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A B S T R A C T

Quantifying the influence of vegetation dynamics on carbon uptake and its climatic drivers is critical for regional 
carbon-cycle assessments, yet most land surface modeling studies still parameterize static vegetation. This lim
itation is particularly relevant in South Asia, where widespread vegetation greening has altered ecosystem 
productivity. This study focuses on the spatiotemporal variability of gross primary productivity (GPP), evapo
transpiration (ET), and the resulting ecosystem water-use efficiency (WUE = GPP/ET) to understand the long- 
term trends and drivers across South Asia. Simulations are performed over South Asia for 1985–2023 using 
the Indian Land Data Assimilation System (ILDAS) with a dynamic vegetation scheme and hybrid meteorological 
forcing involving local IMD (India Meteorological Department) precipitation while maintaining transboundary 
consistency. Results reveal significant regional variations with high GPP ( >2500 g.C/m2/year) and WUE (> 2 g. 
C/kg H2O/year) over the lower Himalayan and northeastern regions, and low values over arid north-western 
region. Seasonal variability peaks during the monsoon for GPP (σ = 95.44 g C/m²) and ET (σ = 39.60 mm), 
whereas WUE varies the most in the pre-monsoon (σ = 12.48 g C/m²/mm), reflecting vegetation adaptation 
under water-limited conditions. Non-parametric elasticity analysis indicates temperature (ε = –21.78) and 
pressure (ε = 76.30) as dominant climatic drivers of WUE, while soil moisture and leaf area index (LAI) are the 
primary internal drivers. Trend analysis reveals significant increases (p < 0.05) in GPP and WUE across large 
parts of South Asia, particularly in northern and central agro-ecological zones, consistent with vegetation 
greening within existing forest cover. Model evaluation shows stronger agreement for GPP with FluxSat (median 
R = 0.70; KGE = 0.43) than with MODIS, and robust ET performance against MODIS (median R = 0.81; KGE =
0.44) over vegetated regions. In the absence of direct observations, cross-validation of modeled WUE with 
MODIS-derived WUE indicates moderate agreement (median R = 0.36) but low KGE (0.21), reflecting un
certainties in ratio-based diagnostics. Overall, the spatial coherence of errors supports the utility of the current 
ILDAS framework with dynamic vegetation scheme for assessing long-term carbon–water interactions across 
South Asia.

1. Introduction

Gross primary production (GPP) refers to the total amount of carbon 
that vegetation takes in at the ecosystem level. It is the main factor in the 
land carbon budget and has a significant impact on global carbon 
sequestration (Anav et al., 2015; Chapin et al., 2006). The absorption of 
carbon by ecosystems is mostly controlled by photosynthesis, a plant 
physiological process that is significantly influenced by climatic, hy
drological, and biological factors (Zscheischler et al., 2017). Therefore, 

GPP serves as a measure of the effectiveness of ecosystems and the ef
ficiency of carbon flux resulting from eco-physiological processes 
(Collalti and Prentice, 2019). Measuring the spatial and temporal vari
ations of Gross Primary Productivity (GPP) is crucial for gaining a better 
understanding of the Earth's terrestrial ecosystems and how they influ
ence climate change (Campbell et al., 2017; Uchale et al., 2023). 
However, representation of such plant-physiological processes and their 
influence on water and carbon cycle is sparse in land surface process 
modeling. Evapotranspiration (ET) is considered a significant climatic 
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indicator that connects the carbon, water, and energy cycles to assess the 
condition of surface water (Allen et al., 2011; Kumar and Sharma, 2023; 
Qiu et al., 2025; Wang and Dickinson, 2012). Variations in ecological 
aridity can be quantified by observing alterations in ecosystem pro
ductivity and Water Use Efficiency (WUE) under changing climatic 
conditions (Greve et al., 2017; Roderick et al., 2015). Evaporation and 
the physical characteristics of vegetation play important roles in deter
mining the WUE of an ecosystem (Tang et al., 2014).Thus, it is crucial to 
measure the spatiotemporal variability, as well as the changing trend, of 
GPP and WUE under different agro-ecological and land cover scenarios 
for the better understanding of the terrestrial ecosystem’s response to 
climate change (Campbell et al., 2017; Huang et al., 2015; Huxman 
et al., 2004; Niu et al., 2011; Uchale et al., 2023). Moreover, sensitivity 
of WUE towards other land surface state variables is less explored over 
South Asia, which could have helped in identifying the most influential 
driving factors of WUE. In fact, very few studies have contrasted the 
variation of GPP and WUE based on different land covers over this re
gion. Moreover, the dynamic simulation of carbon uptake by various 
canopy components into a model and its impact in estimating the carbon 
fluxes have not been investigated yet using the Indian Land Data 
Assimilation System (ILDAS), which is a transboundary 
hydrologic-hydrodynamic modelling system designed to estimate land 
surface conditions and water fluxes in South Asia (Chakraborty et al., 
2024; Magotra et al., 2024a,2024b). In the earlier versions of ILDAS, 
vegetation dynamics were modeled by using predefined LAI values with 
a lookup table (Ek et al., 2003), which limited the models' ability to 
describe the responses of vegetation to weather and climate change. The 
seasonal variation in vegetation growth stages influences their carbon 
uptake as well and hence it has become necessary to include these 
processes into land surface modeling studies for better understanding of 
the water and carbon usage by the terrestrial ecosystem.

WUE is the ratio of carbon assimilated to water lost in terms of 
evapotranspiration in terrestrial ecosystems (Baldocchi, 1994; Xue et al., 
2021; Zhang et al., 2016), indicating the balance between carbon and 
water fluxes (Keenan et al., 2013a; Tang et al., 2014). It establishes link 
between the carbon and water balance (El Masri et al., 2019; Tang et al., 
2014). In-situ estimates as well as modeling approaches have been 
extensively used to evaluate carbon fluxes. Ecosystem-level carbon and 
water exchanges can be continuously measured using the in-situ eddy 
covariance (EC) approach (Baldocchi et al., 2001). This method enables 
the precise quantification of the net carbon exchange between the 
terrestrial ecosystem and the atmosphere (Chapin et al., 2006) and then 
segregation into GPP and ecosystem respiration (Reichstein et al., 2005). 
Additionally, fluctuations in WUE modeled from those in-situ mea
surements and its relation with different environmental conditions have 
been evaluated across a range of time intervals (Keenan et al., 2013a; 
Tang et al., 2014; Xiao et al., 2013). But this method only provides 
site-level estimates, which limits its applicability in developing coun
tries like India, due to less availability of in-situ data. Under such cir
cumstances, satellite remote sensing has opened up a new avenue for 
observing ecosystem carbon dynamics at a larger extent (Frankenberg 
et al., 2011; Justice et al., 2002; Xia et al., 2015). Numerous studies have 
documented the temporal and spatial fluctuations in primary production 
and WUE at both the regional and global scales (Kumar and Sharma, 
2023; Sarmah et al., 2021; Sharma and Goyal, 2018; Tang et al., 2014; 
Tesfaye et al., 2021). However, these remote sensing observations often 
exhibit limitations in algorithmic performance and other technical 
criteria (Kim et al., 2020; Li et al., 2018; Loew et al., 2013). 
Process-based ecosystem models and remote sensing methods have been 
utilized now a days for better understanding of carbon-water in
teractions and water use efficiency in various environments on a large 
scale (Ito and Inatomi, 2012; Tian et al., 2010; Zhang et al., 2014). In 
recent years, Land Surface Models (LSM) have been extensively 
employed to simulate complex land surface processes and estimate 
relevant state variables, such as water and carbon fluxes (Dai et al., 
2003; Ek et al., 2003; Koster et al., 2000; Niu et al., 2011). The 

integration of a dynamic vegetation scheme allows Land Surface Models 
(LSMs) to simulate carbon cycle and biochemical processes by taking 
into account of the distribution of carbon in different parts of plants, 
such as leaves, roots, and stems. This enables LSMs to provide a pre
dictive representation of vegetation growth by considering canopy 
states, such as Leaf Area Index (LAI) (He et al., 2023; Hosseini et al., 
2022; Mengoli et al., 2022). In fact, the recent study conducted by 
Uchale et al., (2023) highlighted the need for a dynamic vegetation 
scheme calibrated and validated especially for India.

Earlier studies have examined the impact of various controlling 
factors on ecosystem carbon uptake and water use efficiency (Cheng 
et al., 2017; Lin et al., 2018; Sarmah et al., 2021; Sun et al., 2021; Tang 
et al., 2016). Few of such studies have been conducted over India in 
recent past (Dubey and Ghosh, 2023; Nandy et al., 2022; Peddinti et al., 
2020; Sharma and Goyal, 2018; Verma et al., 2022; Verma and Ghosh, 
2024). The studies conducted based on satellite data products often lack 
in considering carbon fertilisation and capturing the carbon dynamics 
precisely (Das et al., 2023; Kashyap et al., 2023). But, the imple
mentation of land surface modelling framework along with dynamic 
vegetation scheme for estimating water use efficiency is rarely explored 
over the Indian subcontinent (Uchale et al., 2023). Providing a better 
representation of vegetation dynamics in LSMs can enhance the accu
racy of ET calculations in numerical weather prediction (Boussetta et al., 
2013), or vegetation dynamics under climatic variability (Laanaia et al., 
2016) and its influence on carbon cycle (Green et al., 2019). Indian 
subcontinent is a significant contributor to global greening (Chen et al., 
2019). This region exhibits large variability in climatic conditions, land 
covers, phenological growth (Champion and Seth, 1968). Consequently, 
a huge diversity in ecosystem exists here which enables different carbon 
sequestration patterns over the domain. However, a large degree of 
uncertainty exists in their estimations because of the lack of an extensive 
ground-monitoring network outfitted with EC flux towers (Chakraborty 
et al., 2020; Deb Burman et al., 2017; Uchale et al., 2023). In this study, 
a dynamic vegetation scheme has been introduced to observe the 
model’s applicability in observing the spatiotemporal variations in 
carbon flux estimates over the Indian subcontinent. In this study, we 
assess spatial and temporal dynamics of GPP and resulting impact on 
WUE of terrestrial ecosystems of South Asia for a 40-year period 
(1985–2023). The present study focuses on: 

a. To observe the spatiotemporal variation of model estimated GPP, ET 
and resulting WUE across different seasons and land covers within 
South Asia,

b. To analyze long-term trends in GPP and WUE over the study period.
c. To assess the impact of different forcings variables on model esti

mated WUE in terms of sensitivity analysis.

2. Materials and methods

2.1. Study area

This study focuses on the South Asian domain covering all the Indian 
national and transboundary river basins within the geographical co
ordinates of 64.5◦E – 100.0◦E and 5.0◦N – 38.0◦N, shown in Fig. 1. We 
expanded the geographical reach of our study outside India to enable the 
Land Surface Model (LSM) to analyze the impact of different meteoro
logical and geological conditions on different land surface state vari
ables at the Indian landmass border. The domain comprises 18 major 
river basins consisting of 3 transboundary river basins, along with 
variation in topography, land cover (Fig. 1) and climatic conditions 
leading to significant variation in rainfall patterns, soil type and vege
tation. The domain contains large Himalayan Forest, savannas, grass
lands and croplands, signifying the diversity in land cover and 
vegetation types here. Many research and surveys support the fact of 
increasing tree cover in India up to 24.5% (Chaudhry and Tambe, 2023; 
G et al., 2022), indicating increase in photosynthetic activities and their 
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impact on ecosystem water use efficiency.
Moreover, the role of precise consideration of vegetation dynamics is 

quite essential for various other hydrological and ecological applications 
over this highly diverse domain.

2.2. Meteorological forcings

2.2.1. India meteorological department (IMD) precipitation data
This research employed the India Meteorological Department (IMD) 

generated daily precipitation data at a 0.25◦ spatial resolution, spanning 
the years 1981–2022 (Pai et al., 2014) as precipitation input to the 
model. The dataset was generated using the inverse distance weighted 
(IDW) interpolation method, which was based on the data collected 
from a nationwide network of 6995 gauge stations (Shepard, 1968).

2.2.2. Modern-era retrospective analysis for research and applications 
(MERRA2)

The Modern-Era Retrospective Analysis for Research and Applica
tions, Version 2 (MERRA-2; Gelaro et al., 2017) provides data beginning 
from 1980. It includes latest features from NASA's Global Modeling and 
Assimilation Office (GMAO). MERRA2 has demonstrated significant 
improvements over its previous product, MERRA (Gelaro et al., 2017). 
The study utilized the MERRA2 dataset corrected for biases, which 
features hourly time intervals and spatial resolution of 0.625◦ x 0.5◦. 
The list of forcing variables and their sources is enlisted in Table 1.

2.3. Evaluation datasets: gross primary productivity and 
evapotranspiration data

For evaluating the model results of GPP and ET we used the following 
satellite and machine learning model-derived global datasets:

MODIS Gross Primary Productivity: We used the Terra MODIS gross 
primary productivity product MOD17A2H (Collection 6.1; Running and 
Zhao, 2021), which provides 8-day cumulative GPP composites as a 
gridded Level 4 dataset at 1-km spatial resolution in the MODIS Sinu
soidal projection. MOD17 GPP is estimated using a classic light-use ef
ficiency (LUE) approach in which plant carbon uptake is assumed 
proportional to canopy-absorbed photosynthetically active radiation 
(APAR), scaled by a biome-specific maximum efficiency and environ
mental stress scalars, particularly under low temperature and high vapor 
pressure deficit (VPD) conditions (Madani et al., 2017; Running et al., 
2004; Yuan et al., 2014).

FluxSat Gross Primary Productivity data: FluxSat global gross pri
mary production dataset is generated from the reflectance data from 
MODIS, and eddy covariance measurements using machine learning 
(Joiner and Yoshida, 2020). Neural networks are trained on MODIS 
reflectance data to upscale GPP measured with eddy covariance flux 
towers to generate FluxSat GPP estimate and employed for large scale 
applications for estimating GPP and validations in absence of in-situ 

Fig. 1. Study Area covering the transboundary river basins of south Asia. All the basin names are shown in the box below the plot with their corresponding numbers. 
Abbreviations of Basin name are explained in the Table S1 of supplementary material.

Table 1 
List of meteorological forcing variables used as input, their short name, units and 
their sources.

Forcing variable Short name Unit Source

Precipitation P kg/m2 IMD
Near surface air temperature T K ​
Specific Humidity Q kg/kg ​
Shortwave radiation SW W/m2 MERRA2
Longwave radiation LW W/m2 ​
Windspeed V m/s ​
Surface pressure PS Pa ​
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data in many studies (Ahmad et al., 2022; Bacour et al., 2019; Lv et al., 
2023; Zhang et al., 2023).

MODIS Evapotranspiration: This study used the MODIS MOD16A2 
Version 6.1 (Running et al., 2021) evapotranspiration 8-day composite 
estimates at 500-m spatial resolution for evaluating model ET outputs. 
In MOD16A2, evapotranspiration and latent heat fluxes are derived 
using a Penman–Monteith–based approach that integrates daily mete
orological reanalysis inputs with MODIS remote-sensing products 
describing vegetation dynamics, surface albedo, and land cover.

GLEAM Evapotranspiration data: The 0.25◦ daily Global Land 
Evaporation Amsterdam Model (GLEAM version 3.0a; Miralles et al., 
2011) evapotranspiration data is a Priestley Taylor evaporation model 
product, mainly derived from passive microwave remote sensing. It is 
developed by combining a wide range of currently existing 
satellite-sensor products to estimate reliable fields of daily global 
evaporation and used here to evaluate the modeled evapotranspiration.

Although the above datasets are not direct in-situ measurements, 
they represent the most widely used observation-based benchmarks for 
large-scale evaluation of GPP and ET, particularly in data-scarce regions. 
Efforts have been made for the extensive search for ground-based eddy 
covariance flux tower observations over South Asia, including publicly 
available networks such as FLUXNET2015, AsiaFlux, and published site- 
level studies. However, the spatial coverage of long-term, continuous 
flux tower measurements within the study domain was found to be 
extremely sparse, with most sites either located outside the region of 
interest, or not providing simultaneous measurements of both carbon 
and water fluxes required for this analysis. In the absence of sufficiently 
dense flux tower coverage over South Asia, these products provide a 
consistent and physically interpretable basis for model evaluation at the 
spatial and temporal scales considered in this study. A list of published 
works that evaluated the performance of these datasets from global to 
regional scales and the relevant performance metrices have been re
ported in Table S2 of supplementary material.

2.4. Model description: Indian land data assimilation system (ILDAS)

ILDAS is an integrated land surface modelling and data assimilation 
framework specifically designed and configured for South Asia (Magotra 
et al., 2024a,2024b) developed using the NASA Land Information Sys
tem Framework (LISF) (Kumar et al., 2006, 2008; Peters-Lidard et al., 
2007), Version 7.4. ILDAS is capable of giving reliable estimates of 
various water storage and flux variables like soil moisture, evapotrans
piration, terrestrial water storage, channel discharge and runoff along 
with floodplain inundation over South Asia. Recently, it has been 
extended to perform satellite soil moisture data assimilation 
(Chakraborty et al., 2024). ILDAS supports the usage of multiple local 
and global meteorological forcing datasets to provide spatially consis
tent estimates of various land surface state variables at resolution of 0.1◦

× 0.1◦.
In this study, all the land surface state variables have been estimated 

by simulating the Noah-Multiparameterization (Noah-MP) Land Surface 
Model, (Niu et al., 2011; Yang et al., 2011) Version 4.0.1. Noah-MP 
considers soil depth of 2 m with four layers and includes various 
multi-physics options like vegetation, runoff and groundwater dynamics 
(Nie et al., 2018; Niu et al., 2011; Yang et al., 2011). The geophysical 
parameters used as inputs for the land surface model have been collected 
from the different sources as specified in Table 2 following (Chakraborty 
et al., 2024). The NASA Land Data Toolkit (LDT; Arsenault et al., 2018) 
has been used to generate the input file by incorporating the model 
parameters.

In this study, instead of using static vegetation parameters, a prog
nostic vegetation module introduced by Dickinson et al., (1998a), 
(1998b) has been enabled in conjunction with a Ball-Berry photo
synthesis-based stomatal resistance scheme developed by Ball et al., 
(1987) and further used in Bonan, (1996) and Collatz et al., (1991), 
along with the existing model configuration to incorporate the 

simulation of carbon cycle and evaluation of carbon flux. These two 
schemes enable the model to incorporate processes like carbon assimi
lation via photosynthesis and distribution of that carbon among various 
canopy components (leaf, stem, root etc.) as well as respiration from 
each of them. Once stomatal conductance is determined, Noah-MP cal
culates photosynthesis rates following Farquhar Model (Farquhar et al., 
1980) and Collatz et al., (1991).

The current modeling scheme considers generic natural vegetation 
including generic croplands based on MODIS land cover types to run the 
carbon dynamics in the model. Noah-MP uses two-stream canopy radi
ative transfer schemes based on the approximation of Dickinson, (1983)
and Sellers (1985) to calculate fluxes absorbed by vegetation, reflected 
by vegetation, and transmitted through vegetation for unit incoming 
direct or diffuse flux given an underlying surface with known albedo. 
More details can be found in He et al., (2023); Niu et al., (2011); Yang 
et al., (2011).

The leaf respiration and senescence are dependent on the soil water 
stress (Wstress) which is calculated as below: 

Wstress = 1 −
∑Nroot

i=1
Fsoil,transp (i) (1) 

Where Fsoil,transp(i) is the transpiration reduction factor of soil layer i, 
computed from the stomatal resistance formulation and bounded be
tween 0 (fully stressed) and 1 (no stress); Nroot is the number of soil layers 
contributing to root water uptake depending on Plant Functional Type 
(PFTs), enlisted in Table S5 of supplementary material. The soil water 
stress ranges between 0 (saturated) to 1 (wilting). The leaf carbon mass 
is calculated using the following equations: 

Mleaf = max(LAI,0.05) ×
1000

max(1, SLA)
(2) 

Mleaf ,min = LAImin ×
1000
SLA

(3) 

Where, LAI is the leaf area index, Mleaf is the leaf carbon mass (g.C/m2) 
and Mleaf ,min is the minimum allowed leaf carbon mass, SLA is the single 
sided leaf area per mass (m2/kg) (enlisted in Table S5 of supplementary 
material). Before biomass growth, assimilated carbon is reduced by 
maintenance respiration, representing metabolic costs of sustaining 
existing tissues: 

Rleaf = Rleaf maint,25C × Tf × Fn × LAI × Rf ,reduction × (1 − Wstress) (4) 

Rleaf maint = min
(

Mleaf − Mleaf ,min

Δt
, Rleaf × 12 × 10− 6

)

(5) 

Tf is the temperature factor, Fn is the foliage nitrogen factor Rf ,reduction 

is the respiration reduction factor (=0.5 for non-growing season; 1 for 
growing season). Rleaf maint,25C is the leaf maintenance respiration rate at 
25◦C (enlisted in Table S5 of supplementary material). The equations to 

Table 2 
List of input parameters for Land Surface Model, their sources and resolution.

Geophysical 
Parameters

Data Sources Resolution

Landcover MODIS IGBP classes modified by NCEP (Friedl 
et al., 2002)

0.0833◦

Soil texture FAO derived soil texture map by NCAR 5 min
Elevation, Slope, 

Aspect
Multi-Error-Removed Improved-Terrain 
(MERIT) Digital Elevation Model (Yamazaki 
et al., 2017)

1 km

Albedo National Centers for Environmental Prediction 
(NCEP) (Robinson and Kukla, 1985)

1◦

Greenness NCEP (Gutman and Ignatov, 1998) 0.15◦

Max snow albedo Barlage Native (Barlage et al., 2005) 0.05◦

Bottom 
temperature

ISLSCP-1 temperature derived map by NCEP 1◦
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calculate Tf , Fn are explained in the supplementary material.
The rate of total carbon assimilation is calculated as: 

Cassim,tot = PSN,tot × 12 × 10− 6 (6) 

Where, PSN,tot is the total photosynthesis rate. The carbon allocated to 
leaves are calculated as: 

Cassim,leaf = Cassim,tot × Fleaf (7) 

Where, Fleaf is the fraction of carbon flux allocated to the leaf, which is 
calculated as: 

Fleaf = e[0.01×LAI×(1− eα×LAI)] (8) 

Where α is a vegetation type dependent parameter based on the type of 
land cover. For all vegetation categories α is set to 0.75 (except for 
evergreen broadleaf forest α =0.5) as per MODIS classification.

The fraction of carbon flux allocated to the stem (Fstem) is calculated 
as: 

Fstem =
LAI
10

× Fleaf (9) 

Then Fleaf is further updated by subtracting Fstem from it. The fractions 
of carbon flux allocated to the roots are calculated as: 

Froot = (1 − Fleaf − Fstem) × (1 − fracwood) (10) 

Where fracwood is the wood carbon fraction in wood and root pools 
(further explained in supplementary material). The turnover rates for 
different vegetation components are calculated as: 

Tleaf = Cturn,leaf × 5 × 10− 7 × Mleaf (11) 

Tstem = Cturn,leaf × 5 × 10− 7 × Mstem (12) 

Troot = Cturn,root × Mroot (13) 

Where Cturn,leaf and Cturn,root are leaf and root turnover rate coefficients 
respectively (values are specified in Table S5 of supplementary mate
rial). Mstem and Mroot are the stem and root carbon mass (initialized to 
500.0 g.C/m2).

The seasonal death rate or senescence due to temperature and water 
stresses are calculated as below: 

Scd,leaf = Mleaf × (Ftd × Ctd + Fwd × Cwd)×10− 6 (14) 

Scd,stem = Mstem × (Ftd × Ctd + Fwd × Cwd)×10− 6 (15) 

Where, Ftd and Fwd are death coefficients due to temperature and water 
stresses respectively, Ctd and Cwd are the temperature and water co
efficients for leaf death respectively. The calculations of, Ftd and Fwd and 
the values of Ctd and Cwd are explained in the supplementary material.

The total gross primary productivity (GPP, g.C/m2/s) is obtained as 
diagnostic output: 

GPP = Cassim,tot (16) 

The specific leaf area, a metric that depends on the type of vegeta
tion, is multiplied by the leaf carbon mass to get the leaf area index 
(LAI). LAI and SAI get further updated as: 

LAI = max
(

LAImin, Mleaf ×
SLA
1000

)

(17) 

SAI = max
(

SAImin, Mstem ×
3

1000

)

(18) 

The Green Vegetation Fraction (GVF) is determined by partitioning a 
grid cell into a fractional area covered by vegetation and a fractional 
area of bare land. This partitioning is based on the Leaf Area Index (LAI) 

and is calculated using the following mathematical function: 

GVF = 1 − e− 0.52LAI (19) 

GVF is a crucial factor in Noah-MP, responsible for accurately rep
resenting vegetation status and distributing evapotranspiration into 
multiple components. The GVF value for each tile is set to the maximum 
value of all months from the monthly climatology at that tile. This 
scheme enables the model to estimate GPP as diagnostic output in 
addition with the ET estimates from the default model setup of ILDAS 
(Chakraborty et al., 2024; Magotra et al., 2024a,2024b). Further details 
of this dynamic vegetation scheme and related biochemical processes 
can be found in He et al., (2023); Niu et al., (2011); Yang et al., (2011). 
As ILDAS does not give WUE directly as diagnostic output variable, both 
GPP and ET from model estimates are used to calculate the ecosystem 
WUE as ratio of GPP and ET.

The entire methodology and model setup has been described in 
Fig. 2.

2.5. Experimental setup

The Noah-MP land surface model was spun up for four cycles, each 
spanning five years (from 1st January 1980–31 st December 1984), 
giving spin ups for a total 20-year period to establish stable and steady- 
state initial conditions within ILDAS by taking the meteorological 
forcing variables as listed in Table 1 and the model input parameters for 
the selected domain as specified in Table 2. During each spin-up cycle, 
the model was forced with consistent meteorological inputs to allow the 
key land surface state and flux variables to reach equilibrium, mini
mizing any transient effects in the simulations. Key parameters such as 
soil moisture, ET, runoff and vegetation states were monitored to 
confirm that variations stabilized after each spin-up cycle, indicating 
model stability. Convergence was assessed by quantifying the change in 
key state variables between successive cycles using (i) the 5-year mean 
fields and (ii) domain-wide statistics (median and 95th-percentile of 
absolute cycle-to-cycle differences). The list of those monitored vari
ables along with their respective convergence thresholds and the results 
of convergence curves are described in Table S3 and Fig S1 of supple
mentary material.

Following the spin-up phase, a continuous simulation from 1st 
January 1985–31 st December 2023 was conducted to capture long- 
term variability. The different physics options used in the land surface 
model configuration for both spin up and main simulations are described 
in Table S4 of the supplementary material. The meteorological forcings 
for all these simulations have been taken from two different forcing data 
sources: IMD precipitation with other forcing variables from MERRA2, 
as specified in Table 1. The purpose is to incorporate local precipitation 
dataset along with the other global forcings for the model to capture the 
local variation precisely. To ensure consistent integration across na
tional and transboundary areas, different precipitation datasets were 
harmonized by defining boundary protocols: within Indian national 
borders, the model applied IMD precipitation data in combination with 
MERRA2 forcings, while outside the Indian national boundary, MERRA2 
precipitation data was utilized to maintain continuity. LIS setup is being 
configured here to use two meteorological forcing sources with the 
blending option as “overlay”. The global MERRA-2 meteorological fields 
specified in Table 1 are read using the built-in MERRA2 forcing readers. 
Within LIS, the overlay blending method gives precedence to the IMD 
precipitation data generated in LDT format. Consequently, IMD pre
cipitation from the LDT-generated forcing is used wherever it is defined 
(over India), and MERRA-2 precipitation is used elsewhere; all non- 
precipitation variables are taken exclusively from MERRA-2.

2.6. Trend, sensitivity analysis, and validation

For analyzing the long-term trends in annual GPP and WUE time 
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series, a combination of non-parametric trend detection and robust slope 
estimation techniques was applied. Since monotonic trend tests such as 
the classical Mann–Kendall (MK) test assumes serial independence of 
observations, and the GPP or WUE time series may typically exhibit 
strong autocorrelation due to ecosystem carbon pool memory effects, an 
explicit assessment of temporal autocorrelation was conducted prior to 
trend estimation using the sample lag-1 autocorrelation coefficient: 

ρ1 =

∑n

t=2
(xt − x)(xt− 1 − x)
∑n

t=1(xt − x)2 (20) 

where xt represents the annual time series, x is the sample mean, and n is 
the total number of years. Following standard practice, the time series 
was considered significantly autocorrelated when ρ1 >

2̅ ̅
n

√ . If ρ1 ≤ 2̅ ̅
n

√ , the 
series is considered as serially independent and suitable for the appli
cation of the classical Mann-Kendall test (Mann, 1945). However, if 
significant autocorrelation exists then the classical MK test is inappro
priate due to its tendency to underestimate variance and inflate the 
significance of trend. In such cases, the Modified Mann–Kendall (MMK, 
Hamed and Ramachandra Rao, 1998) test is suitable. The Modified 
Mann–Kendall test retains the original Mann–Kendall S-statistic but 
corrects its variance to explicitly account for serial correlation. It also 
operates as a rank-based significance test like the classical one, assessing 
whether the S-statistics of the time series fall within the confidence in
terval, thereby determining the significance of the observed trend under 
the null hypothesis. If xi and xj are the values in the time series at times i 
and j, respectively and n is the total number of observations, then S 
statistic is calculated as: 

S =
∑n− 1

i=1

∑n

j=i+1
sgn(xj − xi) (21) 

Where sgn is the sign function defined as below: 

sgn(xj − xi) =

⎧
⎨

⎩

+1, if xj − xi > 0
0, if xj − xi = 0
− 1, if xj − xi < 0

(22) 

he Modified Mann–Kendall test introduces an effective sample size 
n* to account for autocorrelation, defined as: 

n∗ =
n

1 + 2
∑n− 1

k− 1

(

1 − k
n

)

ρk

(23) 

Where ρk is the lag-k autocorrelation coefficient of the time series. In 
practice, the summation is truncated to statistically significant lags, with 
lag-1 autocorrelation often dominating annual ecosystem time series. 
The corrected variance of the S-statistic is then computed as: 

Var∗(S) = Var(S) ×
n
n∗

(24) 

This variance inflation directly reduces the likelihood of falsely 
detecting significant trends in autocorrelated data. The standardized Z- 
statistic is subsequently calculated using the corrected variance: 

Z =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

S − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var∗(S)

√ , S > 0

0, S = 0
S + 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var∗(S)

√ , S < 0

(25) 

The null hypothesis of no monotonic trend is rejected if ∣Z∣ exceeds 
the critical value corresponding to the chosen significance level 
(p = 0.05 in this study).

The long-term trends in the GPP and WUE have been quantified by 
determining the Theil-Sen slope (Sen, 1968) using the following 
equation: 

Fig. 2. Methodology for dynamic vegetation simulation along with land surface model within ILDAS.
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SlopeTS = median
[
(xj − xi)

(j − i)

]

(26) 

Where xj and xi are the data values at jth and i th time step, respectively. 
The significance of the slope has been estimated from the Mann-Kendall 
test p-value and compared with the level of significance chosen (0.05 
here) to evaluate with respect to the null hypothesis. To better charac
terize trend robustness, uncertainty ranges for the Theil–Sen slope were 
estimated and reported as confidence intervals alongside the median 
slope values. Reporting both slope magnitude and associated uncer
tainty provides a more reliable assessment of long-term ecosystem 
trends.

The sensitivity analysis of WUE with respect to all the forcing vari
ables enlisted in Table 1 and different other LSM estimated variables 
such as soil moisture (SM), evapotranspiration (ET), and leaf area index 
(LAI) have been performed to observe their influence on the WUE esti
mates. Prior to performing the sensitivity analysis, the statistical dis
tribution of these variables has been analyzed in terms of standardized 
Z-score to assess their suitability for different analytical approaches 

Z =

[
X − μ

σ

]

(27) 

Where, X is the variable, μ is the mean and σ is the standard deviation.
The boxplots of the standardized Z-scores in Fig. S2 of the supple

mentary material reveal considerable dispersion and skewness in the 
distributions of these variables, especially for precipitation, windspeed, 
and evapotranspiration, as well as the presence of noticeable outliers in 
most of the variables. These statistical characteristics indicate the 
violation of assumptions of normality and homoscedasticity required for 
parametric methods sensitivity of tests. Under such circumstances, a 
non-parametric elasticity method (Schaake and Waggoner, 1990) is 
chosen to assess the sensitivity of Water Use Efficiency (WUE) to all 
those influencing variables. This approach is selected over parametric 
methods because it offers greater robustness against outliers and is 
well-suited for non-linear relationships, which are common in complex 
land surface interactions and applied in hydro-meteorological sensi
tivity analyses (Konapala and Mishra, 2016; Liu et al., 2017, 2020; 
Veettil et al., 2018). This elasticity (ε) test has been employed here to 
observe the influence of the mentioned variables on WUE. Based on the 
theory of elasticity, ε was defined as: 

ε = median
{
(Xi − X)/X
(Yi − Y)/Y

}

(28) 

Where, Xi, Yi denote the WUE and the influencing variable respectively 
and X, Y denote their respective long-term averages. The median-based 
approach minimizes the effect of outliers, providing a reliable sensitivity 
measure even when extreme values are present. Before applying the 
elasticity method, each variable was resampled to a common temporal 
resolution, and missing values were interpolated where necessary to 
maintain data continuity. This preprocessing ensured that elasticity es
timates accurately reflected the relationship between WUE and the 
selected variables, supporting reliable interpretations of sensitivity. 
However, this approach also has limitations. Because elasticity is 
computed using median proportional deviations, it primarily charac
terizes the central tendency of the WUE response. It may therefore 
under-represent highly nonlinear, state-dependent, or threshold-driven 
responses, and does not explicitly describe tail-dominated dynamics 
driven by extremes. These considerations are taken into account in 
interpreting the results.

The model outputs of GPP and ET are validated against the observed 
datasets mentioned in 2.3, using the standard statistical metrics such as 
Correlation (R) and Kling-Gupta Efficiency index (KGE; Gupta and Kling, 
2011). 

R =

⎡

⎢
⎣

Σ(O − μo)(S − μs)̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Σ(O − μo)
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Σ(S − μs)
2

√

⎤

⎥
⎦ (29) 

KGE = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Sr[R − 1]2 + Sα[α − 1]2 + Sβ[β − 1]2
√

(30) 

Where, O represents the observed variable, S represents the simulated 
variable, α = σs

σo
, β =

μs
μo

; Sr, Sα, and Sβ are scaling factors for the three 
components, respectively, which are specified by the user; σs and σo are 
the standard deviations for simulated and observed variables, respec
tively, and μs and μo are the corresponding mean values. Employing 
these basic equations we also evaluated the climatological and anomaly 
correlations, climatological amplitude ratio (αclim =

σs,clim
σo,clim

) that evaluates 
the seasonal cycle amplitude of the simulated variable with that of the 
observed variable, and the anomaly standard deviation ratio 
(αanom =

σs,anom
σo,anom

) that measures how well the model reproduces the inter
annual variability after removing the climatological mean.

3. Results and analysis

3.1. Spatiotemporal variability

To observe the overall spatial variability of GPP, ET and WUE over 
the study domain, mean annual spatial maps of GPP (Fig. 3, a), ET 
(Fig. 3, b) and WUE (Fig. 3, c) over the domain are shown.

One common pattern of variation can be observed for all the three 
variables, especially over the lower Himalayan region and north-eastern 
hilly regions, mainly characterized by medium to dense forest cover, 
exhibit consistently high values of GPP (>2500 g.C/m2/year), ET 
(>900 mm/year) and WUE (> 2 g.C/kg H2O/year). This is signifying 
the importance of forest lands in contributing towards ecosystem pro
ductivity. Because natural vegetations like forest covers can assimilate 
atmospheric carbon proportional to greening. Whereas upper Himala
yan region characterized by snow/ice and barren land has less GPP and 
ET, resulting in less values of WUE over that region. A diverging spatial 
variation of these parameters can be observed over the Brahmaputra 
basin. Interestingly, lower Brahmaputra basin has higher GPP, ET and 
WUE.

Fig. 3(d) further disaggregates WUE by river basins, showing the 
variability in monthly WUE across 18 major river basins. The Brahma
putra and Subarnarekha basins show the highest median WUE values 
(>2 g C/m²/mm). In contrast, the Indus, Krishna, and Penner basins 
display the lowest WUE (<1.5 g C/m²/mm). The interquartile range 
(IQR) for each basin also highlights the seasonal and interannual vari
ability in WUE, particularly in monsoon-dominated catchments such as 
the Ganges, Godavari, and Mahanadi.

3.2. Variation across different seasons and land covers

The seasonal variations in GPP, ET and WUE can be contrasted 
further spatially by observing seasonal maps (Fig. 4). The Indian sub
continent region is mainly dominated by four major seasons: Pre- 
Monsoon (March to May), Monsoon (June to September), Post- 
Monsoon (October to November) and Winter (December to February). 
The seasonal variations show that GPP, ET and WUE values are high 
especially over eastern and north-eastern India along with the lower 
Himalayan region consistently in all the seasonal maps. However, GPP 
show high spatial variability during the monsoon and post-monsoon 
season having the values of standard deviation, σ = 95.44 g C/m² and 
σ = 88.39 g C/m² respectively. In fact, high GPP values can be observed 
over most of the domain during the post-monsoon season. This reflects 
substantial regional gradients in rainfall and vegetation productivity. 
The spatial variability in WUE during this period remains lower (σ =
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1.04 g C/m²/mm).
On the contrary, the pre-monsoon and winter seasons exhibit rela

tively lower spatial variability in GPP and ET yet records moderate to 
high in WUE (σ = 8.63–12.48 g C/m²/mm), indicating enhanced water- 
use efficiency, which can be attributed to stomatal regulation of plants 
in water limited conditions, leading to the efficient usage of water. 
However, throughout the year, lower Himalayan belt covering north- 
eastern region shows high values of GPP, ET and WUE.

These estimates may vary over different places, especially land 
covers during different seasons and months. Based on the classified land 
cover pixels from the input dataset, the seasonal statistical distributions 
of GPP, ET and WUE have been evaluated for all these land cover classes 
(Fig. 5).

For GPP and ET, almost all the land covers show similar pattern of 
seasonal variation: minimum during pre-monsoon season, reaches to 
maximum during monsoon season and then keep decreasing from post- 
monsoon to winter season. But in case of WUE, it keeps increasing from 
pre-monsoon to winter season except shrublands and snow-ice and 
barren lands. WUE drops down to minimum in monsoon season in case 
of shrublands and then increases. For snow and barren lands, WUE in
creases slightly during monsoon and post-monsoon season and drops 
down again during winter season.

Overall, in terms of the land cover wise distribution, forest lands 
show highest GPP and ET, however, shrublands characterized by semi- 
arid region with sparse vegetation cover shows high WUE even having 
lower GPP and ET. Croplands are found to contribute less towards WUE 
in comparison to other vegetations, despite showing higher greening 
due to expansion over the domain.

3.3. Sensitivity analysis of WUE

The sensitivity analysis of WUE is performed with respect to various 
meteorological forcings specified in Table 1. Fig. 6 shows the scatter 
plots of WUE with respect to other selected meteorological forcing 
drivers or variables along with their sensitivity in terms of the non- 
parametric elasticity values, quantifying the strength and direction of 
influence of each variable on WUE, indicated using the color scale.

Higher the elasticity value (positive or negative), more sensitive the 
variable is towards WUE. However, the positive elasticity values (shown 
in blue) indicate a direct relationship, where WUE tends to increase with 
the increase in the respective variable, whereas negative values (shown 
in red hues) suggest an inverse relationship, where WUE decreases as the 
variable increases. Median elasticity values are shown within each 
subplot, to summarize measure of central tendency of sensitivity. WUE 
shows strong negative elasticity with near-surface air temperature 
(median ε= − 21.78), followed by longwave (median ε= − 2.30) and 
shortwave radiation (median ε= − 2.23) respectively, implying that in
creases in these variables are typically led to a reduction in WUE. This 
observation aligns with the understanding that higher temperatures lead 
to greater evaporative demand, indicates that warming substantially 
reduces WUE, primarily through increased VPD and stomatal closure, 
which suppress carbon assimilation more strongly than ET. Conversely, 
atmospheric pressure (median ε= 76.30) shows quite stronger positive 
elasticities, suggesting that increased pressure may enhance WUE under 
certain hydroclimatic conditions. Although pressure is not a direct 
physiological control, it acts as a proxy for high-pressure synoptic re
gimes characterized by subsidence, clear skies, and strong stomatal 
regulation. This interpretation is supported by recent studies linking 

Fig. 3. Spatial maps showing variations in mean annual (a) GPP, (b) ET and (c) WUE, for the period 1985–2023. (d) Box plots showing basin wise distribution of 
monthly WUE for the same time period.
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high-pressure, dry meteorological regimes to altered plant gas exchange 
and energy flux dynamics (C. Li et al., 2025; Y. Li et al., 2025; Zhang 
et al., 2019). In fact, it also reflects elevation-dependent gradients in 
climate and vegetation structure rather than a direct physiological 
response to atmospheric pressure. WUE is found less sensitive to pre
cipitation, humidity and windspeed.

A similar kind of analysis is also shown in Fig. 7 for observing the 
sensitivity of WUE towards the LSM estimated state variables: soil 
moisture (SM), ET and LAI.

In case of SM and ET, the positively sensitive points are clustered at 
lower WUE region between 0 and 1 g C/m2/mm. In such clusters, soil 
moisture ranges from 0 to 0.2 m3/m3 and ET between 40 and 60 mm. 

Fig. 4. Seasonal maps showing spatial distribution of Gross Primary Productivity (GPP), Evapotranspiration (ET), and Water Use Efficiency (WUE) across South Asia 
for the period 1985–2023. Each row corresponds to a different season: (a-c)Pre-Monsoon, (d-f)Monsoon, (g-i)Post- Monsoon, and (j-l)Winter. The accompanying 
values (σ) in each panel represent the spatial standard deviation of the respective variable, reflecting intra-seasonal spatial variability.
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That means at lower values of WUE (0–1 g C/m2/mm), it is positively 
sensitive to SM and ET which indicates that WUE significantly increases 
with the increase in these parameters. This actually indicates a moisture- 
threshold behavior (Fu et al., 2024; Zhou et al., 2014, 2015). Under low 
WUE conditions (representing water-limited states typically corre
sponding to pre-monsoon and semi-arid conditions), increases in soil 
moisture and ET al.leviate stomatal constraint and substantially enhance 
photosynthetic activities relative to transpiration, resulting in a positive 
WUE sensitivity. On the other hand, at higher WUE ranges 
(2.5–3 g C/m2/mm), WUE is negatively sensitive to SM, ET as well as 
LAI. This thing is evident from the negatively sensitive clusters observed 
at higher WUE (2.5–3 g C/m2/mm), indicating at that range of WUE, 
increase in SM or ET or LAI, leading to decrease in WUE. At higher WUE 
ranges, ecosystems enter moisture-sufficient states, where photosyn
thetic gains saturate while transpiration continues to rise with 
increasing SM, ET or canopy development (LAI). This likely leads to 
declining marginal carbon gain per unit water loss, producing negative 
elasticity. This regime-dependent response is consistent with ecohy
drological functioning of South Asian monsoon and irrigated 
agro-ecosystems.

In case of LAI, WUE is positively sensitive when both WUE and LAI 
increases. Whereas sensitivity is negative when both LAI and WUE 
values are less. Based on absolute values of sensitivity (both positive and 
negative), WUE is observed to be more sensitive to soil moisture and LAI 
than ET. Because LAI and soil moisture are the key indicators of the 

vegetation condition of a region. Variability in soil moisture and LAI 
influences the plant carbon uptake and water availability for canopies, 
hereby influencing ecosystem WUE.

To further analyze this impact spatially, the absolute spearman’s 
correlation values between those variables and the WUE is observed for 
each land cover type which indicates the strength of monotonic asso
ciation between WUE and an individual variable, irrespective of direc
tion (i.e., focusing on sensitivity rather than sign and shown in terms of 
land cover wise bar plots in Fig. S3 in the supplementary material. For 
most of the land cover types, temperature, radiation and pressure are 
found more consistently influential factors than soil moisture or LAI, 
suggesting that atmospheric conditions dominate over surface state 
variability in shaping seasonal WUE patterns.

3.4. Trend analysis of GPP and WUE

The Fig. 8 shows the mean annual variation of GPP (Fig. 8, a) and 
WUE (Fig. 8, d) over the study domain along with the trend line and a 
shaded region showing the 95% confidence interval. The results from 
Theil Sen’s slope test with the uncertainty in the estimated slopes are 
shown in the form of spatial maps (Fig. 8, b, c, e and f). The long-term 
trend analysis of GPP shows overall increasing trend when compared 
in terms of domain averaged annual time series (Fig. 8). Overall annual 
mean GPP ranges in between 800 g C/m2 to 1400 g C/m2 based on the 
last 40 years analysis. These increases in GPP and WUE can be attributed 

Fig. 5. Seasonal box plots of monthly climatological mean (a) GPP, (b) ET and (c) WUE for different land covers, for the period 1985–2023.
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to increasing carbon concentration in the atmosphere due to vegetation 
greening. The spatial patterns of trend in terms of Theil-Sen slope for 
95% significance level (p < 0.05) for ensemble mean GPP have been 
shown in Fig. 8, (b).

A significant increasing trend can be observed over the lower Hi
malayan region but a decreasing trend over the southern region. 
Increasing trend in domain average WUE can be observed from the time 
series plot in Fig. 8, (d). Additionally, annual WUE variation is found 
within the range of 1.5 g C/m2/mm to 1.8 g C/m2/mm. Whereas the 
spatially significant trend is increasing over the Himalayan belt and 
some regions of middle India (Fig. 8, e). Significantly decreasing trend 
can be observed over the north-west and southern India. The corre
sponding slope uncertainty map (Fig. 8, c & f) indicates relatively low to 
moderate over most areas, supporting the statistical reliability of the 
detected spatial patterns.

3.5. Variation and trend of WUE in agro-ecological zones of India

The Indian subcontinent comprises a diversity of Agro-Ecological 
Zones (AEZs), including humid tropical regions in the Western Ghats 
to semi-arid zones in Rajasthan and high-altitude Himalayan areas. Each 
AEZ differs in terms of climatic conditions, soil types, and vegetation 
compositions from each other, which influences how efficiently eco
systems utilize water for carbon assimilation. To assess whether the 
assumption of serial independence required by the classical Man
n–Kendall (MK) trend test is satisfied, a lag-1 autocorrelation (ρ₁) 
analysis was conducted for the annual WUE time series for all these 
AEZs. Fig. S4 of supplementary material shows that many of ecologically 
important AEZs show significant autocorrelation, with |ρ₁| exceeding 
the critical threshold (2/√n), with median autocorrelation value 0.342 
being slightly higher than the threshold (~0.32). This indicates that 
applying the standard MK test could overestimate trend significance and 
lead to false positives for those AEZs. To account for this serial 

Fig. 6. Scatter plots of sensitive variables with respect to WUE showing the distribution of elasticity in color bar for the period 1985–2023. Median values of 
elasticity shown in the text boxes for each subplot.
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dependence, the modified Mann–Kendall test was therefore applied 
across the entire domain as the S-statistic remains unaffected. To get 
insights into the trend of WUE and its impact upon different AEZs, the S 
statistics is shown in Fig. 9, (a).

The lower Himalayan belt along with the highly irrigated Gangetic 
plane and north-eastern hilly areas with dense forest covers show 
increasing trend in WUE as confirmed by the S-statistics, due to the 
presence of dense vegetation cover and having the sufficient availability 
of water. It shows that the Northern and Central India (e.g., the Indo- 
Gangetic Plains, Himalayan regions, Central highlands of Gujrat) show 
stronger increasing trends in WUE. Southern India, especially the Dec
can Plateau and Western Ghats, has weaker trends. Coastal regions and 
drier zones (Western Rajasthan, Gujarat) exhibit lower WUE trends.

The box plots in Fig. 9, (b) compares distribution of monthly WUE 
across different AEZs. The color gradient applied to the boxplots cor
responds to mean WUE values, enhancing comparative interpretation 
across regions. Out of all these 19 AEZs, the zones such as the Eastern 
Himalayas, North-Eastern Hills, and Assam & Bengal Plains show higher 
median WUE values and relatively narrower variability, suggesting 
favorable eco-hydrological conditions for carbon uptake. On the other 
hand, Western Himalayas (Cold Arid – Zone 17) shows the lowest WUE 
with extremely low variability, indicating consistent water-limited car
bon assimilation across years.

3.6. Statistical analysis and validation

Statistical analysis of model estimated GPP has been performed with 
respect to MODIS satellite derived GPP and FluxSat GPP data. Fig. 10 (a- 
d) shows the spatial maps of correlation (R), and KGE for model esti
mated GPP with MODIS and FluxSat GPP. Overall, the model shows 
better agreement with FluxSat than with MODIS, as evident from the 
higher median R (0.70 vs. 0.68) and KGE (0.43 vs. 0.32) values. Mod
erate to high agreement with both datasets is found over central India, 
the Indo-Gangetic Plains, eastern India, and much of peninsular India, 
where croplands and seasonally productive vegetation dominate and 
monsoon-driven moisture regulates carbon uptake. Model performance 
is weaker over northwestern India and the upper Himalayan region, 
which are classified as barren land, snow, or ice in the static land-cover 
input, leading to suppressed simulated GPP in those regions. In contrast, 
satellite datasets likely capture episodic greening and sparse vegetation 
responses, explaining the reduced agreement in these regions.

The land-cover-wise diagnostic metrics (Fig. 10, e–h) further ex
plains the spatial patterns observed in the evaluation maps by separating 
climatological and anomaly comparisons. Consistent with the higher 
spatial agreement seen in the maps, the model shows stronger clima
tological correlation with FluxSat across most of the land-covers, 
particularly croplands, grasslands, savannas, and urban/built-up areas, 
better capturing seasonal GPP cycles (Fig. 10, e). In contrast, climato
logical correlations with MODIS are systematically lower, especially 
over forests and shrublands, which can be attributed to the differences 

Fig. 7. Scatter plots of distribution and sensitivity of WUE with respect to other LSM estimated variables: (a) soil moisture (SM), (b) evapotranspiration (ET) and (c) 
leaf area index (LAI) from 1985 to 2023.
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between process-based carbon simulations and the light-use-efficiency 
framework underlying MODIS GPP (Wang et al., 2013, 2025). The 
climatological amplitude ratio (Fig. 10, f) highlights that the model 
tends to slightly overestimate seasonal amplitudes relative to FluxSat in 
forested and savanna regions, while amplitudes are closer to unity for 
croplands and grasslands. MODIS-based amplitude ratios show larger 
deviations from unity across several land-cover types, consistent with 
the lower KGE values seen in the spatial maps.

Anomaly-based metrics further indicate that the model captures 
interannual variability more consistently with FluxSat than with MODIS 
across most vegetation classes (Fig. 10, g-h). Higher anomaly correla
tions and anomaly standard ratios closer to unity for FluxSat suggest 
improved representation of year-to-year GPP variability, whereas 
reduced anomaly agreement with MODIS—particularly over forests and 
arid classes—points to differences in stress response and vegetation 
sensitivity. Overall, these land-cover-specific diagnostics reinforce the 
spatial evaluation results, demonstrating that model performance is 
strongest in climatically active and managed ecosystems and more un
certain in sparsely vegetated or structurally complex regions.

A similar kind of analysis has been done for the model ET estimates 
in comparison with GLEAM and MODIS ET datasets (Fig. 11).

ET estimates show a different pattern of statistical performance than 
GPP (Fig. 11). ET estimates are showing better statistical performance 
over the entire Himalayan region, western and north-east Indian region. 
The model shows overall stronger agreement with MODIS ET, as re
flected by higher median spatial R (= 0.81) and KGE (= 0.44) compared 
to GLEAM (median R = 0.78; KGE = 0.35) (Fig. 11, a-d). Spatially, 
across most of the study domain modeled GPP shows high correlation 
with GLEAM, which is evident across central, eastern and the north
western India. Better agreement with MODIS can be observed in the 
Indo-Gangetic Plain, and peninsular regions, where ET is strongly gov
erned by vegetation activity and surface energy balance processes 
explicitly represented in Noah-MP. In contrast, reduced agreement over 
arid northwestern India and high-elevation Himalayan regions persists, 
reflecting uncertainties associated with sparse vegetation, soil moisture 
limitations. Land-cover based diagnostics indicate that while GLEAM 
captures ET anomalies reasonably well in some classes, MODIS provides 

a better overall match in terms of mean state and variability, consistent 
with its Penman–Monteith formulation that integrates vegetation and 
meteorological constraints.

Validation shows strong agreement for modeled GPP and ET across 
most of South Asia, particularly over forests, croplands, and grasslands, 
where vegetation dynamics and surface processes are likely well rep
resented by the model. Lower R and KGE values in arid, urban, and 
snow-dominated regions indicate systematic model biases due to chal
lenges in capturing flux magnitude and variability, land-cover hetero
geneity and sub-grid processes. Reduced performance in northwestern 
India and the upper Himalayan region reflects model assumptions of 
barren land or snow with minimal vegetation activity, while satellite 
GPP products capture episodic greening and sparse vegetation signals. 
For ET, agreement with MODIS is weaker, whereas GLEAM shows better 
consistency, as both emphasize radiation- and moisture-driven evapo
ration over transpiration in these environments. These differences 
highlight the structural contrasts between satellite retrieval approaches 
and process-based model assumptions, particularly in arid and high- 
elevation environments.

To address the absence of direct WUE observations, the model- 
derived WUE, defined as the ratio of GPP/ET is evaluated against an 
independent satellite-based WUE estimate derived from the ratio of 
MODIS GPP (MOD17A2H) and MODIS ET (MOD16A2). Spatial com
parisons were performed using grid-cell–wise time series of monthly 
WUE over the common evaluation period and resampling to monthly 
timestep.

Fig. 12 shows the spatial maps of R, KGE and its decomposition into 
variability ratio (α) and bias ratio (β). Spatial comparisons using 
monthly WUE time series reveal moderate temporal agreement across 
India (median R = 0.36), with higher consistency over the Indo-Gangetic 
Plains, eastern India, and central agricultural regions (Fig. 12, a) where 
WUE variability is strongly regulated by monsoon-driven coupling be
tween carbon uptake and water availability. Overall KGE values are low 
(median = 0.21) (Fig. 12, b), reflecting compounded uncertainties 
inherent in evaluating WUE as a ratio of two independently estimated 
fluxes. KGE decomposition (Fig. 12, c-d) indicates underestimation of 
WUE variability (αKGE = 0.82) and mean magnitude (βKGE = 0.85), 

Fig. 8. Trends in GPP and WUE over South Asia: annual time series with Theil–Sen trend and 95% CI for (a) GPP and (d) WUE; spatial Theil–Sen slope maps of (b) 
GPP and (e) WUE; maps of uncertainty in Theil–Sen slope estimates for (c) GPP and (f) WUE from 1985 to 2023.
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particularly in humid and high-productivity regions of eastern and 
northeastern India. These biases likely arise from conservative stomatal 
regulation, static land-cover assumptions, and the absence of explicit 
irrigation, as well as known MODIS uncertainties, including biome- 
specific assumptions in MOD17 GPP and ET underestimation under 
dense canopies in MOD16. Despite these limitations, the spatial coher
ence of errors supports the robustness of modeled WUE patterns for 
diagnosing regional variability and long-term trends in the absence of 
direct observations.

4. Discussion

This study evaluated the model performance and extended capabil
ities of the Indian Land Data Assimilation System (ILDAS) in estimating 
GPP and ET and the resulting WUE. The current version of ILDAS is 
capable of simulating carbon cycle based on the vegetation scheme of 
Dickinson et al., (1998a),(1998b) and stomatal resistance scheme by 
Ball et al., (1987). In contrast, the earlier versions of ILDAS used static 
table LAI values for vegetation parametrizations and were primarily 
configured for estimating water storage variables and fluxes like soil 
moisture, streamflow, ET (Magotra et al., 2024a,2024b; Chakraborty 
et al., 2024). With this enhancement, the model is now capable of 
estimating carbon flux in terms of Gross Primary Production (GPP) 
which, when combined with ET estimates enables the evaluation of 
ecosystem-level WUE across the study domain.

The lower Himalayan and north-eastern hilly regions dominated by 
medium to dense forest cover, exhibit consistently high GPP, ET and 

WUE, highlighting the strong role of forest ecosystems in sustaining 
productivity (Sarmah et al., 2021). Similar spatial distributions and in
terpretations have been supported in recent studies conducted by Dubey 
and Ghosh, (2023); Kumar and Sharma, (2023); Uchale et al., (2023), 
reinforcing our findings. Higher GPP and WUE over the lower Himalayas 
likely arise from an optimal coupling of high monsoon precipitation, 
moderate temperatures, sufficient radiation, and favorable soil moisture 
conditions, which together support sustained photosynthesis with rela
tively efficient water use.

The seasonal dynamics of GPP, ET and WUE aligns well with the 
findings of Verma and Ghosh, (2024), showing maximum values during 
the monsoon season. However, WUE peaks in the dry winter season, 
contrasting with their results. This difference likely stems from model 
structure. The Earth system models used by Verma and Ghosh, (2024)
assume an instantaneous, linear GPP–WUE relationship, whereas the 
Ball–Berry stomatal conductance scheme in ILDAS allows a lagged 
physiological response that enhances water-use optimization under dry 
conditions—a behavior also supported by Cowan and Gd, (1977), 
McAdam and Brodribb, (2015) Oren et al., (1999), and recently 
demonstrated in Nandy et al., (2022). In fact, consistent spatial patterns 
can be observed in the winter maps of Fig. 4.

Recent MODIS-based studies have reported elevated WUE in arid 
climates, particularly during drought periods, attributing this behavior 
to adaptive vegetation responses under water-limited conditions and 
shifts in carbon–water coupling (Fathi-Taperasht et al., 2022). While 
some satellite remote sensing data based studies over India have re
ported higher WUE over the north-western arid regions attributing to 

Fig. 9. (a) Modified Mann-Kendall S statistics for the period 1985–2023 over different Agro-Ecological Zones (AEZs) of India; (b) Mean Annual WUE from different 
Agro-Ecological zones. All the zone names corresponding to the zone numbers shown in the map are enlisted in the table.
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the same adaptability of vegetations to the water stress conditions 
(Bejagam et al., 2023; Sharma and Goyal, 2018), our model considers 
this region as barren land or sparsely vegetated as per the input land 
cover dataset (Fig. 1 and Table 2), and hence, model shows less pro
ductivity and WUE there compared to other regions throughout all the 
seasons, leading to less agreement with the satellite observations in the 
statistical analysis for those regions.

The study also reveals that Forest ecosystems dominate GPP and 
WUE across all seasons (Kumar and Sharma, 2023), reflecting stable 
canopy structure, deep rooting, and efficient carbon–water coupling, 
followed by savannas and croplands. Although irrigation and agricul
tural intensification are known to influence WUE, the present results do 
not show a pronounced increase in WUE over croplands, despite 
showing higher greening due to expansion over South Asia (Kashyap 
et al., 2023; Sarmah et al., 2021). This muted response likely reflects 
model limitations, as crop-specific growth, management practices, and 
irrigation are not explicitly represented. Irrigation can decouple plant 
water availability from precipitation, potentially increasing GPP 
without a proportional rise in evapotranspiration and thereby elevating 
WUE. Similarly, land-use changes such as increased cropping or agri
cultural activities may modify carbon–water interactions. Incorporating 
explicit irrigation schemes and dynamic land cover input represents an 

important avenue for future work to better quantify agricultural in
fluences on WUE trends.

Increasing trends of both GPP and WUE have been observed 
throughout the period of analysis (3.4) emphasizing the growing 
ecological importance of vegetation greening in South Asia (Chen et al., 
2019; Kumar and Sharma, 2023; Sarmah et al., 2021). Increased at
mospheric CO2 concentrations enable vegetations to decrease evapo
transpiration per unit carbon uptake by adjusting stomatal conductance 
(Choat et al., 2012; El Masri et al., 2019; Keenan et al., 2013b). This 
increase in CO2 leads to rise in WUE from leaf (Dubey and Ghosh, 2023; 
Norby and Zak, 2011; Warren et al., 2011). However, higher WUE does 
not necessarily imply increased ecosystem resilience. In irrigated and 
semi-arid regions, WUE increases may partly reflect reduced transpira
tion driven by stomatal regulation under elevated vapor pressure deficit 
(VPD), rather than proportional increases in GPP, potentially weakening 
land–atmosphere coupling and altering local hydrology.

A key limitation of this study is the lack of direct site-level validation 
using eddy covariance flux tower data. Sparse availability and limited 
spatial coverage of long-term flux towers across South Asia restrict 
comprehensive ground-based validation over the South Asian region 
(Kumar and Sharma, 2023; Uchale et al., 2023; Verma et al., 2022), 
necessitating reliance on satellite and machine-learning-based products. 

Fig. 10. Spatial evaluation of modeled GPP against FluxSat and MODIS over South Asia for 1985–2023. Panels (a–b) show Pearson correlation (R) and Kling–Gupta 
efficiency (KGE) between modeled GPP and FluxSat respectively, while panels (c–d) show the corresponding metrics against MODIS GPP. Panels (e–h) present land- 
cover-wise comparisons of climatological correlation, climatological amplitude ratio, anomaly correlation, and anomaly standard deviation ratio for major land- 
cover classes.
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FluxSat and GLEAM products are widely used for for regional and global 
model evaluation (Ahmad et al., 2022; Bacour et al., 2019; Lv et al., 
2023; Zhang et al., 2023). Although these datasets assimilate extensive 
flux tower observations during their development, they remain 
model-derived estimates rather than direct measurements. However, 
FluxSat being trained on flux tower dataset provides a better reliable 
source than MODIS GPP that has different source of uncertainties (Wang 
et al., 2013, 2025). Future work will leverage emerging regional flux 
tower networks to better constrain model uncertainties.

Although the carbon dynamics scheme in ILDAS is based on well- 
established empirical formulations of Dickinson et al., (1998a), 
(1998b) and stomatal resistance scheme by Ball et al., (1987), it relies on 
assumptions appropriate for large-scale applications. Carbon allocation 
follows the default global parameterization of the dynamic vegetation 
scheme, with no region-specific calibration for South Asian vegetation. 
This ensures internal consistency and comparability with other studies 
but may limit representation of management-driven carbon partition
ing, particularly over croplands.

Uncertainties in vegetation representation remain an important 

limitation as well. The dynamic vegetation scheme uses generic MODIS 
land-cover classes, which do not fully capture sub-grid heterogeneity, 
crop diversity, management intensity, or phenological variability. These 
simplifications can bias simulated GPP and WUE by constraining 
phenological responses and carbon–water coupling in heterogeneous 
landscapes. These findings underscore the need for further model 
development, including parameter tuning, assimilation of region- 
specific observational datasets, and dynamic land cover integration, to 
improve the accuracy of ecosystem carbon-water simulations in complex 
landscapes. Although this study does not directly assess management 
interventions, the diagnosed spatiotemporal patterns of GPP and WUE 
provide useful guidance for water and carbon management in climate- 
vulnerable regions of South Asia. Identifying regions and seasons with 
heightened sensitivity to moisture and temperature can help inform 
adaptive strategies aimed at sustaining ecosystem productivity under 
future climate change.

Fig. 11. Spatial evaluation of modeled ET against GLEAM and MODIS over South Asia for 1985–2023. Panels (a–b) show Pearson correlation (R) and Kling–Gupta 
efficiency (KGE) between modeled GPP and GLEAM, while panels (c–d) show the corresponding metrics against MODIS ET. Panels (e–h) present land-cover-wise 
comparisons of (e) climatological correlation, (f) climatological amplitude ratio, (g) anomaly correlation, and (h) anomaly standard deviation ratio for major 
land-cover classes.
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5. Conclusions

This study integrated a dynamic vegetation scheme into the Indian 
Land Data Assimilation System (ILDAS) to simulate the uptake of carbon 
by different canopy components along with the land surface modeling 
framework, moving beyond static vegetation parameterizations. Model 
enhancements have been evaluated with other satellite and model 
derived datasets to analyze the spatiotemporal variation in modeled GPP 
and WUE along with long term trend analysis. The key conclusions from 
this study can be summarized as below: 

• Spatial patterns show consistently high values of GPP and WUE over 
the lower Himalayan belt and the north-eastern portion of the 

domain encompassing Ganga and Brahmaputra River basin. These 
regions characterized by vegetated forest and croplands underscore 
the critical role of forest ecosystems in regional carbon cycling.

• During the monsoon season, model estimates show high spatial 
variability of GPP (σ = 95.44 g C/m²) and ET (σ = 39.60 mm), 
driven by variation in rainfall pattern and vegetation productivity. 
On the contrary, the pre-monsoon season exhibit relatively lower 
spatial variability in GPP and ET but shows high variability in WUE 
(σ = 12.48 g C/m²/mm), reflecting the complex relation between 
water availability and carbon assimilation during water-limited 
periods.

• Sensitivity analysis indicates that WUE is more sensitive to temper
ature and pressure out of all the meteorological forcing variables. 

Fig. 12. Spatial patterns of model WUE performance with MODIS-derived WUE over South Asia based on (a) correlation (R), (b)KGE, and its decomposition 
components (c) αKGE and (d) βKGE.
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Whereas among the model state estimates, soil moisture and LAI are 
the influential drivers of WUE.

• Long term trend analysis shows statistically significant increasing 
trends (p < 0.05) for both GPP and WUE, which can be attributed to 
increasing vegetation greening across South Asia. Notably, the agro- 
ecological zones located in Northern and Central India show high 
values of Mann-Kendall S-statistics (>0.8), indicating significantly 
increasing trends of WUE.

• Statistical evaluation of model outputs against multiple satellite 
products in terms of correlation and KGE shows vegetated region
s—particularly forests, croplands, and grasslands—as zones of high 
model reliability. Modeled GPP shows stronger agreement with 
FluxSat than with MODIS, while ET estimates exhibit higher con
sistency with MODIS relative to GLEAM, reflecting differences in 
retrieval frameworks and process representation.

• Model performance degrades in arid northwestern India and high- 
elevation Himalayan regions, where static land-cover assumptions 
(barren land, snow, and ice) suppress simulated vegetation activity, 
while satellite products capture episodic greening and sparse vege
tation responses.

• Evaluation of WUE against MODIS-derived WUE reveals moderate 
temporal agreement but lower KGE, highlighting compounded un
certainties arising from ratio-based diagnostics, conservative sto
matal regulation, and the absence of explicit irrigation and sub-grid 
land-management processes.

The observations from this study demonstrate the potentials of the 
updated ILDAS to simulate not only hydrological but also carbon cycle 
variables over South Asia, offering insights into spatial variability in 
ecosystem WUE under changing climatic and vegetative regimes. 
Despite current limitations in observation-based validation and model 
generalizations, the framework provides a scalable tool for regional 
land-atmosphere interaction studies. Future improvements may involve 
parameter optimization, enabling a demand driven irrigation scheme, 
assimilation of high-resolution datasets of influential parameters, and 
region-specific model calibration to enhance accuracy across complex 
and heterogeneous landscapes.
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