
Full length article

Weakening of forest carbon stocks due to declining Ecosystem 
Photosynthetic Efficiency under the current and future climate change 
scenarios in India

Rahul Kashyap , Jayanarayanan Kuttippurath *

CORAL, Indian Institute of Technology Kharagpur, Kharagpur 721302, India

A R T I C L E  I N F O

Keywords:
Carbon cycle
Ecosystem photosynthetic efficiency
Forest resilience
Machine learning
CMIP6
Dynamic global vegetation model (DGVM)

A B S T R A C T

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 (CO2) 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 

(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 8th 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 

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 0 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◦ × 1.40◦), ACCESS (1.875◦ × 1.25◦), MPI- 
ESM (1.88◦ × 1.86◦) and Can-ESM (2.81◦ × 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): 

% XR− P =
XR − XP

XP
× 100 (1) 

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): 

NRA = (Im − Xm)/Xm (2) 

Here, Im = mean change value for any bioclimatic forest region of 
India and Xm = 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.

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). 

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 
et al., 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): 

EPE =
NPP
LAI

(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): 

CUE =
NPP
GPP

(4) 

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): 

WUE =
NPP
ET

(5) 

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 Eqs. (6) and (7): 

Yt =
∑n

i=1
aiYt− i +

∑n

i=1
biXt− i + εt (6) 

Xt =
∑n

i=1
ciXt− i +

∑n

i=1
diYt− i + δt (7) 

where, X and Y are two stationary time series; a, b, c and d are co
efficients; and ε and δ are white noise. For X to Granger cause Y, bi ∕= 0; 
for Feedback between X and Y, di ∕= 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): 

Ix =
∑K

k=1

[
1
K

(MSEk
xprem − MSEk)

]

(8) 

Here, Ix is the variable importance or contribution, K is the number of 
trees in the forest, MSEk

xprem is the estimation error with predictor x 
being eliminated for the kth decision tree, and MSEk is the forecasting 
error with all predictors included in the kth 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): 

Sx =
ΔS
ΔX

(9) 

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 (ΔS) and X (ΔX) 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 CO2 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): 

XGR = Xt − Xt− 1 (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 =
∑n

i=1
XGR (11) 

MGR =

(
∑n

i=1
XGR

)/

n (12) 

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, 

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 (Yx) to the overall mean of the period (Ym). 
The non-dimensional quantity Ri is called as the coefficient of resilience 
as per Eq. (13): 

Ri =
Yx

Ym
(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 CO2, 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 
et al., 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 S3). 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 CO2 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. S1a). 
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

For the Indian forests, we find the mean the canopy cover as 55.6 %, 
VCF as 52.5 % and AGB as 589 Mg/ha. In terms of spatial variability, 

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 
the highest VCF (68.5 %), canopy (77.8 %) and AGB (786 Mg/ha). NE is 
the other region with EBF, MF and DBF, has high VCF (59 %), canopy 

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/m2/m/sr), LAI (5.5–7 
m2/m2) and NPP (900–1500 gC/m2/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/m2/m/ 
sr), LAI (< 4.5) and NPP (< 500 gC/m2/yr) are exhibited by the forests 
in the south WH and majority of CI. Limited moisture availability [P (< 6 
mm/day), SM (< 60 kg/m2)], 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. S3, 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 

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. S9) 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, c), 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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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 

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.
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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).

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).
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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 

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.
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[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. S13) 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 (LAI, 6 %), carbon uptake (NPP, 23 %) and con
version (EPE, 8.6 %) are prominent. In F2, there is smaller increase in 

NPP (10.7 %) despite larger increase in LAI (14 %) due to reduction in 
EPE (− 1.35 %). Among the two focal periods (Fig. 6c), 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 (LAI, 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 [(LAI, − 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.

Fig. 5. (a) Human Modification Index (HMI), (b) Forest Landscape Integrity Index (FLII), and (c) area (%) in various FLII categories (low, medium and high forest 
integrity), and (d) HMI and (e) FLII for 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).
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Fig. 6. (a) Forest Age (in years) in the year 2010, (b) Cumulative Growth Rate in vegetation greenness and photosynthesis [(Normalised Difference Vegetation Index: 
NDVI), (Vegetation Continuous Fields: VCF), (Leaf Area Index: LAI) and (Solar-Induced Fluorescence: SIF)], functioning and health [(Net Primary Productivity: NPP), 
(Ecosystem Photosynthetic Efficiency: EPE), (Carbon Use Efficiency: CUE) and (Water Use Efficiency: WUE)] and their climate drivers [(Precipitation: P), (Soil 
Moisture: SM), (Temperature: T), (Climatic Water Deficit: CWD), (Vapour Pressure Deficit: VPD) and (Fire Counts: FC)] for the period 2000–2019. Percentage (%) 
change in (c) greenness (LAI), carbon uptake (NPP), EPE, CUE and WUE from the CMIP6 model results, (d) LAI, NPP, and biomass and leaf carbon:nitrogen ratio (Leaf 
C:N) from the LPJ-GUESS model simulations between mid-century (P2, 2040–2050) to end-century (P3, 2090–2100) i.e. focal period 2 (F2) from mid-century to base 
period (P1, 2015–2019) i.e. focal period 1 (F1) in no climate change (NO CC) and climate change (CC) runs.
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5. Discussion

5.1. Indian forest carbon stocks: significance

The global atmospheric CO2 and average temperature have risen 
substantially since the industrial revolution (IPCC, 2021; Friedlingstein 
et al., 2024). India is no different, as the CO2 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 CO2 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 

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, CI and 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 (LAI, +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 CO2 
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 CO2 as a 
potent greenhouse gas (GHG) would drive unprecedented warming and 
counterbalance the fertilization effects (Peñuelas 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 CO2. 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 
Niño 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., 
2023b).

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 

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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