers et al., 1996; Cai et al., 2025). The Normalised Difference
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Table 1
The datasets, their resolution, purpose and the sources are listed.
Data Resolution Purpose/Use Source
MODIS LULC 500 m LULC data to extract (https://Ipdaacsve.
(MCD12Q1) vegetated land covers Ccr.usgs.gov/)
MODIS NDVI 500 m calculation of FPAR of (https://Ipdaacsve.
(MOD13A1) change in photosynthesis  cr.usgs.gov/)
MODIS EVI 500 m EVI & calculation of (https://Ipdaacsve.
(MOD13A1) change in photosynthesis  cr.usgs.gov/)
GOSIF SIF 0.05° x SIF & calculation of (http://data.glo
0.05° change in photosynthetic ~ balecology.unh.
activity and productivity ~ edu/)
GLDAS Soil 0.25° x Soil Moisture, (https://daac.gsfc.
Moisture 0.25° relationship with nasa.gov/)
photosynthesis and
changes
TerraClimate 4 km Land evaporative aridity (https://www.cli
CWD (CWD), relationship with ~ matologylab.or
photosynthesis and g/terraclimate.
changes html)

TerraClimate 4 km Atmospheric aridity (https://www.cli

VPD (VPD), relationship with matologylab.or
photosynthesis and g/terraclimate.
changes html)

Koppen-Geiger 1 km Biome delineation (https://www.gloh

classification 20.org/koppen/)

CESM2 1° x 1° Future LAI and changes (https://esgf-node.

LAIL llnl.gov/projects/c
mip6/)

CSM-2 MR 1.25° x Future LAI and changes (https://esgf-node.

LAIL 1.25° llnl.gov/projects/c
mip6/)

CNRM 1.40° x Future LAI and changes (https://esgf-node.

LAIL 1.40° llnl.gov/projects/c
mip6/

ACCESS 1.875° x Future LAI and changes (https://esgf-node.

LAIL 1.25° llnl.gov/projects/c
mip6/)

MPI-ESM 1.88° x Future LAI and changes (https://esgf-node.

LAIL 1.86° llnl.gov/projects/c
mip6/)

GFDL SM 1° x 1° Future SM and changes (https://esgf- node.
llnl.gov/proje
cts/cmip6/)

CNRM SM 0.5° x 0.5°  Future SM and changes (https://esgf-node.
llnl.gov/projects/c
mip6/)

HadGEM SM 1.875° x Future SM and changes (https://esgf-node.

1.25° llnl.gov/projects/c
mip6/)

CanESM SM 2.81° x Future SM and changes (https://esgf- node.

2.77° llnl.gov/proje

cts/cmip6/)

Vegetation Index (NDVI) and FPAR exhibit a linear relation, allowing for
more accurate computation of FPAR through the application of NDVI
(Sellers et al., 1996). We employ MODIS NDVI to calculate FPAR using
the Linear Scaling technique (as detailed in the Supplementary mate-
rial). We also employ the Enhanced Vegetation Index (EVI) from MODIS,
as a surrogate for photosynthesis as it accounts for the impact of canopy
background and atmospheric effects through the application of a
correction factor (Huete et al., 2002; Patel et al., 2024a). Also, EVI ex-
hibits greater sensitivity to alterations in canopy structure and does not
reach saturation in high biomass areas such as Amazon (Zeng et al.,
2023; Kashyap et al., 2023b). Additionally, we also consider Solar-
induced Fluorescence (SIF) as a photosynthetic proxy, which is widely
regarded as a highly effective indicator of photosynthesis and produc-
tivity (Shekhar et al., 2022). SIF is more closely associated with plant
physiological processes than traditional reflectance-based indices NDVI
and EVI (Li et al., 2018; Li and Xiao, 2019). The global Orbiting Carbon
Observatory (OCO-2) SIF (GOSIF v2) data are utilised for measuring
plant photosynthetic activity and terrestrial productivity (Li and Xiao,
2019; Kashyap et al., 2023b). The temporal framework of the study
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spans from 2000 to 2021, to keep the data quality intact and consistent
across the metrics, and the climatology and variability are centered
around it. However, for the long-term decadal change analysis, we have
restricted our study for the time period of 2000 to 2019 (Kashyap and
Kuttippurath, 2026). This is due to the anomalous vegetation response
due to COVID-19 in the years 2020 and 2021 that would eventually
corrupt the long-term data and analysis (Patel et al., 2024a; Kashyap
et al., 2023b; Su et al., 2021).

2.1.3. Soil moisture and aridity metrics

Moisture availability greatly impacts the health and functioning of
terrestrial ecosystems (Higgins et al., 2023; Liu et al., 2023b; Kashyap
and Kuttippurath, 2024a, 2024b, 2025a, 2025b). SM is the plant avail-
able moisture in the soil that is readily utilised for photosynthesis (Green
etal., 2019; Humphrey et al., 2021). Here, we employ the SM data from
the Global Land Data Assimilation System (GLDAS) that incorporates
both satellite and ground observations to generate depictions of land
surface conditions. This is accomplished through the utilisation of
advanced land surface modelling and data assimilation techniques (Liu
et al.,, 2019). We consider two aridity metrics, Climatic Water Deficit
(CWD) and VPD, derived from the TerraClimate data as they have better
spatial resolution (Abatzoglou et al., 2018). CWD quantifies the water
that would have been utilised by plants or evaporated from soil, and it
serves as a prevalent indicator of moisture stress (Huang et al., 2021).
Potential evapotranspiration (PET) refers to the adequate moisture in
optimal conditions for healthy crops that can be evaporated, whereas
actual evapotranspiration (AET) denotes the moisture available to plants
for evaporation, influenced by weather conditions, water availability,
and crop health (Otkin et al., 2013). CWD is measured as the hydro-
logical deficit between PET and AET, as demonstrated in Eq. (1):

CWD = PET — AET (@D)]

VPD is regarded as a metric for atmospheric aridity or atmospheric
moisture or evaporative demand, which is a crucial environmental
factor that influences ET, latent heat exchange, surface energy budget,
and vegetation water stress (Yuan et al., 2019; Grossiord et al., 2020).
VPD influences vegetation water stress, canopy photosynthesis, and
global carbon and climate feedbacks by regulating vegetation stomatal
opening (Fu et al., 2022; Yuan et al., 2025). VPD as the estimate of at-
mospheric moisture demand is calculated as the difference between
saturated (SVP) and actual ambient atmospheric vapour pressures (AVP)
at a given temperature (Grossiord et al.,, 2020; Liu et al., 2020), as
demonstrated in Eq. (2):

VPD = SVP — AVP 2)

2.1.4. Future projections

The future response of photosynthesis to moisture availability is
investigated through the Coupled Model Intercomparison Project Phase
6 (CMIP6) based future projection data of Leaf Area Index (LAI) and SM.
The LAI data from six CMIP6 models in CESM2, CSM-2 MR, CNRM,
ACCESS, MPI-ESM and Can-ESM are employed (Zhao et al., 2020) as
detailed in Table S1. The SM data from CMIP6 models in GFDL, CNRM,
CanESM and HadGEM are utilised. To ensure the consistency across LAI
and SM datasets we harmonise them by employing the ensemble of
multi-model mean of both datasets and ensuring the same spatio-
temporal resolution. Also, we have the analysis and comparison of LAI
and SM data across various land cover types and biomes for various time
periods. All future projection data are considered for the high emissions
scenario (Shared Socioeconomic Pathways, SSP585) as we want to
examine the changes during the most extreme climate context (Eyring
et al., 2016). Three time periods are selected for comparison: (a) his-
torical (P1, 2015-2019), (b) mid-century (P2, 2040-2050) and (c) end-
century (P3, 2090-2100).
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2.2. Methods

This study explores the response of terrestrial ecosystems in terms of
photosynthesis to the changing moisture availability and aridity. We
employ effective indicators of moisture stress in SM, CWD and VPD
(Kashyap and Kuttippurath, 2024a, 2025a) and recent high resolution
remote sensing data (FPAR, SIF and EVI) as plant photosynthesis proxies
with FPAR being the key proxy for simplicity and novelty with EVI and
SIF as supporting indicators. These are highly responsive indicators of
plant photosynthesis that rely on radiometrically and geometrically
corrected satellite data with high accuracy in interpreting biophysical
proxies (e.g. Leaf Area Index: LAI, Gross Primary Productivity: GPP, and
Net Primary Productivity: NPP) (Higgins et al., 2023). The response of
terrestrial ecosystems to change in moisture is very intricate and non-
linear (Kashyap et al., 2025a, 2025b). Droughts provoke varied
ecosystem responses shaped by their duration, distribution, trends,
severity, and intricate interactions. Additionally, it depends on the
biome, prevailing climate, topography, river basin, and regional carbon-
water coupling (Sharma and Goyal, 2018; Green, 2024). Henceforth, to
make robust conclusions we apply on a suite of statistical techniques
such as partial correlation, MLR, ML based RF, Granger Causality,
sensitivity analysis and Resilience method. The key methods are detailed
below.

2.2.1. Spatio-temporal variability

We compute the spatio-temporal patterns of SM, CWD, VPD and
FPAR for seasonal, interannual and decadal variability. The four seasons
considered are, winter (DJF: December, January and February), spring
(MAM: March, April and May), summer (JJA: June, July and August)
and autumn (SON: September, October and November). This reverses in
the southern hemisphere, wherein DJF is summer, MAM is autumn, JJA
is winter and SON is spring. We estimate the normalised regional
anomaly (NRA) in SM, CWD, VPD and FPAR for various land cover types
and biomes as per Eq. (3):

NRAI = (Im—Xm)/Xm 3

Here, I, = mean value for any region as land cover type or biome
sand X, = mean value for the global vegetated land.

Likewise, we also estimate the normalised seasonal anomaly (NSA)
in SM, CWD, VPD and FPAR for various land cover types and biomes as
per Eq. (4):

NSAI = (In—Xm)/Xm (4)

Here, I, = mean value for any season as DJF, MAM, JJA or SON and
Xm = mean value for the yearly average for the study period.

The change in different parameters during the period (2000-2019) is
quantified in terms of percentage as per Eq. (5):

XR *Xp
X

P

%Xg_p = x 100 5

Here, X is any variable, R is the mean of X in recent decade
(2010-2019) and P is the mean of X in the previous decade
(2000-2009).

2.2.2. Correlation and partial correlation

To understand the relation of photosynthesis (FPAR) with moisture
(SM, CWD and VPD) we employ Pearsons's correlation analysis. We also
employ partial correlation (PC) to investigate the link between two
variables limiting the influence of the third variable (covariate) using
Eq. (6):

Ty — Tz Tyz )

Tyz = | ——————
N )

Here,
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Iyy = correlation coefficient of between variable x and variable y.
I'yy., = first order partial correlation between variable x and y by the
elimination of covariate (z) from the other variables (x and y).

2.2.3. Change in coupling

To investigate the change in relation of moisture availability/de-
mand (SM, CWD and VPD) with global photosynthesis (FPAR), we
compute the change in coupling (correlation) between them among the
two decades converted to percentage values using Eq. (7):

Cr—GCp

P

%Cr_p = x 100 )]

Here, C is the coupling (correlation) between FPAR and moisture
availability/demand indicators in recent decade (2010-2019) and P is C
in the previous decade (2000-2009).

2.2.4. Causal relations

Correlation analysis generally suggests the relation between two
variables and does not imply causation. Therefore, to investigate the
existence of causal relationships among photosynthesis (FPAR) and
moisture availability/demand(SM, CWD and VPD), we employ Granger
Causality (GC) test. GC explores causal connection between two vari-
ables based on the concepts of “cause” and “effect”. A causal relationship
is said to be Granger if the ability to predict future responses of variable
Y improves by incorporating all pertinent information, excluding the
present value of variable X (Granger, 1969). To conduct a Granger
causality test, a bivariate model is established between the time series (X
and Y) that are stationary per Egs. (8) and (9):

n n

Yo=Y aYiit+ ) bXeite ®
i=1 i=1
n n

Xo=) cXeit+ ) dYei+6, ©)
i=1 i=1

where, X and Y are two stationary time series; a, b, ¢ and d are co-
efficients; and € and § are white noise. For X to Granger cause Y, b; # 0;
for feedback between X and Y, d; # 0.

The stationarity of the data is validated through the Augmented
Dickey-Fuller (ADF) test. The maximum allowable lag between photo-
synthesis (FPAR) and moisture availability/demand is assigned as 3
months and its statistical significance is considered at the 95% confi-
dence interval based on multiple iterations and previous studies for
similar bioclimatic regions (Krich et al., 2020; Winkler et al., 2021;
Kashyap et al., 2023a; Kashyap and Kuttippurath, 2024b, 2026). This
specific lag is chosen to preserve the causal effects of drivers on FPAR in
the same season, thereby reducing their seasonal influence (Winkler
et al., 2021; Kashyap and Kuttippurath, 2025b, 2026).

2.2.5. Relative contribution

Machine learning (ML) is a highly effective in managing multidi-
mensional data, making it invaluable for modelling systems with com-
plex nonlinear structures. A model known as Random Forest (RF)
integrates boosting and regression trees to generate multiple individual
tree models. We utilise the RF model in R Studio version 4.2.1,
employing the “randomForest” and “caret” packages to assess the rela-
tive influence of moisture availability/demand (SM, CWD, and VPD) on
photosynthesis (FPAR) (Kashyap and Kuttippurath, 2024a, 2024b,
2025a). The RF model generates a total of 500 decision trees, permitting
two variable splits in each tree. Seventy percent of the data is allocated
for training, and 30% is designated for testing. Each tree possesses its
own independent out-of-bag data sample that was excluded from the
initial construction. The significance of a variable quantifies the extent
to which its exclusion leads to a reduction in precision. The significance
of a variable quantifies the extent to which its exclusion leads to a
reduction in precision, as detailed in Supplementary material.
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Additionally, we also incorporate the multiple linear regression (MLR)
to complement the RF based contribution analysis as detailed in the
Supplementary material. The performance of ML models RF (Table S1)
and MLR (Table S2) is assessed and presented in Supplementary
material.

2.2.6. Sensitivity analysis
We compute the sensitivity of global photosynthesis (FPAR) to
moisture availability/demand (SM, CWD and VPD) as per Eq. (10):
AS

Sx = AX (10)

Here, Sx is the sensitivity of S to X, and S is FPAR and X is moisture
availability/demand (SM, CWD and VPD). The change in S (AS) and X
(AX) are the percentage change in recent decade (2010-2019) from the
previous decade (2000-2009). Furthermore, we have also normalised Sx
for better understanding and easier comparison.

2.2.7. Growth rate analysis

Growth Rate (GR) concept is extensively employed in economics and
finance to identify intermediate variations and overall cumulative
changes over time. This method is also extensively employed in assess-
ing the variability of atmospheric CO5 concentration (Keenan et al.,
2016). It is the difference in the value (X) in the current period (t) from
the previous period (t-1) based on the Eq. (11):

Xor = X — Xi 1 an

Here, XGR is the growth rate (GR) in X (photosynthesis: FPAR and
moisture availability/demand) among time periods t and t-1. We also
estimate the cumulative growth rate (CGR, Eq. (12)) and mean growth
rate (MGR, Eq. (13)) in FPAR and moisture availability/demand for
three time periods: (i) Study period (2000-2019); (ii) previous decade
(P, 2000-2009) and (iii) recent decade (R, 2010-2019).

CGR = ZXGR (12)

i=1

MGR = (iXGR> /Tl (13)
i1

Here, n is the number of years of the study.

To understand the change in the MGR and CGR, we also estimate the
change in them among the decades as converted to percentage values as
per Eq. (14):

CGR/MGRy — CGR/MGRy

1 1
CGR/MGRy x 100 a4

%CGR/MGRR,p =

2.2.8. Delineation of moisture stressed region

We delineate the moisture stressed regions as the areas where the
moisture demand i.e. both atmospheric (VPD) and land evaporative
(CWD) are increasing and concurrently, the moisture availability i.e.
readily plant available soil water (SM) is decreasing. The changes in SM,
VPD and CWD are estimated in recent decade (2010-2019) from the
previous decade (2000-2009). The regions that exhibit increase in VPD
and CWD, but a decline in SM is considered as “moisture stressed” region
in the study.

2.2.9. Resilience analysis

The response of terrestrial ecosystems to moisture stress is intricate
and contingent upon various factors, including season, drought in-
tensity, current soil water availability, topography, climate, legacy ef-
fects, and plant functional types (Zhang et al., 2017; Kashyap and
Kuttippurath, 2024a, 2025a). Here we employ Resilience method
wherein the core concept is the its ability to absorb and recover from
changes, which is a prevalent method for characterising ecosystem
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responses to climate disturbances (Holling, 1973; Sharma and Goyal,
2018). Here, we define resilience as the ability of an ecosystem to restore
its equilibrium state under moisture stress. Since, this analysis spans two
decades we cannot consider every event as it would be for a small period
and on a regional scale, we rely on the worst affected year. Moisture
stress exerts direct effects on ecosystems and can also induce delayed
consequences in subsequent seasons and years. The enduring impacts on
ecosystem structure and function following the cessation of moisture
stress are referred to as legacy effects or drought legacies. The transi-
tional period between peak and minimal carbon uptake seasons, known
as the shoulder seasons, may result in a reduction of carbon uptake by
ecosystems due to temperature variations, diminished sunlight, and al-
terations in vegetation dynamics (Zhang et al., 2017; Huang et al.,
2021). Consequently, we consider the driest year to represent a singular
drought event lasting one year. We assess the resilience of global
photosynthesis to SM drying, land evaporative (CWD) and atmospheric
(VPD) aridity. Initially, we identify the largest negative anomaly (SM)
and the largest positive anomaly (CWD and VPD). Subsequently, we
calculate the ratio (Ri) of the most adversely impacted year (Yx) to the
overall mean of the period (Ym). The non-dimensional quantity Ri is
referred to as the coefficient of resilience according to Eq. (15):

R == (15)

The Ri threshold of 0.8-0.9 is moderately resilient, while higher than
that is resilient and lower is non-resilient (Sharma and Goyal, 2018;
Kashyap and Kuttippurath, 2024a, 2025a).

We also perform the resilience analysis separately for the two de-
cades i.e. previous decade (P, 2000-2009) and recent decade (R,
2010-2019). The difference in the two resilience scores gives the change
in resilience, converted to percentage values as per Eq. (16).

Rip

Here, Ri is the resilience score of FPAR to SM drying/ high CWD/high
VPD in recent decade (2010-2019) and P is the resilience score in the
previous decade (2000-2009).

O/ORiR,p = 100 (16)

3. Results

3.1. Global moisture availability/demand and photosynthesis: variability
and relation

We employ three metrics of moisture in terms of readily plant
available soil water (SM), land evaporative aridity (CWD), atmospheric
aridity (VPD) and FPAR as photosynthetic proxy (Fig. 1a, b, ¢) and the
normalised regional anomaly (NRA) in them (Fig. 1d). Croplands (0.52)
and grasses (0.48) exhibit lower photosynthesis (FPAR) due to less SM,
larger CWD and VPD. Contrarily, forests show larger FPAR (0.69) due to
higher SM, lower CWD and smaller VPD. Tropical (0.7) and temperate
(0.64) biomes show higher photosynthesis despite higher VPD and CWD
due to high SM. Arid biome shows smaller FPAR (0.32) owing to very
large aridity and less SM. Seasonally, In MAM, FPAR is small (0.49)
despite higher SM and lower CWD due to large VPD. In SON, FPAR is
high (0.55) due to low VPD, even with higher CWD and low SM and the
normalised seasonal anomaly (NSA) results also exhibit the same
(Fig. S2). The years of higher photosynthesis (FPAR) such as 2006, 2010,
2016 have lower CWD and VPD, and higher SM. Conversely, the years of
higher CWD, FPAR and lower SM result in low FPAR such as in 2009,
2012 and 2015 (Fig. S3).

Next, we investigate the relation between photosynthesis (FPAR) and
moisture availability/demand (SM, VPD and CWD) based on correlation
analyses. SM has a variable relationship with photosynthesis (FPAR), for
which it has a positive impact in regions like southern North America,
northeastern South America, Africa, India and western China.
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Fig. 1. Spatial variability in (a) Soil Moisture (SM), (b) Climatic Water Deficit
(CWD), (c) Vapour Pressure Deficit (VPD) and (d) Fraction of Photosyntheti-
cally Active Radiation (FPAR), (e) Normalised Regional Anomaly (NRA) in SM,
CWD, VPD and FPAR for land covers [Croplands (CROP), Forests (FOR), other
natural vegetation (GRASS)] and biomes [Tropical (TROP), Temperate (T), Cold
(COLD), and Arid (ARID)] averaged for the period 2000-2021.

Contrarily, negative relation in northern latitudes of North America,
Europe and Eurasia (Fig. 2a). For biomes, SM has a strong positive
relation with FPAR in tropical (0.53) and arid (0.46), but relatively weak
connection in temperate (0.29) and negative (—0.51) in cold biomes
(Fig. 2d). CWD has a positive relationship with FPAR in northeastern
North America, Amazonia, Central Africa, Indonesia, western China and
central Australia. Conversely, it is negative in western North America,
northeastern South America, northeastern Africa, southern Africa, Eur-
asia, India and peripheries of Australia (Fig. 2b). The FPAR-CWD rela-
tionship is negative for all land cover types and biomes, which is
relatively stronger in arid (—0.31) and temperate (—0.27), but weaker in
tropical (—0.16) and cold (—0.14) biomes (Fig. 2d). VPD largely exhibits
a negative relationship with photosynthesis, except for some regions
such as northwestern North America, western boundaries of South
America, southern Europe, eastern Eurasia, western China, and central
Australia (Fig. 2c). FPAR-VPD relationship is negative for all land cover
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types and biomes, and is stronger in croplands (—0.31), arid (—0.38) and
tropical (—0.34) biomes) (Fig. 2d).

To get a vivid understanding of the relationship between FPAR and
moisture availability/demand (SM, VPD and CWD), we also employ the
partial correlation analyses. Since, SM-CWD and SM-VPD are generally
coupled, we employ partial correlation analyses to examine their intri-
cate relationship with photosynthesis (FPAR). The FPAR-CWD rela-
tionship neglecting/limiting the influence of SM (Fig. 2e), is negative in
northern latitudes of North America, Europe and Eurasia, central North
America, Europe, Eurasia, some regions in Amazonia, southeastern
South America, Central Africa, eastern Asia, eastern and southern India.
However, the regions northeastern and central South America, northern
and southern Africa and western China have a strong positive influence
of CWD on FPAR, limiting the role of SM. Among the land cover types,
all show a negative relation, which is relatively larger in forests (—0.3),
strong negative (—0.71) in cold and large positive in tropical (0.75)
biomes (Fig. 2h). Next, we investigate the FPAR-VPD relation limiting
the influence of SM (Fig. 2f), and is negative in northeastern and
northwestern North America, central and eastern Europe, western Eur-
asia eastern southeast Asia, eastern and southern India, northern and
central Africa, northeastern, central and southern South America. In
contrast, the relation is positive in northwestern and central North
America, western Europe, eastern Asia, western China, northern, central
east and southeastern Africa, eastern and western South America. All
land cover types and biomes exhibit negative relation, which is stronger
in cold biomes (—0.42), croplands (—0.34) and forests (—0.33) (Fig. 2h).
Then, we examine the FPAR-SM relationship limiting the influence of
VPD (Fig. 2g) and find a negative relation in northern latitudes in North
America, Europe, Eurasia, eastern China, tropical forests in Indonesia,
Amazonia, southeastern and southern South America. The relation is
positive in other vegetated regions, and is stronger in northeastern South
America, northern and southern Africa, and India. The relation is strong
negative in cold biome (—0.79), forests (—0.3) and strongly positive in
tropical (0.76), temperate (0.38) and arid (0.35) biomes (Fig. 2h).

3.2. Contribution and causal connection of photosynthesis with moisture
availability/demand

The relationship between moisture availability/demand and photo-
synthesis is explored. However, the relative controls of SM, CWD and
VPD on FPAR across land cover types and biomes are still not well
known. Therefore, we employ ML based RF model (Fig. 3a) to estimate
the same and find that VPD (39.76%) has a larger control on photo-
synthesis (FPAR) than SM (31.44%) and CWD (28.8%) in global vege-
tated lands. For land cover types, VPD has a greater influence on FPAR
than SM and CWD, which is larger in sparse canopies (e.g.: croplands
and grasses) than dense canopies (e.g.: forests). SM impacts FPAR more
than CWD in forests (SM: 36.47% and CWD: 26.37%) and croplands
(SM: 30.7% and CWD: 29.2%). For biomes, VPD has a greater control on
photosynthesis in cold (39.1%) and tropical (37%) biomes. In temperate
biome, SM (38.3%) has a stronger control on photosynthesis followed by
VPD (33%) and CWD (28.7%). Likewise, in arid biomes, SM (35.67%)
has a slightly greater control on photosynthesis than VPD (34.75%)
followed by CWD (29.58%). CWD has a greater influence on FPAR than
SM in grasses (CWD:32.16% and SM:28.63%) and cold (CWD: 34.1%,
SM:26.8%) biomes (Table S3). The results from MLR also affirms the
findings from RF model (Tables S4-S11). Both RF (Table S1) and MLR
(Table S2) performs well across various land cover types and biomes.

We have investigated the relationship and relative control of mois-
ture availability/demand (SM, CWD and VPD) over photosynthesis
(FPAR). However, the causal connections are unknown, and thus, we
employ Granger Causality with maximum allowable temporal lag be-
tween photosynthesis (FPAR) and moisture availability/demand as 3
months and significant at 95% confidence interval for the same
(Fig. 3b-i). We find, for global vegetated land, FPAR has a causal link
with VPD and CWD, but not with SM, and there is no feedback. SM has a
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Fig. 2. The correlation of (a) Soil Moisture (SM), (b) Climatic Water Deficit (CWD), (c) Vapour Pressure Deficit (VPD) with Fraction of Photosynthetically Active
Radiation (FPAR), (d) (a, b, ¢) for land covers [Croplands (CROP), Forests (FOR), other natural vegetation (GRASS)] and biomes [Tropical (TROP), Temperate (T),
Cold (COLD), and Arid (ARID)], (e) partial correlation of FPAR with CWD limiting the influence of SM, (f) FPAR with VPD limiting the influence of SM, (g) FPAR with
SM limiting the influence of VPD, (h) for various land cover types and biomes averaged for the period 2000-2021.

causal connection with both CWD and VPD (at no lag), and influence
global vegetation through the two. Interestingly, SM and VPD also have
causal feedbacks (Fig. 3b). For croplands, CWD, VPD and SM have causal
relations with FPAR, and SM has causal feedback (Fig. 3c). In forests,
except CWD, VPD and SM have causal connections with FPAR. VPD has
a feedback relation with FPAR. CWD has a causal relation with both VPD
and SM (at no lag), and influence FPAR through them (Fig. 3d). In
grasses, CWD and VPD have causal links with FPAR. However, SM does
not exhibit a direct causal connection with FPAR and affects it through
CWD and VPD, as it has a causal link with them (at no lag). SM-VPD also
have causal feedback relationships as well (Fig. 3e). For biomes, in
tropical, CWD, VPD and SM exhibit causal relationships with FPAR,
where both CWD and VPD have feedback relation (Fig. 3f). In temperate
biome, SM and VPD exhibit causal connections with FPAR, and VPD has
a feedback relation with FPAR. CWD does not have a direct causal link

with FPAR, but influences photosynthesis through SM and VPD as it has
causal relations with both (at no lag) (Fig. 3g). In cold biome, VPD has a
causal link with FPAR, and both CWD and SM impact photosynthesis
through VPD as they have causal connections with VPD (at no lag).
Additionally, FPAR-VPD exhibits a causal feedback relationship
(Fig. 3h). In arid biome, all CWD, VPD and SM have causal relationships
with FPAR. Also, both SM and CWD have a causal relationship with VPD,
and CWD has a causal link with SM (at no lag) (Fig. 3i).

3.3. Changes in the relationship between moisture availability/demand
and photosynthesis

After extensively investigating the relationship between moisture
availability/demand and photosynthesis, we examine the change in
relationship between the two across land cover types and biomes in
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Fig. 3. (a) The relative control of Soil Moisture (SM), Climatic Water Deficit (CWD), Vapour Pressure Deficit (VPD) on Fraction of Photosynthetically Active Ra-
diation (FPAR) variability across land cover types [net vegetated land (VEG), Croplands (CROP), Forests (FOR), other natural vegetation (GRASS)] and biomes
[Tropical (TROP), Temperate (T), Cold (COLD), and Arid (ARID)] based on Random Forest model and (b-i) Causal associations among photosynthesis (FPAR) and
moisture avilability/demand (SM, CWD and VPD) across land cover types and biomes averaged for the period 2000-2021 at lag of 0-3 months (red line: negative

impact; blue line: positive impact) and no lag (black line).

recent decade (2010-2019) from the previous decade (2000-2009)
(Fig. S4). The FPAR-SM coupling has intensified in northern and central
North America, northwest and southern South America, sub-Saharan
Africa, central and southern Africa, eastern and western Europe,
eastern Asia, India, and Australia. The FPAR-SM relationship has greatly
improved for croplands (20.9%), while it has declined for forests and
grasses. All biomes have experienced an increase in FPAR-SM coupling,
with the most substantial growth in temperate (3.3%) and arid (2.2%)
biomes. The FPAR-CWD coupling exhibits an increase in most regions,
but there is a decline in northern latitudes in North America, Europe,
Eurasia and regions in tropical biome. FPAR-CWD relationship has
strengthened in all land cover types, which is highest in grasses (11%),
followed by forests and croplands (around 7.2%). For biomes, the FPAR-
CWD coupling has strengthened for arid (6.9%) and temperate (3.1%),
but weakened for cold and tropical types. The FPAR-VPD coupling has
strengthened in most regions for vegetated land, strongest in the
northern latitudes of North America, Europe and Eurasia. FPAR-VPD
relationship has strengthened for grasses (7.1%) and croplands (4.2%)

and weakened for forests (—5%). The FPAR-VPD coupling has
strengthened in all biomes, which is highest in cold (38.8%), followed by
arid (5.1%), tropical (4.4%) and temperate (2.5%) biomes (Fig. S4).

3.4. Change in moisture availability/demand and photosynthesis

We investigate the relation of moisture availability/demand and
photosynthesis, but this carbon-water connection has been evolving
with time. Henceforth, we explore the change in moisture availability/
demand and response of photosynthesis to it in recent decade
(2010-2019) from the previous decade (2000-2009). The global vege-
tated land exhibits a substantial increase in the land evaporative aridity
(CWD) with higher increase (> 10%) in northeastern and northwestern
North America, eastern and western Europe, Eurasia, western China,
eastern south Asia, Indonesia, central and southwestern Africa, north-
western and northeastern South America (Fig. 4a). Interestingly, the
atmospheric aridity (VPD) has also enhanced in most vegetated regions,
which is predominant (>10%) in the regions of high increase in CWD
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Fig. 4. Change (%) in (a) Climatic Water Deficit (CWD), (b) Vapour Pressure
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(CROP), Forests (FOR), other natural vegetation (GRASS)] and biomes [Trop-
ical (TROP), Temperate (T), Cold (COLD), and Arid (ARID)].

(Fig. 4b). Concurrently, the global vegetated land exhibits a widespread
reduction in readily plant available soil water (SM) with a substantial (>
—10%) decline in northern and central North America, western Europe,
eastern and central Eurasia, eastern and southern India, northern and
western Australia, southern Africa and northeastern South America
(Fig. 4c). The regions of substantial increase in land evaporative (CWD)
and atmospheric aridity (VPD) greatly coincide with the SM drying in
vegetated lands. In the warming world, there is more demand than
availability of moisture for plants to utilise, and we call it as moisture
stress in the long-term context.

Next, we investigate the changes in photosynthesis and find decrease
in photosynthesis (hereafter referred to as browning) is severe (FPAR,
—5 to —20%) in northwestern North America, southeastern Europe and
western Eurasia and northeastern South America. Other regions such as
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central North America, central and southern South America, eastern and
southern Africa, western and northern Australia also exhibit browning.
It is evident that the vegetated regions that experience moisture stress
exhibit browning (Fig. 4d). However, the global vegetated land largely
exhibits increase in photosynthesis (greening). Greening is predominant
(+FPAR, 10-20%) in northwest India and northeastern China. Other
regions such as northern and southern North America, northern and
western Europe, eastern Asia, India, China, southeastern Australia, sub-
Sahara and some areas in South America show greening. Interestingly,
most of these regions show either decline in land evaporative (CWD) or
atmospheric (VPD) aridity and improved SM (Fig. 4a-d). Additionally,
we also employ the SIF and EVI data to examine the change in global
photosynthesis and complement the FPAR analysis. We find that the
changes are homogeneous across the photosynthetic proxies. The
greening is predominant in sparse canopy like croplands (1.8% FPAR,
7.3% SIF, and 4.6% EVI), and arid (1.6% FPAR, 5.7% SIF, and 2.4% EVI)
and temperate (2% FPAR, 5% SIF, and 3.5% EVI) biomes than dense
canopy like forests (0.68% FPAR, 3.2% SIF, and 2.3% EVI), tropical
(0.6% FPAR, 2.9% SIF, and 1.5% EVI) and cold (0.25% FPAR, 5% SIF,
and 3.8% EVI) biomes (Fig. S5). CWD is enhanced for all land cover
types and biomes, and is dominant in dense canopy like forests
(25.61%), and tropical (29.6%) and cold (16.36%) biomes. VPD is also
increased for all land cover types and biomes, which is high in dense
canopy like forests (4.16%), cold (5.63%) and tropical (3.84%) biomes.
SM exhibits a decline in all land cover types and biomes with a marked
decline in tropical (—2.9%) biome (Fig. 4e). Across the seasons, the land
evaporative (CWD) and atmospheric (VPD) aridity are increased, but SM
is decreased. Moisture stress peaks in JJA (CWD: +5.15%, VPD:
+4.12%, SM: —3.04%) and DJF (CWD: +3.2%, VPD: +3.85%, SM:
—2.14%) (Fig. S6).

3.5. Growth rate in moisture availability/demand and photosynthesis

We next investigate the cumulative growth rate (CGR) in moisture
availability/demand (CWD, VPD and SM) and photosynthesis (FPAR) to
get insights of their change in recent decades (Fig. 5). Both CWD
(15.14%), VPD (11.85%) and global photosynthesis (FPAR) exhibit a
positive (1.16%), and SM show a negative (—0.11%) growth rate for
global vegetated land in 2000-2019. Both CWD and VPD exhibit a high
positive growth in dense canopies as forests (CWD: 36.35%; VPD:
19.1%), and tropical (CWD: 26.69%; VPD:13.8%) and cold (CWD:
23.69%; VPD: 19.2%) biomes. Simultaneously, SM shows a high nega-
tive growth in grasses (—6.67%), and tropical (—7%) and temperate
(—4.14%) biomes. Concurrently, global photosynthesis (FPAR) exhibits
a high growth in sparse canopies like croplands (6.38%), and cold
(6.45%) and temperate (5% CGR) biomes (Fig. 5c). Seasonally, VPD
shows higher growth in SON (14.23%) and DJF (12%) than in MAM and
JJA. SM has a high negative growth in JJA (—6.36%), MAM (—5.51%)
and SON (—4.81%). Global photosynthesis (FPAR) exhibits a growth
rate higher in DJF (5.84%) and SON (3.76%), lower in JJA (0.27%) in
the same period. The high positive growth in moisture demand (CWD
and VPD) and negative growth in moisture availability (SM) result in
smaller positive growth in photosynthesis (Fig. 5a).

We now examine the change in CGR for moisture availability/de-
mand and photosynthesis in recent decade (2010—2019) from the pre-
vious (2000—2009). The global vegetated land experiences substantial
increase in CWD (9.85%) and VPD (5%), but a small increase in SM
(2.6%) and a decline in photosynthesis (—2.8%, FPAR). Aridity (CWD
and VPD) is enhanced in dense canopies like forests (VPD: 10.72%,
CWD: 3%), tropical (CWD: 15.76%; VPD: 8.68%) and cold (CWD:
10.54%, VPD: 9.93%) biomes. SM shows an increase in CGR for crop-
lands (7.78%) and forests (5.32%), and a decline in temperate (—5.45%)
and tropical (—2.27%) biomes. In response, sparse canopies such as
croplands (1.7%), and arid (1.6%) and temperate (1.4%) biomes exhibit
intensified greening. Contrarily, grasses (—4.1%), and tropical (—1.8%)
and cold (—0.2%) biomes show a slowdown/reversal in greening
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Fig. 5. (a) Cumulative Growth Rate (CGR, %) of Fraction of Photosynthetically Active Radiation (FPAR), Climatic Water Deficit (CWD), Vapour Pressure Deficit
(VPD) and Soil Moisture (SM) for various seasons [(DJF: December, January and February), (MAM: March, April and May), (JJA: June, July and August), (SON:
September, October and November)] during 2000-2019. (b) Change (%) in CGR for (a) during recent decade (2010-2019) from the previous decade (2000-2009).
(c) CGR in FPAR, CWD, VPD and SM for land covers [net vegetated land (VEG), Croplands (CROP), Forests (FOR), other natural vegetation (GRASS)] and biomes
[Tropical (TROP), Temperate (T), Cold (COLD), and Arid (ARID)] during 2000-2019. (d) Change (%) in CGR for (c) during recent decade (2010-2019) from the

previous decade (2000-2009).

(Fig. 5d). Among the seasons, greening is enhanced in JJA (4.47%), DJF
(0.23%) as these are the periods of small increase in aridity (JJA: CWD,
0.63%; VPD: 2.32%) or increase in SM (DJF: 2.45%). Conversely,
slowdown/reversal of greening is observed in SON (—4.53%) and MAM
(—0.57%) as these are the seasons (SON: VPD, 8.54%; SM: -1.13%),
(MAM: VPD, 5%; CWD: 2%; SM, —4.84%) of increase in aridity and
decline in SM (Fig. 5b).

3.6. Sensitivity of photosynthesis to moisture availability/demand

Sensitivity analysis highlights the change in global photosynthesis
corresponding to the change in moisture, whether this change (FPAR
and moisture availability/demand) is in the same (positive) and oppo-
site direction (negative) across the land cover types and biomes (Fig. S7)
and the uncertainties (Table S13). For land evaporative aridity (CWD),
photosynthesis (FPAR) has a mixed response of positive and negative
sensitivities for various regions. Global vegetated land exhibits a posi-
tive sensitivity of FPAR to CWD, which is higher in croplands (0.48), and
arid (0.84) and temperate (0.35) biomes (Fig. S7 and Table S13). FPAR
has a negative sensitivity to CWD in central and western North America,
eastern and western Eurasia, eastern Asia, India, eastern and western
Australia, northern and southern Africa, northeastern, and southern
South America. Global vegetated land exhibits a positive sensitivity
(0.19) of FPAR to VPD and is higher in croplands (0.49), and temperate
(1.1) and arid (0.42) biomes. For VPD, FPAR has a positive sensitivity in
northern, eastern and southern North America, western Europe, south-
ern India, Indonesia, eastern Australia, northern and central Africa and
southwestern South America as there are increases in both VPD and
FPAR. However, FPAR has a negative sensitivity to VPD in northern and
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central North America, northeastern, southern South America, southern
Africa, and southern and eastern Eurasia because there is browning due
to enhanced VPD. Regions such as eastern China, India and western
Australia also exhibit a negative sensitivity of FPAR to VPD due to
greening induced by reduced VPD. Global vegetated land demonstrates
a negative sensitivity (—0.39) of FPAR to SM, which is consistently
negative across all biomes and land cover types. The sensitivity is greater
in croplands (—1.35) compared to forests (—0.33) and grasses (—0.31).
Temperate (—1.3) and arid (—0.65) biomes demonstrate greater sensi-
tivity compared to tropical (—0.21) and cold (—0.13) biomes (Fig. S7,
Table S13). FPAR has a positive sensitivity to SM in central South
America, sub-Saharan Africa, northwest India, and eastern China, where
moisture-induced greening is evident. Central North America, north-
eastern South America, southern Africa, western Eurasia, and western
Australia show a positive sensitivity as SM drying-induced browning
dominates in these regions. Eastern and southern India, eastern Asia,
and Indonesia exhibit negative sensitivity owing to greening despite SM-
drying.

3.7. Resilience of photosynthesis to moisture stress

Here, we investigate the resilience of global photosynthesis (FPAR)
to moisture stress. FPAR is non-resilient to land evaporative aridity
(CWD) in northern and northeastern North America, northwestern
Amazonia, northern Eurasia, northwest India, west central and south-
eastern Africa and Indonesia (Fig. 6a). The regions northeast and central
South America, western and central Europe, central and southern Africa,
Australia, Indonesia, western China, and northeastern Eurasia exhibit
non-resilience of photosynthesis (FPAR) to atmospheric aridity (VPD)
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Fig. 6. Resilience index (Ri) of Global Photosynthesis (Fraction of Photosyn-
thetically Active Radiation (FPAR) to (a) Climatic Water Deficit (CWD), (b)
Vapour Pressure Deficit (VPD), (c) Soil Moisture (SM) and (d) (a, b, c) for land
covers [net vegetated land (VEG), Croplands (CROP), Forests (FOR), other
natural vegetation (GRASS)] and biomes [Tropical (TROP), Temperate (T), Cold
(COLD), Arid (ARID)] averaged for the period 2000-2019.

(Fig. 6b). The regions of northeastern and western North America,
northern and central South America, central Africa, northeastern Asia
and northeastern Europe show non-resilience of FPAR to SM drying
(Fig. 6¢). Furthermore, we also estimated the normalised regional
anomaly in resilience score (NRRA) for various land cover types and
biomes (Fig. 6d). We find that photosynthesis (FPAR) has weaker
resilience to VPD and CWD than SM across the land cover types and
biomes, except for grasses. In grasses, FPAR has high resilience to VPD
(0.78%) and CWD (0.4%), but weak resilience to SM (—0.78%). FPAR in
croplands exhibits weak resilience against VPD (—4.6%) and CWD
(—4.1%). In arid biome, FPAR has weak resilience against all, predom-
inantly to CWD (—7.8%). In tropical biome, FPAR exhibits higher
resilience to against all, primarily to VPD (2.47%). In temperate biome,
FPAR has weak resilience to VPD (—3.1%), but high resilience to CWD
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(3.57%) (Fig. 6d).

Next, we examine the change in the resilience of global photosyn-
thesis to moisture stress in recent decade (2010-2019) from the previous
decade (2000-2009). We find that the FPAR resilience to CWD has
declined in northeastern and central North America, northwest South
America, central west Africa, Indonesia, Indo-Gangetic Plain, western
Eurasia and northeastern Europe in recent decade from the previous. In
contrast, FPAR resilience to CWD has increased in most other regions
predominantly in Europe, eastern China, eastern Asia and Australia in
the same period (Fig. 7a). Overall, the FPAR resilience to CWD has
increased by 6.68%. Among the land cover types, croplands (10.9%) and
grasses (10%) exhibit enhanced resilience, but forests (—10.45%) show a
reduced resilience. All biomes show a gain in resilience, which is highest
for temperate (11.5%), followed by cold (7.1%) and arid (4.9%) types,
except the tropical (—0.64%) (Fig. 7d). The FPAR resilience to VPD has
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Fig. 7. Change (%) in Resilience index (Ri) of Global Photosynthesis (Fraction
of Photosynthetically Active Radiation (FPAR) to (a) Climatic Water Deficit
(CWD), (b) Vapour Pressure Deficit (VPD), (c) Soil Moisture (SM) and (d) (a, b,
¢) for land covers [net vegetated land (VEG), Croplands (CROP), Forests (FOR),
other natural vegetation (GRASS)] and biomes [Tropical (TROP), Temperate
(T), Cold (COLD), and Arid (ARID)] during recent decade (2010-2019) from
previous decade (2000-2009).
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declined in northeastern and central Northern America, eastern Europe,
western Eurasia, eastern China and northern India. In contrast, most
other regions, mainly in western Europe, eastern Eurasia, Indonesia,
Australia, central and southwestern Africa and northeastern, central and
southern South America show a gain in resilience of FPAR to VPD.
Overall, the FPAR resilience to VPD has increased by 4.1% (Fig. 7b). For
land cover types, grasses (4.64%) show the largest gain in resilience
followed by forests (3.25%). For biomes, tropical (7.1%) and arid (4.6%)
types exhibit the largest gain in resilience followed by the temperate
(1.9%) and cold (1.7%) (Fig. 7d). The FPAR resilience to SM is weakened
in northern, west central and southern North America, western and
northern Europe, northern Eurasia, northwestern and southern India,
Australia, southern Africa, and northern and central South America.
However, northeastern North America, eastern Europe, western Eurasia,
Central Africa and South America show a gain in resilience of FPAR to
SM drying (Fig. 7c). Overall, the resilience of FPAR to SM has declined
by 0.5%. It has increased in croplands (1.53%) and forests (0.15%), but
reduced in grasses (—0.68%). For biomes, there is a gain in resilience of
FPAR to SM in temperate (0.78%) and cold (0.56%) biomes, but loss of
resilience in arid (—1.2%) and tropical (—0.95%) types in recent decade
(Fig. 7d).

4. Discussion

Terrestrial carbon uptake has become increasingly constrained by
SM drying and it adversely affects global greening (Green et al., 2019;
Humphrey et al., 2021; Feng et al., 2021). Concurrently, the global VPD
has escalated more rapidly than temperature and carbon dioxide con-
centration (CO3), which is detrimental to photosynthesis (Yuan et al.,
2019; Song et al., 2024). The global moisture stress is substantial with
enhanced VPD and SM drying that limits photosynthesis (Fu et al., 2022;
Liu et al., 2024). Moisture-induced greening of sparse canopies like
drylands (Patel et al., 2024b; Kashyap et al., 2025b) and croplands due
to improved land management and agricultural intensification is re-
ported (Chen et al., 2019; Kuttippurath and Kashyap, 2023). The global
browning may have been underestimated or obscured by the extensive
greening, particularly in dense canopies (Pan et al., 2018; Qiu et al.,
2022; Kashyap and Kuttippurath, 2026). Studies suggest dryness-
induced browning in tropical (Feng et al., 2021; Tao et al., 2022) and
Arctic (Myers-Smith et al., 2020) regions. Drying-induced browning has
intensified after the year 2000 with sustained browning in 35.9% of the
global vegetated area with greening levelled off in the last decade (Feng
et al., 2021). Therefore, despite current reports on global greening, the
increase in browning and rising dryness stress call for a thorough
investigation (Liu et al., 2023c; Green, 2024; Kashyap et al., 2025a).

4.1. Growing control of moisture stress on photosynthesis

Therefore, we hereby thoroughly examine the relationship between
global photosynthesis and moisture stress across land cover types, bi-
omes and seasons. We find, land evaporative aridity (CWD) and atmo-
spheric aridity (VPD) have negative influence on photosynthesis, which
are stronger in croplands, and in arid, temperate (CWD) and tropical
(VPD) biomes. Concurrently, readily plant available water (SM) has a
strong positive relationship with photosynthesis in tropical and arid
biomes. Interestingly, SM has a negative influence on photosynthesis in
cold biomes, and both CWD and VPD have a weak negative control
there. The water surplus and waterlogging decrease stomatal conduc-
tance and photosynthesis (Jiao et al., 2021; Liu et al., 2024). In addition,
temperature and solar radiation have stronger control on photosynthesis
in cold biome (Nemani et al., 2003; Liu et al., 2020). We find that the
FPAR-VPD relationship limiting the role of SM, VPD still has a negative
impact on photosynthesis, and is stronger in croplands, forests and cold
biome. The FPAR-SM relationship limiting the effect of VPD, is strong in
tropical and temperate, but strong negative in cold biomes. SM-VPD link
exhibits a strong coupling in mid-latitude regions of southeast Asia,
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India, sub-Sahara and central South America. Both SM and VPD dryness
limit photosynthesis regardless of one another. However, VPD limitation
on photosynthesis is largely a result of SM-VPD coupling, dominant in
mid-latitudes (Liu et al., 2020; Green, 2024). Broadly, SM (in water-
limited) and VPD (in energy-limited) regions controls photosynthesis
(Liu et al., 2025b).

The FPAR-VPD relationship has improved in all biomes, which is
strongest in cold biome and grasses. Likewise, the FPAR-CWD relation-
ship has enhanced for grasses, forests, and arid and temperate biomes.
Concurrently, FPAR-SM coupling has strengthened substantially for
croplands and biomes, which is predominant in temperate and arid bi-
omes in recent decade (2010-2019) from the previous decade
(2000-2009). Granger Causality reveals causal feedback of photosyn-
thesis with VPD in forests, and tropical, temperate, and cold biomes, but
no direct relation with SM (grasses and cold) and CWD (forests, and
temperate, and cold biomes). In grasses, SM has a direct causal link with
both CWD and VPD that influence FPAR. In cold biome, SM has a causal
connection with CWD and feedback with VPD, and CWD has a causal
relation with VPD that directly controls photosynthesis. Likewise, in
forests and temperate biomes, CWD influences FPAR through VPD. It has
been reported that VPD has a strong association with temperature, and
has a strong control on photosynthesis in cold biomes (Yuan et al., 2019;
Fuetal., 2022). ML based RF model suggests VPD has a greater influence
on photosynthesis than CWD and SM for all land cover types and biomes;
except temperate biome where SM is the dominant driver. There is a
feedback in temperate regions, where greening declines SM as it co-
incides with warming and increased VPD, and enhanced land-
atmosphere coupling that leads to higher ET and depletion of SM
there (Liu et al., 2025a).

4.2. Rising moisture stress limits increase in photosynthesis

The influence of VPD on photosynthesis in conjunction with other
climatic factors may be greater than previously recognised (Grossiord
et al., 2020; Fu et al., 2022). Often a strong SM-VPD coupling is mis-
interpreted to diminish the control of VPD on global photosynthesis (Liu
et al., 2020; Lu et al., 2022). VPD limitations restrict plant growth prior
to the onset of SM limitations and contribute to tree mortality, ulti-
mately resulting in vegetation browning, and the reversal from greening
to browning (Yuan et al., 2019, 2025; Bauman et al., 2022). We find, the
global vegetated land exhibits a substantial rise in land evaporative
(CWD, 16.7%), atmospheric (VPD, 4.3%) aridity, and a subsequent
decline in plant available soil water (SM, —2.2%) in recent decade. CWD
has enhanced in all land cover types and biomes, and is predominant in
natural vegetation like forests, grasses, biomes like tropical and cold.
Likewise, VPD also exhibits a rise across land cover types and biomes,
substantial in grasses, forests, and cold and tropical biomes. Also, SM
dying is prevalent in all land cover types and biomes, which is large in
tropical biome and grasses. Seasonally, the largest increase in CWD, VPD
and decline in SM are found in JJA. During the period, global photo-
synthesis has enhanced across the land cover types, and is dominant in
sparse canopy like temperate, arid biomes and croplands.

The results from growth rate analysis also reveal “Greening Earth”
with positive CGR (1.16%) and its rate is higher for croplands (6.4%
CGR), and cold (6.5% CGR) and temperate (5.1% CGR) biomes. The
rising moisture stress on global vegetated land is attested by high posi-
tive CGR in CWD (15.1%), VPD (11.9%) and negative CGR in SM
(—0.11%). Both CWD (36.3%) and VPD (19.1%) exhibit large CGR for
forests. Furthermore, the global vegetated land exhibits a substantial
rise in CGR of CWD (9.85%) and VPD (5%), and there is a reduction in
CGR of photosynthesis (FPAR, —2.8%) in recent decades (2010-2019)
from the previous (2000-2009). During this period, tropical (—1.8%
CGR) and cold (—0.2% CGR) biomes exhibit the largest slowdown/
reversal of greening as they also experience large increase in CGR for
CWD (tropical: 15.8%, cold: 10.54%) and VPD (tropical: 8.7%, cold:
9.9%). Croplands (1.7% CGR) and forests (0.4% CGR) exhibit enhanced
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greening, but a decline for grasses (—4.1% CGR) due to large reduction
in SM (—5.1% CGR), and substantial increase in both CWD (8.9% CGR)
and VPD (5% CGR). This is consistent with the findings of Winkler et al.
(2021) and Feng et al. (2021), who report slowdown/reversal of global
greening due to dryness. The grasses face high moisture stress-induced
decline in photosynthesis during recent decade, which can adversely
impact the vegetation health and functioning, alter the land-atmosphere
feedbacks, and threaten the biodiversity in these vulnerable ecosystems.

4.3. Response of photosynthesis to rising dryness

In the future scenario, we find until the end of the century (P3,
2090-2100), from the historical (P1, 2015-2019), SM for the global
vegetated land is declined (—0.26%). The future SM drying is stronger in
dense canopies of tropical biome (—1.2%), forests (—0.4%) and crop-
lands (—0.35%). Contrarily, sparse canopies of grasses (—0.25%), and
cold (—0.2%) and arid (0.4%) biomes show increase or small reduction
in SM. SM drying is prominent (< —2.5%) in northern latitudes of North
America, Europe and Eurasia, southeast Asia, Indonesia, Australia,
northern and central Africa, northern and northeastern South America
(Fig. S8). Concurrently, global photosynthesis is enhanced, primarily in
sparse canopies of cold (45.9%) and arid (31.6%) biomes. Interestingly,
browning is exhibited in dense canopies such as Amazonia, Indonesia
and western Africa. Further, we split the periods and examine the
changes during the mid-century (P2, 2040-2050) from historical period
(P1) and find widespread greening, but browning is projected in
northeast Amazonia, India and Australia. Also, for the change in the end-
century (P3) from mid-century (P2), greening is predominant, but
browning is projected in Amazonia, eastern South America and most of
Africa (Fig. S9). It coincides with the regions that show SM drying during
the same period. In terms of changes between the mid-end century (F2)
and historical-mid-century (F1), SM drying (—0.31%) is stronger in
dense canopies like tropical biome (—1.4%) and forests (—0.6%).
However, the sparse canopies croplands (—0.1%), grasses (—0.24%),
and arid (0.05%) temperate (0.21%) and cold (0.24%) biomes show a
small decline or enhanced SM (Fig. S9). It suggests that the moisture
availability would play a crucial role in global photosynthesis and sus-
tained carbon sinks in a drier world (Zhao et al., 2020; Wu et al., 2022;
Liu et al., 2025a).

We estimate the resilience of vegetation in terms of their photosyn-
thetic ability to moisture stress (Kashyap and Kuttippurath, 2024a,
2025a). This is highly essential to limit current and future global effects
of climate change (Smith and Boers, 2023). We find that photosynthesis
has a low resilience to VPD stress (croplands, forests, and temperate,
cold and arid biomes), CWD stress (croplands, forests and arid biome)
and SM stress (grasses and arid biome) in various land cover types and
biomes. Generally, higher water availability regions exhibit greater
resilience, but lower resilience in grass-dominated ecosystems and re-
gions with high moisture variability (Smith and Boers, 2023). Interest-
ingly, there is a gain in resilience of photosynthesis to CWD stress (6.7%)
and VPD stress (4.1%), but loss in resilience to SM stress (—0.5%). This
loss in resilience of FPAR to SM stress is predominant in grasses
(—0.7%), arid (—1.2%) and tropical (—0.9%) biomes. Forests (—10.5%)
and tropical (—0.6%) biomes exhibit loss in resilience of photosynthesis
to CWD stress. We find the vegetation in regions such as northern lati-
tudes of North America, eastern Europe, western Eurasia, western
Australia, eastern Africa, northeastern South America that are moisture
stressed, non-resilient and exhibit decline in resilience results in
browning (Fig. 8). The decline in resilience can lead to potential
desertification of grasslands and shrublands that may initiate a series of
destabilising feedback loops. For instance, diminished vegetation resil-
ience to moisture stress could weaken terrestrial carbon sinks, alter
rainfall patterns, change land-atmosphere coupling, decline water stor-
age capacity, and expedite the greenhouse gas emissions due to changes
in land covers (Shukla et al., 2019; Smith and Boers, 2023; Kashyap and
Kuttippurath, 2025a).
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Fig. 8. The concept figure summarising the findings as the vegetation moisture
availability (moisture stressed/non-stressed), resilience of vegetation to mois-
ture stress (resilient/non-resilient), change in resilience of vegetation to mois-
ture stress (gain/decline) and the corresponding response of vegetation in terms
of change in photosynthesis (increase: greening/decrease: browning) during
recent decade (2010-2019) from previous decade (2000-2009).

4.4. Constraints and recommendations

The existing remote sensing measurements are subject to constraints
such as background noises, sensor degradation, calibration issues,
retrieval problems, sensor saturation and sensitivity loss in very dense
vegetation. This calls for improvement of existing remote sensing mea-
surements with ground validation. Also, the tropics and mid-latitude of
higher photosynthesis are largely data scare in terms of in-situ mea-
surements. Henceforth, there is a need of expansion of the current
ground-based observational networks to capture changing carbon-water
cycle across the latitudes. It is of paramount significance to elucidate the
future impacts of growing moisture stress control on global photosyn-
thesis for effective climate risk management (Liu et al., 2024). Also, the
CMIP6 model projections overestimate the future greening as they fail to
efficiently account for SM limitations on photosynthesis (Feng et al.,
2021; Wu et al., 2022). Additionally, these climate models underesti-
mate the impacts of VPD stress and compound SM-VPD stress on
terrestrial ecosystems, primarily due to the strong SM-VPD coupling,
sustained by land-atmosphere feedbacks (Lu et al., 2022; Song et al.,
2024; Liu et al., 2025b). Furthermore, these models underestimate the
sensitivity of vegetation carbon uptake to extreme climate events caused
by El Nino Southern Oscillation (ENSO) and stresses arising from plant
hydraulics and low atmospheric humidity in a potentially drier and
warmer planet (Wigneron et al., 2020; Feng et al., 2021).
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The uncertainties in the data employed in the study will be inherited
in the findings. The statistical and machine learning techniques utilised
in the study are also constrained by specific limitations. The first-order
linear sensitivity analysis is constrained by saturation and threshold
behaviour. Granger Causality is effective for extended stationary time
series and identifies linear causal relationships. In this context,
nonlinear causality inference methods, such as Peter and Clarke's
Momentary Conditional Independence (PCMCI) and Convergent Cross
Mapping (CCM), may provide additional insights into causal relation-
ships. Nonetheless, these causal frameworks methodologies can yield
spurious relations that lack mechanistic plausibility. Machine learning-
based methodologies are predominantly data-driven and necessitate
substantial data volumes to produce reliable outcomes. Employing
process-based terrestrial biosphere models would add to the robustness
of the findings. However, their complex attribution methodologies and
low-resolution outputs make them highly improbable due to large un-
certainties (Ryu et al., 2019; Winkler et al., 2021). Simultaneously,
employing geostationary satellites (Xiao et al., 2021) and global navi-
gation satellites systems (GNSS) signals (Yao et al., 2024) enable
continuous and frequent monitoring of vegetation stress from space.
There is a need for more studies on global scale vegetation-water re-
lationships (Feldman et al., 2024), moisture stress thresholds (Fu et al.,
2024) and impact on vegetation (Liu et al., 2025b), and role of vege-
tation in mediating land-atmosphere feedbacks (Miralles et al., 2025).
Additionally, the future studies should focus on microwave remote
sensing signals (Wigneron et al., 2024) and in-situ measurements (Xiao
et al., 2025). The proliferation of environmental observational networks
focused on understanding of plant responses to moisture stress across
various spatial scales, coupled with advancements in remote sensing,
presents promising avenues. The integration of novel methodologies
such as machine learning, enhanced models of stomatal conductance,
and innovative vegetation schemes in Earth System Models (ESMs) can
reduce uncertainties in the carbon-water cycle estimates for a drier and
warmer world.

5. Conclusions

In recent decades, global warming drives higher land evaporative
(CWD) and atmospheric aridity (VPD) that dry up the readily plant
available soil water (SM). Concurrently, “Greening Earth” continues to
be one of the major signatures of changing climate. However, there are
reports of browning in dense canopies overshadowed by greening of
sparse canopies in recent decades. We comprehensively investigate the
response of global photosynthesis to moisture stress across different land
cover types, biomes and seasons. We find that the control of SM and VPD
on photosynthesis (FPAR) has enhanced for all biomes. CWD has also
strengthened relationship with FPAR in arid and temperate biomes.
Among land cover types, SM (croplands), VPD (grasses), and CWD
(grasses and forests) exhibit enhancement in the influence on photo-
synthesis. RF model reveals that VPD has a stronger control on photo-
synthesis than SM and CWD across the land cover types and biomes,
except temperate and arid regions where SM has the key control.
Granger Causality suggests that VPD has a direct causal connection with
FPAR in all biomes and land cover types. CWD and SM influence
photosynthesis though VPD where they do not have a direct causal
relationship with FPAR. The global vegetated land experiences a sub-
stantial increase in land evaporative and atmospheric aridity and SM
drying in recent decade from the previous. Concurrently, global
greening continues with higher rate in croplands, arid and temperate
biomes. However, there is a slowdown/reversal of global greening in
recent decade, which is predominant in grasses, tropical and cold bi-
omes due to growing moisture stress. The regions with rising moisture
stress that exhibits greening have gained resilience against dryness in
recent decade. Contrarily, the regions that show moisture stress-induced
browning exhibit a decline in resilience to dryness. The decline in
resilience to dryness can lead to potential desertification of grasslands
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and shrublands, decline water storage capacities, alter rainfall patterns
and expedite greenhouse gas emissions. In future, global greening is
projected to continue majorly in sparse canopies. However, dense can-
opies would exhibit a slowdown/reversal in greening due to rising
moisture stress. This calls for effective ecosystem planning, climate risk
management, employ climate resilient agricultural practices, improve
agronomic management to achieve food security. Additionally, there is a
need for policies on judicial land management, effective forest conser-
vation and restoration to enhance the resilience of vulnerable ecosys-
tems to rising moisture stress to attain sustainability and food security in
a warmer and drier planet in the context of climate change.
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