
1.  Introduction
Southwest monsoon, from June to September (JJAS), is the primary rainy season for the Indian subcon-
tinent, which contributes ∼78% of India's total annual rainfall (e.g., Rajeevan et al., 2013). Variations in 
Indian summer monsoon rainfall (ISMR) on different time scales significantly impact agriculture, potable 
water, energy sector, food production, and gross domestic product (Gadgil & Gadgil, 2006), and the live-
lihood of millions of people living in the country. Thus, prediction of ISMR variability using global and 
regional models at a long lead time (i.e., 3–4 months in advance) is of great socio-economic importance. 
Toward achieving this goal, concerted efforts were undertaken by the monsoon community over the last 
decade to develop dynamical models and to improve the prediction skill of ISMR with dynamical models. 
These efforts were the outcome of the Indian Monsoon Mission (MM) Program (Rao et  al.,  2019). The 
high-resolution Climate Forecast System version 2 (CFSv2) was set up at the Indian Institute of Tropical 
Meteorology to provide experimental forecasts of the ISMR since 2009 and is now operational in India 
Meteorological Department since 2017. The model has a reasonably high skill in predicting ISMR (Ramu 
et al., 2016; Rao et al., 2019) and the homogenous regions of the Indian sub-continent (Ramu et al., 2017) at 
the longer lead time (i.e., February Initial conditions). Based on the MM phase I's success, the MM phase II 
was launched with an emphasis on developing applications based on the skillful seasonal forecasts of ISMR. 
Seasonal forecasting is built on the realms of ensemble forecasting and noise reduction techniques. Various 
techniques are used to filter out the climatic “noise” from the seasonal forecasts. Time and spatial mean 
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effectively suppress the spatial and temporal variability in the forecasts arising out of the high-frequency 
weather events. Therefore the country averaged seasonal forecasts, such as ISMR, exhibit robust skill scores. 
However, many global models suffer from significant spatial mean biases and are unable to deliver useful 
information at the regional or local spatial scales. For example, the seasonal rainfall forecast at different 
stages of growth and development of the crop is essential. The meteorological inputs as seasonal means 
from coupled general circulation models (CGCMs) are not enough for the proper planning of the entire crop 
season (Capa-Morocho et al., 2016). Seasonal forecasts of all India averaged rainfall limit its applicability 
to agriculture, hydrology, energy, and other sectors (Manzanas et al., 2018; Ramu et al., 2017; Sabeerali 
et  al.,  2013; S. K. Saha et  al.,  2016). Many crop or hydrology models are configured at smaller regional 
scales and hence can be significantly affected by the biases of the dynamical models, and country averaged 
information has little value. Generally, many global coupled models show wet bias in seasonal mean precip-
itation over oceans and dry bias over land regions (e.g., George et al., 2016; B. B. Goswami et al., 2014; Pillai 
et al., 2018; Ramu et al., 2016; S. K. Saha et al., 2013). Hence, it is imperative to develop techniques to reduce 
the systematic biases of CGCMs and provide information at smaller spatial scales. Numerous attempts have 
been made in the past to demonstrate the capability of regional climate models (RCMs) to simulate the In-
dian summer monsoon (ISM) and its mean features (Bhaskar Rao et al., 2004; Bhaskaran et al., 1996; Dobler 
& Ahrens, 2010; Hari Prasad et al., 2011; Jacob & Podzun, 1997; Lee & Suh, 2000; Lucas-Picher et al., 2011; 
Mukhopadhyay et al., 2010; Raju, Parekh, & Gnanaseelan, 2014; Raju, Parekh, Chowdary, et al., 2014; Saeed 
et al., 2012; Srinivas et al., 2012; Vernekar & Ji, 1999). Recently, several studies (X. Chen et al., 2018; Misra 
et al., 2018; Wu et al. 2018) have assessed the monsoon intraseasonal oscillation using regional models and 
mentioned that the explicit convection could improve the ISM simulation. Most recently, Konduru and 
Takahashi (2020) studied the effects of convection and horizontal resolution on the rainfall characteristics 
of ISM. They suggested that cumulus parameterization plays a vital role in initiating the more frequent, 
widespread precipitation over the Indian land region.

Dynamical downscaling with RCMs can transfer global predictions from CGCMs to regional or local spatial 
scales (Manzanas et al., 2018). These RCMs are forced by initial and lateral boundary conditions from Gen-
eral Circulation Models (GCMs). They can better represent the mesoscale circulations, topography, land-
use, and land cover, and thereby these models improve the regional climatic variability and extremes com-
pared to the coarse resolution GCMs (Dash et al., 2014; Di Luca et al., 2012; Giorgi & Gutowski, 2015; Jacob 
& Podzun, 1997; Juang et al., 1997; Maharana & Dimri, 2016; Ratnam et al., 2013; Samanta et al., 2018; 
Stéfanon et al., 2014; Vellore et al., 2014; Vernekar & Ji, 1999; Xue et al., 2014). Torma et al. (2015) also 
stated that the RCMs could improve precipitation patterns compared to those obtained from driving GCMs. 
More recently, Devanand et al. (2018) demonstrated that the dry bias of ISMR over the Ganga basin could 
be reduced by the dynamical downscaling of CFSv2-T126 free run by using Weather Research and Forecast-
ing (WRF) model coupled to land surface models, and hence their usability is needed to be explored from 
a forecasting perspective. They attributed these improvements to the enhanced moisture transport from 
the Western and Upper Indian Ocean to Ganga Basin, which leads to improved precipitation recycling over 
the Ganga basin. Similarly, Samanta et al. (2018) simulated the ISM using a regional coupled model (WRF 
coupled to simple ocean model) by taking the initial and boundary conditions from CFSv2-T126 free run; 
and found that there is a significant reduction in the seasonal dry bias over central India because of a warm 
coastal Bay of Bengal sea surface temperature (SST) front. In short, the regional dynamical models can 
reduce some of the systematic mean biases of the CGCMs, which might be useful for hydrological applica-
tions (Devanand et al., 2018; Samanta et al., 2018). Ramu et al. (2016) have shown that the rainfall biases 
reduce over the central Indian region, and ISMR skill also improves in high-resolution CGCM compared to 
lower resolution model, due to better representation of teleconnection patterns among ISMR, El Nino and 
Southern Oscillation, and Indian Ocean mode. However, running a CGCM at a resolution higher than that 
in Ramu et al. (2016, ∼38 km) is computationally very expensive. Therefore, employing a regional model 
to downscale the seasonal forecasts from CFSv2 seems to be an exciting alternative and forms the basis of 
the present study.

This study mainly aims to verify whether the dynamical downscaling with a coupled and uncoupled region-
al model can provide any value addition to these forecasts and if so, to investigate those improvements in 
reducing the seasonal mean rainfall dry biases over the central Indian region through dynamical downscal-
ing of seasonal forecasts of CFSv2-T126. The structure of this article is as follows. Section 2 provides a brief 
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description of the models, data, and methodology used in this study. Section 3 presents the model simulated 
mean ISM features. Section 4 describes the simulation of extreme rainfall over the Indian region. The verti-
cal structures of dynamic and thermodynamic components over different regions and climatological mean 
evolution of Tropospheric Temperature (TT), Moist Static Energy (MSE), and specific humidity averaged 
over 70°–90°E are described in Section 5. The final section summarizes the present study.

2.  Models, Data, and Methodology
2.1.  Model Description

The CFSv2-T126 (∼110 km) is a state-of-the-art coupled ocean-land-atmosphere-sea ice model developed 
by the National Center for Environment Prediction (NCEP: S. Saha et al., 2014) currently used by the India 
Meteorological Department (IMD) for seasonal prediction of monsoon (Pai et al., 2017). It may be noted that 
IMD operationally runs this model at a very high resolution (CFSv2-T382, ∼38 km, Pai et al., 2017; Ramu 
et al., 2016). The NCEP Global Forecast System is the atmospheric component of CFSv2 with a spectral tri-
angular truncation of 126 waves (T126) in the horizontal (∼110 km) and 64 sigma-pressure hybrid levels in 
the vertical. CFSv2-T126 uses simplified Arakawa-Schubert convection with cumulus momentum mixing, 
orographic gravity wave drag. It is coupled with a four-layer Noah land surface model (Ek et al., 2003) and a 
two-layer sea ice model. The Oceanic component of CFSv2-T126 is the Modular Ocean Model version 4p0d 
(MOM4; Griffies et al., 2004) from the Geophysical Fluid Dynamics Laboratory. It has a zonal resolution of 
0.5° and a meridional resolution of 0.25° within 10°S and 10°N and it becomes gradually coarser through 
the tropics up to 0.5°, and it uses 40 levels in the vertical. The atmosphere and ocean models are coupled 
with no flux adjustment. In this study, CFSv2-T126 hindcast runs are made with February initial conditions 
and integrated for nine months during 1982–2017 on the Pratyush High-Performance Computing system. It 
is an ensemble of 10 members initialized at 00 and 12 UTC every fifth day of February.

The WRF version 3.4 regional mesoscale model developed by the National Center for Atmospheric Re-
search, USA, is used in this study for the dynamical downscaling of CFSv2-T126 seasonal hindcasts. WRF 
is a fully compressible, mass conservative finite difference model and uses Euler non-hydrostatic equa-
tions, Arakawa-C grid staggering for horizontal discretization, and terrain-following hydrostatic pressure 
vertical coordinate (Skamarock et al., 2008). The physical parameterizations used in WRF are Rapid Radi-
ative Transfer Model for GCMs for long wave and short wave radiation (Iacono et al., 2008), Unified Noah 
land-surface model (F. Chen et al., 2001) for land surface processes, WRF double moment class-5 for micro-
physics (Lim & Hong, 2010), and Mellor-Yamada-Janjic TKE closure (Janjic, 1994; Mellor & Yamada, 1982) 
for boundary layer turbulence parameterization. Simulation of the Indian monsoon is known to be sensitive 
to the representation of cloud physics in the climate models (Mukhopadhyay et al., 2010). Based on previous 
studies (e.g., Mukhopadhyay et al., 2010; Srinivas et al., 2013), Betts-Miller-Janjic cumulus parameterization 
scheme (Betts & Miller, 1986; Janjic, 2000) given better performance in simulating the ISM climatological 
features. Physics options for the present study are used based on the previous study by Samanta et al. (2018). 
In this study, the WRF model is configured with a single domain over 37°S−44°N and 31°E−135°E with a 
horizontal resolution of 38 km, and 38 vertical levels are extending from surface to 50 hPa, which is consid-
ered in line with the model resolution used by the Coordinated Regional Downscaling Experiment regional 
climate simulations and this spatial resolution is adequate to resolve the hydrology related processes for 
seasonal scale simulations and enough to capture the appropriate synoptic-scale phenomena governing 
the climate over ISM region (e.g., Dobler & Ahrens, 2010; Raju et al., 2015).To understand the role of air-
sea interaction on the mean monsoon features in the WRF, we have conducted two experiments: (i) WRF 
is forced by daily observed Optimum Interpolated SST as a lower boundary condition (WRFCTL), and (ii) 
WRF is coupled to the ocean mixed layer model (WRFOML). OML is a simple one-dimensional linearized 
Boussinesq model (Davis et al., 2008; Pollard et al., 1972). It requires the specification of the initial depth 
of the mixed layer and deep layer temperature lapse rate, it gets the heat fluxes and wind stress from WRF 
and computes SST, and it serves as a lower boundary condition for the atmospheric model. Since it is a 
one-dimensional model, there is no direct exchange of properties between the model grid points (i.e., ad-
vection); this may lead to slight errors in the estimation of SST. WRFOML is initialized using the observed 
climatological mixed layer depth (MLD) for February-September, and SST is updated at every model time 
step. The WRF model is forced with the initial and lateral boundary conditions from the ensemble means 
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of CFSv2-T126 hindcast runs. Ten gridpoints at the lateral boundaries are used to nudge the regional model 
fields toward the global model, and we have not used any spectral nudging. Both the experiments were 
initialized at 00UTC on 26th February of each year and integrated upto 1st October during 1982–2017. The 
ensemble mean of these 10 members is used as the lateral boundary conditions for WRFOML.

2.2.  Data and Methodology

To validate the model simulated SST, we have used monthly observed Optimum Interpolated SST (OISST, 
Reynolds et al., 2002; https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.html) with a spatial resolution 
of 1.0° × 1.0° during 1982–2017. For rainfall validation, we have obtained monthly rainfall from Global 
Precipitation Climatology Project (GPCP, Adler et al., 2003; https://rda.ucar.edu/datasets/ds728.3/) with a 
spatial resolution of 2.5° × 2.5° and daily Tropical Rainfall Measuring Mission (TRMM) estimated monthly 
precipitation available from https://disc.gsfc.nasa.gov/datasets/TRMM_3B42_Daily_7/summary (3B43V7, 
Huffman et al., 2007), and gridded rainfall data from India Meteorological Department (IMD; Rajeevan 
et al., 2006; http://www.imdpune.gov.in/Clim_Pred_LRF_New/Grided_Data_Download.html) over India 
with 1° × 1° resolution. The model generated monthly large-scale atmospheric fields are compared with 
European Center for Medium-Range Weather Forecast (ECMWF) interim reanalysis (ERA-interim) month-
ly data products such as winds, air temperature, specific humidity at different levels, and sea level pressure 
(Dee et al., 2011; https://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=pl/) for the same period. 
The Ocean mixed Layer model is initialized using the mixed layer depth obtained from https://www.metof-
fice.gov.uk/hadobs/en4/, which is based on observed Ocean temperature and salinity profiles.

Further, to understand the thermo-dynamical response, moist static energy (MSE, which is a measure of 
vertical instability; Kim et al., 2014) is estimated using the following equation:

  p vMSE C T gz L q� (1)

where Cp is the specific heat at constant pressure, T is temperature, g is gravity, z is geopotential height, Lv 
is the latent heat of vaporization, and q is specific humidity.

Moisture availability plays a significant role in monsoon initiation and sustenance (Pradhan et al., 2017). 
Hence, we have calculated vertically integrated moisture transport (VIMF) using the following expression 
(Fasullo & Webster, 2003):

 
300

1000
VIMF qUdp� (2)

where q is the specific humidity, and U is the wind vector. Vertical integration was performed from 1000 
to 300 hPa. Monsoon season can be differentiated into non-rainy and rainy days based on the amount of 
rain received. Rainy days are further classified into different rainfall intensity categories, viz. light rain 
(1–10 mm), moderate rain (10–40 mm), and heavy rain (>40 mm) (Mukhopadhyay et al., 2010). The fre-
quencies of rainfall intensities are calculated based on Dai (2006), which is given as follows

 
  
 

Number of rainy days in that particular rainfall intensity categoryFrequency 100
Total number of rainy days

� (3)

Apart from this, to assess the model's ability, we have used different standard statistical metrics such as 
mean, standard deviation (SD), root mean square error (RMSE), mean absolute error (MAE) and bias (mod-
el-observation), and skill as the anomaly correlation coefficient between observation and model. Model 
products are interpolated by using the bilinear interpolation method according to the resolution of the 
observations. All analysis is carried out for JJAS season only.
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3.  Results and Discussion
The impact of dynamical downscaling of CFSv2-T126 reforecast runs on the ISM mean feature and its pre-
diction skill with a coupled and uncoupled WRF model is presented here. A brief description of the large 
scale seasonal mean features and their systematic mean biases (bias; model-observations) over ISM region 
for different atmospheric and oceanic parameters like lower and upper tropospheric circulations, precip-
itation, SST, sea level pressure (SLP), Tropospheric Temperature (TT), vertically Integrated (950-150 hPa) 
moist static energy (MSE), vertically integrated moisture transport (surface-300 hPa) and Hadley circulation 
over Indian longitudes (averaged 70°–90°E) are given in the subsequent sections, which reveals the capabil-
ity of the models to simulate the mean monsoon features.

3.1.  Simulation of Important Climatological Features of ISM

In this section, the large-scale mean features of the Indian summer monsoon are described. Figure 1 eluci-
dates the spatial distribution of climatological JJAS mean precipitation and low-level circulation patterns 
at 850 hPa from the observations and model simulations and their mean biases. It is noted that major con-
vective centers are seen over the eastern Arabian Sea (AS), Bay of Bengal (BoB), central, western coast, and 
north-east Indian regions in the observation (TRMM) (Figure 1a). CFSv2-T126 is unable to reproduce mean 
seasonal rainfall over the central Indian region compared to the observation (Figure 1b), whereas WRFOML 
(Figure 1d) could simulate the seasonal mean rainfall over the central Indian region and the equatorial Indi-
an Ocean compared to CFSv2-T126 and WRFCTL. Even though CFSv2-T126 well represents the convective 
centers over the ocean, a dry mean bias still persists same as in many coupled model Intercomparison Project 
Phase 5 and U.S. nation multimodel ensemble models over the central Indian region (George et al., 2016; 
B. B. Goswami et al., 2014; Pokhrel et al., 2013; Pillai et al., 2018; Ramu et al., 2016; Sabeerali et al., 2013; S. 
Saha et al., 2014; S. K. Saha et al., 2016). The dry bias over India is primarily attributed to the cold SST bias 
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Figure 1.  Spatial distribution of mean precipitation (mm/day, shaded) and winds at 850 hPa (m/s, vectors) from (a) observation, (b) CFSv2-T126, (c) WRFCTL, 
and (d) WRFOML. The biases of the models (e) CFSv2-T126 and (f) WRFOML from the observation and (g) difference between WRFOML and WRFCTL, and 
(h) difference between WRFOML and CFSv2-T126.
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in the Indian Ocean (Figure 2b) and the presence of an anomalous anti-cyclone over the central Indian re-
gion, thereby inhibiting the propagation of rain-bearing monsoon low-pressure systems over India (George 
et al., 2016; Srivastava et al., 2017). The dry bias over the central Indian region is significantly reduced in 
WRFOML compared to CFSv2-T126 and WRFCTL, which is consistent with the recent study by Samanta 
et al. (2018). In the CFSv2-T126 simulation, there is a strong wet bias over the equatorial and central Indi-
an ocean, whereas there is a dry bias in the downscaled simulations (Figures 1e and 1f). It is noticed that 
WRFCTL has a strong wet bias over AS and BoB, and which is slightly reduced in WRFOML. It is important 
to note that both WRFCTL and WRFOML overestimated the mean precipitation along the mountains (the 
Western Ghats and Himalayan region) compared to CFSv2-T126 (Figures 1c and 1d). A recent study has 
shown that orographic precipitation is improved in higher horizontal resolution (CFSv2-T382) than in the 
coarse resolution models (CFSv2-T126) (Konduru Takahashi, 2020; Ramu et al., 2016). An important dy-
namical feature of ISM is the formation of the strong cross-equatorial jet at lower levels (850 hPa), which 
is also known as the Findlater jet (Joseph & Raman, 1966; Findlater, 1969). This low-level jet (LLJ) is an es-
sential source of moisture for the Indian monsoon (Findlater, 1969; Swathi et al., 2020). All the model sim-
ulations are able to capture the mean LLJ reasonably well, but CFSv2-T126 is simulated as a weak LLJ (Fig-
ures 1b–1d), which implies lesser moisture availability to the monsoon circulation. WRFOML shows a more 

HARI PRASAD ET AL.

10.1029/2020EA001507

6 of 19

Figure 2.  The climatological annual cycle of (a) area-averaged rainfall over Indian landmass and (b) tropospheric 
temperature gradient. The black (TRMM) and pink (IMD) lines represent the observation, the red line represents 
CFSv2-T126, the green line represents WRFOML, and the blue line represents WRFCTL.
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robust south-westerly mean flow over the Indian Ocean and the Indian 
landmass, whereas relatively weaker south-easterlies over the southern 
Indian Ocean compared to the CFSv2-T126. WRFOML simulated strong 
south-westerlies over the AS and equatorial Indian Ocean region (Fig-
ure  1g) compared to CFSv2-T126 and WRFCTL, which helps to trans-
port more moisture to AS and Central Indian region and thereby reduces 
the dry bias in WRFOML. WRFCTL simulated strong south-westerlies, 
which transported more moisture to the BoB region than WRFOML, 
which causes strong wet bias in WRFCTL.

Area averaged seasonal rainfall evolution over the Indian land points 
from the observations (IMD & TRMM), CFSv2-T126, WRFCTL, and 
WRFOML are shown in Figure 2a. In observations, the rapid increase in 
rainfall is noticed in June 1st week (monsoon onset), and it peaks during 
July-August. It gradually declines in September (Figure 2a). CFSv2-T126 
is unable to represent the sharp increase in the rainfall from June and a 

sharp decrease from September as in observations. It is noticed that in WRFCTL, rainfall started two weeks 
ahead of the observations and matches with observations in the first week of June and the last week of Sep-
tember. It has a significant dry bias over the Indian land region during the peak monsoon months (i.e., July 
and August). There is a considerable improvement in the simulated annual cycle, and it is more realistic in 
WRFOML compared to the other experiments. Both CFSv2-T126 and WRFCTL failed to simulate adequate 
rainfall in the peak monsoon months (i.e., July and August) compared to the WRFOML. The dry bias over 
the Indian land region in CFSv2-T126 may be attributed to the cold SST bias and weaker south-westerly flow 
over the Indian ocean. In the case of WRFCTL, dry bias over central India may be attributed to the lack of 
ocean coupling. It is noticed that in WRFOML, ISMR mean and SD are closer to the observations compared 
to CFSv2-T126 and WRFCTL (Table 1). The prediction skill of ISMR (correlation between observed rainfall 
anomalies averaged over Indian land region and re-forecasted anomalies) is slightly better in WRFOML 
compared to WRFCTL and CFSv2-T126 (Table 1). The mean onset date of the Indian summer monsoon is 
studied based on the TT gradient (B. N. Goswami & Xavier, 2005) from observation and model simulations 
The date when the TT gradient changes from negative to positive can be considered as the onset date of 
monsoon and when it changes the sign from positive to negative, it can be considered as the withdrawal of 
monsoon. From Figure 2b, it is noticed that the CFSv2-T126 simulated delayed onset and early withdrawal, 
which is consistent with the previous study by Pradhan et al. (2017), whereas WRFCTL simulated early on-
set compared to WRFOML. Overall, the WRFOML simulates a mean onset date of 28th May, which is close 
to the observation (30th May) and has a stronger TT gradient compared to the CFSv2-T126 and WRFCTL 
(Figure 2b).

4.  Systematic Error in Simulated Rainfall Distribution and IAV of ISMR
To explore the spatio-temporal variability of rainfall superimposed on the JJAS seasonal mean, we have 
computed daily mean rainfall probability distribution functions (PDFs) from different ranges of rain rates 
over different regions, frequency of categorical rainfall, and Inter-annual variability (IAV) of rainfall over 
the Indian region from CFSv2-T126, WRFCTL, WRFOML, and the observation during the summer mon-
soon season.

4.1.  PDF for Different Rain Rates

In this section, we examine PDF of daily rainfall at four major precipitation areas: Central India (CI; 
70°E−90°E; 18°N−26°N), BoB (86°E−94°E; 14°N−22°N), AS (68°E−74°E; 12°N−21°N), and Equatorial 
Indian Ocean (EIO; 75°E−90°E; 10°S−0°) for three rain-rate categories (lighter: <10 mm day−1, moder-
ate:10–40 mm day−1 and heavy: >40 mm day−1) based on Abhik et al., (2013) are shown in Figure 3. Abhik 
et al. (2013) have reported that a better simulation of the frequency distribution of rain rates translates to a 
realistic simulation of the mean state of monsoon. In CFSv2-T126, the contribution of the light rain catego-
ry to the total rain is significantly overestimated, and the simulated PDF shows a large difference compared 
to the observed PDF in these areas, which is corroborated with the previous study by Krishna et al. (2019). 
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Indian landmass CFSv2-T126 WRFOML WRFCTL IMD

Mean 4.17 8.7 4.9 7.48

Standard deviation (SD) 0.36 0.59 0.9 0.64

Bias (model-observation) −3.3 1.2 −2.5

Mean absolute error 3.3 1.2 2.3

RMSE 3.35 1.35 2.6

Skill 0.50 0.54 0.48

Note. Values significant at 95% confidence level are highlighted in bold.

Table 1 
Model Statistics of Indian Summer Monsoon Rainfall (ISMR) Averaged 
Over the Indian Land Region
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Earth and Space Science

But, CFSv2-T126 significantly underestimates the contribution from moderate and heavy rain categories to 
the total rain over these four regions compared to the observations. Both WRF experiments are well cap-
tured the different rainfall categories over these regions compared to CFSv2-T126. The WRFOML is well 
simulated different rainfall categories over the CI and EIO compared to the WRFCTL. Thus, WRFOML is 
able to reproduce all rainfall categories over CI compared to WRFCTL and CFSv2-T126, which reduces the 
mean dry biases in that region (Figure 1f).

4.2.  Spatial Distribution of Frequency of the Rainfall

Spatial distribution of rainfall characteristics in terms of frequency of no rain days, rainfall intensity in 
different rain-rate categories such as light, moderate and heavy for the season as a whole from the obser-
vations and model simulations are shown in Figure 4. The classification of rainfall intensity in different 
categories and the calculation of frequency of the rainfall are described based on an earlier study by Muk-
hopadhyay et al. (2010) (more details are given in Section 2.2). Observation shows that the frequency of no 
rain days (50%–70%) is more over North West (NW) India and is significantly less over the monsoon core 
region and North East India. It is observed that the frequency of moderate rain category is high over the 
monsoon core region and NE India. Both WRF model simulations capture the no rain days over Indian 
landmass reasonably well, but with significant underestimation in CFSv2-T126 (Figures 4a–4d). WRFOML 
and WRFCTL could capture the light rain category better with slight overestimation over southern penin-
sular India (Figures 4e–4h), whereas CFSv2-T126 overestimates this rain category almost over entire India 
and the same is noted in PDF (Figure 3) as well. CFSv2-T126 significantly underestimates the moderate 
rain-rate category over most parts of the country (Figure 4j). WRFCTL well represented the moderate rain 
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Figure 3.  Comparison of model-simulated probability distribution functions for different rain rate categories, based on daily JJAS precipitation over (a) central 
India (18°N−28°N; 70°E−90°E), (b) Bay of Bengal (14°N−22°N; 86°E−94°E), (c) Arabian Sea (12°N−21°N; 68°E−74°E), and (d) equatorial Indian Ocean 
(10°S–0°; 75°E−90°E) with observation.
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Earth and Space Science

categories compared to CFSv2-T126 and WRFOML (Figure 4l). Among these rain categories, the spatial 
pattern of the heavy rain category is well represented by the WRFOML than CFSv2-T126 and WRFCTL 
(Figure 4p). Additionally, we have examined the average number of rainy days (≥2.5 mm day−1) over Indian 
landmass and five homogeneous regions of India viz. NWI (North-West India), NEI (North-East India), 
CNEI (Central North East India), WCI (West Central India), and SPI (Southern Peninsular India) (Ramu 
et al., 2017) from the model simulations and the observation. Information on the number of rainy days 
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Figure 4.  JJAS mean spatial frequency distribution of different rain rate categories: (a–d) no rainy days, (e–h) light rain, (i–l) moderate rain, and (m–p) heavy 
rain. The first column is from observation, second, third, and fourth columns represent CFSv2-T126, WRFCTL, and WRFOML, respectively.
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Earth and Space Science

during the monsoon season is crucial from an agricultural and hydrological perspective. Table 2 summa-
rizes the statistics of rainy days from observation and the model simulations during the monsoon season 
for the period 1982–2017. Though all the model simulations have over-estimated the number of rainy days 
over Indian land points, WRFOML and WRFCTL could represent the number of rainy days better than 
CFSv2-T126. Overall, the skill of the model in simulating the number of rainy days is better in downscaled 
WRFOML simulation (WRFOML: 0.51, CFSv2-T126: 0.39, and WRFCTL: 0.22). Skill improvements are also 
noticeable over WCI, NWI, and CEI.

4.3.  Inter-Annual Variability of ISMR

The year-to-year variations of the model simulated Indian summer monsoon rainfall (ISMR) and India 
Meteorological Department (IMD) gridded rainfall data from 1982 to 2017 are given in Figure 5. The corre-
lation coefficient between the IMD (GPCP) and simulated ISMR are 0.50 (0.4), 0.50 (0.4), and 0.54 (0.55) for 
CFSv2-T126, WRFCTL and WRFOML, respectively. Among the 36 years of hindcast period, CFSv2-T126 is 
failed to capture the correct phase of ISMR in nine years (1985, 1989, 1990, 1993, 1997, 2011, 2013, 2014, and 
2015), WRFCTL failed to capture the correct phase in nine years (1982, 1984, 1985, 1990, 1993, 1997, 2002, 
2013, and 2015), and WRFOML also failed to capture the correct phase of ISMR in seven years (1982, 1984, 
1990, 1993, 1999, 2005, and 2013). CFSv2-T126 tends to underestimate the SD of ISMR (0.36 mm day−1) com-
pared to the observations. Interestingly, WRFOML better simulated the ISMR with an SD of 0.59 mm day−1 
which is closer to the observations (IMD: 0.64 mm day−1 and GPCP: 0.62 mm day−1). A 16% reduction in the 
dry bias over the Indian region is noted in WRFOML compared to CFSv2-T126 (44%) and WRFCTL (33%). 
Similarly, ISMR biases, RMSE, MAE are improved in WRFOML compared to CFSv2-T126 and WRFCTL 
(Table 1).
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Region

Skill (ACC) Mean SD

CFSv2-T126 WRFOML WRFCTL OBS CFSv2-T126 WRFOML WRFCTL OBS CFSv2-T126 WRFOML WRFCTL

India 0.39 0.51 0.22 46 66 62 56 3.8 5.2 4.2 6.9

Northeast India (NEI) 0.27 0.19 0.0 76 116 97 94 6.6 1.7 3.9 6.8

West-central India 
(WCI)

0.28 0.44 0.21 55 67 61 59 5.9 10.8 7.9 11

Northwest India (NWI) 0.1 0.32 0.0 27 9 30 12 6.2 3.2 6.4 4

Central North East 
India (CNEI)

0.16 0.23 0.19 55 71 68 55 5.5 9.6 6.9 10.8

South Peninsular India 
(SPI)

0.3 0.16 0.2 45 76 68 79 5.2 6.6 5.1 11.4

Note. Values significant at 90% and 95% confidence level are highlighted in bold.

Table 2 
The Statistics of Rainy Days (≥2.5 mm/day) for Observations (IMD) and Models (CFSv2-T126, WRFOML, and WRFCTL) for the Period of 1982–2017

Figure 5.  Inter-annual variability of ISMR normalized anomalies for CFSv2-T126, WRFCTL, and WRFOML simulations along with observations. Model skill, 
mean, and standard deviation (SD) are given at the bottom of the figure.
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Earth and Space Science

It is also interesting to note that the mean and variability of rainy days have improved over all the homoge-
nous regions. The improvement in simulating the length of rainy days by WRFOML can be attributed to the 
sufficient water vapor availability in the atmosphere compared to CFSv2-T126 and WRFCTL.

Figure 6 shows the spatial distributions of JJAS mean SST and SLP from observation and the biases in the 
model simulations. It is found that the CFSv2-T126 model has a strong cold bias over the entire Indian 
ocean (Figure 6b), WRFOML has a warm SST bias over the west coast of AS, head Bay of Bengal (BoB), 
equatorial Indian Ocean, and south of 20°S, it may be attributed to the lack of ocean advection in WRFOML 
(Umakanth et al., 2016) (Figure 6c). SST differences between WRFOML and WRFCTL (which is forced 
by OISST) (Figure 6d) show that the WRFOML has warm bias over most parts of the Indian ocean, which 
enhanced the latent heat flux and the transport of moisture to the Indian land region. Even though the WR-
FOML (Figure 6h) under predicts the SLP, it could represent the location of surface heat low over northwest 
India and the position of the monsoon trough reasonably well compared to CFSv2-T126 (Figure 6g).

Previous studies have reported that upper tropospheric temperature (TT) over the Asian summer monsoon 
region has a dominant role in maintaining the monsoon circulation (B. N. Goswami & Xavier, 2005; Xavier 
et al., 2007). The TT is simulated well in WRFOML than the other experiments. CFSv2-T126 shows a strong 
cold bias over the entire ISM region (Figure 7b). WRFCTL is also shown significant cold bias over the ISM 
region (Figure not shown). WRFOML simulated a warmer TT compared to WRFCTL (Figure 7d), which in-
dicates more convectively unstable and enhanced mean monsoon flow in WRFOML. This cold tropospheric 
temperature causes a weaker monsoon circulation in CFSv2-T126 as well as in WRFCTL simulations. The 
cold TT bias is significantly reduced, and the strong north-south temperature gradient is simulated well in 
WRFOML. Additionally, to understand the thermo-dynamical response of monsoon, the vertically integrat-
ed (from 950 to 100 hPa) MSE, a measure of vertical instability, are also analyzed. Higher values of precipi-
table water lead to excess MSE at the lower troposphere, supporting unstable boundary layer, convective as-
cent, and excessive rainfall (Emanuel et al., 1994; Sabin et al., 2013). In the observation, the maximum MSE 
is located in the monsoon trough region (as this is the region of formation and propagation of low-pressure 
systems), while in CFSv2-T126, underestimation of MSE is noticed, corroborating with the conclusion of 
Samanta et al. (2018) that the inadequacy of CFSv2-T126 in capturing the low-pressure systems (Srivastava 
et al., 2017). WRFOML could capture JJAS mean MSE spatial pattern reasonably well with a slight over-
estimation compared to WRFCTL. The positive MSE bias in WRFOML compared to the CFSv2-T126 and 
WRFCTL indicates that the atmosphere is more convectively unstable, which supports large-scale ascent 
and precipitation (Figures 4g and 4h).
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Figure 6.  Spatial distribution of (a) mean SST (°C) from observation, the biases from (b) CFSv2-T126, and (c) WRFOML and (d) difference between WRFOML 
and WRFCTL, (e) difference between WRFOML and CFSv2-T126. The lower panel (f–j) is the same as the upper panel but for MSLP (hPa).
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Earth and Space Science

The meridional phase speed of the northward propagating monsoon intraseasonal oscillation (MISOs) is 
directly proportional to the easterly vertical wind shear (Ajayamohan et al., 2008; Jiang et al., 2004). The 
difference between the zonal wind at 850 hPa and 200 hPa from observation and the respective biases of the 
two model simulations are shown in Figure 8. The simulated wind shear is stronger in WRFOML than in 
CFSv2-T126 and WRFCTL, indicating better simulation of MISOs (Sharmila et al., 2013). To investigate the 
source of the moisture for the initiation of the convection and the associated rainfall, vertically integrated 
(from the surface to 300 hPa) moisture in the JJAS season is calculated from the observation and models 
(Figures 8f–8j; bottom panel). Observation shows that a large amount of moisture is transporting from the 
southern Indian ocean, AS, and BoB to the Indian land region (Figure 8f). CFSv2-T126 shows substantial 
anomalous moisture divergence over the central Indian region and strong easterly bias over BoB, AS, and 
southern Indian regions (Figure 8g), enhancing dry bias over India. Coupled WRFOML simulated more 
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Figure 7.  Spatial distribution of (a) mean tropospheric temperature (K) from observation, the biases from (b) CFSv2-T126 and (c) WRFOML and (d) difference 
between WRFOML and WRFCTL, (e) difference between WRFOML and CFSv2-T126. The lower panel (f–j) is the same as the upper panel but for MSE (KJ/kg).

Figure 8.  Spatial distribution of (a) mean zonal wind shear (m/s, 850−200 hPa) from observation, the biases from (b) CFSv2-T126 and (c) WRFOML and (d) 
difference between WRFOML and WRFCTL (e) difference between WRFOML and CFSv2-T126. The lower panel (f–j) is the same as the upper panel but for 
VIMF (KJ/kg).
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Earth and Space Science

vertically integrated moisture over AS and equatorial Indian ocean region than the WRFCTL, which leads 
to improved precipitation over the central Indian region and south of the equator (0–10°S) (Figure 8h). 
Hence, WRFOML reasonably well simulated the vertically integrated moisture transport over central India 
compared to the CFSv2-T126 and WRFCTL, which leads to improved seasonal precipitation over the Indian 
region.

Earlier studies have linked the wet bias over the Equatorial Indian Ocean and dry bias over the Indian 
landmass may be a consequence of each other, likely related by the local Hadley cell (HC) noted by Slingo 
and Annamalai (2000) and B. B. Goswami et al. (2014). Figure 9 illustrates the JJAS mean local HC aver-
aged over 70°–90°E from the observation and model biases. In observation, a steady ascending (negative 
vertical velocities) motion is observed over the Indian subcontinent (from 5°N to 20°N) and south of the 
equator (from the equator to 10°S), and stable descending (positive vertical velocities) motion is observed 
over latitudes around 10°S–20°S (Figure 9a). CFSv2-T126 simulates anomalous biases in ascending motion 
over the Indian Ocean and weak descending motion over the Indian landmass. These anomalous bias-
es in ascending (descending) motion lead to the wet (dry) bias over the equatorial Indian Ocean (Indian 
landmass) region, and these results are consistent with the previous studies (Devanand et al., 2018; B. B. 
Goswami et al., 2014). WRFCTL simulated a weaker ascending motion over the equator to 10°S and over the 
Indian land region compared to WRFOML (Figure 9d), which leads to the increased dry bias over the ITCZ 
region and over the Indian landmass. The air-sea coupling in WRFOML improves the ascending motion 
over Indian latitudes and better simulated the HC with slight overestimation compared to the observation. 
The preceding discussion suggests that the WRFOML simulates the seasonal mean monsoon features better 
than the CFSv2-T126 and WRFCTL. The better JJAS mean rainfall can be attributed to the warm SST bias 
in the Indian Ocean and the improved TT gradient, which causes a more robust mean monsoon circulation. 
The more vigorous low-level circulation associated with warmer SSTs brings in lots of moisture from the 
ocean to the landmass, associated with a strong ascending branch of HC over northern latitudes, which 
produces more rainfall over India.

To study further the causes of improved JJAS mean features, biases of the vertical structure of dynamic 
and thermodynamic parameters over different regions, and climatological mean evolution of TT, specific 
humidity, vertical velocity, and MSE averaged over 70°–90°E are explored in the following section.

5.  Mean Biases in Vertical Structures of Dynamic and Thermodynamic 
Parameters
5.1.  Vertical Structures of Dynamic and Thermodynamic Parameters

In this section, we explore the vertical structures of temperature, specific humidity (q), MSE, and vertical 
velocity over Indian landmass and three convectively active regions (BoB, AS, and EqIO) in terms of biases 
in Figure 10. Both CFSv2-T126 and WRFCTL simulated a large cold bias (−1 to −3.8 K) from the middle 
to upper troposphere over the Indian landmass, BoB, and AS, which is significantly reduced in WRFOML 
(Figures 10a, 10e and 10i). The WRFOML shows a slight warm (cold) bias over BoB and AS (EqIO), which 
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Figure 9.  Latitude-pressure cross-section of (a) mean Hadley circulation averaged over 70–90°E, the biases from the models (b) CFSv2-T126 and (c) WRFOML 
and (d) the differences between WRFOML and WRFCTL, (e) difference between WRFOML and CFSv2-T126. The shades denote vertical velocity (Pa/s). The 
positive values indicate downward motion, and negative values indicate upward motion.
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Earth and Space Science

can be attributed to the overestimation (underestimation) of latent heating associated with the wet (dry) 
bias (Figure 1f) over these regions. The vertical structure of specific humidity shows that the atmosphere in 
CFSv2-T126 and WRFCTL is relatively dry; it is not surprising, as the dry bias in these simulations is a direct 
outcome of this relatively dry atmosphere. WRFOML has more humidity in the troposphere over AS and 
BoB compared to CFSv2-T126 and WRFCTL. The availability of moisture is a precursor to stronger rainfall 
events in WRFOML (Figures 10b, 10f, 10j and 10n). The vertical profiles of MSE associated with ISM reveal 
that the CFSv2-T126 and WRFCTL simulations underestimate the MSE from lower to upper troposphere, 
indicating that the troposphere is less unstable over the Indian landmass, BoB, AS, and EqIO. In contrast, 
these biases are considerably reduced in WRFOML, which leads to the pumping of more moisture from 
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Figure 10.  JJAS mean vertical biases of (a, e, i, m) tropospheric temperature (°C), (b, f, j, n) specific humidity (kg/kg), 
(c, g, k, o), moist static energy (J/kg), and (d, h, l, p) vertical velocity (*100 m/s). Red line represents CFSv2-T126, blue 
line for WRFOML and green line for WRFCTL.
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Earth and Space Science

the lower to upper layers and results in wet precipitation bias (Figures 10g, 10k and 10o). CFSv2-T126 un-
derestimates the vertical velocities over the Indian region, which leads to dry biases (Figure 10d). Both the 
regional model experiments significantly overestimate the vertical velocities over the Indian region, BoB, 
and AS, which indicates an abundance of convection. This enhanced mean ascent coupled with an unstable 
atmosphere and ample moisture availability cause reduced (enhanced) precipitation bias over India (BoB 
and AS; Figure 1e).

5.2.  Time-Latitude Evolution of TT, Specific Humidity (q), and MSE Over Indian Longitudes

Figure 11 depicts the mean annual evolution of TT, q, and MSE averaged over 70°E and 90°E from mod-
els and observation. Observation shows a strong meridional gradient in climatological mean tropospheric 
temperature, more moist and anomalous MSE (unstable) after mid-May over Indian latitudes, which is 
consistent with a previous study by Xavier et al., 2007 (Figures 11a, 11h and 11o). As monsoon progresses 
northward, the associated convective heating, moist instability also moves to the north and reaches upto 
34°N. WRFOML (Figures 11d, 11k and 11r) is able to reproduce the climatological JJAS mean TT, q, and 
MSE as in observation compared to WRFCTL (Figures 11c, 11j and 11q) and CFSv2-T126 (Figures 11b, 11i 
and 11p). CFSv2-T126 simulates strong cold biases (Figure 11e), dry biases in specific humidity (Figure 11l), 
and weakly unstable troposphere (Figure 11s). WRFCTL simulated a warm, wet and unstable troposphere 
from March to May; after the monsoon onset, it has a cold, dry, and weakly unstable troposphere (Fig-
ures 11f, 11m and 11t). It is noticed that the aforementioned biases are significantly reduced in WRFOML 
(Figures 11g, 11n and 11u). CFSv2-T126 and WRFCTL simulated significant cold, dry, and large MSE biases 
during the monsoon season, which leads to the dry bias over the central Indian region (Figure 1e). WR-
FOML simulates warm, wet, and relatively more unstable troposphere, which reduces the dry bias over 
the central Indian region (Figure 1f). Thus, it indicates that the WRFOML simulates the realistic thermo-
dynamic structure of the atmosphere during the JJAS season, leading to better simulation of large-scale 
Indian monsoon precipitation.
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Figure 11.  The time-latitude evolution of tropospheric temperature (K) (upper panel: a−g), specific humidity (kg/kg) (middle panel: h−n), and MSE (J/kg) 
(lower panel: o−u) averaged over the longitudes 70°−90°E. The first column (a, h, o) is observation, the second (CFSv2-T126: b, i, p), third column (WRFCTL: c, 
j, q), and fourth column (WRFOML: d, k, r) are from model simulations and fifth (CFSv2-T126: e, l, s), sixth (WRFCTL: f, m, t), and seventh (WRFOML: g, n, u) 
column show model biases from observation.
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6.  Summary
The seasonal prediction of ISMR using coupled global models has attained a reasonably good skill (Rao 
et al., 2019). Even though the country averaged forecasts are an essential metric for the socio-economic 
planners, there is an increasing demand for higher resolution model forecasts from an application per-
spective (e.g., agricultural or hydrological purposes). Running a CGCM at a finer resolution to meet the 
demands of hydrological or crop models is very expensive in terms of the computation cost. Therefore, this 
study aims to examine whether this gap between coarse resolution seasonal forecasts and application mod-
els can be bridged by employing dynamical downscaling. The role of air-sea interaction on the simulated 
ISM mean features is examined by an uncoupled WRF (WRFCTL) and a coupled WRF model (WRFOML) 
to dynamically downscale the CFSv2-T126 reforecasts for the period 1982–2017 using the February Initial 
conditions over the Indian Monsoon domain. CFSv2-T126 and WRFCTL suffer from a robust dry bias over 
Indian landmass, which stems from the cold SST bias over the Indian Ocean, weak meridional tropospheric 
temperature gradient, and strong anti-cyclonic circulation bias. Seasonal mean dry bias over the central 
Indian region is significantly reduced in WRFOML due to the warm SST bias in the Indian Ocean and 
realistic simulation of LLJ over AS, which supplies a large amount of moisture to the Indian land region. 
WRFOML could reproduce the ascending branch of HC over Indian latitudes as in observation compared 
to CFSv2-T126 and WRFCTL (Figure 9), which also contributed to the reduction in seasonal mean bias over 
the Indian region (Figure 1f). Weak TT gradient causes a delayed monsoon onset over India in CFSv2-T126, 
whereas WRFOML realistically simulated TT gradient, which leads to a realistic simulation of monsoon on-
set. The timing and seasonal mean biases in different dynamic and thermodynamic parameters of monsoon 
improved significantly in the downscaled WRFOML simulation compared to CFSv2-T126 and WRFCTL. 
All these improvements result in a dramatic reduction in dry bias over the Indian landmass. The improve-
ments are not only limited to the seasonal mean rainfall but also the simulation of the number of rainy days 
improved over the country as a whole and the different homogenous regions of the Indian monsoon. A 
long-standing problem in the CFSv2-T126 is that it over-estimates the light rainfall events and significantly 
under-estimates the contributions from moderate and heavy rainfall events (Krishna et al., 2019). Owing 
to the better representation of small-scale processes in the higher resolution downscaled simulations, the 
mean and distribution of light, moderate, and heavy rain category events have improved significantly in 
WRFOML though the seasonal mean skill has remained almost the same as CFSv2-T126. WRFCTL and 
CFSv2-T126 simulations unable to capture the correct phase of ISMR in many years compared to WR-
FOML. It is noticed that a considerable reduction in the dry bias over the Indian region in WRFOML (16%) 
compared to CFSv2-T126 (44%) and WRFCTL (33%). The overall improvements reported here have substan-
tial implications for various socio-economic sectors in India, such as agriculture and hydrology. The crop 
models are basically rainfall-driven. The improvements in the simulation of different rain rate categories 
are expected to translate to the sectoral application-based forecasts derived from the downscaled simu-
lations. Even though the mean monsoon precipitation significantly improved in WRFOML compared to 
WRFCTL and CFSv2-T126, still further improvement in the precipitation is required. WRFOML lacks full 
ocean dynamics, which is one of the limitations of this model to address all aspects of ISMR. These will be 
attempted and reported elsewhere. Further improvements to the CGCM and resolution enhancements to 
WRFOML are expected to deliver promising results and are yet to be explored.

Data Availability Statement
Monthly observed Optimum Interpolated SST is available from https://psl.noaa.gov/data/gridded/data.
noaa.oisst.v2.html (OISST, Reynolds et al., 2002). Rainfall product from Global Precipitation Climatology 
Project is available from https://rda.ucar.edu/datasets/ds728.3/ (GPCP, Adler et  al.,  2003); daily gridded 
rainfall data from India Meteorological Department is available at http://www.imdpune.gov.in/Clim_Pred_
LRF_New/Grided_Data_Download.html at 1° × 1 ° resolution (Rajeevan et al., 2006), and Tropical Rainfall 
Measuring Mission (TRMM) estimated monthly precipitation is available from https://disc.gsfc.nasa.gov/
datasets/TRMM_3B42_Daily_7/summary (3B43V7, Huffman et al., 2007). European Center for Medium 
Weather Forecast (ECMWF) interim reanalysis (ERA-interim, Dee et al., 2011) monthly data products such 
as winds, air temperature, specific humidity at different levels, sea level pressure (SLP) are available from 
https://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=pl/. MLD data used to initialize the Ocean 
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model is obtained from https://www.metoffice.gov.uk/hadobs/en4/, which is based on observed Ocean 
temperature and salinity profiles.
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