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A global forecast system model at a horizontal resolution of T1534 (∼12.5 km) has been evaluated for the
monsoon seasons of 2016 and 2017 over the Indian region. It is for the first time that such a high-resolution
global model is being run operationally for monsoon weather forecast. A detailed validation of the model
therefore is essential. The validation of mean monsoon rainfall for the season and individual months
indicates a tendency for wet bias over the land region in all the forecast lead time. The probability
distribution of forecast rainfall shows an overestimation (underestimation) of rainfall for the lighter
(heavy) categories. However, the probability distribution functions of moderate rainfall categories are
found to be reasonable. The model shows fidelity in capturing the extremely heavy rainfall categories
with shorter lead times. The model reasonably predicts the large-scale parameters associated with the
Indian summer monsoon, particularly, the vertical profile of the moisture. The diurnal rainfall variability
forecasts in all lead times show certain biases over different land and oceanic regions and, particularly,
over the north–west Indian region. Although the model has a reasonable fidelity in capturing the spatio-
temporal variability of the monsoon rain, further development is needed to enhance the skill of forecast
of a higher rain rate with a longer lead time.
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1. Introduction

In the past several decades, there has been
significant improvement in the skill of weather fore-
casting using numerical weather prediction models.
It is demonstrated globally that enhanced reso-
lution of the general circulation models (GCM)
improves the model fidelity. The increased skill

in terms of better power and improved eastward
propagation of the Madden–Julian oscillation (as
intraseasonal variability) has been aptly shown by
a non-hydrostatic icosahedral atmospheric model
(Sato et al. 2005; Miura et al. 2015). Rajen-
dran and Kitoh (2008) have shown that the sea-
sonal mean climate simulations have improved in
high-resolution models. It is also reported that
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community atmosphere models with higher
resolution have shown improvement of simulation
for the systems associated with large-scale circula-
tion (Hack et al. 2006). Williamson et al. (1995)
showed that many nonlinear driving processes of
large-scale motion are represented better in high-
resolution models. Also, the European Centre for
Medium Range Weather Forecast (ECMWF) Inte-
grated Forecast System (IFS) model at a 10-km
resolution simulates the observed tropical cyclone
frequency and intensity more reasonably than
its coarser resolution versions (Manganello et al.
2012).

In the past, only a few global centres explored
the GCM for operational forecasting having res-
olution lesser than 100 km, mainly due to the
limitation of computational resources. Recently,
leading global operational centres, e.g., ECMWF
inducted very high-resolution GCM (with a 9-km
resolution for deterministic and 16 km for ensem-
ble prediction) for 10 days weather forecast. Many
previous studies have reported the increasing ten-
dencies of extreme events (Goswami et al. 2006;
Rajeevan et al. 2008; Roxy et al. 2017 and the ref-
erences therein) over the Indian region. Kim et al.
(2018) highlighted the importance of the high-
resolution models to capture the extreme rainfall
events over the Indian region. In India, the econ-
omy is largely dependent on agriculture (Gadgil
and Gadgil 2006) vis-à-vis the summer monsoon
rainfall, and this as such becomes the major factor
behind the need for monsoon research for improved
prediction. The operational forecasting in India
was based on a global forecast system (GFS) with
Eulerian (EL) dynamical core model at 27 km reso-
lution. Hence there was a need to improve the skill
of weather forecast, in general, and for the extreme
events, in particular, using the numerical model at
higher spatial resolution.

In India, the generation of medium-range
forecasts was started at National Centre for
Medium Range Weather Forecast (NCMRWF) in
1994 using the T80L18 global data assimilation
and forecasting system. In the course of time,
assimilated volume of data and model resolution
increased considerably as a result of improve-
ments in the model, observing system and the
data reception system. Major improvements in
forecasting skill were observed in 2010 with the
introduction of the T382L64 model configuration
and further upgradation to T574L64 on compar-
ison with previous versions of the model (Prasad
et al. 2011). In the 2011 monsoon period, the

T574L64 model produced 1-day gain in forecast
skill compared to the T382L64 model (Prasad
et al. 2014). In order to have a uniform data set
(comparable skill) for a longer period that can
be used for climate-related studies, a retrospective
analysis is carried out with the model configura-
tion of T574L64 from 2000 to 2011 (Prasad et al.
2017). At present, Hybrid 4D Ens-Var assimila-
tion with the T1534L64 model resolution has been
used in operational weather forecasts since 2017
April.

It is worthy to mention that from 2010 onwards,
an operational seasonal forecast based on the
dynamical coupled model, National Centre for
Environmental Prediction (NCEP) CFSv2 (Cli-
mate Forecast System version 2 model) was used
at a T382 (∼35 km) resolution for the Indian sum-
mer monsoon (ISM) forecast (June–July–August–
September) (Dandi et al. 2016). Along with the
development of a dynamical seasonal forecast mo-
del, an extended range multi-model (CFS/GFS)
ensemble forecast system has also been devel-
oped to issue forecast up to four pentads. The
seasonal and extended range forecast system devel-
oped under ‘Monsoon Mission’ of Ministry of Earth
Science, Government of India, has been found to
be very effective in enhancing the skill of forecast,
particularly, for the agricultural sector. Extended
range forecast has also been found to be use-
ful for providing warnings of heat wave anomalies
and extreme rainfall with three pentads lead times
(Borah et al. 2015; Joseph et al. 2018).

While the seasonal forecast is able to provide
a skilful forecast of ISM over the country as a
whole and the extended range forecast provides
weekly anomalies over the region up to four pen-
tads, there was an increasing demand, particularly,
from the agro-met services of the India Meteorolog-
ical Department to provide forecast advisories for
a period of around 10 days at the sub-district level.
The increasing frequency of flood due to extreme
rain (Nandargi and Gaur 2015) over the major
Indian cities was also a point of concern. Keeping
particularly the requirement for a high-resolution
forecast over the country to enhance the services
and extend it to the sub-district level, a state-
of-the-art very high-resolution NCEP GFS model
(semi-Lagrangian (SL)) at T1534 (∼12.5 km) has
been established. In the present study, the eval-
uation of the high-resolution model skill over
the Indian region for two monsoon seasons
(2016–2017) has been carried out for the first
time.
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2. Model, observation and methodology

In order to fulfil the requirement for the block
level forecast in India, a very high-resolution deter-
ministic GFS with spectral resolution of T1534
(∼12.5 km) with 64 hybrid vertical levels (top
layer around 0.27 hPa) has been implemented for
daily operational forecast since June 2016. The
global atmospheric model in GFS is a global spec-
tral model (GSM) version 13.0.2, adopted from

Figure 1. Schematic of GFS T1534 (∼12.5 km) L64.

NCEP (http://www.emc.ncep.noaa.gov/GFS/doc.
php). The GFS model dynamical core is based
on a two time-level semi-implicit SL discretisa-
tion approach (Sela 2010), while the physics is
done in the linear, reduced Gaussian grid in the
horizontal space. It is the first time that the SL
dynamical core (previously EL) is implemented in
the GFS T1534 for operational forecast over India,
equivalent to other global operational centres,
namely, ARPEGE (Meteo France), GEM (Environ-
ment Canada), GFS (NCEP, USA), GSM (Japan
Meteorological Agency (JMA)), IFS (ECMWF),
MetUM (United Kingdom Met. Office), etc. The
major advantage of the SL framework over the
EL approach is that it is an unconditionally sta-
ble scheme which accurately captures waves with
high phase speed and sufficient accuracy. It also
saves lot of computational time as compared to
the EL framework due to longer time steps. A
detailed description of the benefits of the SL
approach is described in detail in the study by
Staniforth and Côté (1991). Figure 1 and table 1
describe the schematic of GFS T1534 and the
description of model physics, respectively. The ini-
tial conditions for the forecast are generated by
the NCMRWF through the global data assimila-
tion system (GDAS) cycle which has more Indian
data in it. More details about the NCMRWF data
assimilation system is documented by Prasad et al.
(2016).

The GFS T1534 model is run daily for 10 days
and the output is stored every 3 hr interval.
In this paper, we have analysed both daily and
diurnal runs of June–September (JJAS) for 2016
and 2017. The model is being run at the Ministry

Table 1. Model physics in GFS T1534.

Physics Description

Convection Revised simplified Arakawa–Schubert (RSAS) and mass

flux-based SAS shallow convection scheme

Microphysics Zhao–Carr–Moorthi microphysics formulation for grid-scale

condensation and precipitation

Gravity wave drag Orographic gravity wave drag, mountain-drag and

stationary convective gravity wave drag

PBL Hybrid eddy diffusion mass flux turbulence/vertical

diffusion scheme

Radiation Solar radiation and IR based on RRTM (originally from

AER, modified at EMC) with Monte Carlo Independent

Column Approximation (McICA). Cloud fraction for

radiation computed diagnostically from prognostic cloud

condensate
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Figure 2. JJAS mean rainfall (mm day−1) for day-1, day-3, day-5 and day-8 lead times from the GFS T1534 model forecast,
compared with IMERG gridded data. Number in each panel denotes the spatial correlation coefficients between the model
and observation at different lead times. The right-hand column represents model rainfall (mm day−1) bias at various lead
times with respect to observation.

Figure 3. JJAS rainfall bias (mm day−1) for day-1, day-3, day-5 and day-8 lead time from the GFS T1534 model forecast
with respect to IMERG gridded data during June, July, August and September, respectively.
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of Earth Sciences high power-computer (HPC)
facility ‘Aaditya’ at the Indian Institute of Trop-
ical Meteorology (IITM), Pune.

To validate the model forecast, the latest
version (05B) of Integrated Multi-satellite
Retrievals for GPM (IMERG) (Huffman et al.
2014) rainfall data at 0.1◦ × 0.1◦ (10 km) horizon-
tal resolution and half-hourly temporal resolution
is used in the present study during JJAS of
2016 and 2017. The utilisation of a very high-
resolution rainfall data is desirable to keep all the
localised features intact in the observation and
model. The precipitation in IMERG is estimated
from various precipitation-relevant satellite passive

microwave sensors comprising the GPM
constellation using the 2014 version of the God-
dard Profiling Algorithm (GPROF2014). In the
present study, we have used the IMERG version
05B final run data which is the latest high-
quality research purpose data set, and it is avail-
able in the following webpage https://pmm.nasa.
gov/data-access/downloads/gpm. More technical
details about the IMERG data sets are pro-
vided in https://pmm.nasa.gov/sites/default/files/
document files/IMERG doc 180207.pdf. For the
present study, we have interpolated the IMERG
rainfall data from 0.1◦ × 0.1◦ to 0.125◦ × 0.125◦

model grid point.

Figure 4. All India rainfall PDF (%, in log scale) vs. rain rate (cm day−1) categories during JJAS for different lead times
derived from the GFS T1534 model forecast and compared with IMERG gridded data.
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Figure 5. Spatial distribution of rainfall (cm day−1) for different categories during JJAS for (a) IMERG and (b–e) GFS
T1534 for different lead times. (f) Rainfall PDF (%, in log scale) vs. rain rate (cm/day) categories during JJAS over CI,
BOB, NWI and WG regions for different lead time derived from GFS T1534 model forecast and compared with IMERG
data. The domains are chosen as in figure 11.
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In addition to rainfall data, various other satellite
and reanalyses-based parameters are also used
to further investigate model performance. ERA
interim reanalysis (Dee et al. 2011) wind and rela-
tive humidity (RH) is utilised for the validation of
the corresponding model forecast for the summer
monsoon of 2016 and 2017. Additionally, the OLR
data from Kalpana-1 very high-resolution radiome-
ter satellite observations (Mahakur et al. 2013) is
used.

The daily rainfall time series is computed by
accumulating half (3) hourly IMERG (GFS T1534)
data. The model forecast data is taken from
22 May 2016 and 2017, respectively, to make
JJAS (122 days) time series at various lead times
for both the years. The mean JJAS rainfall is
calculated based on 2-year JJAS datasets for
day-1, day-3, day-5 and day-8 forecast lead times.
The spatial correlation coefficient is provided in
the rainfall spatial plots. To make the diurnal
cycle of rainfall over different parts of India and
over the oceanic region, a 3-hr time series is
calculated for both the observation and model
starting from 02:30 to 23:30 IST for various lead
times.

3. Results and discussion

3.1 Evaluation of rainfall and dynamical
parameters

The forecast rainfall with day-1, day-3, day-5
and day-8 lead for JJAS and the correspond-
ing bias with respect to the IMERG data are
shown in figure 2. While in all lead times, the
model prediction shows a reasonable spatial cor-
relation, there is a significant overestimation of
rainfall over the Bay of Bengal (BoB) region
and over the west coast of India. The overes-
timation of the model forecast with respect to
the IMERG data is evident from the precipita-
tion bias plot as well (figure 2). To understand
the growth of bias, the rainfall bias with differ-
ent lead times for the individual months of JJAS
are plotted in figure 3. It is evident that the
positive bias over the Bay region and along the
west coast is present in all months and in all
forecast lead time. This suggests that the model
seems to have a systematic bias of overestima-
tion over the BoB and over the west coast region.
The rainfall over the land also shows an

Figure 6. Area averaged sub-grid scale vertical turbulent flux of moisture (kg m−2 s−1) during JJAS of 2016–2017 over
different Indian regions at different forecast lead times.
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overestimation, but lesser in magnitude as com-
pared to that over the BoB region. The spatial
correlation of model forecast precipitation with
that of observation remains above 0.6 until 8 days
during June and July. In August, the correlation
falls from 0.62 to 0.52 from day-1 to day-8 lead
times, respectively. For the month of September,
the model shows a correlation up to 0.6 for fore-
cast with 8 days (figure 3) lead time. To identify
the possible reason behind the model wet bias
for different months and with different lead times,
the rainfall probability distribution function (PDF)
for all months (JJAS) from the model forecast
of day-1, day-3, day-5, day-8 and the correspond-
ing observation is shown in figure 4 (top left).
The model overestimates the lighter rainfall (0.25–
1.56 cm day−1) at all lead times, captures the
moderate category of 1.56−6.45 cm day−1 prop-
erly in all lead times, slightly underestimates the
heavy rainfall categories (6.45−11.56 cm day−1) in
all lead times and also the very heavy categories
(11.56−20.45 cm day−1) except day-8 lead during
JJAS. To gain further insight, the model rain-
fall forecast for each month and for different lead
times is analysed. In each monsoon month of
JJAS, the model shows similar characteristics as
seen in JJAS, of overestimating the lighter cate-
gories (0.25−1.56 cm day−1) and underestimating
the heavy (6.45−11.56 cm day−1) and very heavy
(11.56−20.45 cm day−1) categories of rainfall in
all lead times of July, August and September,
whereas the model overestimates the heavy and
very heavy categories of June in all lead times.
The model forecasts successfully capture the mod-
erate category (1.56−6.45 cm day−1) rainfall in all
lead times of the monsoon months. The extremely
heavy category (≥20.45 cm day−1) of rainfall fore-
casts is overestimated more in the longer lead
(day-5 and day-8 forecast) in all 4 months but with
reduced magnitude in August and September as
compared to June and July. These results are con-
sistent with other earlier studies, e.g., Chakraborty
(2010).

The PDF does not provide the spatial
distribution of the rainfall; therefore, to understand
the spatial model performance for different rainfall
categories, rainfall forecast along with rainfall
PDF over four representative regions (central India
(CI), BoB, north-west India (NWI) and the West-
ern Ghats (WG)) are plotted in figure 5. It
is evident from figure 5(b–e) that the model
produces too much lighter rainfall over the BoB,
CI and the NWI region and this is reflected in

the PDF plots of these regions in figure 5(f) as
well. In the moderate category of 2−6 cm day−1,
the model seems to have predicted reasonably
over the CI and BoB (figure 5a–f) although it
underestimates over the NWI and marginally over-
estimates over the WG regions in all lead times.
Compared to BoB and NWI, the model shows
better fidelity in capturing the heavy rain
(>10 cm day−1) category over the CI and WG

Figure 7. Spatial distribution of zonal wind circulation bias
(m s−1) in GFS T1534 with respect to ERA Interim at day-1,
day-3, day-5 and day-8 lead time at 850 hPa (upper panels)
and 200 hPa (lower panels).



J. Earth Syst. Sci. (2019) 128:155 Page 9 of 18 155

although with some underestimation until the
day-5 lead. The spatial and PDF plots (figure 5a–f)
indicate that the model has a systematic prob-
lem in capturing the BoB convection as it is
significantly underestimating the heavier rainfall
(>10 cm day−1) in all lead times, and similarly
over the NWI, the model predicts too many
heavy events (>10 cm day−1) which needs to be
improved.

To understand the rainfall characteristics over
the four major regions (shown in figure 5), namely
the CI, BoB, NWI and WG, we have analysed
the sub-grid scale vertical turbulent moisture flux
(figure 6). It is evident that over the CI, the model
predicted vertical turbulent moisture flux decreases
up to around 850 hPa in all lead times while the
ERA interim analyses indicate a gradual increase
of moisture flux. Even between the 850 and 500
hPa level, the model predicted turbulent mois-
ture flux is lesser than that of the results of the
analyses. This as such could be one of the major
issues for the model in underestimating the heavier
rainfall as a weaker turbulent moisture flux would
not facilitate deep convection. Over the BoB, the
model predicted vertical turbulent moisture flux
shows a similar distribution (unlike the lower level
over the CI) as that of reanalyses, but the mag-
nitude of moisture flux is underestimated and as
such, it is evident from figure 5(f) that the model
has poorly captured the heavier rain PDF over the
BoB. Over the NWI region, the model shows a sim-
ilar distribution (with underestimation) as that of
reanalyses in the lower level (within 850 hPa) but
above 800 hPa, the model overestimates the ver-
tical turbulent moisture flux (figure 6), and this
as such is manifested in the PDF (>10 cm day−1)
where the model erroneously predicts heavy events
in all lead times. Over the WG, the model resem-
bles the analysis in the lower level up to 900 hPa

but beyond the 700 hPa level, the vertical turbulent
moisture flux is overestimated by the model for all
lead times (figure 6). Based on the analyses of the
sub-grid scale vertical turbulent moisture flux, we
argue that the sub-grid scale moisture transport
is not properly predicted in the lower and mid-
dle troposphere which affects the convective pro-
cesses that are reflected through erroneous rainfall
prediction.

The low level (850 hPa) and upper level (200
hPa) winds are found to be reasonably predicted
although there is a slight overestimation of the
850 hPa zonal wind around the equatorial Indian
Ocean and of 200 hPa wind over the southern
tip of the Indian land mass (figure 7). It may be
worth noting that the overestimation of the zonal
wind over the equatorial Indian Ocean gradually
decreases and shows a negative bias by the 8-day
lead time (figure 7). The zonal wind at 200 hPa
shows a negative (positive) bias in all lead times
to the south of the equator and over the west-
ern (eastern) equatorial Indian Ocean (figure 7).
As a consequence to the better prediction of the
lower-level (850 hPa) and the upper-level (200 hPa)
wind fields, the easterly shear has been pre-
dicted well by the model (figure 8). However, it
is also noted that there is a slight underestimation
(overestimation) of wind shear around equatorial
(∼10◦N) region for all lead times. For a longer
lead forecast of day-8, the wind shear is found
to be underestimated in the region of around
20◦N. To identify the vertical distribution of mois-
ture and the circulation (meridional–vertical), the
regional Hadley cell (average over 65−95◦E) is
plotted for ERA and for the model forecasts of
day-1, day-3, day-5 and day-8 lead (figure 9). In all
forecast lead times, the model produces a reason-
ably moist (RH >75%) planetary boundary layer
(PBL) and the vertical extent of the moisture

Figure 8. Easterly zonal wind shear (m s−1) (U200–U850) during JJAS as obtained from the ERA Interim reanalyses and
GFS T1534 at various lead times.
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Figure 9. Latitude–pressure plot of mean regional Hadley cell circulation (vector, v-wind vs. omega ×100) and RH (shaded
in %) distribution averaged over 65−95◦E during JJAS from ERA Interim (top left figure) and the GFS T1534 model
forecast at different lead times, respectively.

reaches up to 200 hPa before detraining in the
upper troposphere. In the ERA interim reanaly-
ses, ∼85% of RH within the PBL is seen to extend
up to 25◦N, whereas the model-predicted high RH
(∼85%) within the PBL extends up to around
10◦N in all lead times (figure 9). The above anal-
ysis brings out that the model forecast RH (85%)
within the PBL has a lesser extent to the north
of 10◦N. While the ERA reanalyses show the ver-
tical motion between the equator and 10◦N, the
model captures similar updraft only on day-1 lead

and from day-3 onwards, it shows a subsidence
(figure 9).

In order to gain further insight into the precip-
itation and moisture processes over the core CI
region (18◦−27◦N and 74◦−85◦E), we have anal-
ysed the vertical profile of RH as a function of
the rain rate during JJAS of 2016–2017 (figure 10).
This metric has been proved to be useful to look
into the model moist dynamic processes (Thayer-
Calder and Randall 2009; Ganai et al. 2016; Abhik
et al. 2017). It is evident that for all lead times,
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Figure 10. Vertical profile of RH (shaded in %) as a function of rain rate (mm day−1) over the CI region during JJAS of
2016–2017 from observation (ERA Interim vs. IMERG, top left side) and corresponding model bias (model minus obs.) at
various lead times, respectively. The rain rate at the x-axis is plotted on a log10 scale.

the model is able to capture the vertical pattern of
rainfall and RH pattern broadly. However, detailed
analyses reveal that for all lead times, the model
has systematically underestimated the lower-level
moisture distribution. Lower-level moisture dis-
tribution plays an important role in triggering,
sustaining and maintaining the growth of the con-
vective system. Thus, it may be possible that
the insufficient lower-level moisture in the model
leads to make convection shallow which resulted in
the overestimation of the lighter category of rain-
fall and underestimation of the heavier category
rainfall.

Another important aspect of the model is the
diurnal rainfall variation, namely, the diurnal phase
and the diurnal absolute amplitude (figure 11a
and b). The definition of the diurnal phase is
that the local solar time when the maximum pre-
cipitation occurs in a day (Ganai et al. 2016).
Diurnal absolute amplitude is defined as the dif-
ference between maximum rainfall and minimum
rainfall in a day (Ganai et al. 2016). GFS T1534
captures the diurnal phase reasonably except over
the region of NWI in all lead times. However,
the model captures the diurnal phase realistically

elsewhere in the country. The diurnal phase over
the oceanic region, e.g., the BoB and the Arabian
Sea, appears to be reasonable (figure 11a). How-
ever, the absolute amplitude of rain (figure 11b)
is overestimated over the BoB, and to a lesser
extent, over the Arabian Sea. The diurnal abso-
lute amplitude appears to be reasonable over the
CI region. The orographic region of WG and
also over the Myanmar coast is seen to have a
negative bias implying lesser absolute amplitude.
To further investigate the diurnal cycle of rain-
fall, we have selected nine boxes over different
parts of the Indian region as shown in figure
12. Figure 13 shows the diurnal cycle of rain-
fall over different parts of India. Over the CI
region, the model captures a prominent varia-
tion but the peak rainfall is around 3 hr ahead
of the observation. Over the BoB, the model
shows a similar rainfall variation as that of the
observation but with overestimation. The model
fails to capture the rainfall variation over the
NWI region, showing an early morning peak as
against an afternoon peak in the observation.
Over north-east India (NEI), the model diurnal
variation resembles the observation but with an
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Figure 11. (a) JJAS distribution of the diurnal phase (IST (hr)) when maximum precipitation occurs for IMERG (top left)
and the GFS T1534 model forecast at different lead times, respectively. (b) Represents the distribution of diurnal absolute
amplitude (mm h−1) defined as the difference between the maximum and minimum rainfall in a day from IMERG and
corresponding model biases at different lead times, respectively.

overestimation. The diurnal rainfall variability over
the northern WGs and southern WGs are over-
estimated by the GFS T1534 as compared to
the IMERG process. The diurnal variability over
the eastern coast shows (figure 13) a distinct
diurnal cycle of rainfall similar to that over the
CI land mass region. Although GFS T1534 is
able to capture the late afternoon peak during
the rainfall, it overestimates the rainfall amount

over this region and the rainfall minimum occurs
ahead of the observations. Furthermore, the diurnal
variation of rainfall is analysed over the west-
ern equatorial Indian Ocean (WIO) and eastern
equatorial Indian Ocean (EIO), respectively.
Although the EIO and WIO show weak diurnal
variation, the model is able to capture the diurnal
variation reasonably well over these two oceanic
regions.
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Figure 12. Selected boxes over the Indian region Bay of
Bengal and equatorial Indian ocean (EIO) to calculate the
diurnal cycle of rainfall.

The above analyses bring out the fact that the
model has a tendency to overestimate the rain-
fall over the WG, BoB and NEI but does not
match in NWI. Over the CI region, the model
peak rain occurs 3 hr earlier than the observa-
tion. Besides the issues with diurnal variability,
the model has a tendency to predict too many
lighter rainfall events over the Indian land mass
and also over the BoB. These features of the
model indicate the fact that the model’s cumulus
and cloud parameterisation need further improve-
ment to reduce frequent triggers of rain during
the monsoon season. It may be worth mention-
ing that although this model is being used at
12.5 km, most of the physical parameterisation,
particularly, the cloud and convective parameter-
isation of GFS is similar to that of the coarser
resolution GFS/CFS. Such a tendency of over-
estimation of lighter rain in the rainfall PDF was
earlier reported by Goswami et al. (2014) and
Abhik et al. (2016) in analysing CFSv2T126 and
CFSv2T382, respectively. Thus, while the model

has good fidelity of capturing the diurnal cycle over
the land and ocean and is also capable of cap-
turing the heavier rainfall PDF, there is a need
to improve the physics suitable for the higher
resolution (∼12.5 km) of the model and the sub-
sequent modification of the convective trigger that
will reduce the generation of too frequent lighter
rain and may improve the model bias. Another
aspect which may need improvement is the ver-
tical resolution of the GFS T1534. The CFSv2
T126 (∼horizontal resolution ∼110 km), CFSv2
T382 (horizontal resolution ∼38 km), GFS T574
(horizontal resolution ∼25 km) and the current ver-
sion, GFS T1534, use 64 vertical levels. While with
the increase of horizontal resolution, there is a
need to enhance the vertical resolution as well for
resolving the vertical processes associated with the
cloud and convection of the model.

3.2 Verification of model forecast

To further assess the performance of GFS T1534
quantitatively, skill scores are calculated. The fore-
cast skill of GFS T1534 (JJAS of 2016–2017)
is assessed based on skill scores such as equi-
table threat score (ETS), Peirce skill score (PSS),
Heidke skill score (HSS) and so on. These scores
provide information on the improvement of model
forecast over some reference forecast (Wilks 2011).
The dichotomous nature of precipitation allows for
verification using a contingency table. The con-
tingency table is shown in table 2. This has four
components, namely, hits, ‘a’; false alarms, ‘b’;
miss, ‘c’; and correct negatives ‘d’. Skill scores are
based on these components.

Here we have calculated the ETS, PSS and HSS
to assess the skill of GFS T1534. ETS gives an
indication as to how well the forecast yes events
correspond to observed yes events accounting for
hits which might occur by chance. This score ranges
from −1/3 to 1 with 1 being the perfect score. It
is given by

ETS =
a − aref

a + b + c − aref
, (1)

where

aref =
(a + b) (a + c)
a + b + c + d

. (2)

PSS tells how well the forecast could distinguish
between ‘yes’ events from ‘no’ events. It is the dif-
ference between the probability of detection and
the probability of false detection. The score ranges
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Figure 13. Diurnal cycle of rainfall (mm h−1) as obtained from IMERG (black line) and the GFS T1534 model forecast at
different lead times during JJAS of 2016–2017 over different regions shown (as boxes) in figure 12.

Table 2. Structure of the contingency table (Finley 1884).

Observed (o)

Yes No Total

Forecast (f)

Yes Hits: a False alarms: b Forecast yes: a+b

No Misses: c Correct negatives: d Forecast no: c + d

Total Observed yes: a+c Observed no: b + d Total: N= a + b + c + d

from − 1 to 1 with 1 being the perfect score. It is
given by

PSS = H − F =
ad − bc

(a + c) (b + d)
. (3)

HSS shows the accuracy of the forecast relative
to that of random chance. It ranges from − 1 to

1 with 0 showing no skill and 1 being the perfect
score:

HSS =
2 (ad − bc)

(a + c) (c + d) + (a + b) (b + d)
. (4)

Figure 14(a–c) shows the ETS, PSS and HSS for
GFS T1534 with increasing threshold and lead
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time, respectively. ETS attains a maximum score
of 0.26 for day-1, PSS attains a maximum score
of 0.43 for day-1 and HSS peaks at 0.41 for day-
1. The scores decrease with increasing lead times
and thresholds. Here, it is worthwhile to note that
the scores do not fall to zero even for thresholds as
high as 105 mm and a lead time of day-5. This
indicates a reasonably good forecast skill of the
model in relation to the skill seen for other models
forecast over the Indian region (Taraphdar et al.
2016).

Another set of scores is shown in the performance
diagram which comprises probability of detection
(POD), success ratio (SR), bias score (B) and
critical success index (CSI). This was devised by
Roebber (2009), and the details can be found
therein.

The scores are calculated based on the contin-
gency table and expressed as

POD =
a

a + c
, (5)

SR = 1 − False alarm ratio =
a

a + b
, (6)

B =
a + b

a + c
, (7)

CSI =
a

a + b + c
. (8)

Performance diagram takes the advantage of rela-
tionships among the scores to show multiple scores
at one time. Figure 15 shows the performance dia-
gram of GFS T1534 for day-1, -3 and -5 and for
thresholds of 2.5, 5, 15 and 20 mm day−1. The
x- and y-axis show success ratio and probability
of detection, respectively. The dashed and curved
lines represent bias and critical success index,
respectively. The perfect value for all these scores is
1; hence in the diagram, a good forecast will lie in
the upper right corner. Here we see that the skill of
the GFS T1534 forecast decreases with increasing
lead times. Also for a particular lead time, the skill
decreases with the increasing threshold of rainfall.
The skill for lower thresholds (2.5 and 5 mm) does
not vary much with the increasing lead time, indi-
cating the ability of the model to maintain its skill
for longer lead times. In the case of higher thresh-
olds (15 and 20 mm), the skill deteriorates with
increasing lead time. It is noteworthy that bias
is improving with increasing lead time. Although
the model shows its best skill for day-1 forecast
at 2.5 mm day−1 rainfall threshold, the skill is
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Figure 15. Performance diagram of the GFS T1534 for JJAS 2016–2017 for all India land grid points.

(a) (b)

Figure 16. RMSE of (a) U component of wind at 850 hPa (solid) and at 200 hPa (dashed) and (b) V component of wind
at 850 hPa (solid) and at 200 hPa (dashed) for JJAS 2016–2017 for the domain 10◦S–40◦N and 50◦–120◦E.

substantial even for day-5 forecast of rainfall
greater than 20 mm day−1.

Furthermore, to analyse the skill of the model
in the prediction of winds, verification of the wind
forecast is carried out in terms of root mean
square error (RMSE). RMSE is calculated for u
(figure 16a) and v (figure 16b) components of
wind at 850 and 200 hPa for the ISM domain
(10◦S−40◦N and 50−120◦E). The RMSE gives the
average magnitude of the forecast error. For both
components of winds, there is a gradual increase in
RMSE with lead time. RMSE is less for the v com-
ponent compared to u at 850 and 200 hPa. A point

to note is that the error for u and v at 850 hPa
is considerably less than that at 200 hPa. Even at
day-5, RMSE does not go beyond 3 m s−1 for 850
hPa level and it lies below 6 m s−1 for 200 hPa level
which indicates good skill of the model in predict-
ing winds.

4. Conclusions

The deterministic forecast from the high-resolution
GFS T1534 (12.5 km) model has been evaluated
for two monsoon seasons, e.g., 2016 and 2017.
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The model being initialised with the GDAS
assimilation at NCMRWF is run every day for the
next 10 days forecast at IITM. The evaluation of
the high-resolution model forecast reveals that the
model broadly is able to capture the heavy rainfall
PDFs, although it has a systematic error of pro-
ducing more than the observed lighter categories of
rain rates. The tendency of overestimating lighter
rain rates is evident in the spatial plots and for
all the lead times of the forecast. A critical eval-
uation of the moisture distribution reveals that
the model is able to capture the vertical structure
associated with the regional Hadley cell reasonably
although the low level moisture (RH>85%) max-
ima extends only up to around 10◦N as against
the ERA interim reanalyses where the maximum
moisture within the boundary layer extends up to
20◦N. The model shows good fidelity in forecasting
the diurnal phase over the country except over the
NWI region. The diurnal cycle over the CI region
needs further improvement in terms of time of peak
rain. The diurnal rainfall over the WG, BoB, east
coast and the north-eastern region needs to be fur-
ther improved to reduce the overestimation.

The model shows reasonable skill for various
rainfall categories although the skill reduces with
the lead time. While the model shows fidelity in
capturing the lower (850 hPa) and upper (200 hPa)
level wind and moisture distribution, there is a
need to enhance the skill for higher categories of
rain rates with longer lead. Further model develop-
ment initiatives are being undertaken in improving
the model performance with reduced forecast error
with longer lead time.
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