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सार — भारतीय �ीष्मकालीन मॉनसून एक िसनो�प्टक-स्केल वायुमंडलीय प�रसंचरण �णाली है जो महा��प� और 
उष्णक�टबंधीय महासागर� दोन� क�प�रसीमा से�भा�वत होती है। महासागर� क े �वपर�त, भू सतह क� �वशेषताओ ंऔर 
उसस ेसंबंिधत �ित��याओ ंम� �वषमताओ ंके कारण भू सतह ���याए ंज�टल ह�, �जसस ेNWP मॉडल म� भू सतह का 
सट�क �ितिनिधत्व बािधत होता है। इस �कार, भूिम-वायुमंडल क� परस्पर ��या को समझना �वशेष रूप से भारतीय 
�ीष्मकालीन मॉनसूनक े ऋत ु क े दौरान अंतिनर्�हत उष्ण और नम सतह क े कारण अित महत्वपूणर् हो जाता है जो 
वाष्पोत्सजर्न क े�ित अत्यिधक संवेदनशील होते ह�, �जसस ेऋत ुक ेदौरान भूिम के वातावरण युग्मन को बढ़ावा िमलता 
है। सतह माप क� कमी क ेकारण सतह �वषमता और �व�वधता का �ितिनिधत्व सीिमत ह ै�जसस ेभू सतह �व�ेषण के 
�वकास क� आवश्यकता का पता चलता है। वतर्मान अध्ययन का �मुख उ�ेश्य ��स्तर�य है, पहला, मॉनसूनी वषार् क� 
घटनाओ ंसे जुड़� भू सतह क� ���याओ ंको समझना, दूसरा, भारत म� एक स्टेट-ऑफ-आटर् उच्च-�वभेदन भूसतह डेटा 
तैयार करना और अंत म�, अनुकार� मॉनसूनी वषार् क� घटनाओ ंपर उच्च �वभेदन भू सतह आरंभीकरण क े�भाव का 
मूल्यांकन। यह अध्ययन भारतीय �ीष्मकालीन मॉनसून से जुड़� बेहतर पूवार्नुमान �णाली �वकिसत करन ेसे संबंिधत ह�। 

 
ABSTRACT. Indian Summer Monsoon is a synoptic-scale atmospheric circulation system manifested by the 

boundary forcing from both continents and tropical oceans. Unlike oceans, the land surface processes are complex in 
nature due to the heterogeneities in land surface characteristics and its associated feedbacks, thereby constraining the 
accurate representation of the land surface in NWP models. Thus, understanding the land-atmosphere interaction 
becomes increasingly crucial especially during the Indian summer monsoon season due to the underlying warm and moist 
surface layer that are highly sensitive to the evapotranspiration, thereby fueling land atmosphere coupling during the 
season. The representation of surface heterogeneity and variability are constrained due to lack of surface measurements 
which necessitate development of land surface analysis. The major aim of the present study is three-fold; firstly, 
understanding land surfaces processes associated with the monsoonal rainfall events, secondly, preparation of a state-of-
art high-resolution land surface data over India and finally, impact assessment of high-resolution land surface 
initialization on simulation monsoonal rainfall events. This study has implications for developing improved prediction 
system associated with the Indian Summer Monsoon. 

 

Key words – Land-atmosphere interaction, HRLDAS, Soil moisture, Soil temperature. 
 
 

  
1.  Introduction 
 

The earth’s surface exchanges energy, moisture, 
momentum and gases with overlying atmosphere 
(Baldocchi et al., 2001; Pielke 2001). The surface of earth 

controls partitioning of the energy received at surface by 
converting the energy into turbulent surface fluxes and 
thereby modulating the atmospheric boundary layer stability, 
convection and precipitation (Nayak et al., 2022; Maity    
et al., 2022). Through these exchanges, the land surface 
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influences and gets influenced by the atmosphere and 
thereby modifying the weather and climate system. There 
are several pathways in which land surface influences 
atmosphere. The evapotranspiration is one of such 
important pathways that connects surface to the atmosphere 
and is central to energy, water and carbon cycle. The 
changes in vegetation alter the surface albedo and thereby 
control the net radiative flux and convective clouds which 
in turn affects rainfall (Charney, 1975; Charney et al., 
1977). Further, the land surface processes can alter the 
biogeochemical cycle through biomass decomposition in 
the land, thereby impacting the monsoon climate. Besides, 
there are dynamical feedbacks through which land surface 
influences the atmospheric circulation and modulates moisture 
transport from remote locations (Ashraf et al., 2012).  

 
Soil moisture is an important climatic parameter that 

has several primary applications, such as in real-time 
drought/flood monitoring (Svoboda et al., 2002), 
agribusiness, river flow forecasts, land surface hydrology 
process studies (Bhattacharya and Mandal, 2015; Nayak           
et al., 2018, Osuri et al., 2020). Soil moisture initialization 
plays a key role in the mesoscale simulation of 
atmospheric events in land-atmosphere coupled numerical 
models (Osuri et al., 2017; Nayak et al., 2018). The soil 
moisture recycling plays an important role in the local 
scale convective activities over land particularly in 
monsoon season. The appropriate information on soil 
moisture has manifold utilities, particularly for the crop 
models and water management decisions. The soil 
moisture also contributes to atmospheric predictability at 
seasonal timescales. For instance, soil moisture affects 
summer precipitation predictability owing to the longer 
land memory and stronger soil moisture-precipitation 
coupling (Koster et al., 2004; Dirmeyer, 2009). The slowly 
varying soil moisture “remembers” past and present 
precipitation anomalies and the resulting soil moisture 
anomalies influences precipitation occurrence through its 
feedback to the atmosphere. This cycle of moisture leads 
to persistence of soil moisture and precipitation 
anomalies. Numerous studies have divulged the issue of 
how soil moisture anomalies impact on subsequent 
climate conditions (Rind, 1982; Shukla and Minz, 1982; 
Paegle et al., 1996; Bosilovich and Sun, 1999; Pal and 
Eltahir, 2001; Georgescu et al., 2003; Kim and Wang, 
2007). Most of these studies support positive feedback 
between soil moisture and precipitation, indicating wetter 
(drier) than normal soil tends to promote (suppress) 
precipitation. The possible pathways for the land feedback 
include local moisture recycling (Bosilovich and Chern, 
2006) as well as changes in moisture convergence from 
remote sources (Oglesby and Erickson, 1989). 

 
Besides, soil temperature also affects the surface heat 

flux at various timescales. Because of heat conduction in 

soils, soil heat anomalies of daily or weekly timescales in 
shallow layers near the surface are released to the 
atmosphere before being distributed to the deeper layers 
(Hillel, 1980). Only persistent long-term (such as inter-
annual and decadal-scale) anomalies in surface heat 
budget can propagate to deep soil layers and affect 
temperature variations in those layers (Lachenbruch and 
Marshall, 1986; Beltrami and Harris, 2001; Beltrami, 
2002). The above studies have emphasized the importance 
of soil moisture and soil temperature modulating the 
weather and climate systems.  Also, high-resolution soil 
moisture and soil temperature heterogeneity have crucial 
role on weather and climate predictability. However, the 
high-resolution soil moisture and soil temperature 
representation requires a dense network of land surface 
observations and such observations are usually limited 
particularly over the Indian region. It also challenging to 
operate a dense network of soil moisture and soil temperature 
observations over a wide region over the Indian land 
mass. Thus, creating soil moisture and soil temperature 
field using the Land Data Assimilations System (LDAS) 
is one of the most suitable ways of addressing this issue 
(Chen et al., 2007; Nayak et al., 2018; Lim et al., 2012; 
Rodell et al., 2004). One of the important objectives of 
this study is to develop and validate high-resolution soil 
moisture and soil temperature field over India.    

 
The Indian Summer Monsoon (ISM) is one of the 

most dominant weather phenomena that contribute ~80% 
of annual total rainfall over India (Mohanty et al., 2019; 
Mohanty et al., 2023a). The ISM is primarily developed 
due to the boundary forcing from the Ocean. For instance, 
the basin-wide tropical sea surface temperature (SST) 
plays major role for the development of ISM. Besides 
these oceans forcing, the land surface processes 
considerably influence the ISM rainfall. The land surface 
influence is particularly important for Indian monsoon 
region and the region is identified as one of the important 
“hotspots” for land-atmosphere coupling in the world 
(Koster et al., 2004). The land-atmospheric coupling is 
important, particularly in ISM season owing to abundance 
of moisture and energy. The surface evaporation depends 
on the soil moisture content; however, excess soil 
moisture over a critical value does not enhance surface 
evapotranspiration notably. Similarly, evapotranspiration 
ceases when the soil moisture lies below the wilting point 
(Budyko, 1974; Seneviratne et al., 2010). Therefore, the 
soil moisture between wilting point and critical value are 
important for land atmosphere coupling. Thus, soil 
moisture becomes a strong function of evapotranspiration 
in summer monsoon season due to availability of surface 
moisture and energy.  

  
Besides the surface evapotranspiration, rainfall is 

also influenced by the dynamical feedback of land surface 
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TABLE 1 
 

WRF model configuration used in the land surface sensitivity 
experiments 

 
Dynamics Non-hydrostatic 
Domain 1 
Domain 2 

-3° S - 35° N and 55° E - 100° E 
(Domain 1) 

9° N - 26.8° N and 75° E - 93.9° E 
(Domain 2) 

Number of domains 2 
Horizontal grid distance 12 and 4 km 

Map Projection Mercator 
Horizontal grid distribution Arakawa C-grid 

Vertical co-ordinate Terrain-following hydrostatic-pressure 
co-ordinate 

Time Integration 3rd order Runge-Kutta 
Spatial differencing scheme 6th order centered differencing 

Initial & boundary 
conditions 

3-dimensional real data (FNL : 1° × 1°) 

Microphysics WSM 6 class scheme 
Land Surface Scheme 

(LSM) 
NOAH, Thermal diffusion 

Surface layer 
parameterization 

Meller Yamada Janić (MYJ scheme) 

Convection schemes Explicit (No-Cumulus scheme) 
PBL parameterization Mellor-Yamada- Janić (Eta)scheme 

 
 

processes (Taylor et al., 2012). Regional climate modeling 
studies have shown that the surface moisture plays a 
significant role in precipitation distribution (Maurya et al., 
2021; Ankur et al., 2021) and its feedback helps in 
supplementing the moisture from ocean surface associated 
with ISM (Devanand et al., 2018). The land cover change  
due to agricultural activities in monsoon impacts the 
moisture cycle in dynamical models. The increase in 
paddy cultivation also led to an increase in September 
rainfall over India (Devanand et al., 2019). Intense 
irrigation could cause decrease in precipitation over the 
north western India. Baisya et al. (2017) found strong 
positive soil moisture-precipitation feedback associated 
with Indian summer monsoon depressions. Besides 
monsoon depressions and mesoscale convective activities, 
extreme rainfall events during the monsoon season were 
also largely controlled by the land atmosphere feedback 
process (Mohanty et al., 2023b). 

 
The present study addresses following three major 

aspects: (i) Understanding land surfaces processes 
associated with the monsoonal rainfall events,                       
(ii) preparation of the state-of-art high-resolution land 
surface data over India, (iii) Impact assessment of high-
resolution land surface initialization on the simulation of 
monsoon rainfall events.  

TABLE 2 
 

Heavy rainfall cases and model simulation length                                 
considered in the study 

 
Rainfall cases Model initialization time Model integration period 

Case-1 2013-06-14:00 (72 hour) 
Case-2 2013-08-20:00 (72 hour) 
Case-3 2015-06-20:00 (48 hour) 
Case-4 2018-08-07:00 (48 hour) 

 
 
2.  Understanding land surfaces processes associated 

with the monsoonal rainfall events  
 

 In this section, we study the influence of land surface 
processes on monsoonal rainfall events associated with the 
Indian summer monsoon over India. In order to 
understand the land surface influence, land surface 
sensitivity experiments are conducted using the state-of-
the-art mesoscale model WRF-ARW (Advanced and 
Research WRF) coupled with the land surface schemes: 
Noah and the five-layer thermal diffusion scheme. The 
Noah and thermal diffusion schemes use different 
approach for surfaces oil moisture estimations. The Noah 
uses prognostic equation for soil temperature and soil 
moisture and utilizes more sophisticated vegetation and 
surface hydrology (Chen et al., 1996; Chen and Dudhia, 
2001; Ek et al., 2003; Mahrt and Pan, 1984; Koren et al., 
1999), whereas the thermal diffusion scheme does not 
have prognostic equation for the soil moisture and utilizes 
a seasonal soil moisture as a function of land use (Dudhia, 
1996). As a result, the soil moisture   evolves realistically 
with time in Noah, whereas the thermal diffusion scheme 
uses fixed soil moisture during the monsoon season. 
Following the experimental design, Noah scheme 
(hereafter referred as EV_SM experiment) and thermal 
diffusion scheme (referred as FXD_SM experiment) are 
used to understand the land surface sensitivity associated 
with monsoonal rainfall events. These land surface 
schemes are used to simulate four monsoonal rainfall 
events over the Indian region. A brief description of the 
model configuration and the monsoonal rainfall events 
studied are presented in Table 1. 
 
 The model integration is carried out over two nested 
domains with horizontal resolution 12 and 4 km, respectively. 
The first domain covers the Indian monsoon domain 
(Table 1) and the second domain covers the Bay of Bengal 
and central and eastern India, so that large-scale and local 
influence could accommodate in the model simulation. 
The monsoonal rainfall events are selected in order to 
represent the contrasting surface conditions: two cases in 
June and two cases in August (peak monsoon month). The 
underlying surface conditions are quite distinct during these  



 
 
                          MAUSAM, 74, 2 (April, 2023) 

348 

                                                     Case-1                                                                          Case-2 

 
 

Figs. 1(a-i).   Daily (day-1) accumulated rainfall (mm) from (a) TRMM (b) FXD_SM, (c) EV_SM experiments of case-1. (d-f) and (g-i) are 
same as (a-c) but for day-2 and day-3, respectively. The right panel represents same as left panel but for case-2 

 
 
two months. A set of numerical experiments (Table 2) are 
conducted to study the impact of land surface processes on 
monsoonal rainfall events. Rainfall and moisture 
transport/budgets are analyzed to assess the impact of soil 
moisture on the water cycle in the WRF model. 

 
2.1.  Rainfall 
 
Figs. 1(a-i) show the day-1, day-2 and day-3 rainfall 

simulation for two monsoonal rainfall cases (on 14th June, 
2013 and 20th August, 2013) and those are compared with 
the Tropical Rainfall Measuring Mission rainfall estimate.  
Our analysis indicates the monsoonal rainfall events are 
sensitive to land surface processes. The sensitivity is 
dominant for cases in June as compared to cases in 
August. The model simulations show discrepancies in the 
rainfall simulation among the sensitive experiments in 
June, particularly in day-2 and day-3 simulations. 
Contrary to this, the rainfall simulation is found to be 
similar in August. Such sensitivity is likely attributed to 
underlying soil moisture condition for respective rainfall 
cases. It is also noticed that the location of heavy rainfall 
is not well simulated in day-1 as seen in both case-1 and 
case-2.  

 
 The accumulated rainfall from the all the land 
surface sensitivity experiments is compared with TRMM 
rainfall as shown in Figs. 2(a-i). In general, the rainfall 
spatial patterns are found to be similar in both EV_SM 

and FXD_SM experiments, but the rainfall magnitude 
differs. The model simulated rainfall does not show any 
systematic bias in both sensitivity experiments. For 
instance, both sensitive experiments underestimate the 
rainfall in the case-2 (20th August, 2013) and overestimate 
the rainfall in case-3 (20th June, 2015 case). In case-1, the 
TRMM rainfall ranges between 100 - 130 mm over central 
India. Though the model simulation could reproduce 
rainfall amount reasonably, the spatial distribution is 
poorly simulated, particularly in the FXD_SM simulation. 
Moreover, rainfall simulation is overestimated in 
southeast direction as compared to TRMM rainfall in both 
experiments. For the 20th June, 2015 case (case-3), the 
TRMM rainfall ranges between 10-60 mm over the 
eastern India, whereas the model overestimates by 30-50 
mm over the same region in both the sensitive 
experiments. The rainfall sensitivity to the land surface 
process is least in case-4. Overall, the rainfall simulation 
is distinct in the rainfall cases in June compared to cases 
in August as seen in both sensitive experiments. Such 
sensitivity may be linked with underlying soil moisture 
condition. Note that soil is generally drier and 
heterogeneous in June as compared to August which may 
affect the rainfall simulation. On the other hand, the soil 
moisture is nearly saturated in August. The soil moisture 
sensitivity is likely less over the saturated surface 
(Seneviratne et al., 2010). The discrepancies in the 
findings as observed for the drier and wetter conditions 
indicates that the soil moisture does play an important role  
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Figs. 2(a-i).  Accumulated rainfall (mm) from (a) TRMM (b) FXD_SM, (c) EV_SM experiments for 
case-1. (d-f), (g-i) and (j-l) are same as (a-c) but for case-2, case- 3 and case-4, respectively 

 
 
in the land-atmosphere interaction and moisture recycling 
during the monsoon seasons. The study indicates land 
surface processes are an important component of monsoon 
rainfall events and therefore realistic land surface 
representation may be useful for the improvement in 
monsoonal rainfall simulation. 

 
2.2.  Track of MDs 
 

 In this section, we show land surface sensitivity to 
monsoon depression track simulation. Among the four 
heavy rainfall cases, two cases (case-2 and case-3) marked 
as monsoon depression by India Meteorological 
Department, India and the same cases are considered for 

the analysis. The model simulated tracks from these two 
cases (case-2 and case-3) along with the IMD best-
estimated track are shown in Figs. 3(a&b). The 850 hPa 
streamlines are used to determine the center of the 
monsoon depression. The result shows overall track 
predictions are reasonably good in both cases. Among the 
two monsoon depression cases, the case-2 is a land 
depression whereas case-3 is an inland moving BoB 
depression. Figs. 3(c&d) show the track error statistic (in km) 
with the simulation length of the monsoon depression 
forcase-2 and case-3, respectively. In case-2, the track 
forecast error is ~100 km until the 48 hour (day-2) and the 
error has increased in day-3 forecast with maximum track 
error ~ 260 km in the 54th hour. The FXD_SM has higher 
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                                                 (a) Case-2                                                                          (b) Case-3 
 

                    
 
                                                         (c)                                                                                   (d) 
 

    
 

Figs. 3(a-d).  Model simulated track from EV_SM and FXD_SM experiments along with IMD best fit estimates for monsoon 
depression cases (a) Case-2 and (b) Case-3. The lower panel represents the track error statistics (km) for the monsoon 
depression cases, (c) Case-2 and (d) Case-3 

 
 
error, particularly in day-3 simulation. In contrast, 
EV_SM experiment has higher error in case-3 and the 
track error is ~180 km at 30-36th hour. The analyses 
indicate that monsoon depression track simulation is 
sensitive to land surface parameterization, thus, the land-
atmospheric interaction in the model is one important 
factor to predict the track of depression and its associated 
rainfall. 
 

2.3.  Atmospheric Water Budget  
 
The atmospheric water budget is governed by 

precipitation, evapotranspiration and moisture 
convergence/divergence (Yoon and Huang, 2012) and can 
be expressed as: 

 

PEQ
t

W
−=∇+

∂
∂ 

.                                                  (1) 

where, W is the atmospheric precipitable water, 
 
𝜕𝜕𝑊𝑊/𝜕𝜕𝑡𝑡 is the storage term denoted as 𝑑𝑑𝑤𝑤, 
( Q


.∇ ) is known as Moisture Flux Convergence 

denoted as “M𝐹𝐹𝐶𝐶”, 
 
E is the surface evaporation and 
 
P is the precipitation. 
 

 The moisture budget terms are computed over               
5° × 5° domain averaged over the storm center. For long-
term average, local rate of change of specific humidity is 
negligible and therefore, MFC is balanced by precipitation 
and evapotranspiration. The atmospheric moisture budget 
provides the partitioning of moisture sources and sink 
over the land surface. Figs. 4(a-h) represents 3-hourly 
time series of model simulated moisture budget terms 
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Figs. 4(a-h).  3-hourly time series of model simulated moisture budget terms such as storage term (dw), 
moisture flux convergence (MFC), precipitation (P) and Evaporation (E) of (a) Noah (b) TD 
experiment from case 1. (c-d), (e-f) and (g-h) are same as (a-b) but for case 2, case 3 and 
case 4 respectively 

 
 

such as storage term (dw), moisture flux convergence 
(MFC), precipitation (P) and evaporation (E) of both 
EV_SM, FXD_SM experiments for all four rainfall cases. 
For simplicity, all the terms are computed in mm hour-1. It 
is seen that the moisture budget term differs among the 
sensitive (EV_SM and FXD_SM) experiments. The 
precipitation (P) perceives the maximum variability 
followed by MFC in all the experiments. The precipitation 
temporal variability followed the MFC variability 
indicating the MFC has strong control on rainfall. Wei           
et al. (2016) suggested that MFC has a strong control on 
the rainfall amount and frequency which corroborates with 
the present study. The magnitude of E is found to be small 
in comparison with MFC. There are diurnal variations of 
E in all the cases. The magnitude of E is higher in 
FXD_SM experiment than EV_SM experiment, 

particularly for cases in June than in August [(Figs. 4(a-h)]. 
Note that the rain rate is higher in EV_SM experiment. 
The magnitude of dw is found be small in all the cases. 
The analysis indicates MFC plays a major role in 
supplying the moisture into the system followed by E and 
the findings is consistent with prior studies (Yoon and 
Huang, 2012; Wei et al., 2016). Soil moisture is the major 
source of moisture over the land surface which contributes 
to the moisture flux convergence. This signifies the 
importance of soil moisture in a dynamical model. 

 
The sensitivity studies of the two land surface 

schemes in simulating the rainfall during monsoon show 
that the soil moisture plays a vital role in simulating 
precipitation. Also, the moisture fluxes over land, 
especially during the dry monsoon days are quite sensitive 
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to the rainfall. The land atmosphere feedback process 
transports the moisture from the soil into the atmosphere 
through evaporation and moisture flux transport. Hence, 
land surface models can have a better impact on 
improving the skill of dynamical models in simulating 
precipitation. Real time computation of land surface 
processes and interactive land-atmosphere dynamics needs 
to be represented in a dynamical model. For extracting the 
best of land surface models, observational data is 
necessary for initializing the land surface processes.    

 
In an extensive study, the representation of soil 

moisture from five different sources in the regional 
climate model is studied for the simulation of Indian 
summer monsoon seasonal rainfall (Maurya et al., 2021). 
They used reanalysis fields of soil moisture and found that 
the representation of soil moisture differs from source to 
source. However, it is interesting to note that they found 
positive relationship between rainfall/evapotranspiration 
and soil moisture and the role of SM tend to be positive 
during monsoon season, while, a negative relation is 
observed between soil moisture and sensible heat flux. 
 
3. High-resolution land surface data over Indian 

region 
 
The previous section demonstrates the role of soil 

moisture modulating the land surface process feedback on 
monsoonal rainfall events. Thus, the representation of land 
surface parameters and its spatiotemporal variability is 
important for land atmosphere interaction. The land 
surface representation becomes challenging, particularly 
over the Indian region due to heterogeneity in surface 
conditions such as land use and land cover, vegetation, 
topography and soil moisture distribution. The high-
resolution land surface representation requires land 
surface observations. However, the land surface 
observations are too sparse to represent the surface 
heterogeneity over the Indian monsoon region. 
Limitations in the land surface observation constraints the 
representation of spatiotemporal variability and the 
associated predictability of weather and climate models 
(Robock et al., 2000). Further, a dense network of surface 
observations is challenging to operate beyond a 
watershed. The alternative approach to address this 
deficiency is to create high-resolution surface conditions 
by using a land data assimilation system (LDAS) 
consisting of uncoupled LSM forced by near surface 
atmospheric observations (Chen and Zhang, 2009). The 
LDAS derived land surface products have been evaluated 
over different regions of the world (Cosgrove et al., 2003; 
Mitchell et al., 2004; Rodell et al., 2004; Lim et al., 2012; 
Nayak et al., 2018; Nayak et al., 2019) and is widely used. 
The performance of LDAS is highly dependent on the 
surface characteristic such as soil, vegetation and land use  

TABLE 3 
 

Data used for the generation of the LDAS 
 

Atmospheric 
forcing 

CFSR hourly data at (0.2044° X 
0.2045°) resolution (T2, specific 
humidity, PSFC, U and V wind) 

Bilinear interpolation 

Radiation 
GLDAS 3 hourly SWRAD and 

LWRAD radiation at 
0.25°resolution 

Linear interpolation to 
hourly and bilinear in 

space 

Precipitation TRMM hourly precipitation at 
0.25°resolution 

Mass conservation 
interpolation 

Soil texture 16-category 5-min USGS soil 
texture 

No interpolation from 
WRF grid to LDAS grid 

Land use 19-category 30 s resolution 
NRSC land use 

No interpolation from 
WRF grid to LDAS grid 

vegetation 30 s resolution USGS green 
vegetation fraction 

No interpolation from 
WRF grid to LDAS grid 

 
 

information. In addition, soil parameters have 
considerable influence on the LDAS derived land surface 
conditions and therefore need to be carefully provided to 
the LDAS systems (Nayak et al., 2019). Here we discuss 
the present state of land surface data generation and 
validation over the IMR.  

 
The LDAS requires high spatio-temporal resolution 

observations to drive the LSM and the quality of the land 
surface estimation depends on the quality of the forcings 
(Nayak et al., 2018; Vergopolan et al., 2022).  Although, 
there is considerable surface observation available over 
the Indian monsoon region, those observations are not 
adequate for driving high-resolution LDAS. An alternative 
approach is to use a best available reanalysis product to 
drive the LDAS. Therefore, reanalysis products from 
Modern Era Retrospective-analysis for Research and 
Applications (MERRA; Rienecker et al., 2011), MERRA 
Version-2 (MERRA2; Bosilovich et al., 2017), National 
Centres for Environmental Prediction - Climate Forecast 
System Reanalysis (NCEP-CFSR; Saha et al., 2010), 
European Centre for Medium-Range Weather Forecasts 
Re-Analysis (ERA-Interim; Dee et al., 2011 ) and Global 
Land Data Assimilation System (GLDAS; Rodell et al., 
2004) are validated (by Nayak et al., 2018) against in situ 
observations over India region. Their study suggested that 
the T2, surface pressure from NCEP-CFSR and downward 
short wave and longwave radiation from the GLDAS 
exhibits least error and have better accuracy. Therefore, 
the said data could be a better source for the development 
of LDAS system. The input forcing fields and soil and 
vegetations information used for the development of the 
LDAS are presented in Table 3.  

 
The temperature and specific humidity at 2 m, surface 

pressure, zonal and meridional wind are used from the 
CFSR data. The short wave and long wave radiations are 
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used from the Global Land Data Assimilation System 
(GLDAS) at 0.25° resolution. The data from the CFSR 
and GLDAS are then bi-linearly interpolated to 4 km and 
provided the LDAS over Indian region. The LDAS system 
is initially integrated for the period 2001-2014 with time 
integration of 15 minutes. The LDAS estimates soil 
moisture, soil temperature at surface and sub-surface soil 
layers (0-10, 10-40, 40-100 and 100-200 cm) along the 
surface sensible, latent and ground heat fluxes. The 
validation of the LDAS soil moisture and soil temperature 
against AWS station observations available over India are 
discussed further. 

 
 Figs. 5(a-d) depicts validation of surface layer soil 
moisture against in situ observations over different regions 
of India such as North, South, East and West (Nayak           
et al., 2018). The results show that the LDAS soil 
moisture agrees with observations. The LDAS soil 
moisture has root mean square error ~0.07,0.11,0.07 and 
0.09 m3m-3 for north, east, south and west regions, 
respectively. It is also seen that the LDAS soil moisture 
has consistent positive bias in all the regions. The bias in 
LDAS is likely attributed to the climatological soil 
parameters used in the LDAS (Nayak et al., 2019). The 
biases may also be attributed to the uncertainty in TRMM 
rainfall estimates (Huffman et al., 2007). Similarly, the 
daily time series of surface layer soil temperature 
validated with AWS station observation over four 
different regions of India such as North, South, East and 
West [Figs. 6(a-d)]. The root mean square error between 
LDAS and observed soil temperature is 1.2, 1.2, 2.8 and 
1.9 (℃) for North, East, South and West, respectively. 
Note that the soil temperature validation over south is 
constraint due to limited number of observations and the 
available observations are mostly over the complex terrain 
regions. Usually, the reanalysis data have higher uncertainty 
over the complex terrains and uncertainty in reanalysis 
forcing leads to higher biases in the LDAS soil temperature.  

 
However, this argument is not validated in the 

present analysis and therefore could not be confirmed. The 
error in other three regions (North, East and West) is 
reasonable and the data could be further improved.   

 
 The LDAS soil moisture and soil temperature at four 
soil layers are further expanded for generating long-term 
climatological data for the period 1981-2017. These 
climatological data utilized IMD daily gridded rainfall, 
surface meteorological condition from NCEP-CFSR and 
radiation from MERRA2 for driving the LDAS. The 
LDAS also used the local land use data from NRSC.             
Fig. 7 represents monthly climatology of the volumetric 
soil moisture (m3 m-3), soil temperature (K) at surface soil 
layer and rainfall over India. The figure shows that the 
monthly soil moisture climatology primarily followed the             

 
 

Figs. 5(a-d).  Validation of top layer volumetric soil moisture content 
against observation during JJAS season, 2011 over India. 
The root mean squared errors are highlighted over the top 
left corner of each panel. (Fig. from Nayak et al., 2018) 

 

 
 

Figs. 6(a-d).  Verification of soil temperature against observation 
during JJAS season, 2011 over India. The daily time 
series of soil temperature (°C) at 0-10 cm of observed 
and LDAS for (a) north, (b) east, (c) south and (d) west. 
(Source from Nayak et al., 2018) 

 

 
 
monthly rainfall climatology. However, spatial 
distribution of soil moisture differs from rainfall pattern in 
some months. For instance, the soil moisture pattern does 
not follow rainfall in September over the central India. 
This is likely due to soil moisture memory from preceding
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Fig. 7.  Monthly climatology of the soil moisture (m3 m-3), soil temperature (K) and rainfall (mm/day) 
over the period 1981-2017. The soil moisture and soil temperature are computed from the LDAS 
whereas the rainfall as observed in the IMD dataset 

 

 
June and July. The soil memory also depends on soil 
texture, vegetation and topography. For instance, finer soil 
texture of a clay soil exhibits longer memory than the 
coarser sandy soil. The soil temperature climatology 
shows monthly variation over India. 
 

The soil moisture, soil temperature and rainfall 
exhibit spatio-temporal variations and the variations are 
more complex for soil moisture and rainfall, particularly 
in monsoon season. In monsoon season, higher                  
(~0.4 m3/m3) soil moisture is noticed over north east and 
central India region than the peninsular and northwest 
India which is anticipated with the monsoonal rainfall 
distribution. Moreover, the central India soil moisture is 
notably higher (~ 0.20-0.25 m3/m3) than other regions 
during the dry period (January-May) when the rainfall is               
~ 1 mm/day. The comparative higher soil moisture over 
central India is likely due to moisture retention properties 
of the clay soil prevalent over this region (Nayak et al., 
2018, 2019). The March and April are the dry months, 
(soil moisture ~0.05-0.2 m3/m3) and the northwest is the 
driest region (soil moisture ~0.05-0.1 m3/m3) compared to 
remaining parts of India. Note that western Himalaya 
region exhibits higher soil moisture (>0.5 m3/m3) and 
lower soil temperature seen in all the months.  This region 
is covered by ice/snow resulting higher soil moisture over 
the region. The rainfall distribution over this region is 
characterized with the western disturbances during 
November to March and monsoonal rain during June - 
September every year. Unlike other parts of India, this 
region experiences higher rainfall (6-8 mm/day) in March 
than in all other months. 

 
The soil temperature decays with progress of 

monsoonal rainfall while the northwest region remains the 
warmest in June. As the soil reaches to its saturation in 

July and August, the soil temperature decays with the 
monsoonal rain.  However, the south peninsular India, 
mostly leeward side of the Western Ghats receives less 
rainfall during summer monsoon (JJAS) leading to 
warmer soil temperature.  This region reaches to its near 
saturation during northeast monsoon season. In general, 
the soil temperature is the warmest in May (~306-312 K) 
except the northwest region where soil temperature attains 
its maximum in June (> 312 K). The coolest surface soil 
temperature over Indian region is seen in December 
(~290-300 K). There are clear latitudinal variations of soil 
temperature in all the months. Interestingly, rise in soil 
temperature propagates from south to north following the 
northward movement of solar position during December 
to May. It is also seen that latitudinal variation of soil 
temperature follows the monsoon precipitation during 
JJAS. During October, the soil temperature is mostly 
homogeneous (~295-300 K) over the Indian region. The 
region experiences least rainfall in January and highest                  
rainfall in July and August months. The central India 
receives highest amount of rainfall in August (~20 mm/day) 
followed by the July month. Thus, with such a complex 
land surface with distinctive soil properties over different 
times of the year, it is indeed very important to 
incorporate integrated land surface models in numerical 
models with accurate land surface data to improve the 
predictive skill of any model aimed at forecasting the 
weather and the climate of the Indian sub-continent. 

 
4.  Impact of soil moisture initialization on 

simulation of intense convective activities 
 
The validity of high-resolution soil moisture and soil 

temperature dataset is demonstrated in the previous 
section.  The said data set provides a good source of land 
surface   product  over  Indian  region  and  have utility on 
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TABLE 4 
 

Monsoon depression cases and the time period of simulation 
 

Cases Monsoon depression Forecast length 

Case-1 2007-06-29_00 36 hours 
Case-2 2007-08-05_00 66 hours 
Case-3 2007-06-21_00 48 hours 
Case-4 2007-07-04_00 96 hours 
Case-5 2008-06-16_00 30 hours 
Case-6 2008-09-16_18 66 hours 
Case-7 2009-07-20_00 30 hours 
Case-8 2011-06-18_12 96 hours 

 
 
various sectors such as weather and climate forecast, 
agriculture, hydrology and water resources (Nayak et al., 
2018; Maity et al., 2022; Liao et al., 2016; Liu et al., 
2015; Yang et al., 2016). In this section, we investigate 
the impact of high-resolution soil moisture and soil 
temperature initialization on the simulation of monsoon 
depression over India. The premise of this study comes 
out of the framework that realistic land surface 
representations impact the surface boundary layer 
processes and there by affect convection and hence 
numerical model predictions. This study aims to 
understand the impact of accurate representation of land 
surface characteristics (such as soil moisture and soil 
temperature) on the movement and rainfall amount 
simulation associated with monsoon depressions.   

 
Eight Monsoon depression cases are selected during 

the period from 2007 to 2011 over the Indian monsoon 
region and the details of these case studies are provided in 
Table 4. Numerical experiments are conducted to simulate 
monsoon depression using mesoscale model (ARW). The 
LDAS derived soil moisture and soil temperature fields 
are initialized in ARW model to study the impact of 
realistic land surface presentation on simulation monsoon 
depression over the IMR. 

 
Two sets of numerical experiments are carried out 

for each monsoon depression cases using a single domain 
of 4 km horizontal resolution.  The model uses Meller 
Yamada Janjic (MYJ) planetary boundary layer (PBL) 
scheme (Janjić, 2001), Monin-Obukhov Janjic surface-
layer option (Janić, 2001), RRTM longwave (Mlawer               
et al., 1997), Dudhia shortwave radiation (Dudhia, 1989) 
and WSM6 microphysics (Hong et al., 2010) with explicit 
convection. The first experiment uses the initial and 
boundary conditions from National Centre for 
Environmental Prediction (NCEP) FiNaL analyses (FNL) 
in 6-hour interval referred as CNTL experiment. In the 
second experiment, the soil moisture and soil temperature 
profiles at 4 depths and top layer canopy water content of 

(CNTL) FNL analysis is replaced with those of LDAS and 
is referred as LDAS experiment. The other land surface 
characteristics such as vegetation, soil type, land use and 
land type etc., are obtained from United States Geological 
Survey (USGS) data and kept the same for both the 
experiments. 

 
4.1. Results 
 
The volumetric soil moisture (m3 m-3) from CNTL 

and the LDAS experiment is compared at the initial time 
to demonstrate the credibility of the LDAS soil moisture. 
Figs. 8(a-h) show the CNTL and LDAS soil moisture at 
surface layer and their difference (LDAS-CNTL) for two 
representative MDs such as case-1 and case-8. The CNTL 
shows smoother soil moisture field, whereas the LDAS 
soil moisture exhibits strong horizontal heterogeneity. 
Klink (1992) demonstrated that land surface 
discontinuities at smaller scales are important for better 
atmospheric circulations. Note that the soil texture from 
USGS is used in both experiments. 

 
In case-1, TRMM rainfall estimate shows the 

precipitation occurrence (~ 20 mm) 24-hour prior to storm 
initiation highlighted in the elliptic region [Fig. 8(g)]. This 
rainfall region is in good coherence with higher soil 
moisture values in the LDAS experiment [Fig. 8(b)].               
Fig. 8(g) shows, no rainfall over the northern parts of the 
domain (above 22° N).  The observed rainfall variation 
with latitude is well captured in the LDAS experiment, 
i.e., northern parts of the domain have lower soil moisture 
compared to the region in the elliptic. However, this is 
completely reverse in the CNTL experiment [Fig. 8(a)] 
inferring that the region with no rainfall has more soil 
moisture (northern parts of domain) whereas                         
less soil moisture seen in the elliptical region. This 
inference clearly seen in difference plot [Fig. 8(c)] 
suggesting LDAS captured the realistic horizontal soil 
moisture structure following the observed rainfall.  
Similarly, case-8 shows LDAS based initial soil             
moisture field is in good agreement with the previous day 
rainfall [Fig. 8(h)].  The rainfall region is highlighted by 
an ellipse shown in figure 8h. However, the previous-day-
rainfall signature is   missed in CNTL soil moisture. 
Similar to case-1, CNTL shows over estimation of soil 
moisture over the northern parts of the domain (in case-8). 

 
 This shows that climatological (FNL) soil moisture 
has a positive bias over that region which is reasonably 
improved in the LDAS. Because of unavailability of 
observations, this discussion is drawn in connection with 
rainfall. However, the minor discrepancy between observed 
rain and LDAS soil moisture is noticed because the soil 
moisture field is not only determined by the rainfall alone 
rather depends on other surface forcing fields.  

https://www.sciencedirect.com/science/article/pii/S0169809516300412#bb0125�
https://www.sciencedirect.com/science/article/pii/S0169809516300412#bb0185�
https://www.sciencedirect.com/science/article/pii/S0169809516300412#bb0185�
https://www.sciencedirect.com/science/article/pii/S0169809516300412#bb0075�
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Figs. 8(a-h).  Initial surface layer SM for case-1 (a) CNTL (b) LDAS and (c) LDAS-CNTL. (d-f) are 
same as (a-c) but for case-8. (g) and (h) represents 24-hour accumulated rainfall (mm) prior 
to storm initiation from TRMM corresponding to case-1 and case-8, respectively 

 
 

 
 

Figs. 9(a-c). Accumulated 48-hour rainfall for the monsoon depression case-3 over Odisha 
 
 

The model simulated rainfall from both experiments 
is compared with the TRMM rainfall to demonstrate the 
impact of soil moisture and soil temperature initialization 
on rainfall simulation associated with monsoon 
depression. Figs. 9(a-c) depicts 48-hour accumulated 
rainfall from both CNTL and LDAS experiment compared 
with the TRMM rainfall for the case-3. The result clearly 
indicates that the LDAS experiment improves the rainfall 
simulation over the CNTL experiments.  

 
The rainfall is underestimated in CNTL experiment 

over West Bengal and adjoining region which is improved 

with the LDAS soil moisture and soil temperature 
initialization. The TRMM data shows rainfall ~ 7-17 mm 
over the land whereas the CNTL could reproduce only           
1-5 mm rainfall. The LDAS experiment improves the 
simulation reproducing ~5-15 mm rainfall over the land 
region. Moreover, the spatial distribution of rainfall 
simulation is also improved in the LDAS. The rainfall 
improvement in the LDAS experiment may be attributed 
to land-atmosphere moisture feedback.  It is evident that 
rainfall simulation associated with monsoon depression is 
sensitive to land surface initialization and the inference is 
consistent with the findings in the section 2.  
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Figs. 10(a-d). Monsoon depression track and associated track error due to the control and LDAS experiments for the case-1 and case-8 
 
 

Model simulated tracks and their track forecast 
errors for CNTL and LDAS experiments are shown for the 
MDs cases (case-1 and case-8) in Figs. 10(a-d). The 
overall track prediction by LDAS is better as compared to 
CNTL.  There is no change in the initial position of both 
the experiments and is deviated by about 50 km from the 
observed position. In case-1 [Fig. 10(a)], both experiments 
simulate the tracks almost similar over the BoB. Once the 
system crosses the land, each experiment showed notable 
change in track prediction. The LDAS experiment shows 
improvement in track simulation owing to high-resolution 
inhomogeneous land surface (soil moisture and soil 
temperature) initialization. The CNTL simulated system 
moved northward having more track errors with respect to 
the observed track.  The track errors from CNTL run are 
about 60, 98, 55, 140, 170 and 95 km for 6-36 hours 
forecast in 6-hour interval. Whereas the same errors in 
case of LDAS run are about 48, 49, 45, 75, 30 and 80 km, 
respectively. Further, the LDAS predicted better intensity 
evolution in case-1. In the observation, the system 
weakened after crossing the land. Unlike observation, 
CNTL showed intensification of the system even after the 
landfall in terms of both minimum sea level pressure 
(MSLP) and higher wind speeds. However, though LDAS 
simulated system is relative weak, it followed the 
observed pattern and the error is less as compared to 
CNTL. Similarly, the case-8 also shows consistent 
improvement in track forecast and yielded less track 
forecast error. Note that the case-8 is a land depression 
case persisted for 72-hour as shown in Figs. 10(a-d). The 
improvement in the track simulation is evident both in 
land depression as well as depression over ocean 

associated with monsoon demonstrating the impact of 
LDAS soil moisture and soil temperature initialization on 
monsoon depression simulation.    

 
5.  Summary and future prospects 

 
The land surface processes become increasingly 

important during the ISM due to underlying warm and 
moist surface condition over IMR and the surface 
heterogeneity induces manifold effects making the land 
surface processes more complex. The aim of the study is: 
(i) understanding land surfaces processes associated with 
the monsoonal rainfall events, (ii) preparation of the state-
of-art high-resolution land surface data over India and   
(iii) impact assessment of high-resolution land surface 
initialization on simulation monsoon rainfall. The 
summary and future directions of the study are as follows:  
 
(i) The monsoonal heavy rainfall events are sensitive to 
land surface parameterization and the sensitivity varies 
notably with underlying surface condition. The sensitivity 
is higher during the monsoon onset months compared to 
the monsoon active phase in August. It is likely that the 
warmer surface temperature favors surface feedback 
leading to precipitation modification. The water budget 
analysis indicates that the moisture flux convergence is 
the primary source of moisture associated the monsoonal 
heavy rainfall event over India. The surface evaporation 
also considerably contributes to the monsoon rainfall. The 
analysis also demonstrates that the track of the monsoon 
depression is sensitive to land surface processes and the 
sensitivity is notable in day-2 and day-3 of the simulation.    
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(ii) High-resolution long term (1981-2017) soil moisture 
and soil temperature data at surface and subsurface soil 
layers provides a good source of land surface dataset over 
India. The validation of the data set with AWS and 
satellite estimates indicates the quality of the LDAS soil 
moisture and soil temperature data. But its performance 
varies in different regions such as in east, west, north and 
south. The dataset could capture the diurnal, seasonal and 
interannual variability (Nayak et al., 2018). The data set 
also exhibits bias in soil moisture and soil temperature, 
suggesting for further improvements. The biases are 
attributed to the use of climatological soil parameters such 
as soil field capacity, soil porosity, thermal conductivity 
etc., which is considered as a limitation of LDAS. Further, 
utilization of high-resolution solar radiation and sub daily 
rainfall observation may likely improve soil moisture and 
soil temperature estimations. 
 
(iii) The impacts of LDAS soil moisture and soil 
temperature initialization on mesoscale simulation of 
monsoon depression are assessed over India monsoon 
region. The result indicates that the soil moisture and soil 
temperature initialization improve the rainfall and track 
simulation of monsoon depression. It may also be noted 
that the improvement in rainfall simulation is not 
consistent for all the MD cases and needs further 
investigation and the same remains as future scope of the 
study.  
 
(iv)The role of high-resolution land surface representation 
on seasonal simulation of ISM is yet to be investigated 
and the same remains future scope of the study. Further, 
the NWP models use static vegetation in the seasonal ISM 
forecast. The use of dynamic vegetation models such as 
dynamic crop model is likely to improve the seasonal 
simulation of ISM. This is important particularly for 
Indian region as the agricultural landscape contributes a 
major part of the ISM region. This landscape rapidly 
changes during the ISM leading to change in green 
fraction, LAI, surface albedo, plant transpiration etc. and 
thereby modifies the surface energy balance and hence 
influences the boundary layer processes. Therefore, the 
dynamic vegetation models have potential to improve the 
land surface feedback and need to be considered in the 
future seasonal ISM forecast studies.  

 
Note that conclusions (i) and (iii) are tentative as 

these inferences are drawn from a limited number of case 
studies. Further work will be needed to ascertain these 
conclusions. 
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