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Abstract. Agroecosystems cover over half of Indian land
surface, yet their long-term and spatial variability in crop
physiology and terrestrial fluxes is not well understood. Most
previous studies rely on site-scale eddy covariance observa-
tions, and the only regional assessment over Indian agroe-
cosystems (Reddy et al., 2023) focused solely on wheat with
limited calibration. Reddy et al. (2025) calibrated CLM5 us-
ing multi-site data to simulate Indian wheat and rice. In this
study, we use this capability of CLM5 to provide the first
comprehensive regional analysis of long-term (1970–2014)
trends in crop variables and terrestrial fluxes across major
croplands of India. Further, numerical experiments are con-
ducted with CLM5 to evaluate the role of climate, CO2, ni-
trogen fertilisation, and irrigation in driving the trends. The
results show that LAI, yield, and dry matter of the crops in-
creased more than twofold since the 1970s, with carbon up-
take doubling and respiratory losses decreasing during this
period. Nitrogen fertilisation and irrigation have the largest
impact on the observed trends of crop variables and terrestrial
fluxes, followed by CO2. This study highlights the important
role of management practices in increasing crop productiv-
ity and carbon uptake under a changing climate and demon-
strates that a robust modeling framework is now available for
testing management strategies across Indian agroecosystems.

1 Introduction

The exchange of water, energy, and carbon between the ter-
restrial ecosystems and the atmosphere play key role in shap-
ing the water, energy and carbon cycles (Bonan and Doney,

2018; Migliavacca et al., 2021; Yu et al., 2024). Agroecosys-
tems are one of the largest components of terrestrial ecosys-
tems and have significant influence on the land-atmosphere
interactions (Liu et al., 2016; Lokupitiya et al., 2016; Ingw-
ersen et al., 2018). Almost 56 % of the Indian harvested land
area is comprised of croplands (Zanaga et al., 2021), 80 %
of which is by wheat and rice. Wheat is harvested in north-
ern and central part of India during rabi season (November
to April) and constitutes to 30 Mha (million hectares), while
rice is harvested across India in the kharif (June to October;
39 Mha) and rabi (5 Mha) seasons (ASG-2023, 2024). Due
to the large spatial coverage and annual growing time, ter-
restrial fluxes from wheat and rice croplands dominate re-
gional land-atmosphere interaction processes. Agroecosys-
tems are influenced by natural factors, including temperature,
radiation, precipitation, and atmospheric CO2, as well as hu-
man management factors like irrigation, nitrogen fertiliza-
tion, tillage, and residual management (Chenu et al., 2017).
Changes in natural and management drivers have varied im-
pacts on agroecosystems (Gahlot et al., 2020; Lombardozzi
et al., 2020; Reddy et al., 2023). Hence, it is important to un-
derstand the dynamics of the fluxes and their drivers in Indian
agroecosystems.

Studies over the past two decades used eddy covariance
observations to investigate terrestrial fluxes in croplands
across Asia, Europe, and North America (e.g., Saito et al.,
2005; Chen et al., 2015; Wagle et al., 2021). However, find-
ings from mid-latitude wheat systems with long vernaliza-
tion periods are not representative of short, warm growing
seasons observed in India. A few studies examined the terres-
trial fluxes within Indian agroecosystems (Patel et al., 2011,
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2021; Bhattacharya et al., 2013; Kumar et al., 2021), usually
at one site, which fail to adequately represent the diverse cli-
matic growing conditions and regions of India. For example,
the sites in Patel et al. (2011, 2021) and Kumar et al. (2021)
are in the northern part of India, which has colder temper-
atures and is well irrigated. These are not representative of
all wheat-growing regions of India, most of which experi-
ence warm temperatures and low water availability (Gahlot
et al., 2020). Additionally, these studies examine short time
periods of 1–3 growing seasons failing to provide any long-
term information about the diverse crop growth and fluxes
from Indian agroecosystems. Despite their importance, In-
dian agroecosystems lack (1) regional scale estimates of crop
phenology, productivity, and terrestrial fluxes, (2) long-term
trend assessments, and (3) attribution of observed changes to
natural and management drivers.

Land Surface Models (LSMs) provide a powerful frame-
work for addressing the above-mentioned gaps in Indian
agroecosystem studies. These models have come a long way,
from their initial versions of simplified representation pro-
viding boundary conditions to the atmospheric models to cur-
rently very complex models, with accurate representation of
the land surface and competition for resources amongst vari-
ous land types (Fisher and Koven, 2020). Gahlot et al. (2020)
and Reddy et al. (2023) investigated the impact of natural and
management drivers on crop phenology and carbon fluxes in
Indian wheat agroecosystems using the Integrated Science
Assessment Model (ISAM) at a regional scale. The major
limitation of these studies is using only one site for calibra-
tion and simulation of wheat. They fail to provide a complete
picture of crop physiology and fluxes of Indian agroecosys-
tems.

Land model benchmarking studies showed that Commu-
nity Land Model version 5 (CLM5) offers advanced repre-
sentations of terrestrial processes and performs better than
other LSMs (Collier et al., 2018). Reddy et al. (2025) cal-
ibrated CLM5 using multi-site data with different climatic
conditions of India. Building on the improved CLM5 model,
the current study aims to (1) evaluate the CLM5 simulation
of crop phenology and terrestrial fluxes against a new and
long term site scale data (1970–2014) and widely used re-
gional scale datasets (FAOSTAT and FLUXCOM); (2) inves-
tigate the long-term and spatial trends of crop physiology and
fluxes; and finally, (3) understand the impact of natural and
management drivers on the observed trends of crop physiol-
ogy and fluxes.

By enhancing our understanding of the spatial and tempo-
ral dynamics of crop productivity, carbon, and water fluxes in
a highly diverse and climatically sensitive region like India,
this study provides valuable insights for future food security
planning and sustainable land management. The approach
demonstrated in Reddy et al. (2025) and in this study can
serve as a blueprint for extending such analyses to other trop-
ical and subtropical regions, where data limitations and com-
plex agroecosystem interactions are observed. Ultimately,

this research contributes to global efforts in predicting agri-
cultural resilience, optimizing resource use, and mitigating
the impacts of climate change on vulnerable agroecosystems.

2 Methodology

2.1 Community Land Model Version 5 (CLM5)

CLM5 is the latest land component version in the Commu-
nity Earth System Model (CESM) (Lawrence et al., 2018,
2019). The biogeochemistry mode of CLM5 (CLM5-BGC)
is widely used to estimate the water, energy, and carbon
fluxes in various climatic zones (Cheng et al., 2021; Denager
et al., 2023; Song et al., 2020; Seo and Kim, 2023). The
biogeochemistry and crop module of CLM5 (BGC-Crop) is
modified in various studies to meet regional constraints, and
the resulting impact on various fluxes is analyzed (Boas et al.,
2021, 2023; Raczka et al., 2021; Yin et al., 2023). The CLM5
crop module includes new crop functional types, updated fer-
tilization rates and irrigation triggers, a transient crop man-
agement option, and some adjustments to phenological pa-
rameters (Lombardozzi et al., 2020; Cheng et al., 2021).

Reddy et al. (2025) showed that the CLM5 model has sig-
nificant deficiencies in simulating Indian crops. The growing
seasons of wheat and rice were off by 4–6 months, causing
the crops to grow in seasons which is not observed in India,
leading to large biases in simulated LAI, yield, and terres-
trial fluxes (Reddy et al., 2025). The other major reason for
the biases in CLM5 simulation was the use of parameters
(especially base temperature), calibrated for mid-latitude re-
gions. Reddy et al. (2025) addressed these issues by calibrat-
ing the CLM5 model for the Indian region using a novel crop
dataset put together from studies conducted at Indian agri-
cultural colleges and institutions (further information on the
novel crop data in Sect. 2.3.1). The model was improved in
two phases. First, the crop planting window was corrected
and crop growth parameters that impact the planting, pheno-
logical stages, and yield were calibrated. Second, because the
crops in India experience a varying climatic condition from
south to north of the country, a latitudinal variation in base
temperature was calibrated for wheat crop and was intro-
duced for rice crop which was missing in the default CLM5
model. The base temperature is part of Growing Degree Days
(GDD) calculation (Eq. 1). The modifications to the model
resulted in improvements in wheat LAI bias from 0.81 to
0.43 (all biases are unitless) and Pearson correlation from
−0.45 to 0.30. The overall bias in simulating crop growth has
improved from 0.51 to 0.24 and 0.48 to 0.25, respectively, for
wheat and rice crops (Reddy et al., 2025).

The present study uses the CLM5 model from Reddy
et al. (2025) to examine the trends in agricultural activi-
ties and the impact of various drivers on terrestrial fluxes.
The CLM5_Mod2 version from Reddy et al. (2025) was the
best in simulating crop phenology variation across sites and
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regional terrestrial fluxes during the crop-growing seasons.
Therefore, the CLM5_Mod2 version of the model is used in
this study.

2.1.1 Carbon fluxes in crops

Crops take in CO2 through photosynthesis, and a part of it is
used to meet the maintenance and growth needs, and the re-
maining is converted to dry matter and distributed to various
crop parts. Gross Primary Production (GPP) is the total as-
similated CO2. Net Primary Production (NPP) is the differ-
ence between GPP and autotrophic respiration. Respiration
in CLM5 is divided into two parts: maintenance respiration
and growth respiration. Maintenance respiration is defined as
the carbon cost to support the metabolic activity of existing
live tissue. In contrast, growth respiration is the additional
carbon cost for synthesizing new growth. Maintenance respi-
ration costs are directly proportional to the nitrogen content
per unit area in plant parts and inversely proportional to the
mean 10 d air temperature (Sect. S1 in the Supplement). The
CO2 assimilated from the atmosphere (GPP) by C3 crops in
CLM5 is mainly limited by Rubisco availability, photosyn-
thetically active radiation, and Triose phosphate utilization
(product availability) (Sect. S1). The assimilation is also lim-
ited by 10 d mean air temperature and leaf nitrogen availabil-
ity.

The Total Ecosystem Respiration (TER) is the sum of
Autotrophic Respiration (Ra) and Heterotrophic Respiration
(Rh). Ra is the sum of maintenance, growth, and dark respi-
ration (Sect. S1). In CLM5, Ra is specific to plant functional
type, while Rh is specific to the land unit. Net Ecosystem
Productivity (NEP) is the difference between GPP and TER.

2.1.2 Crop phenological stages

Crops are represented mechanistically in a land surface
model. The crop growth, assimilation of dry matter, and its
distribution to different parts of the crop are controlled using
the phenological stages. In the early stages of crop growth,
more dry matter is directed toward roots and leaves to sup-
port the crop growth. During the later stages more dry matter
is directed towards the reproductive parts so as to facilitate
the new crop growth. The crop module simulates the pheno-
logical stages using the thermal units (GDD – Growing De-
gree Days), and it helps the model to direct the assimilated
dry matter to the essential parts during various stages of crop
growth.

CLM5 uses the AgroIBIS crop phenology algorithm (Bad-
ger and Dirmeyer, 2015; Levis et al., 2016), consisting of
three distinct phases. Phase 1 starts at planting and ends with
leaf emergence, phase 2 continues from leaf emergence to the
beginning of grain fill, and phase 3 starts from the beginning
of grain fill and ends with physiological maturity and harvest.
The GDD required for maturity are input parameters to the
model and are often derived from observations. GDD for ma-

turity in rice is 2100 and 1700 °C d for wheat. Different phe-
nological stages of a crop, such as emergence, grain fill, and
harvest, are reached when a fixed ratio of GDD maturity is
reached. For example, after sowing of the crop, emergence is
reached when daily accumulated GDD reaches 3 % of GDD
maturity, and the grain fill stage is reached when daily accu-
mulated GDD reaches 60 % of GDD maturity. Daily accu-
mulated GDD is calculated using:

GDDi = GDDi−1+ T2m− Tbase (1)

where GDDi is the daily GDD accumulated over i days since
sowing, GDDi−1 is the daily GDD accumulated over i− 1
days since sowing, T2m is the 2 m temperature, and Tbase is
the base temperature, defined for each crop type in CLM5.
Daily accumulated GDD defines the phenological stages of
the crop.

2.1.3 Surface Energy and Water Fluxes

The surface sensible and latent heat fluxes in CLM5 are de-
fined by the Monin-Obukhov similarity theory (Lawrence et
al., 2019), which relates the turbulent fluxes to the differences
in mean temperature and humidity, respectively (Wang and
Dickinson, 2012). The surface heat and water fluxes are de-
fined as the contributions from the bare ground and the veg-
etation while neglecting the impact of air within the canopy.
The sensible heat flux over vegetated land units is the sum of
heat flux from the ground surface and heat flux from vegeta-
tion. Similarly, the latent heat flux over vegetated land units
is the sum of water vapor fluxes from the ground surface and
vegetation. The water vapor flux from vegetation is the sum
of water vapor flux from wetted leaf and stem area, i.e., water
evaporation intercepted by the canopy and transpiration from
dry leaf surfaces (Lawrence et al., 2018). This study consid-
ered the total heat and water vapor fluxes from the land units
over wheat and rice-growing regions of India.

2.1.4 Nitrogen Fertilization and Irrigation

Model simulates fertilization by adding nitrogen directly into
the mineral nitrogen reservoir of soil to satisfy crop nitro-
gen requirements. A dedicated agricultural land unit in CLM
guarantees that natural vegetation will not utilize the fertil-
izer supplied to crops. In CLM5, fertilizer application is ac-
cording to crop functional types, and it varies spatially each
year according to the LUMIP land use and land cover change
time series (Lawrence et al., 2016). Fertilizer application
commences during the leaf emerging phase of crop growth
(phase 2) and persists for 20 d, mitigating significant nitrogen
losses due to leaching and denitrification in the early stages
of crop development (Lawrence et al., 2019).

Model irrigates the cropland areas that are equipped for
irrigation. The implementation of irrigation adapts dynami-
cally to the soil moisture conditions modeled by CLM. The
irrigation algorithm is based on the work of Ozdogan (2011).
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Upon enabling irrigation, the crop fields inside each grid cell
are partitioned into irrigated and rainfed fractions based on a
dataset identifying regions equipped for irrigation (Portmann
et al., 2010). Irrigated and rainfed crops reside on distinct soil
columns, ensuring that irrigation is exclusively simulated to
the soil beneath the irrigated crops. In irrigated agricultural
fields, an assessment is conducted daily to determine the ne-
cessity of irrigation for that day. This verification occurs dur-
ing the initial time step following 6 AM local time. Irriga-
tion is necessary when the crop leaf area exceeds zero and
the available soil water falls below a designated threshold
(Lawrence et al., 2019). Rice croplands are often flooded in
observations while this is missing in the model and irrigates
like all other crops.

2.2 Details of experiments

In this study, the model simulations are land-only simula-
tions with active biogeochemistry and active crops at 0.5°
resolution using the Global Soil Wetness Programme Phase 3
(GSWP3) atmospheric forcing data. CLM5 is spun up for
200 years in an accelerated mode and 400 years in normal
mode to achieve equilibrium conditions (Fig. S1 in the Sup-
plement). We use the data from 1901–1920 cycled repeat-
edly for the spinup simulations. We use 0 to 40° N and 60 to
100° E as the domain. This simulation is the Control run and
we refer it to as CTRL throughout the manuscript. We con-
duct four additional experiments to evaluate the impact of
various drivers on the observed trends: SClim, SCO2 , SNFert,
and SIrrig (Table 1). SClim uses the 1901–1920 GSWP3 data
cycled over for 50 years (from 1965 to 2014). SCO2 is sim-
ulated using the pre-industrial CO2 levels in the atmosphere
while keeping all other drivers similar to the CTRL simu-
lation. SNFert is simulated by turning off the nitrogen fertil-
ization for crops. Similarly, SIrrig is simulated by turning off
irrigation for crops.

We use the data from 1970–2014 in all the analysis al-
though CLM5 simulations are run from 1965 to 2014. The
initial five years of the CLM5 simulations are discarded to
minimize the initial noise in crop growth.

2.3 Evaluation of CLM5

2.3.1 Crop physiological variables

We evaluate the crop physiological variables simulated in the
CTRL simulation using the site scale data from 1970 to 2014
(Varma et al., 2024; Table 1). The site scale observation data
is from digitizing the thesis results of students in various agri-
cultural colleges across India (Varma et al., 2024; Reddy et
al., 2025). A part of the crop data from 2000 to 2014 was used
to calibrate and validate the CLM5 model in Reddy et al.
(2025). The data has a variety of experiments ranging from
varying nitrogen fertilization, planting dates, irrigation, weed
management, and others. We use only the control experiment

data at the sites for evaluating CLM5 in this study. If any
dataset in Varma et al. (2024) has multiple sowing dates, we
use the sowing date mentioned as normal sowing for CLM5
model evaluation.

We consider LAI (m2 m−2), grain yield (GY) (tha−1),
and total dry matter (DM) (tha−1) for evaluation. We re-
port the following evaluation metrics: Mean Absolute Bias
(MAB), Pearson’s correlation (r), and Root Mean Square Er-
ror (RMSE).

MAB=
∑
|CLMvar−Obsvar|∑

(Obsvar)
(2)

RMSE=

√∑
(CLMvar−Obsvar)

2

N
(3)

r =

∑
(CLMvar−CLMvar)(Obsvar−Obsvar)√∑

(CLMvar−CLMvar)2
∑

(Obsvar−Obsvar)2
(4)

where var is the crop phenology variable, CLMvar and Obsvar
are the simulated and observed variable values, CLMvar and
Obsvar are the respective mean values.

We also compare CLM5 simulated yield against the FAO
annual data for wheat and rice from 1970–2014. The CLM5
yield is the CTRL simulation spatial average of wheat and
rice yield across the wheat and rice growing regions. The
FAOSTAT database (FAO, 2022) provides country-level data
on area harvested and production for every year starting in
1961. We derive the country-scale annual yield by dividing
production by the area harvested for the wheat and rice crops.

2.3.2 Terrestrial fluxes

The accurate simulation of carbon fluxes in various ecosys-
tems by CLM5 is essential for two reasons. (1) The accu-
rate simulation of carbon fluxes in agroecosystems during
the growing season results in an accurate simulation of crop
growth, and (2) the accurate simulation of carbon fluxes in
all ecosystems will provide us confidence in the carbon up-
take estimates by total ecosystem in a changing climate. To
validate the carbon fluxes and other water and energy fluxes
in Indian agroecosystems, we compare the fluxes with both
available site scale data and regional scale reanalysis data
(Table 2).

Site scale carbon fluxes

Carbon flux studies in Indian agroecosystems are limited,
and the data they produce is not available publicly. Patel et
al. (2011), Patel et al. (2021), and Bhattacharya et al. (2013)
investigated the terrestrial fluxes in Indian agroecosystems,
but the raw data is not provided. We extract the data from
figures in the manuscripts using plotdigitizer software (Plot-
Digitizer, 2025). Patel et al. (2011) investigated the carbon
fluxes in a wheat field in Meerut (29°05′ N, 77°41′ E) dur-
ing the 2009–2010 growing season (December to April) and
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Table 1. Description of CLM5 simulations conducted in this study (from 1965–2014) and the constraints used to extract the impact of
individual drivers.

Numerical Climate [CO2] Nitrogen Irrigation
Experiment Fertilization

CTRL HIST-GSWP3 1-hourly atmospheric data Diagnostic CO2 Yes Yes
SClim 1901–1920 GSWP3 data Diagnostic CO2 Yes Yes
SCO2 HIST-GSWP3 1-hourly atmospheric data Pre-industrial CO2 (284.7 ppm) Yes Yes
SNFert HIST-GSWP3 1-hourly atmospheric data Diagnostic CO2 No Yes
SIrrig HIST-GSWP3 1-hourly atmospheric data Diagnostic CO2 Yes No

Table 2. Variables, the scale of comparison, and the datasets used to evaluate the CLM5 data.

Variable Scale of comparison Time period of comparison Source

LAI, dry matter, and yield Site scale 1970–2014 Varma et al. (2024)
Regional scale 1970–2014 FAO (2022)

Carbon fluxes Site scale 2009–2010 (wheat) Patel et al. (2011)
2010 (rice) Bhattacharya et al. (2013)
2013–2014 (wheat) Kumar et al. (2021)

Regional scale FLUXCOM data (RS_METEO) Jung et al. (2019)

Water and energy fluxes Regional scale FLUXCOM data (RS_METEO) Jung et al. (2019)

reported the fluxes as diurnal cycles during various pheno-
logical stages (Fig. 2 in Patel et al., 2011). We generate the
monthly mean values from the diurnal cycles. Bhattacharya
et al. (2013) investigated the carbon fluxes in rice fields at
Cuttack (20°27′ N, 85°56′ E) in the kharif season in 2010 and
reported the fluxes as diurnal cycles during various pheno-
logical stages (Fig. 1 in Bhattacharya et al., 2013). Reddy et
al. (2023) used the carbon fluxes measured in a wheat field
at IARI, New Delhi (28°40′ N, 77°12′ E), during the grow-
ing season of 2013–2014 to validate the ISAM carbon fluxes.
The site scale wheat carbon fluxes data at IARI is generated
by Kumar et al. (2021) and the fluxes are reported as monthly
means.

For site-scale evaluation and analysis, we extract CLM5
simulated crop carbon flux estimates from the grid cell cor-
responding to the latitude and longitude of the site. We com-
pare the site scale wheat flux data (GPP, TER, and NEP) from
Reddy et al. (2023) against the wheat monthly mean carbon
fluxes of CTRL simulation. We compare the site scale rice
flux data (GPP) from Bhattacharya et al. (2013) and wheat
flux data (NEP) from Patel et al. (2011) against the respective
crop carbon fluxes from CTRL simulation. Comparing the
CLM5 CTRL carbon fluxes of major Indian agroecosystems
against the corresponding fluxes in observations provides the
uncertainty in CLM5 simulations and help us better under-
stand the trends and impacts of multiple drivers.

Regional scale carbon, water, and energy fluxes

We use the FLUXCOM reanalysis data to evaluate the CTRL
simulation terrestrial fluxes at the regional scale (Table 2).
FLUXCOM data is generated using machine learning to
merge the flux measurements in eddy covariance towers with
remote sensing and meteorological data and estimate surface
fluxes (Jung et al., 2019). We use the monthly 0.5° resolution
RS_METEO version of the FLUXCOM data for compari-
son against the CLM5 simulations. We compare the monthly
spatial average of terrestrial fluxes against those from CLM5
simulations. The energy and water fluxes are available from
1950 to 2014, while the carbon fluxes are available from
2001 to 2014 in the FLUXCOM data. Hence, we evaluate
the energy and water fluxes simulated by CLM5 from 1970 to
2014 against the FLUXCOM data, while we evaluate CLM5
simulated carbon fluxes data for the period 2001 to 2014.

2.4 Impact of drivers on crop phenology and terrestrial
fluxes

We conduct numerical experiments (Table 1) to understand
the impact of individual drivers on terrestrial fluxes and crop
phenology. We use the Mann-Kendall test (Hussain and Mah-
mud, 2019) to estimate if a trend exists in the CTRL run, and
we report the Theil-Sen slope. We test the significance of the
slope using the student’s two-tailed test at a significance level
of p < 0.05. We analysed the trend in the impact of individ-
ual drivers by finding the slope of CTRL-Sdriver. If the slope
is high and significant at p < 0.05, that particular driver has a
significant impact on the agroecosystem. If the slope is near
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Figure 1. Scatterplot comparing site-scale observed and CLM5
simulated (a) LAI, (b) Dry Matter, and (c) Yield of (i) rice and
(ii) wheat crops for 1970–2014 period. The * indicates that the cor-
relation is statistically significant at p < 0.05. The black line is the
best fit between the observed and simulated values, and the grey-
shaded region is the 95 % Confidence Interval (CI).

zero and p-value is higher than the threshold (0.05), then the
driver has no significant impact on the agroecosystem.

3 Results

3.1 Evaluation of crop physiological parameters and
terrestrial fluxes

3.1.1 Crop growth variables

This study uses the best performing CLM5 model in Reddy
et al. (2025) for estimating the Indian crop simulation. The
Indian crop physiology bias against the site scale observa-
tions by the default CLM5 model is very high compared to
that of the improved CLM5 model (brief details in Sect. S2).

Figure 1 compares the crop physiological variables simu-
lated by CLM5 (CTRL experiment) against that of the obser-
vations from 1970–2014. CLM5 simulates rice reasonably
well, with r-values of 0.32, 0.44, and 0.41 for LAI, total
dry matter, and yield, respectively, significant at p < 0.05.
Similarly, CLM5 simulates wheat well with r-values of 0.34,
0.33, and 0.22 for LAI, total dry matter, and yield respec-
tively. The bias in crop variables is 0.5–0.7 in Fig. 1. The
bias in rice and wheat simulated by the default CLM5 model
in Reddy et al. (2025) is in the range of 0.7–0.8.

The RMSE in yield estimates (Fig. 1c) is high, with 2.66
and 1.98 tha−1, for rice and wheat, respectively. The high
RMSE is due to a few sites having zero yield. CLM5 does
not simulate the crop growth for a few years in the region be-
cause the grid cell has zero crop area in a particular year in-
dicating a discrepancy between the land cover data in CLM5
and the ground reality. Therefore, CLM5 simulates zero yield
for the corresponding year and grid cell. However, when we
compare the FAO mean yield over the Indian region against
that of the CLM5 simulation, we observe that CLM5 repli-
cates the trend in FAO data for rice (r = 0.96) and wheat
(r = 0.96) (Fig. S2). This shows that, although there are re-
gional discrepancies in yield simulations for individual crops
due to a number of reasons, the average crop yields at the
country scale are very close to observations. The bias and
RMSE are also very low for wheat and rice simulations at
the country-scale.

3.1.2 Carbon fluxes

Site scale evaluation

Figure 2 shows the evaluation of carbon fluxes simulated
by CLM5 against the observations (Fig. 2) at Cuttack
(20°27′ N, 85°56′ E), IARI, New Delhi (28°40′ N, 77°12′ E),
and Meerut (29°05′ N, 77°41′ E). Figure 3a–c compare the
GPP, TER, and NEP, respectively, measured in a wheat field
at IARI, New Delhi, during the rabi season of 2013–2014
against the monthly mean carbon fluxes from CLM5. The
CLM5 simulations overestimate the fluxes during the early
months and are close to observation estimates in the repro-
ductive and maturity months. In CLM5, GPP is specific to
the crop, while TER is the sum of crop-specific term (Ra) and
Rh, which is representative of the cropland unit (explained
in Sect. 2.1.1). Due to this discrepancy in flux estimates in
CLM5, especially TER, and NEP, we observe high bias when
we compare them against the site scale carbon estimates.

Figure 2d compares the NEP measured at Meerut during
the rabi season of 2009–2010 over a wheat field against that
of the CLM5 simulations. Analysing the NEP simulated by
CLM5 at Meerut, although an erroneous high value is sim-
ulated in March, the fluxes simulated by CLM5 are close to
observations in two months (February and April). Figure 2e
compares the GPP measured during the 2010 kharif sea-
son against the CLM5 carbon fluxes. The CLM5 simulations
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Figure 2. Comparing CLM5 carbon fluxes against observations of wheat cropland (a–c) at IARI, New Delhi, from a study by Reddy et al.
(2023), (d) wheat cropland at Meerut, from a study by Patel et al. (2011), (e) rice cropland at Cuttack from Bhattacharya et al. (2013), and
(f) scatter plot of all monthly mean carbon flux observations against the monthly mean carbon fluxes from CLM5. The “*” on Pearson r in
panel (f) signifies the statistical significance at p < 0.001. The solid black line in (f) is the linear regression, and the shaded region is the
95 % confidence interval.

overestimate the observed GPP. One reason for the low GPP
at the site might be because the farmland was flooded (Liu et
al., 2013), while the CLM5 does not simulate a flooded rice
field. We compare the overall monthly mean carbon fluxes
simulated by CLM5 against that of observations in a scatter
plot in Fig. 2f. The Pearson r value between observations
and CLM5 simulations is high (0.65) and is significant at
p < 0.001.

Site level comparison (Fig. 2a–e) of fluxes shows varied
results due to the following reasons: (1) the site scale data is
an average of infrequent and irregular sample taken during
a phenological stage while the simulated data is an average
of daily means. (2) differences in the sowing dates of crops
by 3–4 weeks between the site and the model, and (3) Rh
is not crop specific but defined for a land type in CLM5,
and that introduces uncertainties in TER and NEP estimates
of CLM5. Despite these differences, Fig. 2f clearly demon-
strates that CLM5 simulates carbon fluxes with good season-
ality (r = 0.65) and low bias (0.67).

Regional scale

To evaluate the regional scale fluxes, we use the grid cells in
which more than 10 % of the grid cell area is occupied by
rice or wheat crop. This is done to reduce the noise and un-
certainty at regional scale from regions with low crop area.

This allows us to evaluate the ability of CLM5 to simulate
the carbon fluxes in regions with reasonable crop cover. It
should be noted that the grid cells have other vegetation types
as well. Figure 3 shows the seasonal mean fluxes, i.e., for the
rice growing season, the mean fluxes over July to October,
and for the wheat growing season, the mean fluxes over De-
cember to March, from 2000 to 2014.

Figure 3 compares CLM5 simulations against FLUXCOM
observations for key carbon and energy fluxes over rice and
wheat growing seasons, revealing both systematic biases
and terrestrial flux performance differences. For GPP, CLM5
broadly captures the observed range but shows a flatter and
slightly right-shifted distribution, indicating an overestima-
tion of moderate-to-high productivity, particularly evident in
rice. Although there is no such right-shifted distribution for
wheat, the flat density shows that moderate GPP values of 1–
2.5 gCm−2 d−1 is underestimated by CLM5. TER is consis-
tently overestimated by CLM5 for both crops, as seen from
the right-skewed density and the clustering of scatter points
above the 1 : 1 line, suggesting excessive simulated respira-
tion. Therefore, NEP exhibits notable biases, CLM5 tends to
simulate more positive NEP compared to observations, es-
pecially for rice, implying an overestimation of net carbon
uptake driven by imbalances between GPP and TER.

Figure 4 shows the mean of carbon fluxes over the study
period (2000–2014) for the rice growing regions and sea-
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Figure 3. Comparison of observed and CLM5 simulated fluxes for (a) wheat and (b) rice agroecosystems. Probability density functions
(upper panels) and scatter plots (lower panels) show observed (blue) and CLM5-simulated (red) (i) Gross Primary Production (GPP), (ii) total
ecosystem respiration (TER), (iii) net ecosystem production (NEP), (iv) latent heat flux (LH), and (v) sensible heat flux (SH). The dashed
line in the scatter plots denotes the 1 : 1 relationship.

son. Figure 4aiii shows the difference in mean seasonal GPP,
TER, and NEP simulated by CLM5 over the rice-growing re-
gion and observed FLUXCOM data. CLM5 simulated fluxes
has a good spatial correlation for GPP and TER (0.53 and
0.49) and has a lower correlation in NEP (0.19). GPP is
underestimated compared to the FLUXCOM data (MAB=
−0.44), while TER has low bias (MAB= 0.19). The NEP
simulated by CLM5 (Fig. 4ciii) has spatial variation, but the
FLUXCOM data does not, and therefore, the NEP simulated
by CLM5 has low spatial correlation (0.19) and high bias
(−0.51) with the FLUXCOM data. All spatial correlations
calculated here are significant at p < 0.01 tested using a two-
tailed test.

Figure 5 shows the mean seasonal GPP, TER, and NEP
over the wheat-growing region. CLM5 simulated GPP, TER
and NEP have a good spatial correlation (0.75, 0.57 and 0.75)
and GPP and TER has low bias (0.03 and−0.17) when com-
pared against the FLUXCOM data. The NEP simulated by
CLM5 (Fig. 5c(iii)) has a high bias (0.83). However, the
bias in large parts of the wheat-growing regions is within the
range of ±0.5 gCm−2 d−1 (shown in white in Fig. 5c(iii)).

The regional comparison between carbon fluxes simulated
by CLM5 and observations from FLUXCOM reveals that the
carbon fluxes simulated during the kharif season (warm and

wet conditions) exhibit a larger bias than that in the rabi sea-
son (cold and dry conditions). This is clearly highlighted in
Fig. S3, where NEP during kharif season is lower than the
observations and GPP is consistently lower than the obser-
vations. The cause of this behaviour is not examined, but it
is an important observation. The variation in seasonal car-
bon fluxes in CLM5 in different seasons might be caused by
the changes in stomatal conductance at elevated temperatures
and high vapor pressure deficit. GPP is calculated after ac-
counting for respiration (Rd in Sect. S1), and at high temper-
atures and vapour pressure deficit during the warm seasons,
we observe higher TER simulated by CLM5 and eventually
reducing the GPP. The lower GPP and higher TER simulated
by CLM5 for rice crops might also be caused due to the ab-
sence of flooded rice growth in CLM5 while most of the rice
growth is in flooded conditions, especially in central India
and the southern regions. And these are the regions in Fig. 5
where we observe a high bias.

3.1.3 Water and energy fluxes

Figure 3 shows that LH is generally underestimated by
CLM5, with observed values extending to higher magni-
tudes than simulated ones, particularly in wheat, indicating
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Figure 4. Spatial plots of (a) GPP, (b) TER, and (c) NEP from
(i) FLUXCOM, (ii) CLM5 over the Indian region, and (iii) the dif-
ference between the CLM5 and FLUXCOM data. All plots are for
the rice-growing regions (grid cells with more than 10 % of land
area covered by rice crop) and the mean of the data growing sea-
son (July to October). The “*” over the r value shows a significant
correlation at p < 0.01.

weaker simulated evapotranspiration. In contrast, SH is un-
derestimated, reflected by simulated densities in the range
0–40 Wm−2 and scatter points lying below the 1 : 1 line, es-
pecially for wheat, suggesting excessive partitioning of avail-
able energy into sensible rather than latent heat.

Figures S4 and S5 show the latent and sensible heat over
the rice and wheat growing regions. In Fig. S4, the spatial
correlation of LH and SH simulated by CLM5 are high and
the bias are low. In the IGP region LH is underestimated. The
maximum bias in LH is observed during the late vegetation
and early reproductive periods, i.e., in August and Septem-
ber (Fig. S6). However, considering the spatial correlation,
CLM5 is simulating better in large parts (r = 0.56 in Septem-
ber and r = 0.67 in October). During the early reproductive
stage, the crop reaches the maximum LAI and should have a
high impact on the latent heat fluxes.

Figure S5 shows the average fluxes during the wheat grow-
ing season, i.e., December to March. We observe a strong
correlation and low bias during the rabi season. However, a
consistent overestimation of LH in the central India region is
observed. Maximum bias in LH is observed during the early
vegetation period, i.e., in December and January (Fig. S7).

Figure 5. Spatial plots of (a) GPP, (b) TER, and (c) NEP from
(i) FLUXCOM, (ii) CLM5 over the Indian region, and (iii) the dif-
ference between the CLM5 and FLUXCOM data. All plots are for
the wheat-growing regions (grid cells with more than 10 % of land
area covered by wheat crop) and the mean of the growing season
(December to March). The “*” over the r value shows a significant
correlation at p < 0.01.

SH is highly correlated to the FLUXCOM data and has a low
bias during all months except December (Fig. S7).

3.2 Trends in variables and impact of drivers

Figure 6 summarizes the long-term trends (1970–2014) and
the relative contributions of climate, atmospheric CO2, nitro-
gen fertilization, and irrigation to carbon fluxes, crop physi-
ological variables, and surface energy fluxes during the rice
and wheat growing seasons.

3.2.1 Carbon fluxes

Rice exhibits positive trends in GPP by 18 gCm−2 yr−1, AR
by 3 gCm−2 yr−1, and NPP by 15 gCm−2 yr−1 (Fig. 6a).
Climate does not exert a statistically significant influence
on these trends. Elevated CO2 contributes significantly to
increasing GPP by 11 gCm−2 yr−1, AR by 5 gCm−2 yr−1,
and NPP by 6 gCm−2 yr−1. Nitrogen fertilization sig-
nificantly increases GPP by 5 gCm−2 yr−1 and NPP by
10 gCm−2 yr−1 while reducing AR by −5 gCm−2 yr−1.
Irrigation contributes significantly to increases in GPP
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Figure 6. Attribution of long-term trends in carbon fluxes, crop variables, and surface energy and water fluxes for (a) rice and (b) wheat
agroecosystems. Grey bubbles show linear trends (1971–2015) in carbon fluxes (GPP, AR, and NPP), crop variables (max. LAI, yield, and
dry matter), latent heat flux (LH), and sensible heat flux (SH) from the CLM5 control (CTRL) simulation. Colored bubbles within the
rectangular boxes represent the contributions of individual drivers: climate, CO2 concentration, nitrogen fertilisation, and irrigation (trend
of CLM5_CTRL – CLM5_Sdriver). Bubble size is proportional to the magnitude of the trend, with green and red indicating positive and
negative contributions, respectively. Bubbles outlined with an edge denote trends or driver impacts that are statistically significant at the 95 %
confidence level (p < 0.05).

by 10 gCm−2 yr−1, AR by 3 gCm−2 yr−1, and NPP by
7 gCm−2 yr−1.

Figure S8 shows the spatial variation in the impact of
various drivers over the rice-growing regions. The positive
trend in GPP and NPP is significant (indicated by stippling)
in all the rice-growing regions (Fig. S8(ai) and c(i)). CO2,
nitrogen fertilization, and irrigation impact are statistically
significant over the rice growing region (Fig. S8(iii), (iv),
and (v)). Climate has a predominantly negative impact across
the rice-growing regions but is statistically not significant
(Fig. S8(ii)). A higher increase in carbon uptake during the
growing season of rice is observed in central Indian region.

For wheat, trends over the period 1970–2014 are posi-
tive but smaller, with GPP increasing by 10 gCm−2 yr−1,
AR by 2 gCm−2 yr−1, and NPP by 8 gCm−2 yr−1 (Fig. 6b).

Climate has a statistically significant negative impact on
GPP of −2 gCm−2 yr−1, AR of −1 gCm−2 yr−1, and NPP
of −1 gCm−2 yr−1. CO2 increases GPP by 9 gCm−2 yr−1,
AR by 3 gCm−2 yr−1, and NPP by 6 gCm−2 yr−1. Nitro-
gen fertilization increases GPP by 1 gCm−2 yr−1 and NPP
by 4 gCm−2 yr−1 and reduces AR by −3 gCm−2 yr−1. Irri-
gation significantly enhances GPP by 8 gCm−2 yr−1, AR by
2 gCm−2 yr−1, and NPP by 6 gCm−2 yr−1.

Figure S9 shows the spatial variation in the trend of car-
bon fluxes in the CTRL run and the impact of various
drivers. GPP and NPP have positive trends across all the
wheat-growing region, but higher in IGP region than oth-
ers (Fig. S9(ai) and (ci)) and are significant at p < 0.05.
This positive trend is fuelled by higher CO2 and irrigation
(Fig. S9(ii) and (v)). Nitrogen fertilization did not have a sig-
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nificant impact on GPP across all wheat growing regions,
seen from scattered stippling in Fig. S9a(iv). However, ni-
trogen fertilization has significant positive impact on NPP
across larger wheat region (Fig. S9c(iv)) due to significant
and high negative impact on AR across all wheat growing
regions (Fig. S9b(iv)).

Increasing atmospheric CO2 exerts the largest positive im-
pact on annual GPP, followed by irrigation, with stronger re-
sponses in rice than wheat. In rice-growing season, CO2 has
the strongest positive influence on GPP. Nitrogen fertilization
also exerts the largest impact on NPP during the rice grow-
ing season, followed by irrigation and CO2, resulting in the
largest increase in growing-season carbon uptake among the
two crops. The increase in rice NPP over the study period re-
flects the combined effect of enhanced GPP and reduced AR
driven by nitrogen fertilization. In wheat-growing regions,
CO2 similarly dominates the increase in GPP, with irrigation
as the second most important driver, while nitrogen fertiliza-
tion and climate exert comparatively smaller influences on
GPP. Autotrophic respiration in wheat is most strongly en-
hanced by CO2 and reduced by nitrogen fertilization, indi-
cating higher respiratory losses under nitrogen-limited con-
ditions. For wheat, increases in NPP are primarily driven by
CO2 and irrigation, with smaller contributions from nitro-
gen fertilization and a significant negative contribution from
climate. As a result, the increase in NPP during the winter
wheat growing season is smaller than that observed for sum-
mer rice, reflecting both climatic constraints and a weaker
response of carbon uptake. Overall, climate shows a signifi-
cant negative impact during the wheat growing season.

3.2.2 Crop physiological variables

Trends in crop physiological variables during the rice
growing season show increases in maximum LAI by
0.054 m2 m−2 yr−1, yield by 58 kgha−1 yr−1, and dry
matter by 126 kg ha−1 yr−1 (Fig. 6a). CO2 contributes
0.033 m2 m−2 yr−1, 20 kgha−1 yr−1, and 53 kgha−1 yr−1,
respectively, while nitrogen fertilization contributes
0.034 m2 m−2 yr−1, 36 kgha−1 yr−1, and 88 kgha−1 yr−1.
Irrigation contributes 0.002 m2 m−2 yr−1, 26 kgha−1 yr−1,
and 57 kgha−1 yr−1. Climate impacts on these variables are
not statistically significant.

Figure S10 shows the spatial variation in crop physiol-
ogy of rice. Higher CO2 led to increased LAI in rice crops
across the rice growing region (Fig. S8a(iii)). However, the
impact on yield is not significant in all rice-growing regions
(Fig. S10bii). The rice yield has no significant impact due
to higher CO2 in the southern regions. In comparison, the
rice yield has a significant positive impact due to higher
CO2 over the IGP region. Human management practices,
fertilization, and irrigation have a positive impact on crop
phenology across rice-growing regions. The impact on LAI
due to irrigation is inconsistent across rice-growing regions
(Fig. S10av).

For wheat, growing-season trends in maximum LAI is
0.027 m2 m−2 yr−1, yield is 40 kgha−1 yr−1, and dry matter
is 74 kgha−1 yr−1 (Fig. 6b). Climate reduces maximum LAI
by−0.015 m2 m−2 yr−1 but has no significant effect on yield
or dry matter. CO2 increases LAI by 0.025 m2 m−2 yr−1,
yield by 19 kgha−1 yr−1, and dry matter by 50 kgha−1 yr−1.
Nitrogen fertilization increases LAI by 0.008 m2 m−2 yr−1,
yield by 24 kgha−1 yr−1, and dry matter by 37 kgha−1 yr−1,
while irrigation increases LAI by 0.005 m2 m−2 yr−1, yield
by 31 kgha−1 yr−1, and dry matter by 50 kgha−1 yr−1.

The spatial variation of crop physiology trends and the
impact of various drivers over the wheat-growing regions
shows that crop physiology has a significant positive trend
across the wheat-growing region (Fig. S11(i)), and climate
has a significant negative impact on the LAI of wheat across
large parts of the wheat-growing regions (Fig. S11a(ii)). Cli-
mate showed no significant impact on yield across the wheat-
growing region (Fig. S11b(ii)). CO2, nitrogen fertilization,
and irrigation all have a positive impact on crop phenology
of wheat and is statistically significant in large parts of the
wheat growing region (Fig. S11).

For crop physiological variables, rice shows strong posi-
tive trends driven primarily by increasing atmospheric CO2
and nitrogen fertilization, with a comparatively small con-
tribution from irrigation. The magnitude of the individual
trends associated with CO2, and nitrogen fertilization closely
approaches the overall trend in the control simulation, indi-
cating a strong coupling between the carbon and nitrogen cy-
cles in rice. Among the investigated drivers, nitrogen fertil-
ization exerts the largest influence on rice yield and total dry
matter accumulation during the growing season. In wheat,
CO2 has the strongest positive impact on maximum LAI dur-
ing the growing season. Although climate imposes a large
and statistically significant negative effect on wheat maxi-
mum LAI, the combined positive contributions from CO2,
nitrogen fertilization, and irrigation result in a net positive
trend. While CO2 primarily controls change in LAI, agri-
cultural management practices, particularly nitrogen fertil-
ization and irrigation, have a significant positive impact on
wheat yield and dry matter accumulation.

3.2.3 Water and energy fluxes

During the rice growing season, LH increases by
0.103 Wm−2 yr−1 and SH decreases by−0.080 Wm−2 yr−1,
with irrigation being the only driver exerting a significant
influence on LH with +0.010 Wm−2 yr−1 and SH with
−0.008 Wm−2 yr−1 (Fig. 6). For wheat, LH increases by
0.111 Wm−2 yr−1 and SH decreases by−0.047 Wm−2 yr−1,
with irrigation again being the sole significant driver of LH
with +0.070 Wm−2 yr−1 and SH with −0.045 Wm−2 yr−1.
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Figure 7. Impact of management drivers on crop yield of (a) wheat
and (b) rice. Inlet table shows the average yield in the period
2010–2014 for wheat and rice in the CLM5_CTRL simulation,
CLM5_SNFert, and CLM5_SIrrig.

3.3 Annual yield

The annual country-scale wheat and rice yield simulated by
CLM5 in 1970 was 1.11 and 1.3 tha−1, respectively. The
wheat and rice yield reported by FAO for the same year is
1.2 and 1.6 tha−1. The rice yield simulated by CLM5 is lower
than FAO data in the year 1970. However, for the year 2014
CLM5 simulated 2.71 and 3.63 tha−1 for wheat and rice,
respectively, while FAO estimates are 3.14 and 3.57 tha−1.
CLM5 is simulating annual country scale yield accurately for
two major Indian crops, and the CLM5 model can be used
for future climate impact studies with high confidence at a
regional scale.

The impact of management practices on yield is significant
(Fig. 7). Irrigation has a significant impact on wheat yield.
The average wheat yield simulated in the CTRL experiment
over the period 2010–2014 is 2.74 tha−1, while the simu-
lation with no irrigation has an average yield of 0.64 tha−1

for the same period. Similarly, the lack of nitrogen fertil-
ization decreased the mean yield during the same period to
1.26 tha−1. In the case of rice crops, fertilization has a more
significant impact than irrigation. Therefore, for a wheat crop
grown in cold and dry conditions, irrigation is the dominant
factor, and for rice grown in warm and wet conditions, nitro-
gen fertilisation is the dominant management factor.

3.4 Comparing seasonal carbon fluxes against global
studies

CLM5 simulated cumulative GPP for kharif rice from 2000
to 2014 is 1528.3± 561 gCm−2. This is comparable to other
site scale observations (Table S1). For example, at a site
in India (20°27′ N, 85°56′ E) GPP is 929 and 1221 gCm−2

(Bhattacharya et al., 2013), at a site in the Philippines
(14°14′ N, 121°26′ E) it is 1192 and 1464 gCm−2 (Alberto et
al., 2009), and Bangladesh (24°73′ N, 90°42′ E) is 1312 and
1574 gCm−2 (Hossen et al., 2011). A site in India (11°00′ N,

79°28′ E) is 2355 and 2598 gCm−2 for the three rice crop pe-
riods in a year (Oo et al., 2023). All studies mentioned above,
except Oo et al. (2023), had two growing seasons: wet and
dry. CLM5 simulations also include rainfed and irrigated rice
crops, and therefore, the annual simulated GPP is in the same
range as all other studies, while it is lower than the GPP esti-
mates by Oo et al. (2023). Bhattacharya et al. (2013) studied
the impact of fertilization on carbon fluxes over rice fields.
They observed that fertilization usage had increased the GPP
by 68.9 %. In comparison, our study simulates an increase
in GPP by 68.4 % to 78.9 % from using nitrogen fertilization
from 2000 to 2014.

CLM5 simulated cumulative GPP for rabi wheat from
2000 to 2014 is 862.6± 438.6 gCm−2. This is compara-
ble with site scale observations. For example, rabi wheat
cumulative GPP estimates at IARI (28°40′ N, 77°12′ E) is
949.68 6 gCm−2 (Reddy et al., 2023) and 888 gCm−2 (Ku-
mar et al., 2021), at Saharanpur (29°52′ N and 77°34′ E) is
1024 gCm−2 (Patel et al., 2021). CLM5 simulates the cu-
mulative GPP reasonably well during the growing season of
wheat in Indian conditions (Table S1). The carbon fluxes over
a wheat growing season in Germany (50°52′ N, 6°26′ E) are
1304 and 1067 gCm−2 (Schmidt et al., 2012), and in China
(32°33′ N, 116°47′ E), are 987 and 966 gCm−2 (Chen et al.,
2015). Higher seasonal cumulative fluxes in Germany and
China are due to the longer growing seasons observed in
these regions.

AR/GPP ratio has reduced from 0.62 in the 1970–1975
period to 0.46 in 2010–2014. During the same period, nitro-
gen fertilization increased rapidly, leading to lower respira-
tion losses, evident from impact of nitrogen fertilization on
autotrophic respiration. CLM5 limits the maintenance respi-
ration if high nitrogen is present in the leaves.

3.5 Comparing water and energy fluxes against global
studies

The evapotranspiration simulated by CLM5 during the kharif
season from 2000 to 2014 is 558.82 mm. The observations
from a site in India (11°00′ N, 79°28′ E) during the kharif
season are 529 and 392 mm (Oo et al., 2023). The lower
evapotranspiration in the second year is due to the lack of
data for the last 27 d of the rice growing season (Oo et al.,
2023). A study by Hossen et al. (2011) focusing on rice crops
in Bangladesh (24°43′ N, 90°25′ E) reported seasonal evapo-
transpiration of 370 and 307 mm when measured from trans-
planting to harvest. The lower evapotranspiration values are
due to the consideration of transplanting to harvest instead of
sowing to harvest. The CLM5 simulation of seasonal evap-
otranspiration is comparable to site-scale observations. The
evapotranspiration simulated by CLM5 during the rabi sea-
son from 2000 to 2014 is 277.92 mm.

Irrigation in the wheat growing season (rabi season) has a
significant impact on evapotranspiration. Since CLM5 is now
performing well in estimating the water and energy fluxes
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and irrigation is having a significant impact, future studies
should examine the impact of varying irrigation levels on the
land-atmosphere feedback, similar to the study by Mathur
and AchutaRao (2020).

4 Discussions and Conclusions

The current study aimed to understand the trends in crop
physiological parameters and terrestrial fluxes over major In-
dian agroecosystems spanning 45 years from 1970 to 2014.
This study used the best performing CLM5 model from
Reddy et al. (2025) to, first, evaluate the performance of
CLM5 in simulating crop physiological parameters and var-
ious land fluxes (e.g., energy, carbon, and water fluxes) over
two major Indian agroecosystems- wheat and rice. Reanaly-
sis data and in-situ observations are used to perform a com-
prehensive evaluation of the model and investigate the bi-
ases. Later, numerical experiments are conducted to investi-
gate the impact of two natural and two agricultural manage-
ment drivers – atmospheric CO2, climate, nitrogen fertiliza-
tion and irrigation.

CLM5 simulated the crop physiology and fluxes with re-
alistic seasonality (Figs. S2 and S3 and Reddy et al., 2025)
and low bias. Although a high bias in yield is observed at site
scale in this study, the country scale estimates of crop yield
against FAO data highlights that CLM5 captured the annual
variability with a low bias (Sect. 3.1.1). Therefore, provid-
ing confidence in CLM5 for estimating climate impact on
regional crop yields. CLM5 captures the seasonality in car-
bon fluxes well with a Pearsons correlation of 0.65. Regional
scale carbon flux evaluation against the FLUXCOM data re-
veals that the carbon fluxes simulated during the kharif sea-
son (warm and wet conditions) exhibit a larger bias than the
fluxes in rabi season (cold and dry conditions) (Sect. 3.1.2).
Comparing the water and energy fluxes also reveals a sim-
ilar trend, where high bias is observed in latent heat fluxes
during the warm and wet seasons compared to those in the
cold and dry season (Sect. 3.1.3). The contrasting simulation
of carbon and energy fluxes in different seasons highlights
the need to investigate the stomatal conductance module in
CLM5. Sensitivity experiments can be conducted to under-
stand the role of stomatal conductance in simulating a high
bias in carbon, water, and energy fluxes during warm and wet
seasons in the Indian region. Overall, the evaluation of terres-
trial fluxes shows that while CLM5 captures the qualitative
variability of carbon and energy fluxes, it exhibits systematic
biases in respiration and surface energy partitioning, which
propagate into errors in NEP and highlight remaining chal-
lenges in representing crop–atmosphere exchanges in the In-
dian biosphere.

The underestimation of GPP and overestimation of TER
over the rice-growing regions during the kharif season
mainly stems from shortcomings in land management prac-
tices for crops. Rice is grown in flooded fields which tend

to have lower GPP and TER. CLM5 does not simulate rice
in flooded conditions. Additionally, rice is grown multiple
times in a year in India, especially in the central and south-
ern regions of India, which is absent in CLM5 mainly due
to the lack of crop maps that represent the multiple cropping
followed in India. Although a few studies have reported mul-
tiple rice cropping maps (Zhao et al., 2024), they are limited
to one or two years, and we do not have time varying maps to
conduct transient model simulations. It is important that fu-
ture research focuses on generating multiple-cropping maps
for regions like India because rice, for example, grown in
multiple seasons has a large impact on the terrestrial fluxes
(Oo et al., 2023).

The vegetation physiology and phenology substantially af-
fect the land surface processes and influences the local to
global climates through interactions between the land and at-
mosphere. Although CLM5 has few limitations, it performs
well in capturing the seasonal patterns and magnitude of car-
bon and water fluxes over the Indian agroecosystems. A fu-
ture study can focus on estimating the terrestrial fluxes in the
near future and end century climate in Indian agroecosystems
using the reasonably well performing CLM5 model. The cli-
mate change impact is necessary to understand because the
terrestrial ecosystems are taking up lower carbon in a warm-
ing climate (Liu et al., 2024; Ke et al., 2024) and it is essential
to identify the tipping points of various ecosystems as these
will have drastic impact on the world.

More modeling studies such as the current one are cru-
cial in understanding and reducing the uncertainty in sim-
ulated terrestrial fluxes of various ecosystems using lim-
ited observation data. Increasingly, studies are identifying
lower carbon uptake by terrestrial ecosystems using observa-
tions. Models are failing to replicate the same and to worsen
the situation, models are simulating with large uncertainties
(Friedlingstein et al., 2023). Studies such as the current one
will help in identifying the regions and processes responsible
for model uncertainty. Adaptation of recent developments in
terrestrial ecosystem representations in land models such as
Eco-Evolutionary Optimality theory (Harrison et al., 2021;
Zou et al., 2023) should be investigated and implemented in
various land models such as CLM5. The adaptation of new
theories might reduce the high biases in water, energy and
carbon fluxes observed in different seasons. The shift to new
theories is necessary as they use a smaller number of param-
eters for simulating terrestrial fluxes and are less sensitive to
uncertainties in input data (Zou et al., 2023).

Code and data availability. The site-scale data used
in the study are available in Varma et al. (2024,
https://doi.org/10.1594/PANGAEA.964634). The model out-
put data for various experiments of the study and the observational
data are available at https://doi.org/10.5281/zenodo.15291023
(Reddy and Baidya Roy, 2025). Python codes used to produce
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