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Abstract

Accurate prediction of extreme rainfall events during the Indian Summer Monsoon (ISM,
June to September) is critical for disaster preparedness and mitigation. This study evaluates
the performance of two operational numerical weather prediction models, a high-resolution
version of Global Forecast System (GFS T1534) and the control member of the Met Office
Global and Regional Ensemble Prediction System-Global (MOGREPS-G), in forecasting
such events during the ISM from 2020 to 2023. The results demonstrate that, with respect
to observations, both models tend to underestimate the mean and variability of rainfall;
GFS-T1534 represents the mean and correlation better while MOGREPS-G represents
the variability better over the Indian landmass. To assess the models” performance for
extreme rainfall prediction, we fix a rainfall threshold of 50 mm day’l, and the skill scores
are computed including Probability of Detection, False Alarm Rate, Bias score and F1
score. Together, these scores indicate that both models show potential in short-range
forecasting of extreme rainfall events, particularly within 24 h, but their skills remain
limited at longer lead times. Specifically, the model biases vary over different geographical
locations, often showing contrasting features. This underscores the need for model-specific
post-processing and calibration techniques if these forecasts are to be used effectively for
operational decision-making.

Keywords: forecast skill; extreme rainfall; global forecast system

1. Introduction

The rise of extreme rainfall in different parts of the globe is well documented and
reported by many previous studies [1-5], which primarily attribute this as a consequence
of global warming. The wet regions in the tropics are getting wetter and dry regions are
getting drier [6]. The extreme events also have various social, economic and environmental
impacts [7]. Additionally, extreme events demand preparedness for emergency response
in different sectors including the health [8]. A recent study reported that extreme rainfall
reduces worldwide macroeconomic growth rates, which, in turn, slows down the global
economy [9]. Considering this rising trend of extreme rainfall events, India is not an
exception. Many previous studies have reported a significant rise in extreme rainfall events
over Indian landmass [10-13]. The number of wet days with rainfall over 99th percentile is
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increasing in the Indian region [14]. Moreover, there is a significant rise in the intensity of
rainfall over Indian landmass [15]. Another recent study highlighted that the frequency of
occurrence of widespread extreme rainfall (>150 mm day!) rose to three-fold during the
year 1950-2015 over the Central Indian region [16].

Keeping the socio-economic impact in mind, the accurate prediction of these events
is essential, especially over the Indian landmass, where the extreme events pose constant
threats to the population and infrastructure. Past studies have highlighted that extreme
rainfall is generally underestimated by current-generation climate models. Specifically, they
tend to underestimate both frequencies and intensities of extreme rainfall events [17,18]. To
meet the operational requirements of the Indian Meteorological Department (IMD), a high-
resolution Global Forecast System (GFS T1534) for short- and medium-range prediction
is being implemented by the Indian Institute of Tropical Meteorology. This model shows
reasonable skills to capture the broader structure of the rainfall probability distribution
functions [19]. On the other hand, the UK Met Office Global and Regional Ensemble
Prediction System (MOGREPS-G) shows good skill towards predicting extreme rainfall
events over the Indian region [20]. Furthermore, it is reported that the MOGREPS-G-
based system NEPS (National Centre for Medium-Range Weather Forecasting (NCMRWF)
ensemble prediction system) shows better skill across different rainfall thresholds when
compared with NGEFS (NCMRWEF’s Global Ensemble Prediction System) [21]. Despite
such advances, direct comparisons between MOGREPS-G and GFS T1534 in forecasting
extreme precipitation events during the Indian Summer Monsoon (ISM) remain limited. In
particular, their relative performance in capturing the spatial distribution, intensity, and
frequency of extreme events across India’s heterogeneous agro-climatic zones has not been
systematically assessed.

Therefore, a critical research gap exists in evaluating the short-range (up to 72 h lead
time) prediction skill of these high-resolution global models during the ISM, especially over
the regions strongly influenced by orographic lifting and convective dynamics, such as the
Western Ghats and the Gangetic Plains. To address these gaps, the present study evaluates
and contrasts the forecast skill of the control member of MOGREPS-G and GFS T1534 in
predicting extreme precipitation events during the ISM form 2020 to 2023. The central
research question guiding this study is how the high-resolution global models, namely the
MOGREPS-G control-only configuration and the deterministic GFS T1534, compare in their
ability to forecast the spatial distribution, intensity, and frequency of extreme precipitation
events during the Indian Summer Monsoon, particularly over regions characterized by
complex topography and strong convective activity.

This evaluation is important to emphasize the strengths and limitations of each model
in forecasting extreme rainfall events, thereby contributing to improve weather prediction
and risk management. This article is organized in three different sections. In Section 2,
we describe the model setups of GFS T1534 and MOGREPS-G, the observational dataset
being used for the validation purposes, and the methodologies being adopted to evaluate
the model skill scores. In Section 3, the results for the Indian landmass from model inter-
comparisons are described, while Section 4 presents the conclusions and future outlook.

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

The Global Forecast System (GFS) is a spectral model with 1534 triangular truncation
and a horizontal resolution of around 12.5 km with 64 hybrid vertical level (top level
pressure 0.27 hPa). The model is adopted from the NCEP and its current version is 14. It has
a two-time-level, semi-implicit, semi-Lagrangian discretization approach-based dynamical
core, while the physics are computed over a linear reduced Gaussian grid [22]. It uses the
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revised simplified Arakawa-Schubert (RSAS) convective parameterization scheme and
mass-flux-based SAS shallow convection scheme [23]. For microphysics, it uses Zhao—Carr
microphysics parameterization scheme [24]. It has orographic gravity wave drag, mountain-
drag and stationary convective gravity wave drag. For the Planetary Boundary Layer
(PBL), it uses a hybrid eddy diffusion mass flux turbulence/vertical diffusion scheme.
The radiation is based on Rapid Radiative Transfer Model (RRTM) [25,26]. This model is
operationally used for short-range prediction in India [19]. The initial condition for the
model run is generated by NCMRWEF using ensemble Kalman filter (EnKF) component of
hybrid global data assimilation system (GDAS) [27]. The model is initialized every day and
integrated for next 10 days for the operational short and medium range forecast. The model
run is carried out at the Mihir High-Performance Computing (HPC) system of NCMRWE,
New Delhi under the Ministry of Earth Sciences.

The Met Office Global and Regional Ensemble Prediction System-Global MOGREPS-G)
is a high-resolution (=20 km) ensemble-based numerical weather prediction (NWP) system
being developed by the UK Met Office for medium-range weather predictions [28]. It is
built on the Unified Model (UM) framework, which supports a wide range of time scales,
such as weather, sub-seasonal, seasonal, and climate simulations [29,30]. It is a critical
component of the UK Met Office’s NWP suite, providing both standalone global forecasts
as well as the boundary conditions for nested regional models such as MOGREPS-UK.
MOGREPS-G is coupled to a quarter-degree ocean model, enabling two-way interaction
between atmosphere and ocean, which is critical for capturing tropical and extra-tropical
variability. MOGREPS-G operates at a nominal horizontal resolution of ~16 km at the
equator (N640, reduced Gaussian grid configuration) with 70 vertical levels extending up
to 80 km altitude. The vertical coordinate system combines height- and pressure-based
levels, enabling detailed representation of atmospheric processes. The model grid uses an
Arakawa A configuration with an equi-rectangular projection [31]. The MOGREPS-G uses
a mass-flux convection scheme [32]. The microphysics used is a single-moment scheme [33],
with extensive modifications to better represent cloud and precipitation processes [34].
MOGREPS-G provides forecasts for up to 10 days and 6 h (T+252). The ensemble consists
of 18 members—one control and 17 perturbed members—and run four times daily (00,
06, 12, and 18 UTC). Perturbations are generated using the Ensemble Transform Kalman
Filter (ETKF) with localization [35], and model uncertainty is addressed through stochastic
physics schemes, notably Stochastic Kinetic Energy Backscatter (SKEB) and Stochastic
Perturbation of Tendencies (SPPT). Since 2019, MOGREPS-G incorporates hybrid 4D-
EnVar for atmospheric data assimilation and uses an ensemble of DA systems to provide
flow-dependent covariances for initial-condition spread [36]. This approach enhances the
representation of uncertainty in initial conditions and improves forecast reliability. In this
study, we have exclusively utilized control simulation from MOGREPS-G because of the
fact that GFS T1534 is a deterministic model. Model forecast outputs for the period 2020 to
2023, restricted to the months of June to September, were considered for this study.

2.2. Data and Methodologies

To evaluate the model rainfall forecast, we have used a high-resolution gridded data
set from IMD-GPM, which was created by merging Global Precipitation Measurement
(GPM) data with available rain gauge observations from Indian Meteorological Department.
This dataset is available at 0.25° x 0.25° [37] and the period being considered in this study
is from 2020 to 2023. For purpose of comparison, the model outputs during the same time
period were re-gridded to the same resolution as the observation.

In order to see how well the model forecasts agree with observations during Indian
Summer Monsoon months, June to September (JJAS), we have used statistical techniques
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such as mean, bias, standard deviation, and percentile analysis. Additionally, threshold
based precipitation index such as, R50 days were calculated by counting the number of
days with rainfall greater than or equal to 50 mm day~!. Similarly, R150 days were also
computed. The R50 and R150 provide crucial information about the model’s ability to
simulate extreme rainfall. Furthermore, to assess the forecast skill of the models, standard
verification metrics including the Probability of Detection (POD), False Alarm Rate (FAR),
and Bias Score were first computed [38]. These skill scores are derived from a 2 x 2
contingency table constructed using observed and forecasted events, categorized as hits (a),
false alarms (b), misses (c), and correct negatives (d). The POD represents the proportion of
correctly forecasted ‘yes’ events relative to the total number of observed ‘yes’ events. The
POD can range from 0 to 1 with 1 being the perfect score. It is calculated as

a
a+c’

POD = (1)
The FAR shows the ratio of forecasted ‘yes’ events that did not occur. It also ranges
from 0 to 1 with 0 being the ideal score and is calculated as follows:

b

FAR = .
a+b

)

Subsequently, the Bias Score is a metric that calculates the ratio of forecasted ‘yes’ to
the observed ‘yes’ occurrences. The perfect score is 1 while a score of <1 (>1) indicates
under forecasting (over forecasting). It is calculated as

a+b
a+c’

BIAS score = ©)
For rare events, the traditional score can be misleading and a more comprehensive
score that takes care of the false alarm is F1 score [39]. It ranges between 0 to 1, where 1 is
the perfect score. A higher F1 score implies better ability to detect while minimizing false
alarm. It is calculated as
Precision x Recall

F1=2 4
x Precision + Recall’ (4)

where Precision = a/a + b and Recall = a/a +c.

3. Results and Discussion

It is important to recognize that extreme rainfall events are characterized by anoma-
lously large deviations from the climatological mean rainfall. Therefore, understanding the
ability of numerical weather prediction models to realistically simulate the mean rainfall
distribution is a critical step before evaluating their skill in forecasting extremes. An ac-
curate representation of the seasonal mean rainfall is essential, as systematic biases in the
mean field can influence the reliability of extreme event simulations and forecasts.

3.1. Mean and Standard Deviations

Figure 1 illustrates the spatial distribution of model bias (model minus observation)
of the mean Indian Summer Monsoon (JJAS) rainfall at lead times of up to three days. It
can be seen that both models tend to overestimate the mean rainfall over various parts
of the Indian region. The overestimation is higher in MOGREPS-G, particularly over the
north and northwestern part of India at all lead times. On the contrary, GFS T1534 shows
underestimation over the same region. It is also to be noted that the spatial variation of
bias is smoother in MOGREPs-G as compared to GFS T1534. Furthermore, both models
underestimate the mean rainfall over the Bay of Bengal, which is one of the major convective
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centers during ISM. This underestimation is lower in MOGREPS-G compared to GFS T1534.
Additionally, MOGREPS-G overestimates the mean rainfall more over the Western Ghats
and the Himalayan foothills.
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Figure 1. Spatial pattern of model bias (model minus observation) of mean JJAS rainfall (mm dayfl)
from (a—c) GFS T1534, (d—f) MOGREPS-G. (a,d), (b,e) and (d,f) represents 24 h, 48 h and 72 h forecast
respectively. The color bar ranges from 0 to 55 mm day ! in the interval of 5 mm day~!.

To quantify the models” performance in simulating mean rainfall patterns, correlation
coefficient was computed between the model-simulated and observed rainfall fields, as
illustrated in Figure 2. The spatial map of the correlation coefficient provides an overall
measure of agreement in the temporal variability and is a key diagnostic in assessing the
model fidelity. To test its statistical significance, a Student’s t-test was performed and the
values in Figure 2 are only shown at a 95% significance level. The results indicate that the
GFS T1534 exhibits positive spatial correlation with observations, with values reaching up
to 0.5 at 24 h lead. However, the correlation values reduce with increasing lead time. On the
other hand, the correlation coefficient between observations and MOGREPS-G is similar to
the correlation with GFS T1534 at 24 h lead time but reduces drastically with increase in
lead time and loses its statistical significance over a majority of the Indian landmass.

Relevant to the assessment of extreme rainfall, another important statistical measure
is the standard deviation of rainfall. The standard deviation of JJAS rainfall over the
Indian region is illustrated in Figure 3. One can clearly see that the standard deviation
is underestimated by both models, implying a limited ability to reproduce the observed
rainfall variability. The magnitude of this underestimation is higher in GFS T1534, especially
over Central India, the Bay of Bengal, and the northeast region. It should also be noted that
the MOGREPS-G overestimates the standard deviation in some parts of Northeast India.
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Figure 2. Spatial pattern of correlation between observation and models. (a—c) GFS T1534 and
(d—f) MOGREPS-G. First, second and third column represents 24 h, 48 h and 72 h forecast respectively.
The correlation values exceeding the 95% significance level are only shown. The color bar ranges

from —1 to 1 in the interval of 0.2.
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Figure 3. Spatial pattern of standard deviation (mm day_l) of JJAS rainfall derived from (a) IMD-
GPM, (b—d) GFS T1534, (e-g) MOGREPS-G. (b,e), (c,f) and (d,g) represents 24 h, 48 h and 72 h forecast
respectively. The color bar ranges from 0 to 55 mm day ! in the interval of 5 mm day .
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3.2. Extreme Rainfall Events

To investigate the capabilities of prediction of extreme rainfall events, we statistically
fix the threshold of extreme rainfall by using percentile values in accordance with previous
studies [40,41]. Figure 4 shows the spatial distribution of 95th percentile values from
model and observation over the Indian region. Figure 4 demonstrates that both models
underestimate the 95th percentile threshold over a large part of the Indian landmass and
the Bay of Bengal. This underestimation increases with increase in lead times. Although
both models underestimate the 95th percentile threshold, MOGREPs-G is able to simulate
the spatial structure of the extreme rainfall events better when compared to observations.
Specifically, the extreme rainfall events simulated by MOGREPS-G over Western Ghats and
Northeast India are, in fact, in close agreement with the observations.

30N =

20N

10N 188
70E 80E 90E

20 40 60 80 100 120 20 40 60 80 100 120 20 40 60 80 100 120
e 24Hrs

30N

20N B 20N

10N 10N

708 80E 90E 70E 80E 90E 70E B0E 90E
(N T N EEEEN
20 40 60 80 100 120 20 40 60 80 100120 20 40 60 B0 100 120

Figure 4. Spatial pattern of 95th percentile threshold (mm day_l) of JJAS rainfall derived from
(a) IMD-GPM, (b-d) GFS T1534, (e-g) MOGREPS-G. (b,e), (c¢,f) and (d,g) represents 24 h, 48 h
and 72 h forecast respectively. The color bar ranges from 0 to 130 mm day~! in the interval of
10 mm day 1.

Note that over most of the Central Indian region, the threshold of 95th percentile
corresponds to rainfall values between 30-50 mm day !, while over the Western Ghats and
some parts of Northeast India, it exceeds 80 mm day~!. Hence, for our study, we define
extreme events as rainfalls over 50 mm day !, contrary to the threshold of 150 mm day !
used by previous studies [10,16]. In the context of extreme rainfall, an important metric to
evaluate the model performances and observations is R days, which denotes the number of
days with rainfall over a certain threshold [29,32,42]. Figure 5 shows the spatial pattern
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of R50 days over the Indian region derived from observation and models. Observations
indicate that over most of the Central Indian region, the magnitude of R50 days during
our period of study (2020-2023) was between 20 to 40 days, whereas over Western Ghats
and part of the northeast region, it exceeded beyond 70 days (Figure 5a). The number
of R50 days simulated by GFS T1534 appear to be reasonable over these regions, but are
significantly underestimated over the Central Indian region at all lead times (Figure 5b—d).

On the other hand, the number of R50 days simulated by MOGREPS-G is much closer
to the observation except some region of overestimation over Western Ghats and parts
of Northeast India. If the same pattern is compared with R150 days, it is apparent that
the number of R150 days do not exceed beyond 3—4 days over major parts of the Indian
landmass for both models and observations (Figure 6). This justifies our choice of defining
the extreme rainfall threshold as 50 mm day ! for this study. Despite the number of
R150 days being only a few, it is interesting to note that while GFS T1534 underestimates
this variable, MOGREPS-G is found to overestimate it over parts of Central Indian region
and Himalayan foothills region (Figure 6). This contrast between the two models increases
with increasing lead days.
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Figure 5. Spatial pattern of R50 days during JJAS derived from (a) IMD-GPM, (b-d) GFS T1534,
(e—g) MOGREPS-G. (b,e), (¢,f) and (d,g) represents 24 h, 48 h and 72 h forecast respectively.
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Figure 6. Spatial pattern of R150 days during JJAS derived from (a) IMD-GPM, (b-d) GFS T1534,
(e—g) MOGREPS-G. (b,e), (c,f) and (d,g) represents 24 h, 48 h and 72 h forecast respectively. The color
bar ranges from 0 to 21 in the interval of 1.

3.3. Model Skill Scores

Hitherto, the comparison has been mostly qualitative. To quantify the capability
of the models in forecasting extreme rainfall events, skill scores such as the Probability
of Detection (POD), False Alarm Rate (FAR), Bias Score, and F1 score were computed
over Indian land mass and are listed in Table 1. These categorical verification metrics are
essential in quantifying the ability of a model to correctly identify extreme events, while
also accounting for false alarms and systemic biases.

Table 1 depicts that both models display quite low values of POD at all lead times.
Specifically, with increase in lead times, POD values drop particularly in MOGREPS-G. This
highlights the models’ inefficiency to capture events with rainfall more than 50 mm day !
When it comes to FAR, both models show higher values than POD. While GFS T1534
has similar FAR values for all lead times, the FAR values for MOGREPS-G decrease with
increase in lead time. In fact, compared to GFS T1534, MOGREPS-G has higher FAR at
a 24 h lead time and lower FAR at a 72 h lead time. From Table 1, it is evident that GFS
T1534 has a higher BIAS score of 1.14 as compared to 1.07 of MOGREPS-G at a 24 h lead
time. This suggests that both models tend to over predict rainfall more than 50 mm day .
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Upon increasing the lead time, the BIAS Score of GFS T1534 is reduced to 1.09, whereas for
MOGREPS-G, it increased to 1.26 at a 72 h lead time.

Table 1. Spatially-aggregated model simulated skill scores for rainfall greater than or equal to
50 mm day~! over Indian landmass during JJAS of 2020 to 2023.

Forecast Hour

Model Skill Score
24 h 48 h 72 h
POD 0.12 0.10 0.09
FAR 0.36 0.36 0.34
GFS T1534 BIAS 1.14 1.14 1.09
F1 0.12 0.09 0.08
POD 0.12 0.07 0.05
FAR 0.40 0.33 0.29
MOGREPS-G BIAS 1.07 1.20 1.26
F1 0.11 0.06 0.04

Although these metrics provide valuable insights, POD, FAR, BIAS scores may some-
times give wrong impression for rare high threshold events. A more suitable score is
F1 score, which penalizes both misses and false alarms. Table 1 shows that GFS T1534 has a
higher F1 score than MOGREPS-G at all lead times. This suggests that GFS T1534 has a
better capability to predict rainfall of more than 50 mm day ! after taking into account the
False Alarm Rate. While Table 1 give a comparative view of all scores, these are spatially-
aggregated metrics and therefore contain no information about their spatial variability. To
understand the models” performance at different geographical locations, we present the
spatial maps of these scores.

Figure 7 shows the spatial distribution of POD across the Indian region for both models
at various lead times. The POD values for the GFS T1534 model at 24 h lead time range
from 0.3 to 0.7 across several key monsoonal zones, including Central India, Northwest
India, Northeast India, and the Western Ghats. Among these, the Western Ghats exhibit the
highest POD values, indicating a relatively higher model skill in capturing extreme events
over this region. However, a consistent decline in POD values is observed with increasing
forecast lead time, reflecting a typical reduction in predictive skills at longer leads. On the
other hand, MOGREPS-G demonstrates higher POD values than GFS T1534 at 24 h lead
time over South East part of Central India and the Himalayan foothills region, suggesting
better predictability. Nevertheless, it’s skill markedly deteriorates with increasing lead
times. At 48 and 72 h, the POD values of MOGREPS-G decline substantially, with values
dropping below 0.2 over large parts of the Central Indian region. While POD assesses
the models’ ability to correctly forecast the occurrence of extreme rainfall events, FAR
complements this information by quantifying the frequency of incorrect or false forecasts.

Figure 8 illustrates the spatial distribution of FAR for both GFS T1534 and MOGREPS-
G at different lead times. At a 24 h lead time, GFS T1534 exhibits relatively high FAR
values across much of the Indian region, with most areas displaying FAR in the range
of 0.6-0.8 (Figure 8a). This implies that a large fraction of the model’s extreme rainfall
forecasts is absent in observations, thereby reducing one’s confidence in these predictions.
Furthermore, as seen in Figure 8b,c, the FAR values increase with longer lead times,
reaching values above 0.8 in several regions by the 72 h lead. This steady increase in FAR
with forecast horizon suggests a degradation in the reliability of the GFS T1534 model in
simulating extreme rainfall as the lead time extends. The analysis of FAR for MOGREPS-G,
presented in Figure 8d-{, reveals even higher values across the Indian landmass compared
to GFS T1534. Despite MOGREPS-G showing relatively higher POD values at the 24 h lead
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(Figure 7d) over some regions, it simultaneously exhibits higher False Alarm Rates over
majority of the Indian landmass. This indicates that while the model has good capabilities
in capturing the occurrence of extreme events, it is also more prone to over predicting
them. Interestingly, regions with higher POD values in MOGREPS-G tend to coincide with
regions exhibiting higher FAR values. This spatial overlap suggests that increased detection
may increase the false alarms, raising concerns about the trade-off between sensitivity and
precision in the model’s forecasts.
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Figure 7. Spatial distribution of Probability of Detection (POD) for rainfall over 50 mm clay‘1
obtained from (a—c) GFS T1534 and (d—f) MOGREPS-G. First, second and third column represents
24 h, 48 h and 72 h forecast respectively. The color bar ranges from 0 to 1 in the interval of 0.1.
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Figure 8. Spatial distribution of False Alarm Rate (FAR) for rainfall over 50 mm day ! obtained from
(a—c) GFS T1534 and (d—f) MOGREPS-G. First, second and third column represents 24 h, 48 h and
72 h forecast respectively. The color bar ranges from 0 to 1 in the interval of 0.1.

https://doi.org/10.3390/atmos17030304


https://doi.org/10.3390/atmos17030304

Atmosphere 2026, 17, 304

12 0of 16

To evaluate the performance of the model in forecasting extreme rainfall events, the
Bias Score is computed for both models and shown in Figure 9. The results obtained from
GFS T1534 show that this model has a tendency to under-forecast extreme rainfall events
across most parts of the Indian region at all lead times (Figure 9a—c). However, there are ex-
ceptions to this general behavior. The Western Ghats, Northeast India, and isolated pockets
of Central India exhibit Bias Scores greater than 1.0, indicating localized over forecasting.
With increasing lead time, the model begins to exhibit over forecasting tendencies in addi-
tional small patches across Central India, suggesting a lead time-dependent shift in rainfall
signal that could possibly be due to growing model errors in convective parameterizations.

a . I24Hr$ b . I48Hr$ G . I72Hr$

20N 20N

10N 10N 10N
1 I 1
70E 80E 90E 70E 80E 90E 70E 80E 90E
30N 30N
20N 20N
10N 10N
70E 80E 90E
02 06 1 1.4 1.8 02 06 1 14 18 02 06 1 1.4 1.8

Figure 9. Spatial distribution of forecast Bias Score for rainfall over 50 mm day ! computed from
equation 3 for (a—c) GFS T1534 and (d—f) MOGREPS-G. First, second and third column represents
24 h, 48 h and 72 h forecast respectively. The color bar ranges from 0 to 2.2 in the interval of 0.2.

In contrast to GFS T1534, the patches of under forecast are less in case of MOGREPS-G
over the Indian region at all lead times (Figure 9d—f). MOGREPS-G displays widespread
over-forecasting behavior across the Indian landmass, with a Bias Score exceeding 1 in
most regions even at the shortest lead time. This tendency to over forecast becomes more
pronounced as the lead time increases, indicating a systematic bias exists in the ensemble
forecasts toward generating more extreme rainfall events than observed. These results are
consistent with the previously discussed spatial distribution of False Alarm Rate (Figure 8),
where MOGREPS-G was found to have high FAR values across large parts of the country.
The concurrence of a high FAR and a high Bias Score suggests that the over-forecasting
tendency in MOGREPS-G contributes directly to the generation of numerous false alarms.
Although a higher Probability of Detection (POD) was noted in MOGREPS-G at shorter
lead times, the accompanying high Bias and FAR values indicate that this detection comes
at the expense of forecast precision and reliability.

Last but not the least, the F1 score gives a more comprehensive picture about the
forecast accuracy (Figure 10). From Figure 10, one could see that both models perform
similarly over the upper part of Central India, i.e., in the states of Rajasthan, Madhya
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Pradesh, and Uttar Pradesh, at a 24 h lead time. Although the performance at the lower half
of Central India varies, GFS T1534 performs better over the states like Odisha and Andhra
Pradesh while MOGREPS-G demonstrates better performance over Madhya Pradesh and
parts of Maharashtra at 24 h lead time. In particular, GFS T1534 performs better at higher
lead times than MOGREPS-G. Finally, while GFS T1534 exhibits a general tendency to
under predict extreme rainfall in few geographical locations at 24 h lead, MOGREPS-G
shows a systematic overestimation, particularly at longer lead times. These contrasting
biases underscore the need for model-specific post-processing and calibration techniques
if these forecasts are to be used effectively for operational decision-making, especially in
applications sensitive to both, missed events and false alarms.

e . .., . 24 b . 48 c ... .  Jehis

30N 30N

20N

20N

10N

70E 80E 90E

04 03 05 07 09 01 03 05 07 09 01 03 05 07 09
d I24Hrs e . l48Hrs f . I?2Hrs.

30N 30N + 30N 5%

20N 20N 20N 1

10N S

10N 10N 4
70E 80E 90E T0E 80E 90E
[ 15 B [
01 03 05 07 09 0.1 03 05 07 09 0.08 0.2 032 044

Figure 10. Spatial distribution of F1 score computed from equation 4 for (a—c) GFS T1534 and
(d—f) MOGREPS-G. First, second and third column represents 24 h, 48 h and 72 h forecast respectively.
The color bar ranges from 0 to 1 in the interval of 0.1.

4. Conclusions

This study presents a comprehensive evaluation of the forecast skill of GFS T1534 and
MOGREPS-G models in predicting extreme rainfall events over the Indian region during the
Indian Summer Monsoon (JJAS) for the period 2020-2023. Both models exhibit substantial
regional biases in simulating the seasonal mean rainfall, characterized by overestimation
in some regions and underestimation in others. While GFS T1534 represents the spatial
distribution of mean rainfall and its correlation with observations more realistically over
the Indian landmass, MOGREPS-G shows relatively lesser underestimation over the Bay of
Bengal but still fails to fully capture the observed rainfall magnitude. The spatial correlation
between the model forecasts and observations decreases with increasing lead time, with a
more rapid degradation observed in MOGREPS-G beyond the 24 h lead, indicating reduced
spatial coherence at longer forecast horizons. Analysis of rainfall variability reveals that
both models underestimate the observed standard deviation. The underestimation is more
pronounced in GFS T1534, while MOGREPS-G occasionally overestimates the variability in
certain regions.
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The number of R50 days were assessed and the results revealed that the MOGREPS-G
simulates the number relatively closer to the observation over the Central Indian region
compared to GFS T1534. Despite this, the POD values suggest that both models have
poor skill in detecting extreme rainfall events at 1 to 3 day lead times. At a 24 h lead,
both models have similar POD values over the northwestern part of the Central Indian
region, but over the southeastern part of Central India, MOGREPS-G slightly outperforms
GFS T1534. However, in terms of POD values, beyond the 24 h lead, GFS T1534 performs
better than MOGREPS-G. The FAR and Bias Score analyses indicate that MOGREPS-G
suffers from over forecasting and higher False Alarm Rates. On the other hand, GFS
T1534 is somewhat more conservative in its prediction of extreme rainfall events. The F1
score provided a clearer picture of their relative performance by accounting for the over
prediction. Both models display similar F1 score at 24 h lead time over the upper part of
Central India in the states of Rajasthan, Madhya Pradesh and Uttar Pradesh. Although
the models’ performance at the lower half of Central India varies, at 24 h lead time, GFS
T1534 performs better over states like Odisha and Andhra Pradesh while MOGREPS-G
demonstrates better performance over Madhya Pradesh and parts of Maharashtra. At
higher lead times GFS T1534 performs better over the land region. Furthermore, it was
observed that, MOGREPS-G outperforms GFS T1534 over the Bay of Bengal region at all
lead times.

Overall, while both models demonstrate potential in short-range forecasting, particu-
larly within 24 h, at longer lead times, their performance deteriorates, with GFS T1534 per-
forming slightly better. Such variations in models’ performance may result from differences
in their convective parameterization, cloud microphysics schemes, and data assimilation
techniques. However, a detailed investigation on these aspects is out of the scope of the
present study and will be reported in a future work. In terms of practical applications, the
results reported here underscore the need for further model developments and regional
post-processing techniques. These insights are crucial for improving early warning systems
and disaster risk reduction strategies related to extreme rainfall events over India.
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