
1. Introduction
Global warming has increased rapidly since the mid-20th-century due to enhancement of greenhouse gas emis-
sions owing to more frequent and intense extreme climatic events resulting in more hydrometeorological hazards 
conditions (Fan et al., 2021; Giorgi et al., 2018; IPCC, 2021; Mall et al., 2019). According to the World Meteoro-
logical Organization (WMO) hydroclimatic extremes are the reason for more than 90% of worldwide catastrophes 
and 43% of floods (WMO, 2017). Greenhouse Gas Emissions (GHG) driven climate change will increase precip-
itation frequencies over the South-Asia region, including central India, in the near and far future (Rai et al., 2019; 
Roy & Balling, 2004). India is listed as one of the top 10 countries that experienced almost 19 disasters due to 
floods and had about 1282 mortality with 3.1 billion in economic losses during the year 2021 (CRED, 2021). 
Accordingly, estimating appropriate future climate extremes change is necessary to know how it may influence 
hydrology in the South-Asia region.

Abstract The changing frequency of extreme rain events in the past few decades over the Indian 
river basins (IRBs) contributed to floods and drought and resulted in economic losses and gross domestic 
product. In this study, we evaluated the performance of 12 Global Circulation Models from the Coupled 
Model Intercomparison Project Phase 6- experiment with India Meteorological Department observed data 
sets to reproduce the extreme rainfall events as well as project the changes in frequency and intensity of the 
hydroclimate extremes in future. We found that under low emission scenarios (SSP1-2.6), the frequency 
of extreme rainfall is going to increase over the western ghat and northeast IRBs, while an increase 
in heavy rainfall intensity (14.3%) noticed under SSP2-4.5 in the upper Ganga and Indus basin. Also, 
approximately 4%–10% of the heavy rainfall is projected to increase over the western part of IRBs during 
the Near (2021–2040) and Mid (2041–2060) future. The study explored the new hotspot regions for future 
urban flooding due to increasing pattern of heavy rainfall in future. Moreover, the lower Ganga basin will 
experience agricultural drought in near future due to decreasing areal mean rainfall, which needs to be seen by 
policymakers for managing the excess (less) water. Also, India's northern, central, and western river basins may 
experience more extremes under high-emission (SSP5-8.5) scenarios that indicate challenges to mitigation. The 
findings of this study highlight the importance of developing long-term adaptation and mitigation strategies 
aimed at reducing hydroclimate vulnerability. It emphasizes the need to implement measures that enhance 
resilience and minimize risks associated with hydroclimate extremes at the basin level.

Plain Language Summary Global warming increases the risk of hydro-climate extremes such as 
floods and droughts worldwide. The increasing rate of atmospheric heat increases the water content, which is 
the leading cause of extreme events. The widespread variability in extreme events has affected man-made and 
natural systems. The study shows the changes in the extreme precipitation events under low to high-emission 
scenarios of the CMIP6 climate model. The uncertainty in the different climate models is reduced in this 
study by applying performance tests using linear and quantile bias correction approaches. The ensemble 
model approach is used to examine the projected changes in extreme rainfall over the different Indian river 
basins (IRBs). The results show changes in the frequency of heavy rainfall will be more reign over the IRBs. 
In addition, this research also identified the major hotspot of highly populated cities that come under different 
river basins for urban flooding, which help the policymaker design appropriate adaptation and mitigation 
strategies.
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According to the Intergovernmental Panel on Climate Change's (IPCC) sixth assessment report (AR6), anthropo-
genic activities would cause an increase in the average global surface temperature of 0.8°C–1.3°C (IPCC, 2021). 
The frequency of extreme precipitation events will also increase in the late 21st century due to anthropogenic warm-
ing (Mukherjee et al., 2018). End of the 21st century, the world's temperature is projected to rise by 5.7°C, making 
the atmosphere more volatile and hotter (Wu et al., 2022). Many research studies showed that an increasing global 
mean temperature reveals an increasing trend in seasonal monsoonal rainfall over South Asia (Loo et al., 2015; Mall 
et al., 2021). Hydroclimatic Extremes comprise extreme precipitation, drought, and flash floods, which pose a grave 
threat to man-made ecosystems, agriculture, humans, and natural systems (Giorgi et al., 2018; Maurya et al., 2021; 
Sonkar et al., 2020). Previous researchers used the Global circulation models (GCMs) data sets to analyze the future 
changes in hydroclimate extremes like flood and drought (Gusain et al., 2020; Krishnan et al., 2020). The new 
Shared Socioeconomic Pathways (SSPs) scenarios are related to the development factors such as socio-economic, 
sustainability, regional rivalry, inequality, fossil-fueled, and middle-of-the-road due to climate change, which help a 
combined analysis of vulnerabilities, adaptation, and mitigation (Riahi et al., 2017; Wu et al., 2022).

The spatiotemporal changes in hydro-climate extremes are determined by the frequency and intensity of the daily 
precipitation events (Salehie et al., 2023; Sarkar & Maity, 2022). According to Huang et al. (2021), due to climate 
change, there will be a risk of extreme precipitation over almost 46% part of the world. Due to intense precip-
itation, these extreme events lead to flood risk, and less precipitation leads to drought in affected area respec-
tively (Guhathakurta et al., 2011; Mittal et al., 2014). Moreover, the continuous precipitation and temperature 
changes cause frequent floods in South Asia and ultimately affect food security (Douglas, 2009). India is one of 
the world's most vulnerable countries to hydro-climatic extremes, such as droughts and floods, which affect the 
Agricultural production of the nation (Anand & Oinam, 2020; Bothale & Katpatal, 2016; Gupta & Jain, 2018). 
Agricultural is the primary income source of India, and it precipitated about 17% of the nation's gross domestic 
product (GDP), but in the last few decades, a significant reduction in GDP has been observed due to agricultural 
drought (Chaubey et al., 2022; Gadgil & Gadgil, 2006; Konda & Vissa, 2022).

At the end of the twenty-first century, Indian river basins (IRBs) will have a warmer and wetter climate that 
will result in variability in the hydro-climate extremes, especially during the monsoon season over the Indian 
Sub-continent (Kannan & Ghosh, 2013; Kaushik et al., 2020; Mishra & Lilhare, 2016; Roxy et al., 2017). Earlier 
studies found an increasing trend of precipitation extremes over IRBs (Chaubey et al., 2022; Goswami et al., 2006). 
And these increasing extremes will cause economic losses due to damages to crops, houses, and public utilities, 
approximately 415 thousand crores due to floods and heavy rains over IRBs from 1951 to 2019 (CWC, 2021). More-
over, it is found that the frequency of wet days keeps increasing over peninsular India while the trend is observed 
to be declining over central and North India (Guhathakurta et al., 2011; Roy & Balling, 2004). Indeed, the topogra-
phy, uneven population growth, and urbanization have been heavily contributing to increasing the extreme rainfall 
events over IRB (Chaubey et al., 2022; Mall et al., 2006). And this increasing trend of precipitation extremes needs 
more research on adaptation and mitigation to decrease long-term climate change vulnerability (Mall et al., 2017). 
The previous researcher concluded that the frequency and intensity of the precipitation extremes are projected to 
increase in India in the 21st century under different SSPs scenarios (Gupta et al., 2020). Moreover, the shifting of 
subtropical westerly jet toward the Indian continental enhances the extremity of precipitation over southern India 
in the future (Tiwari et al., 2023). The projected spatial extent of precipitation extremity is determined to increase 
in large parts of India and about 60%, with a robust increase frequency of extreme events in central India (Shahi 
et al., 2023). Moreover, the projected frequency is more the western Ghats and the northeast part of India, while 
the intensity of extreme precipitation is projected to increase in the northwest and peninsular India (Sarkar & 
Maity, 2022). Also, Lutz et al. (2014) resulted that the frequency of floods and their associated risk is projected 
to increase all over IRBs and mainly for Indus-Ganges-Brahmaputra river basins in the future warming climate.

This study used the most recent Earth system models (ESMs) and extensive climate model experiments from the 
sixth phase of Coupled Model Intercomparison Project (CMIP) to examine the changes in extremes. The projected 
extremes of GCMs data sets show high uncertainty in extreme precipitation and are associated with projected 
emission scenarios, regional climate variability, model parametrization schemes, internal models physics, etc 
(John et al., 2022; Latif, 2011). To reduce the above uncertainties, a different bias correction method is applied 
by researchers, in which mean-based bias correction is found to be more suitable for climate scenarios (Jaiswal 
et al., 2022; Saha & Sateesh, 2022; Shrestha et al., 2020; Xu et al., 2021). To illustrate the hydroclimate extremes 
during near, mid, and far future, the study used the indices developed by the Expert Team on Climate Change 
Detection and Indices (ETCCDI) used by the previous researcher (Chaubey et al., 2022; Sarkar & Maity, 2022). 
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The other indices, the Standardized Precipitation Index (SPI), are applied in earlier studies to examine the long-
term dryness and wetness situation (McKee, 1993). This aims to analyze (a) Spatial changes in precipitation in 
the future, (b) Identify the hotspot regions due to the intensity and frequency of the extremes, and (c) Uncertainty 
in extremes due to different SSPs scenarios.

Research is structured as the data sets and methodology used in this study are introduced in Section 2. Section 3 
examines the changes in precipitation extremes over the IRBs. And finally, Section 4 concludes this research.

2. Data and Methods
2.1. Observed and Projected Data Sets

The research was performed over the 22 major IRBs. This research is in the continuation of the previous research 
done by Chaubey et al. (2022), and the details of the 22 major IRBs are described in Figure S1 and Table S1 in 
Supporting Information S1. To decipher the changes in extreme precipitation, we have used observed gridded 
rainfall data sets taken from the India meteorological department (IMD). The analysis has been performed on the 
daily observed data sets at a spatial resolution of 0.25° × 0.25° (Pai et al., 2014) downloaded from the National 
Climate Center (NCC) of IMD. The temporal frame of the observed data sets is taken from 1951 to 2021 over 
the IRBs. This high-resolution daily gridded data set is created from 6955 rain gauge stations across the IRBs.

The projected analysis of precipitation amount, frequency, and intensity of the precipitation extremes are carried 
by simulated daily precipitation (2021–2100) following four SSPs, which are SSP1-2.6, SSP2-4.5, SSP3-7.0, and 
SSP5-8.5. The simulated precipitation outputs were obtained from Coupled Model Intercomparison Project-6 
(CMIP6) (URL: https://esgf-node.llnl.gov/search/cmip6/). All 12 models of CMIP6 have been downloaded at 
the variant label r1i1p1f1 as an initial condition (Table 1). Based on energy, land use, and emission, the SSPs 
scenarios developed by the community of climate change researchers for an integrated study of projected climate 
impacts, vulnerability, adaptation, and mitigation (Riahi et  al.,  2017). In this study, we used a multi-model 
approach to estimate the future changes in hydroclimate extremes over the IRBs. Many previous researchers 
have used the multi-model ensemble mean approach to finding the projected precipitation extremes and showed 
that this is the more robust analysis to estimate extreme events (Sarkar & Maity, 2022). To examine the changes 
in hydroclimate extremes over the IRBs, we divided the data sets into three-time frames from 2021 to 2040 for 
Near-future, 2041 to 2060 for Mid-future, and 2081 to 2100 for Far-future. All the data sets have been regridded 
in the same spatial resolution (1° × 1°) over the IRBs, listed in Table 1.

2.2. Bias-Correction

Linear Scaling (LS) is based on a multiplicative term for rainfall bias correction, where the differences between 
the monthly mean of model bias corrected value and that of observation are minimized (Lenderink et al., 2007). 

S.No. Models Institution/Country Actual resolution Resolution after regridding

1. ACCESS-ESM1-5 Commonwealth scientific and industrial research organization/Australia 1.25° × 1.25° 1.0° × 1.0°

2. ACCESS-CM2

3. BCC-CSM2-MR Beijing Climate Center (BCC) China Meteorological Administration/China 1.125° × 1.125° 1.0° × 1.0°

4. CMCC-ESM2 Euro-Mediterranean Center on Climate Change coupled climate model/Italy 0.9° × 1.25° 1.0° × 1.0°

5. FGOALS-g3 Chinese Academy of Sciences (CAS)/China 2.25° × 2.0° 1.0° × 1.0°

6. MIROC6 Model for Interdisciplinary Research on Climate (MIROC)/Japan 2.32° × 1.16° 1.0° × 1.0°

7. MPI-ESM-1-2-LR Max Plank Institute for Meteorology/Germany 1.875° × 1.875° 1.0° × 1.0°

8. MPI-ESM-1-2-HR 0.9375° × 0.9375° 1.0° × 1.0°

9. MRI-ESM2-0 Meteorological Research Institute (MRI)/Japan 1.125° × 1.125° 1.0° × 1.0°

10. NorESM2-MM Norwegian Climate Center/Norway 0.9375° × 1.25° 1.0° × 1.0°

11. NorESM2-LM 1.875° × 2.5° 1.0° × 1.0°

12. TaiESM1 Taiwan Earth System Model/Taiwan 0.9° × 1.25° 1.0° × 1.0°

Table 1 
List of CMIP6 Models Used in This Study Along With Horizontal Resolution and Country of the Modeling Group
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By definition, after applying the LS on uncorrected data, it perfectly matches the monthly mean rainfall value 
with the observed rainfall value. The first step involved in the method LS is calculated the monthly scaling factor 
as the ratio of the long-term monthly mean of observed data and model data (for the same time period selected 
in observed). In the second step, the scaling factor is multiplied by each of the daily values of uncorrected data 
for the corresponding month.

𝑃𝑃𝑃𝑃bc(hist) = 𝑃𝑃𝑃𝑃mod

[𝜇𝜇𝑚𝑚(𝑃𝑃𝑃𝑃obs)]

[𝜇𝜇𝑚𝑚(𝑃𝑃𝑃𝑃mod)]
 (1)

𝑃𝑃𝑃𝑃bc(proj) = 𝑃𝑃𝑃𝑃scen

[𝜇𝜇𝑚𝑚(𝑃𝑃𝑃𝑃obs)]

[𝜇𝜇𝑚𝑚(𝑃𝑃𝑃𝑃mod)]
 (2)

Where Pdbc(hist) and Pdbc(proj) is daily bias-corrected data for historical and projected time periods, respectively, 
and μm(Pdobs) is the long-term monthly mean of observed rainfall. While μm(Pdmod) is the long-term mean of the 
uncorrected model (for the historical time period) rainfall data and Pdscen represents the long-term mean of the 
uncorrected simulated outputs (for the projected time period) of different climate scenarios.

Schmidli et al. (2006) introduced the Local intensity scaling (LOCI) method, which extends the LS method. The 
number of precipitation events for control and scenario run is corrected by applying the calibrated precipitation 
threshold (Pth, historical) using Equations 3 and 4, respectively

𝑃𝑃 ∗1

bc(hist)
(𝑑𝑑) =

⎧
⎪
⎨
⎪
⎩

0, if𝑃𝑃(hist) (𝑑𝑑) < 𝑃𝑃th,hist

𝑃𝑃(hist) (𝑑𝑑), otherwise

 (3)

𝑃𝑃 ∗1

bc(proj)
(𝑑𝑑) =

⎧
⎪
⎨
⎪
⎩

0, 𝑖𝑖𝑖𝑖 𝑃𝑃(scen) (𝑑𝑑) < 𝑃𝑃th,hist

𝑃𝑃(scen) (𝑑𝑑), otherwise
 (4)

The scaling factor is estimated based on long-term monthly mean to confirm that the mean of corrected precipi-
tation is equal to observed data

𝑆𝑆 =
𝜇𝜇𝑚𝑚{𝑃𝑃(obs) (𝑑𝑑) | 𝑃𝑃(obs) (𝑑𝑑) > 0mm}

𝜇𝜇𝑚𝑚{𝑃𝑃(mod) (𝑑𝑑) | 𝑃𝑃(mod) (𝑑𝑑) > 𝑃𝑃th,mod} − 𝑃𝑃th,(mod)

 (5)

Finally, bias correction for historical and projected scenarios are:

𝑃𝑃 ∗

bc(proj)
(𝑑𝑑) = 𝑃𝑃 ∗1

bc(proj)
(𝑑𝑑) ∗ 𝑆𝑆 (6)

𝑃𝑃 ∗

bc(hist)
(𝑑𝑑) = 𝑃𝑃 ∗1

bc(hist)
(𝑑𝑑) ∗ 𝑆𝑆 (7)

Here, th = threshold and P*1 = intermediate step in bias correction.

Amongst the available bias correction methods, from simple Linear Scaling (LS) to sophisticated Empirical 
quantile mapping (EQM), the LS method has been used. The LS and advanced EQM has performed equally well 
for most of the region, but the EQM corrupts the relative trend in precipitation extremes compared to the LS. The 
statement is also supported by the study by Cannon et al. (2015), which mentioned that the Quantile mapping 
could artificially corrupt the model projection trend.

According to the model agreement (IPCC, 2021), the MMM is defined as the mean changes that provide an aver-
age estimate for the forced model climate response to a specific forcing. It is uncertain that the model consistently 
projects insignificant changes or significant increases and decreases during the projection period. Numerous 
methods have been suggested (IPCC, 2021) to differentiate significant inconsistent signals, display model robust-
ness, and put a climate change signal into the context of internal variability. The advanced approach proposed 
by IPCC, taking into account the sign and significance of the change, in three distinct categories that are, First, 
the areas with significant change (high model agreement), Second the areas with no change (no robust change), 
and the third one is the areas with significant change but low agreement. In this study area, the climate models 
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ACCESS-CM2, ACCESS-ESM, BCC-ESM1, FGOALS-g3, MPI-ESM1-2-HR, MRI-ESM2, NorESM2-LM, and 
NorESM2-MM are showing the same trend and can be considered as the models with the high agreement as well 
as no robust change. However, CMCC-ESM2, MIROC6, MPI-ESM1-2-LR, and TaiEM2 are with low  agreement.

2.3. Estimation of Precipitation Extremes

To illustrate the changes in extreme precipitation over the IRBs, we have applied the extreme precipitation indices 
in low to high-emission scenarios. The bias-corrected CMIP6 data sets are used to calculate the precipitation 
extreme after applying the multi-model ensemble (MME) approach (Wang et  al., 2022; Wu et al., 2022). To 
estimate the changes in hydro-climate extremes, we used the Expert Team on Climate Change Detection and 
Indices (ETCCDI), demonstrated in Table 2. In this research, the intensity and the frequency of the hydroclimate 
extremes events are computed by indices included under ETCCDI in warmer futures, detailed on the website 
(http://etccdi.pacificclimate.org/indices.shtml). To analyze the future changing climatology and precipitation 
extremes, we mainly used climate indices, such as Consecutive dry days (CDD), Consecutive wet days (CWD), 
and maximum consecutive 5-day precipitation (rx5day), which can be appropriate for agriculture stress and flood 
risk over the IRBs.

Moreover, to estimate the drought over the IRBs, we have used a standardized precipitation index (SPI). The SPI 
is characterized to estimate the intensity scale from dry to wet events as positive (surplus) to negative (deficit) 
index values, respectively. The drought events for any region are predictable by the index value under −1.0 for 
a period (McKee, 1993). We have examined the drought events in this study by fitting a gamma distribution to 
grid-level monthly rainfall values. Despite that, the spatial changes in drought events are calculated on a 3-month 
time scale for the near, mid, and far future. According to Mckee et al. (1993), the SPI classification is presented 
in Table 3, and the fitted gamma distribution to monthly rainfall is shown in Equation 8 below;

SPI = (𝑅𝑅 −𝑅𝑅mean)∕𝜎𝜎𝑅𝑅 (8)

Where, R denotes precipitation and σ indicates standardized deviation.

The Percentage change of precipitation is computed from Equation 9. The 
changes in precipitation over the IRBs in the 21st century performed accord-
ing to IPCC 2021 is for the Near-, Mid-, and Far-future relative to 1981–2014.

% change = [(Particular year − long term average)∕long term average] ∗ 100 (9)

The Generalized extreme value (GEV) distribution is utilized to examine the 
projected return level of precipitation extremes over the IRBs. To compute 
the projected intensity of 10% precipitation extremes events, we estimated 
the 10-year return level based on annual maxima precipitation (Chaubey 
et al., 2022; Mannshardt-Shamseld et al., 2012). That represents the projected 
10% probability of at least one precipitation extreme event in any projected 
year. More detailed for GEV in Chaubey et al. (2022).

ETCCDI indices name Indices Unit Definition

Consecutive Drys days CDD Days Maximum length of dry spell, maximum number 
of consecutive days with RR < 1 mm

Consecutive Wet days CWD Days Maximum length of wet spell, maximum number 
of consecutive days with RR ≥ 1 mm

Contribution from heavy wet days R90pTOT % Annual total rainfall when daily wet day amount 
>90th percentile (%); 95th percentile (%) 
(100*r95p/PRCPTOT)

Contribution from very heavy wet days R95pTOT

Max 5-day PR Rx5day mm Annual max consecutive 5-day rainfall

Number of 5-day PR R5day days Maximum 5-day PR total

Note. Here, PR = precipitation.

Table 2 
Definitions of ETCCDI Indices

S.No. SPI McKee et al. (1993) Description

1. ≥2.00 Extremely wet

2. 1.50 to 1.99 Very wet

3. 1.00 to 1.49 Moderately wet

4. 0.50 to 0.99 Slightly wet

5. −0.49 to 0.49 Near normal

6. −0.99 to −0.50 Slightly dry

7. −1.49 to −1.00 Moderately dry

8. −1.99 to −1.50 Very dry

9. ≤ −2.00 Extremely dry

Table 3 
SPI Classification Applied in This Study
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3. Results and Discussion
3.1. Remove Biases From CMIP6 Data

To analyze the best bias correction methods for 12 CMIP6 models, we have applied a cumulative distribution 
function (CDF), boxplot, and Taylor diagram of both uncorrected and bias-corrected model outputs (Figure 1; 
Figure S2 in Supporting Information S1). The CDF of rainfall variable for uncorrected models output against 
IMD rainfall shows that most models have sparse distribution and the low precipitation values than observed 
(Figure 1). After bias correction, the best CDF matching has been estimated for the LS and EQM. In contrast, 
the LOCI method shows satisfactory results for all CMIP6 models except BCC-ESM1which found to be rela-
tively far from the observed probability. In the boxplots (Figure 1), raw model output data is under predicting 
rainfall extremes, which improved after bias correction under each method. In the EQM, all model has shown 
improvements in rainfall extreme, excluding BCC-ESM1, MIROC6, MPI-ESM1-2-LR, and MPI-ESM1-2-HR, 
which remains under-predicted for extremes after bias correction. At the same time, the scaling method shows 
good agreement with extreme precipitation with slightly higher rainfall values. Therefore, all bias correction 
techniques have improved the rainfall variables, but scaling turns out to be the best for extreme rainfall studies in 
comparison with EQM and LOCI methods (Cannon et al., 2015). The statistical pattern of raw and bias-corrected 
data with respect to daily observed rainfall data. The majority of the uncorrected model rainfall data have corre-
lation coefficients (CC) between 0.65 and 0.75. The Root Mean Square Error (RMSE) for raw model outputs is 
likewise aggregated around 3.0 to 3.5, but the Standard Deviation (SD) of various models has a more extended 
range from 2.0 to 3.5 (Figure S3 in Supporting Information S1). It has been estimated that the Multi-Model Mean 
(MMM), that is, the mean of the best 12 models, has a good correlation (0.85) with the observed IMD data sets 
(Figure S3 in Supporting Information S1).

The spatial pattern means precipitation MMM and IMD is shown in Figure 2. The uncorrected MMM has high 
uncertainty with the bias of −3 to 7 mm/day mean precipitation. However, after bias correction, we found that 
MMM over the has low uncertainty in precipitation with a bias of −0.3 to 0.9 mm/day. The uncorrected MMM 
was underestimated to some extent, with the IMD likely over the northeast river basins, whereas west-flowing 
river basins Tapti to and Tadri to Kanyakumari, have overestimated slightly with bias +5 to +7 mm/day. Thus 
MMM makes statistical analysis more feasible and suggests MMM as an optimistic approach to examining future 

Figure 1. Bias correction validation using Boxplot and probability density distribution of precipitation from observation to 12 GCM (CMIP6) model using three bias 
correction methods over India.

 23284277, 2023, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023E

F003556 by B
anaras H

indu U
niversity, W

iley O
nline L

ibrary on [13/09/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Earth’s Future

CHAUBEY AND MALL

10.1029/2023EF003556

7 of 19

extremes with less uncertainty. Previous research (katzenberger et  al.,  2021) used the MMM of CMIP6 and 
concluded an increasing trend in rainfall over the Indian continent in the higher-warming scenarios. Trenberth 
et al. (2003) concluded that the regions with higher mean rainfall, there is generally a greater potential for extreme 
rainfall events to occur. This is because areas with higher mean rainfall often have conditions conducive to the 
formation of intense convective storms or persistent rainfall systems.

3.2. Spatial Changes in Precipitation Over IRBs

The spatial changes in precipitation over the IRBs show very intense variation in precipitation. Figure 3 shows 
the mean precipitation climatology from 2021 to 2100 over the different SSPs scenarios. We found that the areal 
mean precipitation is gradually increased with increasing low to high-emission scenarios. The average areal mean 
precipitation increases from low (38.22 mm/day) to high (39.82 mm/day) with 4.08% changes in daily  mean 

Figure 2. Spatial pattern of observed rainfall from IMD and Multi-modal Mean (MMM) of simulated outputs CMIP6 and its 
mean bias for uncorrected and corrected CMIP6 data sets from 1951 to 2014.

Figure 3. Climatological projected areal mean precipitation (mm/day) for 86 years over the different IRBs in all SSPs scenarios.
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precipitation from SSP1-2.6 to SSP5-8.5 emission scenarios over the different IRBs. The spatial extension 
of the  projected absolute mean precipitation expends over the lower Ganga river basin for 100–150 mm/day 
in the SSP5-8.5; also Indus River basin was found to be very deficient in mean precipitation, approximately 
0–100 mm/day. We found that the West flowing Tapti to Tadri and Bharamputra river basins are projected to 
increase precipitation (200–500 mm/day), which leads to more flood conditions over the basin catchment area. 
And this will affect the estimated projected population during 2050 (CWC, 2021), approximately 106.67 million 
over these river basins (Table S1 in Supporting Information S1). Although, based on low to high emissions, 
the different SSPs scenarios have future challenges to adaptation and mitigation (Fan et al., 2021). In Figure 4, 
we found that the central IRBs, including Narmada, Tapti, Mahi, and west-flowing river basins, experienced a 
significant (p < 0.05) increasing trend of precipitation per decade, approximately 0.5 × 10 −2 to 0.7 × 10 −2 mm/
day. Moreover, the monthly is 0.35–0.4 mm/month/decade, and annually it shows 10–30 mm/year/decade in low 
emission scenarios SSP1-2.6, while central western ghats areas with significant (p < 0.05) change (high model 
agreement) resulted in 150 mm/year/decade in the high emission scenarios SSP5-8.5 (Figure 4; Figure S3 in 
Supporting Information S1). The differences among SSPs are more distinct at the monthly scale due to variations 
in human activities, such as energy consumption and agricultural practices, which influence greenhouse gas 
emissions and land use changes. Monthly data captures these variations, resulting in diverse climate patterns 
among SSPs. In contrast, the daily scale is influenced by shorter-term weather variability and localized weather 
systems, masking the underlying differences among SSPs.

Figure 4. Daily, monthly and yearly precipitation trend per decade from 2021 to 2100 for low to high emission scenarios.
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Next, we explore the projected changes in precipitation during the near, mid, and far future with the reference 
period 1995–2014, plotted in Figure 5 and significant test result in Figure S4 in Supporting Information S1. In 
the near future, the upper Ganga and Indus river basin found to be 10–30 mm/day change in precipitation, at 
the increasing temperature very likely to range from 1.3 to 1.9°C under the very high GHG emissions scenario 
(SSP5-8.5) (IPCC, 2021). However, in the far future western parts of the IRBs projected about 0–30 mm/day 
changes in precipitation in low emission scenarios SSP1-2.6 and SSP2-4.5 under the increasing temperature very 
likely 1.3–3.5°C during 2081–2100. The projected daily precipitation is highly concentrated over the western and 
central IRBs. This may be due to the moisture flux wind circulations over the Arabian and Indian Ocean dipole, 
primarily controlling changes in precipitation over the Indian continent (Rodwell & Hoskins, 2001). India's east-
ern ghats river basins were found to be decreased (0% to −20%) in daily precipitation; however, in the far future, 
it will increase (0%–15%). These areas have significant change but low model agreement at 95% significance 
level. And the previous researcher found that due to increase in air temperature over the Indian continent, predom-
inantly north western part of India and it’s may enhance the possibility of an increased moisture-holding capacity 
of the atmosphere, resulting in extremity in precipitation over north-west India (Mishra et al., 2020; Sarkar & 
Maity, 2022). Another analysis by Suman and Maity (2020) resulted in an increment of the extremes over the 
southern part due to the moisture flux deviation during the monsoon season, which strengthened eastward mois-
ture flux over the Indian continent. Here, we found high variability in precipitation from low (SSP1-2.6) to high 
(SSP5-8.5) emission scenarios. Most of India's western river basins are projected to increase daily precipitation 
near to far future. In the mid-future, only SSP1-2.6 and SSP3-7.0 show a significant increasing change (high 
model agreement) of about 30% precipitation per day over the West flowing River Kutch & Saurashtra including 
Luni, Indus, and Upper Ganga River Basins. And these changes lead to low (SSP1-2.6) and high (SSP3-7.0) 
challenges to adaptation and mitigation in the future.

Figure 5. Annual mean precipitation change (%) for Near- (2021–2040), Mid- (2041–2060), and Far-future (2081–2100) 
relative to 1995–2014.
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Figure  6 shows the spatial distribution of the climatological mean precipitation for the months JJAS 
(June-July-August-September). We found that the mean precipitation climatology varies from 12 to 15 mm/day, 
highly focused over central India, the Western Ghats, Indus, and Brahmaputra River Basins during the June 
and July months in both the low (SSP1-2.6) and high (SSP5-8.5). While Inland drainage of Rajasthan, Krishna, 
Cauvery, and Pennar river basins are found to have moderate mean precipitation of 4–7  mm/day. The lower 
Ganga river basin is found to be a decrease in monthly mean precipitation of approximately 7–11 mm/day in the 
near future. This resembles droughts over the basin reported (CRED, 2021) during the JJAS period of 2002 and 
2015, affecting about 300 million people in India. And this may project the flash drought intensification due to 
enhanced land-atmospheric and inter-annual climate variability due to El Nino Southern Oscillation (ENSO) 
(Mahto & Mishra,  2023; Mishra et  al.,  2021). Also, a recent study based on historical data sets resulted in 
the high surface pressure over the Tibet region, which initiated a decline rate in circulation intensity of the 
mid-tropospheric cyclone that reveals low precipitation (Singh et al., 2022). This decrease in rainfall and extreme 
temperature increase will affect the sugarcane crop's sugar content (Table S1 in Supporting Information  S1) 
which is the major crop of the Ganga river Basin.

However, in August, monthly mean precipitation climatology over the IRBs, is approximately 5–10 mm/day, 
while inland drainage of Rajasthan shows deficient precipitation of about 3 mm/day. Despite that, in the Septem-
ber south-peninsular IRBs Cauvery, the East-flowing River (EFR) between Mahanadi and Kanyakumari projected 
mean precipitation from 4 to 9 mm/day. This may lead to the urban flood over Hyderabad, Bengaluru, and Chen-
nai, like Indian cities situated under the peninsular IRBs. And the finding is consistent with the previous research 
(Suman & Maity, 2020), which concluded that in the JJAS months, the moisture-weighed wind deviates from the 
Arabian Sea toward the Indian continent, which reveals more intensified moisture flux that causes more precipi-
tation extreme events over WRF-TT and central India. According to the global disaster report (CRED, 2021) on 
extreme events, during JJAS months in India, about 1,282 lives were claimed due to deadly floods. This variabil-
ity in the Indian monsoon under different projected warming scenarios of CMIP6 was found to increase due to 
global mean temperature (Katzenberger et al., 2021).

3.3. Changes in Extreme Precipitation

Next, we analyze the intensity of the precipitation extremes (magnitude of precipitations extremes per unit time) 
at 5-day total precipitation, consecutive dry and wet days for observed, as well as historical and projected climate 
models for new SSPs scenarios (Figure 7). Here we found that, in the last 71 years, from 1951 to 2021, IRBs 

Figure 6. Monthly mean precipitation climatology for monsoon season over the IRBs at low (SSP1-2.6) and high (SSP5-8.5) emission scenarios.

 23284277, 2023, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023E

F003556 by B
anaras H

indu U
niversity, W

iley O
nline L

ibrary on [13/09/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Earth’s Future

CHAUBEY AND MALL

10.1029/2023EF003556

11 of 19

experienced a high intensity of 5-day total rainfall of approximately 300–500 mm over the western Ghats and 
central IRBs. Despite that, the projected 5-day total precipitation shows the highest value of precipitation of 
600–900 mm over the Indus, western Ghats, upper Ganga basin, and central IRBs, including Narmada, Mahi, 
and Tapti. The intensity of 14.28% was found to be increased under SSP2-4.5 over the upper Ganga and Indus 
river basins. Also, this was previously reported that the Ganga River Basin faced normal to severe flood events 
during the 2019 flood season (CWC, 2021). The maximum intensity of dry days is found over the Inland drain-
age of Rajasthan, West-flowing river basin Tapti to Tadri. Moreover, the projected dry days increased by about 
100–150 days/86 years. On the other hand, during the period 1951–2021, observed rainfall shows the intensity 
of wet days increases approximately 100–250 days/71 years over the Brahmaputra and Barak and Other, east-
ern and western ghats river basins, including Mahanadi, Brahmani, Subarnarekha over the IRBs. However, the 
projected wet days are increased in similar basins, including Indus and Upper Ganga basins, by approximately 
150–350 days/86 years. Also over the northeast river basins and western ghats, the mean rainfall ranges from 8 
to 16 mm per day, and there is a corresponding higher intensity (150–300 days) of consecutive wet days in these 
regions. And according to Zhao and Dai (2022) as the climate warms, there is a tendency for the atmosphere to 
hold more moisture, resulting in an increase in both mean rainfall and extreme rainfall events. Based on low to 
high emissions and human-made anthropogenic land use, the different SSPs scenarios established by climate 
scientists for integrated research on future climate change and its impacts, vulnerability, adaptation, and mitiga-
tion (Fan et al., 2021).

Figure 8 represents the spatial changes in the frequency of extreme events in the last 71 years and the projected 
86 years in different emission scenarios. The number of 5-day of heavy precipitation events is approximately 
300–400 over the Indus, central India Narmada, Godavari, and Mahanadi River basins. And the frequency of 

Figure 7. Spatial changes in the intensity of extreme precipitation events from observed (1951–2021), historical (1951–2014), and projected (2021–2100) for all SSP 
scenarios.
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5-day heavy rainfall is mostly dominated over the Brahmaputra and west-flowing river basins from Tapti to 
Kanyakumari River basins from 1951 to 2014, with approximately 600–900 events. Moreover, the projected 
maximum number of 5-day of heavy precipitation events is approximately 700–1000, mainly concentrated over 
the Indus and Western Ghats. And this type of 5-day heavy precipitation leads to flash floods over the down-
stream situated cities in the Indus river basins and urban floods in western ghats and megacities like Mumbai 
and Pune. And the finding is consistent with those (Saha & Sateesh, 2022). The projected frequency of consec-
utive dry days (i.e., number of CDD more than 5-day) was found to increase (600–800 events) in the middle to 
lower Ganga basins, Mahanadi, lower Indus basin, Brahmani, and Subarnarekha. And during far-future periods, 
the frequency would be more prominent than intensity in the strong forcing scenarios like SSP5-8.5 (Sarkar & 
Maity, 2022). However, the projected frequency of consecutive wet days (i.e., number of CWD more than 5-day) 
resulted in approximately 350–700 days over the Upper Ganga basin, inland drainage of Rajasthan, Cauvery, 
and East flowing river basin Mahanadi to Kanyakumari. And this depicts that the projected frequency of rainfall 
extremes has increased over the western Ghats, Indus River basin, and northeast river basins, including Brahma-
putra and Barak and other river basins. Previous researchers found a significant change in extremes using CMIP6 
over India due to global warming levels (Gusain et al., 2020).

Further, we investigate the changes in the intensity of the precipitation extremes in the Near, Mid, and Far future 
(Figure 9). The intensity of the extremes is found to be increased in the far and middle future as a comparison to 
the middle and near future, respectively. The intensity of the 5-day total rainfall will increase in the central and 
western river basins in the near future, while in the mid and far future, the intensity of 5-day precipitation has 
shifted over the upper Ganga basin. Moreover, in the far future high emission scenarios SSP5-5.8, the intensity 
of precipitation extremes high concentrations approximates 500–700 mm/5-day over the central IRB, including 

Figure 8. Spatial changes in the frequency of extreme precipitation events from observed (1951–2021), historical (1951–2014), and projected (2021–2100) for all SSP 
scenarios.
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Narmada, Mahi, Tapti, inland drainage Rajasthan and western part of the Ganga basin. Indian summer monsoon 
rainfall (ISMR) mainly controls these changes in precipitation by the circulation of wind-based moisture trans-
port. The intensity of the wet day's increases from low to high emission scenarios over the west-flowing river 
basins. Kulkarni et al. (2020) state that the convergence of moisture flux from the Arabian Sea to central India 
is the leading cause of extreme rainfall's enchantment over the central IRBs like Narmada, WFR-TT, etc. And 
we conjecture that due to this flux convergence and projected precipitation in different scenarios during the near 
future, Indian western and central river basins might cause precipitation extremes. This indicates that future 
challenges are high for mitigation and low for adaptation with SSP5-8.5 (Fan et al., 2021). This future challenge 
needs to be the development of watershed management. A previous study revealed that Rainwater Harvesting 
(RWH) could be an innovative and sustainable environmental solution to mitigate flood hazards (Tamagnone 
et al., 2020).

Next, we estimate the heavy (at 90th percentile) to very heavy (at 95th percentile) precipitation extremes in the 
near, mid, and far future in Figure 10. And we found that the intensity of the heavy precipitation at the 90th 
percentile has increased in the low emission scenarios, approximately 4%–10% in the western part of India in 
the near and mid future, while in the far future, it only concentrated over the inland drainage of Rajasthan and 
West flowing river basin. On the other hand, heavy precipitation (90th percentile) varies from 3% to 7% over the 
Middle Ganga, Narmada, Godavari, and Mahanadi River Basins in the higher emission scenarios. Similarly, the 
very heavy precipitation at the 95th percentile results show a similar pattern but with low intensity, approximately 
2%–5% very heavy precipitation. The intensity of the very heavy precipitation increases over the central IRBs 
from 1% to 4%, with increasing emission scenarios from SSP2-4.5 to SSP5-8.5. Indeed, the dynamic part of 
the different SSPs scenarios is to represent the projected changes in hydroclimate extremes with their probable 
uncertainties (Fan et al., 2021). Moreover, the frequency of the heavy to very heavy precipitation at the 90th and 
95th percentile, respectively, increased in the near to far future over the Brahmaputra and west-flowing Tapti to 
Tadri river basins (Figure 11). Also, earlier research reported that increasing precipitation extremes are mainly 
caused by dynamic and local thermodynamics, which have more moist static energy (Saha & Sateesh, 2022). 
And this will lead to increases in low-level convergence over eastern, central, and western flowing IRBs during 
the 21st century.

In Figure 12, the probability of the precipitation extremes is found to be increased in the central IRBs, including 
the central Ganga basin, Narmada, Sabarmati, Mahi, and northwest part of the Godavari basin, with approxi-
mately 100–500 mm/day return level. To depict, the probability of occurrence of precipitation extremes increases 
with the high emission scenarios in the 21st century from 2021 to 2100. The highest probability of precipitation 
extremes was found in the upper Ganga and Indus River basins at 500–1,000 mm/day return levels. Moreover, the 
high emission scenarios SSP3-7.0 shows a 900–1,000 mm/day return level over the west-flowing Kutch to Luni 
River basin and widespread over the central India river basins. In northwestern India, the disappearance of the 
signal under SSP5-8.5 can be attributed to increased warming and changes in atmospheric circulation patterns, 
resulting in a different pattern of precipitation distribution compared to SSP1-2.6 to SSP3-7.0. It may due to 

Figure 9. Near, mid, and far future changes in precipitation extremes for day's total 5-day rainfall, Consecutive wet days (CWD), and consecutive dry days (CDD) over 
all the SSPs.

 23284277, 2023, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023E

F003556 by B
anaras H

indu U
niversity, W

iley O
nline L

ibrary on [13/09/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Earth’s Future

CHAUBEY AND MALL

10.1029/2023EF003556

14 of 19

the high greenhouse gas emissions and limited climate mitigation efforts, leading to significant warming of the 
climate system under SSP5-8.5. The estimated return level helps examine the extreme precipitation, leading to 
a derived Probable Maximum Flood (PMF), and it will be used to design high-risk infrastructures such as large 
dams and nuclear power plants where failure would be catastrophic (Visser et al., 2022).

Figure 13 decipher the changes in hydroclimate extremes from dryness to wetness in the near, mid, and far future. 
Moreover, the decadal changes in observed dryness and wetness are shown in Figure S5 in Supporting Informa-
tion S1. The IRBs show changes in wet to dry conditions, in which western river basins (Surplus, 0 ≤ SPI ≤ +2), 
while northern east river basins (Deficit, −1.5 ≤ SPI ≤ 0) in the last 71 years from 1951 to 2021 (Figure 13). 

Figure 11. Number of Heavy (90th percentile) to Very Heavy (95th percentile) precipitation days over the IRBs.

Figure 10. Heavy (90th percentile) to Very heavy (95th percentile) percentage precipitation changes in near, mid, and far future.
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And this is consistent with previous findings that showed an increasing and shifting pattern of precipitation over 
the IRBs during the post-1980 (Chaubey et al., 2022; Sarkar & Maity, 2022). Also, this decline in rainfall over 
northeast India is consistent with previous researchers (Kuttippurath et al., 2021), which conclude that its due to 
the changes in land cover and become detrimental to vegetation activity.

Moreover, the near future IRBs show widespread annual drought conditions in most of the northwestern part of 
the IRBs as −2.5 ≤ SPI ≤ +2 in SSP2-4.5 and SSP5-8.5. During the near future, the spatial changes of an extreme 
dry spell over the IRBs show staggered nature for SPI (presence of pixels with increases in the frequency of dry 
wet spells). The frequency of dry spells over India is projected to increase, which may be amplified with time and 
radiative forcing (Salvi & Ghosh, 2016). Also, previous research concluded that under the low to high emission 

Figure 12. Spatial estimation of return level of precipitation extremes over the Indian river basins (IRBs) at 10-year return levels 
(10%, probability storms), using 2021–2100 projected SSP scenarios. The white color represents the unprocessed data sets.

Figure 13. Changes in average intensity of estimated wet to dry stage at a monthly time spanning over the Indian river basins.
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scenario Ganga river basin, central and north-west river basin, and peninsular IRBs showed more frequent occur-
rences of a moderate and severe dry spells (Mujumdar et al., 2020; Salvi & Ghosh, 2016). The CWC (2021) 
reported that the estimated population would be increased (8.06%) over the Ganga River Basin, and the per capita 
average water availability (cum) would be decreased by 8.11% from 2025 to 2050. However, the mid-future 
IRBs would face the normal to wet condition −1 ≤ SPI ≤ +2.5. It illustrates the SSPs variations increased in the 
near to mid-future may be attributed to inter-model differences in simulating the surface temperature (Sarkar & 
Maity, 2022). The far future IRBs are estimated to have very high wetness conditions 0 ≤ SPI ≤ +3. The SPI 
resulted that MMM projected a weak declining trend all the time series for the post-2070 by the high emission 
scenario compared to the medium emission scenario (Mujumdar et  al.,  2020). This depicts the precipitation 
extremes will increase over the IRBs in the far future (2081–2100), with increasing global temperature very likely 
1.8–5.7°C (IPCC, 2021). These variations in dryness to wetness in different SSPs scenarios play a vital role in 
identifying the future aspects of hydroclimate extremes with their possible uncertainties (Riahi et al., 2017).

3.4. Uncertainty Due To Different Climate Scenarios

The simulated outputs of the different CMIP6 model have high uncertainty in extremes; however, bias correc-
tion help to reduce the uncertainty in extremes. Many previous researchers used the multi-model mean (MMM) 
approach to reduce the uncertainty in projected extremes (Katzenberger Et Al., 2021). However, in our study 
MMM approach has been used, which shows uncertainty in daily rainfall from −0.3 to 0.9. The spatial changes 
in mean areal precipitation show drastic changes in SSP3-7.0, that is, 1.83 mm/day mean precipitation, which is 
higher than the high emission scenarios SSP5-8.5, which may have the uncertainty in areal mean precipitation 
over the different IRBs. The SSP2-4.5 shows uncertainty over west-flowing river basins during the mid-future, 
about 10%–15% of decrement annual mean precipitation compared with low emission SSP1-2.6. Moreover, in 
SSP5-8.5 scenarios, there is a decrement in the frequency of extreme precipitation over the Indus River basin 
compared with other low-emission scenarios. Thus for the reliability of the extreme precipitation over the regional 
river basin, more appropriate bias correction should be used for different climate scenarios, which will be helpful 
to reduce this uncertainty (O’Neill et al., 2020; Riahi et al., 2017).

4. Conclusion
In many IRBs extreme rainfall are projected to increase and intensify throughout the 21st century, with greater 
increases after the 2040s. They are projected to reach unprecedented levels by the end of the century in the 
absence of strong mitigation measures, such as achieving the Paris Agreement targets to limit global warming to 
between 1.5 and 2.0°C. The frequency of precipitation extremes over the west-flowing river basins and western 
Ghats of India is going to increase during the near and mid future, while intensity will be dominated over the 
Indus and upper Ganga basins. The daily mean average rainfall is projected to increase with low to high emission 
scenarios. Due to intensification of extreme rainfall, western ghats, Indus, West, and central IRBs will be highly 
vulnerable. Moreover, major cities like Mumbai and Pune, situated in the west-flowing river basins would have a 
high potential for urban flooding due to the increasing future precipitation extremes. In the near future, the June-
July months of the monsoon season will see heavy rainfall with high intensity over the western and central IRBs. 
Moreover, during September in the monsoon season, the peninsular IRBs will experience heavy rainfall leading 
to increased risk of urban flooding in highly populated cities like Hyderabad, Bengaluru, and Chennai. Over the 
different IRBs, the simulated output of CMIP6 depicted a high rate of change in hydroclimate extremes in all 
climate scenarios except SSP1.26, which signifies the current possible scenario for the extremes. The regional 
study reliability is also challengeable due to uncertainty between the models output and its coarser resolution. 
The extreme pattern observed under SSP1-2.6 to SSP3-7.0 suggests low to high challenges to mitigation and 
adaptation strategies, but that may not be as prominent or consistent under the high-emission scenario of SSP5-
8.5 over different IRBs. The effects of climate change under SSP5-8.5 may still lead to significant impacts and 
changes in precipitation patterns, and this study suggests that to develop long-term adaptation and mitigation 
strategies to reduce the hydroclimate vulnerability over the major IRBs.

Finally, the significant changes in the frequency of hydro-climate extreme events may have a considerable 
impact on agriculture, heaths, and other socio-economic conditions of the society. The findings presented here 
are supporting basin-wise climate adaptation and mitigation strategies, including water and emergency services 
policies to minimize risk due to extremes in the basins.
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