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IR W fRAr Sar 1 HeE-3renT Alsd 3R vATAS § Sor-wadw ol aiRer @ qetgae o
Adrae Jart F v 3wEEh e w et & oot & @erw Aeaire R o §1 R
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Shuwed, ShSukud, TAASH, TAERUA AR STAT FAT: 043, 0.47, 049, 049 AR 046 Rmr w I
TATAS, SNUhUH, SNEUGUH, TAHEd, TAHRUA R JUAT & AU AR IR ARUATHS HAA:
12.7,15.2,14.1,143,16.6 3R 14.1 A/ & Sa ImSvaAsy i Jorom # aRer & 18| Alsel AT
N HR-JoraTT § gl AT & &k MME R aeee & g & ke g 3w & fAv ard
A Ferel e gl qalefae Scdeet X el Bl

ABSTRACT. The southwest (SW) monsoon season from June to September (JJAS) is the major rainfall period
over most parts of Indian regions. Accurate rainfall forecast is one of the most crucial and least predictable parameters of
the numerical weather prediction (NWP) models because of its uneven distribution and patterns over the globe. During
the last decade many studies have been carried out using different NWP models to predict rainfall incidents, and it is
found that the forecast skill has been improved considerably. In the present study, a multi-model ensemble (MME) based
tool has been developed for the prediction of SW monsoon rainfall at the district level over India for five days. The
precipitation forecasts from five operational NWP modelling systems, viz., (i) Global Forecast System (GFS) and
(if) Global Ensemble Forecasting System (GEFS) running at India Meteorological Department, (iii) Global Forecast
System model running at National Centre for Environment Prediction (NCEP), (iv) Unified Model running at National
Centre for Medium-Range Weather Forecasting (NCMRWF) and (v) Global Spectral Model (GSM) running at Japan
Meteorological Agency (JMA) have been used for developing the MME forecasts for SW monsoon 2021. The prediction
skill of the MME and the individual model forecast is evaluated against observed district rainfall. The district-level
heavy rainfall forecast from individual models and MME is also evaluated against the observed rainfall events useful for
warning services. Different verification scores like Correlation Coefficient (CC), Root Mean Square Error (RMSE), Mean
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Bias, Probability of Detection (POD), False Alarm Ratio (FAR), Equitable Treat Score (ETS), Critical Success Index
(CSl), etc. are calculated for the verification purpose. The different verification score shows that MME rainfall forecast
has performed well than the individual models in different spatial domains and temporal scales. The CC between
observed rainfall and day 1 MME forecast is 0.58, whereas GFS, GEFS, NCEP, NCUM and JMA are showing 0.43, 0.47,
0.49, 0.49 and 0.46 respectively. The RMSE observed for MME, GFS, GEFS, NCEP, NCUM and JMA are 12.7, 15.2,
14.1, 14.3, 16.6 and 14.1 mm/day respectively when compared with IMD observed rainfall. The inter-comparison of the
model forecasts reveal that the MME method can generate skillful district rainfall forecast over India for operational use

during the monsoon season.
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1. Introduction

Rainfall has paramount social and economic impacts
on human lives compared to any other atmospheric
parameter (Gadgil and Gadgil 2006; Gadgil 2003; Gadgil
and Srinivasan 2010; Revadekar and Preethi 2012).
Agriculture is backbone of Indian economy, thus the
country is hugely dependent on the distribution and the
variation of rainfall. India receives 80% of its annual
rainfall from the southwest (SW) monsoon. Thus, any
variation in the amount of rainfall decides the fate of
natural disasters, such as flood and drought, and Indian
gross domestic product (Gadgil and Gadgil 2006). The
Indian summer monsoon rainfall (ISMR) exhibits a
regional heterogeneous variability at different time scales,
such as inter-annual, seasonal, intra-seasonal, and so on
(Goswami and Ajaya Mohan 2001; Gadgil 2003;
Krishnamurthy and Shukla 2007). The information about
the distribution and intensity of rainfall in future will be
highly helpful for the agriculture activities to increase the
crop production and also for the damage control.
Forecasting of rainfall over the Indian region is a
challenging task due to its variability and also due to the
diverse geography, with a topography that ranges from
high mountain ranges to fertile plains, deltas, coasts,
wetlands, rivers and deserts. Numerical weather prediction
(NWP) methods have acquired greater skill and are
playing an increasingly important role in the weather
forecasting. However, in general, the forecast skill in the
tropics is still lower compared to that of mid-latitudes and
is particularly of concern for rainfall forecasts over the
Indian monsoon region(Webster et al., 1998; Gadgil 2003;
Krishnamurti, Kumar and Mitra 2006; Woods 2006). This
is because of large spatial and temporal variability of
rainfall and some inherent limitations of NWP models.
Since these models are built on the foundation of
deterministic modelling which start with some initial
conditions, the inherent limitation of these NWP models is
that they neglect small scale effects and they approximate
complicated physical processes and interactions in time
and space. The models lose skill because of the growth of
the inevitable uncertainty in the initial conditions. The
accuracy of a models varies depending on the assimilation
process, formulation, horizontal-vertical resolutions and
the parameterization schemes representing the small-scale
processes in the model. The process of improving forecast
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skill of an individual NWP system through research and
development in modelling and data assimilation is going
on throughout the world.

In order to address the limitations of deterministic
model, a new approach known as ensemble forecasting
was introduced in the 1990s (Molteni et al., 1996; Toth
and Kalnay 1997; Zhang and Krishnamurti 1997). In this
method, forecasts are made either with different models or
different initial conditions or both and are combined into a
single forecast to take into account the uncertainty in the
model formulation and initial conditions. The idea of
ensemble forecasting was first introduced in the studies of
Lorenz (1963; 1965), where he examined the initial state
uncertainties and the well-known butterfly effect. He
noted that the atmosphere is essentially chaotic, because
the processes involved in its evolution are non-linear. The
study of Lorenz (1963; 1965) showed that no matter how
good the observations are, or how good the forecasting
techniques, there is almost certainly an insurmountable
limit as to how far into the future one can forecast.

In this sense, knowledge of systematic errors
occasioned by these uncertainties is of paramount
importance in the realization of improvements in the
forecasting system, with a view to minimizing the errors,
and helping meteorologists in the preparation of weather
forecasts. Multi model ensemble (MME) is the one of the
techniques in which minimization of errors in the forecast
is achieved by considering errors of the multiple models
(Tebaldi et al., 2004; Weigel et al., 2010; Krishnamurti,
Kishtawal, Shin, et al., 2000; Chandler 2013;
Krishnamurti, Kishtawal, Zhang, et al., 2000). The
questions that arise are those dealing with the method used
to combine the forecasts. Recent research in climate
modelling suggests that combination schemes with
unweighted means (simple ensemble mean: giving equal
weight to each deterministic model) provide better results
than schemes with weighting (super ensemble model)
based on the performance of each model (Christensen
et al. 2010; Déqué and Somot 2010). And, according to
Weigel (2010) and Knutti (2010), the combination of
models taking into account the concept of weighting must
be treated with great care, principally when applied to
climate change. Past studies shows that the error of the
ensemble mean is often 30% smaller than the typical error
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Fig.1. Four homogeneous regions of India covering the

36 meteorological subdivisions of India

of individual models, which again is the value predicted
by the indistinguishable interpretation (Palmer et al.,
2006; Christiansen 2018; Christiansen 2019). In last two
decades many studies where carried out for rainfall
forecast using MME methodology during ISMR and
reported significant improvement of MME over single
NWP model (Roy Bhowmik and Durai 2008; Roy
Bhowmik and Durai 2010; Mitra et al. 2011; Bhomia
et al., 2016; Kumar et al., 2012).

This report describes the development and the
performance of the MME district level forecast of rainfall
over India from five operational NWP models available
on real time basis at India Meteorological Department
(IMD) New Delhi during the 2021 monsoon. Accurate
prediction of district wise rainfall in medium range time
scale for the country like India will be of great benefit not
only for Agriculture & water sectors but also for the
disaster management considering the occurrence of large-
scale heavy rainfall associated flooding events over India
during the southwest monsoon season. Rainfall forecast
from five global NWP models are used for the
development of MME forecast up to day 5 over 732
Indian districts (as shown in Fig. 1) spreading over the 4
homogeneous regions of India and this rainfall forecast is
also validated with observed rainfall.

2. Dataused
In the present study, rainfall forecasts from five
global NWP models, viz., (i) Global Forecasting system
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(GFS) runs at IMD, (ii) GFS model from National Centres
for Environmental Prediction (NCEP), (iii) Global
Ensemble Forecasting System (GEFS) runs at IMD,
(iv) Unified model (NCUM) runs at National Centre for
Medium Range Weather Forecasting (NCMRWF) and
(v) operational Global Spectral Model (GSM) model of
Japan Meteorological Agency (JMA) are used to generate
MME forecast for Indian districts. These model forecasts
are available at IMD in real-time and are routinely used by
the forecasters for providing weather warnings and related
decision support system. The main operational
deterministic NWP model at IMD is GFS model which
was adopted from NCEP (White, G and Yang, F and
Tallapragda 2018). The GFS model initially implemented
at IMD in 2010 with T382L64 resolution (Durai, Kotal,
and Bhowmik 2011). The Current version of GFS model
at IMD is 14.1.0 and it runs with spectral resolution of
T1534 (~12.5 km) with 64 hybrid vertical levels (top
layer around 0.27 hPa) (Johny and Prasad 2020; Prasad
et al., 2021). The GFS T1534 model runs daily for 10
days and the output is stored every 3 hr interval. The GFS
model data from NCEP (https://www.emc.ncep.noaa.gov/
emc/pages/numerical_forecast_systems/gfs.php) also


https://www.emc.ncep.noaa.gov/emc/pages/numerical_forecast_systems/gfs.php
https://www.emc.ncep.noaa.gov/emc/pages/numerical_forecast_systems/gfs.php
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Fig. 3. Scatter plot between observed district rainfall and day 1 forecast of MME (left top), GFS (centre top), GEFS (right top), NCEP (left
bottom), NCUM (centre bottom) and JMA (right bottom) for JJAS 2021. Correlation coefficient, RMSE and bias are given in each
plot
available at IMD with a horizontal resolution of Forecast of different weather parameters (rainfall,

0.25° x 0.25°. The forecast from NCEP-GFS is available
up to 10 days at every 6 hours. Compared to the NCEP-
GFS model, IMD-GFS utilizes more Indian observation
during assimilation. IMD regularly receives Unified
Model (UM) data which runs at NCMRWF (Rajagopal
et al., 2012; George et al., 2016; Wood et al., 2014). The
Unified model from NCMRWF (NCUM) global model’s
horizontal resolution is N1024 (~12 km) and has 70 levels
in the vertical, reaching up to an altitude of 80 km. NCUM
model forecast is available at IMD in every 3 hours for
next 10 days. Another foreign NWP model data available
at IMD is JMA’s GSM which receives at IMD at a spatial
resolution of 25 km up to day 10 (Saito et al., 2006). The
data from above five models are used the generation of
weather forecast over Indian districts.

3. Methodology

Starting from Monsoon 2021, Numerical Weather
Prediction division of IMD generates district area
averaged forecast (732 districts) from five models and its
mean in real time as a decision support to the forecasters.
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maximum temperature, minimum temperature, wind
speed, wind direction, relative humidity and cloud cover)
are generating for next five days and disseminating to the
forecasters in real time. Mean of all grid points within the
district boundary polygon is computed for each model and
is represented as the weather parameter of that region. For
small districts (with small spatial areas), the radius of the
search was increased, so that at least three grid points
were represented for each district. Then the MME forecast
of each weather parameter is estimated for each district by
giving equal weighs to each NWP models. The flow chart
of the development of MME forecast is shown in Fig. 2.
Apart from the forecast of weather parameter mentioned
above, heavy rainfall warning system is also developed
using the five NWP model forecast as support to the
forecasters. The heavy rainfall warning system is
calculated by taking the ratio of the number of grid points
(from all models) with the forecasted rainfall exceeding
the threshold value of rainfall (heavy > 64.5 mm,
very heavy > 115.6 mm, extremely heavy rainfall
(> 204.4 mm). All this estimation and development work
is carried out in Linux environment using python scripts.
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Fig. 4. Similar to Figure 3, but for day 2 forecast

In this study, the verification of district rainfall and heavy
rainfall with observed rainfall is carried out during entire
monsoon season of 2021 from June to September. For the
verification purpose, different statistical parameters such
as Pearson’s correlation coefficient (R), root-mean-square
deviation (RMSE) and Bias are calculated using the
following equations:

S (x-%)(s-9)

R= P 1
> %Py - 9]

RMSE :%li (x - )2] )

Mean Bias = %i (y; = %) (3)

i=1

where x; and y; are the observed and forecasted
values; X and y are their respective mean, and N is the

number of grids or days.
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To further examine the rainfall prediction skill of
different models and MME, various statistical scores are
also calculated for different rainfall thresholds. The four
count (a, b, ¢, d) events in the 2 x 2 contingency table that
contains the number of hits, false alarms, misses, and
correct rejections at different rainfall thresholds are used
to assess the performance of rainfall forecast. Accuracy
(ACC), bias score (BS), critical success index (CSI),
probability of detection (POD), false alarm ratio (FAR),
and equitable threat score (ETS are computed using
contingency table for different rainfall thresholds. Brief
descriptions of these statistical scores are given by Levine
and Wilks (2000), Ashok Kumar et al. (2002) and Bushair
et al. (2019).

4, Results and discussion

4.1. Performance of model forecast during JJAS
2021

The scatter plot between observed district rainfall
and model forecasts for day 1 to day 5 are shown in Fig. 3
to Fig. 7 respectively. The quantitative comparison shows
that the MME forecast performed better in terms of CC,
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Fig. 5. Similar to Fig. 3, but for day 3 forecast
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Fig. 6. Similar to Fig. 3, but for day 4 forecast
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Fig. 7. Similar to Fig. 3, but for day 5 forecast

RMSE and bias for day 1 to day 5. The CC between
observed rainfall and day 1 MME forecast is 0.58,
whereas, the individual models like GFS, GEFS, NCEP,
NCUM and JMA showed CCs of 0.43, 0.47, 0.49, 0.49
and 0.46 respectively. The RMSE observed for MME,
GFS, GEFS, NCEP, NCUM and JMA are 12.7, 15.2, 14.1,
14.3, 16.6 and 14.1 mm/day respectively when compared
with IMD observed rainfall. Similarly, CC of 0.53, 0.37,
0.41, 0.43, 0.44 and 0.38 is observed respectively for day
2 forecast of MME, GFS, GEFS, NCEP, NCUM and JMA
(Fig. 4). The RMSE observed for day 2 forecast of MME,
GFS, GEFS, NCEP, NCUM and JMA model forecast are
13.32, 16.21, 14.75, 14.94, 18.22 and 14.74 respectively.
Similar trend is observed for day 3 (Fig. 5), day 4 (Fig. 6),
and day 5 (Fig. 7) forecasts. While comparing the
performance of individual models in terms of CC and
RMSE, it is noticed that NCEP model is performed well
during day 1 to day 4 forecasts and GEFS model on day 5
forecast compared to other models. It is also seen that the
performance of the MME and individual model is
gradually decreased when the forecast lead time increases.
While comparing IMD-GFS and NCEP-GFS it is noticed
that, NCEP GFS performed well during day 1 to day 5
than IMD-GFS in terms of CC, RMSE and bias. Among
the individual models, NCUM model forecast has high
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RMSE and large wet bias compared to other four model
forecasts.

To analyse the performance of model over the four
homogeneous regions of India covering the 36
meteorological subdivisions over the main land of India,
the observed and forecast data over Indian districts are
segregated to four homogeneous regions (Fig. 1), viz.,
northwest India (NWI), east and north east India (NEI),
Central India (CEI) and south peninsular India (SPI). The
forecast verification scores are calculated for all the four
homogeneous regions.

The CC, RMSE and bias are calculated and
presented in Table 1. As shown in Table 1 the MME
forecast performed much better compared to the
individual model. The statistics over four regions shows
that MME forecast performed very well over NWI, CEI
and SPI with the best performance over the CEI region.
However, the performance over NEI regions need slight
improvement compared to other 3 regions. Quantitative,
the CC between observed rainfall and day 1 MME
forecast over CEI, SPI and NWI respectively are 0.66,
0.63 and 0.61. At the same time CC over NEI is only 0.43
which is less among the four homogeneous regions.
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TABLE 1

Correlation coefficient (CC), RMSE and bias between observed district rainfall and different model and MME forecast
up to day 5 over four homogenous regions of India

Day 1 Day 2 Day 3 Day 4 Day 5

Model CC RMSE Bias CC RMSE Bias CC RMSE Bias CC RMSE Bias CC RMSE Bias

North West MME 061 10.88 107 055 1075 148 048 1136 165 043 1192 195 038 1237 217
India GFS 047 1186 -0.01 041 1283 061 033 1398 12 03 1457 176 024 1525 204
GEFS 053 1094 041 044 1187 112 037 1249 156 033 1284 189 029 1332 227

NCEP 049 11.73 -005 042 1233 001 035 1274 005 026 1411 045 028 13.69 0.73

NCUM 053 1333 216 048 1441 229 04 1539 19 033 167 184 029 1777 1.98

JMA 046 123 283 038 1324 338 033 1363 351 03 1415 379 025 1481 3.83

Eastand MME 043 1605 3.31 037 1649 29 034 16,67 267 029 1719 305 027 1753 3.39
N%tgieaaﬁ GFS 028 19.01 367 021 1966 347 021 1938 319 016 1991 372 016 2027 4.8
GEFS 027 1839 372 019 1865 30 018 1841 266 014 1885 3.05 012 1936 3.69

NCEP 034 1810 218 03 1802 14 023 1837 106 021 1868 149 023 1887 171

NCUM 035 2067 429 03 2363 523 027 2493 545 024 2702 596 02 2767 594

JMA 034 1692 265 025 1729 14 021 1762 097 018 179 105 017 1816 131

Central MME 066 1283 -0.04 06 1383 025 054 1456 027 048 1531 002 044 1576 -0.09
india GFS 05 1581 038 042 1705 075 038 177 084 031 1837 065 028 19.09 0.77
GEFS 57 1414 -003 049 1528 067 045 1577 098 04 1616 076 0.36 16.63 0.84

NCEP 058 1425 -1.33 049 1553 -0.88 0.42 1681 -0.32 034 1802 -0.47 032 1841 -0.42

NCUM 058 1619 137 054 1727 122 047 1873 075 042 1962 061 039 2015 0.28

JMA 054 1442 -058 044 1557 -0.53 036 16.39 -0.92 03 1696 -148 027 17.27 -19

South MME 063 1081 -0.05 059 11.27 -0.18 058 1142 -0.2 057 1157 -0.22 054 11.86 -0.29
PeT;Tfig'ar GFS 049 1296 017 042 1384 -027 046 1297 -0.79 041 1358 -0.84 037 1415 -0.65
GEFS 056 11.58 -041 052 11.99 -054 051 1207 -0.79 05 1218 -0.92 047 1251 -0.89

NCEP 055 12.06 -1.15 048 1315 -1.13 042 1421 -0.75 046 1356 -0.78 044 1348 -1.17

NCUM 053 1561 163 049 16,69 148 048 1829 1.94 045 1894 213 044 1876 184

JMA 052 11.85 -047 049 1218 -043 045 1251 -059 042 1277 -069 04 1297 -0.58

Similarly, the day 1 RMSE value observed (16.15 4.2. Performance of NWP models forecast at

mm/day) was also high over NE India compared to other
three regions. The day 2, day 3, day 4 and day 5
comparison also showing similar trends. With regard to
the bias in the forecast the individual model and MME are
showing a wet bias over NEI, SPI and NWI with
comparatively high values over NEI up to day 5 forecast,
thus compared to the observed rainfall the model has a
tendency to over predict particularly over the NEI regions.
Hover, over the CEl, no significant bias is observed in day
1 to day 5 forecast of MME and individual models.
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districts level over India

The performance of NWP models are assessed over
each districts for entire southwest monsoon 2021 (122
days) by estimating CC, RMSE and bias. The spatial
distribution of CC from each model for day 1, day 3 and
day 5 forecasts are shown in Figs. 8(a-c). Similarly,
RMSE and bias from each NWP model and MME are
shown Figs. 9(a-c) and Figs. 10(a-c) respectively. The
better performance of MME rainfall forecast is visible
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Fig. 8(a). Spatial representation of Correlation Coefficient between observed rainfall and NWP model day 1 rainfall forecast during

JJAS 2021

437




MAUSAM, 74, 2 (April, 2023)

Correlation Coefficient (R)- MME Day 3 forecast
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Fig. 8(b). Spatial representation of Correlation Coefficient between observed rainfall and NWP model day 3 rainfall forecast during

JJAS 2021
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Correlation Coefficient (R)- MME Day 5 forecast
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Fig. 8(c). Spatial representation of Correlation Coefficient between observed rainfall and NWP model day 5 rainfall forecast during

JJAS 2021
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RMSE (mm)- MME Day 1 forecast
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Fig. 9(a). Spatial representation of RMSE between observed rainfall and NWP model day 1 rainfall forecast during JJAS 2021
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RMSE (mm)- MME Day 3 forecast RMSE (mm)- GFS Day 3 forecast
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Fig. 9(b). Spatial representation of RMSE between observed rainfall and NWP model day 3 rainfall forecast during JJAS 2021
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RMSE (mm)- MME Day 5 forecast
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Fig. 9(c). Spatial representation of RMSE between observed rainfall and NWP model day 5 rainfall forecast during JJAS 2021
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Fig. 10(a). Spatial representation of bias between observed rainfall and NWP model day 1 rainfall forecast during JJAS 2021
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BIAS (mm)- MME Day 3 forecast

BIAS (mm)- GFS Day 3 forecast
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Fig. 10(b). Spatial representation of bias between observed rainfall and NWP model day 3 rainfall forecast during JJAS 2021
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Fig. 10(c). Spatial representation of bias between observed rainfall and NWP model day 5 rainfall forecast during JJAS 2021
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Skill scores of Day 1 forecast against IMD rainfall
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Fig. 11(a).

Accuracy, bias score, critical success index, probability of detection, false alarm ratio, equitable threat score, and extreme
dependency score for day 1 rainfall forecasts against IMD observations for different rainfall thresholds
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Skill scores of Day 3 forecast against IMD rainfall
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Fig. 11(b). Similar to Fig. 11(a), but for day 3 rainfall forecast
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Skill scores of Day 5 forecast against IMD rainfall
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Fig. 11(c). Similar to Fig. 11(a), but for day 5 rainfall forecast
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also from the spatial distribution of CC, RMSE and bias.
As seen from Figs. 8(a-c) the CC of MME forecast is
marginally higher over most of the districts in day 1 to day
5 forecast when compared with the CC from individual
model. In terms of CC and RMSE from all models, the
rainfall forecast over CEl and NW!I is comparatively good
and over NEI the forecast is comparatively poor in day 1,
day 3 and day 5. Among the individual models, GEFS
model is showing good performance in terms of CC and
RMSE during day 1, day 3 and day 5 forecasts. Consistent
with higher CC, the RMSE of MME forecast is marginally
less over most of the districts than individual model.
Among individual models, NCUM forecast has large
biases in day 1, day 3 and day 5 forecasts especially over
east and northeastern districts. High values of RMSE are
also seen in all models over the higher rainfall regions of
Western Ghats and northeastern regions where high
seasonal mean rainfall is recorded during southwest
monsoon season [Figs. 9(a-c)]. With regard to the model
bias it is seen that large dry bias over Western Ghats and
large wet bias over Northeastern states are seen in day 1,
day 3 and day 5 forecasts from all models except NCUM
[Figs. 10(a-c)]. In NCUM model, wet bias is observed
over both Western Ghats and northeastern districts. Thus,
it is observed that the district level forecast skill in terms
of CC, RMSE and bias from MME and individual models
indicate useful skill over most parts of India except some
parts of northeastern regions, where it needs some
improvements.

4.3. Other verification skill scores of NWP model
forecasts over India

To further examine the forecast skill of individual
model and MME, different skill score as discussed in the
section 3 such as ACC, BS, CSI, POD, FAR and ETS are
estimated for different rainfall thresholds. These skill
score for day 1, day 3 and day 5 forecasts from individual
model and MME are shown in Figs. 11(a-c). It is clear
from Figs. 11(a-c) that the accuracy of rainfall forecast is
high in MME at most of the rainfall threshold during day
1, day 3 and day 5 forecasts.

With regard to the BS the forecast from individual
model (except NCUM model) and MME indicate slight
over prediction (BS > 1) of low rainfall regimes (Rainfall
up to about 15 mm), whereas it started gradually
decreasing and BS becoming < 1 particularly for the high
rainfall regions (Rainfall more than 25 mm) for day 1 to
day 5 forecasts. At the same time BS score in the NCUM
rainfall forecast for day 1 to day 5 forecast is almost
similar to that of other models and MME up to about 15
mm rainfall with BS value is slightly > 1. The only clear
distinction in NCUM model compared to other model and
MME is that the BS score gradually started increasing for
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the higher rainfall regimes (Rainfall more than 25 mm)
and it gradually increases with the increase of rainfall
threshold.

The Critical Success Index (CSI) of MME forecast
indicate a value of about 0.6 for very low rainfall
threshold for all five days forecasts. The CSI value started
decreasing gradually to about 0.2 for the rainfall
thresholds of about 45 mm/day in day 1 forecast, 35
mm/day in day 2 forecast, 25 mm/day in day 3 forecast,
22 mm/day in day 4 forecast and about 20 mm/day in day
5 forecast. Thus, as the lead-time increases the threshold
value of rainfall gradually decreases for the same value of
CSI. Comparing the CSI value of MME forecast and
individual model forecast, it is seen that the CSI value is
higher in case of MME forecast compared to that of
individual model forecast up to 55 mm/day, 30 mm/day,
35 mm/day, 25 mm/day and 35 mm/day respectively for
day 1 to day 5 forecast. In case of individual model for
different rainfall thresholds, the CSI of all models
becomes almost identical except the NCUM model.
However, in case of NCUM model forecast the CSI values
are higher even in case of higher rainfall thresholds.

The POD and FAR need to be analyzed
simultaneously when forecast skills are analyzed. As
NUCM has a wet bias the POD of NCUM rainfall is good
at most of the rainfall thresholds in day 1, day 3 and day 5
forecasts. However, FAR and BS is also high especially
for higher rainfall thresholds. So, there is a chance of over
prediction of extreme rainfall from NCUM model. POD of
other models are more or less similar but MME is
showing slight better performance at rainfall threshold less
than about 60 mm. The better skill in MME is also is also
reflected with the comparatively lower value of FAR in
the MME forecast at most of the rainfall thresholds during
day 1 to day 5. Among the individual models, GEFS
model forecast has better FAR values and GFS model
forecast has poorer (higher) FAR values after NCUM
model at most of the rainfall thresholds up to day 5.

The ability to predict precipitation above a certain
threshold is given by ETS. ETS value of MME forecast is
comparatively high at lower thresholds, whereas the ETS
for NCUM model forecast is high at higher thresholds.
This shows that NCUM rainfall has a skill to predict
extreme rainfall events, but at the same time the
possibility of false alarm is also high. Among the
individual models, GFS, GEFS, JMA model forecasts
have lesser values of ETS at all rainfall thresholds up to
day 5. The lowest values of ETS values of JMA model
indicates that, this model has skill towards the lower end
compared to other models to predict extreme rain events.
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Fig. 12(a). Probability of detection and false alarm ratio for day 1 Fig. 12(b). Similar to Fig. 12(a), but for day 2 forecast
rainfall forecasts against IMD observations for different
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Fig. 12(c). Similar to Fig. 12(a), but for day 3 forecast

Fig. 12(d). Similar to Fig. 12(a), but for day 4 forecast
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Fig. 12(e). Similar to Fig. 12(a), but for day 5 forecast
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Fig. 13(a).

Probability of detection and false alarm ratio for day 1
rainfall forecast against IMD observations for heavy,
very heavy and extremely heavy rainfall categories. No
of events in each category is given in the bracket

Fig. 13(b). Similar to Fig. 13(a), but for day 2 rainfall forecast
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Fig. 13(d). Similar to Fig. 13(a), but for day 4 rainfall forecast

1
0 W GFS WM GEFS MM NCEP NN NCUM DN WA W MME
06
0s
8
3
03 m
0
o1
00
10
08
06
4
<
=
N l ]—[
02
00
Heavy (4498) V. Heavy (1065) E. Heavy (165)

Fig. 13(e). Similar to Fig. 13(a), but for day 5 rainfall forecast
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4.4. Category-wise verification of different rainfall
intensity at district level

Further, the verification of district rainfall from each
model is carried out for different category of rainfall, viz.,
light (2.5-15.5 mm), moderate (15.6-64.4 mm), heavy
(64.5-115.5 mm), very heavy (115.6-204.4 mm) and
extremely heavy rainfall (>204.4 mm). POD and FAR are
calculated for each category up to day 5 forecasts from
individual model and MME and it is presented in
Figs. 12(a-e). While categorizing the observed district
average rainfall during southwest monsoon 2021, there
was an estimation of 70684, 11980, 946, 198 and 19 cases
of light, moderate, heavy, very heavy and extremely heavy
rainfall. As shown in Figs. 12(a-e) the POD of light
rainfall forecast by all the models and the MME forecast
are almost identical with a value exceeding 0.8 up to day 5
forecasts. Similarly, the FAR of light rainfall is less than
0.2 for all models and MME up to day 5 forecast. It is
also seen that the relatively higher POD values with better
skill is noticed in MME forecast for light and moderate
rainfall. However, for NCUM model forecast the higher
POD value is noticed for heavy, very heavy and extremely
heavy rainfall up to day 5 forecast, which could be due to
the wet bias in case of NCUM model. Similarly, among
the individual models, only NCUM model showed the
skill to predict extremely heavy rainfall during the study
period. It may be noted that the high values of rainfall
from models may get normalize while taking district
average rainfall. This may be reason of lower skill in case
of MME forecast for heavy, very heavy and extremely
heavy rainfall prediction. Thus, a separate tool for heavy
rainfall prediction is also need to be developed.
Considering this, a separate section on this aspect is
presented in section 4.6. The Figs. 12(a-e) also shows that
the FAR of MME forecast is slightly less whereas, for
NCUM and JMA the FAR is relatively high for all rainfall
categories up to day 5. It is also clear that the POD of
different rainfall category is decreasing and the FAR is
increasing as the rainfall intensity increases.

4.5. Verification of heavy, very heavy and extremely
heavy rainfall forecast during monsoon season
2021

As a decision support for the forecasters, a heavy
rainfall warning system is developed at NWP/IMD using
five NWP models. The distribution of heavy rainfall is
calculated by taking the ratio of the number of grid points
(from all models) with the forecasted rainfall exceeding
the threshold value of rainfall (heavy > 64.5 mm, very
heavy > 115.6 mm, extremely heavy rainfall (> 204.4
mm). Instead of taking average value for observed
rainfall, actual observed rainfall within the district is taken
for each district. During the verification period, 4498,
1065, and 165 cases of heavy, very heavy and extremely
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heavy rainfall is considered. POD and FAR of heavy, very
heavy and extremely from all the models for day 1 to day
5 are shown in Figs. 13(a-e). From these figures, it is clear
that MME have high values of POD for heavy, very heavy
and extremely heavy rainfall forecast during day 1 to day
5 forecasts. MME forecast for heavy rainfall forecast have
POD values of 0.52, 0.55, 0.62, 0.68 and 0.74 for day 1 to
day 5 respectively. Similarly, MME forecast for very
heavy rainfall forecast have POD values of 0.44, 0.42,
0.42, 0.41, and 0.43 for day 1 to day 5 respectively.
Likewise, the POD values of 0.49, 0.47, 0.45, 0.41 and
0.41 respectively are observed for MME extremely heavy
rainfall forecast during day 1 to day 5. Among individual
models, NCUM have good skill for predicting heavy
rainfall events. Among the five individual models, JMA is
unable to predict most of the heavy rainfall events. FAR
of all models are more or less same during day 1 to day 5
forecasts.

5. Conclusions

Based on the latest high resolutions NWP models’
output an MME tool for rainfall prediction system at
district scale as a decision support for the operational
forecasters. Five models, viz., GFS, GEFS, NCEP-GFS,
NCUM and JMA have been used for developing the
operational MME forecasts. Rainfall forecasts for day 1 to
day 5 forecasts from individual model and from simple
MME technique over 732 Indian districts of India are
generated and validated with observed rainfall. The
prediction skill of the MME and individual model
forecasts is also evaluated against observed district rainfall
during Southwest monsoon season 2021. Different
statistics and skill score shows that MME forecast is better
than the individual models. The CC between observed
rainfall and day 1 MME forecast is 0.58, whereas GFS,
GEFS, NCEP, NCUM and JMA are showing 0.43, 0.47,
0.49, 0.49 and 0.46 respectively. The RMSE observed for
MME, GFS, GEFS, NCEP, NCUM and JMA are 12.7,
15.2, 14.1, 14.3, 16.6 and 14.1 mm/day respectively when
compared with IMD observed rainfall indicating lowest
RSME in MME forecast. The superiority of MME rainfall
forecast is also observed in day 2 to day 5 forecasts. The
verification statistics over four homogeneous regions
show that MME forecasts performed very well over NWI,
CEl and SPI with the best performance over the CEI
region. However, the performance over NEI regions needs
slight improvement compared to other 3 regions. To see
the quantitative value the CC between observed rainfall
and day 1 MME forecast rainfall over CEI, SPI and NWI
are 0.66, 0.63 and 0.61respectively. At the same time CC
over NEI is only 0.43 which is less among the four
homogeneous regions. Similarly, for the day 1 forecast the
RMSE (16.05 mm/hr) was also high over NEI compared
to other three regions. The day 2, day 3, day 4 and day 5
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forecasts comparison also showing similar trend. A wet
bias in the rainfall forecast from all models is also
observed over NE India up to day 5. Thus, the statistics
over four regions shows that MME forecast performed
very well over NWI, CEl and SPI with the best
performance over the CEI region. However, the
performance over NEI regions needs slight improvement
compared to other 3 regions.

While analysing different skill scores it is noticed
that MME rainfall forecasts have better values of
accuracy, POD, FAR, BS, CSI and ETS at most of the
rainfall thresholds up to day 5. Among the individual
models, NCUM rainfall have high values of BS
(indicating over prediction) and FAR, however the ETS
scores for NCUM model is much better, especially for
high rainfall thresholds (Rainfall more than 25 mm/day)
although the false alarm is also high.

Assessment of district scale heavy rainfall warning
system also carried out. Better performance of MME
forecast is also observed in predicting heavy rainfall
events. The POD for heavy rainfall forecast with MME is
found to be 0.52, 0.55, 0.62, 0.68 and 0.74 for day 1 to
day 5 forecasts respectively. However, the FAR is also
gradually increasing from 0.9 in day 1 forecast to 0.94 in
day 5 forecast. Similarly, MME forecast for very heavy
rainfall have POD values of 0.44, 0.42, 0.42, 0.41 and
0.43 for day 1 to day 5 respectively. Likewise, POD
values of 0.49, 0.47, 0.45, 0.41 and 0.41 respectively are
observed for MME extremely heavy rainfall forecast
during day 1 to day 5. The FAR of MME forecasts for
very heavy rainfall for day 1 to day 5 are found to be 0.93,
0.94, 0.95, 0.96 and 0.97 respectively whereas, for
extremely heavy rainfall forecast, the FAR is 0.97, 0.97,
0.98, 0.98 and 0.98. Among individual models, NCUM
have good skill for predicting heavy rainfall events and
JMA model have less skill in predicting heavy rainfall
events.

The inter-comparison of the model forecasts reveal
that the MME method has the potential of generating
skilful districts level rainfall forecast over India for
operational use during the monsoon season. To further
improve the MME forecast for operational use, the model
output from leading centre like ECMWEF will also be
added for district level and extreme rainfall forecasting.
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