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ABSTRACT

Land surface models have facilitated the estimation of soil moisture over a range of spatiotemporal scales.
However, limitations in model parameterization and under-representation of anthropogenic processes restrict
their ability to estimate local-scale soil moisture variability, especially over irrigated areas. Assimilation of
satellite-based soil moisture retrievals into land surface models can be a viable approach to overcome these
constraints, specially over highly irrigated countries such as India, where such applications are rare. Addition-
ally, large-scale validation of modeled soil moisture has been limited over India till now due to lack of a
representative station network. By assimilating Soil Moisture Active Passive (SMAP)-based estimates into the
state-of-the-art Indian Land Data Assimilation System (ILDAS) and combining with a new soil moisture station
network of more than 200 stations, this study demonstrates improved soil moisture estimations and capture of
irrigation signals over the region. The Noah-MP land surface model is forced by multiple local and global
meteorological datasets and Ensemble Kalman Filter (EnKF) is used for assimilation of soil moisture. Comparison
of open-loop and data assimilated soil moisture against station soil moisture data shows relative spatial mean
improvement of 0.0178 in correlation and 0.0029 m®/m® in RMSE. Further statistical comparison with in-situ
data has also shown better results over most of the stations, as evident from improved correlations and
reduced unbiased RMSE after assimilation. Finally, the climatology of soil moisture over the different irrigation
fractions reveals that data assimilated outputs over irrigated grid cells tend to have higher soil moisture during
dry winter season, demonstrating the ability to capture irrigation signals. These findings quantify the value of
data assimilation in improving soil moisture estimates and the ability to capture unmodeled processes such as
irrigation, which lays the science groundwork for upcoming space missions such as NASA ISRO Synthetic
Aperture Radar (NISAR).

1. Introduction

Liu et al., 2020). Soil moisture significantly impacts water balance by
segregating rainfall into evapotranspiration, infiltration, and runoff

Soil moisture plays a significant role in land surface processes as it (Botter et al., 2007; Koster et al., 2004; Lee et al., 2007). Moreover, it is
influences various aspects of the hydrologic cycle such as water avail- also having influence in maintaining energy balance by partitioning
ability and distribution within terrestrial ecosystems (Corradini, 2014; incident energy into sensible and latent heat flux (Dorigo et al., 2017;
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Entekhabi et al., 2010). Therefore, accurate assessment of the spatio-
temporal variability of soil moisture is crucial for several hydrometeo-
rological studies related to drought monitoring (Anderson et al., 2012;
Fang et al., 2021; Hong & Kalnay, 2000; Jung et al., 2020), flood fore-
casting (Komma et al., 2008; Wanders et al., 2014), climate studies
(Seneviratne et al., 2010; Yuan et al., 2011), agriculture and irrigation
(Dobriyal et al., 2012; Jalilvand et al., 2019). By integrating satellite and
in situ datasets, a Land Data Assimilation System (LDAS) improves the
accuracy of Land Surface Models (LSMs) through the utilization of data
assimilation methods (Kumar et al., 2014; Liu et al., 2013; Mitchell
etal., 2004; Rodell et al., 2004). Such systems are however rare over the
Indian subcontinent, and the Indian Land Data Assimilation System
(ILDAS) has been recently developed system that aims to provide esti-
mates of various land surface conditions, water storage and fluxes over
the Indian mainland at high resolution (Magotra et al., 2024). Till now, a
robust large-scale assessment of open loop and data assimilated soil
moisture with respect to a station soil moisture network and its ability to
represent unmodeled processes such as irrigation has been missing over
the Indian subcontinent.

In-situ soil moisture measurements are the accurate representations
of the actual ground condition but lacks in availability and spatial extent
at larger domain (Ahmad et al., 2022; Yin et al., 2023). With the
development of satellite remote sensing techniques, monitoring the
spatiotemporal variation of soil moisture has become easier for hydro-
logical studies (Ahmad et al., 2010; Corradini, 2014; Wang & Qu, 2009).
Satellite soil moisture observations have the potential to capture the
effects of processes that are independent of precipitation or natural
variability (Brocca et al., 2018; Lawston et al., 2017). Irrigation is one
such widespread anthropogenic activity which directly influences the
moisture levels in agricultural areas (Ozdogan et al., 2010; Zhang et al.,
2017). But these satellite retrievals often shows limitations in terms of
accuracy in algorithm and other specifications (Kim et al., 2020; Loew
et al., 2013).

Land Surface Models (LSM) have been actively utilized in recent
years to model complicated land surface phenomena and estimate
various land surface state variables including soil moisture (Dai et al.,
2003; Ek et al., 2003; Koster et al., 2000; Niu et al., 2011). Typically,
LSMs simulate the exchange of energy and water at the earth’s surface
by utilizing meteorological boundary conditions obtained from obser-
vations and underlying land surface conditions (Abramowitz et al.,
2008; Niu et al., 2011). Even though LSMs have the flexibility to esti-
mate surface state variables at any high resolution, they are susceptible
to uncertainties in input forcings and inadequate parameterization of
model physics (Maggioni et al., 2012; Shrestha et al., 2020). Moreover,
it is challenging to accurately capture and represent irrigation in models
because of lack in proper parameterization over regional scale and
scarcity of in situ irrigation data (Gibson et al., 2017; Kwon et al., 2022;
Lawston et al., 2017). To aid regional and global scale research, efforts
have been made to improve model estimates by incorporating satellite
remote sensing data products by means of data assimilation (DA) tech-
niques (Kumar et al., 2014; Reichle et al., 2002; Reichle & Koster, 2005).
Data assimilation enables the integration of observational data into
LSMs to update and improve their state variables, taking account of their
respective errors and uncertainties (Kalman, 1960). Observations often
contain spatial and temporal discontinuity, and hence their incorpora-
tion into the LSM estimates helps to evaluate the spatiotemporal vari-
ability of different land surface parameters (Kumar et al., 2012). There
are several studies that involved assimilation of satellite soil moisture
data retrieved from various platforms for estimating improvements in
different water balance components (Huang et al., 2008; Lievens et al.,
2015; Reichle et al., 2007; Seo et al., 2021). But most of the existing soil
moisture data assimilation research have not explored the suitability of
data assimilation in detecting unmodeled irrigation process (Kumar
et al., 2015). Large-scale irrigation can alter the soil moisture level over
that irrigated area. So far, it has been tough to get reliable and consistent
information about irrigation practices. However, data regarding the
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precise timing and quantification of irrigation practices are sparse in
several places globally. Simulation of regional irrigation schemes is
challenging because of the inaccessibility of relevant water source dis-
tribution and usage information. With more than 40 % of the total
cropland being irrigated, India has one of the world’s largest irrigated
agricultural systems (Meier et al., 2018). But such national-scale land
data assimilation systems with respect to soil moisture have not been
developed for India. Moreover, scarcity of in situ soil moisture mea-
surements and irrigation information across India remained a limiting
factor for such studies. To address this research gap and assess the
effectiveness of data assimilation in this region an integrated Indian
Land Data Assimilation System (ILDAS; Magotra et al., 2024) has been
setup to study the surface soil moisture variability for the Indian
domain.

This paper quantifies the improvements in spatiotemporal variability
in soil moisture estimates and their ability to capture irrigation signal by
performing assimilation of Soil Moisture Active Passive (SMAP; Ente-
khabi et al., 2010) data into the Indian Land Data Assimilation System
(ILDAS; Magotra et al., 2024) for the Indian mainland. The reason
behind choosing SMAP soil moisture product for assimilation is that
SMAP gives the most effective satellite soil moisture data for a large
portion of land areas worldwide (Chen et al., 2018). Moreover, it has
been observed that SMAP can detect the impact of irrigation on soil
moisture (Lawston et al., 2017). The resulting improvements in soil
moisture and impact over irrigated areas are evaluated in comparison
with in-situ soil moisture observations. This paper is organized in the
following manner: section 2 gives the description of the study domain,
followed by data sources used in the model (meteorological forcings,
satellite observations and evaluation data) in section 3 and methodology
(Model configuration, data assimilation algorithm, experimental set up
and the evaluation metrics) in section 4. Results are evaluated and
validated in section 5 followed by discussion (section 6) and conclusions
(section 7).

2. Study area

The present study has been conducted mainly over the Indian sub-
continent. The run domain is extended from latitude of 5.5° N to 37.5° N
and longitude of 68° E to 98° E with domain resolution of 0.1° x 0.1".
The domain comprises of 20 major river basins (as provided by the
Central Water Commission of India) with a large variation in elevation
(Fig. 1), topography, land cover and climatic conditions, which leads to
significant variation in rainfall patterns and soil moisture as well.
Moreover, agriculture is vital to India’s economy, making a considerable
contribution to its GDP and supporting a significant portion of the
population’s livelihoods.

(Mathur et al., 2006). Agricultural productivity and irrigation re-
quirements are dependent on precipitation (Hargreaves et al., 1985;
Zeng et al., 2021) and soil moisture availability (Dobriyal et al., 2012;
Tao et al., 2003). Hence, it has become necessary to estimate both the
spatial and temporal variation in soil moisture over this domain.

3. Data sources
3.1. Forcings and assimilation datasets

3.1.1. India meteorological Department (IMD) precipitation data

In this study we have used gridded daily precipitation data from the
India Meteorological Department (IMD) with a 0.25° spatial resolution
for the years 1981-2022. This gridded data was developed using inverse
distance weighted interpolation method (Shepard, 1968) from the pre-
cipitation data obtained from a large network of 6995 gauge stations
(Pai et al., 2014).
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Fig. 1. Study Domain showing elevation from SRTM Native along with major river basins within the national boundary, in situ soil moisture stations of IMD, ISRO,

and COSMOS.

3.1.2. 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) offers meteorological
data starting from 1980. MERRA2 has shown substantial improvements
compared to its earlier product, MERRA, by incorporating recent ad-
vancements from NASA’s Global Modeling and Assimilation Office
(GMAO), including updates to the Goddard Earth Observing System
(GEOS) and new assimilation schemes for various microwave observa-
tions (Gelaro et al., 2017). We used the bias-corrected MERRA2 dataset
for the present study, which has hourly time steps and 0.625° x 0.5°
spatial resolution.

3.1.3. Climate Hazards group InfraRed precipitation with station data
(CHIRPS)

The another precipitation dataset from 1981 to 2022 time period has
been collected from the Climate Hazards Group InfraRed Precipitation
with Station data (CHIRPS) version 2 (Funk et al., 2015), spanning over
the domain between 50°S to 50°N for all longitudes. CHIRPS in-
corporates the Climate Hazards group Precipitation Climatology
(CHPclim), 0.05° resolution satellite imagery, and in-situ station data.
CHIRPS uses the Tropical Rainfall Measuring Mission Multi-Satellite
Precipitation Analysis version 7 and a ‘smart interpolation’ approach
while working with anomalies from a high-resolution climatology.

3.1.4. SMAP observation data

Soil Moisture Active Passive (SMAP) Level 3 Radiometer Global
Daily 36 km EASE-Grid Soil Moisture, Version 8 (O’Neill et al., 2021)
has been used in this study. This SMAP passive microwave radiometer
data package combines daily estimates of global land surface conditions.
SMAP L-band soil moisture data are resampled to a global, cylindrical
Equal-Area Scalable Earth Grid with a 36 km grid spacing.

3.2. Evaluation datasets

3.2.1. In-situ soil moisture
This study uses station soil moisture data from three sources:

a. In-situ soil moisture data up to 10 cm depth from 193 stations in an
hourly scale belonging to the Indian Meteorological Department for
the year 2022.

b. In-situ daily soil moisture data from 11 soil moisture stations from
2017 to 2020 developed and operationalized by the Space Applica-
tion Center (SAC), Indian Space Research Organization (ISRO)
(Gupta et al., 2023; Pandey et al., 2021). All stations have Hydrap-
robe sensors.

c. Observed daily soil moisture from 2016 to 2019 at two stations the
from Indian Cosmic Ray Network (ICON; Upadhyaya et al., 2021):
Singanallur-SGR and Madahalli-MDH. The COSMOS instruments use
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the Cosmic Ray Neutron Probe (CRNP) technique to measure soil
moisture considering non-invasive neutron counts.

3.2.2. Irrigation data

The Global Map of Irrigation Areas (GMIA; Siebert et al., 2005)
provided by Food and Agriculture Organization (FAO) is used in this
study for analyzing the impact of SMAP data assimilation on irrigated
areas. GMIA provides the global map of fractional irrigated areas at a
resolution of 5 arc minute, which shows the percentage of each grid cell
equipped for irrigation. Apart from this, the Landsat-Derived Global
Rainfed and Irrigated-Cropland Product (LGRIP; Teluguntla et al., 2023)
has also been used in this work. LGRIP provides high resolution (30 m),
global cropland data classifying them into irrigated and rainfed crop-
lands. LGRIP uses the Landsat 8 time-series satellite sensor data for the
2014-2017 period to create a nominal 2015 product.

4. Methodology
4.1. The Indian land data assimilation System (ILDAS)

ILDAS is an integrated modeling system with coupled land surface
and hydrodynamic models for reliable estimation of land surface states
and water balance components over South Asia (Magotra et al., 2024).
Developed using the NASA Land Information System Framework (LISF),
ILDAS utilizes many meteorological forcing datasets to produce high-
resolution and spatially coherent assessments of different land surface
conditions for the Indian subcontinent at 0.1° spatial resolution. The
simulations in this study have been performed using the Noah-
Multiparameterization (Noah-MP) Land Surface Model, (Niu et al.,
2011; Yang et al., 2011) Version 3.6, incorporated within the NASA
Land Information System (LIS) framework (Kumar et al., 2006, 2008;
Peters-Lidard et al., 2007), Version 7.4 to assimilate SMAP soil moisture
dataset. Noah-MP has shown significant advancements in its structure
over Noah LSM (Ek et al., 2003) by more accurately considering for
various multi-physics options along with the vegetation, groundwater,
and snow dynamics (Nie et al., 2018; Niu et al., 2011; Yang et al., 2011).
Noah-MP includes four soil layers with a total soil depth of 2 m along
with a simple groundwater scheme that incorporates the interaction
between soil moisture and groundwater and the formation of runoff.
Noah-MP simulations were performed on a cylindrical grid with an
equidistant spacing of 0.1 x 0.1" and a 15-minute time step. The
Geophysical variables used as input parameters for the land surface
modelling framework like land cover, soil texture, elevation, greenness
etc. are mostly collected from National Centers for Environmental Pre-
diction (NCEP), National Center for Atmospheric Research (NCAR)
reanalysis product and they are enlisted in Table 1. More specifications
of ILDAS and its performance evaluations are available in Magotra et al.,
(2024).

The resulting input parameter file was generated using NASA Land
Data Toolkit (LDT; Arsenault et al., 2018).

4.2. Data assimilation algorithm

This study uses the Ensemble Kalman Filter (EnKF) technique, which
is a widely used data assimilation method in geosciences, including the

Table 1
Input parameters for Land Surface Model.

Model Parameters Input Data Sources

Landcover MODIS Native (IGBP) modified by NCEP)

Soil texture STATSGO + FAO Blended soil texture map by NCAR
Elevation, Slope, Aspect SRTM Digital Elevation Model (30 m)

Albedo, Greenness NCEP

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

Bottom temperature Native (NCEP) ISLSCP1 temperature derived map
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assimilation of sequential satellite soil moisture data (Reichle et al.,
2002), such as the SMAP soil moisture dataset, into land surface models
(He et al., 2017; Mladenova et al., 2020; Pignotti et al., 2023). The
primary objective of EnKF is to estimate the state of a dynamic system by
combining model predictions with observations and their respective
erTors.

The EnKF based data assimilation works through one forecast step,
followed by an update step. In the forecast step, an ensemble of model
states (ensemble members) is generated and propagated with time using
LSM. These ensembles are the perturbed versions of the model state,
which accounts for the uncertainty in the state. The EnKF then combines
the model forecast and observations to update the state estimate using
the following equation:

X=X +K (i — H(x;)) (@)

Where fo+ denotes the jth ensemble member (from 1 to 20) of the
state variable after update at ith grid, xf; is the prior estimate of the state
variable before update. Here the state variable for each ensemble com-
prises of Noah-MP modeled four layer’s soil moisture estimates. y}; de-
notes the jth ensemble member of the observed variable (here SMAP soil
moisture observations) for the same grid. H is the model’s representa-
tion of the observations, known as observation operator which maps the
model state to the observation space. K, is the Kalman Gain Matrix that
denotes the relative weights of uncertainties in the model and obser-
vations, and it is calculated using the following equation such that it
minimizes the expected error in the estimated state:

cH'

I L 2
HEGLHT + G @

t

Where C; and C!; denotes the covariance of the model forecast er-
rors and that of observation errors respectively.

4.3. Experimental setup

The experimental set up includes spin up simulations of Noah-MP
land surface model so as to obtain steady state in LSM, followed by
ensemble generation, Open Loop simulation and finally Data Assimila-
tion. For all these simulations, meteorological boundary conditions have
been provided using three set of forcing datasets: (i) MERRA2, and (ii)
IMD (precipitation) overlain with MERRAZ2 (other forcing variables) and
(iii) CHIRPS (precipitation) overlain with MERRA2 (other forcing vari-
ables). The purpose of using three different forcings is to observe the
influence of meteorological boundary conditions along with data
assimilation on modeled soil moisture.

4.3.1. LSM spin up

The Noah-MP LSM for the present study was spun up three times
from 1st January 2010 to 31st December 2015 to obtain the initial
conditions. In accordance with the convergence criterion set by the
Global Soil Wetness Project (GSW) for LSM spin up (Dirmeyer et al.,
1999), the difference in monthly mean soil moisture content for the
entire study region had to be less than 5 % after three cycles with respect
to the prior simulation to be acceptable. The ensembles have been
generated by taking the restart file from March 2015 to provide initial
conditions for OL and DA simulations and upscaling the number of en-
sembles per tile to 20 from the single replicate restart file using LDT.

4.3.1.1. Open loop (OL) experiments. The model was run without
assimilating any soil moisture observations from 1st April 2015 to 31st
December 2022 in an ensemble configuration, denoted as the Open Loop
(OL) simulation. OL simulation was considered as base line run of Noah-
MP LSM, to compare the results with DA simulation and observe im-
provements or degradations within the domain and the simulation
period.
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4.3.1.2. Data assimilation (DA) experiments. The SMAP soil moisture
observations (SPL3SMP) were assimilated into Noah-MP model for the
same period as OL. The ensembles were generated by perturbing four
meteorological forcing parameters and model state variables, with the
specifications given in Table 2. The SMAP retrieval error standard de-
viation is taken as 0.04 m® m ™3 with reference to the studies conducted
by O’Neill et al. (2014) and Ahmad et al. (2022).

Our approach doesn’t involve any bias correction method (such as
CDF matching) as employing bias corrections have been found to
exclude the signals from irrigation (Ahmad et al., 2022; Kumar et al.,
2015; Kwon et al., 2022). The experimental methodology has been
described in Fig. 2.

4.4. Evaluation metrics

The statistical evaluation and validation of the soil moisture outputs
have been performed using the following metrices:

To check the variability in seasonal soil moisture differences, the
standard deviation (o) is used as the evaluation metric.

N 372
o= Zi:l ()Ii;_X) 3)

Where, ¢ is the standard deviation, N is the number of data points, X;
represents each individual data point, X is the mean (average) of the
data set.

Further statistical analysis and validation of model soil moisture
outputs with respect to in situ soil moisture data is performed in terms of
correlation (R), root mean squared error (RMSE) and unbiased root
mean squared error (ubRMSE).

SN (X - X)(Y, —Y)

R= .
VI & -2 (Y- Y
N 2
RMSE = W o
» X —Y) 2
ubRMSE = \/Zil{(xi - ();'\i’— Y)) - Y3} o

Where, X; X corresponds to model output and Y; Y corresponds to
standard reference data with their usual meaning as discussed earlier.
Improvements in soil moisture estimates due to data assimilation is
evaluated in terms of difference between correlations indicated as Rpa-
Ror, and in terms of difference in RMSE indicated as RMSEq-RMSEpa
with an assumption that DA is giving improved results by showing
higher correlation and lower RMSE when compared with observed data.
If these differences become negative, we will consider as degradation.

5. Results and discussions
The analysis period, from 1st April 2015 to 31st December 2022, has

been sub-divided into 4 seasons based on: Pre-Monsoon (MAM; March-
May), Monsoon (JJAS; June-September), Post-Monsoon (ON; October-

Table 2
Perturbation specifications for meteorological forcings and model state variables.
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November) and Winter (DJF; December-February). Irrigation is mostly
practiced in India for most of the rabi (winter) crops during the winter
and pre monsoon season. Kharif crop season receives south-west
monsoon rainfall and hence less irrigation is required. Thus, our sea-
sonal analysis comprises of an average of eight seasons of pre-monsoon,
monsoon, post-monsoon and winter seasons from June 2015 to
November 2022.

5.1. Seasonal analysis

Fig. 3 shows the season-wise temporal average difference in soil
moisture values between the DA and OL simulations (DA-OL). For
quantification of this variability, standard deviations of this soil mois-
ture difference values have been calculated. Higher values of difference
(positive or negative) show maximum variability, indicating significant
impact of data assimilation on soil moisture estimates by LSM.

Overall, the lower values of standard deviation (o) in Fig. 3 indicate
that pre-monsoon and monsoon exhibit lower variability in soil mois-
ture. Whereas post-monsoon and winter maps show higher variability in
soil moisture. In fact, lowest variability can be observed during the
monsoon season for all forcings compared to other seasons and this
variability is almost the same between OL and DA cases, which could be
attributed to the ample availability of precipitation during that period.
In contrast, maximum variability can be observed during the dry winter
season, highlighting the fact that DA has more impact on soil moisture
during winter. Overall, for all seasons and all forcing cases, DA leads to
higher soil moisture estimates than OL for the North-west and Eastern
India, which covers the major portion of Ganga basin, Punjab area from
Indus basin and the Mahanadi basin. Comparison in terms of forcings
shows that IMD shows maximum standard deviation out of all the
forcing cases. That means IMD forced DA simulation can capture
maximum variability in soil moisture.

5.2. Statistical analysis and validation

Benchmarking of LSM soil moisture estimates for both OL and DA
cases has been performed with respect to in situ station soil moisture
datasets.

Fig. 4 shows the difference in statistical parameters between DA and
OL estimated soil moisture anomalies at different IMD stations. Here the
first row (Fig. 4, a-c) shows the correlation difference (Rpa-Ror) and
second row (Fig. 4, d-f) corresponds to RMSE difference (RMSEq-
RMSEp,). Blue/cool color indicates improvement and red/warm color
indicates degradation. The figures indicate large-scale improvement in
both correlation and RMSE over majority of the stations due to data
assimilation, although the improvement in terms of RMSE is lower than
correlation because of incorporating errors. The domain averaged im-
provements of all the forcing cases are found positive but almost similar
relative changes. IMD forced outputs have shown relatively higher
domain average change in correlation (0.0178) and RMSE (0.0029 m3/
m®) than the other two forcing cases. These differences may vary from
station to station depending on the performance of DA at different lo-
cations as evident from the color variation in the plots. So the spatial
mean values of these metrics evaluated over the duration of observed
data may not indicate significant differences but their positive mean

Variable Perturbation Type Std. Deviation Cross Correlation
SwW Lw P NST
Met Forcings Shortwave Radiation (SW) Multiplicative 0.30 1.0 -0.3 —0.5 0.3
Longwave Radiation (LW) Additive 50.0 W.m 2 -0.3 1.0 0.5 0.6
Precipitation (P) Multiplicative 0.50 -0.5 0.5 1.0 -0.1
Near Surface Air Temperature (NST) Additive 1K 0.3 0.6 —0.1 1.0
LSM States Soil Moisture Layer 1 (SM1) Additive 0.006 m®>.m~3
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Fig. 2. Land Surface Model Simulation and Data Assimilation Methodology within Indian Land Data Assimilation System (ILDAS).

values show the overall improvement due to data assimilation. How-
ever, the distribution of correlation difference shows maximum positive
stations in the case of MERRA2.

Further evaluation and validation of the results are performed using
in situ soil moisture records of ISRO SAC and COSMOS. Fig. 5 shows the
correlation and unbiased RMSE (ubRMSE) of monthly mean soil mois-
ture obtained from the simulation cases evaluated for the 11 ISRO SAC
soil moisture stations from 2017 to 2020. For most of the stations, cor-
relations of DA estimates are either higher or almost equal to OL results,
except the stations of Hisar (29.15°N,75.68°E) and Hoshangabad
(22.77°N, 77.75°E), showing minimum correlation values in compari-
son with respective OL and DA simulation cases. In case of unbiased
RMSE, for all the forcing cases, unbiased RMSE values for OL cases are
higher or almost equal to the DA estimates. That means DA is showing
less ubRMSE than OL, indicating improved soil moisture results due to
DA.

Fig. 6 shows the scatter plots between LSM simulated monthly mean
soil moisture and the station soil moisture from 2017 to 2020, belonging
to 5 ISRO SAC soil moisture stations and corresponding regression
values for all the simulation cases. For almost all the stations the value of
regression coefficient (R%) is more in case of DA than the OL simulation
cases.

The assimilated outputs have been validated further with COSMOS
in-situ soil moisture data for the two stations (Singanallur and Mada-
halli). Fig. 7 shows the scatter plots between DA outputs with station soil
moisture along with the variation in correlation values for all the three
forcings. Most of the DA soil moisture estimates show a higher corre-
lation between the range of 0.8 to 1. For SGR station DA estimates give
relatively higher coefficient of determination (R?) than the MDH station.
Moreover, as evident from the slope of the regression line, IMD and
CHIRPS forced outputs are slightly overestimating soil moisture for the
SGR station.



A. Chakraborty et al.

Journal of Hydrology 638 (2024) 131581

MERRA2 CHIRPS
s
< 0.100
=
=
=3
(=]
]
=]
=
| 0.075
(]
Bt
&
10.050
@
<
)
=
=]
Q
3 0.025
z R
= &
£
g
=
£
0.000 &
<
5
Z i
=)
§ =
=} =3
2 002
=]
=
|
-
w
=]
A
0.050
= —0.075
=]
=}
B
2
=
=
~0.100

Fig. 3. Seasonal Impact of DA in terms of soil moisture difference (m®/m®) maps between DA and OL when forced with MERRAZ2, IMD & CHIRPS respectively for the
pre-monsoon season (a-c), monsoon season (d-f), post monsoon season (g-i) and winter season (j-1).

5.3. Impact of irrigation on assimilation scheme

Soil moisture plays an important role in deciding the irrigation re-
quirements of crops. Hence it is necessary to observe the influence of DA
over irrigated areas. To quantify the influence of assimilation over
irrigated areas, the soil moisture difference values have been compared
with the GMIA percentage irrigation fraction data (Fig. 8, b). Rabi
(winter) crop production in India is mainly dependent on irrigation
water, as during the winter cropping season, only a few areas of southern
India receive rainfall due to retreating monsoon. After comparing the
IMD soil moisture difference (DA-OL) map corresponding to winter
season (Fig. 8, a) with the GMIA irrigation fraction map for India, the
blue patches over the northwestern India covering the entire Gangetic
plains and Punjab, indicating higher positive soil moisture difference
values are found almost spatially consistent with the higher irrigation
fraction values.

To further check the signatures of irrigation from DA in terms of the
difference in soil moisture and precipitation, the difference in climato-
logical mean soil moisture between DA and OL of all the forcing cases
have been plotted as time series in Fig. 9 (a-e) for different irrigation
fractions along with IMD precipitation (bar plots). For simplicity of the

analysis, the irrigated regions of entire study domain have been classi-
fied into 5 classes, starting from O to 100 % with range of each class
being selected as 20 %. For all the irrigation fraction classes, the dif-
ferences in soil moisture between DA and OL are very small (in between
0 to —0.02) during the rainy season (JJAS, as highlighted with sky-blue
background), as already stated in Fig. 3. Interestingly even during the
dry winter season (DJF, highlighted with green background), all the
plots still show relatively higher soil moisture differences than other
seasons, which can be attributed to presence of irrigation during that dry
winter season. In fact, these higher values of soil moisture difference
between DA and OL are increasing with the increase in GMIA irrigation
fraction as evident from the increasing soil moisture axis labels range of
the respective five subplots in Fig. 9. This indicates that DA, with higher
values than OL during winter, is able to capture irrigation signals caused
by higher percentage area during winter.

This variation has been quantified separately for both the irrigated
and non-irrigated pixels obtained from the high resolution LGRIP
dataset (Fig. 10, a). The distribution of mean winter season soil moisture
difference between DA and OL is observed for the identified irrigated
cropland and non-cropland pixels (Fig. 10, b-c).

These box plots reveal that the soil moisture difference is more in
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case of IMD (0.0225 to 0.0275 m®/m?). Even the range of soil moisture estimates can be further stratified for irrigated and non-irrigated (rain-
difference is more in case of irrigated croplands. fed + noncropland) areas as per LGRIP data. For this purpose, the station
In terms of correlation difference, the improvement in soil moisture wise correlation difference between DA and OL estimates have been
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Fig. 6. Scatter plots between monthly mean simulated and observed station soil moisture from 2017 to 2020 for 5 ISRO SAC soil moisture stations.

interpolated using inverse distance weighted interpolation over the
irrigated and non-irrigated regions (Fig. 11).

Overall, for most of the station locations the DA scheme is improving
soil moisture estimates except few stations as evident from Fig. 4 (a-c)
also. But the variation and range of correlation differences is more in
irrigated areas (Fig. 11, a-c), than the non-irrigated regions (Fig. 11, d-f).
MERRA2 and IMD forced assimilation scheme show relatively higher
improvement over irrigated areas than CHIRPS. That means the assim-
ilation scheme employed here without CDF matching can capture irri-
gation signal and improves soil moisture estimates almost over the
entire domain. But optimal data assimilation assumes unbiasedness
between the model and the observed data. Hence, as per the current
study is concerned, the unbiasedness assumptions are violated across
irrigated areas. So, it has become necessary to observe the bias between
the modeled estimates and observation especially over the non-irrigated
areas. For this purpose, the bias in mean soil moisture and standard
deviation between modeled and SMAP observations have been plotted
for the non-irrigated areas where SMAP observations are available for
most of the time (Fig. 12).

Fig. 12 shows that the difference in mean soil moisture estimates
(Fig. 12, a-c) as well as standard deviation (Fig. 12, d-f) between OL and
SMAP are within the range of £+ 0.1. Although some variations can be
observed for both the cases, especially over Rajasthan region, eastern
and southern India, signifying that the regions are having some biases i.
e, not fully unbiased.

6. Discussion

Seasonal Analysis of soil moisture difference between assimilated
and model only estimates have shown the ability of assimilation scheme
to capture irrigation signal. Large scale evaluation and validation of
model outputs with respect to in situ dataset shows improvement of
most of the regions within the study domain. But it is important to note
that assimilating some other satellite data without correcting for bias
may not enhance estimation accuracy compared to bias corrected
methods in certain situations. In this study, SMAP retrievals are capable
of detecting the influence of irrigation and that information is then
delivered to the model through assimilation. As per the studies con-
ducted by Ahmad et al., (2022) and Kwon et al., (2022), Data assimi-
lation with CDF matching eliminates the spatial signature of irrigation
from the SMAP soil moisture retrievals. For further verification, another
study has been conducted considering the current study domain and
specifications where CDF matching is performed for correcting bias.
Considering the scope and length of this paper, the CDF matching results
have been included in the supplementary material. Here also CDF
matching simply excludes the biases due to irrigation (Fig. S1) and the
improvements in soil moisture estimates are relatively less than without
CDF matching case (Fig. S2). However, assimilating some other soil
moisture product without bias adjustment may reduce the assimilation
skill based on the presence of biases. Hence it is necessary to improve
model physics by parameterizing these unmodeled processes leading to
a better-performing model that can be utilized for correcting bias in
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7. Conclusions and future work

This study involved assimilation of the SMAP soil moisture obser-
vations into the Noah-MP land surface model within the Indian Land
Data Assimilation System (ILDAS) to observe the spatiotemporal varia-
tion in soil moisture estimates due to DA across the Indian subcontinent.
Precipitation boundary conditions were provided by the MERRA2, IMD
gridded precipitation, and CHIRPS precipitation dataset. SMAP retrieval

12

g. 11. Spatially Interpolated correlation difference maps for irrigated (a-c) and non-irrigated (d-f) regions.

assimilation was implemented using Ensemble Kalman Filter (EnKF)
method. The purpose of the study was to assess the efficacy of data
assimilation in improving estimations of soil moisture and capturing
irrigation signals through the detection of moist soil caused by irrigation
in dry natural environments. The conclusions can be summarized as
follows:

e The impact of data assimilation is significant during post monsoon
and winter seasons showing higher standard deviations than Pre-
monsoon and monsoon season. During the winter season, DA leads
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to higher values of soil moisture than OL especially over northern
India covering the Gangetic plain.

DA simulations using IMD forcing exhibited the highest spatial mean
improvement and increased the mean spatial correlation by 0.0178
and reduced RMSE by 0.0029 when compared with in-situ soil
moisture data across the ILDAS domain. Noah MP Model forced by
IMD precipitation and overlain with MERRA2 was found to be the
best combination for soil moisture estimation.

DA led to higher soil moisture values than open loop estimates
during dry winter season. Higher values of difference in soil moisture
between DA and OL estimates are observed over the irrigated crop-
land regions identified from the GMIA irrigation fraction data and
high-resolution Landsat derived cropland data. In fact, the spatial
variability in improvement is more over irrigated areas than the non-
irrigated areas.

Thus, SMAP data assimilation has the potential to improve soil
moisture estimation compared to open-loop simulation, and significant
impact has been observed over the highly irrigated regions in India as
per the GMIA map. Further, the model is found capable of detecting the
spatial signature of irrigation in terms of relatively elevated soil mois-
ture levels than open loop estimated soil moisture. This is the first study
using Indian Land Data Assimilation System (ILDAS), where a coherent
soil moisture data assimilation framework has been developed over
entire India, validated extensively using a hitherto-unused soil moisture
station network, and used to successfully demonstrate improved soil
moisture estimation as well as an inverse approach to infer irrigation
spatial patterns over the region. In the future, we will investigate the
impact of different observation rescaling approaches and bias correction
methods. The developed ILDAS system will lead to better assessment of
hydrological extremes (flood, drought etc.) and also serve as a test-bed
for assimilating soil moisture products from the upcoming NASA-ISRO
Synthetic Aperture Radar (NISAR) mission.
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