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ARTICLE INFO ABSTRACT

Handling Editor: J Peng There are substantial changes in global green cover owing to anthropogenic activities and climate change. Here,

we estimate the long-term changes in India’s green cover, and its contribution from croplands and forests using

Keywords: satellite-based Normalised Difference Vegetation Index (NDVI) and Leaf Area Index (LAI) for the period of
Greening 2000-2019. The change in Solar Induced Fluorescence (SiF) is also estimated to understand the variability in the
;:::E:Snds photosynthetic activity and productivity. The increase in NDVI (10%), LAI (11%) and SiF (13%) suggests that
Agriculture India has been greening in the past two decades, which added 996640 km? of new leaf area during the period.
Irrigation The net vegetated land in India is substantially greening (62.5% area) and marginally browning (14% area).

LULC Interestingly, the magnitude of greening in croplands is twice the forests, and is predominant in Zaid (70% area)
agricultural season. Therefore, the croplands drive (86.5% contribution) greening of India in the past two de-
cades. The enhanced greening of croplands can be attributed to improved irrigation facilities, as demonstrated by
the larger Net Irrigated Area (NIA) and Irrigated Sown Area (ISA). In addition, the effective cropland manage-
ment, farm mechanisation and use of nitrogen fertilisers are also key to this cropland-based greening in India.

1. Introduction

The changes in the spatio-temporal patterns of temperature, rainfall,
land use land cover (LULC) and biodiversity adversely affect the global
forests and agriculture. Currently, the critical issues in food security are
the land degradation and climate change (Watson et al., 2013; Meybeck
etal., 2018; IPCC, 2019). Forests and agriculture account for nearly 80%
of the geographical area of India, about 24.56% of which is forest and
the remaining 55% is agriculture land (ISFR, 2019). Land use manage-
ment is one of the important ways to increase the terrestrial vegetation
and its productivity (Chen et al., 2019).

Satellite remote sensing offers a unique platform for earth observa-
tion across the domains and time periods (Kashyap et al., 2022; Roy
et al., 2014; Sheffield et al., 2014). Typically, satellite-derived remote
sensing indices such as Normalized Difference Vegetation Index (NDVI)
and Leaf Area Index (LAI) are used as the indicators of changes in green
cover (Burke & Lobell, 2017; Chen et al., 2019). Agricultural production
is key for food security, which is usually analysed by the connection
between crop yield and NDVI (Milesi et al., 2010; Teal et al., 2006).
Many vegetation indices have been developed in the past, but NDVIis a
reliable, well-tested and widely used parameter to study terrestrial
vegetation. It is related to the structural properties of plants, such as LAI,
live biomass, chlorophyll content, foliar nitrogen content and
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productivity (Roy et al., 2014; Sheffield et al., 2014). NDVI is an
important parameter that represents aboveground primary production
and thus, can be effectively employed to detect changes in the vegeta-
tion of terrestrial ecosystem (de Jong et al., 2011; Sarmah et al., 2018).
LAI is one of the most important biophysical variables considered for
characterising land surface ecosystems. It is closely linked to the
terrestrial biophysical processes such as photosynthesis and evapo-
transpiration, and can be used to estimate net primary productivity
(NPP) (Chen et al., 2019; de Jong et al., 2011).

The vegetation growth pattern is commonly used to monitor the
productivity of natural forests and agricultural lands, and its temporal
trends such as “declining or browning” and “increasing or greening”
have been commonly used in the studies and reports; including the
assessment of climate feedback (Cortés et al., 2021; Myneni et al., 1997).
Note that the browning trends observed with the Moderate Resolution
Imaging Spectroradiometer (MODIS) collection 5 data in some of the
earlier studies were attributed to the sensor degradation with time
(Wang et al., 2012; Zhang et al., 2017). The growing demand for food
requires new and innovative technology that provide real-time moni-
toring of land, particularly the agricultural regions, for optimising sus-
tainable management practices, agricultural efficiency and crop
production (Atzberger, 2013; Burke & Lobell, 2017).

The atmosphere-land interactions are crucial for the functioning of
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climate and earth system through the exchanges of carbon, water, en-
ergy and momentum between the biosphere and atmosphere. Vegeta-
tion dynamics plays a significant role in regulating the climate system
through these fluxes between land and atmosphere (Friedl et al., 2002;
Fuchs et al., 2015; 2016; IPCC, 2019). However, recently, a great deal of
change in the anthropogenic land use has been observed, and climate
change has notably altered the global terrestrial biosphere (Zhu et al.,
2016; Chen et al., 2019; IPCC, 2019). Most studies related to greening
and browning have used only the NDVI and LAI data for India and South
Asia. These studies have been conducted either for global land regions
(Jiang et al., 2010; de Jong et al., 2011; Chen et al., 2019; Cortés et al.,
2021) or some areas in India (Chakraborty et al., 2018; Mishra &
Chaudhuri, 2015; Mishra & Mainali, 2017; Panday & Ghimire, 2012).
Currently, India is the most populated country and is one of the
ecological hotspots of the world. Given the importance of croplands and
forests for the national food security, sustainability and nature conser-
vation, it is critical to understand the vegetation dynamics in India, as
rapidly changing climate and human land management have greatly
impacted the vegetation in India. Still, a dedicated study on the changes
in the Indian terrestrial biosphere and its anthropogenic control is
lacking. Some recent studies show greening of India in the past two
decades (Kashyap et al., 2022, 2023a; Parida et al., 2020); making it the
second largest contributor to the global greening (Chen et al., 2019).
However, the contribution of croplands and forests to the net greening of
India is largely unknown. Here, we analyse the long-term vegetation
dynamics, and the contribution of croplands and forest to net greening,
together with the biophysical aspects of greening in India for the last two
decades. We also utilise both NDVI (surface greenness) and LAI (bio-
physical) metrices for estimating the changes in green cover and dy-
namics of vegetation growth in croplands and forests of India for the
period from 2000 to 2019. On top of these, we also utilise the Solar
Induced Fluorescence (SiF, photosynthesis and productivity) to com-
plement the NDVI and LAI data to make our analysis more robust.

2. Data and methods
2.1. Green cover

There are several NDVI datasets available, including Advanced Very
High-Resolution Radiometer (AVHRR), Generation of Global Inventory
Modelling and Mapping Studies 3rd Version (GIMMS3g), Land Long-
Term Data Record 4th Version (LTDR4) and MODIS. A validation
study showed that these datasets had been compromised by temporal
inconsistency for trend analysis due to sensor differences and sensor
shifts among the platforms, except MODIS (Coppin et al., 2004; Prince
et al,, 2007). The MODIS collection 6 land and atmospheric data
released in 2015 have significant improvement over the collection 5
data (Lyapustin et al., 2014). The study conducted by Tian et al. (2015)
used NDVI and Enhanced Vegetation Index (EVI), and demonstrated the
application of MODIS 6 for vegetation analysis. Here, the vegetation
indices (VI) are acquired from the MODIS monthly (MOD13A1) data at
500 m pixel size (Didan, 2015). The seasonal NDVI data are computed
by averaging the monthly NDVI data for winter (December, January and
February), summer (March, April and May), monsoon (June, July and
August) and post-monsoon (September, October and November) sea-
sons at pan-India and regional scales, as shown in Fig. S1 and Table S1.
Similarly, the seasonal LAI data are computed from the MODIS LAI
product (MCD15A2H) (Myneni et al., 2015).

2.2. Photosynthetic activity and terrestrial productivity

We also examine the plant photosynthetic activity and terrestrial
productivity by utilising the GOSIF v2 gridded SiF dataset as listed in
Table 1. It is created by incorporating the Orbiting Carbon Observatory-
2 (0OCO-2) SIF with MODIS-based data and meteorological reanalysis (Li
& Xiao, 2019). SiF is the radiation flux emitted in the form of light
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Table 1
Datasets, their resolution, purpose and the source from which they are acquired.

DATA RESOLUTION PURPOSE/USE SOURCE

MODIS LULC 500 m LULC data to extract (https://lpdaacsve.
Forest and Cropland cr.usgs.gov/)

MODIS NDVI 500 m NDVI & calculation of (https://Ipdaacsve.
green cover change Cr.usgs.gov/)

MODIS LAI 500 m LAI & calculation of (https://Ipdaacsvc.
green cover change Cr.usgs.gov/)

GOSIF SiF 0.5° x 0.5° SiF & calculation of (http://data.glo
change in balecology.unh.
photosynthetic activity edu/)
and productivity

Irrigated Area 250 m Net Irrigated area & (https://dx.doi.org/1
calculation of irrigated 0.6084/m9.figsh
area change are.3790611.v1)

Major Food 0.1° x 0.1° Delineate the spatial (https://cds.climate.

Crop types extent of major food copernicus.eu/)
crop types

Agricultural Gross Sown area, area Ministry of

data sown more than once, Agriculture and

Net Irrigated area, food
grain yield and food
grain production

Farmers Welfare,
Government of India.
(http://apps.iasri.

res.in/agridata/20da
ta/HOME_20.HTML)
(https://www.india
stat.com/)

energy at 650-800 nm during the photosynthetic activity of plants. It is
directly connected to the physiological process of plants and is therefore,
a highly efficient proxy for plant photosynthesis, health and productivity
(Porcar-Castell et al., 2014; Rascher et al., 2015). Currently, SiF is
extensively utilised for detecting changes in surface greenness, due to its
greater accuracy, as compared to the traditional reflectance-based
indices (e.g. Kashyap et al., 2023b; Li et al., 2018; Xiao et al., 2019).

2.3. Delineation of the vegetated land and estimation of its long-term
change

The MCD12Q1 is a global land cover product created using the su-
pervised classification of MODIS reflectance data. The “cropland” type
in this study is based on the International Geosphere-Biosphere Pro-
gramme (IGBP) classification scheme of MCD12Q1, and is used because
of the cropland class reliability (Fan & Liu, 2016). The forest cover types
provided by the dataset are merged into a common forest class. The
cropland class in the dataset is used to analyse the changes in agriculture
areas, and the remaining classes are merged and reclassified as others.
The forest and cropland dynamics are estimated using the MODIS Land
Cover data (MCD12Q1). The years 2001, 2009 and 2019 are taken as the
focal time periods for detecting the forest and cropland changes, as these
cover the first and last years of our analysis and have an interval of a
decade. The vegetation type map based on the MODIS Land Cover data
(MCD12Q1 Version 6) International Geosphere-Biosphere Programme
(IGBP) is shown in Fig. S2, with its details in Table S2. The major food
crop types map of India based on the Copernicus global major food grain
croplands productivity data are also shown in Fig. S3.

2.4. Quantification of changes in agriculture

The agricultural data such as Gross Sown Area (GSA), area sown
more than once, food grain yield and food grain production are taken
from the agricultural data book of the Ministry of Agriculture and
Farmers Welfare, Government of India. The Net Irrigated Area (NIA)
data for the period of 2000-2015 are taken from Ambika et al. (2016).
The information about change in NIA for the period of 2000-2015 is
obtained by the pixel-wise image differencing technique. Furthermore,
the change in NIA (ANIA) is found for each climate homogeneous region
of India. The percentage Irrigated Sown Area (ISWA) is obtained by
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using GSA and NIA:

NIA
ISWA=|——|1
SW. ( Gs A) 00%
The regional contribution (RC) from each homogeneous climatic
region of India for ANIA is,

ANIA,
RCy= 1
Co (AN[A ) 00%

Where, 0 = any particular homogeneous region, ANIAy = ANIA for that
particular homogeneous region (0), and ANIA = the change in NIA for
whole India.

2.5. Estimation of long-term changes in green cover

We estimate the long-term change in surface greenness (NDVI),
biophysical metric (LAI), and photosynthetic activity and productivity
proxy (SiF) for the last two decades (2000-2019). The pixel-wise image
differencing technique is applied to estimate the change in recent
(2010-2019) from the previous decade (2000-2009). The change in
NDVI, LAI and SiF is also estimated for the entire India and for specific
regions (Fig. S1 and Table S1). In addition to the meteorological seasons,
we also estimate these changes for the Indian agricultural seasons;
Kharif (June-September), Rabi (October-February) and Zaid (March-
-May), as shown in the equation:

G 2010 — G(2000-
AGY, — T 010-2019) (2000-2009) . 400

G 2000-2009)

Here, AG% is the percentage change in the surface greenness (NDVI),
biophysical metric (LAI), and photosynthetic activity and productivity
proxy (SiF) for the period of 2000-2019. The long-term green cover
change for the cropland is found by taking the average of each pixel of
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both NDVI and LAI, and then combining the long-term NDVI and LAI
changes as shown above.

To understand the biophysical impact of greening and browning, we
also estimate the net change in the leaf area (A LAI) for the period of
2000-2019, based on the equation in Chen et al. (2019):

ALAI= ZTi x Ai x N

i=1

Where, i is a pixel with a statistically significant change, n refers to the
total number of pixels in the region, Ti is the change in the pixel, Ai is the
area of the pixel and N is the study period in number of years.

3. Results
3.1. Seasonal variability in green cover

The spatial variability of green cover in terms of NDVI, averaged for
each pixel over the meteorological seasons of India is shown in Fig. 1.
For the period 2000-2019, the non-vegetated (NDVI <0.25) land is
found in the western Himalaya and northwest (NW) in all seasons. This
is expanding from NW to the central (CI) and southern India (SI) in
summer. Moderately vegetated land (NDVI = 0.25-0.5) is found in the
regions of croplands, predominantly in summer and winter. Higher
vegetation cover is found in the croplands for most of post-monsoon,
areas of Indo-Gangetic Plain (IGP) and Tamil Nadu in winter, and
some areas of IGP and CI in monsoon seasons. The minimum NDVI is
smallest in winter and highest in post-monsoon, whereas the maximum
NDVI is lowest in summer and highest in post-monsoon seasons. In
summary, the seasonal variability of vegetated land is lowest in summer
(mean NDVI = 0.35) and highest in post-monsoon (mean NDVI = 0.53).

The variability of LAI across the seasons for the Indian region during
the of period 2000-2019 is shown in Fig. 2. Majority of the cropland
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Fig. 1. Normalized Difference Vegetation Index (NDVI) (top panel), forest cover (middle panel) and croplands (bottom panel) during winter (December, January and
February), summer (March, April and May), monsoon (June, July and August) and post-monsoon (September, October and November) seasons averaged over the

period of 2000-2019 for the Indian region.
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Fig. 2. Leaf Area Index (LAI) during winter (December, January and February), summer (March, April and May), monsoon (June, July and August) and post-
-monsoon (September, October and November) seasons averaged over the period of 2000-2019 for the Indian region.

areas in monsoon and some areas of IGP, CI and SI in post-monsoon
show moderate (3-4.5) LAIL. The lowest (1.5-3) LAI is observed in NW
in all seasons. It shows that the mean LAI is highest during post-monsoon
and lowest in summer; consistent with the NDVI analysis. The state-wise
net leaf area changes over the years 2000-2019 are presented in
Table S3. The state of Rajasthan (133464.57 km?) in NW, Madhya
Pradesh (133464.57 kmz) and Maharashtra (105,429.79 kmz) in CI and
Uttar Pradesh (96,371.79 km?) in IGP have added the highest net leaf
area during the study period (2000-2019). In contrast, the state of
Mizoram (2.31 km?) and Sikkim (27.27 km?) in NE, Chandigarh (2.37
km?) in IGP and Puducherry (61.36 km?) in SI have added the lowest
amount of net leaf area in the same period. The link between NDVI and
LAI in all seasons is assessed for the period of 2000-2019 by using the
correlation analysis and is shown in Fig. S4. The highest correlation
coefficient (r) is obtained for the dry seasons, post-monsoon (0.745) and
summer (0.741), and weakest correlation is found for the wet seasons,
monsoon (0.675) and winter (0.658). A correlation of 0.704 is estimated
between NDVI and LAI for the entire study period (2000-2019);
demonstrating a very good agreement between them.

3.2. Forests and croplands: seasonal variability

Large areas of forest cover are observed in the western Himalaya (e.
g. savanna, woody savanna, shrub lands and evergreen broadleaf forest)
in all seasons, Central India in winter and monsoon, and Hilly and NE (e.
g. evergreen broadleaf forests) in summer, as depicted in Figs. 1 and 2,
Fig. S2 and Table S2. Very dense (NDVI = 0.75-0.9) vegetation (e.g.
evergreen broadleaf forests) is observed in NE and the eastern Himalaya
in all seasons, except for summer seasons. Areas of Central India (e.g.
shrub lands, savanna dominated by woody perennials and deciduous
broadleaf forests) in post-monsoon, and Western Ghats in monsoon and
post-monsoon also show healthy forests (NDVI >0.75). Very dense forest

(LAI >6) is observed in some areas of NE, eastern Himalaya, Western
Ghats and CI in monsoon and post-monsoon seasons. Some regions in NE
and Western Ghats in winter and summer, western Himalaya, some
areas of IGP and CI in monsoon also have dense forests (LAI = 4.5-6.0).

Croplands with higher yield (NDVI = 0.5-0.75) are observed in much
of IGP (e.g. wheat growing) and some areas in the southern peninsula (e.
g. maize) in winter. The croplands of IGP (e.g. Punjab and Haryana)
show the highest yield (LAI >4.5) in winter. Low yield is estimated
(NDVI = 0.25-0.5, LAI = 1.5-3) in most croplands of the country in
summer, and cropland yield is very small in some areas of NW and CI
(NDVI = 0-0.25 and LAI = 1.5). During monsoon season, majority of
croplands in the country have a moderate yield (LAI >3). However,
higher yield (NDVI = 0.5-0.75 and LAI = 4.5-6) is observed in some
areas of eastern India, IGP (e.g. rice and maize) and CI (e.g. soyabean,
maize and wheat) during post-monsoon, as demonstrated in Figs. 1 and
2, Fig. S3. Most of the remaining areas are croplands with lower yields
(NDVI = 0.25-0.5 and LAI = 1.5-3) in all seasons.

Since we examine the croplands in India, they are further explored in
terms of the agricultural seasons Kharif, Rabi and Zaid of India, as shown
in Fig. 3. In Zaid, most croplands in NW, CI, some areas in SI, and IGP
have moderate crop cover (NDVI = 0.3-0.45), with some areas in NW
are almost devoid of crop cover or they are in a severely stressed con-
dition (NDVI = 0.15). High crop density or healthy crop growth (NDVI
>0.45) is observed in IGP, NE and some areas of SI. In Kharif, majority of
the croplands are healthy, and some areas in IGP exhibit the highest
growth (NDVI = 0.6-0.75). However, some areas in NW and SI show
lower crop density; showing signs of stress. In Rabi, IGP has dense crop
cover and healthy growth with its peak density in Punjab and Haryana
(NDVI = 0.6-0.75). Croplands in NW are sparse or severely stressed
(NDVI <0.15). Therefore, it can be stated that the croplands are dense
and in healthy condition in IGP, NE, areas of CI and SI. The croplands in
areas of NW, CI and SI are in a state of moderate growth, although some
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Fig. 3. Normalized Difference Vegetation Index (NDVI) in the croplands during the Indian agricultural seasons, Kharif (June-September), Rabi (October-February)
and Zaid (March-May), averaged over the period of 2000-2019 for the Indian region.

areas in NW are under stress. The cropland productivity peaks in Kharif
season with the maximum NDVI of 0.823, followed by Zaid (0.764) and
Rabi (0.678). Kharif (0.495) has the highest mean NDVI, which also
serves as a measure of gross farmland productivity, followed by Rabi
(0.463) and Zaid (0.329) seasons.

3.3. Decadal change in the vegetated land

The spatial distribution of green cover and photosynthetic activity
represented in terms of NDVI, LAI and SiF are presented in Fig. 4. The
dense green cover with higher rates of photosynthesis and productivity
is observed in HR, NE and some regions in CI and Western Ghats. The
scanty vegetation with lower photosynthetic activity and productivity is
observed in NW and the western CI and northern SI. The rest of the
regions are vast croplands with moderate green cover, photosynthetic
activity and productivity. The long-term trend in green cover repre-
sented by the decadal change in NDVI, LAI and SiF is presented in Fig. 4.
The increase in NDVI/LAI/SIF (i.e. greening) is dominant in most of NW,
IGP and CI, but decrease (i.e. browning) in much of HR, NE and SI. Some
areas in the eastern or lower IGP also exhibit browning. It is evident that
the areas of scanty green cover and lower photosynthetic activity and
productivity, are greening. In contrast, the areas of denser green cover
with higher rates of photosynthetic activity and productivity are
browning.

The NDVI data are further analysed for all seasons in the previous
(2000-2009) and recent (2010-2019) decades, as shown in Fig. S5. In
winter and monsoon, NDVI is increased (greening) in IGP and some
areas of CI, but most areas in post-monsoon for recent decade. For
croplands, the minimum NDVI has increased for each season over the
decades. In terms of decadal change, all seasons show an enhancement,
except in summer. There is a marginal reduction (0.16%) in both NDVI
and LAI for summer, but monsoon (11%), post-monsoon (5.8%) and

winter (3.4%) show significant increase in NDVI in recent decade.
However, in terms of LAI, the highest increase is found in post-monsoon
(9.7%), followed by monsoon (4%) and winter (3.9%) in recent decade.
In brief, enhanced greening is found in recent decade in all seasons,
except in summer.

3.4. Decadal changes in forests and croplands

For forests, in 2000-2009, the minimum NDVI is smallest in winter
and highest in post-monsoon seasons. The mean and maximum NDVI are
lowest in summer (0.53) and highest (0.73) in post-monsoon, as listed in
Table S4. In recent decade (2010-2019), the minimum and maximum
NDVI are smallest in summer and highest in post-monsoon. Conversely,
the mean NDVI is lowest for winter (0.58) and highest for post-monsoon
(0.78). The increase in the peak NDVI (2.24%) indicates greening of
forests in recent decade, which is highest in post-monsoon (3.3%) and
then in winter (2.2%) and monsoon (2.1%). On the other hand, the LAI-
based greening is found in all seasons, except in summer where it
reduced by 1.6% in recent decade. Post-monsoon (2.9%) leads the LAI-
based greening, followed by winter (2.5%), and monsoon (2%) during
2010-2019.

For croplands, in 2000-2009, the minimum and maximum NDVI are
lowest for summer and highest for post-monsoon. The mean NDVI is
smallest in summer (0.31) and highest in monsoon (0.47). In recent
decade (2010-2019), the minimum and maximum NDVI are lowest for
summer and highest for post-monsoon. The mean NDVI is lowest in
summer (0.32) and highest in monsoon (0.5), as presented in Table S5.
Recent decade (2010-2019) shows predominant greening of croplands
with an estimated enhancement of 11.4% in NDVI and 12.1% in LAL
Both NDVI and LAI show greening in all seasons in recent decade, in
which monsoon (20.4%), post-monsoon (10.8%) and winter (6%)
exhibit substantial greening in terms of NDVI. The winter (22.1%), post-
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Fig. 4. Top: Green cover spatial variability exhibited by Normalized Difference Vegetation Index (NDVI), Leaf Area Index (LAI in m?2/m?) and Solar Induced
Fluorescence (SiF in kW/m?/pum/sr) averaged over the period of 2000-2019 for the Indian region. Middle: The long-term change in green cover (greening/browning)
exhibited with NDVI, LAI and SiF for the period of 2000-2019. Bottom: the increase (greening %) in NDVI, LAI and SiF for all vegetated lands of India (IND),

croplands (CROP), forests (FOR) and the different regions of India: HR (Hilly), North east (NE), North west (NW), Indo Gangetic Plain (IGP), Central India (CI), and
Southern/Peninsular India (SI) over the last two decades (2000-2019).

monsoon (12.4%) and monsoon (4.7%) seasons also show significant
LAI-based greening in 2010-2019 as compared to that in 2000-2009.
LAI increased by 4.8% for all vegetated lands, but 5.8% for croplands;
suggesting the cropland-based greening in recent decade (2010-2019).
Among the agricultural seasons, the highest increase in NDVI is observed

decade.

in Zaid (3.3%), followed by Rabi (2.7%) and Kharif (1.1%) in recent

Among the six homogeneous regions (Fig. S1 and Table S1), greening
is dominant in NW (4.3%) and SI (3.6%) where the mean NDVI has
increased by 0.025/dec in 2010-2019. Regarding the gross cropland
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productivity, strong greening is found in Rabi (10.2%), and then in
Kharif (8.6%) and Zaid (5%). The highest cropland greening is estimated
in NW where the mean NDVI has increased by 15.5% (from 0.335 to
0.387) in recent decade. Some regions such as CI (8.8%, 0.41-0.446)
and IGP (7.3%, 0.451-0.484) also show significant cropland greening.
Conversely, the mountainous regions of Himalaya (6.6%, 0.483-0.515)
and NE (3.8%, 0.53-0.55) exhibit relatively smaller changes in recent
decade (2010-2019) from the previous decade (2000-2009), as forests
are the predominant vegetation type there.

3.5. Greening of India

We quantify the greening of India in terms of long-term changes in
NDVI, LAI and SiF during the period of 2000-2019 as exhibited in Fig. 4.
All three metrices demonstrate substantial increase, with the highest
enhancement in SiF (13%) and then in LAI (11%) and NDVI (10%). In
terms of the cropland greening, SiF (16.6%) shows higher values than
LAI (12.1%) and NDVI (11.4%). With respect to the forest greening, LAI
(6.6%) exhibits the largest increase, followed by SiF (5.4%) and NDVI
(4.5%). Henceforth, the greening is predominant in croplands, which is
twice the forest during the last two decades in India. Here, NW has the
highest increase in SiF (26.5%), NDVI (18.5) and LAI (16.4%), and HR
has the lowest greening with marginal increase in LAI (3.9%), NDVI
(2.1%) and SiF (1%).

In addition, we explore the greening of India in each season for the
period of 2000-2019 using both NDVI and LAIL The NDVI-based
greening is observed in all seasons, except for summer, in which it
decreased by 0.34%. Substantial greening is observed during monsoon
(21.9%), post-monsoon (11.6%) and winter (6.8%) seasons. The LAI-
based greening shows the highest enhancement in post-monsoon
(19%) and smallest in summer (3.8%) during 2000-2019. Significant
LAI-based greening is also observed during monsoon (8%) and winter
(7.8%). These analyses reveal that India has been greening, with an

Applied Geography 161 (2023) 103115

vegetated land in India is increased by 4.92% during the past two
decades.

3.6. What drives the greening?

The greening/browning in the croplands with respect to NDVI during
the Indian agricultural seasons Kharif, Rabi and Zaid for the past 20
years (2000-2019) is presented in Fig. 5. In Zaid, there is predominant
greening except for some areas in IGP and SI. In Kharif, most croplands
are greening, except in some areas of IGP, CI and SI. In Rabi, greening is
observed for NW and IGP, but browning in SI and CI. The highest
greening area (70%) for the years 2000-2019 is found in Zaid, followed
by Kharif (59.5%) and Rabi (54.8%), as given in Table 2.

The net vegetated land comprising of croplands and forests is largely
greening (62.54%), and marginally (14%) browning in 2000-2019. In
the forest lands, about 17.5% are greening and 47.43% are browning
during the same period. Almost two-thirds (72.3%) of the croplands
exhibit greening and 7.7% is browning. This suggests that a vast ma-
jority (86.5%) of greening in India is due to croplands. Among the re-
gions, as listed in Table 2, large cropland greening is estimated in NW
(83.5%), followed by IGP (64.5%) and CI (61.6%). In terms of agricul-
tural seasons, Zaid shows the largest greening in NE (72.7%), IGP (70%)
and Hilly (45.2%) regions, but Rabi in NW (89.6%) and CI (65.2%), and
Kharif (48.7%) in SI.

We also investigate the factors responsible for cropland greening in
India, as illustrated in Fig. 6. The Gross Sown Area (i.e., total harvested
area) of India has increased by 8.4% (185.34 mha-200.95 mha) from
2001 to 2015. The total food grain production in India has increased by

Table 2
Cropland greening area (%) variability across seasons in various homogeneous
regions during the period 2000-2019.

increase of about 996640 km? new leaf area, for the last two decades, as Regions Greening Area Kharif Rabi Zaid
listed in Table S2. (%) (%) (%) (%)

The dynamics of net vegetated area comprising of forests and crop- Hilly (HR) 39.56 39.34 34.34 45.32
lands in India is analysed for the periods of 2001-2009 and 2010-2019, North East (NE) 41.57 40.11 12.40 72.72
and are shown in Fig. S6. In 2001, the total forest area was 353,403 km?, Indo-Gangetic Plain 64.55 61.69 62.21 69.96
which increased to 387,051.8 km? by 2019, about 9.52% increase dur- nglp‘)Nest W) 83.49 77.83 80.63 83.01
ing the period 2001-2019. On the other hand, in 2001, the total crop- Central India (CI) 61.65 55.53 65.25 64.17
land area was 2426917 km?, which increased to 2530036 km? by 2019, South India (SI) 41.88 48.68 28.77 48.20
about 0.22%/yr increase during the period 2001-2019. Therefore, the

Zaid (MAM) Kharif (JJAS) Rabi (ONDJF)

ANDVI [ T T 1 %
-20 -5 +5  +10 +20
BROWNIN GREENING

Fig. 5. Long-term green cover change (greening/browning) in the croplands based on the Normalized Difference Vegetation Index (NDVI) during the Indian
agricultural seasons, Kharif (June-September), Rabi (October-February) and Zaid (March-May) averaged over the period of 2000-2019 for the Indian region.
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Fig. 6. Top: Temporal evolution of the mean Normalized Difference Vegetation Index (NDVI), Gross Sown Area (GSA), Net Irrigated Area (NIA) and the percentage of
Irrigated Sown Area (ISA). Bottom: The percentage of greening area with change in the Net Irrigated Area (NIA), and the regional contribution of homogeneous
regions of India; Hilly (HILLY), North east (NE), North west (NW), Indo Gangetic Plain (IGP), Central India (CI), and Southern/Peninsular India (SI), during the

period of 2001-2015.

34% from 196 to 279 million tonnes during the period of 2000-2019.
This is primarily because of the increase in the total harvested area
through multiple cropping. The area sown more than once has increased
by 38.6% (44 mha in 2000 to 61 mha in 2017), which also supports the
idea that multiple cropping practices play a significant role in the
greening. A substantial advancement (45.3%, 16 quintal/ha to 23.25
quintal/ha) in total food grain yield is observed during the period of
2000-2019. In recent decade (2010-2019), 24.82% increase in the total
food grain yield is estimated, which can be due to the improvement in
agricultural machinery, and is another reason for the greening in India.

The pixel-wise combination as the average of long-term change in
NDVI and LAI is estimated for the three agricultural seasons in India to
delineate the net green cover change, and is shown in Fig. 7. Most areas
in NW, IGP and CI show greening, but browning is predominant in SI.
Greening in recent decade (2010-2019) is found mostly in NW and IGP.

In SI, croplands of Tamil Nadu and Andhra Pradesh depict browning.
Analysis of the long-term changes in LAI for croplands also shows a
similar trend and can be explained by increasing temperature, and
decreasing precipitation and soil moisture there, which is known as the
warming-induced moisture stress (Kashyap et al., 2022, 2023a; Parida
et al., 2020). Croplands in NW, CI and some areas in IGP and SI, which
are irrigated recently (2015), depict greening. Browning of croplands is
observed in some areas of IGP, CI and SI, which were either irrigated in
2000 but not recently (2015) or non-irrigated. The increased food pro-
duction is the outcome of expanded croplands supported by more irri-
gated lands.

NIA in India has increased by 10.79%, from 71.68 mha in 2001 to
79.42 mha by 2015. The ANIA is highest for IGP (10.64%) with a
regional contribution (RC) of 30% to overall ANIA for the India vege-
tated lands. In addition, irrigation facilities in CI have improved (ANIA

i
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Fig. 7. Left. Long-term green cover change (greening/browning) in the cropland region based on the Normalized Difference Vegetation Index (NDVI) and Leaf Area
Index (LAI) over the recent decades (2000-2019). Right. Change in the Net Irrigated Area (ANIA) over the years 2000-2015.
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for CI = 9.65%), which contributes 27.23% to the net ANIA. The irri-
gation facilities in the hilly regions of Himalaya (ANIA = 0.97%, RC =
2.75%) and NE (ANIA = 0.97%, RC = 2.75%) show small improvement.
The percentage of sown irrigated area has increased by 2% in the period
of 2000-2015. In India, agriculture intensification is aided by the
application of large amounts of fertiliser and the enhancement in irri-
gation facilities (both surface and groundwater). As a result, the lands in
India, which were formerly fallow are now used to cultivate crops.

4. Discussion
4.1. Greening of India: climate Change and CO; fertilisation effect

In the context of changing climate, India is largely greening in recent
decades (Bala et al., 2013; Kashyap et al., 2022, 2023a; Parida et al.,
2020; Sarmah et al., 2018, 2021). In NW and CI, greening is observed
due to improved soil moisture, i.e. moisture induced greening (Kashyap
et al., 2022; Parida et al., 2020). The rising population and anthropo-
genic activities such as burning of fossil fuels, deforestation, soil-related
factors (e.g. erosion, nutrient leaching, depleted soil organic carbon)
and poor land management (e.g. clearing of vegetated land for com-
mercial or agriculture purposes) have led to substantial rise in atmo-
spheric CO in India (Singh et al., 2022). The CO5 in India is rising
rapidly (2.1 ppm/yr) in recent decades (2002-2020) and is comparable
to that of global tropics and mid-latitude regions (Kuttippurath et al.,
2022). Apart from being a prominent greenhouse gas (GHG), atmo-
spheric CO; plays a significant role in the global carbon cycle.

The “CO, fertilisation effect (CFE)" has two physiological effects
because of the elevated levels of atmospheric CO5 on plants. First, the
enhancement in the terrestrial carbon assimilation by vegetation and
higher productivity (Myneni et al., 1997; Zhu et al., 2016). Second, in
higher CO; scenarios, leaves adjust to the ambient atmospheric condi-
tions by limiting the stomatal conductance, which results in reduced
water loss through transpiration and thus, enhance the ecosystem water
use efficiency (Keenan et al., 2013; Cheng et al., 2017). Some studies
report CFE as the major driver of global greening based on vegetation
models and field observations (Zhu et al., 2016; Piao et al., 2020; Chen
et al., 2022). Studies also find the contribution of CFE to greening of
India and speculate that it would continue in future (Bala et al., 2013;
Dubey & Ghosh, 2023). However, understanding the impact of elevated
atmospheric COy on plant growth, particularly in non-experimental
settings, is currently limited. The impact varies based on plant species,
ambient temperature, and the presence of adequate water and nutrient
resources (McMurtrie et al., 2008; Wenzel et al., 2016). Apart from
these, studies also report that there is a decline in global CFE in recent
decades (Wang et al., 2020; Winkler et al., 2021). Furthermore, CFE
drives greening in two ecosystem types, namely temperate forests and
cool grasslands, but no visible long-term impacts in other biomes (Yang
et al., 2016; Winkler et al., 2021). In future, the radiative effects of
increasing atmospheric CO5 may counter the CFE driven greening. Also,
terrestrial ecosystems would be saturated to CFE in the warming sce-
nario (Shi et al., 2021) and strengthen terrestrial carbon sinks in future
(Keenan et al., 2016). Therefore, more field and modelling studies are
needed on CFE to make robust conclusions.

4.2. Novelty of the study

Vegetative stages are characterised by the increasing NDVI and LAI
(greening) during the growing period, followed by their decrease
(browning) during the clearing and cultivation of crops. These analyses
are key to understand the changes in vegetation and associated drivers
(Kumar et al., 2013; Piao et al., 2020). Currently, almost one-third of the
global vegetated land is greening due to changing climate (Zhang et al.,
2017) and intensive land management (Chen et al., 2019). India has
been largely greening in recent decades (Kashyap et al., 2022, 2023a;
Parida et al., 2020), making it the second largest contributor to global
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greening (Chen et al., 2019). However, the question remains unan-
swered is that whether this greening is contributed by croplands or
forests. In addition, most studies used a single metric to analyse the
surface greenness and photosynthetic activity such as NPP (Bala et al.,
2013), LAI (Chen et al., 2019), NDVI (Sarmah et al., 2018; Parida et al.,
2020), FPAR (Kashyap et al., 2022) or GPP (Sarmah et al., 2021;
Kashyap et al., 2023a). However, we apply three different remote
sensing-based metrices, i.e. surface greenness (NDVI), biophysical
metric (LAI), and photosynthetic activity and productivity proxy (SiF),
to make a robust statistics on the long-term change in green cover and its
anthropogenic drivers in India for the last two decades (2000-2019).
Furthermore, we also present a detailed regional analysis of the
long-term changes in green cover for all seasons.

4.3. Findings and implications

Our results reveal higher NDVI, LAI and SiF in the post-monsoon and
monsoon seasons due to the favourable combination of moisture and
temperature during the seasons, as also found in Bala et al. (2013),
Parida et al. (2020) and Kashyap et al. (2022, 2023a). The surface
greenness (NDVI) and biophysical metric (LAI) show a strong positive
correlation as the changes in NDVI also reflect the temporal pattern of
biophysical characteristics and phenological phases of vegetation
growth (Ambika et al., 2016; Li et al., 2014; Sakamoto et al., 2005).
India has been greening in recent decades with substantial enhancement
in NDVI (10%), LAI (11%) and SiF (13%) and about 996640 km? of new
leaf area is added in this period. India is substantially greening (62.54%)
and marginally browning (14.08%) during 2000-2019, where the
magnitude of greening in croplands is twice the forests. Our analysis
reveals large-scale browning (47.43%) in forests, but a substantial part
(72.26%) of croplands exhibits greening. Therefore, greening of India is
driven by croplands (86.5% contribution) in recent decades.

Recent studies found that the greening in Europe is mainly due to the
efficient management of land abandonment and afforestation (Bui-
tenwerf et al., 2018; Fuchs et al., 2015, 2016). Central Asia is greening
because of the positive changes in the socio-economic conditions
(Venkatesh et al., 2022). In southeast Asia, China is greening largely
owing to the better land use management and sustainable agricultural
policies (Liu et al., 2020). In India, on the other hand, about 56% of
agricultural yield depends on irrigation (Thakkar, 2000). Currently,
India has the largest irrigated area (57 mha) and IGP is the most irri-
gated region in the world (Ambika et al., 2016; Ambika & Mishra, 2019,
2020). The advanced irrigation facilities lead to higher NIA, which
makes increased GSA and ISA. Therefore, the enhanced cropland-based
greening and food production of India can be largely attributed to
improved irrigation facilities (Chen et al., 2019; Piao et al., 2020). In
addition, the use of more nitrogen fertilisers, advanced farm mecha-
nisation and effective land management are the other reasons for the
enhanced cropland greening in India. In summary, the strong anthro-
pogenic control over the green cover is highlighted by the
cropland-based greening of India.

5. Conclusions

The greening and its contribution from croplands and forests are
analysed using the surface greenness indicator (NDVI), biophysical
metric (LAI), and photosynthetic activity and productivity proxy (SiF)
for India in this study. The net vegetated land comprising of both
croplands and forests is largely greening (62.54%) and marginally
browning (14%) during the recent decades (2000-2019). In forests,
17.5% is greening, but a large area is browning (47.43%). In contrast,
most of the croplands (72.3%) exhibit greening and some (7.7%) show
browning. Also, the magnitude or intensity of greening in croplands is
twice the forests during the same period. Among the agricultural sea-
sons, Zaid shows the highest greening area (70%) during the period,
followed by Kharif (59.52%) and Rabi (54.82%). With respect to the
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regions, predominant cropland greening is estimated in NW (83.5%),
IGP (64.6%) and CI (61.7%). Therefore, the greening of India is largely
driven by croplands. The enhanced cropland greening of India can be
attributed to improved irrigation facilities, effective cropland manage-
ment, farm mechanisation, and the increased use of nitrogen fertilizers,
which led to an increase in GSA, NIA, ISA and net vegetated area. The
cropland driven greening of India highlights the massive anthropogenic
influence on its green cover. Judicial use and effective management of
land are essential to mitigate the threat of global warming and climate
change, and thus, to achieve food security and sustainability.
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Accurate estimation of carbon cycle is a challenging task owing to the complexity and heterogeneity of eco-
systems. Carbon Use Efficiency (CUE) is a metric to define the ability of vegetation to sequester carbon from the
atmosphere. It is key to understand the carbon sink and source pathways of ecosystems. Here, we quantify CUE
using remote sensing measurements to examine its variability, drivers and underlying mechanisms in India for
the period 2000-2019, by applying the principal component analyses (PCA), multiple linear regression (MLR)
and causal discovery. Our analysis shows that the forests in the hilly regions (HR) and northeast (NE), and
croplands in the western areas of South India (SI) exhibit high (>0.6) CUE. The northwest (NW), Indo-Gangetic
plain (IGP) and some areas in Central India (CI) show low (<0.3) CUE. In general, the water availability as soil
moisture (SM) and precipitation (P) promote higher CUE, but higher temperature (T) and air organic carbon
content (AOCC) reduce CUE. It is found that SM has the strongest relative influence (33%) on CUE, followed by P.
Also, SM has a direct causal link with all drivers and CUE; reiterating its importance in driving vegetation carbon
dynamics (VCD) for the cropland dominated India. The long-term analysis reveals that the low CUE regions in
NW (moisture induced greening) and IGP (irrigation induced agricultural boom) have an increasing trend in
productivity (greening). However, the high CUE regions in NE (deforestation and extreme events) and SI
(warming induced moisture stress) exhibit a decreasing trend in productivity (browning), which is a great
concern. Our study, therefore, provides new insights on the rate of carbon allocation and the need of proper
planning for maintaining balance in the terrestrial carbon cycle. This is particularly important in the context of
drafting policy decisions for the mitigation of climate change, food security and sustainability.

warming and climate change, because the terrestrial vegetation acts as a
major carbon sink (Piao et al., 2020; Sarmah et al., 2021). South Asia has

1. Introduction

Human perturbations have led to highly capricious response of
terrestrial vegetation to the changes in climate (Newbold et al., 2020).
Modifications in the fluxes of momentum, water and energy in the earth
system between land surface and atmosphere in recent decades have
triggered significant variability in vegetation carbon dynamics (VCD)
(He et al., 2018; Gang et al., 2022). Climate change has emerged as the
most important and unpredictable factor that influences VCD. The sce-
nario of limited water due to lower precipitation and warming of both
atmosphere and land can decline terrestrial productivity (Gahlot et al.,
2017; IPCC, 2019). Along with the changes in climate, various anthro-
pogenic influences such as land use land cover change (LULCC), agri-
cultural production and irrigation impacts VCD (Nemani et al., 2003;
Chen et al., 2019).

Vegetation greening has a significant role in mitigation of global

* Corresponding author.
E-mail address: jayan@coral.iitkgp.ac.in (J. Kuttippurath).
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been greening in the last two decades (Parida et al., 2020; Kashyap et al.,
2022) and much of it is contributed by India and China (Chen et al.,
2019). However, quantification of this greening in terms of terrestrial
carbon sequestration is largely unknown (Sarmah et al., 2021; Verma
et al., 2022). The carbon cycle will be strongly impacted by the regional
climate change in south Asia, and India is a region yet to be adequately
explored with respect to carbon budget studies (Bala et al., 2013; Sar-
mah et al., 2021; Verma et al., 2022). Scarcity of data, extensive
computational requirements and the complex land-atmosphere in-
teractions in Indian region pose great challenges for undertaking such
studies (Sarmah et al., 2021; Verma et al., 2022).

Carbon use efficiency (CUE) is a measure of the ability of vegetation
to sequester atmospheric carbon and is estimated as the ratio of Net
primary productivity (NPP) to Gross primary productivity (GPP) (De
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Lucia et al., 2007). It gives the amount of carbon stored and used for
growth out of the net carbon acquired by the ecosystem. CUE provides
insight on the vegetation functioning as it is the rate of conversion of
GPP to NPP or the splitting of GPP to NPP and autotrophic respiration
(Ra) (He et al., 2018; Gang et al., 2022). Although it is a simple method
as per concept, the estimation of CUE requires measurement of carbon
uptake and its use for the growth, which makes it computationally very
challenging (Migliavacca et al., 2021; Gang et al., 2022). GPP and NPP
are the most important ecosystem variables that are studied extensively,
as they are the fundamental ecological variables, which quantify the
terrestrial carbon assimilation (Nemani et al., 2003; Bala et al., 2013).
GPP is the rate of carbon dioxide captured by vegetation in a given
period of time through photosynthesis. NPP is the residual of GPP after
Ra, and is measured as the net production or accumulation of dry
organic matter in vegetation (Roxburgh et al., 2005; Ballantyne et al.,
2012). Terrestrial ecosystem carbon sink estimates, natural resource
management and ecological studies are challenged by the high
spatio-temporal variability of productivity (Ballantyne et al., 2012;
Sarmah et al., 2021).

Direct measurement of GPP and NPP based on instruments at land-
scape, ecosystem and canopy level is still a daunting task. Therefore,
quantification of global productivity highly relies on remote sensing
measurements from space and model simulations (Ballantyne et al.,
2012; Garbulsky et al., 2014). Satellite remote sensing enables larger
sample size with unmatched global measurements for the synoptic
monitoring of biosphere (Bala et al., 2013; Chen et al., 2019; Kashyap
et al., 2022). Moreover, the unavailability of flux tower measurements in
the regions of high carbon uptake makes remote sensing based VCD
estimation inevitable (Sarmah et al., 2021; Verma et al., 2022).

Terrestrial carbon budgeting is vital for understanding of the land-
atmosphere interactions, carbon sequestration, biosphere-climate feed-
back and climate change mitigation (Campbell et al., 2017; Newbold
et al., 2020). We hypothesise that, VCD regulate the functioning of
terrestrial ecosystems including carbon capture (GPP), storage (NPP)
and rate of storage (CUE), and is influenced by certain drivers such as
the fraction of photosynthetically active radiation (FPAR), temperature
(T), precipitation (P), soil moisture (SM) and air organic carbon content
(AOCQ). Evaluation of CUE, its drivers and the underlying mechanisms
are key to understand the terrestrial carbon cycle. It provides a better
understanding of the changes in climate, and energy exchange between
vegetation and atmosphere. Our study considers algorithms such as
principal component analysis (PCA, rotated and unrotated), multiple
linear regression (MLR) and causal discovery for understanding the
drivers of CUE in India. This is the first of its kind analysis on CUE and its
drivers in the Indian context and is the significance of this study.

2. Data and methodology
2.1. Data

The suitability and efficiency of Moderate Resolution Imaging
Spectroradiometer (MODIS) data for studying large-scale terrestrial
ecosystems are well established (e.g. Chen et al., 2019; Sarmah et al.,
2021; Kashyap et al., 2022). MODIS GPP (MOD 17 A2HGF) and NPP
(MOD 17 A3HGF) primary productivity data are considered here
(Turner et al., 2006; Running et al., 2015). The Vegetation Index (VI)
data taken are the MODIS based (MOD13A1) Normalised Difference
Vegetation Index (NDVI) (e.g., Liu et al., 2017; Singh et al., 2022). The
MCD12Q1 version 6 data provide land cover types using supervised
classification. The land temperature (T) data are from the Global Land
Data Assimilation System (GLDAS) NOAH 025 M 21 that are a blend of
National Ocean and Atmospheric Administration and Global Data
Assimilation System (NOAA/GDAS) atmospheric analysis (Wang et al.,
2016; Xia et al., 2019). The precipitation (P) data are from the Global
Precipitation Measurements (GPM, GPM_3IMERGDF L3), which is a
multi-satellite integrated precipitation dataset with daily (mm/day)
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accumulated values (Xu et al., 2017). The GLDAS-based soil moisture
data (SM) are also utilised in the study (Liu et al., 2019). The Modern Era
Retrospective analysis for Research and Applications Version 2
(MERRA-2) air organic carbon content (AOCC) data are used for the
atmospheric organic carbon estimates (Shikwambana, 2019), as listed in
Table 1.

2.2. Methodology

2.2.1. Estimation of variability in productivity and CUE

This study is conducted for the Indian land region as shown in Fig. S1
and Table S1. The MODIS land cover data are used to mask the vegetated
land comprising of forests and croplands. The MODIS GPP and NPP are
based on the rate of dry matter formation from absorbed radiation,
called the light use efficiency (LUE) model approach. This is the most
commonly used method for productivity computation using remote
sensing measurements (Wang et al., 2017; Sarmah et al., 2021; Verma
et al, 2022). The MODIS-based gap-filled GPP data for winter
(December, January, and February — DJF), summer (March, April, and
May - MAM), monsoon (June, July, and August — JJA) and
post-monsoon (September, October, and November — SON) seasons over
the years 2000-2019 are averaged to obtain the respective seasonal
means. However, the NPP data are considered only for the yearly and
decadal averages, as there are no seasonal data. The trend in GPP is
computed for three focal periods: study period (2000-2019), previous
decade (2000-2009) and recent decade (2010-2019). The negative
trend in productivity is called browning and positive trend is greening.
The spatio-temporal analyses of CUE, its drivers and their temporal
trends are also computed. Since, the NPP data are available in the yearly
frequency, we estimated the seasonality/seasonal anomaly (Si, i for each
season) in GPP as the departure from the mean in each season (Xi) from
the annual mean (X). That is, Si = X — Xi. Since our analysis focuses on
the seasonal VCD, we did not consider smaller temporal scales. Based on
the seasonality in GPP, the seasonal variation in NPP and CUE are
estimated. CUE is estimated as the ratio of NPP to GPP (De Lucia et al.,
2007).

2.2.2. Connection, contribution and influence of drivers

PCA has been widely used in climate science for teleconnection an-
alyses (Lim, 2015; Gao et al., 2017; Mezzina et al., 2020). To better
understand the linkages among the drivers and CUE, we have performed
both unrotated (UPCA) and rotated PCA (RPCA) in our analysis. The
method is detailed in supplementary file. However, it should be noted

Table 1
Datasets with their resolution, purpose they serve in this study and source from
which they are acquired.

Data Used Resolution Purpose Source
MODIS NDVI 500 m NDVI used for estimating (https://Ipd
FPAR aacsvc.cr.usgs.
gov/)
MODIS GPP 500 m GPP, GPP trend, CUE (https://Ipd
estimation aacsvc.cr.usgs.
gov/)

MODIS NPP 500 m NPP, CUE estimation (https://Ipd
aacsvce.cr.usgs.
gov/)

MODIS Land 500 m LULC data to extract (https://Ipd

Cover vegetated land comprising aacsvce.cr.usgs.
of forests and croplands gov/)

GPM Level-3 0.1° x 0.1° Precipitation, relationship (https://daac.

precipitation with CUE gsfc.nasa.gov/)

GLDAS 0.25° x Temperature, relationship (https://daac.

Temperature 0.25° with CUE gsfc.nasa.gov/)

MERRA- 2 Air 0.5° x Air organic carbon, (https://daac.

organic carbon  0.625° relationship with CUE gsfc.nasa.gov/)

GLDAS Soil 0.25 x Soil Moisture, relationship (https://daac.

Moisture 0.25° with CUE gsfc.nasa.gov/)
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that relationship between PCA output and physical processes is not
straightforward (Spensberger et al., 2020).

The relative contribution and influence of drivers to productivity (P)
and CUE variability are estimated using the modified multiple linear
region (MLR, Kashyap et al., 2022) where the normalised trend (tren-
d/range) is used in place of trend unlike the conventional MLR (e.g.
Kuttippurath and Nair, 2017; Kuttippurath et al., 2021) as detailed in
supplementary file.

2.2.3. Causal discovery of drivers

Sensitivity of ecological systems and their interactions with both
climate and anthropogenic processes have a nonlinear relationship and
is very complex (Gahlot et al., 2017). Correlation is insufficient for
detecting the complex and nonlinear associations with drivers with
substantial autocorrelation, which does not necessarily imply causation
(Runge et al., 2019). True causality necessitates not just the establish-
ment of relationship among the variables, but also provides its direction
(e.g. Kumar et al., 2022). This study uses one such causal model within
Pearl Causality (PC) framework to discover the potential drivers of CUE
and PCMCI is the most widely used algorithm in climate science for
causal discovery (e.g. Krich et al., 2020; Verma et al., 2022).

In the first stage, the PCMCI algorithm identifies each driver’s par-
ents by performing an iterative conditional independence test by
calculating the partial correlation between two time series. In the second
stage, it assesses the statistical significance of causal links using
momentary conditional independence (MCI) tests, and then estimates
the strength of causal links using multiple linear regression (MLR). To
determine causality, the PCMCI method employs a number of statistical
tests, including linear partial correlations (Par-Corr) and nonlinear in-
dependence tests such as Gaussian process regressions and distance

WINTER (DJF) SUMMER (MAM)

MONSOON (JJA)
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correlation (GPDC) and conditional mutual information (CMI). The
PCMCI algorithm has two free parameters that the user must choose:
maximum time delay (Ty,qx) and significance threshold (&), which define
the acceptable level of false-positive link discovery. For identifying
causal links, this study employs PCMCI+ (a PCMCI extension) to allow
the discovery of contemporaneous links based on linear Par-corr tests
(Munoz et al., 2021). Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test
and the Augmented Dickey-Fuller (ADF) unit root test are used to
examine the stationarity of the dataset prior to the causal analysis.

3. Results
3.1. Seasonal and decadal variability in terrestrial productivity

The average GPP in various seasons for India during the period
2000-2019 is shown in Fig. 1. In winter, high (>250 gC/m?/yr) GPP in
Punjab and Haryana and moderate GPP (100-250 gC/m?/yr) in the rest
of Indo-Gangetic plain (IGP) are observed. This is due to the rabi agri-
culture in this season, which is supported by optimum T (15-20 °C) and
moderate SM (50-75 kg/mz) that lead to higher (>0.7) FPAR there, as
shown in Figs. S2 and S3. In summer, majority of the lands show lower
GPP (<100 gC/mZ/yr) due to little P (<0.5 mm/day), lower SM (<75
kg/mz), moderate FPAR (0.4-0.6) and very high AOCC (>20 mg/mz). In
monsoon, NE (>500 gC/rnz/yr), CI, and the western and eastern Ghats
exhibit high GPP (>250 gC/m?/yr) owing to higher P (>7.5 mm/day)
and SM (>125 kg/mz). However, higher T (>30 °C), lower SM (50-75
kg/m?) and high AOCC (15-20 mg/m?) lead to moderate (100-250 gC/
m?/yr) GPP in NW, IGP and some areas in SI In post-monsoon, NE
(>500 gC/m?/yr), the eastern coasts and SI show higher GPP (>250 gC/
mz/yr) because of relatively high P (>5 mm/day) and SM (>125 kg/rnz)

POST MONSOON (SON)

2000-2009
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Fig. 1. Gross Primary Productivity (GPP) during winter (December, January and February), summer (March, April and May), monsoon (June, July and August) and
post-monsoon (September, October and November) seasons for the period 2000-2009 (top panel), 2010-2019 (middle panel) and 2000-2019 (bottom panel).
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there.

The spatio-temporal variability in terrestrial primary productivity i.
e. GPP (Fig. 1) and NPP (Fig. 2) for both focal periods: (i) previous
decade (2000-2009) and (ii) recent decade (2010-2019) are also esti-
mated. In winter, NW and IGP (Punjab and Haryana) depict enhanced
GPP, but it is lower in the northern SI for recent decade in comparison to
the previous decade. During summer, GPP is lower in NE and higher in
the western areas of SI in recent decade. In monsoon and post-monsoon
seasons, majority of the regions exhibits an increase in GPP in recent
decade, except in SI. The NPP for the period 2000-2019 exhibits a
specific spatial pattern in India, as illustrated in Fig. 2. For instance, high
(>200 gC/mz/yr) NPP is observed in the forest areas of HR (western
Himalaya) and NE. Croplands, mainly in CI and SI, also exhibit high
NPP. In previous decade, NW and some areas in IGP exhibited lower NPP
(<100 gC/m?/yr), whereas NE, coastal areas, SI and some regions in IGP
show higher NPP (>200 gC/m?/yr). Interestingly, the western Hima-
laya, IGP, CI and northern SI show an increase in NPP in recent decade.
Similar, results are also observed for GPP, with a strong increase in NW
and IGP, but a substantial reduction in NE and SI regions.

3.2. Carbon Use Efficiency (CUE) of vegetation

3.2.1. Seasonal variability in CUE

The seasonal variability of CUE in the vegetated Indian landmass for
the period 2000-2019 is illustrated in Fig. 3. In winter, the colder re-
gions (5-10 °C) of NW with little P (0-0.5 mm/day) show very small
(0.15-0.3) CUE (Figs. S2 and S3). Most areas in IGP, CI and some areas
in SI with limited P (0-0.5 mm/day) and SM (50-75 kg/mz) exhibit
moderate (0.3-0.45) CUE. On the contrary, the croplands in SI with
optimum T (10-20 °C) and moderate SM (50-75 kg/mz) promote higher
(0.6-0.75) CUE there. The forests in the western Himalaya with higher P
(2.5-5 mm/day) and very small AOCC (5-15 mg/mz) show the highest
(0.75-0.9) CUE among the regions. During summer, limited P (0.5-2.5
mm/day) and SM (25-50 kg/mz) with high T (30-40 °C) and AOCC
(25-35 mg/mz) lead to very small (0.15-0.3) CUE in some areas of IGP
and NW. The availability of moisture in terms of P (0.5-2.5 mm/day)
and SM (50-100 kg/m?) outplays the warm summer conditions
(30-40 °C) to produce moderate (0.3-0.45) CUE in most areas of CI and
SI. Conversely, the low T (5-15 °C), high P (2.5-7.5 mm/day) and
moderate AOCC (15-25 mg/m?) in the Himalaya results in very high
(0.75-0.9) CUE in these regions.

In monsoon season, northern IGP with lower SM (25-50 kg/mz)
show very small (0.15-0.3) CUE. Although there is high T (30-40 °C),
the water availability in terms of both P (2.5-5 mm/day) and SM
(75-125 kg/mz) results in higher (0.45-0.6) CUE in SI. Some coastal
regions experience higher P (7.5-30 mm/day) that promote high
(0.6-0.75) CUE there. Very high SM (>100 kg/mz) in the western areas

NPP (2000-2009)

NPP (2010-2019)
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of SI promote higher CUE (>0.6) in both monsoon and post-monsoon
seasons. The eastern Himalaya has this cultivation season supported
by sufficient P (15-30 mm/day) and SM (75-100 kg/mz) lead to high
CUE in those regions. During post-monsoon, limited SM (50-75 kg/m?)
in northern IGP produce low (0.15-0.3) CUE. Favourable P (2.5-5 mm/
day) and SM (75-125 kg/mz) promote high (0.45-0.75) CUE in CIL
Forests in HR (western Himalaya) with high P (5-30 mm/day) and lower
T (5-15 °C) lead to very high (0.75-0.9) CUE in the region. The spatial
variability in CUE is in accordance with that of GPP and NPP, and with
its drivers in each region. Henceforth, there exists a close link between
CUE and GPP-NPP variability.

3.2.2. Vegetation carbon dynamics

Vegetation carbon dynamics (VCD) regulates the functioning of
terrestrial ecosystems that includes carbon capture (GPP), storage (NPP)
and rate of storage (CUE) as the ratio of NPP to GPP. Here, VCD is shown
in terms of the long-term trend in GPP and spatial variability in CUE
(Fig. 4). Positive trend in GPP (greening) is estimated in IGP (Punjab,
Haryana and UP) northwest (Rajasthan), west (Maharashtra), CI (MP)
and SI (Karnataka). Negative trend in GPP (browning) is observed in IGP
(Bihar, Jharkhand, West Bengal), CI (Chhattisgarh and Orissa), NE and
SI (Tamil Nadu and Andhra Pradesh). The CUE variability in India in the
last two decades (2000-2019) shows a specific pattern. For instance, the
regions such as NW, IGP and some areas in CI exhibit small (<0.3) CUE,
but higher CUE (0.45-0.6) in CI and SI. Croplands in the western areas of
SI (0.6-0.75), and forests in the Himalaya and NE (0.6-0.9) show very
high CUE. Therefore, greening is found in the regions of lower CUE and
browning in higher CUE regions. This is a major concern as there is a
need of proper planning and management to protect the green cover in
these areas of higher CUE.

3.2.3. Vegetation types and CUE

Apart from climate variability, vegetation type also plays a key role
in VCD (Yao et al.,, 2018). The CUE is a function of ecozones and
vegetation types (De Lucia et al., 2007). The Indian landmass has rich
and varied vegetated land such as forests, croplands, agroforestry and
plantations, and each type with specific role in carbon sequestration
(Murthy et al., 2013; Le Quéré et al., 2018). The major vegetation types
in India are shown in Fig. S4 and are listed in Table S2. In the western
Himalaya, savanna, woody savanna, shrublands and evergreen broad-
leaf forest exhibit very high CUE (0.75-0.9), as shown in Fig. 4. These
regions are majorly alpine forests dominated by trees such as pine and
oak. The evergreen broadleaf forests in the eastern Himalaya exhibit
higher (>0.75) CUE. In CI, shrublands, savanna dominated by woody
perennials and deciduous broadleaf forests also show higher (>0.6)
CUE. The savannas, grasslands and croplands in CI and SI regions show
CUE of 0.6 or higher. Croplands exhibit moderate (0.3-0.45) CUE in IGP,

NPP (2000-2019)
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Fig. 2. Net Primary Productivity (NPP) averaged over the periods 2000-2009, 2010-2019 and 2000-2019.
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Fig. 3. The Carbon Use Efficiency (CUE) during winter (December, January and February), summer (March, April and May), monsoon (June, July and August) and
post-monsoon (September, October and November) seasons averaged over the last 20 years (2000-2019).

CI and western coastal plains. The croplands in the western NW have
low CUE (0.15-0.3). In general, forests exhibit higher CUE than that by
croplands. Therefore, vegetation type is also a major factor in deter-
mining the CUE of ecosystems. VCD and CUE are ecosystem-specific
parameters and they vary for different biomes and vegetation types
(He et al., 2018; Gang et al., 2022). Henceforth, the selection of plant
type is very important in reforestation, agroforestry and plantation ac-
tivities, particularly for climate change mitigation measures.

3.3. CUE: variability, role of drivers and underlying mechanisms

3.3.1. Interannual variability

CUE is greatly affected by climate drivers such as T and P (He et al.,
2018; Gang et al., 2022). The changing climate has highly influenced
VCD with a reduction in NPP during the drought years (Bala et al., 2013;
Gang et al., 2022). There are negative impacts of T extremes on cropland
productivity (Lobell and Gourdji, 2012). Here, the interannual vari-
ability in CUE is explored in relation to its drivers in FPAR, SM, P, T and
AOCC, as demonstrated in Fig. 5. The years 2003-2008, 2010, 2011,
2013 and 2014 with higher water availability (P and SM) and higher
FPAR show higher CUE. However, CUE is lower in the years 2000-2002,
2009, 2012 and 2015 due to the reduction in water availability. The
years of predominant warming such as 2002, 2009 and 2016 show the
combined effect of limited P and high T, where the resulting low SM and

FPAR lead to small CUE (warming induced moisture stress). In addition,
these years also have higher AOCC, which negatively affect CUE. The
water availability accompanied by cooling has led to higher CUE
(moisture induced greening) in 2004, 2011 and 2013, as also found in
other studies (e.g. Pérez-Giron et al., 2020, 2022).

3.3.2. Connection with drivers

PCA is carried out to understand the connection of CUE with its
drivers, as shown in Fig. 5. Here, both UPCA and RPCA are performed
with two PCs, namely PC1 and PC2 based on eigen values. PC1 is defined
in UPCA by SM (0.84), P (0.66) and CUE (0.61) with positive correla-
tion, whereas T (—0.83) and AOCC (—0.66) are correlated negatively
with PC1. It shows that the water availability components in SM and P
exhibit comparable variability as for CUE. This is expected as P drives
SM and both have strong positive association with CUE. However, the
negative correlation of T and AOCC with PC1 suggests that these factors
have a detrimental effect on the variability of CUE and other variables in
PC1. Due to the overwhelming negative influence of T and AOCC, FPAR
(—0.38) shows a weak negative correlation with PC1. PC2 is largely
determined by the variability of CUE (0.65), FPAR (0.81) and P (0.49);
indicating that FPAR has a positive impact on the variability of CUE.

To better understand the relationship among the drivers and CUE, we
used the varimax approach to rotate the PCs. In RPCA, it is observed that
CUE (0.88), P (0.82) and SM (0.81) have a very strong positive
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Fig. 4. Gross Primary Productivity (GPP) trend (decreasing— browning; increasing — greening). The ratio of NPP to GPP gives the Carbon Use Efficiency (CUE) for the

period 2000-2019.

correlation with PC1, which indicates that these variables are highly
connected among themselves. T (—0.41) has a negative correlation with
PC1 as higher T will adversely affect CUE. PC2 is also distinguished by a
strong positive correlation with FPAR (0.85), AOCC (0.84) and T (0.8).
However, T (—0.41) also influences PC1 negatively as higher T will
adversely affect SM, P and CUE. AOCC (—0.15) exhibits weak negative
correlation with PC1, which suggests that it has a weak negative
connection with CUE. Henceforth, PCA analysis demonstrates that both
SM and P have strong positive association with CUE. This points out the
close connection between carbon and water cycles in cropland domi-
nated India.

3.3.3. Contribution and influence of drivers

CUE and VCD are regulated by the changes in terrestrial productiv-
ity, which is influenced by the spatial and temporal variability in
drivers. SM (32.83%) is the most dominant driver of CUE in cropland
dominated India; indicating a close link between carbon and water cy-
cles. P (26.13%), FPAR (22.32%), and AOCC (16.47%) make significant
contributions to CUE variability. The relative influence (positive/nega-
tive) of the drivers on the GPP trend and CUE is shown in Fig. 6. The
positive influence of SM and T dominates over the negative influence of
P and AOCC; leading to increase in productivity (greening) called
moisture induced greening, which is observed in NW (Parida et al.,
2020; Kashyap et al., 2022). In CI, positive influence of AOCC might be
the reason for greening due the cooling effect there, which is also
replicated by anthropogenic aerosol (brown haze) in this region (e.g.
Kuttippurath and Raj, 2021). The enhanced productivity (greening) in
IGP can be attributed to the anthropogenic intrusions such as the
improvement in irrigation facilities, enhanced farm mechanisation and
application of nitrogen-based fertilizers (Nayak et al., 2013; Ambika and
Mishra., 2020). The negative influence of SM and T (warming induced
moisture stress) is dominant over the positive influence of P, and that
lead to reduced productivity (browning) in SI. The warming induced
moisture stress is prevalent in this region, which is predominant in the

areas of Tamil Nadu (e.g. Parida et al., 2020; Kashyap et al., 2022). In NE
and eastern areas of IGP, large-scale anthropogenic activity (shifting
cultivation and land abandoning) has led to green cover loss and
browning. The NE region has severe consequences of human induced
LULCC as the loss of vegetation cover drives extreme events such as fires
and landslides in these ecologically fragile regions (Sannigrahi et al.,
2020; Kashyap et al., 2021).

3.3.4. Causal discovery of drivers

The causal graphs/network are developed by considering various
maximum time delay (Tmax) or lag and significance threshold (&) to
understand the non-linear role of drivers in terrestrial VCD. As & is
increased from 0.1 to 0.05 and further to 0.01, the number of causal
links diminishes and only the strong links remain. Also, the causal
graphs at different Ty (lag) provide insights on the mechanisms
influencing CUE and terrestrial VCD at different temporal scales ranging
from Tpax = 1-3 months, as shown in Fig. S5. Here, we have shown the
causal graph for Trax = 4 (Fig. 7), where a number of causal structures
are established at & = 0.1. P does not have a direct causal link with CUE,
but it drives SM that has a direct link with CUE with lag of 2 months. P
also has a link with FPAR, which has a direct positive connection with
CUE in a 1-month lag. FPAR is used as a proxy for photosynthesis and
higher P would support more photosynthesis and faster carbon uptake (i.
e. higher CUE). P has a negative link with T (lag = 1 month), which has
direct negative link with CUE (lag = 2 months). Therefore, P affects CUE
indirectly through other drivers. T has a strong negative link with FPAR,
as photosynthetic activity responds well only to the optimum range of T,
and therefore, CUE has a direct negative link with T. Furthermore, T has
a negative link with SM, which has a direct positive link with CUE;
explaining the negative link between T and CUE. AOCC also has a direct
negative link with CUE, as biomass burning in extensive croplands and
wild fires in forests release the stored carbon stocks captured by the
vegetation and reduces CUE. Similar causal links are also observed for &
= 0.05 and for & = 0.01.
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Fig. 5. Interannual variability in Carbon Use Effi-
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4. Discussion
4.1. Background and our findings

India is second to China in global greening as revealed by the
satellite-based leaf area index (LAI) analysis (Chen et al., 2019). How-
ever, quantification of this greening in terms of terrestrial VCD is still
uncertain (Sarmah et al., 2021; Verma et al., 2022). Therefore, we uti-
lised the MODIS data to understand the changes in terrestrial produc-
tivity for the last two decades. To find the carbon sequestration potential
of vegetated land, CUE is estimated, for the first time for India.

Regarding the productivity, Singh et al. (2011) utilised satellite data
and model results, and found a positive trend of 8.5%/dec in NPP for
India during the period 1981-2000. Another study by Nayak et al.
(2013), by using model results, showed that the increase in agricultural
production is the major reason for enhanced NPP in India during the
period 1981-2006. Bala et al. (2013) reported about 4%/dec increase of
NPP in India based on the AVHRR satellite data for the period
1982-2006. Our analysis also shows that there is about 13% increase in
NPP during the study period (2000-2019). In addition, Bala et al. (2013)
showed that the seasonal cycle of terrestrial productivity is strongly
influenced by SM in India. Kashyap et al. (2022) also revealed that SM is
the dominant driver of photosynthetic trend in India during the last two
decades. The carbon-water cycle interactions in India is complex and
exhibit high regional variability owing to the conventional irrigation
pattern in the croplands (Verma et al., 2022). Our analyses show that SM

has a dominant role in driving VCD and thus, expose a strong link be-
tween carbon and water cycle in India. However, Sarmah et al. (2021)
found that there is a mismatch between the greening trends and
terrestrial carbon uptake in south Asia. The greening is largely observed
in the croplands, which has limited carbon uptake potential. This is also
reciprocated in our study as the high CUE regions are browning. This is a
big concern for the terrestrial VCD with implications for anthropogenic
climate change.

4.2. Novelty and wider implications

Most studies have relied on either correlation (Bala et al., 2013) or
partial correlation (Sarmah et al., 2021) for finding the role of potential
drivers in the variability of terrestrial productivity. A recent study by
Verma et al. (2022) utilised causal discovery to find the drivers of GPP.
However, there were limited number of drivers with known influence.
Our analysis is not centred around the causal approach, but we utilise
the method to examine the robustness of our results derived using
various statistical techniques such as the correlation analysis, MLR and
PCA. Our study provides new insights on the rate of carbon allocation
and conversion to new biomass in ecosystems. Furthermore, it brings
into light the ecologically vulnerable regions (NE, eastern IGP and some
areas in SI), which requires immediate attention to increase the green
cover for maintaining balance in the terrestrial carbon cycle, and also to
mitigate carbon-induced climate change. Since India has various vege-
tation types, our study would also serve as a reference for quantification
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Fig. 6. Relative influence (negative/positive) of the spatial trend in climate drivers— precipitation (drying/showering), temperature (cooling/warming), soil moisture
(drying/moistening), and air organic carbon content (high/low) on the productivity trend (browning/greening) and Carbon Use Efficiency (CUE) over the

period 2000-2019.

and understanding the mechanisms influencing VCD at regional and
global scales. Additionally, our analyses would enhance the perfor-
mance of Earth System models by providing better model input for
carbon fluxes between land and atmosphere. The balance in the terres-
trial carbon cycle is key to achieve ambient atmospheric and environ-
mental conditions. Weakening of efficient vegetation carbon sinks is a
great concern for sustainability, global warming and climate change.
Knowledge about the country-wide terrestrial VCD is very important to
draft policies for mitigating climate change impacts on food production
and to achieve sustainable development goals (SDGs).

4.3. Constraints

Improved spatial resolution of the datasets would give more detailed
information on terrestrial VCD. This study assumes the seasonal vari-
ability in NPP to be the same as that of GPP for estimating CUE as there
are no seasonal datasets for NPP. The contribution of drivers estimated
here is the “relative contribution” where the sum of contribution of all

drivers is 100%. As there can be other drives, this assessment does not
claim exact contribution of any driver in regulating VCD. Since the
MODIS data are available from 2000 onwards, and the years 2020 and
2021 have the influence of COVID-induced lockdown (Kashyap et al.,
2023), the period 2000-2019 is considered in our analysis.
Ground-based measurements of productivity might provide better re-
sults, but those are not available for the Indian region to assess VCD.
Therefore, the above -mentioned limitations could influence the un-
certainty of the estimates.

5. Conclusions

The vegetation carbon dynamics (VCD) regulates functioning of
terrestrial ecosystems, as it includes carbon capture (GPP), storage
(NPP) and rate of storage (CUE). Here, we have utilised PCA, MLR and
causal discovery to examine the key drivers of CUE variability in India
for the period 2000-2019. Water availability (SM and P) promotes
higher CUE, but higher T and AOCC reduce CUE. There is an increase in
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productivity (greening) in regions of lower CUE in NW (moisture
induced greening) and IGP (irrigation induced agricultural boom).
However, a reduced productivity (browning) is found in regions of
higher CUE such as NE, lower IGP (deforestation and extreme events)
and SI (warming induced moisture stress). Apart from climate drivers,
anthropogenic intrusions (e.g. land use change, irrigation, farm mech-
anisation and pollution) also play a role in regulating VCD. Since
browning is found in regions of higher CUE, it is a major concern as it
indicates weakening of efficient terrestrial carbon sinks. Thus, there is a
need of proper planning to protect the green cover in the areas of higher
CUE.

This study, therefore, recommends preservation of green cover for
maintaining balance in the terrestrial carbon cycle. The preservation of
indigenous green cover and afforestation, particularly in the regions of
higher vegetation CUE, is very important as it would reduce the carbon
footprints in the world of global warming, rising population and high
pollution. Our analysis provides new insights on the rate of carbon
allocation and help to accurately quantify the ability of vegetation to
convert carbon to new biomass in ecosystems. Accurate quantification of
CUE for different ecozones and vegetation types would enhance the
performance of Earth System Models by providing better input for land-
atmosphere interactions. These findings would enable us to counter the
challenges of food security, global warming, climate change, and attain
sustainability by drafting and implementing relevant policies.
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Despite lying in the tropics of higher carbon uptake, Indian forest carbon stocks are underexplored. We inves-
tigate the translation of greenness to carbon uptake (Ecosystem Photosynthetic Efficiency, EPE) and its impact on
forest carbon (CUE) and water use (WUE) efficiencies in the current and future climate. We find hindered ability
of Indian forests to translate greening into carbon uptake, due to a marked decline (-5 %) in EPE during recent
decade (2010-2019) from the previous (2000-2009). The reduced EPE deteriorates forest health [(CUE, -4.5 %),
(WUE, -3 %)] driven by soil drying (-2 %) and enhanced evaporative stress (+8 %). Granger Causality and

Random Forest (RF) analyses reveal soil moisture (SM) as the key driver of EPE. Only 16 % of the Indian forests
exhibits high integrity due to anthropogenic interventions. The CMIP6 and LPJ-GUESS model projections suggest
weakening of forest carbon sinks in India and calls for sustainable actions to achieve the target of net-zero

emissions by 2070.

1. Introduction

The stability of global climate system and carbon cycle is controlled
by terrestrial ecosystems as they act as major carbon sinks, regulate the
fluxes of carbon, water, energy and momentum between the land and
atmosphere, and are home to vast varieties of habitats (Friedlingstein
et al., 2024; Bar-On et al., 2025). Forests act as global carbon sinks,
capturing almost 50 % of fossil-fuel emissions with tropical forest
deforestation and degradation releasing almost 2/3rd of it (Pan et al.,
2024). Thus, forests capture around 30 % of the anthropogenic carbon
dioxide (CO5) emissions (Ruehr et al., 2023; Bar-On et al., 2025).
Therefore, utilising the carbon sequestration capacity of forests is a
crucial element of strategies to alleviate climate change and a funda-
mental aspect of policy development (IPCC, 2021; Friedlingstein et al.,
2024). Simultaneously, climate change in the warming world and
enhanced dryness stress have adverse impacts on forests (Bauman et al.,
2022; Yan et al., 2025). In the future, global warming will intensify
aridity stress, which would decrease vegetation greenness, carbon up-
take and perturb the terrestrial carbon cycle (Reichstein et al., 2013;
Seneviratne et al., 2021).

Global carbon sinks have been stable for past three decades

* Corresponding author.
E-mail address: jayan@coral.iitkgp.ac.in (J. Kuttippurath).
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(1990-2019) with regional biome level changes such as gain in
temperate, and decline in boreal and tropical intact forests (Pan et al.,
2024; Feng et al., 2024). However, growing climatic extremes (Tao
et al., 2022; Feng et al., 2024), accelerated tropical deforestation (Qin
et al., 2021; Zhao et al., 2024) and ageing forests (Yang et al., 2023)
could disrupt the land carbon sinks (Pan et al., 2024). India lies in the
tropical regions of higher carbon uptake and contributes about 7 % to
the global carbon sinks (Harris and Gibbs, 2021), even with its mere 2 %
of the global forest cover (ISFR, 2021). India reports 21.71 % of land
area as forests and is the 8T largest in terms of global forest cover (ISFR,
2021). Additionally, India hosts 4 of the 36 biodiversity hotspots, and 2
of 8 hottest biodiversity hotspots in the world (Kong et al., 2021).
Concurrently, India is the second largest contributor to the global
greening (Chen et al., 2019) and one of the hotspots of land-atmosphere
coupling (Humphrey et al., 2021).

India has been greening in recent decades due to climate change
(Parida et al., 2020; Kashyap et al., 2022, 2023a) and anthropogenic
activities (Kuttippurath and Kashyap, 2023). However, this is largely
(86.5 %) cropland-based driven by improved irrigation and better land
management (Kuttippurath and Kashyap, 2023). Some recent studies
report mismatch in the greening and carbon uptake (Sarmah et al., 2021;
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Das et al., 2023) and carbon sink regions (Kashyap et al., 2023a) in
India. Also, the carbon uptake by Indian ecosystems is projected to
decline in the future climate scenarios (Bejagam et al., 2024). This calls
for a dedicated study that thoroughly investigates the translation of
greenness to carbon uptake in Indian forests and its drivers in the current
and future climate scenarios. However, the translation of greenness to
carbon uptake is rather complex (Walther et al., 2016; Zeng et al., 2023),
as the photosynthesis and carbon uptake are very sensitive to environ-
mental changes (Walther et al., 2016; Yan et al., 2019). Environmental
factors have the potential to cause a substantial change in the carbon
uptake even before inflicting any observable change in the vegetation
greenness (Wei et al., 2022; Zhang et al., 2024). Ecosystem Photosyn-
thetic Efficiency (EPE) is a metric used to understand this intricate
relationship between greenness and carbon uptake (Zhang et al., 2024;
Wang et al., 2023).

We, for the first time, estimate the translation of greenness to carbon
uptake (EPE), and its impact on the health and functioning [Carbon Use
Efficiency (CUE) and Water Use Efficiency (WUE)] of Indian forest
ecosystems. We quantify the contribution, relation, association and
sensitivity of ecosystem functioning metrics (EPE, CUE and WUE) to
various climate drivers. Additionally, we estimate the resilience of forest
carbon stocks to drying, warming, aridity and wildfires. We also unravel
the anthropogenic influence on forest ecosystems in India. Apart from
these, we examine the future of forest carbon stocks in India based on the
Coupled Model Intercomparison Project Phase 6 (CMIP6) projection
data and a process-based ecosystem model, Lund-Potsdam-Jena General
Ecosystem Simulator (LPJ-GUESS), results. These findings will provide
new insight into the complex relationship between greenness and car-
bon uptake. This will facilitate the implementation of strategic man-
agement and effective policies to preserve forest ecosystems, food
security, achieve net zero target and to promote sustainability in India
and other similar bioclimatic regions worldwide.

2. Data and methods
2.1. Data

2.1.1. Land cover, greenness, photosynthesis and carbon uptake

We utilise a wide range of datasets including satellite measurements
and reanalyses as listed in Table S1. A synoptic scale observation for
comprehensive monitoring of the terrestrial biosphere on a global scale
are achieved through satellite remote sensing (Crowther et al., 2015;
Chen et al., 2019). The effectiveness of moderate resolution imaging
spectroradiometer (MODIS) for the tropical regions of high carbon up-
take is well established (Sarmah et al., 2021; Kashyap et al., 2023a).
Here, we utilise the MODIS Land Cover Type (MCD12Q1) Version 6
dataset that enables a comprehensive representation of global land
cover types based on supervised classification of the surface reflectance
data. Since this study is focused on forest ecosystems, we mask the other
classes. The most widely used proxy of surface greenness is the Nor-
malised Difference Vegetation Index (NDVI) as it represents vegetation
vigour due to its association with chlorophyll content, foliar nitrogen
and leaf characteristics of the plant (Parida et al., 2020; Kuttippurath
and Kashyap, 2023). We utilise the MODIS MOD13A1 NDVI for this
purpose. We also consider the biophysical metric, Leaf Area Index (LAI)
based on MODIS MCD15A2H LAI as it is one of the key parameters to
quantify the greenness and biomass of the ecosystem due to its close
association with the plant biophysical processes (Chen et al., 2019;
Kuttippurath and Kashyap, 2023). To effectively quantify the plant
photosynthetic activity, it is crucial to estimate the fraction of photo-
synthetically active radiation (FPAR) that plants absorb from the solar
energy (Kashyap et al., 2022, 2025). The NDVI-FPAR relation is linear in
most cases and FPAR could be evaluated more accurately using NDVI as
detailed in Supplementary material. We also utilise the Net Primary
Productivity (NPP) from MODIS (MOD 17 A3HGF) as it is one of the
most fundamental ecological variables used to quantify the plant carbon
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uptake, measured as the residual of Gross Primary Productivity (GPP,
MOD 17 A2HGF) after autotrophic respiration (Ra) (Nemani et al., 2003;
Kashyap et al., 2023a). Additionally, we analyse the Solar-Induced
Fluorescence (SIF) data from GOSIF v2 gridded dataset (Li and Xiao,
2019; Kashyap et al., 2023b). SIF is the radiation flux emitted as light
energy in the wavelength range 650-800 nm during photosynthesis
(Rascher et al., 2015) and is considered an efficient indicator of
photosynthetic activity (Shekhar et al., 2022).

2.1.2. Ecosystem characteristics

The ecosystem characteristics taken in account are canopy cover,
Vegetation Continuous Fields (VCF) and above ground biomass (AGB).
The canopy cover is the proportion of the land that is having forest
canopy represented in terms of percentage (%) for the year 2010 ob-
tained from the Global Forest Watch (GFW). The Vegetation Continuous
Fields (VCF) product is a comprehensive description of the Earth’s sur-
face, encompassing three distinct components of ground cover (tree,
non-tree and bare) surfaces. Here, we consider MODIS VCF (MOD44B
Version 6.1) as it is the primary dataset known as the percent tree cover
layer that provide the percentage of each pixel covered by a tree canopy.
The biomass is a measure of the carbon stock in the plant. Here we use
the AGB data derived from GlobBiomass for the year 2010 (Santoro
et al., 2021). We also consider the forest age data to examine the
structure, carbon sequestration ability, recovery post-disturbance by
climate change and anthropogenic intrusions of Indian forest ecosys-
tems. These data are an ensemble of the global forest inventories,
biomass and climate data and are obtained from the Max Planck Insti-
tute of Biogeochemistry (MPI-BGC) for the year 2010 (Besnard et al.,
2021).

2.1.3. Meteorology, aridity, fire and topography

The moisture availability is assessed based on the precipitation (P)
data from the Global Precipitation Measurement (GPM) and the soil
moisture (SM) data from the Global Land Data Assimilation System
(GLDAS). The aridity is quantified in terms of Climatic Water Deficit
(CWD) and Vapour Pressure Deficit (VPD) obtained from the TerraCli-
mate database. CWD is a measure of land evaporative aridity quantified
as the difference between the potential evapotranspiration (PET) and
actual evapotranspiration (AET). Basically, CWD is the amount of water
that would have potentially evaporated/transpired to the atmosphere, if
it was available (Huang et al., 2021; Kashyap and Kuttippurath, 2024a).
VPD is a measure of atmospheric evaporative demand or atmospheric
aridity as it is the difference between the saturated and ambient vapour
pressure conditions at a particular temperature (Bauman et al., 2022).
VPD is considered to have a strong control on the vegetation stomatal
opening and thus influence the exchange of carbon and water between
the biosphere and atmosphere (Bauman et al., 2022; Yan et al., 2025).
The temperature (T) data is obtained from fifth generation European
Centre for Medium-Range Weather Forecast Reanalysis (ERA-5). The
evapotranspiration (ET) data are obtained from MODIS (MOD16
A3HGF) to account for ET and estimate WUE (Kashyap and Kuttippur-
ath, 2024a, b). We also consider the fire counts from MODIS Fire In-
formation for Resource Management System (FIRMS) to account for the
impact of wildfires on the ecosystem health (Giglio et al., 2016; Kashyap
and Pandey, 2021). To have a clear understanding of the impact of
topography and terrain on the variability of forest types and their health,
we utilise the elevation data based on the Advanced Space-borne
Thermal Emission and Reflection Radiometer (ASTER) Global Digital
Elevation 4 Model (GDEM) Version 3 (ASTGTM) data (Farr et al., 2007).

2.1.4. Anthropogenic activity

To account for anthropogenic influence on the forests we consider
two indices, the Human Modification Index (HMI) and Forest Landscape
Integrity Index (FLII) for the year 2016. HMI is obtained from the So-
cioeconomic Data and Applications Center (SEDAC) and it ranges from
0 to 1, which represents the cumulative measure of human modification
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on land accounting for a total of 13 anthropogenic stressors divided into
5 categories such as (i) human settlement, (ii) agriculture, (iii) trans-
portation, (iv) mining and energy production and (v) electrical infra-
structure (Kennedy et al., 2019). FLII is the first estimate of ecological
integrity of global forests, where it accounts for the observed and
inferred human pressure (infrastructure, agriculture and tree cover loss)
accounting for the loss of forest connectivity (ratio of current to po-
tential forest connectivity), for the year 2019. It ranges from O to 10,
where low is 0-6, moderate is 6-9.6 and high is 9.6-10 (Grantham et al.,
2020). Furthermore, we also estimate the change in human population
in the year 2019 from 2000, based on the pixel-wise image differencing
technique, for the Indian forest regions, which is a proxy for examining
the anthropogenic interventions in these natural ecosystems.

2.1.5. Future projections from the CMIP 6 models

We consider the future projection data for LAI, GPP, NPP and ET
from the models 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°), as these are high
resolution models with good reliability for the Indian region (Bejagam
et al., 2024). We use the data from high-resolution CMIP6 models such
as GFDL, CNRM, CM61HR and HadGEM for P and T for high emissions
scenarios (Shared Socioeconomic Pathways, SSP585) detailed in
Table S2.

2.2. Methods

We use a suite of statistical techniques such as correlation, multiple
linear regression (MLR), machine learning (ML) based Random Forest
(RF) model, Granger Causality, Growth Rate (GR) estimation and
Resilience method to make our analysis robust to draw solid conclu-
sions. The key methodological approaches are given below.

2.2.1. Regional and spatio-temporal variability estimation

First, we present the spatial variability in the forest cover in India in
terms of their broad geographic/climatic zones, forest types and eleva-
tion zones. Then, we present VCF, canopy cover and biomass and esti-
mate their regional variability. Then, we compute the spatio-temporal
variability in greenness, photosynthesis and productivity (FPAR, SIF,
LAI and NPP). We utilise the image differencing technique to estimate
the change in greenness, photosynthesis and productivity in recent
decade (2010-2019) from its previous decade (2000-2009). The
decadal change in moisture availability (P and SM), aridity (CWD and
VPD) and T are also estimated using the Eq. (2):
% Xep— 2%, 100 )

Xp

Here, X is any variable like LAI or NPP, 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 delineate the regional variability in different bioclimatic regions,
we estimate the normalised regional anomaly (NRA) of the changes in
various variables, as per Eq. (2):

= Xm)/Xm @

Here, I, = mean change value for any bioclimatic forest region of
India and X, = mean change value for the Indian forests.

We estimate forest loss based on pixel-wise image differencing
technique and the pixels of forest regions converted to non-forest pixels
are delineated as “forest loss” based on MODIS Land Cover Type be-
tween the years 2001 and 2019.

NRA = (I,

2.2.2. Estimation of forest health and functioning

We estimate three metrics of ecosystem health and functioning
namely, EPE, CUE and WUE. EPE is the translational ability of greenness
to productivity by plants. It is computed as the ratio of SIF to LAI pre-
viously (Wei et al., 2022; Wang et al., 2023; Zhang et al., 2024).
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However, being a weak signal, at times SIF is not accurately captured
and is not always a surrogate for the amount of carbon assimilated by
ecosystems particularly in high biomass regions like forests (MacBean
etal., 2018; Zeng et al., 2023). Therefore, we estimate EPE as the ratio of
carbon uptake (NPP) to greenness (LAI) for the forest ecosystems as per
Eq. (3):
NPP
EPE= —— 3
LAL 3)
The ecosystem CUE is the measure of the rate or the ability of the
vegetation to sequester carbon from the atmosphere (Gang et al., 2022;
Kashyap et al., 2023a). It is basically the rate of conversion of GPP to
NPP in ecosystems estimated as per Eq. (4):
NPP
E= —
cu GPP Q)
The ecosystem WUE is the amount of carbon assimilated to the water
lost through transpiration during photosynthesis by the plant (Keenan
et al., 2013; Kashyap and Kuttippurath, 2024a). It is a key ecohydro-
logical metric that interlinks the carbon and water cycles, and is esti-
mated as per Eq. (5):
NPP
WUE = —— 5
ET )
We also compute the future EPE, CUE and WUE based on the future
LAI, GPP, NPP and ET data from the model projections. We estimate the
change EPE, CUE and WUE among the decades from the historical
(2015-2019) to the future periods such as the decades of mid-century
(2040-2050) and end-century (2090-2100).

2.2.3. Relation with drivers: Correlation and Granger Causality

To decipher the associations of drivers with EPE we perform Par-
sons’s correlation analysis. However, since correlation does not imply
causation, we further investigate the existence of causal relationships
among EPE and its drivers based on Granger causality. We consider
Granger causality test based on the concepts of "cause" and "effect".
Granger causality is affirmed wherein the potential to predict future
responses of variable Y enhances by accounting all relevant information,
except for the present value of variable X (Granger, 1969) as detailed in
Supplementary material. To conduct a Granger causality test, a bivariate
model is established between the time series (X and Y) that are sta-
tionary as per Egs. (6) and (7):

n n
Yo= Y aYei+ ) bXei+e 6)
i=1 i=1
n n
Xo= Y cXeity dYei+é ™
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, dj # 0. To comprehend the temporal
delay in Ganger Causality, a maximum lag of 4 months is assigned.

2.2.4. Contribution of drivers: Random Forest and MLR

The capability of machine learning (ML) to effectively handle
multidimensional data has made it very useful for modelling systems
that exhibit complex nonlinear structures. The Random Forest (RF) is an
ensemble model that integrates boosting and regression trees (Breiman,
2001). A total of 500 trees are generated, with two variable splitting in
each tree. These data are partitioned into two subsets: 30 % for testing
and 70 % for training purposes. In this study, a methodology based on
precision is employed to estimate the relative contribution of each driver
on EPE, CUE, and WUE. In R Studio version 4.2.1, we employ the RF
model along with the "randomForest" and "caret" packages to assess the
relative significance of each variable based on independent data
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samples. In RF, each tree has its own independent out-of-the-bag data
sample that were not included in the initial build. The first step involves
evaluating the specimen obtained directly from the bag in terms of its
predictive accuracy. Afterwards, the stability of all other variables is
maintained, while the values of the variables in the outlier sample are
generated randomly. We assess the accuracy of predicted values by
calculating the average decrease in precision across all trees. The value
indicator is further divided into various categories of the outcomes. It
can be deduced that the stochastic rearrangement of a variable leads to
the total elimination of its predictive capability. The importance of a
variable is a measure of the degree to which its omission results in a
decrease of precision, as per Eq. (8):

- 1 rem
I, = ; {R (MSE?™ — MSEy) 8)

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 k™ decision tree, and MSE; is the forecasting
error with all predictors included in the k™ decision tree.

The RF model’s default hyperparameters are chosen for their
exceptional efficiency in executing the algorithm (e.g. Kashyap and
Kuttippurath, 2024a, b). Additionally, we employ MLR to estimate the
influence of the drivers and complement the findings drawn from the RF
model as explained in Supplementary material.

2.2.5. Sensitivity to drivers

We estimate the sensitivity of forest health and functioning (EPE,
CUE and WUE) to its drivers such as P, SM, CWD, VPD, FPAR, T and fire
count (FC) as per Eq. (9):

AS

Sx— =2
N

(C))

Here, Sx is the sensitivity of S to X, and S is either of EPE, CUE or
WUE and X is its driver (P, SM, CWD, VPD, FPAR, T and FC). The change
in S (AS) and X (AX) are the percentage change in recent decade
(2010-2019) from the previous decade (2000-2009) (Kashyap et al.,
2025).

2.2.6. Growth Rate analysis

The Growth Rate (GR) concept is widely used in economics to
compute the intermediate variations and overall cumulative changes
over a period. Recently, this technique has also been employed to
investigate the atmospheric CO, concentration changes (Keenan et al.,
2016). It is estimated as the difference in the value (X) in the current (t)
from the previous (t-1) period, as shown in Eq. (10):

Xor = Xi — X (10)

Here, Xgr is the growth rate (GR) in X (EPE and its drivers) between
time periods t and t-1.

We also estimate the cumulative growth rate (CGR, Eq. (11)) and
mean growth rate (MGR, Eq. (12)) for the study period (2000-2019).

CGR= > Xor a1

i=1

i=1

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

2.2.7. Forest Resilience

The ability or potential of an ecosystem to maintain its state and
functioning amidst a disturbance is termed as resilience (Holling, 1973).
Resilience method has gained a wide popularity in studies pertaining to
ecosystems (Sharma and Goyal, 2018; Kashyap and Kuttippurath,
2024a). Here we, estimate the forest resilience to P drying, SM stress,
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surface warming, CWD, VPD and wildfires. Since, it is a long-term
analysis and 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. First,
we find the largest negative anomaly (P and SM) and positive anomaly
(CWD, VPD, T and fire count (FC)). Then, the we compute the ratio (Ri)
of the worst affected year (Yyx) to the overall mean of the period (Yy,).
The non-dimensional quantity Ri is called as the coefficient of resilience
as per Eq. (13):

R = = 13

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).

2.2.8. Process based ecosystem model

LPJ-GUESS is a process based dynamic global vegetation model
(DGVM) that analyses the dynamics of vegetation, biogeochemistry of
the ecosystem and water cycling. By utilising available data on regional
climate conditions and atmospheric COo, it is possible to make pre-
dictions regarding the structural, compositional and functional proper-
ties of the indigenous ecosystems found within the primary climate
zones of our planet. In LPJ-GUESS models trees as age cohorts that are
identical within each cohort (age class) but differ across multiple
replicate patches. It gives outputs such as the composition and coverage
of vegetation, categorised by major plant functional types (PFTs) (Smith
etal., 2014). We employ the LPJ-GUESS (version 3.0) model to estimate
LAI, NPP, biomass, leaf carbon and nitrogen ratios (leaf C:N) for six
selected forest sites in India, one each in six different bio-climatic re-
gions, as detailed in Supplementary material (Table $3). We initially run
the model for 1000 years as a “spin up” to tune the model up for each
forest site and then run in the “transient phase” for 20, 50, and 100 years
to match the periods of 2015-2019, 2040-2050, and 2050-2100,
respectively. We use a pre-defined climate [(precipitation (P) and tem-
perature (T)] through “Run GetClim” module, which uses default at-
mospheric CO, concentrations for the “spin up”. In the “transient
phase”, we run the model initially for the “climate change” scenario. We
employ the available P (GPM) and T (ERA-5 2 m) data to compute their
anomaly for the period 2015-2019 and multi-model (GFDL, CNRM,
CM61HR, HadGEM) ensemble of P and T from CMIP6 climate pro-
jections for the future runs i.e. 2040-2050, and 2050-2100. We also run
the LPJ-GUESS model for “no-climate change” scenario when the P and
T anomalies are set at 0.

3. Study area
3.1. Zones, PFTs and elevation

The forested ecosystems in India are spatially categorised into six
bioclimatic regions: (i) Western Himalaya (WH), (ii) Eastern Himalaya
(EH), (iii) North East (NE), (iv) Indo-Gangetic Plain (IGP), (v) Central
India (CI), and (vi) Western Ghats and Peninsula (WGP) (Fig. Sla).
Evergreen Needleleaf Forests (ENF) are found in the foothills of WH in
the moderate elevation zones (600-1200 m). Evergreen Broadleaf For-
ests (EBF) are found mostly in EH, NE and western ghats (WG) in a wide
range of elevations (600-2400 m). Deciduous Needleleaf Forests (DNF),
are found in moderate elevation zones (600-1200 m) of lower WH and
CI. Deciduous Broadleaf Forests (DBF) are majorly found in the low
elevation areas (< 600 m) of CI, IGP and WGP. Mixed Forests (MF) are a
blend of evergreen and deciduous tree types (40-60 % of each) found in
all forested regions and are the predominant forest types in WH and EH
in the high (1200-4800 m) elevation and CI in low (300-600 m)
elevation areas (Fig. S1b, S1c)
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3.2. Canopy, Vegetation Continuous Fields and biomass there is a homogeneous pattern among canopy, VCF and AGB (Fig. S1d,
e, f). Among the regions, EH with forest types such as EBF and MF have

For the Indian forests, we find the mean the canopy cover as 55.6 %, the highest VCF (68.5 %), canopy (77.8 %) and AGB (786 Mg/ha). NE is
VCF as 52.5 % and AGB as 589 Mg/ha. In terms of spatial variability, the other region with EBF, MF and DBF, has high VCF (59 %), canopy
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Fig. 1. Change (%) in (a) Leaf Area Index (LAI), (b) Net Primary Productivity (NPP), (c) Soil Moisture (SM), (d) Temperature (T), (e) Climatic Water Deficit (CWD)
and (f) Vapour Pressure Deficit (VPD) in recent decade (2010-2019) from the previous decade (2000-2009) for Indian forests.
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(69.8 %) and AGB (662 Mg/ha). WGP forests have high VCF (45 %) and
canopy (50.7 %). In contrast, CI with forest types such as DBF and MF
has the lowest VCF (29.7 %), canopy (36.4 %) and AGB (378 Mg/ha).

3.3. Greenness, photosynthesis, carbon uptake and climate

Here, high FPAR (0.75-09), SIF (0.3-0.4 W/mz/m/sr), LAI (5.5-7
m?/m?) and NPP (900-1500 gC/m?/yr) are observed in majority of the
forested areas in EH, NE, and WGP (Fig. S2). These are the regions of
high moisture availability [P (> 10 mm/day), SM (> 80 kg/m2)],
moderate ET (750-1500 mm) and optimum T (16-25 °C). Moreover,
these are also the regions of lower aridity [lower CWD (< 30 mm) and
VPD (<0.8 kPa)]. Contrarily, low FPAR (< 0.65), SIF (< 0.2 W/m?/m/
sr), LAI (< 4.5) and NPP (< 500 gC/mz/yr) are exhibited by the forests
in the south WH and majority of CI. Limited moisture availability [P (< 6
mm/day), SM (< 60 kg/mz)], lower ET (< 750 mm), higher T (>25 °C)
added by higher aridity [(CWD > 45 mm), (VPD > 1.3 kPa)] are the
reasons for this (Figs. $3, S4). It is evident that the forest ecosystems
with ample moisture availability, optimum warmth and lower aridity
show higher greenness, photosynthetic activity and carbon uptake.

4. Results
4.1. Decline in forest carbon uptake despite greening

The forests in India experience a rise in FPAR (2.3 %), SIF (2.2 %)
(Fig. S5), and LAI (3.1 %) (Fig. 1a) in recent decade (2010-2019) from
the previous decade (2000-2009). In terms of spatial heterogeneity,
large increase (2.5-7.5 %) in FPAR, SIF and LAI is observed in majority
of forests in CI and some areas of WH. Marginal (< 2.5 %) increase in
FPAR, SIF and LAI is found in some forests of WH, EH, NE and WGP. LAI
exhibits an increase in all six bioclimatic regions, with its highest in WH
(4 %) and WGP (2.9 %). Similarly, FPAR and SIF also show an increase in
most regions; suggesting the greening of Indian forests. However, the
forests in India experience a decline (—1.4 %) in carbon uptake (NPP)
during recent decade from the previous (Fig. 1b). Substantial increase
(2.5-7.5 %) in NPP is observed in some forest regions of WH, CI and NE,
but marginal (< 2.5 %) increase in some areas of WH, NE and CI. This
increase is overridden by large decline (—5 to —20 %) in NPP observed
for most forests of EH, WGP and some in CI and IGP. Small (< —5 %)
decline in NPP is found in some areas of NE, CI and WGP. In terms of
regional heterogeneity, except for WH (0.3 %), all other regions exhibit
decrease in NPP, and is prominent in EH (—1.8 %), WGP (—1.5 %) and
IGP (—1.4 %). This decline in carbon uptake with hotspots in the pristine
forests of EH and WGP is also in the regions of high SM stress (—20 to —5
%), intense warming (0.2-0.6 °C), and enhanced land (CWD) and at-
mospheric aridity (VPD), about 10-20 % (Fig. 1c, d, e, f)

In terms of the temporal variability (Fig. S6) there is a homogeneity
among photosynthesis (FPAR), greenness (LAI), and carbon uptake
(NPP) in the previous decade (2000-2009), but not in recent decade
(2010-2019). While, FPAR, and LAI exhibit substantial recovery post-
2012, NPP fails to do so. To find the reason for this, we investigate the
temporal variability in NPP with its drivers (Figs. S6, S7) such as
moisture availability (P and SM), temperature (T), ET, aridity (CWD and
VPD). The year 2012 exhibits a marked decline in moisture availability,
higher warming and large VPD that drives sharp reduction in NPP. The
forest NPP recovered up to a certain extent in 2013, but then again
declined in 2014 and continued to 2016 due to very high VPD in 2014.
Since 2015, enhanced warming and ET deplete SM and thus, drive the
reduction in forest carbon uptake. It suggests that enhanced greenness
has not translated into carbon stocks by the forests in India, and this
mismatch is stronger in the pristine forests of EH and WGP.

4.2. Forest health and drivers

To explore the reason for the inability of forests to translate greening
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into carbon uptake, we examined the forest health and functioning
metrics in terms of their photosynthetic ability (EPE, Fig. 2a), carbon
sequestration (CUE, Fig. S8) and water use (WUE, Fig. S8). We find that
the forests dominated by EBF in EH, NE and WGP have high
(1250-2000) EPE. Conversely, low (< 750) EPE is found in the forests
dominated by MF in the lower WH and CI. Most areas in CI and some
areas in eastern peninsula dominated by DBF exhibit moderate
(750-1250) EPE. Likewise, high (0.7-0.9) CUE is observed for forests in
most regions of EH, some areas in WH, EH, NE and WGP dominated by
MF and EBF. However, low (< 0.45) CUE is found in forests of lower WH
and CI dominated by DBF. Very high (2-3) WUE is observed in forests of
WH and EH dominated by MF. Forests in NE and WGP also exhibit large
(1.5-2) WUE dominated by EBF, but majority of forests in CI and lower
WH show low (< 0.75) WUE and are dominated by DBF.

We then investigate the relation of EPE with its drivers (Fig. $9) and
find that SM (0.64) and T (—0.55) have strong positive and negative
relations, respectively. CWD (0.41) and P (0.31) have the positive con-
trol, contrary to negative influence of VPD (—0.2) and ET (—0.14). We
further explore the causal relationship of EPE with its drivers based on
Granger Causality test at 0-4 months temporal lag (Fig. 2b). The results
reveal that EPE has causal association with SM, T, ET, CWD and VPD.
Interestingly, P has no direct causal relation with EPE, but influences
EPE through other drivers such as SM and T. SM and T emerge as major
drivers as they have causal link with other drivers. Furthermore, to
quantify the control of various drivers, we estimate the relative impor-
tance based on RF (Fig. 2c). We find, the most dominant driver of EPE is
SM (26.6 %), followed by VCF (19.4 %) and T (13.1 %). Amongst others,
P (8.7 %), FPAR (8.7 %), VPD (8.6 %), VCF (8.4 %) and CWD (6 %) are
very important to EPE variability. We also employ MLR to estimate the
influence of drivers to EPE variability and find similar results to that of
RF (Table S4). Likewise, SM is the key to the variability in both CUE
(31.3 %) and WUE (32 %). Temperature also has a notable control on
forest CUE (17.8 %) and WUE (16.8 %). FPAR and VCF are more
important to the variability in CUE (14 %, 9.2 %) than WUE (10.7 %, 7.5
%). In contrast, VPD and P have a stronger control on WUE (12.6 %, 7.8
%) than CUE (11.2 %, 4.6 %), whereas CWD has a stronger control on
CUE (5.3 %) than WUE (5.1 %) (Fig. S8).

4.3. Declining forest health

To understand the changes in health of forest ecosystems, we esti-
mate the change (Fig. 3a, b, ), in EPE, CUE and WUE in recent decade
(2010-2019) from the previous decade (2000-2009). The forests in
India experience a notable decline in all three metrics of ecosystem
health with the largest reduction in EPE (-5 %), followed by CUE (—4.5
%) and WUE (—3 %). In terms of spatial heterogeneity, a substantial
decline (—5 to —20 %) in EPE is observed in most of EH, CI, WGP, IGP
and some areas in NE. A small (< —5 %) decline in EPE is found in some
areas of WH, NE and CI. Some areas in WH exhibit a large increase
(2.5-7.5 %) in EPE and some areas in NE and CI show marginal (< 2.5
%) increase in EPE. Likewise, a substantial decline (-5 to —20 %) in CUE
is observed in some areas of WH, EH, NE, CI and WGP. A small (< —5 %)
decline in CUE is also found in some areas of WH, NE and CI. Some areas
in WH exhibit a high increase (2.5-7.5 %) in CUE and some areas in CI
find a marginal (< 2.5 %) increase in CUE. A substantial reduction (—5
to —20 %) in WUE is observed in most of WH, CI and some areas in NE. A
small (< —5 %) decline in WUE is also found in some areas of EH, NE, CI
and WGP. Some areas in EH, NE, IGP and eastern peninsula show an
increase in WUE. In terms of temporal variability (Fig. 3d), there is an
evident decline in all three (EPE, CUE and WUE) forest health metrics in
recent decade (2010-2019). As found in NPP (Fig. S6), it never recov-
ered after the big drop in 2012, with recurring reductions in 2014-2016
and 2019.

The decline in the health of Indian forests is due to reduced moisture
availability [P (—1.1 %), SM (—2.2 %)], increased aridity [CWD (8.2 %)
and VPD (0.4 %)], surface warming (0.125 % or 0.36 °C) and frequent
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Fig. 2. (a) Ecosystem Photosynthetic Efficiency (EPE), (b) Granger Causality results for relation of EPE (blue line: positive impact, red line: negative impact) with
drivers at 0-4 months temporal lag. (c) Random Forest based relative contribution (%) of drivers to EPE variability, (d) Sensitivity of EPE to its drivers- Precipitation
(P), Soil Moisture (SM), Temperature (T), Climatic Water Deficit (CWD), Vapour Pressure Deficit (VPD), Fraction of Photosynthetically Active Radiation (FPAR),
Vegetation Continuous Fields (VCF) and Fire Counts (FC) for Indian forests during the period 2000-2019.

wildfires (8.7 %) in recent decade (2010-2019) from the previous
decade (2000-2009) (Fig. 3e). In terms of regional heterogeneity, all
regions except WH [(EPE (+7.2 %) and CUE (+12.3 %)], have reduced
EPE and CUE. The regions such as EH (—9 %), WGP (-8 %) and IGP
(—7.8 %) show a very large, and CI (—5.4 %) and NE (—3.3 %) exhibit a
marked decline in EPE. Likewise, the largest reduction in CUE is
observed in WGP (—6 %) and EH (—4.4 %). This is due to enhanced
moisture stress and increased wildfires in the warmer and drier climate.
NRA in the changes also reveal similar results, with the largest EPE (—4
%) decline among the bioclimatic regions in EH due to a substantial
increase in aridity [CWD (18 %), VPD (3.3 %)], warming (T, 0.9 %) and
drying [SM (—2.7 %), P (—0.16 %)]. WGP also exhibits a marked decline
in EPE (—3 % NRA) due to predominant P drying (—5.8 %), SM stress
(—0.63 %) and enhanced atmospheric aridity (VPD, 3 %) (Fig. S10).

4.4. Forest health: Sensitivity and Resilience

To understand impact of these changes and the ability of the forests
to maintain their health, we estimate the sensitivity of EPE to its drivers
(Fig. 2d). EPE exhibits very high negative sensitivity to T (—41) and VPD
(—13), but low sensitivity to FPAR (—2.2), CWD (—0.63) and wildfires
(—0.59). Conversely, EPE has positive sensitivity to moisture availability
[(P, 4.5) and (SM, 2.3)]. CUE and WUE also exhibit similar sensitivities
to their drivers but of a smaller magnitude (Fig. S11). On regional scale,
both EPE and CUE shows very high negative sensitivity to T in WGP
(—66, —48.3), IGP (—60.5, —28.5) and NE (—22.4, —19.4). Interestingly,
CUE (16.5) and EPE (9.6) exhibit high positive sensitivity to T, but WUE
shows high negative (—13.7) sensitivity to T in WH. Except in WGP,
WUE has positive sensitivity to both VPD (7.7) and CWD (5.9), which is

highest in CI (Figs. 2d and S11).

Furthermore, the forest resilience to the moisture deficit (P, SM),
warming (T), aridity (CWD, VPD) and wildfire (FC) are shown in Fig. 4.
We find forests in most of lower WH, some areas in EH, NE and most of
CI are non-resilient to P deficit (Fig. 4a). Likewise, forest ecosystems in
most areas of WH, NE and CI are non-resilient to SM drying (Fig. 4b).
Majority of forest ecosystems in WH, CI and some areas in EH and WGP
are non-resilient to CWD (Fig. 4c). Likewise, there are regions such as
WH, eastern CI, IGP and some areas in EH and NE, where forests are non-
resilient to VPD stress (Fig. 4d). Forests in most of EH, WGP, some areas
in NE and WH are non-resilient to warming (Fig. 4e). The forests non-
resilient to wildfires are largely in EH, WG and some areas in WH and
CI (Fig. 4f). The Indian forests are vulnerable to these extremes in
various regions.

4.5. Forest health: Human influence and Integrity

The forests are not just impacted by climate change but also by
human activities. To find the extend of human intervention on forests,
we consider two indices, HMI and FLII, (Fig. 5). The forests in most of
lower WH, IGP and WGP exhibit higher (0.35-0.6), and EH and lower
NE exhibit lower human modifications (HMI < 0.25) (Fig. 5a). In India,
most (56.34 % area) forests show moderate (8-9.6) and some (27.43 %
area) in NE and CI exhibit low (0-6) integrity (FLII) (Fig. 5b).
Conversely, some (16.22 % area) forests in EH and CI exhibit high
(9.6-10) integrity. On regional scale, forests in EH has the smallest
modifications (HMI=0.16) and thus exhibits largest integrity
(FLII=8.2), but forests in CI exhibit high modifications (HMI=0.4) and
low integrity (FLII=5.5). Likewise, forests in IGP exhibits lowest
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Fig. 3. Change (%) in (a) Ecosystem Photosynthetic Efficiency (EPE), (b) Carbon Use Efficiency (CUE) and (c) Water Use Efficiency (WUE) in recent decade
(2010-2019) from the previous decade (2000-2009), (d) Temporal evolution in EPE, CUE and WUE during the period 2000-2019, (e) Percentage change in EPE,
CUE, WUE and their divers- Precipitation (P), Soil Moisture (SM), Temperature (T), Climatic Water Deficit (CWD), Vapour Pressure Deficit (VPD), Fraction of
Photosynthetically Active Radiation (FPAR), Vegetation Continuous Fields (VCF) and Fire Counts (FC) in recent decade (2010-2019) from the previous decade
(2000-2009) for various regions in India (IND), and Western Himalaya (WH), Eastern Himalaya (EH), North East (NE), Indo-Gangetic Plain (IGP) Central India (CI)

and Western Ghats and Peninsula (WGP).

integrity (FLII= 3.9) and large modifications (HMI=0.38). This hints at
potential forest fragmentation by humans with hotspots in IGP and CI.
Interestingly, despite high modifications (HMI= 0.37), forests in WH
exhibits large (FLII= 7.7) integrity, which is opposite in the forests of NE
(FLII= 6.2 and HMI= 0.28) (Fig. 5c, d). Furthermore, we also find a
substantial increase in human population in the Indian forests during the

period 2000-2019. The forests in HR, NE, IGP, CI and WGP exhibit a
huge population explosion (40-60 %) (Fig. S12). These regions are also
the hotspots of human modification and forest fragmentation (Figs. 5
and S12).
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Fig. 4. Forest Resilience (R) to (a) Precipitation (R_pre) drying, (b) Soil Moisture stress (R_sm) , (c) land evaporative aridity (R_cwd), (d) atmospheric aridity (R_vpd),

(e) warming (R_temp) and (f) wildfires (R_fire) during the period 2000-2019.
4.6. Forest health: Growth Rate, age and the future

The Growth Rate (GR) analysis during the period 2000-2019 reveals
greening of Indian forests with positive CGR in NDVI (2.7 %), VCF (2 %),

LAI (7.4 %) and SIF (6.1 %). However, this greening is not being effi-
ciently translated in carbon uptake as exhibited by the negative CGR in
NPP (—3.54 %) and a reduction in translation of greenness to carbon
uptake (EPE, —2.67 %), which substantially deteriorates forest health
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(CI) and Western Ghats and Peninsula (WGP).

[negative CGR in CUE (—10.75 %) and WUE (—5.8 %)] in India. This is
driven by positive CGR in aridity [VPD (9.9 %), CWD (5.1 %)], T (2.26
%) and wildfires (12.34 %), and negative CGR in moisture availability
[SM (—2.47 %), P (—2.1 %)] as depicted in Fig. 6b Apart from the
climate drivers, there are human interventions that negatively impact
the forest structure and functioning. To closely examine this, we analyse
the forest age (Fig. 6a) and forest loss (Fig. $13) in India. We find that
most forests in India are middle aged (30-60 years), and are mainly
found in the foothills of WH, most of EH, NE, CI and northern WGP. The
forests in India are young (< 30 years) in the regions of southern WGP,
eastern CI, and IGP. In contrast, old age (60-150 years) forests are
predominantly found in the Himalaya (northern WH and EH). We find
forest loss as the conversion of forests to non-forest lands during the
period from 2001 to 2019, primarily in CI (23 % NRA) and WGP (10 %
NRA). This explains the decline in EPE in Indian forests with its peak in
the pristine forests of EH and WGP. Thus, we find declining forest carbon
sink potential in India despite greening due to both changing climate
and anthropogenic intrusions. Henceforth, the future fate of forest car-
bon stocks in India in this scenario needs to be explored.

In order to investigate the future of forest ecosystems in India, we
employ CMIP6 future projections and LPJ-GUESS process-based
ecosystem model results. From the CMIP6 (Fig. S14), we find increase in
all parameters except CUE (—0.6 %) in the end of the century (P3,
2090-2100) from the base period (P1, 2015-2019). Furthermore, we
split the time span into two focal periods, i.e., F1 is mid-century (P2,
2040-2050) from the base period (P1, 2015-2019); and F2 is end-
century (P3) from P2. We find large increase in all parameters in F1
wherein, greenness (LAL, 6 %), carbon uptake (NPP, 23 %) and con-
version (EPE, 8.6 %) are prominent. In F2, there is smaller increase in

10

NPP (10.7 %) despite larger increase in LAI (14 %) due to reduction in
EPE (—1.35 %). Among the two focal periods (Fig. 6¢), there is pre-
dominant decline in carbon uptake (—12.3 %), despite greening (8.2 %)
due to decline in EPE (—10 %). The decrease in EPE also degrades forest
health (CUE, —3.8 %) and (WUE, —5 %).

We run the LPJ-GUESS DGVM, for examining the effect of climate
change on forests. Therefore, the model is run for both no-climate
change (Fig. S15), and climate change scenarios (Fig. 6d). In no-
climate change scenario, there are very small and inconsistent changes
among the parameters in the period (P3-P1). In contrast, we find in-
crease in all parameters (LAL, NPP, biomass and leaf C:N) in the period
(P3-P1) in the climate change scenario. As done before, we split the time
span into two focal periods (F1 and F2) for detailed investigation.
Interestingly, there is a substantial increase in each parameter [(LAI,
10.6 %), (NPP, 14.2 %), (biomass, 20 %) and (leaf C:N, 10.4 %)] in F1.
However, there is decline in each parameter [(LAL —3.7 %), (NPP, —0.9
%), (biomass, 20 %) and (leaf C:N, 10.4 %)] in F2 (Fig. S14). Between
the two focal periods (F1 and F2), there is a substantial decline in all
parameters such as greenness (—14.3 %), carbon uptake (—15 %),
biomass (—23.2 %) and leaf C:N (—13.8 %) in the climate change
context. Contrarily, in no-climate change scenario, there are very small
changes in all parameters, where carbon uptake has smaller decline than
in the climate change run (Fig. 6d). Therefore, both LPJ DGVM results
and CMIP6 future projections reveal that the strength of Indian forest
carbon sinks is declining in the future.
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5. Discussion
5.1. Indian forest carbon stocks: significance

The global atmospheric CO; and average temperature have risen
substantially since the industrial revolution (IPCC, 2021; Friedlingstein
et al., 2024). India is no different, as the CO, concentration in India has
been increasing rapidly (2.1 ppm/yr) over the past few decades
(2002-2020) similar to those in the global tropical and mid-latitudes
(Kuttippurath et al., 2022). This increase in atmospheric CO; in India
can be attributed to anthropogenic emissions, agricultural and soil
emissions, and inadequate land management practices (Singh et al.,
2022). Since the Kyoto Protocol (1997), there has been a notable
emphasis on forests for the purpose of carbon sequestration and miti-
gation of global warming (IPCC, 2021; Friedlingstein et al., 2024).
Under the Bonn Challenge (2011) and Land Degradation Neutrality
(LDN) goals (2015), India is committed to restore 26 million hectares of
degraded land by 2030. Also, maintaining forest carbon sinks and their
resilience to climate change and human interventions is key to attain
India’s target of net zero emissions by 2070 (ISFR, 2021, 2023). South
Asia continues to be a carbon sink with India being the largest
contributor, both as a source and a sink (Jain et al., 2025). However,
despite lying in the tropical region of higher carbon uptake, the fate of
forest carbon stocks in the current and future climate change sceanrios is
largely underexplored for India, and therefore, this is the first compre-
hensive study in this regard.

5.2. Mismatch between forest greening and carbon uptake

We find that there is greening of Indian forests in terms of increase in
greenness and photosynthesis (FPAR, LAI and SIF) consistent with our
previous finding Kuttippurath and Kashyap (2023). The Indian forests
are greening in recent decades due to several land development initia-
tives such as the National Afforestation Programme (NAP) and Green
India Mission (GIM) implemented by the Ministry of Environment,
Forest and Climate Change (MoEFCC) focused on plantations and
afforestation drives (ISFR, 2021, 2023; Pasha and Dadhwal, 2024).
However, there is a decline in forest carbon uptake (NPP) of Indian
forests despite greening. The limited cropland canopy carbon uptake
and low GPP in forests resulted in weak carbon uptake in India during
recent decades (Sarmah et al., 2021). Interestingly, there is a mismatch
between the greening and carbon sink potential in India (Kashyap et al.,
2023a). A recent study also finds this inability of translation of greenness
to productivity in major forests of India due to warming. It states that,
above a threshold temperature, GPP decreases and wherein respiration
becomes stable and reduce NPP (Das et al., 2023). Apart from warming,
there must be other ecosystem processes and certain biophysical
mechanisms that inhibits the carbon uptake despite increased greenness
in Indian forests.

5.3. Declining forest carbon stocks: Climate change and anthropogenic
intrusions

To further investigate this, we estimate EPE (translation of greenness
to carbon uptake) for the first time for Indian forests and find that EPE
has declined substantially in recent decade (2010-2019) from the pre-
vious (2000-2009). Interestingly, the largest decline in EPE is for the
pristine forests of EH, WGP and IGP which also have the highest EPE.
This explains the hindered ability of Indian forests to translate greenness
to carbon uptake during recent decade. In addition, declining EPE
adversely impacts the forest health with reduction in CUE and WUE,
predominant in the pristine forests of WGP and EH. The decline in forest
ecosystem health can be attributed to the reduced moisture availability,
increased aridity, enhanced warming and frequent wildfires in recent
decade (2010-2019). Correlation analysis and Granger Causality test
reveal SM and T as the key drivers of EPE. We also find SM (26.7 %) to
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have a stronger control on EPE than T (13.2 %) for the Indian forests, as
per RF analysis. The forest health metrics (EPE, CUE and WUE) exhibit
higher negative sensitivity to T and VPD, low negative sensitivity to
FPAR, CWD and wildfires, and positive sensitivity to P and SM. Inter-
estingly, the sensitivity of EPE to its drivers surpasses that of CUE and
WUE. Rising moisture stress and intense warming adversely affect the
health and functioning of terrestrial ecosystems in India (Das et al.,
2023; Kashyap and Kuttippurath, 2024a, b). Accelerated warming and
wildfires have depleted the forests and negatively impacted the carbon
sinks in recent decades (Haughan et al., 2022) in India, particularly with
wildfire hotspots in WH, EH and CI (Sannigrahi et al., 2020), and more
frequent fires are expected in the warmer and drier future climate (Bar
et al.,, 2024). Frequent landslides in the Himalayan region can also
deplete the carbon sinks (Kashyap et al., 2021). The forests are
non-resilient to moisture stress, aridity, warming and wildfires, with
hotspots in the pristine forests of EH and WGP.

Furthermore, there are noticeable human modifications leading to
forest fragmentation (loss of integrity) with hotspots in IGP and CI.
Nevertheless, some forests (16.2 % area) in India have high forest
integrity, though much lower than the global average of 40 %
(Grantham et al., 2020). We find young forests (< 30 years) in the re-
gions of predominant forest loss in CI and WGP. Also, there has been a
substantial decline in the large and mature trees in India, which are
replaced with small plantations in recent decade (Brandt et al., 2024).
The large-scale anthropogenic intrusions such as deforestation owing to
the traditional agricultural practices (slash and burn, and shifting jhum
cultivation) (Sparsha and Parida, 2024), plantation expansion,
encroachment, mining activities and other developmental activities
have led to forest degradation in the ecologically sensitive regions of EH,
NE, CIand WG (Reddy et al., 2018; ISFR, 2023). Since 2012, the Western
Ghats are designated as the UNESCO World Heritage site for being one
the planet’s most biologically diverse hotspots, but the region experi-
enced 7 % deforestation during 2001-2020 (Pasha and Dadhwal, 2024)
with a notable decline in moderately dense and open forests (ISFR,
2023). Concurrently, there is an increase in plantation trees outside the
forests and savanna in India (ISFR, 2023; Pasha and Dadhwal, 2024).

5.4. Future of forest carbon stocks: Implications and Recommendations

From the CMIP6 model results we find a marked decline in carbon
uptake (NPP, —12.3 %), despite greening (LAL +8.2 %) in Indian forests
between mid-century (2040-2050) to end-century (2090-2100) from
mid-century to base period (2015-2019). This is due to the reduction in
translation of greenness to carbon uptake (EPE, —10 %) that leads to
reduced carbon (CUE, —3.8 %) and water (WUE, —5 %) sequestration of
the forests while maintaining carbon uptake. Likewise, the results from a
process-based DGVM in LPJ-GUESS exhibit a substantial decline in
carbon uptake (—15 %), biomass (—23.2 %) and leaf C:N (—13.8 %)
during the same period. This indicates the weakening of the forest car-
bon sinks and declining forest health is likely to be stronger in the future
due to climate change and anthropogenic interventions in India. A
recent study also finds a declining NPP growth rate from 2021 to 2099
for the Indian terrestrial ecosystems and attributes it to weakening CO5
fertilization effect (CFE) (Bejagam et al., 2024). This is in coherence
with the limited and reduced CFE due to rising nutrient and water
limitations in the current and future climate (Wang et al., 2020; Winkler
et al., 2021). Additionally, the radiative effects of increasing CO, as a
potent greenhouse gas (GHG) would drive unprecedented warming and
counterbalance the fertilization effects (Penuelas et al., 2017; Shi et al.,
2021).

The degradation of forest resources is a concern for the economy of a
country and would eventually impact its timber production, market
price, planting intensity and lives of forest dwellers in India. Addition-
ally, it threatens the indigenous biodiversity and pushes them towards
extinction. Also, degradation of forests in ecologically fragile regions
like EH, NE and WG can lead to more frequent climatic extremes in the
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future. Furthermore, forests possess a restricted capacity for carbon
storage, which is insufficient to effectively address the rise in atmo-
spheric CO,. Furthermore, a substantial part of carbon is stored in non-
living systems on land (Bar-On et al., 2025). Henceforth, it is imperative
to avoid misconstruing forest-based climate mitigation as a solution to
current anthropogenic carbon emissions levels (Canadell, 2025). The
ageing tropical forests might get saturated as carbon sinks in the future
(Yang et al., 2023; Wigneron et al., 2024). Conversely, endeavours to
counteract deforestation and enhance carbon reserves should be pro-
moted as valuable and efficient approaches to counterbalance the re-
sidual emissions to achieve the target of net-zero emissions by 2070 in
India. Henceforth, there is a need for better management of land-based
carbon emissions and advanced technologies for carbon capture and
sequestration. Additionally, the afforestation programmes should be
more scientific and focused on maintaining the existing forest areas,
including the historical natural forests. Furthermore, studies on forest
carbon dynamics should be encouraged for the Indian region integrating
remote sensing observations and ground-based measurements.

5.5. Limitations

The study employs remote sensing measurements, which have un-
certainties such as saturation and insufficient sensitivity in the dense
canopy regions. There is a severe lack of ground-based measurements for
the estimation of carbon and water fluxes for the Indian region. There-
fore, satellite data with higher resolution and more surface measure-
ments would improve our understanding of Indian forest carbon
dynamics. The CMIP6 model results are subject to limitations like
insensitive to efficiently account for dryness stress such as SM, VPD and
compound SM-VPD stresses on vegetation (Liu et al., 2023; Song et al.,
2024) and they overestimate the future greening (Wu et al., 2022). The
CMIP6 models are also subject to limited ability to simulate the extreme
events such as mega-droughts, heatwaves, intense wildfires, human
mismanagements, destructive logging, insect and disease outbreaks, and
forest diebacks (Zhao et al., 2020; Wu et al., 2022). These models also
face challenges in simulating the influence of climate oscillations like El
Nino Southern Oscillation (ENSO), which substantially impact photo-
synthesis (Kashyap and Kuttippurath, 2025) and carbon stocks
(Wigneron et al., 2020) in the topical regions of higher carbon uptake. In
addition, the CMIP6 model results are constrained by coarse resolution
and thus, it affects the accuracy of simulations on regional scales.
Process-based ecosystems models like LPJ-GUESS are originally cali-
brated for global climate regions and henceforth, they might not very
efficiently capture regional variability, particularly for a very complex
vegetation-climate-human interaction landscape like India. The statis-
tical and ML techniques employed in this study are subject to some
limitations as they are largely data-driven, which demand more mea-
surements to produce robust results. The natural variability in forests
such as succession, defoliation, regeneration, changes in soil composi-
tion, altered nutrient cycle and plant species distribution are very
complex and are not accounted for in these analyses, which could also
add some uncertainty in the results. The study period is based on the
availability of data post-MODIS era (since 2000), and the years
post-2019 such as 2020 and 2021 are not considered as they exhibit high
anomalies due to the impact of COVID-19 lockdown (Kashyap et al.,
2023Db).

6. Conclusions

Forests are major carbon sinks and are considered as nature-based
solutions (NbS) to combat climate change. We, for the first time, thor-
oughly investigate the structure (greenness), functioning (carbon up-
take), translation of greenness to carbon uptake (EPE), health (CUE and
WUE), climate and anthropogenic drivers of change, and spatio-
temporal evolution in the current and future climate scenarios for the
Indian forests. We employ a suite of statistical and ML techniques on a
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range of remote sensing, reanalysis, the CMIP6 model projections and
the LPJ-GUESS process based vegetation model data. We find limited
ability of Indian forest ecosystems to translate the greenness to carbon
uptake in recent decades (2000-2019). Previous studies have reported
mismatch between greening and carbon uptake and hindered translation
of greening to enhanced carbon uptake in India and attributed it the
impacts of climate change driven warming. However, we compute a
novel metric-the Ecosystem Photosynthetic Efficiency (EPE) to explicitly
explain the inhibited translation of the structure and functioning of In-
dian forests. We find substantial decline in EPE during recent decade
(2010-2019) from the previous decade (2000-2009), predominant in
the hotspots of highest EPE such as EH, WGP and IGP. The decrease in
EPE also drives reduction in CUE and WUE of the forests. Our analysis
finds that the decline in forest health and functioning (EPE, CUE and
WUE) is due to enhanced moisture stress, rising aridity and increased
wildfires, in addition to rapid surface warming. Forest health and
functioning exhibit high negative sensitivity to T and VPD, low negative
sensitivity to FPAR, CWD and wildfires, and high positive sensitivity to
moisture availability (P and SM). Forests ecosystems are non-resilient to
drying, aridity, warming and frequent wildfires in most regions, with the
pristine forests in EH and WGP being the hotspots. Additionally, human-
driven modifications have led to loss of forest integrity, with IGP and CI
as its hotspots. Both CMIP6 projections and process based DGVM in LPJ-
GUESS results reveal that there is a notable decrease in the carbon up-
take, despite greening due to the decline in EPE, which reduces CUE and
WUE between mid-century (2040-2050) to end-century (2090-2100)
from mid-century to the historical period (2015-2019). This suggests
that the forest carbon sinks in India are weakening under the current and
future climate change scenarios.

The study has some limitations due to the uncertainties in the remote
sensing, reanalyses, and the model data. The lack of ground-based data
in India and limitations of the statistical and ML methods adds to these
uncertainties. Therefore, these findings call for establishment of an
efficient network of ground-based stations in the Indian region, as its
forests are weakening as carbon sinks, home to rich biodiversity and
support food and livelihood of billions in the country. Future studies
should integrate remote sensing data with in-situ measurements with a
focus on the ecologically fragile and climate extreme prone pristine
forests of Himalaya and Western Ghats. In the future, accelerated
deforestation and forest degradation due to changing climate, rising
extremes, agricultural expansion, plantation growth and rapid devel-
opmental activities can lead to savannisation of Indian forests. Hence-
forth, there is an urgent need for preservation of indigenous forests,
sustainable and judicious use of forest resources, improved forest man-
agement practices, scientific afforestation programmes, substantial
reduction in carbon emissions and better carbon capture technologies to
achieve sustainability and the target of net zero emissions in India by the
year 2070.
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Abstract

Soil moisture (SM) interconnects various components of the Earth system and drives the land—atmosphere feedbacks and
food production. However, around 40% of global vegetated land experiences SM drying. India is one of the global hotspots
of land—atmosphere interactions and an extensively agrarian economy, but underexplored in terms of SM dynamics
and its ramifications on food security. Here, we examine the mechanism of SM drying and its implications on cropland
productivity in India based on remote sensing measurements and land surface model simulations in recent decades
(2000-2019) and future projection of the 21st century. We find SM reduction predominantly in monsoon (4.5%) and winter
(3%) seasons that are in the major agricultural seasons of Kharif and Rabi, respectively. Machine learning (ML)-based
random forest (RF) reveals that temperature (T, 30.76%) is the dominant driver of SM variability, and then precipitation
(P, 26.34%), evapotranspiration (ET, 26.08%) and surface greenness (16.82%). Concurrently, India experiences severe
warming in terms of land (0.59 ‘C/dec), soil (0.48 C/dec) and soil heat flux (SHF, 0.16 W/m?/dec) during 2000-2019.
Partial correlation analysis between SM and T limiting the influence of P reveals a strong negative (> —0.5) relationship
in the agriculture intensive regions of Indo-Gangetic Plain (IGP) and South India (SI). Drying owing to warming and
increased SHF, termed as warming-induced moisture stress, reduces gross primary productivity (GPP) (i.e. browning)
and yield of major food crops of wheat, rain-fed rice, maize and soyabean, predominantly in SI and eastern IGP. Granger
Causality shows that warming-induced soil moisture stress has a maximum temporal lag of 1 month. In a warming world,
the ever-growing population demands more food, and therefore, the warming-induced soil moisture stress is a serious
threat to food security in India and similar agro-climatic regions of the world. This calls for climate-resilient agriculture,
better agronomic management, improved irrigation and adoption of water-efficient crops.

Keywords Agricultural droughts - Causality - Cropland productivity - Global warming - Machine learning

Introduction et al. 2019). Therefore, changes in SM can alter these fluxes

and impact water and carbon cycles (Zhou et al. 2021;

Soil moisture (SM) is an important entity in the global
climate system as it interconnects the hydrosphere,
atmosphere, lithosphere and biosphere (Humphrey et al.
2021). SM plays a vital role in the land—atmosphere
feedbacks and food production (Humphrey et al. 2021;
Krishnamurthy et al. 2022). SM regulates the fluxes of
moisture, energy, momentum between land and atmosphere,
and controls the terrestrial biogeochemical cycles (Green
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Patel et al. 2024). SM also plays a vital role in ecosystem
functioning (Green et al. 2019; Humphrey et al. 2021),
crop yield (Krishnamurthy et al. 2022) and extreme events
such as droughts (Trenberth et al. 2014; Ault 2020) and
heatwaves (Zhou et al. 2024). Therefore, SM is an essential
climate variable (ECV) of the land—atmosphere interactions.
However, the drastic reduction of SM intensified in recent
decades, by which almost 40% of the global land region is
drying (Lal et al. 2023; Peng et al. 2023). This SM drying
is attributed to decline in precipitation (P), increase in
evapotranspiration (ET) and warming (Deng et al. 2020;
Lal et al. 2023). Global warming leads to an increase in
ET, which further increases the intensity and frequency of
SM drying (Lal et al. 2023). Anthropogenic warming may
be a major cause for SM drying (Marvel et al. 2019). Also,
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the intensive agricultural practices based on the enhanced
nitrogenous fertilisers have led to the expansion of arable
lands and disturbed soil-water balance owing to high SM
consumption (Liu et al. 2015; Samaniego et al. 2018).

Global croplands are facing frequent flash droughts in
recent decades (Mahto and Mishra 2023) with southeast
Asia as a major hotspot of water and food crisis due to
climate change (Lobell et al. 2008) and recent engrossment
in aridity (Kashyap and Kuttippurath 2024). Furthermore,
the warming in this region is projected to result in more
intense and frequent flash droughts that would decline crop
yield (Mishra et al. 2014; Mahto and Mishra 2023). In India,
monsoon precipitation is the primary source of moisture
during the Kharif season. However, crop production during
the dry season (Rabi) largely depends on the SM availability
(Mishra 2020; Shah et al. 2021). Apart from the changes in
monsoon rainfall (Nair et al. 2018; Mishra 2020), there is
a significant warming (Kumar et al. 2023) and increase in
ET during recent decades in India (Patel and Kuttippurath
2022). The dry season warming exuberates the SM drying in
India (Mishra 2020). Concurrently, India exhibits substantial
changes in vegetation during recent decades (Chen et al.
2019; Parida et al. 2020; Kuttippurath and Kashyap 2023)
and studies highlight the importance of SM in driving
photosynthetic activity (Kashyap et al. 2022), productivity
(Dubey and Ghosh 2023), carbon dynamics (Kashyap et al.
2023a), ecosystem health (Kashyap and Kuttippurath 2024)
and land—atmosphere feedbacks (Sebastian et al. 2023) in
India.

Low SM leads to vegetation droughts in a minimum of
50% of the total area in 16 out of 24 major river basins in
India, with more than half of the total area for each vegeta-
tion type exhibits a lack of resilience (Jha et al. 2019). In the
anthropogenic climate change scenario, the carbon—water
cycle coupling has strengthened due to rising moisture stress
in India (Kashyap and Kuttippurath 2024). A few studies
attempt to investigate the influence of SM variability on veg-
etation in India (Pangaluru et al. 2019; Bhimala et al. 2020).
SM limitations predominantly control vegetation productiv-
ity in India (Dubey and Ghosh 2023). Additionally, soil-veg-
etation moisture capacitator effect maintains dry season pro-
ductivity and land—atmosphere feedbacks in India (Sebastian
et al. 2023). Henceforth, SM is a crucial factor that affect
carbon capture, crop growth and the net food production in
India. Henceforth, there is a need of a dedicated study that
provides a holistic insight on SM changes, mechanisms and
implications in terms of food security in India.

We hypothesise that in a warming world with erratic
rainfall can increase ET and cause soil drying that would
adversely affect vegetation productivity and crop yield.
Therefore, we find the variability and changes of SM
across space and time in India, based on remote sensing
measurements (ESA CCI) and process-based land surface

model simulations for the past two decades (2000-2019).
The role of key climate drivers (P, temperature [T] and ET)
and anthropogenic drivers such as gross sown area (GSA),
net irrigated area (NIA) and irrigated sown area (ISA) in
regulating SM is also explored using the partial correlation,
multiple linear regression (MLR), pixel wise change detec-
tion, machine learning (ML)-based random forest (RF) tech-
nique and Granger Causality. To examine the implications of
SM changes on food security, the interrelationship between
SM and gross primary productivity (GPP) is assessed. The
changes in major food crop yield for wheat, rain-fed rice,
maize and soyabean are also estimated. The future scenario
is examined in the context of climate change impact on SM
and its implications for food security in India in the 21st
century. The study has high significance for agricultural
decisionmaking, cropland management, sustainable agri-
cultural practices, land resource conservation and carbon
sequestration in the warming world.

Data and methodology
Data
Soil moisture and meteorological data

A suite of datasets from both satellite and reanalysis are used
in this study (Table 1). The estimation of SM and its changes
is of paramount significance for attaining water and food
security in the changing climate (Seneviratne et al. 2010;
Furtak and Woliriska 2023). However, SM measurements
have always been very challenging. Traditionally ground-
based in situ measurements were used but it is very costly,
time-consuming, labour-intensive and not feasible for large-
scale studies. Currently, single satellite SM estimates such
as Soil Moisture Active Passive (SMAP) (Entekhabi et al.
2010) and Soil Moisture and Ocean Salinity (SMOS) (Kerr
et al. 2010) are developed for detecting SM variability. How-
ever, these datasets are for the last decade that make them
unsuitable for long-term climate impact studies. Recently,
the long-term SM changes are computed based on either
land-surface model like Global Land Data Assimilation Sys-
tem (GLDAS) or with the reanalysed data such as the Euro-
pean Centre for Medium Range Weather Forecast Reanalysis
Version 5 (ERAS) (Deng et al. 2020; Lal et al. 2023). Due to
the difficulties in SM measurements and limited data avail-
ability, modelled SM is employed to study the land—atmos-
phere interactions, feedbacks and agricultural droughts
(Dorigo et al. 2017). However, models usually struggle to
adequately capture regional phenomena due to uncertainties
in parameters, such as soil properties, flaws in model struc-
tures, mismatch in the spatial scales and soil depth among
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Table 1 Datasets with their resolution and source from which they are acquired

Data Resolution Source

MODIS LULC, NDVI, GPP and ET 500 m (https://Ipdaacsvc.cr.usgs.gov/)

ESA CCI Soil Moisture 0.25°%x0.25°  (https://esa-soilmoisture-cci.org/)

GPM level-3 Precipitation 0.1°x0.1° (https://daac.gsfc.nasa.gov/)

GLDAS 0.25°%x0.25°  (https://daac.gsfc.nasa.gov/)

Soil Moisture, Temperature and Soil Temperature

FLDAS 0.1°x0.25° (https://daac.gsfc.nasa.gov/)

Soil Heat Flux

IMD Precipitation 0.25°%0.25°  (https://www.imdpune.gov.in/index.html)
IMD Temperature 1°x1° (https://www.imdpune.gov.in/index.html)
Net Irrigated Area 250 m Ambika et al. (2016) Figshare:(https://dx.doi.org/10.6084/m9.figsh

Synthetic fertilisers, manures and biological fixation in soil
CMIP 6 GFDL data future projection of SM, T and P 1°x1°
CMIP 6 CNRM data future projection of SM, T and P 0.5°x0.5°

are.3790611.v1)
FAO/FAOSAT (https://www.fao.org/faostat/)
(https://esgf-node.llnl.gov/projects/cmip6/)
(https://esgf-node.llnl.gov/projects/cmip6/)

CMIP 6 HadGEM data future projection of SM, T and P 1.875°x1.25° (https://esgf-node.llnl.gov/projects/cmip6/)

CMIP 6 CanESM data future projection of SM, T and P 2.81°x2.77°
Population dynamics 1 km
Total Above Ground Production (TAGP) 0.1°x0.1°

Gross sown area, area sown more than once, net irrigated
area, food grain yield and food grain production

(https://esgf-node.llnl.gov/projects/cmip6/)
(https://sedac.ciesin.columbia.edu/)
(https://cds.climate.copernicus.eu/)

Ministry of Agriculture and Farmers Welfare, Government of India
(http://apps.iasri.res.in/agridata/20data/HOME_20.HTML)
(https://www.indiastat.com/)

the land surface models (LSM) and in situ measurements
(Liu et al. 2011; Dorigo et al. 2017).

The advent of multi-satellite SM like the European Space
Agency (ESA) Climate Change Initiative (CCI) is also a
viable option for the same, as it exhibits a good agreement
with both reanalyses and in situ measurements (Dorigo et al.
2017; Peng et al. 2023). The ESA CCI SM data (v07.1) are
considered in our study (Gruber et al. 2019; Grillakis et al.
2021). Additionally, the active and passive instruments work
best together because their responses to vegetation density
differ. The passive instruments provide more accurate esti-
mates in arid regions, whereas the active instruments per-
form better over areas with moderate vegetation (Hirschi
et al. 2014; Raoult et al. 2018). Moreover, combining both
measurements enables more reliable and accurate SM esti-
mates for ecohydrological applications across various envi-
ronmental conditions (Ma et al. 2024). Since the satellite
retrieval is dependent on surface and sub-surface characteris-
tics like soil texture and vegetation, the observations may be
spatially uneven. Instrument drift and lifespan issues result
in temporal inhomogeneity in the satellite data (Dorigo et al.
2017; Grillakis et al. 2021). Likewise, the combined product
employs sensors with different temporal and spatial resolu-
tions, spatial coverage, observation principles, and sensor
calibration, add temporal inhomogeneity to the final dataset
(Raoult et al. 2018). The blending/merging algorithms may
also alter the long-term trends of the data (Liu et al. 2011;
Gruber et al. 2019). In addition, in dense vegetation or low

@ Springer

SM regions, satellite SM data have relatively higher uncer-
tainty (de Jeu et al. 2008; Dorigo et al. 2017). To estimate
changes in SM, and capture the role of drivers and their rela-
tion with terrestrial productivity, we also use process-based
LSM-derived SM data from GLDAS Noah.

GLDAS near surface temperature data, a blend of
National Ocean and Atmospheric Administration and Global
Data Assimilation System (NOAA/GDAS) atmospheric
analysis, are also considered (Xia et al. 2019). The soil tem-
perature dataset used is based on GLDAS (Wang et al. 2016).
The soil heat flux (SHF) is derived from the Famine Early
Warning Systems Network (FEWS NET) Land Data Assimi-
lation System (FLDAS) (Grillakis et al. 2021). The Global
Precipitation Measurements (GPM, GPM_3IMERGDF L3),
a multi-satellite daily precipitation data (mm/day), are too
considered (Skofronick-Jackson et al. 2018). The ET data
utilised here is the actual ET data from MODIS (MOD16
A3HGF). Further details of GPM, GLDAS and CCI are pro-
vided in the supplementary material. The precipitation (Pai
et al. 2014) and temperature (Srivastava et al. 2009) data
from the Indian Meteorological Department (IMD) are also
used to complement our analyses (Table 1).

The future projection data of SM, P and T from the
Coupled Model Intercomparison Project Phase 6 (CMIP6)
models GFDL, CNRM, CanESM and HadGEM for high
emissions scenarios (Shared Socioeconomic Pathways,
SSP5.85) are considered (Eyring et al. 2016). The popula-
tion dynamics SSP5 scenario (Fossil-fueled development)
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data from Socioeconomic Data and Applications Centre
(SEDAC) are also taken for our assessment (Jones and
Neill 2020). The change between the two focal periods,
i.e. 2015-2019 and 2020-2030, is estimated to find the
near future changes in SM and its climate drivers. For
the far future, the change between the two focal periods,
i.e. 2015-2019 and 2090-2100, is estimated.

Vegetation and agriculture data

Moderate Resolution Imaging Spectroradiometer (MODIS)
data are effective for studying large-scale terrestrial
ecosystems (e.g. Chen et al. 2019; Kashyap et al. 2022).
MODIS (MCD12Q1) Version 6 data provide global land
cover types based on supervised classifications of reflectance
data (Fig. S1). The MODIS Normalised Difference
Vegetation Index (NDVI) (MOD13A1) is incorporated as a
measure of surface greenness. The Terra and Aqua combined
MODIS GPP (MOD17A2HGF) data are used to analyse the
terrestrial productivity. The irrigation data (NIA) for India
for the years 20002015 are taken from Ambika et al. (2016).
The information regarding synthetic fertilisers and manures
added to the soil and biological fixation are acquired from
the Food and Agriculture Organization (FAO) for India for
the period 2000-2018. The agricultural data such as GSA,
area sown more than once, food grain yield and food grain
production are collected from the reports of agricultural
data book, Ministry of Agriculture and Farmers Welfare,
Government of India. Crop productivity indicator in total
above ground production (TAGP) of various food crops such
as wheat, rain-fed rice, maize and soyabean from Copernicus
Climate Change Service is also used (see Table 1).

Methodology

We first investigate the spatio-temporal variability
of SM on regional, seasonal and decadal scales. Next, we
examine the relation of SM with drivers based on correla-
tion and partial correlation (PC) analysis. However, since
correlation does not imply causation, we perform Granger
causality to find the relationship between SM and its key
climatic drivers. The relative contribution of the climatic
drivers to SM variability is estimated based on random for-
est (RF) machine learning (ML) model. We find the changes
in SM and terrestrial productivity (GPP) and major crops
such as rice, wheat, maize and soya for food security impli-
cations. We also investigate the future changes in SM, its
key climatic drivers and population. A schematic diagram
representing the overall approach of the study is presented
in Fig. S2 and the key steps in the methodology are detailed
in the subsections.

Estimation of variability in soil moisture and drivers

Here, we estimate the variability in SM across various
spatio-temporal scales ranging from seasonal, annual to
decades. The seasons are defined as winter (December,
January and February), summer (March, April and May),
monsoon (June, July and August) and post-monsoon (Sep-
tember, October and November) for the last two decades
(2000-2019). We find the changes in SM and its key cli-
mate drivers in recent decade (2010-2019) from the previ-
ous decade (2000-2009) based on image differencing tech-
nique. The change is estimated in terrestrial productivity
(GPP) and compared to the changes in SM. The changes
in grain yield, soil properties such as soil temperature,
SHF, synthetic fertilisers added to the soil, manures added
to the soil and biological fixation in the soil are also esti-
mated as:

%Xp_p =

X —Xr 100
Xp
here, X is any variable such as SM, GPP, soil properties and
others; R is the mean of X in the recent decade (2010-2019);
and P is the mean of X in the previous decade (2000-2009).
The change in NIA is obtained by the pixel-wise image
differencing technique on remotely sensed data for the
Indian region for the years 2000-2015. Furthermore, the
change in net irrigated area (ANIA) is analysed for each
climate region of India. The percentage irrigated sown
area (ISWA) is obtained by using GSA and NIA as:

NIA

ISWA = <—
GSA

)100%

Soil moisture and drivers: correlation, causation
and contribution

Correlation analysis is performed to derive the response of
SM to the climate drivers. Furthermore, partial correlation
(PC) is computed to have a thorough understanding of the
role of drivers in modifying the regional SM distribution.
To test the relationship between two variables, the
influence of third variable (covariate) must be eliminated.
In simple correlation, the strength of the linear relationship
between two variables is measured without considering
the fact that both variables may be influenced by a third
variable (covariate). The study of the linear relationship
between two variables after excluding the effect of one or
more independent variables is known as PC detailed in
supplementary material. The influence of drivers to the soil
moisture change is estimated as in Kashyap et al. (2022,
2023a), which is detailed in supplementary material.
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Correlation analysis states the relation between two
parameters, which does not imply causation. Therefore,
to find the existence of causal links among SM and its key
climate drivers (P, T and ET) and the associated temporal
lag, Granger causality test is performed. This gives dis-
tinct causal relationship between two variables on the basis
of “cause” and “effect.” Rather than simple correlation
among the effect/response and the cause/driver, Granger
causality test is based on predictability. A causality is
said to be Granger only if “our capacity to forecast future
Y response increases by adding all relevant information
except the current value of X.” In this scenario, variable X
is said to Granger cause Y. Also, “feedback” is established
between “cause” and “effect” when X can Granger cause
Y and Y can Granger cause X (Granger 1969). To perform
Granger causality test, a bivariate model between two sta-
tionary time series (X and Y) is introduced.

n n
Y=Y aY  + ) bX_ +e,
i=1 i=1

X, = i cX,_;+ idiYH + 6,
i=1 i=1

where X and Y are two stationary time series; a, b, ¢ and
d are coefficients; and ¢ and § are white noise. For X to
Granger cause Y, b;#0; for feedback between X and Y, d; #0.
To understand the temporal lag in Ganger causality, each
variable is given a maximum lag of 4 months.

Due to its advantage in managing multidimensional data,
ML has been used frequently in recent years to model sys-
tems with complex nonlinear correlation structures between
the dependent and independent variables. RF is an ensem-
ble model that combines boosting and regression trees to
create a large number of simple tree models before com-
bining them to a final optimised model. Based on the ML
method RF, the relative contribution of key climate driv-
ers (T, P and ET) and surface greenness (NDVI) to the SM
variability is estimated in R Studio version 4.2.1 employing
packages “randomForest” and “caret.” 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
used for training and 30% for testing. Also, the RF model
is validated for the Indian region, where we compare the
observed and the predicated data (Table S1) as in a previ-
ous study (Kashyap and Kuttippurath 2024). To examine
the contribution and relative importance of each driver, a
precision-based methodology is used. Using the independent
data samples, it is possible to calculate the relative impor-
tance of each variable. The sample that was taken straight
from the bag is first assessed for prediction accuracy. The
values of the variables in the out-of-the-bag sample are then
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generated at random while the stability of all other variables
is maintained. Then, using the average accuracy drop across
all trees, the accuracy of prediction is evaluated. Additional
outcome categories are created using the value indicator. A
variable loses all predictive power when it is randomly shuf-
fled. The importance of a variable indicates the reduction in
its accuracy, if it were excluded.

Results
Soil moisture variability

The SM distribution averaged over the recent two dec-
ades (2000-2019) is shown in Fig. 1. The regions and speci-
fications are shown in Fig. S1. ESA CCI exhibit lower (< 0.2
m>/m?) SM in North West (NW, Rajasthan and Gujrat), Indo
Gangetic Plain (IGP, Punjab and Haryana) and Central India
(CD. Higher (>0.3 m?/m?) SM is exhibited by some areas in
the eastern region of South India, NW (Gujrat) and northeast
(NE). GLDAS data replicate the spatial patterns and capture
seasonal variability in SM as done by ESA CCI (Fig. S2).
Seasonally, the mean SM that serves as the indicator of
gross soil water availability is higher (0.321 m*/m?) in post-
monsoon due to favourable temperature (T, 21.46 C) and
rainfall (P, 5 mm/day). Monsoon also exhibits higher SM
(0.317 m*m?) due to high rainfall (P, 7.5 mm/day). SM is
lower in winter (0.2 m?/m?) owing to cold (15.58 C) and
dry (P, 0.48 mm/day) conditions. Summer exhibits the low-
est SM (0.161 m*/m?) owing to warmer (T, 27.37 ‘C) and
marginally wet (P, 1.41 mm/day) conditions. Majority of the
Indian landmass exhibits low (< 0.2 m*/m?*) SM in summer
due to T above 30 C and very small P (<2.5 mm/day). The
NW and east IGP regions show the smallest SM (< 0.15 m®/
m?) due to little rain (0.5-2.5 mm/day) in winter. During
monsoon, India receives high amount of P (> 5 mm/day) that
leads to moderate and above levels of SM (> 0.25 m?/m?).
Very high (> 0.3 m*/m?) SM is observed in NE and CI due
to higher P (> 7.5 mm/day) there. In post-monsoon, the pat-
tern is very similar to monsoon in GLDAS, but CCI exhibits
lower spatial variability. The areas of higher precipitation
(> 7.5 mm/day) show higher (> 0.3 m*m?) SM (Figs. 1, S2,
S3, 54, S5, S6).

The decadal variability in SM is shown in Fig. 2. Our
analysis reveals a reduction of SM in each season (Fig. 2a)
in recent decade (2010-2019) from the previous decade
(2000-2009). In winter, areas of NW, eastern IGP and
near western coast depict lower SM levels. During sum-
mer, there is a reduction in SM in some areas of IGP and
CI, with most areas showing lower SM in recent decade
(2010-2019). Monsoon has reduced levels of SM in most
regions, except for hilly areas. In post-monsoon, most areas
exhibit small SM levels, for which CI, eastern coastal areas
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Fig.1 Seasonal Variability in Soil Moisture (SM) in the Climate
Change Initiative (CCI)-based volumetric soil moisture (m*/m?) dur-
ing annual, winter (DJF: December, January and February), sum-

and SI show dry conditions in comparison to the previous
decade (2000-2009). The interannual variability in SM is
also explored at seasonal and annual scales (Fig. 2b). Both
measurements (CCI) and model (GLDAS) data capture
temporal variability in SM during recent decades. To get a
vivid understanding of the variability in SM, we examined
its climate drivers (Fig. S7), and the results reveal that the
temporal variability in SM is consistent with the spatio-tem-
poral changes in P (increases) and T (decreases). There are
some years such as 2002, 2009, 2012 and 2016 where the
combined effect of warming and reduced P led to reduction
in SM. SM has positive anomaly in years 2003-2008, 2010,
2011, 2013 and 2014, and negative anomaly in 2000-2002,
2009, 2012 and 2015-2019 (Fig. S7). El Nifio years were
severe drought years in comparison to the La Nifia years
(Roxy et al. 2015; Kumar et al. 2023). The years 2002, 2009
and 2015 were severe or extreme drought years in India
(Kumar et al. 2006; Mishra 2020) that exhibited a decline
in SM.

Generally, the years of negative anomaly in SM are esti-
mated to have positive anomaly in ET, which is eventually
driven by positive anomaly in T. Small anomaly in T can
lead to a large anomaly in ET, and is reciprocated in SM
anomaly. The relationship of SM with T and P is further
analysed by segregating it into the areas of increasing (mois-
tening) (Fig. S8a) and decreasing (drying) (Fig. S8b) SM.
For the moistening regions, P and T distributions are very
similar to that of SM (Fig. S7 and S8), but are not well corre-
lated in the drying regions. The effect of lower P and higher
T is highly pronounced in these regions. It is evident that
there is a clear negative correlation between P and ET, and
a clear positive correlation between T and ET. Therefore,

mer (MAM: March, April and May), monsoon (JJA: June, July and
August) and post-monsoon (SON: September, October and Novem-
ber) seasons averaged over the period 2000-2019

persistent warming depletes moisture in the soil as analysed
for the period 2012-2019.

Soil moisture changes and its drivers

The temporal evolution of SM is further explored at the
regional scale incorporating both remote sensing (CCI) and
model (GLDAS) estimates (Fig. 3). High interannual vari-
ability is captured by both the datasets. Most regions except
for regions such as HR and NE exhibit similar patterns in
both the datasets (Fig. 3a). There is a decline in SM in recent
decade (2010-2019) from the previous decade (2000—2009)
as shown in Fig. 3b. Except for NW, all five climatic homog-
enous regions (Fig. S1) exhibit a substantial decrease in SM.
Among these regions, SI (7.67%), IGP (6%), SI (7.67%), CI
(3.3%) and NE (2.37%) exhibit marked reduction in SM, as
estimated from the CCI data. The GLDAS data also depict
similar decline values in SM for each region. Both CCI
(2.97%) and GLDAS (2.45%) data reveal an evident reduc-
tion in SM in recent decade (2010-2019) from the previous
decade (2000-2009). In terms of the changes with respect
to seasons, monsoon has a marked reduction in SM (4.5%
in both data) in recent decade from the previous decade.
Winter also exhibits a substantial decline in SM as shown in
both CCI (2.08%) and GLDAS (3.15%). Limited reduction
(1-2%) in post-monsoon and summer is estimated with CCI
and GLDAS data in recent decade relative to the previous
decade. The severe warming in monsoon (1.25 “C/dec) is
the primary cause of reduction in SM. In post-monsoon,
the combined effect of reduced P (—0.47 mm/day/dec) and
increased T (0.26 ‘C/dec) causes the decline in SM. In sum-
mer, enhanced warming (0.6 C/dec) has led to a dip in SM.
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Fig.2 Decadal and Interannual variability in SM. a Temporal evolu-
tion of volumetric soil moisture (m*/m?®) in previous decade (2000—
2009) and recent decade (2010-2019) based on the Climate Change
Initiative (CCI) data. b Soil moisture variability based on both CCI
and Global Land Data Assimilation System (GLDAS) during winter

Interestingly, despite the increasing P (0.014 mm/day/dec)
and decreasing T (—0.04 “C/dec), SM is declining in winter.

In recent decades, agricultural activities have greatly
enhanced the SM-based drying (Liu et al. 2015; Samaniego
et al. 2018). Rabi is a dry season due to very small amount
of P in that period, in which crop growth is governed by
subsurface moisture in terms of SM and groundwater. The
excessive consumption of SM for agricultural activities in
the dry season might be a reason for the reduction in SM.
The interannual variability in GSA, NIA and ISA% is recip-
rocated in SM. The years such as 2009-2010 and 2012-2013
show a major dip in SM, which is also observed in GSA,
NIA and ISA%. Likewise, the phase of enhanced SM in
2010-2011 and 2013-2014 is also reflected in the higher
GSA, NIA and ISA (%). There is a drop in NIA and ISA%
in 2005-2006, but the high GSA mask the large drop in SM
in the same period (Fig. 4g).
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(DJF: December, January and February), summer (MAM: March,
April and May), monsoon (JJA: June, July and August) and post-
monsoon (SON: September, October and November) seasons for the
period 2000-2019

Relation, causal links and contribution of key drivers

The role of climate drivers is very intricate and thus we
thoroughly examine the role and contribution of key climate
drives to SM changes using correlation analysis. We find that
P (r=0.56) influences SM positively, whereas T (r= —0.44)
and ET (r= —0.34) have negative influence on SM (Fig. S9).
The relative influence (positive/negative) of climate drivers
on the long-term SM changes (Fig. 4a, b, ¢) exhibits that the
NW region has an enhanced SM (moistening) due to positive
influence of P. This influence is very strong as it dominates
the negative influence of both T and ET in this arid region.
The moistening in CI has a combined positive influence by
all drivers. In NE, the positive influence of T is opposed
by the negative influence of P and ET. In SI, the positive
influence of P is dominated by the combined negative influ-
ence of T and ET, leading to reduced SM (drying) there.
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Fig.3 Regional variability in SM. a Temporal evolution of soil mois-
ture (SM) in the period 2000-2019 for six homogeneous climatic
regions in (i) Hilly, (ii) North East (NE), (iii) Indo Gangetic Plains
(IGP), (iv) North West (NW), (v) Central India (CI) and (vi) South
India (SI) as derived from the Climate Change Initiative (CCI) and

Therefore, showering-induced moistening in NW and warm-
ing- induced moisture stress in SI and IGP are the two key
mechanisms controlling the long-term SM changes in India.

The partial correlation (PC) analysis between SM and T
with P as covariate (Fig. 4d) exhibits negative correlation in
most regions. The negative correlation is very strong (> 0.5)
in SI and some areas of IGP. Contrarily, cold regions such as
HR and NE exhibit a small (0.25) positive correlation, but
higher (> 0.5) in the western Himalaya. In the PC analysis
between SM and ET with T as a covariate (Fig. 4e), majority
of the regions exhibit positive correlation, which is highest
in the west (0.75). The HR, NE and some regions in eastern
IGP show negative correlation. In the PC between SM and
P with T as covariate (Fig. 4f), most regions exhibit positive
correlation, which is highest in CI and coastal regions (0.8).

Global Land Data Assimilation System (GLDAS) data. b Percentage
(%) change in SM in recent decade (2010-2019) from the previous
decade (2000-2009) for the homogeneous regions as above derived
from the Climate Change Initiative (CCI) and Global Land Data
Assimilation System (GLDAS) data

Some regions in HR, western Himalaya in particular, depict
negative correlation. P and SM are well correlated (0.6) in
SI and eastern IGP, where P has a positive influence, and T
and ET have a negative influence on SM. The strong nega-
tive influence of T on SM in SI and eastern IGP, and the
negative correlation between SM and ET, reduce SM, which
is a major concern.

The relative contribution of each climate driver to SM
variability is estimated using the ML-based RF technique
(Fig. 5a) and we find that T (30.76%) is the dominant driver
of SM variability followed by P (26.34%), ET (26.08%) and
NDVI (16.82%). Therefore, T is the key driver of SM with
P as the primary source and ET as the main sink. The results
from Granger Causality (Fig. 5b) for IGP and SI reveal that
the variability in SM is caused by all drivers in a lag of
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Fig.5 Role of Climate drivers.

a Machine Learning (ML) (@)
technique, Random Forest

(RF)-based relative contribu-

tion of drivers precipitation (P), T

temperature (T), evapotranspi- g
ration (ET) and Normalised 2
Difference Vegetation Index QET
(NDVI) in soil moisture (SM)

variability. b Granger Causality —

network graph with the links
and lags among SM and its
drivers (red line: negative link,
blue line: positive link). ¢ The
monthly time series of SM and as

R R S |
o 5 10 15

_—
O
~

CONTRIBUTION(%)

T for selected regions of Indo
Gangetic Plain (IGP) and South
India (SI)

8

SM (kg/m?) /T (‘C)
&

IGP

&

8

SM (kg/m?) / T(*C)
o

0+ T T T T T T T T T T T T T T T T T T T
01/2000 01/2003 01/2006 01/2009 01/2012 01/2015 01/2018

1 month. However, there is a negative influence of T and
ET in that region, which outplay the positive influence of
P on SM. Also, T has a higher contribution in modifying
SM, and SM-T have a Granger “cause and effect” relation-
ship. The monthly time series of SM and T for IGP and SI
exhibits the cycle of warming-induced moisture stress at a
lag of 1 month (Fig. 5¢).

Warming: a major driver for soil moisture stress

We here employ land T, soil T and SHF as three metrics to
quantify warming. We find that T and soil T are very closely
related (0.91), T and SHF (0.61), soil T and SHF (0.58) and
also exhibit strong positive relationships. SM-T relation has
a gradient from south to north, as it is largely negative in SI
and some areas of CI. SM has a similar relation with soil T
and SHF, for which soil T and SHF has a stronger negative
control in SI (—0.4 to—0.8) and IGP (< —0.4) (Fig. S10).
There is a predominant warming of land T (0.59 ‘C/dec) and
soil T (0.48 °C/dec) in India during the period 2000-2019.
The SHF is also increased (0.16 W/m?/dec) during the same
period. The spatial pattern of land T change is also rep-
licated in the soil T with a substantial warming in SI and
IGP. The SHF has also increased in SI, eastern Himalaya,
NE and eastern areas of IGP (Fig. 6a, b, c). Therefore, land
T, soil T and SHF show predominant warming in SI and
some areas of IGP. Conversely, the land T and soil T changes

show cooling in the forest areas of hilly region, NE, CI and
Western Ghats. SHF is also reduced in NW and eastern areas
in IGP. Higher temperatures generally lead to reduction in
nutrients and water retention capacity, which degrade the
soil. The application of synthetic fertilisers to replenish the
soil has also found to be increased, about 34%, during the
period 2000-2018. There has been an enhancement (7.6%)
in the manures added to the soil in that period. In addition,
the biological fixation in soil is highly increased (42%) dur-
ing the period 2000-2018 (Fig. 6d). The higher soil T also
promoted greater biological fixation, and therefore, soil
warming is the major driver of the depleted soil nutrients,
which is compensated by adding artificial agents such as
synthetic fertilisers and manures to the soil. Although these
would enhance the yield for a shorter period, they eventually
degrade the soil.

Soil moisture stress and food security

There is a notable relationship between the grain yield and
SM. In monsoon (June—September) season, SM is well
related to the grain yield (r=0.57). This relationship is
relatively stronger (r=0.66) in the late monsoon period
(August—September), portraying the role of SM in the crop-
land productivity and annual grain yield (Mishra 2020). SM
is the major driver that regulates photosynthetic activity and
terrestrial primary productivity, as demonstrated in Fig. 7.
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Fig.6 Warming and anthropogenic drivers. The long-term change in
(a) temperature (cooling/warming, ‘C/dec), (b) soil temperature (‘C/
dec) and (c) soil heat flux (SHF, W/m%dec) over the period 2000—

The SM changes in both CCI and GLDAS data are consistent
in most regions (Fig. S11). The enhanced SM (moistening)
promotes increased GPP (greening) and this phenomenon is
termed as moisture induced greening, which is predominant
in NW. This region also has reduced SHF that promotes soil
water retention. The negative influence of warming and ET
reduce SM (drying) in SI and eastern areas of IGP. There is
severe warming in these regions as found in both land and
soil temperatures. SHF has also increased in these regions,
leading to a reduction in SM, i.e. warming induced moisture
stress, which reduces GPP (browning) in these areas.
Furthermore, it can be ascertained that ASM—AGPP cou-
pling is more predominant for croplands (Fig. 7 and S1).
Therefore, to get more insights on impact of SM drying on
cropland productivity, we further investigate the change in
yield of major food crops such as wheat, rain-fed rice, maize
and soyabean in recent decade (2010-2019) from the previ-
ous decade (2000-2009) (Fig. S12). There is reduction in
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2019. d Temporal evolution of soil moisture, synthetic fertilisers
added to the soil, manure applied to the soil and biological fixation in
the soil during the period 2000-2018

yield for wheat (Bihar (alluvium soil) and north Madhya
Pradesh (black soil)) and rain-fed rice (West Bengal and SI
(red and yellow soil)). Soyabean yield is reduced in its area
of production with black soil in CI. Decrease in maize yield
is observed in some areas (Bihar (alluvium soil) and Mad-
hya Pradesh (black soil)). Therefore, the warming-induced
moisture stress is a serious threat to cropland productivity
in India, particularly in the agriculture intensive regions of
SI and IGP.

To gain insights on the near future changes in SM and
its drivers, we find the change in SM, T and P as projected
from the historical (2015-2019) to near future (2020-2030),
and population dynamics for the period 2000-2100. We find
that most croplands in India will be experiencing severe SM
drying (> 1 kg/m?) and predominant warming (>0.5°C) by
2030. Additionally, substantial P drying (> 0.2 mm/day) is
also projected for the western, eastern and some CI and SI
regions (Fig. 8 a, b, c¢). Furthermore, the changes in SM,
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Fig.7 Changes in soil moisture
and terrestrial productivity. The
long-term change (%) in soil
moisture (increasing as moisten-
ing/decreasing as drying) and
gross primary productivity
(GPP) (enhanced/greening,
reduced/browning) for the
period 2000-2019

L}

ASM

-15 -7.5
DRYING

T and P as projected in the far future, i.e. end of the cen-
tury (2090-2100) from the historical (2015-2019), reveal
that warming-induced moisture stress is exhibited in the
eastern region of India, particularly in the eastern IGP as
they show SM drying, intense warming and decline in P
(Fig. 8e, 1, g). Also, there is a reduction in food grain yield
in SI (rice), CI (soyabean and maze) and IGP (wheat) during
recent decade (2010-2019) from the previous (2000—2009)
(Fig. 8d). Interestingly, the eastern IGP suffers from warm-
ing-induced moisture stress that reduces cropland produc-
tivity (browning) there (Fig. S13). There is decline in major
crops yield in regions of warming-induced moisture stress,
which expand to the breadbasket of the world and threaten
the food security of the most populous country in the world.

Discussion

Growing concerns of food security in the drying
scenario

The livelihood of a significant portion of India’s 1.4 billion
population is based on agriculture (Ault 2020). Since the
green revolution in the 1970s, food grain yield has increased
significantly owing to improvements in available croplands,
irrigation, seeds and fertiliser applications (Revadekar and
Preethi 2012; Kuttippurath and Kashyap 2023). However,
recent agricultural droughts and crop production in India
are very well linked to the depleted SM (Mishra et al.
2014, Shah et al. 2021). SM has a major control on sus-
taining photosynthesis (Kashyap et al. 2022), productivity
(Dubey and Ghosh 2023) and carbon sequestration potential
(Kashyap et al. 2023a) in India. Additionally, utilising SM,
the soil-plant continuum maintains ET and the land—atmos-
phere feedbacks during dry seasons in India (Sebastian

I v, AGPP %
0 7.5 15 -20 -10 0 +10 +20
MOISTENING BROWNING GREENING

et al. 2023). Thus, there is a strengthening of carbon—water
cycle in India during recent decades in the rising moisture
stress scenario (Kashyap and Kuttippurath 2024). Still, the
changes in SM and its implication for food security are not
adequately explored for India, a country that has a strong
agrarian economy with unprecedented population growth.
This study incorporates both remote sensing measure-
ments (CCI) as well as process-based LSM data (GLDAS)
to estimate robust long-term SM dynamics, their mecha-
nisms, relation with terrestrial productivity and implications
on food security. To unravel the mechanism of warming-
induced moisture stress, we also utilise the soil T and SHF
data in addition to other climate drivers (P, T and ET). Our
study not only investigates the impact of climate drivers on
SM, but accounts also for the anthropogenic control in terms
of GSA, NIA, ISA, synthetic fertilisers and manures added
to the soil, and biological fixation. Unlike the conventional
correlation and trend analysis, we incorporate a suite of
mathematical and statistical techniques, including RF and
Granger Causality to make our analysis robust. We find that
SM drying is prevalent in much of the country in recent dec-
ade with hotspots in the eastern IGP and parts of SI. Also,
the SM drying is very severe during the agricultural seasons
of Kharif and Rabi, which is 9 and 6 times, respectively, of
the global SM reduction rate (Peng et al. 2023). SM stress is
also found in these regions by other studies (e.g. Pangaluru
et al. 2019) and we attribute it to warming, consistent with
Parida et al. (2020) and Kashyap et al. (2023a). Moreover,
the CI and SI have significant dry season drying due to
reduction in P and intense warming driven by the warm-
ing of Indian and Atlantic Oceans (Mishra 2020). However,
increased P and reduced SHF in NW has led to enhanced SM
there, called showering-induced moistening. Thus, shower-
ing-induced moistening in NW and warming-induced mois-
ture stress in SI and eastern IGP are the two key mechanisms
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that regulate the long-term SM changes in India. T is the
most dominant driver of SM, and warming leads to higher
ET that depletes SM despite the increase in P. In addition
to climate change, irrigation has a significant impact on SM
variability in dry seasons (Ambika and Mishra 2019). The
impact of irrigation on SM is significant because surface
and groundwater irrigation are used to make up for SM defi-
cits during dry seasons in the irrigated lands. Henceforth,
anthropogenic land management has a substantial impact on
SM during dry seasons.

Implications and constraints

Despite the projected increase in the Indian summer
monsoon P in the future, increased warming and reduced P
during the dry seasons can result in severe deficit in SM in
India (Mishra et al 2014; Mishra 2020). The frequency of
simultaneous hot and dry extremes will increase by about
five times in future (Im et al. 2017). SM drying depletes the
terrestrial productivity in the croplands that lead to decline
in the yields of major food crops such as wheat, rain-fed
rice, maize and soyabean. Therefore, in the global warming
context with rapidly growing population, warming-induced
moisture stress is a serious threat to food security of India
and similar agro-climatic countries/regions of the world. By
the end of the 21st century, the breadbasket of IGP can be
extremely vulnerable to warming-induced moisture stress.
As India is a large exporter of food grains, decline in crop
productivity in the breadbasket of the world can disrupt
the global food security, particularly in the areas of rapidly
growing population in Southeast Asia and Africa. Apart
from food security, SM drying has adverse impacts on
irrigation and groundwater. It can also trigger future climatic
extremes such as heatwaves, fires and land degradation
(Zhou et al. 2024).

The findings are based on the remote sensing, process-
based LSM and reanalysis datasets. The ground-based SM
measurements, flux towers for measuring terrestrial pro-
ductivity and field-based crop yield measurements would
enhance our analysis. Also, the findings are based on the spe-
cific datasets and statistical methods, which might vary from
other studies that employ different datasets and statistical
approach. Owing to the uncertainty of CCI estimates in the
earlier decades (Dorigo et al. 2017), availability of MODIS
satellite data since 2000 and the effects of COVID-induced
lockdown on the terrestrial ecosystems in India (Kashyap
et al. 2023b), our study period is restricted to 2000-2019.

Recommendations

The 1-month temporal lag of warming-induced moisture
stress indicates the need for climate resilient agricultural
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practices. Additionally, bio-fortified and high-yielding seeds
may be introduced. Change in sowing and harvesting dates
of various crops might help in better yield. Crop diversi-
fication and organic farming are needed for maintaining
good yield in the future warming-induced moisture stress
scenario. Also, there is a constant need to improve the agri-
cultural technologies to enhance the resilience of croplands
to the changing climate. Better coordination among various
agricultural sectors such as crops, agropastoral, agroforestry
and livestock are required to establish a comprehensive land-
scape management system that accounts for sustainable and
judicious use of land and water. Improved post-harvest stor-
age of food grains and their distribution are required in the
periods of reduced crop production.

In addition, planting water-efficient crops like millets
(Ragi and Jowar) and sorghum in drying areas could be a
way to counter the challenge of warming-induced moisture
stress for food security. Also, crop switching like rice to
pearl millet, sorghum in Kharif and wheat to sorghum
in Rabi can be effective technique to reduce crop water
consumption and improve nutritional value (Chakraborti
et al. 2023). Incorporating a more conservative agricultural
approach and improving agronomic management can
be some of the other ways to combat this. Improved and
more efficient irrigation facilities where better water
management is ensured should be utilised. Additionally,
mulching and crop row spacing are some of the examples
of crop management practices that can be utilised to reduce
SM drying as it impedes soil evaporation by lowering ET
and improving soil and crop water retention ability. Also,
better short-term and long-term forecasts of SM are very
much needed to help the farmers to be better prepared to
combat climate change induced threats. There is a need of
more studies in the domain of intersection of carbon and
water cycles. Some studies should focus on specific regions
like IGP, which is the most irrigated breadbasket of the
world. SI experience intense warming and drying in recent
decades, which warrants more studies on the impact of
changing climate on land resources.

Conclusions

Soil Moisture is the predominant driver of terrestrial
photosynthesis, productivity, carbon sequestration and
ecosystem health, and it maintains the land—atmosphere
feedbacks during dry seasons in India. The warming
world with erratic rainfall and enhanced ET can change
the available SM. This is the first study that explores
the SM dynamics based on both remote sensing (ESA
CCI) and process-based land surface model (GLDAS)
data by considering key climatic (P, T, ET and NDVI),
anthropogenic (agricultural data, irrigation, fertilisers
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Fig.8 Food security. The regions of (a) decrease in soil moisture
>1 kg/m2), (b) increase in temperature (>0.5 C), (c) decrease in
precipitation (>0.2 mm/day) between the focal periods 2015-2019 and
2020-2030, (d) decline in the yield, i.e. total above ground production
(TAGP) of major food crops in winter wheat, rain-fed rice, soyabean

and maize grain during recent decade (2010-2019) in comparison to
previous decade (2000-2009), (e) decrease in soil moisture, (f) increase
in temperature (>top 10 percentile) and (g) decrease in precipitation
between the periods 2015-2019 and 2090-2100
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and manures) drivers and their implications on terrestrial
productivity and food security of India. We find that SM
peaks in post-monsoon as it is colder and sufficiently
wet, but hits bottom in summer due to very warm and dry
conditions. There is a soil moisture stress in all seasons
in recent (2010-2019) decade in comparison to previous
decade (2000-2009). The surface warming, along with
enhanced soil T and SHF, drives reduction of SM in SI
and eastern IGP: the agriculture-intensive areas of India.
This mechanism of soil moisture decline is termed as
warming-induced moisture stress. The SM variability is also
consistent with that of the changes in GSA, NIA and ISA.
The long-term SM and GPP changes show a good agreement
for the croplands as the regions of decline in SM results in
reduction of GPP (browning) and yields of major food crops
such as wheat, rain-fed rice, maize and soyabean.
Henceforth, the warming-induced soil moisture stress is a
serious threat to the cropland productivity in SI and eastern
IGP. In a warming world, the ever-growing population would
demand more food, but the warming-induced moisture
stress is a major concern for food security in India and
similar agricultureintensive regions of the world. This study
adds new insights into the understanding of SM dynamics,
particularly the SM drying due to warming and its implications
on cropland productivity and food security of India and
similar agrometeorological zones in the world. We employ a
robust combination of remote sensing, process-based LSMs,
reanalyses and a suite of statistical techniques including
partial correlation, ML-based RF and Granger Causality for
this analysis. Availability of more advanced observations, ML
techniques and measurements of carbon—-water fluxes would
improve these analyses. These findings would help in drafting
policy-making decisions for advancement in agricultural
technologies and land management practices to counter the
constant challenge of warminginduced moisture stress, in
the scenario of rising population and anthropogenic climate
change, through effective adaption and mitigation strategies.
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Ecological droughts increased in India
with changing Indian summer monsoon
and human interventions

M| Check for updates

Rahul Kashyap ® , Jayanarayanan Kuttippurath ® < & Vikas Kumar Patel

Substantial ecological ramifications of moisture stress in ecosystems is called ecological droughts,
and are largely unexplored for India. Here, we investigate ecological droughts, their drivers and
implications in Indian Summer Monsoon during 2000-2019 based on remote sensing and machine
learning. Ecological droughts are increasing in the ecologically fragile pristine forests and croplands
that decline vegetation health in India. Meteorological aridity (23.9%) and ocean warming (18.2%)
primarily drive the ecological droughts, as suggested by the Random Forest model. Causal analysis
reveals that ocean warming indirectly triggers ecological droughts in India. The human intervention in
forests also leads to their degradation. The rising ecological droughts due to changing vegetation-
climate-human nexus in a shifting monsoon system is a concern for sustainability, food security and
climate change mitigation in India. It is thus imperative to consider the ecological repercussions of
droughts in policy making and combat their threats through judiciously engineered nature-based

solutions.

Although they constitute about 5% of the natural disasters, droughts
affect 55 million people every year and are projected to impact around
40% of the world population by 2030; making them the most hazardous
and complex extreme events". Droughts are conventionally defined as a
period of a sustained decline in water availability below a certain
threshold depending upon the region’. Based on the implications and
indicators, droughts are typically classified as: meteorological (pre-
cipitation, P), hydrological (stream flow), agricultural (soil moisture, SM)
and socio-economic (more demand than supply of water for human
consumption)’. WMO defines meteorological droughts as deficit in P
below 20th percentile for a minimum duration of 30 days’. Agricultural
drought is the occurrence of insufficient SM (below 30-40% of the field
capacity) typically for 2-4 weeks during the crop growth stage that has
adverse impact on cropland yields, farm economics and food security™.
Vegetation drought refers to reduced vegetation vigor in both natural
vegetation and anthropogenic vegetation (croplands and plantations)
due to decreased moisture availability (P and SM)**. Notable and large-
scale ecological changes are becoming more frequent due to human-
induced climate change. This is caused by erratic P, extreme high tem-
perature (T), increased land and atmospheric evaporative demand, faster
and longer-lasting droughts, and altered drought timings>*°. Current
definitions of droughts, which focus on its impacts on hydroclimate,
agriculture, water resources and society, have a limited perspective as it
overlooks its ecological impacts™".

Prolonged periods of water deficits that lead to changes in ecological
conditions such as ecosystem structure, functioning, biodiversity and ser-
vices beyond critical thresholds are termed as “ecological droughts™""”.
Rapidly changing climate, altered human water use and shifting climatic
oscillations drive ecological droughts'*"”. These changes have long-term
ramifications such as hindered plant growth and development, decline in
photosynthesis, changes in the rates of carbon, nutrient and water cycling,
enhanced fires, insect outbreaks, and the extinction of local species'’".
Furthermore, ecological droughts have long-term (multiple years) impacts,
in contrast to agricultural (seasonal) and vegetation (weekly to seasonal)
droughts'*™"”. Moisture scarcity adversely affects photosynthesis and eco-
system functioning in natural ecosystems that are devoid of human
water managements (e.g. irrigation), and eventually lead to ecological
droughts' ™. Climate variability along with anthropogenic interventions
make the complex, dynamic and auto-regulatory mechanism of ecological
droughts across the globe'* ™.

Droughts lead to water scarcity, food insecurity, depleted forest
resources and degradation of environment, which are severe in South
Asia"""®. Meteorological droughts are widely studied for the Indian
region, but ecological droughts remain largely unexplored. There were a
few attempts to monitor vegetation health and its variability during
meteorological droughts on regional””' and pan India”™* scales. A
minimum of 50% of the total area in 16 out of 24 major river basins is at a
high risk of experiencing vegetation droughts due to depleted SM

CORAL, Indian Institute of Technology Kharagpur, Kharagpur, India.

e-mail: jayan@coral.iitkgp.ac.in

Communications Earth & Environment| (2025)6:853


http://crossmark.crossref.org/dialog/?doi=10.1038/s43247-025-02694-3&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43247-025-02694-3&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s43247-025-02694-3&domain=pdf
http://orcid.org/0000-0003-2655-8179
http://orcid.org/0000-0003-2655-8179
http://orcid.org/0000-0003-2655-8179
http://orcid.org/0000-0003-2655-8179
http://orcid.org/0000-0003-2655-8179
http://orcid.org/0000-0003-4073-8918
http://orcid.org/0000-0003-4073-8918
http://orcid.org/0000-0003-4073-8918
http://orcid.org/0000-0003-4073-8918
http://orcid.org/0000-0003-4073-8918
mailto:jayan@coral.iitkgp.ac.in
www.nature.com/commsenv

https://doi.org/10.1038/s43247-025-02694-3

Article

in India. Furthermore, more than half of the total area for each
vegetation type exhibits a lack of resilience to vegetation droughts’. This
highlights the vulnerable state of terrestrial ecosystems in India to
moisture stress'”'*”. Since the Indian summer monsoon (ISM) con-
tributes about 75% to the annual P, it plays a notable role in maintaining
SM™, natural vegetation growth and crop production in India*>*"*.
Large-scale climate oscillations such as El Nifio Southern Oscillation
(ENSO) and Indian Ocean Dipole (IOD) greatly influence the ISM***,
vegetation health and ecosystem functioning in tropics’* and India™.

India is experiencing substantial changes in vegetation due to climate
change and human influence””***”. India is largely greening due to
improved irrigation and land management practices” and is the second
largest contributor to the global greening”’. However, browning is also
observed in the efficient carbon sink regions of India and is a great concern™.
India is one of the global hotspots of land-atmosphere interactions™ and
exhibits strengthening of carbon-water cycle coupling in the rising moisture
stress context'”'*”, India is an agrarian economy with vast croplands and
lush forests on which a huge population rely for their living. Therefore, in the
climate change and increasing anthropogenic intervention scenario, eco-
logical droughts are a potent threat for India’s sustainability and food
security, and demands a dedicated study. The science questions attempt to
investigate here are: (i) What are the regions vulnerable to ecological
droughts in India? (ii) What is the relation of various forms of aridity
(meteorological, land evaporative and atmospheric) with ecological
droughts in India? (iii) How does the ocean warming and climate oscilla-
tions impact vegetation health in India? (iv) How does the human-
ecosystem interactions influence vegetation health in India? (v) What are
the implications and recommendations to combat ecological droughts in
India? To the best of our knowledge, this is the first comprehensive analysis
of ecological droughts, drivers, mechanisms and implications for the region.
Therefore, the findings would enable a better understanding of the ecolo-
gical water demand and ecological ramifications of droughts, and the
complex physical mechanisms involved in India and global regions of
similar ecohydrology.

Results

Vegetation health and ecological drought vulnerability

Here, the Vegetation Condition Index (VCI), Temperature Condition
Index (TCI) and Vegetation Health Index (VHI) during ISM months
(June, July, August and September: JJAS) are presented to investigate the
spatio-temporal variability in vegetation health and delineate the regions
vulnerable to vegetation stress and ecological droughts during previous
(2000-2009) and recent (2010-2019) decades, and the overall study
period (2000-2019) (Fig. 1). Vegetation stress (VHI<0.4) is pre-
dominant in regions of South India (SI) and North West (NW) as shown
in Fig. 1. Southern regions experience severe vegetation stress (VHI < 0.2)
in SI and are most vulnerable to ecological droughts as they have limited
moisture availability, and generally support scanty vegetation (VCI,
0.2-0.4). These areas experience very high T, as reflected in higher TCI
(>0.6), which dries the moisture. The forests in the western Himalaya
also experience vegetation stress (VHI<0.2), with dense forest cover
(VCI>0.8). It is the very cold conditions (TCI < 0.4) that adversely affect
vegetation health in this region and make vulnerable to ecological
droughts. Contrarily, hilly areas (HR) in the eastern Himalaya, north east
(NE) and some areas in Central India (CI), predominantly forests
(VCI>0.8), are least vulnerable to ecological droughts (VHI, 0.8-1)
(Fig. 1a—c). Most of Indo-Gangetic Plain (IGP) have relatively healthier
vegetation (VCI, 0.6-0.8) dominated by highly irrigated croplands, with
less vulnerability to ecological droughts (VHI, 0.6-0.8). The rest of the
vegetated regions in CI and eastern coast with warmer conditions show
high TCI (0.6-0.8) with low vegetation stress (VCI, 0.4-0.6) and mod-
erate vulnerability to ecological droughts (VHI, 0.4-0.6). There are
changes in vegetation health and ecological droughts over the decades. In
order to examine them, the study next looks into the relationship of
ecological droughts with various forms of aridity.

Ecological droughts and aridity

This study considers the variability of moisture in terms of both P and
SM in the vegetated Indian region during monsoon (JJAS) for the period
2000-2019 (Supplementary Fig. S1). Very small P (150-450 mm) and
SM (40-60 kg/m®) are observed in some areas of NW and SI. The rest of
NW, some areas in SI show low P (450-750 mm) and SM (60-80 kg/m?).
These moisture deficit regions coincide with the vegetation stress there
(VHI < 0.4) and are more vulnerable to ecological droughts. In contrast,
the regions such as HR (eastern Himalaya), NE, Western Ghats and some
areas in CI with ample P (1350-2700 mm) and SM (>100 kg/m?) have
vegetation in a better state (VHI > 0.8), and are less vulnerabile to eco-
logical droughts. Interestingly, undeterred by considerable P
(750-1050 mm) and SM (80-100 kg/m?), some areas in the western CI
and northern SI experience vegetation stress (VHI < 0.4), and are vul-
nerable to ecological droughts.

Therefore, three different aridity metrics: Evapotranspiration Ratio
(ETR, evaporative aridity), Vapour Pressure Deficit (VPD, atmospheric
aridity) and Palmer Drought Severity Index (PDSI, meteorological aridity)
are also examined (Fig. 2a, b and Supplementary Fig. S1). The results reveal
that the lowest ETR (0.3-0.45) is estimated in the western areas of NW and
the southernmost SI. It indicates that these areas experience land evapora-
tive stress, which lead to vegetation stress (VHI < 0.4) and are highly vul-
nerable to ecological droughts. These regions also experience a very high
degree of atmospheric water demand (VPD, 1.5-2.5kPa). The higher
atmospheric aridity combined with higher temperature dry the land
moisture. The highest ETR (0.9-1.0) is estimated for HR, NE, eastern IGP
and eastern CI. The lowest (0.5-0 kPa) VPD is found in HR such as western
Himalaya, some areas in NE and in the proximity of Western Ghats. These
regions are less vulnerable to ecological droughts, except western Himalaya,
where very cold conditions trigger vegetation stress. The rest of vegetated
lands exhibit moderate ETR (0.6-0.75) and VPD (1.0-1.5 kPa), and are least
vulnerable to ecological droughts (Fig. 2a, b). PDSI shows a distinct pattern
in India during monsoon, with the lowest values (—3.5 to —0.5) in IGP and
highest (1.0-2.5) in westernmost NW, SI, eastern coast and a small area in
eastern Himalaya (Supplementary Fig. S1).

To explore the association between and among VHI and its drivers,
Rotated Principal Component Analysis (RPCA) is performed with respect
to the eigen values (Fig. 2d). The Principal Component 1 (PC1) is defined in
rotated Principal Component Analysis (PCA) by SM (0.97), ETR (0.95), P
(0.73) and VCI (0.95) with positive correlation, and a strong connection
with VHI. In contrast, VPD (—0.93), T (—0.87) and SST (—0.63) are
correlated negatively with PC1, indicating that VPD, T and SST negatively
impact VHI. A high negative correlation is observed between VHI and
VPD, and VHI and T. The moisture availability components SM, ETR and P
have comparable variability as for VCI and VHI, as moisture is one of the
key drivers of VCI and VHI during ISM in India. Principal Component 2
(PC2) is largely determined by the variability in VHI (0.97), TCI (0.82),
PDSI (0.57) and SST (0.45). PC2 is also positively linked to VCI, P, T and
ETR as they show similar variability like other drivers in PC2, including
VHI. RPCA exhibits that moisture availability has a strong positive impact,
but aridity, T and ocean heat have negative impact on the vegetation health,
but opposite influence on ecological droughts.

Ecological droughts: temporal evolution with drivers, monsoon
and climate oscillations

To further enhance our understanding of the changes in vegetation health
and regions vulnerable to ecological droughts over the decades, the temporal
evolution of VHI with aridity (ETR, PDSI and VPD), ocean heat (Sea
Surface Temperature, SST), ISM and climatic oscillations i.e. Oceanic Nifio
Index (ONI), Indian Ocean Dipole (IOD) index i.e., Dipole Meridional
Index (DMI), Pacific Meridional Mode (PMM) and North Atlantic Oscil-
lation (NAO) are explored. The years of positive anomaly in VHI such as
2003, 2007, 2010-2012 and 2014-2019 are associated with non-ecological
drought years. Contrarily, the years of marked negative anomaly in
VHI during 2000-2002, 2004-2006, 2009, 2013 and 2015 indicate the
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Fig. 1 | Vegetation health in India during Indian Summer Monsoon (ISM).
a Vegetation Health Index (VHI), b Vegetation Condition Index (VCI) and
¢ Temperature Condition Index (TCI) averaged for the Indian summer monsoon

(ISM, June-September) season for the periods 2000-2009, 2010-2019 and
2000-2019.

ecological droughts that coincide with the years of high PDSI, VPD and low
ETR. This signal is stronger in years 2002, 2009 and 2013 that indicates
relatively severe ecological drought conditions (Fig. 2¢c). The years 2002,
2003, 2005, 2009, 2010, 2014-2017 and 2019 show lower P and higher SST,
consistent with the drought years. Therefore, the years with high SST
generally have negative VHI anomaly; suggesting the influence of ocean
warming on triggering ecological droughts (Fig. 3d, e, and Supplementary
Fig. S2). Our analyses of ONI and IOD depict vivid relationship with the
VHI anomaly. The years of positive anomaly in ONI (i.e. El Nifio years) and
IOD such as 2002, 2004, 2009, 2012 and 2015 exhibit negative anomaly in
VHI that lead to ecological droughts. In contrast, the years of negative
anomaly in ONI (La Nifa years) and IOD such as 2000, 2007, 2010, 2011,
2013 and 2016 coincide with the positive VHI anomaly (Fig. 3f and Sup-
plementary Fig. S3). Likewise, there is a notable pattern of positive PMM
(favours El Nifio) and negative anomaly in VHI in 2004, 2009, 2016 and
2018. In contrast, the years of negative PMM (favours La Nifia) have positive
anomaly in VHI in 2008, 2011, and 2017 (Supplementary Fig. S4). Similarly,
the positive phase of NAO (NAO™) show negative anomaly in VHI in years

2002, 2009, 2013 and 2018 due delayed onset and weak ISM rainfall.
Conversely, years 2003, 2008, 2010, 2014 and 2019 exhibit positive anomaly
in VHI in the negative phase of NAO (NAO") that supports high ISM
rainfall (Supplementary Fig. S5).

Since ISM carries moisture from the north Indian Ocean (NIO) and
brings substantial amounts of rainfall in southeast Asia and India, it is
highly important for agriculture and natural vegetation there. This study
finds a significant increase in NIO SST in recent decade (2010-2019) as
compared to its previous. The Indian Ocean Warm Pool (IOWP), a very
warm area of the ocean, has been expanding and exhibit intensified
warming. A comparable increase in SST is also noted in the West Pacific
Warm Pool (WPWP), which also affect IOWP. Additionally, IOWP is
expanding westward, as SST in the region has increased (0.25-0.5°C)
recent decade (2010-2019) from its previous (Fig. 3a—c). This suggests
the westward shift of ISM and its associated heterogeneity in the rainfall
distribution in India in recent decades, by which the western part may
experience more rainfall, but moisture stress in the east result in
enhanced ecological droughts there.
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Fig. 2 | Vegetation health and aridity forms: spatio-temporal variability and
relationships. a The Evapotranspiration Ratio (ETR), b Vapor Pressure Deficit
(VPD) in kPa during Indian summer monsoon (ISM, from June to September) for
the periods 2000-2009, 2010-2019 and 2000-2019. ¢ The temporal evolution of
Vegetation Health Index (VHI) with aridity forms such as ETR, VPD and Palmer
Drought Severity Index (PDSI) for ISM during 2000-2019. d Rotated Principal

Component analysis (RPCA) to examine the variability in VHI and its drivers:
Precipitation (P), Soil Moisture (SM), Temperature (T), Sea Surface Temperature
(SST), aridity forms (ETR, VPD and PDSI), Vegetation Condition Index (VCI) and
Temperature Condition Index (TCI). Here, “1” and “2” denotes Principal Com-
ponent 1 (PC1) and, PC2 respectively, “+VE” denotes positive correlation and
“—VE” denotes negative correlation.

Contribution of drivers to ecological droughts

It is now known that climate drivers, aridity, monsoon, ocean heat and
climatic oscillations have a notable influence on vegetation health and
ecological droughts. However, the quantification and the pathways of
physical mechanisms are to be explored. Here, Random Forest (RF) model is
utilised to estimate the relative contribution of drivers in controlling VHI
(Fig. 4a). The results reveal that PDSI (meteorological aridity) has the largest
contribution (23.9%) in regulating VHI, followed by SST (18.2); suggesting
the role of ocean warming on vegetation stress. Furthermore, ETR (14%)
and VPD (12.4%) also contribute substantially and indicate the importance
of land evaporative and atmospheric aridity, respectively, in driving vege-
tation health and ecological droughts in India. SM (11.1%), T (10.8%), and P
(9.4%) also influence notably in VHI variability.

To quantify the influence of drivers on regional scale, this study esti-
mates the relative contribution of drivers to VHI variability for various
regions (Fig. 4a). Meteorological aridity (PDSI) is the dominant driver of
VHI in most regions with stronger role in NW (27%) and CI (24.9%). Ocean
warming (SST) also plays a substantial role in VHI variability in most
regions with a higher influence in CI (19.6%), IGP (18.7%) and NE (18.4%).
Land evaporative aridity (ETR) has a notable impact on VHI, particularly in
NE (15.7%) and SI (15.2%). Atmospheric aridity (VPD) has a noticeable
effect on VHI prominent in NE (17.4%) and HR (14.4%). Apart from aridity
and ocean warming, fundamental climate drivers (P, T and SM) also play
key roles in VHI variability. T has a marked impact in CI (12.5%), SI (12.2%)
and HR (10.9%). SM plays an important role in IGP (16.7%) and SI (14.6%);
whereas P is decisive to VHI variability in NW (14.2%) and HR (9.5%). The
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Fig. 3 | Vegetation health connection with ocean warming and climatic oscilla-
tions. a Sea Surface Temperature (SST) during the period 2003-2009, b 2010-2019,
¢ Change in SST between b and a, here, WPWP is West Pacific Warm Pool and

IOWP is Indian Ocean Warm Pool, temporal evolution of d Vegetation Health
Index (VHI) with precipitation (P), e P and SST, f Oceanic Nifio Index (ONI) and
Indian Ocean Dipole (IOD) index during the period 2000-2019.

results from Multiple Linear Regression (MLR) (Supplementary
Tables S1-S7) also exhibit similar findings wherein aridity (PDSI, VPD and
ETR) and ocean heat (SST) are the major drivers of VHI, depending on
region. Apart from these, T in HR, NE and CI; SM in IGP, NW and SI are
the key drivers of VHI. Therefore, both RF and MLR reveal that aridity and
ocean warming are the major controls of vegetation health and ecological
droughts during ISM in india.

Relationships and causal links of drivers with ecological
droughts

To examine the relationship of VHI with its drivers, this study employs
correlation analyses (Fig. 4b). P (0.4) has a larger positive influence on
VHI than SM (0.2) during monsoon (JJAS) season. ETR is positively
correlated to VHI (0.63), as it has a strong positive relation with SM (0.7)
and P (0.62), indicating the importance of the moisture availability for
vegetation health. Contrarily, VPD (—0.61), PDSI (— 0.27) and T (—0.2)
exhibit negative relation with VHI (Fig. 4b). SST (—0.88) exhibits a very
strong negative influence on VHI as it has negative relation with
moisture availability (SM, —0.45), and positive connection with T (0.5)
and VPD (0.2). There is a strong relationship between various inde-
pendent drivers, such as positive between P-SM (0.64), VPD-T (0.61)
and negative between ETR-T (—0.84), SM-T (—0.8). Therefore, to
thoroughly investigate the relationship of VHI with its drivers, this study
employs partial correlation analyses (Fig. 4c). ETR has a strong positive
relation with VHI even when T (0.86) and SM (0.7) are accounted. It
helps to understand the larger influence of ETR on VH]I, as also revealed

by RF. VPD (—0.64) has a strong negative impact on VHI even when T is
not accounted. Conversely, T (0.28) has a weaker and opposite relation
with VHI without considering VPD. This explains the larger influence of
VPD on VHI and the stronger control of VPD on T. Both ETR (0.4) and
VPD (—0.38) hold their relation with VHI, despite the effect of one on
the other. PDSI has a weak influence on VHI when P (0.15), T (0.22) and
SM (0.23) are not accounted. VHI has a notable influence of P, T and SM
without accounting for SST, but the relation is changed in case of SM
(—0.45) and T (0.59). This is so as VHI has a high negative impact of SST
(—0.92) even when land T is not considered.

Furthermore, to diagnose the connection of ecological droughts
with its drivers and to unveil the complex non-linear atmosphere-land-
ocean (ALO) interactions, this study utilises the causal discovery analysis
of VHI with its potential drivers (Fig. 5). VHI has a positive causal link
with ETR (0.4) at 3-months lag, as ETR has a very strong positive relation
(0.8) with moisture availability (P and SM) and a strong negative (—0.8)
link with T, as found from RPCA. Higher ETR suggests sufficient
moisture availability that would support the vegetation growth. VHI
shows a negative (—0.4) causal relationship with PDSI (at 1-month lag),
as PDSI has a negative (—0.4) link with moisture availability (P and SM)
at 3-month lag and a positive (0.4) connection with T (at 3-months lag).
VHI also exhibits a very strong negative (—0.8) causal relation with VPD
(at 3-months lag), wherein VPD has a negative (r=—0.6) relationship
with moisture availability (P, SM and ETR), and all of these have a
positive causal link with VHI. Apart from these, VHI has a direct positive
(0.4) causal link with moisture availability (P and SM) at 3-months lag
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Fig. 4 | Vegetation health: relative contribution and relationship with drivers.
aRandom Forest (RF) based contribution of drivers: Precipitation (P), Soil Moisture
(SM), Temperature (T), Evapotranspiration Ratio (ETR), Vapour Pressure Deficit
(VPD), Palmer Drought Severity Index (PDSI) and Sea Surface Temperature (SST)
to Vegetation Health Index (VHI) variability for various regions: as India (IND),

Hilly Region (HR), Northeast (NE), Indo-Gangetic Plain (IGP), Northwest (NW),
Central India (CI) and Southern India (SI). b Pearson Correlation, and ¢ Partial
Correlation (PC) between VHI and its drivers (P, SM, T, VPD, PDSI, ETR and SST)
where PC (X, Y, Z) indicates partial correlation between X and Y limiting the effects
of Z (covariate).

and a negative causal (—0.2) relation with T (3-months lag), as also
depicted by RPCA. This is expected as water availability promotes
vegetation growth, but higher T is detrimental to plant health in the
tropical and temperate regions of India (Fig. 5a).

To enable vivid understanding of the underlying mechanisms and
causal links, this study employs causal analysis for various regions
(Fig. 5b-g). In most regions, aridity (PDSI, VPD and ETR) has a direct
causal link with VHI, except for NW (only VPD), CI (no PDSI), and SI (no
ETR). Key climate drivers (P, SM and T) also exhibit direct causal asso-
ciations with VHI in most regions. In HR, SM does not have any direct
causal link with VHI, as SM in this region is mostly very low or in the form of
snow water equivalent. In NE, there is no direct causal link of T and VHI, but
T impacts aridity that has a direct causal link with VHI. IGP and SI do not
show direct causal relationship of P and VHI, and this might be due to the
intensive irrigation in the vast croplands. However, P has a direct causal link
with SM, T and PDSI that impacts VHI. Contrarily, VHI does not show any
direct link with SST in any region, but it influences VHI indirectly through
P, T and VPD as it has a positive link with all these. This is reasonable, as
higher SST would increase T through heat transfer, and higher T would lead

to enhanced land (low ETR) and atmospheric (high VPD) aridity. There-
fore, atmosphere, land and oceans act as a complex interwoven system that
triggers increased vegetation stress and ecological droughts during ISM
in India.

Rising ecological droughts triggers browning

The long-term change in ecological droughts along with their drivers (Fig. 6)
and its impact on vegetation dynamics (Fig. 7) are investigated here. VHI is
estimated to have increased by 2.3% in recent decade (2010-2019) in
comparison to the previous decade (2000-2009) during ISM (Fig. 6).
Concurrently, there is greening (4+5% VCI) supported by improved
moisture availability through enhanced P (+3.2%) and ETR (+2.8%);
reduction in VPD (—1.2%). However, simultaneously, SM has reduced by
2.7% due to increase in thermal stress (+0.3% TCI) (Fig. 6a). Therefore, for
clear understanding of the mechanisms, the decadal changes in these
indicators are explored on regional scales (Fig. 6b). There is a notable
improvement in VHI for NW (4-5.4%) due to enhanced greening (+10.1%
VCI) and reduced thermal stress on vegetation (—1.4% TCI). Improved
VHI in NW is also facilitated by substantial improvement in moisture
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Fig. 5 | Vegetation health and drivers: causal
relationships. Causal graphs representing the causal
links for Vegetation Health Index (VHI) with its
drivers in Precipitation (P), Soil Moisture (SM),
Temperature (T), Evapotranspiration Ratio (ETR),
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Vapour Pressure Deficit (VPD), Palmer Drought
Severity Index (PDSI) and Sea Surface Temperature
(SST) and interrelationship among them for a India
(IND) and various bioclimatic regions: b Hilly
Region (HR), ¢ Northeast (NE), d Indo-Gangetic
Plain (IGP), e Northwest (NW), f Central India (CI)
and g Southern India (SI).
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availability exhibited by enhanced P (+18.8%), SM (42.5%), ETR (+8%)
and depleted VPD (—1.1%). Likewise, IGP exhibits enhanced VHI (2.5%) as
there is marked greening (4-5.5% VCI) due to enhanced water availability
in this region as P (2.3%), SM (3.4%) and ETR (2.4%) show a noticeable rise,
and a decline (—1.5%) in VPD in recent decade. Similarly, CI shows
enhanced VHI (+2.2%) due to increased VCI (4.4%), P (5.5%) and TCI

(0.5%). In addition, the reduction in VPD (—1.8%) has led to an increase in
ETR (1.8%) in recent decade there. HR shows enhanced VHI (0.6%) owing
to the increase in VCI (0.9%), enhanced P (3.9%) and decrease in TCI, as
indicated by the marginal rise in ETR (0.2%) in recent decade. NW, much of
CI and some areas in IGP are estimated to have reduced meteorological
aridity (PDSI).
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various drought indices: a Ecological: Vegetation Health Index (VHI),
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Severity Index (PDSI) and d Land Evaporative: Evapotranspiration Ratio (ETR) in
recent decade (2010-2019) from the previous decade (2000-2009). e Percentage (%)
change in VHI and its drivers in aridity forms (VPD, ETR, and PDSI), key climatic
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factors [Precipitation (P), Soil Moisture (SM), Temperature (T)], and Sea Surface
Temperature (SST) for various regions: as India (IND), Hilly Region (HR),
Northeast (NE), Indo-Gangetic Plain (IGP), Northwest (NW), Central India (CI)

and Southern India (SI) in recent decade (2010-2019) from the previous decade
(2000-2009).

In contrast, VHI has substantially decreased in NE (—6.6%), although
this region shows marginal greening (VCl is +1.7%) due to reduced thermal
stress (—0.5% TCI) and enhanced P (1.5%). Simultaneously, increased
aridity, i.e. VPD (42.2%) and ETR (—1.7%) has depleted SM (—0.5%) in
NE. In SI, VHI is reduced notably (3.4%) due to strong browning (—8.7%
VCI) due to a substantial reduction in moisture availability, i.e. P (—3.5%)
and SM (—5%). This is driven by an enhancement in thermal stress ( 4 2.1%
TCI), and aridity i.e. VPD (41.6%) and ETR (—3.7%). PDSI is increased in
the southern areas in SI, eastern IGP, HR (eastern Himalaya) and NE in
recent decade from the previous. Additionally, the browning areas are HR in
the eastern Himalaya, NE, eastern areas of IGP and the southern regions of
SI. Interestingly, the ecological droughts have increased in all these regions,
as illustrated in Fig. 7. Therefore, greening facilitated by improved moisture
availability and better thermal conditions support improved vegetation
health and reduced ecological droughts in the western regions of the
country. On the other hand, the threat of ecological drought has increased in
NE, eastern IGP and SI during ISM due to enhanced aridity, increased
moisture stress, and thermal stress in recent decades, which triggers
browning there.

Declining forest health due to anthropogenic intrusions

The ecological droughts are increasing predominantly in intensive
croplands of eastern IGP and forests in India. In terms of forests, eco-
logical droughts are rising in south western Himalaya, eastern Himalaya,
NE, some areas in CI and Western Ghats (Fig. 8a). The ecological
drought driven browning is evident in the regions of increased ecological
droughts, except for some areas in southern NE (Fig. 8b). To explore the
human modifications of natural ecosystems, this study employs two
indices; Human Modification Index (HMI) and Forest Landscape
Integrity Index (FLII). The forests in western Himalaya, NE, CI, and
Western Ghats and SI exhibit large human modifications (HMI > 0.4).
The forests in CI show substantial modifications (HMI > 0.4), with a low
integrity score (FLII =5.5). Similarly, IGP shows the weakest integrity
(FLII = 3.9) and high human alterations (HMI = 0.38). The FLII of forests
in southern NE, some areas in western Himalaya, CI and Western Ghats
exhibit low integrity or high forest fragmentation (Fig. 8¢, d). Also, this
analysis finds large increase in human population in the forest regions of
India during 2000-2019 (Supplementary Fig. S8). The population
explosion (40-60%) is dominant in the forests of HR, NE, IGP, CI and
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Western Ghats that exhibit severe human modifications and forest
fragmentation (Fig. 8 and Supplementary Fig. S6).

Discussion

Previous drought management strategies were based on the response of
hydrological, hydroclimatic, agricultural and socio-economic factors to
droughts™*’. Ecological drought is put forward as an ecological response
linked to long-term moisture stress, and it expands the existing under-
standing of droughts'*". The ecological ramifications of droughts are not
being adequately addressed’™'”. The impact of climate change-induced
changes in vegetation can surpass the direct effects of climate change in
certain areas with enhanced ecological droughts, even with more
rainfall' ™. Ecological droughts in northwest China are increasing
westward affecting larger areas, longer durations, higher frequency, and
greater severity in the 21* century". Ecosystem water balance model
suggests that ecological droughts will be more in the southern and less in
the northern drylands of the United States and Canada®. When com-
paring the meteorological droughts to ecological droughts in northwest
China, ecological droughts last longer than meteorological droughts".
Furthermore, the duration of transition from meteorological to ecological
drought was shorter during summer (2.7 months) and longer during
winter (7 months). However, the transition is more likely during summer
than winter in China'.

In the changing climate and enhanced human influences, vegetation
exhibits substantial changes in India during recent decades”*****”". Con-
currently, India is one of the global hotspots of land-atmosphere
interactions™, and exhibits a very strong connection between the carbon
and water cycles'"'**. Also, India is the most inhabited country with more
than 1.4 billion people whose livelihood is largely depend on agricultural
yields and forest goods. Furthermore, droughts are more intense and
common in recent decades due to strengthened land-atmosphere coupling
in India"". Erratic rainfall, unprecedented warming®, shifting monsoon®

and enhanced aridity'”' in recent decades make the ecological ramifications
of droughts very severe, but are not adequately addressed for India. How-
ever, there are numerous challenges such as the diversity of vegetation and
bioclimatic regions, complex land-atmosphere interactions, data scarcity
and extensive computational needs to conduct such studies for the Indian
region'”'®”, In addition, droughts are inherently intricate, which pose
challenges in accurately assessing their effects on terrestrial ecosystems. The
ecosystem water demands are very diverse and depend upon many factors
such as biomes, biological hierarchy, prevailing climate, topography,
drought stage and characteristics and ecosystem services”'*”*, Thus, the
ecological ramifications of droughts are very complex as ecosystems exhibit
diverse reactions to droughts'*"“. Therefore, this is a dedicated assessment of
ecological droughts, and we expose the high vulnerability regions, analyse its
underlying drivers, mechanisms and investigate its impact on vegetation
dynamics in India during ISM and its implications for sustainability. This
study is based on a suite of advanced statistical and ML techniques employed
on satellite measurements, reanalyses and models.

This study finds that forests in western Himalaya, and croplands in
northwest (NW) and southern regions of south India (SI) are vulnerable to
vegetation stress and ecological droughts. The ecological droughts are
increasing in Himalaya, NE, eastern IGP, CI and southern SI due to increase
in land evaporative (ETR), meteorological (PDSI) and atmospheric (VPD)
aridity in recent decade (2010-2019) from the previous (2000-2009).
Interestingly, these are the regions with ample moisture and optimum
warmth to support vegetation, yet they are subjected to ecological droughts
now. The increase in ecological droughts in these regions drives browning
during monsoon, particularly in the croplands of eastern IGP and southern
SI, and forests of Himalaya, NE and CI. These croplands in eastern IGP and
SI are browning due to warming-induced soil moisture stress in recent
decades'”". The Himalaya and NE are regions of highly efficient carbon
sinks and have become ecologically fragile and vulnerable now due to cli-
mate change and anthropogenic intrusions’™***. Apart from the rising
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Fig. 8 | Changes in ecological droughts, vegetation dynamics and anthropogenic
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aridity, the ocean warming also contributes to the enhancement in ecolo-
gical droughts in India. The high SST would increase land T through the
transfer of oceanic heat to land, which reduces VHI through TCIL In
addition, high land T enhances ET, which would deplete SM and trigger
ecological droughts. Also, the warming of Indian Ocean is the major cause
for weakening of ISM rain over the Himalayan foothills, northern and
central-east regions of India”. Furthermore, warming in the warmer region
of NIO (IOWP) is intensified and WPWP is also getting stronger and
moving westward. These hint at the potential westward shift of ISM* that

leads to increase in ecological droughts and browning, mainly in eastern and
southern India and dryland greening in northwest India”’. The multiple
algorithms such as correlation, partial correlation, PCA, causal analysis and
RF yield coherent results across India and various bioclimatic regions, which
are also consistent with previous findings'’***.

The climatic oscillations impact hydroclimatic conditions through
ISM and its associated rainfall that regulates moisture availability’** and
vegetation health in India™”. The teleconnections like ENSO in its warm
phase (El Nifo) leads to dry and hot conditions, and promote ecological
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Fig. 9 | Concept diagram. An illustration showing
a general state of atmosphere, land and ocean (ALO)
interactions and b state of ALO interactions during
rising ecological droughts due to climate change and
human interventions. Here, M Moisture, P Pre-
cipitation, SM Soil Moisture, IRR Irrigation, VEG
Vegetation, ISM Indian Summer Monsoon; ET
Evapotranspiration, E Evaporation, T Temperature,
NIO North Indian Ocean, BoB Bay of Bengal, AS
Arabian Sea, NW North west, NE North east, IGP
Indo-Gangetic Plain, SI Southern India, FR Wild-
fires, DF Deforestation, CE Cropland Expansion.
Here, solid blue arrows represent the ISM winds,
dashed blue line represents actual rain region and
dashed red line represents the shifted rain region
that indicates westward shift of ISM.
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droughts in India. The IOD also impacts regional weather processes and
interannual climate variability in India, in which the negative IOD (nIOD)
suppresses convection and weakens the ISM rainfall along with higher
temperatures™** that favours ecological droughts. Other climatic oscilla-
tions such as PMM and NAO mainly act as precursors of the ISM rainfall.
PMM influence teleconnections like ENSO with positive PMM favouring El
Nifio development and weakens the regional walker circulation over the
Pacific, which displaces the westerlies towards Indian Ocean and leads to
weak ISM rainfall**®’, triggering ecological droughts in India. NAO also
impacts ISM rainfall indirectly as they alter upper tropospheric wind pat-
terns over India for which the positive phase of NAO (NAO™) delays onset
and reduces the strength of ISM rainfall, promotes dryness*** and ecolo-
gical droughts in the region. In short, the El Nifio, nIOD, positive PMM and
NAO™ years are the periods of ecological droughts in India.

This study finds that the ecological droughts are increasing in the
forests of HR, NE, CI and Western Ghats. These regions exhibit forest
degradation and have high anthropogenic intrusions, including traditional
agricultural practices (slash and burn, and shifting jhum cultivation) and
land use and land cover changes (LULCC)*, accompanied by natural
hazards such as landslides” and wildfires*”>. Large scale human

modifications of natural ecosystems lead to increase in forest integrity
(intactness) loss that would eventually disrupt the land-atmosphere inter-
actions. The regional recycling of moisture through forests is greatly per-
turbed and cause moisture stress in the rising aridity scenario that have
substantial ecological ramifications and leads to ecological droughts. Fur-
thermore, growing human alteration of natural ecosystems results in
deforestation and forest degradation that cause browning and decline in
forest health. Additionally, rising ecological droughts also decline vegetation
vigor and functioning; triggering browning. Thus, more ecological droughts
and browning trigger each other as a feedback loop. In short, the rising
aridity, ocean warming, westward shift of the ISM and human modifications
drive more ecological droughts that leads to browning in the intensive
croplands of eastern IGP, southern SI and forests in Himalaya, NE, CI and
Western Ghats, as depicted in Fig. 9a, b.

The rising ecological droughts in India are driving browning of pristine
forests and intensive croplands during the moisture rich monsoon season.
The browning owing to ecological droughts would result in weakened forest
carbon sinks™ and reduced crop yields'>". Browning will decline the health
and functioning of the terrestrial ecosystems''™*'*. Also, ecological droughts
lead to tree mortality due to mechanisms such as carbon starvation and
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hydraulic failure™. This will also decline the evapotranspiration that would
constrain the cooling effects and promote regional warming™. Persistent
ecological droughts would alter the regional plant species composition and
promote growth of more moisture resistant plant species'”'’. The human
influence on natural ecosystems has resulted in large-scale forest frag-
mentation and degradation in India that can greatly threaten the regional
biodiversity">’. In the drier and warmer world with increasing human
intervention on the natural ecosystems would lead to more severe and
frequent fires in central and southern India™. Also, the decline in forest
health would weaken the land-atmosphere feedbacks like the regional
moisture recycling. Furthermore, stronger, frequent and persistent ecolo-
gical droughts can lead to forest to grassland transition in India”, as in some
regions of Amazon®®. Growing ecological droughts can weaken the carbon
sink potential of Indian forests in the future”. Some vulnerable ecosystems
might not completely recover ever and lead to a chain of destabilisation and
ecosystem collapse. This can lead to release of stored carbon, and rise the
atmospheric carbon dioxide (CO,) that would further increase the global
warming. Forests serve as vital resources, and their degradation would
adversely affect the ecosystem goods and services, and the lives of forest
dwellers. Increase in ecological droughts that drive decline in crop yield is a
great threat to food security in the population explosion scenario. This can
also lead to a hike in global prices of major food grains as India is one of the
key breadbaskets of the world. Therefore, the rising ecological droughts due
to enhanced aridity, changing monsoon climate, and human activities on
natural ecosystems is a great concern for food security and sustainability.

It may be feasible to alleviate the effects of ecological droughts by
implementing modifications to policies, management practises and water
infrastructure. Using the conventional engineered solutions may harm the
vulnerable natural systems. There is a need of proactive resource manage-
ment strategy such as forest thinning that align with natural processes and
can enhance them to effectively mitigate ecological drought vulnerability.
“Nature-based solutions (NbS)” refer to investments made to safeguard and
rehabilitate natural systems and offer potential for mitigating the risks
linked to ecological droughts. However, these approaches are mostly lacking
in drought planning, and their effectiveness and cost are seldom measured
or compared to infrastructure-based mitigation strategies. Typically, human
activities prioritise the demand for water over the needs of ecosystems'""*.
Henceforth, it is imperative to incorporate ecosystem services and vulner-
ability assessment into the planning to effectively tackle ecological droughts.
To adequately tackle them, management policies should integrate both
ecosystem services and vulnerability assessment of droughts. Furthermore,
one of the approaches can be planting drought resilient plants in areas
vulnerable to ecological droughts. Water-efficient crops (e.g. millets and
sorghum) can be grown as a counter strategy. Also, to reduce crop water
consumption, crop switching and water-efficient irrigation facilities should
be employed™. Additionally, there is a need to preserve the readily plant-
available water in the soil by utilising conservative agricultural practices such
as crop row spacing, mulching, and low or no till farming'”"*. In the growing
human population scenario with limited land area, approaches like agro-
forestry should be promoted for judicial utilisation of the available resources
to attain sustainability. There is a need of scientific restoration of degraded
landscapes through efficient land management and forest conservational
approaches. In addition, the indigenous vulnerable ecosystems should be
preserved and protected against ecological droughts by improving their
resilience against moisture stress.

It is high time to integrate ecological droughts in the climate policies
and give due respect in various climate change adaptation and mitigation
strategies. The ecological implications of droughts should be considered in
legislations to combat their threats such as prevention of crop failures,
famines, degeneration and fragmentation of forests, and socio-economic
issues. Remote sensing data should be integrated with existing available
ground-based measurements and previous government reports to delineate
the regions vulnerable to the increasing risk of ecological droughts. Land-
scape level ecosystem planning and restoration efforts should be practiced,
centred around the Ecosystem-based Adaptation (EbA) strategies such as

REDD+ (Reducing Emissions from Deforestation and Forest Degradation,
2008), the Bonn Challenge (2011), Land Degradation Neutrality (LDN)
goals (2015), and the Trillion Trees Initiative (2020). Efforts should be made
for plantation of indigenous structurally diverse plant species as a buffer
against ecological droughts in the vulnerable regions. There is an urgent
need to align the ecological drought adaption strategies and regional plan-
ning with mainstream government policies and sustainability targets in the
near future. Also, more studies are needed on ecological droughts, its
mechanisms and implications in a warmer and drier Earth. Future studies
should focus on carbon stock monitoring and forest carbon dynamics®.
Further research should be conducted on the forecast of ecological droughts,
its adaption and mitigation strategies especially for the Indian region, as a
large population depends upon agriculture and forest driven ecosystem
goods and services for living there.

This study is centred around remote sensing measurements that have
their own limitations such as atmospheric and soil background noises,
changes in satellite orbit, and replacement of sensors along with saturation
and insufficient sensitivity in dense canopy. The land surface model results
used in the study are also constrained as they are largely global models and
might not be very efficient in capturing regional dynamics. Ground-based
measurements are very limited in the Indian region, but would certainly
enhance our results, if available. The statistical and ML techniques employed
in the study have their own limitations, as they are data driven and require
more measurements to train and test to yield robust outcomes. Also, the
data utilised have certain uncertainty that is inherited in the results. The
temporal span of the study is limited to the years from 2000 to 2019 based on
the availability of the MODIS (since 2000) and various other datasets. In
addition, this analysis period is restricted up to 2019 to avoid the anomalies
owing to the COVID-19 lockdown in the vegetation, meteorological and
other related data, which if included, would corrupt the long-term changes
and training data for the ML model”'.

Conclusions

To the best of our knowledge, this study is the first attempt to explore the
complex non-linear interactions among atmosphere-land-ocean (ALO)
through investigation of ecological droughts, their drivers, long-term
changes and implications on vegetation dynamics in India during ISM in
recent decades (2000-2019). It finds an increase in ecological droughts in
ecologically sensitive regions such as Himalaya, NE, eastern IGP, CI and
southern SI in recent decades. These regions are also the hotspots of
increase in meteorological, land evaporative and atmospheric aridity.
Meteorological aridity and ocean warming are two of the dominant
drivers of ecological droughts in India as per the ML based RF model.
Causal analysis reveals that the ocean warming indirectly triggers eco-
logical droughts as it affects moisture availability, thermal conditions and
atmospheric aridity. Furthermore, potential westward shift of the sum-
mer monsoon system triggers more ecological droughts in eastern and
southern India. Henceforth, the rising ecological droughts due to
enhanced aridity, ocean warming and human interventions drives
browning during the ISM season in India. Monsoon is the crucial season
for agricultural activities and growth of forests in India, and thus, the
ecological droughts during ISM are a big threat to socio-economic fabric
of the country. Therefore, rising ecological droughts due to changing
vegetation-climate-human nexus in a shifting monsoon climate can be a
serious concern for environmental sustainability in India as a millions of
people rely on agriculture and forest-based ecosystem goods and services.
Rising ecological droughts and browning during the ISM season can also
disturb the ecohydrological balance, moisture recycling and land-
atmosphere feedbacks. This study, henceforth, unveils the complex
non-linear links between the atmosphere, biosphere and hydrosphere
through various statistical and ML techniques. The findings will help in
effective planning for mitigation and adaption of the adverse impacts of
droughts on ecosystems in India and is applicable to similar bioclimatic
regions of the world. There is a need for efficient monitoring of the
carbon-water cycle interactions, improved climate risk management,
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Table 1 | Data table

Data Resolution Purpose/use Source

MODIS LULC 500 m LULC data to extract Forest and (https://Ipdaacsvc.cr.usgs.gov/)
Cropland

MODIS NDVI 500 m NDVI & calculation of VCI (https://Ipdaacsvc.cr.usgs.gov /)

MODIS LST 500 m LST & calculation of TCI (https://Ipdaacsvc.cr.usgs.gov /)

MODIS SST 4 km Ocean heat content changes (https://Ipdaacsvc.cr.usgs.gov /)

GPM Precipitation 0.1°x0.1° Precipitation variability and change (https://daac.gsfc.nasa.gov/)

GLDAS Soil Moisture 0.25°x0.25°  Soil Moisture variability and change (https://daac.gsfc.nasa.gov/)

GLDAS Air Temperature 0.25°x0.25°  Air Temperature variability and change (https://daac.gsfc.nasa.gov/)

TerraClimate AET 4km Calculation of land evaporative aridity (https://www.climatologylab.org/terraclimate.html)
and change

TerraClimate PET 4 km Calculation of land evaporative aridity (https://www.climatologylab.org/terraclimate.html)
and change

TerraClimate PDSI 4 km Calculation of meteorological aridity (https://www.climatologylab.org/terraclimate.html)
and change

TerraClimate VPD 4 km Calculation of atmospheric aridity and (https://www.climatologylab.org/terraclimate.html)
change

Human Modification 1km To investigate human modification of (https://sedac.ciesin.columbia.edu/)

Index (HMI) forests

Forest Landscape Integrity 300m To investigate the impact of human on (www.forestlandscapeintegrity.com)

Index (FLIT) forests

WorldPop 1km To investigate change in human (https://www.worldpop.org/)
population in forests

NOAA ONI To account for role of ENSO (https://origin.cpc.ncep.noaa.gov/)

NOAA |I0OD (DMI) To account for role of IOD (https://psl.noaa.gov/gcos_wgsp/Timeseries/)

NOAA PMM To account for role of PMM (https://psl.noaa.gov/data/timeseries/month/)

NOAA NAO To account for role of NAO (https://www.cpc.ncep.noaa.gov/products/precip/CWIlink/pna/norm.nao.

monthly.b5001.curren620t.ascii.table)

Datasets with their resolution, purpose and source are mentioned.

land management practices, and policies in the context of anthropogenic
climate change in India to achieve sustainability and food security.

Methods

Detection of ecological droughts

Remote sensing-based indices have emerged as effective techniques for
monitoring droughts*'***”. NDVT has been extensively used for detecting
vegetation dynamics™*** and drought assessment™”***’. Recently, VHI is
widely used as an ecological drought indicator®*'*** which is based on the
combination of VCI and TCI. VHI is highly efficient for the detection of
ecological droughts as it incorporates the climate and topographical features
such as slope and soil ’. Also, the crop yield and VHI show a high coherence,
which is stronger in the important crop growth stages*’. VHI is a stronger
indicator of ecosystem health and crop yield than the vegetation indices such
as NDVI, Enhanced Vegetation Index (EVI) and Leaf Area Index (LAI), as
they are proxies to the surface greenness and plant biomass**'“**, Therefore,
VHI is employed as an indicator for vegetation health, and delineation of
regions under vegetation stress and vulnerable to ecological droughts in
India during ISM (June, July, August, and September: JJAS) months for
recent decades (2000-2019).

All datasets, specifications and sources are listed in Table 1. An over-
view of the methodology employed in this study is illustrated in Supple-
mentary Fig. S7. All analyses are performed for the vegetated land
comprising of croplands and forest regions. The other land cover types were
masked out based on the Moderate Resolution Imaging Spectroradiometer
(MODIS) land use and land cover (LULC) data for the year 2019 (Sup-
plementary Fig. S8). VHI is estimated by linearly combining VCI and TCL
VCI is based on pixel-wise normalization of the NDVI values, which
represents the variation or the proximity of current NDVI to the minimum
NDVI estimated over a period of time®. Here, VCI is estimated from

MODIS NDVI data using the relation (Eq. (1))

NDVI, — NDVI, .
NDVI, — NDVI_,

VCI =

O

Where, NDVI,, NDVI__. are the mean, maximum and
minimum values of NDVI, respectively.

TCI gives the temperature induced stress on vegetation and is esti-
mated as VCI, where Land Surface Temperature (LST) data from MODIS

are used at same resolution (Eq. (2))

and NDVI,;

n

TCI — LST; — LST i, 5
TLST,, — LST i @
Where, LST;, LST, . and LST,; are mean, maximum and minimum

values of LST, respectively.
VHI is derived from VCI and TCI based on the relationship (Eq. (3))

VHI = (a.VCI) + (b.TCI) 3)

Where, a and b are weights; and b is 1-a. Here, both a and b are taken as 0.5
each as per the convention®.

VHI is normally represented in terms of 0-100, but for convenience as
an indicator for ecological droughts, here it is scaled it to 0-1 (Eq. (4))

VHI, — VHI,

VHI, = —————
" VHL,, — VHI .

4)

Here, VHI, VHI,, VHI ;, and VHI,_ . are the normalised, mean, mini-
mum and maximum and minimum values of VHI, respectively.
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To examine the spatio-temporal changes, the analyses are divided into
three focal periods: (i) 2000-2009 (previous decade), (ii) 2010-2019 (recent
decade) and (iii) 2000-2019 (the complete study period). The decadal
change in VHI and all its drivers is also estimated based on the pixel-wise
image differencing technique. The change in different parameters during
the period (2000-2019) is quantified in terms of percentage, as per the
equation (Eq. (5))

Xz — X
%Xp_p = % x 100 (5)

P

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 (2000-2019).

Quantification of aridity

Sufficient moisture availability in an ideal scenario for healthy crops
that can be evaporated is called potential evapotranspiration (ETp),
and the moisture supply to plants to be evaporated that is influenced
by weather conditions, water availability and crop health is termed as
the actual evapotranspiration (ETa)**". The ETR, indicates evapora-
tive or land aridity, is also called as evaporative stress index (ESI) that
considers the moisture availability on the land surface readily available
to be evaporated®. The TerraClimate ETa and ETp data are taken to
compute ETR as per the equation (Eq. (6))

ETR = L12 6
= o ©)

Apart from this, the drought indices in terms of PDSI and VPD from
TerraClimate are also considered to examine the meteorological and
atmospheric aridity, respectively”’. PDSI is a comparative measure that
integrates past P, current moisture levels (P and SM), and moisture
requirements (ETp)*. VPD is regarded as a reliable indicator of atmospheric
aridity as it is a measure of “atmospheric moisture demand” estimated as the
difference between saturated (SVP) and actual atmospheric vapour pressure

(AVP) at a specific temperature’' as per the equation (Eq. (7))
VPD = SVP — AVP %)

VPD impacts vegetation water stress, canopy photosynthesis, and
global carbon and climate feedback by regulating vegetation stomatal

aperture”’”%,

Accounting for climatic oscillations

To account for the role of large-scale circulation, the El Nino Southern
Oscillation (ENSO) Index and Oceanic Nifio Index (ONI) based on the
Dipole Mode Index (DMI) are taken, and the 3-month anomaly of Jun-Jul-
Aug (JJA) and Jul-Aug-Sep (JAS) are averaged to make ONI for the Indian
summer monsoon (JJAS). To estimate the influence of Indian Ocean Dipole
(IOD) on monsoon variability and its effect on terrestrial vegetation, the
IOD index is considered. Apart from these, two other climatic oscillations
that are regarded as precursors indirectly influence ISM i.e. Pacific Mer-
idional Mode (PMM) and North Atlantic Oscillation (NAQO) are also
considered for pre-monsoon (MAM: March, April and May) period**".

Correlation and partial correlation

To understand the relationship among ecological drought and its drivers,
Parsons’s correlation analysis is performed. Since there are a number of
drivers with certain degree of autocorrelation, this study employs partial
correlation (PC) to account for specific relations limiting the role of cov-
ariates. The linear relationship between two variables after excluding the
effect of one or more independent variables (covariate) is known as PC, and

is computed as (Eq. (8)):

Ty — Tyge T

rya= | — ®)
V2 Bl s l—ryz

Here,rxy:correlation coefficient of between variable x and variable

s Tyy, = first order partial correlation between variable x and y by elim-
ination of covariate (z) from the other variables (x and ).

Principal component analysis

Furthermore, PCA is performed to better understand the link between
drivers and VHI. PCA is popular in the climate science for performing the
teleconnection analyses”. The varimax method is used to derive principal
components (PCs). The PCs are decided based on the computed eigen
values. The linear transformation of PCs wherein the prominent relation-
ships are highlighted and the underlying autocorrelations are eliminated”.
Here, rotated PCA (RPCA) using varimax rotation technique is employed to
enhance the inference, and to segregate the key drivers of VHI variability as
detailed in Supplementary Information (Supplementary Text 1). However,
in some instances, PCA does not provide easily explainable results for
physical processes that are not directly connected and is more suitable to
explain the variability’””. Furthermore, to gain better understanding of dri-
vers and their influence on ecological droughts, causal discovery is
employed, as detailed below.

Causality

To investigate the complex interactions in ecological systems, correlation-
based method may not be sufficient as it is not a causation. Also, it is
insufficient when there is influence of a third variable (covariate, z) between
the relationship of two (x and y), and certain degree of autocorrelation exists
among the variables™. To explore the complex non-linear links between the
atmosphere-land-oceans (ALO) interactions accounting for hidden drivers,
specific paths and temporal lags, this study employs causal discovery. Peter
and Clarke’s Momentary Conditional Independence (PCMCI), a Machine
Learning (ML) algorithm from the family of widely used Pearl Causality
(PC) framework, is utilised to explore the causal links between VHI with its
drivers, and the interrelationships among them”*””. PCMCI works at two
stages, for which, initially it estimates partial correlation between two
timeseries for identification of driver’s parents based on iterative conditional
independence test at various lags. Then, it evaluates the statistical sig-
nificance of the causal relationships based on momentary conditional
independence (MCI) tests, followed by the estimation of strength of causal
links using multiple linear regression (MLR). The PCMCI method utilises
various statistical tests to ascertain causality, including linear partial corre-
lations (Par-Corr) and nonlinear independence tests such as Gaussian
Process regressions Distance Correlation (GPDC), and Conditional Mutual
Information (CMI). In this study, the PCMI+ based causal discovery is
performed at 5% statistical significance (&) with a 4-month maximum
allowable lag (T,4,) to quantify the non-linear relation among the multiple
drivers of regional ALO interactions as detailed in Supplementary Infor-
mation (Supplementary Text 2).

Contribution of drivers to ecological droughts

In recent years, ML has been extensively employed to examine the intricate
nonlinear relationship between the dependent and independent variables
owing to its suitability for multidimensional data. Random Forest (RF) is a
decision tree-based ML algorithm usually made with unpruned RF regres-
sion trees that are used to make strong predictions’. This study utilises the
RF model in R Studio version 4.2.1 based on packages “randomForest” and
“caret” to estimate the relative contribution of individual drivers to VHI
variability'”"*. 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. A variable relevance indicates the
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degree to which its exclusion reduces accuracy, as per the equation (Eq. (9))
K
prem _
I, = kEZI {fK (MSE, ™ MSE,) 9)

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 k™ decision tree, and MSE, is the forecasting error with all
predictors included in the k™" decision tree.

The spatial autocorrelation between the training and testing data is
estimated, and the spatial cross validation is found by dividing the study
area of Indian vegetated land into six homogeneous bioclimatic zones
(HR, NE, IGP, NW, CI and SI) (Supplementary Fig. S8 and Supple-
mentary Table S8). The RF model is run for Indian vegetated land and
each of these homogeneous bioclimatic zones to estimate the relative
contribution of drivers to the VHI variability as detailed in Supplemen-
tary Information (Supplementary Text 3). Additionally, MLR is also
employed to determine the contribution of drivers to the VHI variability,
together with the standard errors for Indian vegetated land and its bio-
climatic zones to complement the findings from the RF model, as pre-
sented in Supplementary Information (Supplementary Tables S1-S7).
The drivers considered are P, temperature (T), SM, ETR, VPD, PDSI and
sea surface temperature (SST). The P data are sourced from the Global
Precipitation Measurement (GPM), while the SM and T data are
obtained from the Global Land Data Assimilation System (GLDAS).
Here, the SST data are from MODIS as detailed in Table 1.

Quantification of human influence

To assess anthropogenic intrusions on natural ecosystems, this study
employs two indices”: the Human Modification Index (HMI) and the
Forest Landscape Integrity Index (FLII). HMI is sourced from the
Socioeconomic Data and Applications Centre (SEDAC) and ranges from
0 to 1, reflecting the cumulative extent of human alteration of land,
encompassing 13 anthropogenic stressors categorised into five groups:
(i) human settlement, (ii) agriculture, (iii) transportation, (iv) mining and
energy production, and (v) electrical infrastructure’ for the year 2016.
FLII represents the inaugural assessment of the ecological integrity of
global forests, incorporating both observed and inferred human pres-
sures (such as infrastructure, agriculture, and tree cover loss) and
accounts for the degradation of forest connectivity (the ratio of current to
potential forest connectivity) for the year 2019. The scale spans from 0 to
10, categorising low as 0-6, moderate as 6-9.6, and high as 9.6-10. Also,
the human population count data are obtained from WorldPop that
employs dasymetric redistribution based on RF model. As a proxy for
human interference in natural ecosystems, the change in human popu-
lation in the year 2019 from 2000 is estimated by pixel wise image
differencing technique for the forest regions.

Data availability
All data are publicly available and are listed in Table 1.

Code availability

Data processing is performed in R Studio (version 4.2.1) and ArcGIS
(version 10.4). The plots and charts are created in and ArcGIS (version 10.4),
OriginPro (version 9), Maps3D (https://maps3d.io/) and Microsoft Visio
(https://www.microsoft.com/en-in/microsoft-365/visio/flowchart-
software), QGIS, and The R codes for MLR, RF can be obtained from https://
github.com/RahulKashyap1803. The source code for the PCMCI" causal
discovery is available at https://github.com/jakobrunge/tigramite.
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