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Abstract

The land surface temperature (LT) is a crucial variable that governs the energy

and radiation budget of the earth's atmosphere and influences land-

atmosphere interactions. The LT plays a crucial role mainly in the short-range

forecast of a numerical weather prediction (NWP) model. The primary

research goal in this research work undertaken is to assess the impact of assim-

ilation of LT data from the Indian satellite (INSAT-3D) into the NCMRWF

global NWP model (NCUM) through a simplified Extended Kalman Filter

(sEKF) land data assimilation system (LDAS), particularly important as there

are few screen-level observations over the region. A dedicated stand-alone pre-

processing system has been designed to prepare LT observations in a compati-

ble format for the land surface assimilation system. The approach for LT data

assimilation from the INSAT-3D satellite reduces the uncertainty associated

with the initial state of LT analysis while simultaneously improving the accu-

racy of forecasts of near surface atmospheric variables. An observing system

experiment (OSE) was carried out during both the summer (May) and winter

(February) months by assimilating the INSAT-3D LT data in a coupled land-

atmosphere analysis-forecast system. The results obtained from the OSE dem-

onstrate that the use of INSAT-3D LT data improves the forecast skill of both

maximum and minimum temperature over India, particularly in areas charac-

terized by higher LT variability. The improvement is pronounced in forecasts

of maximum (minimum) temperature during “Boreal” summer (“Boreal”
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winter) season. The verification scores also indicate that the incorporation of

INSAT LT data substantially improves the NCUM model's forecast perfor-

mance. By assimilating LT, the mean error of maximum and minimum tem-

perature forecasts in India was decreased, accompanied by enhanced forecast

accuracy within a time frame of approximately 24 h. The scores for the verifica-

tion measures, specifically the Probability of Detection (POD), demonstrate a

�15% improvement in both the forecasts for maximum and minimum temper-

atures. This improves the temperature prediction as well as the ability to fore-

cast intense weather episodes like cold spells and heat waves.
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1 | INTRODUCTION

According to the 21st Conference of the Parties (COP21)
of the United Nations Framework Convention on Cli-
mate Change (UNFCCC), climate change is primarily
responsible for increased temperatures, melting of sea ice
and ice sheets, changes in precipitation, increase in the
intensity, and frequency of extreme weather events such
as droughts, heat waves, tropical cyclones, and floods etc.
Among the South Asia countries, India is on the forefront
of adverse effects of extreme weather events due to its
vast geography. Among all these extreme weather events,
the focus on accurate forecast of intensity and duration of
heat waves has gained momentum in context of global
warming scenario (Pandey et al., 2022). India generally
experiences severe and long-lasting heat waves during
the months of April to early July. The months of April to
July also see the highest temperatures over India. During
the months of April to June, ridge or anticyclonic circula-
tion forms in the lower-middle tropospheric levels over
north-west India and surrounding areas during heat
wave events. As a result, there is subsidence of the air
leading to rise in surface air temperatures, which advects
heat eastwards. Hence, accurate and advance forecasts of
heat wave events are necessary for developing effective
mitigation strategies. The generation of accurate analysis
and forecasts of land surface temperature (LT) is neces-
sary for this task. LT has been considered as one of the
high-priority parameters of the International Geosphere-
Biosphere Programme (Sharifnezhadazizi et al., 2019).
The LT is a crucial land surface variable that has been
officially recognized as a major variable from the 55 cru-
cial climatic parameters by the global climatic observing
system (GCOS) and the World Meteorological Organisa-
tion (WMO), which is important in numerous fields,
including hydrology, agriculture, identification of urban

heat islands, research on climate change, ecological and
biogeochemical studies, and more. The accessibility of
surface variables like LT, soil moisture (SM), soil temper-
ature (ST), and surface heat fluxes from in-situ observa-
tions is difficult, costly, and is very limited across the
globe particularly over Indian region (Candy et al., 2017;
Kumar et al., 2017; Lu et al., 2017). Consequently, signifi-
cant efforts have been made in recent years to assimilate
the land surface data obtained from satellite products,
which offers extensive spacio-temporal coverage (Kumar
et al., 2022; Sgoff et al., 2020; Singh et al., 2016; Trigo
et al., 2008). The geostationary satellites measure with
high temporal resolution and are thus able to capture the
full diurnal variability of the LT, which is not possible in
the case of polar orbit satellites (Li et al., 2012; Singh
et al., 2016).

Several studies have demonstrated that assimilating
land surface observations (such as 2 m temperature, 2 m
humidity, satellite SM, LT, snow depth etc.) into weather
models has a positive impact on weather forecasts owing
to the influence of land surface processes on the parti-
tioning of energy, mass, and momentum fluxes between
the land surface and the atmosphere (Boussetta
et al., 2015; Ek & Holtslag, 2004; Halder et al., 2018;
Koster et al., 2010; Lodh, 2020; Reichle et al., 2010;
Seneviratne et al., 2013). SM, ST, and LT are important
land surface variables over Indian subcontinent for the
partitioning of the total energy between latent and sensi-
ble heat fluxes, which can influence, trigger precipitation
(extreme temperatures and heat wave events) over weak
synoptic forcings (Lodh et al., 2019, 2022; Routray
et al., 2023). Thus, accurate analyses and realistic initiali-
zation of land surface variables (SM, snow cover, and LT)
hold significance for short- to medium-range weather
forecasts of land surface and atmospheric variables
(Bakketun et al., 2023; Benjamin et al., 2022; de Rosnay
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et al., 2011, 2014; Lodh et al., 2022; Sgoff et al., 2020).
The LT's initialization has important implications for crit-
ical processes like turbulent mixing in planetary bound-
ary layer (PBL), where the frictional forces generated
from vegetation and topography produces eddies. As a
result, LT data assimilation producing lower boundary
analyses, which is important for the numerical model's
ability to simulate the dynamics between the surface
parameters viz. SM, LT, and PBL, resulting in more accu-
rate forecasts near surface variables and weather patterns
(Koster & Suarez, 2003).

The difference between the LT (referred to as surface
temperature which is temperature at top few molecules
of the Earth's surface in contact with the soil/ground)
and the near surface temperature (typically measured at
a height of 2m from surface) is of paramount importance
in regulating the transfer of moisture, heat, and momen-
tum fluxes between the land and the atmospheric bound-
ary layer (Stull, 2017). The LT is mainly a product of
albedo, vegetation cover, and SM, whereas ST is the tem-
perature of the first few centimeters of the soil approxi-
mately 0–7 cm, where surface is zero centimeter. In a
land surface model, ST is set at the middle of each layer,
and heat transfer is calculated at the interfaces between
them. Moreover, skin temperature represents the temper-
ature of the uppermost infinitesimally thin surface layer
(land or water) at radiative equilibrium, which has no
heat capacity and can respond instantaneously to
changes in surface fluxes. It is a theoretical temperature
that is required to satisfy the surface energy balance and
is calculated differently over land and sea (Muñoz-
Sabater et al., 2021). In a land surface model, 2m temper-
ature (temperature of air at 2m above surface of land, sea
or in-land waters) is calculated by interpolating between
the lowest model level and the Earth's surface, taking
account of the atmospheric conditions (ECMWF, 2024).
Despite the complex interaction between the top of the
surface layer and bottom of the atmospheric boundary
layer where turbulent mixing is important, the processes
between these two layers are intricately intertwined.
Thus, LT plays an important role in modulating the
exchange of energy and moisture flux within the atmo-
spheric boundary layer (Aires et al., 2004; Sgoff
et al., 2020; Singh et al., 2016). Hence, the primary
sources of LT are factors that are in close proximity to the
earth's surface, such as the communication among SM,
ST, atmospheric temperature above the surface, incoming
radiation, and vegetation cycle principally leaf area index
and surface albedo. The data assimilation of these land
surface variables viz. SM, ST, leaf area index, and surface
albedo also exhibit a positive influence on forecast of
boundary layer humidity, temperature, and convective
scale precipitation (Candy, 2014; Capecchi &

Brocca, 2014; Dharssi et al., 2011, 2015; Lodh
et al., 2022). The interplay between these energy and
moisture fluxes and land surface variables exerts a sub-
stantial impact on atmospheric circulation patterns,
subsequently leading to significant repercussions on
weather and climate conditions at both regional and
global scales. Therefore, it is imperative to accurately pre-
scribe the initial and boundary conditions, specifically LT
and SM, within a numerical weather prediction (NWP)
model. In recent years, there have been several endeav-
ours to assimilate LT satellite retrievals into a land sur-
face scheme coupled with an NWP model. The
improvement of forecast skill and enhancement of the
model's forecats can be achieved through the utilization
of ensemble or simplified Extended Kalman Filter
(sEKF)-based Land Data Assimilation (LDA) methods
(Aires et al., 2004; Han et al., 2013; Liu et al., 2013; Singh
et al., 2016). Studies like Huang et al., 2008; Sgoff
et al., 2020, assimilated leaf area index (LAI), and syn-
thetic satellite LT retrievals into a land-atmosphere NWP
model, which resulted in an enhanced representation of
ST profiles. All the aforementioned studies provide con-
vincing evidence that the incorporation of LT is of utmost
importance in improving the atmospheric boundary layer
processes and has a positive influence on forecasting of
surface variables like SM, ST, LT, and 2 m temperature
(Candy et al., 2017; Ghent et al., 2010; Han et al., 2013;
Reichle et al., 2010). Simultaneously, it exerts an influ-
ence on atmospheric variables via transfer mechanisms
by enhancing the soil conditions in the NWP model. The
initialization of atmospheric NWP models with accurate
land surface state coupled with land surface/vegetation
models is a key step towards developing a coupled LDA
system capable of exploiting current and future satellite
observations.

The LT retrievals from the Indian satellite, INSAT-3D
imager are continuously derived over the Indian subcon-
tinent. However, there have been a few studies conducted
to evaluate the assimilation of INSAT-3D derived LT
(L2) data over the Indian region using a sophisticated
Land Data Assimilation System (LDAS). Singh et al.
(2016) conducted a study in which they included the LT
data obtained from INSAT-3D into the Weather Research
and Forecasting (WRFv3.4) mesoscale model. This was
achieved by utilizing a 3D variational (3DVAR) tech-
nique. The major limitation of the cited study is that the
LT observation assimilated as an atmospheric variable
(2 m surface air temperature) through 3DVAR assimila-
tion technique, which is not an appropriate methodology
to assimilate the LT observation without using of LDAS.
This is because we need a land surface model to properly
represent the exchange of fluxes between the surface top
and near surface atmosphere that influences the
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atmospheric processes within the boundary layer. The
efficacy of the land surface model, in conjunction with
the LDAS, in accurately representing land surface pro-
cesses and facilitating land-atmosphere feedback widely
acknowledged in the studies (Balsamo et al., 2007;
Duerinckx et al., 2015; Hamdi et al., 2014; Lodh
et al., 2022; Parada & Liang, 2008; Routray et al., 2023).
Nevertheless, despite the limitation, the findings of
Balsamo et al., 2007, Singh et al., 2016 suggest that incor-
porating LT observations into the modelling system
yields a favourable effect on the weather forecast, regard-
less of whether the LT observation is utilized as a substi-
tute for air temperature in the 3DVAR technique.

Land data assimilation is a cross-disciplinary science
to bring together computer simulations and real-world
surface data in a synergistic manner. The process of land
DA involves integrating a priori knowledge of the state,
often derived from the short forecast of model, with land
surface observations and their corresponding error char-
acterizations, to ascertain the most accurate estimation of
the lower boundary condition for the model state. In
recent times, there has been a growing adaptation of Kal-
man filter-based assimilation systems in LDAS coupled
with NWP models (Fisher et al., 2005). Kalman filters are
used in LDA for their ability to optimally combine model
background state with real-time observations (even when
measurements are noisy and unavailable), handle uncer-
tainties, non-linear processes, and sequentially update
the state of the land model. Thus, Kalman filter-based
optimal and sequential LDAS approach aims to incorpo-
rate surface observations and atmospheric forcings lead-
ing to significant improvements in model analyses and
forecasts (Candy et al., 2017; Lodh et al., 2022; Routray
et al., 2023; Sgoff et al., 2020). Hence, it is imperative to
incorporate the LT data obtained from INSAT-3D into a
LDAS that utilizes advanced techniques to enhance the
predictive accuracy or forecast performance of the model
in simulating weather phenomenon.

The main objective of the present study is to explore
and evaluate the impact of assimilation of LT retrievals
obtained from INSAT-3D in the sEKF-based LDAS on
weather forecasts (related to maximum and minimum
temperature) over Indian region. The present research
work is a first study to assess the impact of assimilation
of LT retrievals from INSAT-3D through sEKF-based
LDAS on simulation of extreme weather events over
Indian region, where few screen level observations are
available. National Centre for Medium Range Weather
Forecasting (NCMRWF), India, has adopted the
sEKF-based LDAS, from the UK Met Office for SM analy-
sis (Lodh et al., 2016, 2022; Routray et al., 2023). This
LDAS is now considered for assimilating INSAT-3D LT
satellite observations along with ASCAT SM data into the

global (referred to as NCUM) forecast model. Accurate
LT initialization plays a major role in the predictive
capacity of any NWP system due to its substantial impact
on the exchanges of sensible and latent heat flux through
the land surface model (Candy et al., 2017; Lodh
et al., 2019). It is important to mention here that LT has a
very short “memory” or limited heat capacity in most
land surface models, so it has a very minimal impact on
NWP forecasts. However, in this research work, the LT
observations are assimilated along with the being used to
update the states of the SM, ST, and skin temperature.
Hence, the forecast changes caused by assimilating LT
will come from the analysis updates to the SM and ST,
not from the LT itself. This forms an important motiva-
tion for the study. This research paper will outline our
attempts to assimilate the LT data obtained from INSAT-
3D satellite and assess its efficacy in predicting maximum
and minimum near surface temperatures across India. To
fulfil this main objective, we have two sub-objectives in
this study. Initially, a pre-processing procedure was
developed to prepare the INSAT-3D LT observations
(quality controlled) in a gridded format for assimilation.
Secondly, this study aims to examine the impact of inte-
grating pre-processed INSAT-3D LT measurements into
the global model using a sEKF-based LDAS for a long
period by studying various weather patterns over Indian
region. The paper is arranged as follows. Section 2 pro-
vides a comprehensive account of the INSAT-3D LT and
its associated pre-processing procedure. Section 3 docu-
ments the sEKF-based LDA method. Section 4 presents
the results and discussion part, and lastly, Section 5 states
the final conclusions of the present research along with
potential avenues for further investigation.

2 | INSAT-3D LAND SURFACE
TEMPERATURE

The INSAT-3D satellite was deployed in 2013 from
French Guyana, with an aim to monitor the earth's sur-
face and measure vertical profiles of atmospheric temper-
ature and humidity (Mitra, 2014). The INSAT-3D satellite
(orbital position is situated at 82� E) has three payloads:
Meteorological – Imager and Sounder, Data relay Tran-
sponder, and satellite-aided search and Rescue. The
meteorological payload, INSAT-3D, imager provides
imaging capability of the earth's disc at six channels in
0.65, 1.7, 3.9, 6.8, 10.8, and 11.9 μm bands (Singh
et al., 2016) with a telescope aperture of 310 mm diame-
ter. The imager's 10.8 μm (TIR1) and 11.9 μm channels
(TIR2) are situated in the infrared window, having a
ground resolution of 4 km x 4 km at the sub-satellite
point. Here, TIR stands for Thermal Infrared Retrievals.
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The INSAT-3D satellite is equipped with a very precise
radiometer, improved spatial resolution of 4 km (Singh
et al., 2016), and an increased number of spectral
channels in the split-window mode compared with its
predecessors, namely INSAT-3A and Kalpana-1. The
INSAT-3D imager offers enhanced spatial resolution for
meteorological observations at 30-minute intervals and
covers six different wavelengths (Singh et al., 2016). The
imager monitors land and ocean conditions for weather
forecasting and disaster warning systems from a geosta-
tionary altitude. Additionally, there is a solitary channel
in the visible region. The retrieval of LT measurements
over Indian region is done by utilizing the INSAT-3D
Imager TIR satellite images and employing a split-
window algorithm (Pandya, Shah, Trivedi, &
Panigrahy, 2011; Pandya, Shah, Trivedi, Panigrahy, Pari-
har, & Kirankumar, 2011) utilizing the 10.8 and 11.9 μm
imager window channels for the retrieval process.
Satellite-based TIR data is directly linked to the LT
through the radiative transfer equation (Li et al., 2013).
The superiority of TIR retrievals over microwave
retrievals for LT is acknowledged in the literature (Singh
et al., 2016). A physics-based modified split-window algo-
rithm incorporating the view zenith angle dependency is
developed to retrieve LT at Space Applications Centre,
ISRO, Ahmadabad, India. The split-window algorithm
uses sensor-specific split-window coefficients simulated
by a radiative transfer model-MODTRAN.

Although surface air temperature data are regularly
collected by national meteorological centers around the
world, dense in-situ observations of LT are not widely
available over India. Therefore, it is not feasible to initial-
ize high-resolution NWP models with sparsely distributed
in-situ LT data, with simple interpolation approaches to
the model grid point. Remote sensing techniques provide
potential for land surface measurements. The LT observa-
tions are useful input to various models related to soil
hydrology, thermodynamics, agrometeorology, ecology,
and boundary layer atmospheric processes. Thus, the LT
observation from INSAT-3D satellite is crucial for
research in NWP and land surface processes over India.
Furthermore, enhancing the prediction capability of the
NWP models relies on better physics along with better
observations for both land surface and atmospheric anal-
ysis. Hence, in order to reduce the inaccuracies in LT
analysis and forecasts, it is essential to incorporate the
assimilation of LT observations from satellites over India.
These satellite data can be readily accessed from the
Meteorological and Oceanographic Satellite Data Archi-
val Centre (MOSDAC), which is an online data repository
managed by the Space Application Centre, Ahmadabad,
Indian Space Research Organisation (ISRO), India. The
INSAT-3D LT data can be downloaded from: https://

www.mosdac.gov.in/. Thus, the scarcity of LT and ST
observations for assimilation over India is solved by the
satellite-retrieved INSAT-3D LT product from ISRO. Fol-
lowing the sEKF process of LT LDA, the NWP model will
adjust its ST with respect to LT through Jacobians, result-
ing in a reduction of their differences with the observed
surface temperature.

3 | REGIONAL LDAS AND
UTILIZATION OF LTs

3.1 | Overview of simplified Extended
Kalman Filter (sEKF)-based LDAS

For the initialization of the forecast model (NCUM),
NCMRWF has employed real-time atmospheric analyses
(6 hourly intervals) based on the hybrid 4DVAR tech-
nique and SM analyses based on sEKF algorithm-based
LDAS (Lodh et al., 2016, 2022; Routray et al., 2023). Sev-
eral prominent NWP research centers, such as ECMWF,
Meteo France, and UK Met Office, have employed similar
sEKF approach-based LDAS to assimilate surface synop-
tic observations (SYNOP) of screen level temperature and
humidity along with satellite-retrieved observations of
SM (ASCAT) to generate a precise initial state or analysis
of land surface variables (Albergel et al., 2017; Candy
et al., 2017; de Rosnay et al., 2013, 2014, 2022; Drusch
et al., 2009; Duerinckx et al., 2015, 2017; Fairbairn
et al., 2017; G�omez et al., 2020; Lodh et al., 2022;
Mahfouf et al., 2009). The revised surface Hydrology
Tiled ECMWF Scheme for Surface Exchanges over Land
(H-TESSEL) land surface scheme implemented at
ECMWF incorporates soil hydrology and land surface
dynamics (Balsamo et al., 2009). The land component of
the Met Office NWP system is based on the JULES land
surface model (Best et al., 2011; Clark et al., 2011). It
divides land use into four non-vegetated types (urban
areas, inland water, bare soil, and land ice) and five vege-
tation types (broadleaf trees, needle leaf trees, temperate
(C3) grass, tropical (C4) grass, and shrubs). The Interna-
tional Geosphere-Biosphere Programme (IGBP) provides
a global land use data set from which the fraction of each
of these kinds at each land grid point is mapped in
NCUM. In a similar fashion to UK Met Office at
NCMRWF, the offline LDAS based on sEKF and Joint
UK Land Environment Simulator (JULES) land surface
model has been implemented over the Indian region
(Lodh et al., 2016, 2019, 2022; Routray et al., 2023) for
the NCUM model for generation of SM and LT analysis.
The sEKF-based SM or LT analysis generated is a point-
wise one-dimensional data assimilation scheme (Albergel
et al., 2017; Duerinckx et al., 2015; Fairbairn et al., 2017;
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G�omez et al., 2020; Mahfouf et al., 2009; Parrens
et al., 2014). Initial values of the SM background error in
sEKF-based LDAS shows similar sized analysis incre-
ments at the top-most soil level and larger increments at
deeper layers, when compared to the nudging scheme
and/or optimal interpolation (Lodh et al., 2022). The
strategy implemented in this study for the generation of
LT analysis is a one-dimensional system that functions
independently at each soil column of the JULES land sur-
face model, utilizing a weakly coupled sEKF-based data
assimilation technique between the land and atmosphere
(G�omez et al., 2020). The soil column inside the JULES
land surface model is partitioned into four layers, each
characterized by thicknesses of 0.1, 0.25, 0.65, and
2 metres, respectively, starting from the surface
and extending to the bottom (i.e. 3 m depth in total), and
SM is calculated based on Richard's equation. The
updated equation of SM content in each layer is given by
water balance equation. The vertical fluxes of water
within the soil layers follows Darcy's law, which relates
the water flux to the hydraulic conductivity and gradient
of water content with depth or soil water suction (Best
et al., 2011). The soil processes that control the hydraulic
linkages between soil conductivity and soil suction are
explained by the Van Genuchten equations (Van
Genuchten, 1980; Walters et al., 2019). Soil texture map
is from three separate sources, Harmonised World Soil
Database, State soil geographic database and point obser-
vations of soil sand, silt and clay fractions (Dharssi et al,
2011). The soil-thermodynamics is illustrated through the
exchange of heat through diffusion among the soil layers,
as well as the advection of heat between these layers via
moisture fluxes (Dharssi et al., 2011, 2015). The analysis
increment in LT or SM is applied (Bouttier &
Courtier, 2002) to each layer of the soil by using the fol-
lowing mathematical equations:

xa ¼ xbþK y�H xb
� �� �

, ð1Þ

Δx¼K y�H xb
� �� �

:

The equation (1) says that the analysis (LT or SM) is
obtained by adding to the first-guess (background) the
innovation multiplied by K, Kalman gain matrix
(Kalnay, 2002). The symbols used in equation (1)
denotes: xa as analysis vector that contains four layers of
SM, ST at each layer, and LT. Further, y represents the
observation vector (for screen level humidity, screen level
temperature, SM observation, and LT observation). The
xb denotes the background fields (model surface tempera-
ture, ST, SM) are derived from the short forecast of the
previous cycle of NCUM model valid at analysis time.

The atmospheric forcing data for the offline JULES land
surface model (M) used (precipitation, surface longwave
wave and short-wave radiation, air temperature, humid-
ity, wind speed, and surface pressure) are obtained from
short-range forecasts of the atmospheric model with the
assimilation window. Atmospheric forcing of air temper-
ature and humidity are applied at a height higher than
the screen level (10 m). This allows the sEKF LDAS to
also assimilate observations of screen level temperature
and humidity. H represents the non-linear observation
operator which performs the conversion from model
space to observation space and vice versa. H does not
evolve in time and is ideally a diagnostic block of the
land surface model, whereas H(xb) represents model
equivalent in observation space and is output from the
unperturbed JULES forecast (Dharssi, 2010). The
K Kalman gain matrix (Equation 2) specifies the contri-
bution of each observation to update the model parame-
ters and is computed from the observation and
background error covariances and the Jacobians (partial
differentials or sensitivities).

K¼BHT HBHTþR
� ��1

, ð2Þ

where B and R denote the background and observation
error covariance matrices characterizing the forecast and
observation vectors. The observation operator in the
sEKF system, denoted as H (and its transpose HT), is
the Jacobian matrix: linearized version of the observation
operator H. H is obtained using a finite difference
approach, individually perturbing each component xj of
the initial model state x at time t0 by a small amount δxj
(perturbation). The Jacobian (H) is expressed as the dif-
ference of the prognostic states between perturbed and
control run at the end of the assimilation interval at time
ti, divided by the initial perturbation:

H¼H xþδxj
� ��H xð Þ

δxj
: ð3Þ

Thus, linearizing the observation operator is accom-
plished through linearizing the model around the non-
linear trajectory between two consecutive time steps and
is obtained by performing a Taylor series expansion of H.
The calculation of H involves estimating of its Jacobians
(H) by perturbation forecasts of an offline JULES model
run that transforms the model states to the observation
space. Therefore, in simple terms, the H matrix estab-
lishes the connection between the observations (in our
study INSAT-3D LT) and the analysis vector. In other
words, H is an important parameter that provides a
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linkage between the model and observed variables
(e.g. SM, LT) that we want to estimate within the soil
layers. Thus, the Jacobians are first order partial deriva-
tives that describe the link between the observations and
the analyses variables and are computed via finite differ-
ences of JULES perturbation runs. Jacobians of ST (com-
puted via Jules perturbation run) link the observations
and model analysis vector of ST (all four layers), skin
temperature with the assimilation window. The LT data
assimilation using the sEKF is conducted within every
analysis cycle to ensure that the observations update the
background (i.e. prevailing land surface condition) at
every grid point. In an ideal Extended Kalman Filter
(EKF)-based LDAS, the system incorporates and
advances the land model's background (B) and forecast
error covariances through perturbation runs, by utilizing
the offline land surface scheme. The equation for evolv-
ing B background error covariance matrix at the initial
state is given by:

B¼M:A:MT þQ, ð4Þ

where B is matrix of error covariances at initial state
(flow-dependent in ideal EKF), M is the model, non-
linear operator which evolves the state vector in time.
This is generally the prognostic block of the land surface
model. The Jacobians of the tangent linear of JULES (M)
is calculated using finite difference.

M¼M xþδxj
� ��M xð Þ

δxj
, ð5Þ

A¼ I –K:Hð Þ:B, ð6Þ

where M xð Þ is a JULES unperturbed forecast using initial
state x and M xþδxj

� �
is a JULES forecast from the rele-

vant perturbed run. A is the matrix of the analysis error
covariances, I is unit matrix, and Q is the matrix of the
internal model error covariances. In contrast to the EKF,
the static B and the R matrixes are a distinguishing char-
acteristic of the sEKF, as calculation of B matrix is unsta-
ble (Kourzeneva, 2014). In sEKF, the diagonal
components of B matrix consist of error covariances of
the initial state and R matrix consist of observational
error variances (de Rosnay et al., 2013, 2014; Mahfouf
et al., 2009; Mahfouf et al., 2009). Also, it is not clear how
to specify the model error matrix Q (see equation 4) in
the sEKF and thus not easy to cycle the background error
covariance matrix B. The utilization of a static B matrix
commonly refers to simplified EKF, that is, sEKF
algorithm-based LDAS. But the cost of simplification is
improper representation of physics. There is almost no

response of T2m(t) to Ts (0) due to short memory of tem-
perature, but strong response of T2m(t) to Ts(t) [refer to
Figure 1a]. The JULES model temperature at 2m is cal-
culated using similarity functions (Walters et al., 2019).
For each grid-point analysis and typical assimilation
cycle in the CTL and INSAT experiments, the analysis
vector (xa) contains the following soil field:

xa ¼ SM from level1 to level4,ST from level1 to level4,LT½ �:

So, the size of analysis vector is nine. The observa-
tions screen level temperature, humidity, ASCAT SM,
and INSAT LT are utilized in the assimilation cycle.
Thus, the dimension of observation vector is four. It is
commonly assumed that observations are uncorrelated in
error, specifically at every grid point. As a result, the
R matrix, which represents the covariance structure of
the observations, is considered to be diagonal. The
B matrix is constructed from background errors.
The advantages of the sEKF over other LDA methods like
optimum interpolation are the dynamically calculated
gain coefficients, which makes it easier to include new
observation types. In our study, the perturbations for the
sEKF are created by offline JULESv5.1 model runs.
The number of perturbed model runs is equal to the
number of analysis variables. In the sEKF, analysis of SM
and ST using the JULES model at 4 soil layers requires a
total of 9 ensemble integrations of the offline JULES
model (perturbed runs) along with an unperturbed run
to calculate the Jacobians of the observation operator.
Each element within the set H holds the sensitivity of the
observation with respect to the analysis vector (G�omez
et al., 2020). The atmospheric forcing data necessary for
conducting the offline JULES model simulation in the
LDAS are acquired from the NCUM short-term forecast.
It is important to mention that the sEKF algorithm works
on independent land columns of the JULES model in the
vertical with uncorrelated errors (Duerinckx et al., 2017).
The studies conducted by Lodh et al. (2022) and Routray
et al. (2023) provide a comprehensive description of the
individual components of the Jacobian matrix and the
assimilation process of the SM data obtained from
ASCAT. Table 1 presents the observation and back-
ground errors as well as the perturbation values
employed in the sEKF. Those parameters are utilized to
create B and R that are supposed to be diagonal matrices.

3.2 | Inclusion of INSAT-3D LTs

LT is an important variable for land surface processes
and weather prediction. The pre-processing of INSAT-3D
LT data is a crucial step in its use within the sEKF-based
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LDAS framework, as discussed in Lodh et al. (2019). The
efficacy of LT in LDAS research is constrained by
the short memory, often on the range of very few
minutes, attributable to its relatively low heat retention
capacity (Houser et al., 2010). Level-2 LT observations
from INSAT-3D are available at 30-min intervals from

the ISRO's Meteorological and Oceanographic Satellite
Data Archival Centre (MOSDAC) repository at https://
www.mosdac.gov.in (Singh et al., 2016). These data are
accessible in the HDF5 (Hierarchical Data Format) and
gif format. To facilitate compatibility with the surface
processing system (SURF) programmes of the LDAS, a

FIGURE 1 (a) Diagram showing

difference between Extended Kalman

Filter (EKF) and simplified Extended

Kalman Filter (sEKF). (b) Flowchart

of the INSAT LT data assimilation

after pre-processing.
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stand-alone proprietary Python software has been devel-
oped at NCMRWF to convert the LT data from HDF5 to
NetCDF format. This conversion step ensures compatibility
between the satellite observations and the processing sys-
tem. The spatial dimensions of the INSAT-3D LT data are
represented by the GeoX and GeoY values. The GeoX
values span from 1000 to 1800, whereas the GeoY values
vary from 530 to 1350. The pixel (GeoX) and scan (GeoY)
directions for the TIR1 and TIR2 channels of the L2B prod-
ucts are determined by these values. A Python utility pro-
gram is written to process the INSAT-3D LT data, including
extraction of the GeoX and GeoY values mentioned above.
The detail about the pre-processing technique applied for
raw LT data obtained from the MOSDAC, ISRO, is
described in the technical report published by Lodh et al.
(2019). The aim of the LT pre-processing is to create a
quality-controlled (QC) gridded data set covering the Indian
landmass. It is essential to read the LT observations avail-
able in the assimilation window (±30 min centered on anal-
ysis time) as well as subsequent LT from model forecast
and cloud cover (i.e. available 1hrly frequency). This is
because LT has a very short memory. The LT observations
need to pass through various types of QC checks
(Figure S1) and be discarded (Candy, 2013; Candy
et al., 2017) if any of the following conditions are true:

a. Data are placed over ocean, sea, and mountain.
b. Reject observations if model cloud fraction is more

than 0.2.
c. Snow cover stacked at observation location. The

threshold value for snow not exceeding 0.05 kg m�2.
d. Maximum allowed orography is 2000 m, and LT

values are within the range of 250–350 K.

e. Gross error of observation excess of 50% by comparing
the model forecast LT using the Bayesian theory
(Lorenc & Hammon, 1988) that test removes the cloud
contaminated observations.

Figure 1b illustrates the workflow of the sEKF-based
LDAS, demonstrating the assimilation of INSAT-3D LT
within the global NCUM modelling system. Computing
the Jacobians provides the link between the INSAT-3D LT
observations and the soil levels of the JULES model. After
this, the “sEKF pre-processor” will generate the quality-
controlled gridded LT (O-B) innovations on the model grid
(See equation 1). To compute the innovation, the back-
ground LT field consistent to the observation time is used
(the time interval is 30 minutes within the assimilation
cycle). After pre-processing of LT, gridded observation,
innovation, and other statistics are produced, which is an
input to the next step for sEKF-based LDAS. In
Figure 2a,b, show the typical distribution of INSAT-3D LT
observations, valid at 12UTC on May 2, 2018, and February
2, 2019, respectively, which are used in the LDAS assimila-
tion cycle. Figure 2c,d shows the zoomed LT observations
over the Indian domain. The INSAT-3D LT observations
are extracted and assimilated within the LDAS along with
the model's background fields, within the assimilation win-
dow (±30 min). Subsequently, QC tests are applied to the
satellite LT observations and converted into a gridded for-
mat compatible with the model grid, capturing the average
LT value per grid point, LT innovation, and LT-associated
uncertainty. The LT uncertainty for INSAT-3D is fixed at
3.5 K. The observation error is 2 K, used in Bayesian calcu-
lation to run the LT pre-processing algorithm (Lodh
et al., 2019). The gridded LT observations, obtained after
undergoing pre-processing and QC checks are used as sur-
face initial condition for ST for each soil layer and skin
temperature. Figure 3a,b represents the mean LT analysis
and analysis increment (Analysis-Background, i.e. A-B) in
a gridded format after LDAS from a typical DA cycle
12UTC, 20,180,501. Figure S2a,b shows the mean of
ASCAT SM observations and SM innovations in gridded
format after pre-processing of ASCAT observations, for a
typical data assimilation cycle of INSAT experiment.
Figure S3a,b shows the mean of INSAT-3D surface temper-
ature observations and LT innovations in gridded format
over the global domain, after pre-processing of INSAT-3D
observations, for a typical data assimilation cycle of INSAT
experiment. Figure 3c shows the total number of
observations assimilated before and after QC in the pre-
processing of observations (±30 min assimilation window)
during the period 00UTC 20180501 to 18UTC 20180507. It
is essential to mention here, in CTL experiment, the
gridded SM observations (from ASCAT) are used in the
sEKF-based LDAS to obtain SM initial condition.

TABLE 1 Observation Error (OE), Background Error (BE), and

Perturbations used in sEKF LDAS for INSAT-3D LT assimilation.

Parameters Value

BE: Soil moisture level 1 0.04 m3 m�3

BE: Soil moisture levels 2–4 0.026 m3 m�3

BE: Soil temperature 2.0 K

BE: Skin temperature 2.0 K

OE: Screen humidity 0.0009 g/g

OE: Screen temperature 2.0 K

OE: ASCAT soil moisture 0.035 m3 m�3

OE: Near surface temperature (INSAT LT) 2.0 K

OE: Screen relative humidity 8%

Perturbation: Soil moisture �0.005 m3 m�3

Perturbation: Soil temperature �0.05 K

Perturbation: Skin temperature �0.05 K
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For the INSAT experiment, in addition to INSAT-
3D LT, the LDAS also incorporates the ASCAT
(MetOp-A and B) SM product along with surface syn-
optic observations (SYNOP) of screen level tempera-
ture and humidity. The spatial distribution of in-situ
surface synoptic observations exhibits non-uniformity
across India. Therefore, a simplified variational analy-
sis scheme, that is, 3DVAR is utilized to generate a
two-dimensional spatial dataset of surface-level obser-
vations at every grid point, prior to its utilization in the
sEKF. It is crucial to note that the land surface analysis
operations conducted within LDAS (surface processing
system is acronymed “SURF” at NCMRWF) are carried
out independently of the atmospheric upper-air

analysis using Hybrid-4DVAR, constituting the weakly
coupled land-atmospheric data assimilation system.

4 | NCUM ANALYSIS-FORECAST
SYSTEM AND NUMERICAL
EXPERIMENTS

The unified model is an NWP and climate modelling sys-
tem developed by the UK Met Office (Brown et al., 2012;
Hurrell et al., 2009). Since 2012, NCMRWF has adopted
and operationalized the unified model (NCUM) from the
UK Met Office (Rajagopal et al., 2012). The NCUM model
framework provides a flexible configuration that can be

FIGURE 2 (a) LT (K) observations from INSAT-3D and (c) mean observation zoomed over the Indian domain used in the data

assimilation (DA) cycle for a typical date valid at 12 UTC 20180502. (b–d) same as (a–c) but valid at 12 UTC, 20190202.
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used for various purposes, including global and regional
weather prediction, seasonal forecasts, and climate studies.
The model has configurations that can be run at different
resolutions and for various domains, depending on the fore-
cast requirements (Routray et al., 2019). The Even Newer
Dynamics for General Atmospheric Modelling of the Envi-
ronment (ENDGame) functions as the dynamic core of the
NCUM modelling system. The NCUM model runs globally,
with �12 km horizontal resolution (N1024) and 70 vertical
levels extending up to a height of 80 km. The global model
(NCUM) utilizes a hybrid height coordinate system that fol-
lows the terrain and is non-hydrostatic in nature for the verti-
cal dimension, which is used to generate medium-range
forecasts lasting up to 10 days. Additionally, it employs an
Arakawa-C grid staggering method for the horizontal dimen-
sion. The investigation of dynamics of the deep atmosphere
is conducted through the utilization of a semi-implicit, semi-
Lagrangian, predictor-corrector numerical technique (Cullen
et al. in 1997 and further developed by Davies et al. in 2005).
The land surface scheme employed in this study is JULES
(Best et al., 2011; Clark et al., 2011), in conjunction with

various physical parameterization methods for cloud micro-
physics, radiation, and boundary layer physics etc. The
details about NCUM forecast modelling system is discussed
in the works of Davies et al. (2005) and Routray et al. (2019).
The Hybrid-4DVAR DA technique is used to prepare the
atmospheric analysis, whereas surface boundary conditions
mainly SM and ST analyses prepared through the sEKF-
based LDAS algorithm (Lodh et al., 2016, 2022; Routray
et al., 2023). To assess and comprehend the effects of using
INSAT-3D LT data through sEKF-based LDAS on numerical
weather forecast, two sets of assimilation-forecast experi-
ments are conducted here. Here, two different sets of experi-
ments are conducted with NCUM model (N1024), which
corresponds to approximately 12 km.

a. CTL experiment: The assimilation of satellite-derived
SM observations from ASCAT, along with screen level
observations of 2 m temperature and 2 m humidity, is
performed using a sEKF-based LDAS.

b. INSAT experiment: Assimilation of INSAT-3D LT
observations along with the other land surface

FIGURE 3 (a) Mean of LT (model units: K) analysis over Indian domain after QC and (b) “Analysis – background” after SURF pre-

processing of observations, for a typical DA cycle 12UTC, 20180501. (c) LT innovations (i.e. observation – background) and total number of

observations assimilated before and after QC in the SURF pre-processing of observations during the period 00UTC 20180501 to 18UTC

20180507 (±30 minutes assimilation window).
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observations utilized in the CTL experiment. This
forms the observing system experiment (OSE)
experiment.

The atmospheric initial conditions for both numeri-
cal experiments are generated through Hybrid-4DVAR
DA method by utilizing the available conventional and

FIGURE 4 Bar plot of the various observational data included in (a) CTL and (b) INSAT LT assimilation for a typical DA cycle 12UTC

20180502.

FIGURE 5 Comparison of soil temperature analysis (model units: K) produced at NCMRWF from (a) CTL (b) INSAT experiment*.

Difference (INSAT – CTL) of (c) soil temperature (layer 1), (d) temperature at 2 m, and (e) specific humidity at 2 m, for a typical data-

assimilation cycle valid at 06UTC 20180502. (* Kindly note in this experiment INSAT-3D LT assimilated over Indian region only).
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non-conventional atmospheric observations. It is worth
mentioning that the atmospheric analyses are produced
separately from the land surface analyses (SM and LT).
The land and atmosphere coupling happen when the
forecast model initiates the forecast and makes use of
both land surface initial condition from NCUM LDAS
and atmospheric initial condition from Hybrid-4DVAR.
The integration of the JULES model within the LDAS
and the NCUM global forecasting system effectively
incorporates the feedback mechanism. The essential ele-
ment of the sEKF-based LDAS for NCUM entails the
calculation of the Jacobians of the observation operator
H. These Jacobians create the relationship between the
satellite-derived INSAT-3D LT observations and the
land surface variables by utilizing perturbation forecasts
from the offline JULESv5.1 model. Computing the Jaco-
bians provide the physical link INSAT LT gridded
observations and the soil levels of the JULES model.
After this the “INSAT LT to sEKF pre-processor” will
generate the quality-controlled gridded LT (O-B) inno-
vations on the model grid. For INSAT LT data pre-
processing, to compute the innovation, the nearest

background LT field consistent to the observation time
is used (the current time interval is 30 min within the
assimilation cycle).

The LT observations acquired from the INSAT-3D
via ISRO and processed by the MOSDAC are gathered
within the geographical boundary of India (5–40� N;
65–100� E). Following a QC, the high-quality LT obser-
vations are chosen for ingesting into the NCUM's
LDAS. A pre-processing system incorporating several
QC methods, calibration techniques, and consistency
checks is implemented before INSAT-3D LT assimila-
tion. Details can be found in Lodh et al. (2019). It is
essential to note that INSAT-3D LT observations are
accessible at 00, 06, and 12 UTC, but not at 18 UTC
(Lodh et al., 2019). As a result, the LT observations are
not utilized in the 18 UTC of the DA cycle. It is crucial
to note that the assimilation window for the INSAT 3D
LT is ±30 min relative to the analysis time for every
assimilation cycle. Figure S4 shows the spatial extent of
the mean of gridded INSAT-3D LT observations over
Indian domain after QC for a typical LDA cycle 12UTC
20190202.

FIGURE 6 Mean surface soil temperature (model units: K) for (a) analysis from INSAT experiment (A); (b) model background (B); and

(c) difference (Analysis – Background) on a typical time of 12 UTC 20180502. (d) Same as (c) but for soil moisture difference (Units: kg/m2).
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The observation sensitivity experiments were con-
ducted by selecting a summer month (May 2018) and a
winter month (February 2019). Furthermore,
the research undertaken is the first study to calculate
the Jacobians pertaining to surface-level observations
and satellite measurements of skin temperature or LT
derived from INSAT-3D over India, employing the
JULESv5.1 model. The LT temperature perturbations
utilized in the forecasts has a magnitude of �0.05 K, as
indicated in Table 1. The SM and LT analyses gener-
ated internally at the NCMRWF are utilized to set up
the initial surface boundary conditions (BCs) for the
NCUM long-forecast simulations. For our study, the
NCUM model in conjunction with the JULES land sur-
face scheme generates atmospheric forecasts up to
7 days. In the conducted tests, seven-day forecasts were
prepared for all days in May 2018 and February 2019,
utilizing the Initial Condition (IC) obtained at 00 UTCs.
The CTL and INSAT experiments are carried out during
the summer (winter) months, where the model ran for
the period 00UTC 20180501 to 18UTC 20180610
(00UTC 20190201 to 18UTC 20190228). Figure 4a,b
depict various observations (both atmospheric and land

observations) acquired from distinct platforms and
assimilated in the CTL and INSAT experiments for a
typical assimilation cycle valid at 12 UTC on May
2, 2018, respectively. It is noteworthy to emphasize that
except for ASCAT SM and INSAT-3D LT, all other
observations assimilated in the upper-air atmospheric
data assimilation system.

5 | RESULTS AND DISCUSSIONS

Figure 5a–c shows the ST (K) from both the analyses
(CTL and INSAT experiments) along with their differ-
ence (INSAT-CTL) over the Indian region for a typical
DA cycle valid at 06 UTC May 2, 2018. Figure 5c illus-
trates the effect of assimilating INSAT-3D satellite LT
data on ST and humidity over India, whereas Figure 5d,e
displays the 2 m temperature and humidity difference
between INSAT-CTL, respectively, over the Indian
region. The impact on LDAS on 2m-specific humidity is
of opposite sign to temperature. Also, it is noticed that
the assimilation of LT observations updates the screen
temperature over the Indian region, especially over the

FIGURE 7 Spatial distribution of mean error (ME) of maximum temperature (Tmax; K) for summer period (a) CTL (upper panel) and

(b) INSAT (lower panel) experiments for the period of 31 days from May 8 to June 7, 2018.
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arid and semi-arid regions, where there are few LT obser-
vations. Figure S5a–c displays the soil temperature analy-
sis from CTL, INSAT experiment, and difference in soil
temperature analysis between the INSAT and CTL exper-
iment (valid at 06 UTC May 2, 2018), showing the geo-
graphical coverage and impact of assimilating INSAT-3D
satellite LT data on ST and humidity over its whole cov-
erage area. Figure 6a–d depicts the ST analysis from
INSAT experiment (A) and model background (B) along
with the differences (A-B) in ST and SM, respectively,
valid at 12 UTC May 2, 2018. It is clearly seen from
the Figure 6c,d that the ST and SM is modified over the
regions, where the INSAT-3D LT data are assimilated,
with reduction in the mean error. With respect to the
model first-guess, the LT analysis is reduced over the
India region by up to �0.9 K. It is noteworthy to mention
that the LT observations are only considered over the
Indian region in the DA cycles. Also, over the ocean and
snow, there are no LT observations assimilated in the
model because these are discarded through QC proce-
dures. Hence, the innovations from the A-B (Figure 6c,d)
can be noticed only over the land only (not oceans and
terrain regions). Therefore, the maximum change in ST

due to INSAT-3D LT assimilation is seen over the Indian
regions. It is noticed that there are changes in the A – B
values of LT over other parts of the globe, which can be
attributed to ASCAT assimilation. Over the Indian
domain, the adjustment in the LT analysis after assimila-
tion of INSAT 3D LT observations can be attributed to
the better representation of skin and ST, land-atmosphere
interactions, and vegetative feedback via the JULES
model in the LDAS, demonstrating the potential positive
impact of INSAT-3D LT data for enhancing the surface
temperature analysis over India.

Figures 7a,b and 8a,b, respectively, depicts the spatial
distribution of mean error of maximum and minimum
near surface temperature for the summer (May 8 to June
7, 2018) and winter (February 2019) months, as deter-
mined by the CTL and INSAT experiments. The mean
error is calculated with respect to the observed maximum
and minimum temperature (� 0.25 � 0.25� resolution)
values provided by India Meteorological Department
(IMD; Srivastava et al., 2009). According to the IMD, the
maximum temperature is usually measured in the after-
noon, around 2:30 PM local time (i.e. 14:30 IST), whereas
the minimum temperature is typically recorded in the

FIGURE 8 Spatial distribution of mean error (ME) of minimum temperature (Tmin; K) for summer period (a) CTL (upper panel) and

(b) INSAT (lower panel) experiments for the period 31 days from May 8 to June 7, 2018.
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early morning, around 5:30 AM local time (05:30 IST),
when the earth's surface has lost the most heat during
the night, and temperatures tend to be the lowest. From
the Figures 7 and 8, it is confirmed that the mean error
in maximum/minimum temperature forecasts over the
Indian domain is reduced for all the forecast days by
0.5�K to 1�K during the summer month by the assimila-
tion of INSAT-3D LT in the INSAT run, in comparison
with the CTL simulation. The day 3 forecast (Figure 7) of
INSAT simulation shows that the mean error in the day
time maximum temperature is varying between ±0.5�K
over the central part of India. From Figure 8, it is shown
that during the summer month of May 2018, the mean
error in forecasts of minimum temperature is reduced
over the north-west and central parts of India as well as
over the Ganges Plains. Comparing Figures 5c, 6c, 7 and
8, it is observed that there is decrease in the ST incre-
ments all over north-west India, Gangetic Plains, penin-
sular India at the initial time of the model run (06UTC
20,180,502). Whereas, the mean errors in Tmax and Tmin

are reduced over central India, the Ganges Plains, Chota-
nagpur plateau, and peninsular India region.

Similarly, the spatial distribution of mean error of
maximum and minimum temperature for the winter

month of February 2019 from the CTL and INSAT simu-
lations is shown in Figures 9a,b and 10a,b, respectively.
The mean error of maximum/minimum temperature is
once again reduced around 1�K to 2�K in the winter
month (February) for all the forecast days, particularly
over the Indo-Gangetic Plains and north-west of India.
However, the mean error in minimum temperature
(Figure 10) is reduced over peninsular India, Rajasthan,
Gujarat, West Bengal, and Bihar by �3�K to �0.5�K. The
improvement in the forecast errors in maximum and
minimum temperature in the INSAT experiments can be
attributed to the fact that the sEKF-based LDAS assimi-
lated the LT observations to update the land surface state
variables after every 6-h cycle, which resulted in better
analysis and forecasts of surface temperature in the
INSAT experiment.

The NCUM model simulated LT is also evaluated
with the location-specific global Telecommunication
System (GTS) Tmax and Tmin observations (Source:
IMD) during the summer and winter months.
Figure 11a–j shows the time series of model simulated
(day 1–5) maximum and minimum temperature fore-
casts from CTL and INSAT experiments compared
with the station observed data at the Delhi location

FIGURE 9 Spatial distribution of mean error (ME) of maximum temperature (Tmax; K) for winter period (a) CTL (1st row) and

(b) INSAT (2nd row) experiments for the period of 28 days from February 1 to 28, 2019.
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(28.56� N, 77.22� E) during May 8 to June 7, 2018,
respectively. The evolution pattern of the temperature
in all the forecast days is reasonably well-captured by
both the model simulations during the period. How-
ever, the temperature obtained from the INSAT exper-
iment is relatively well matching with the IMD
observations. It is clearly seen that the bias, correla-
tion coefficient, and root mean square error (RMSE)
are considerably improved in the INSAT simulations
in all the forecast days compared with the CTL. A
decrease in bias suggests that the INSAT runs are
closer to the observation over Delhi compared with
the CTL. Thus, the INSAT experiment captures the
LT conditions more accurately, with smaller system-
atic errors than that of CTL. Higher correlation also
indicates that the LT forecasts from the INSAT experi-
ment better capture the variations and patterns of LT
at the Delhi location, leading to improved agreement
with the station observed data. RMSE quantifies the
average magnitude of the differences between the
forecasted and observed values. A lower RMSE

indicates that the INSAT experiment produces LT
forecasts that are closer to the actual observations,
indicating better accuracy and precision in capturing
the variability of LT at the Delhi location. At the
same time, it is again observed that the reduced bias,
increased correlation, and decreased RMSE in the
INSAT runs for the month of February 2019
(Figure 12) indicate improvements in the accuracy,
reliability, and skill of the surface temperature predic-
tions after assimilation of INSAT LT observations into
the LDAS compared with the CTL experiment. These
results highlight the values and effectiveness of incor-
porating the INSAT data that enhanced the model
forecast skill for LT.

Figure 13 shows the hourly forecasted visibility, near
surface temperature, and relative humidity
(RH) obtained from both the model simulations com-
pared with the available observation over Indira Gandhi
International (IGI) airport, Delhi (28.56� N, 77.22� E)
during the period February 14 and 16, 2019. The diurnal
variation of surface temperature and RH are well

FIGURE 10 Spatial distribution of mean error (ME) of maximum temperature (Tmin; K) for winter period (a) CTL (1st row) and

(b) INSAT (2nd row) experiments for the period of 28 days from February 1 to 28, 2019.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

FIGURE 11 Time series (May 8 to June 7, 2018) of model simulated and observed (GTS) a) Tmax (K) and (b) Tmin (K) over Delhi

location (28.56� N, 77.22� E) for day 1 forecast. Similarly, (c,d); (e,f); (g,h); and (i,j) are same as (a,b) but for day 2 to 5, respectively.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

FIGURE 12 Time series (February 1 to 28, 2019) of model simulated and observed (GTS) (a) Tmax (K) and (b) Tmin (K) over Balasore

location (21.52� N, 86.93� E) for day 1 forecast. Similarly, (c,d); (e,f); (g,h); and (i,j) are same as (a,b) but for day 2 to 5, respectively.
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simulated by both the model simulations. However, the
variation pattern and values are relatively well-captured
by the INSAT simulation on both the days, when com-
pared to the CTL simulation. In the case of the visibility,
the model simulations are far from the observed one dur-
ing February 14, 2019. By contrast, the visibility is consid-
erably improved in the INSAT simulation on February
16, 2019, whereas more deviation is noticed in the CTL
simulation during the period.

Several fundamental weather verification metrics
defined by the World Meteorological Organization (WMO)
are used to assess the accuracy and skill of temperature
forecasts over India. The metrics used in our study are:

• Probability of Detection (POD) or the hit rate is
defined as number of hits divided by total number of
hits and misses.

• Equitable Threat Score (ETS) measures the fraction of
observed and/or forecast events that were correctly
predicted, adjusted for hits associated with random
chance.

• Critical Success Index (CSI) or threat score measures
the fraction of observed and/or forecast events that
were correctly predicted.

• False Alarm Ratio (FAR) is the false alarms divided by
total number of hits and false alarms.

• Heidke Skill Score (HSS) measures the fraction of cor-
rect forecasts after eliminating those forecasts which
would be correct due purely to random chance.

• Symmetric Extremal Dependency Index (SEDI).

For more details about the metrics, refer CAWCR (n.d.),
Hogan et al., 2009, Routray et al., 2023, Singh et al., 2017.

These indices provide quantitative measures of forecast
accuracy, reliability, and skill. The IMD gridded Tmax and
Tmin observed datasets are used for verification purposes
(Singh et al., 2017; Srivastava et al., 2009). The various sta-
tistical skill scores are calculated for the boreal summer
(May 8 to June 7, 2018) and boreal winter (February 2019)
periods. The skill scores calculated for the boreal summer
period (Tmax) and boreal winter period (Tmin) at different
temperature ranges from the CTL and INSAT experiments
are depicted in Figures 14a–f and 15a–f, respectively. The
verification indices are computed for all the forecast days
from day 1 to day 5. It can be observed that the skill scores
of maximum temperatures forecasts during the boreal sum-
mer obtained from the INSAT experiment of all the forecast
days is improved at different temperature bins of 32–34�C,
34–36�, 36–38�C, 38–40�C to 40–42�C with 1 day (24 hours)
gain in advanced forecasts. The POD calculated based on
day 1 (day 5) forecasts from the INSAT experiment has
increased from �0.35 to �0.42 (�0.18 to �0.22) for the pre-
diction of temperature range, 40–42�C. This means more
ratio of hits than misses, indicating correctly forecasted the
events to the total number of observed events in compari-
son with the CTL, by approximately 15%. It is deduced that
after assimilation of INSAT-3D LT, the skill of the forecast
model is improved and also the ability to detect the occur-
rence of heat wave (extreme temperature) events. The ETS
measures the fraction of observed and/or forecast events
that were correctly predicted, adjusted for hits associated
with random chance. The ETS LT forecasts from the INSAT
experiment have a higher proportion of correct forecasts
than the CTL (increased to �0.15 for day 1 forecasts of 40–
42�C temperature range), which relative to what would be
expected by chance alone. The HSS considers both hits and

FIGURE 13 Compared

hourly time series of model

simulated visibility (km),

temperature (C) and relative

humidity at 1.5 m (%) compared

with IGI airport Delhi (28.56� N,
77.22� E) observation during

February 14 and 16, 2019.
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correct rejections as well as assesses the overall forecast
skill. The HSS scores calculated from the INSAT simula-
tions (day 5 to day 1) show improved forecasts compared
with the CTL forecast (increased to�0.22 for day 1 forecasts
of 40–42�C temperature range). The SEDI score from the
INSAT and the CTL forecasts shows that the LT forecasts
from the INSAT experiment have better ability to capture

the dependence between observed and forecasted extremes
(increased to �0.4 for day 1 forecasts of 40–42�C tempera-
ture range). The FAR score from the INSAT experiment is
lower than that from the CTL forecast (decreased to �0.75
to 0.6 for day 1 forecasts of 40–42�C temperature range),
thus indicating that the frequency of false alarms is less
after the assimilation of INSAT-3D LT and also indicates

FIGURE 14 Verification metrics of Tmax (a) Probability of Detection (POD); (b) Equitable Threat Score (ETS); (c) Critical Success Index

(CSI); (d) False Alarm Ratio (FAR); (e) Heidke Skill Score (HSS); and (f) Symmetric Extremal Dependency Index (SEDI) from CTL (straight

line) and INSAT (dashed line) at various forecast days (Day 1 to 5) for the summer period (May 8 to June 7, 2018).
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the higher level of correct forecasting of LT. Hence, the LT
forecasts from the INSAT experiment have higher skill in
forecasting extreme weather events, such as high tempera-
tures. During the boreal summer month, it is also shown
that the forecast for the minimum temperature (figure not
proven) gets better in the 22–24�C, 24–26�C, and 26–28�C
temperature ranges with higher verification (especially
POD) scores. Similarly, various verification metrics based

on INSAT and CTL simulations are also computed for mini-
mum temperature forecasts during the boreal winter period
(February 2019) depicted in Figure 15a–f, which is same as
to Figure 14a–f. The HSS scores for minimum temperature
forecasts for boreal winter calculated from the INSAT simu-
lations (day 5 to day 1) show improved forecasts compared
with the CTL forecast (increased to�0.35 for day 1 forecasts
of 20–22�C temperature range). A similar trend was also

FIGURE 15 Verification metrics of Tmin (a) Probability of Detection (POD); (b) Equitable Threat Score (ETS); (c) Critical Success Index

(CSI); (d) False Alarm Ratio (FAR); (e) Heidke Skill Score (HSS); and (f) Symmetric Extremal Dependency Index (SEDI) from CTL (straight

line) and INSAT (dashed line) at various forecast days (Day 1 to 5) for the winter period (February 1 to 28, 2019).
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noticed for FAR score. This clearly inferred the skill of
both maximum and minimum temperature forecasts dur-
ing boreal summer and winter months has improved due
to the assimilation of INSAT-3D LT in the sEKF-based
LDAS. The best impact of LT assimilation on the near
surface parameters is achieved with the improved control
vector of land variables through sEKF and through the
land-atmosphere coupling via JULES land surface
scheme. The assimilation of LT can have a positive
impact on the near surface (2 m) temperature forecasts
even after 24 h (Lodh et al., 2019; Nayak, 2020). Hence,
through the application of the sEKF technique for assimi-
lating INSAT-3D LT data, a notable improvement of
approximately 24 h in forecasting of maximum and mini-
mum temperatures during boreal summer and winter
months is achieved over India.

6 | SUMMARY AND
CONCLUSIONS

The current research work is a first study to assimilate
the INSAT-3D LT directly into the sEKF-based weakly
coupled LDAS within the NCUM modelling system over
the Indian region. The NCMRWF LDAS is now capable
of generating global analyses of screen level parameters
(2 m temperature and relative humidity), sea surface
temperature, snow depth, SM, and LT at N1024 (12 km)
resolution. Past study like Singh et al., 2016 assimilated
the LT into the WRF-3DVAR analysis system by consid-
ering the LT observations as an atmospheric variable
(2 m surface temperature), which is not an appropriate
methodology to assimilate the LT observation without
using a LDAS system at 25 km grid resolution using a
mesoscale WRFv3.4 model. It is most important to
assimilate the LT through LDAS that properly estab-
lishes the positive correlation between surface tempera-
ture and atmospheric boundary layer through a well-
mixed boundary layer (Sgoff et al., 2020). Many past
studies suggested the utilization of LT observations in
the land assimilation system which is used to provide
more accurate information and reduce the uncertainty
in the ICs of surface state to the NWP forecast model.
By incorporating the satellite LT estimates into the
NCUM model, the assimilation process can correct any
discrepancies between the model's initial state and the
real-world conditions represented by the satellite observa-
tions. The assimilation of LT allows us to evaluate the
impact of surface state as well as atmospheric forecasts.
Here, we have conducted two independent numerical
experiments such as CTL (assimilation of SM from ASCAT
satellite plus in-suit screen level observations) and INSAT
(assimilation of INSAT-3D LT observations along with the

observations utilized in the CTL) for Boreal summer (May
8 to June 7, 2018) and Boreal winter (February 2019)
period. The atmospheric analyses are generated through
the Hybrid-4DVAR data assimilation technique by utiliz-
ing the available conventional and non-conventional
atmospheric observations for both experiments.

The model analysis from the INSAT experiment
shows the assimilation of LT observations modulates the
screen temperature over the Indian region, especially in
the arid and semi-arid regions. At the same time, the LT
analysis increments are reduced up to 1.0 K over the
Indian region, where most of the LT observations are
considered for the assimilation cycle. The experiment
with LT assimilation was validated against in-situ obser-
vations, and overall, the RMSE of soil and near surface
temperature of the first-guess (and analysis) are reduced.
Further, the impact of assimilating INSAT-3D LT on
weather forecasts over India is evaluated by comparing
the forecast of maximum and minimum temperature
with the observations from IMD stations. The results
show that assimilating INSAT-3D LT improves the fore-
cast skill of both maximum and minimum near surface
temperature over India, especially in regions with high
LT variability. The assimilation also reduces the mean
error and RMSEs of temperature forecast over India. The
improvement is more pronounced in forecasts of maxi-
mum (minimum) temperature during the summer (win-
ter) season. The assimilation of INSAT-3D LT also
enhances the representation of the diurnal cycle of LT
with adjustments in latent heat flux, and sensible heat
flux in the model (Liu et al., 2013). The various statistical
skill scores pronounced that the assimilation of INSAT-
3D LT has considerably improved the forecast skill of the
model. The accurate initialization of lower boundary con-
ditions like SM and LT in a coupled NWP model is vital
for capturing the complex land-atmosphere interactions,
thereby enhancing the accuracy of seasonal predictions
and extreme weather events like heat waves. It can be
further improved by using high-resolution LT data from
various satellites (geostationary and polar orbiting),
improving the quality control algorithm, and optimizing
the assimilation parameters. The study is a contribution
to the community as it enables the utilization of INSAT-
3D LT data for a wide range of applications, contributing
to our understanding of LT variations and their implica-
tions for weather, climate, and environmental studies.
The promising findings derived from this study over
India provide impetus for additional efforts aimed at
assimilation of wider range of LT data obtained from
diverse satellite sources like MODIS.

Currently land surface model parameters have an
under-spread in sEKF-based LDAS. Also, in the sEKF, it is
not easy to cycle the background error covariance matrix B.
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Future work will involve research, development on ensem-
ble techniques for performing coupled LDAS experiments
(de Rosnay et al., 2022; Kurosawa et al., 2023) as the error
covariances will have flow-dependent contributions based
on ensemble trajectories (Bojarova et al., 2011). The ensem-
ble techniques also has the capability to include horizontal
model error correlations, optimal combination of the flow-
dependent and climatological statistics based on trade-off
between performance and ensemble size.
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