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Abstract  Recurring floods, droughts, heatwaves, 
and other hydro-meteorological extreme events are 
likely to be increased under the climate change sce-
narios. The increased risk of these extreme events 
might have more exposure to the population; thus, it 
is important to discuss such extreme events and their 
projected behavior under a changing climate scenario. 
In the present study, we have computed the extreme 
precipitation and temperature indices over the 10 
agro-climatic zones falling under the Ganga River 
Basin (GRB)utilizing a high-resolution daily gridded 
temperature and precipitation multi-model ensembled 
CMIP6 dataset (0.25° × 0.25°) under global warming 
levels of 1.5  °C, 2  °C, and 3  °C. We found that the 
annual daily minimum temperature (TNN) showed 
a higher rise of about 67% than the maximum tem-
perature (TXX) of 48% in GRB. The basin also expe-
riences a greater increase in the frequency of warm 
nights (TN90P) of about 67.71% compared to warm 

days (TX90P) of 29.1% for the 3  °C global warm-
ing level. Along with extreme indices, the population 
exposed due to the impact of the extreme maximum 
temperature has also been analyzed for progressive 
warming levels. Population exposure to extreme 
temperature event (TXX) has been analyzed with 
20-year return period using GEV distribution method. 
The study concludes that the exposed population to 
extreme temperature event experienced an increase 
from 46.99 to 52.16% for the whole Ganga Basin. 
Consecutive dry days (CDD) and consecutive wet 
days (CWD) both show a significant increasing trend, 
but CWD has a significant increase in the majority of 
the zones, while CDD shows a significant decreasing 
trend for some of the zones for three warming levels 
periods. Extreme climate indices help to understand 
the frequency and intensity of extreme weather events 
such as heavy rainfall, droughts, and heatwaves to 
develop early warning systems and adaptation strate-
gies to mitigate such events.

Keywords  Temperature · Precipitation · Indices · 
Extreme · CMIP6 · Warming levels

Introduction

The average temperature of globe has increased since 
the later half of the last century due to an increase in 
anthropogenic greenhouse gas emissions (Pachauri 
et  al., 2014a, b). This rising temperature affects the 
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frequency and magnitude of both warm and cold 
temperature anomalies and furthers various extreme 
rainfall and temperature events (Diffenbaugh et  al., 
2005; Seneviratne et  al., 2012; Collins et  al., 2013). 
According to the Sixth Assessment Report (AR6) 
of the IPCC (2022), climate change disproportion-
ately affects local communities that have limited 
adaptation capabilities (Pörtner et al., 2022). During 
the last few decades, some unprecedented extreme 
temperature events like heat waves, wildfires, and 
winter storms have already intensified throughout 
much of the world (Handmer et al., 2012). Precipita-
tion extremes can be characterized mainly as floods, 
caused by exceptionally heavy rainfall, and droughts, 
caused by abnormally low precipitation and water 
scarcity; monsoonal downpours, tropical cyclones, 
heavy deliveries via atmospheric rivers, etc. are influ-
enced by warming trends observed in the global envi-
ronment (Sen Roy & Balling, 2004; Rao et al., 2014; 
Zhan et al., 2017; Rai et al., 2020). It has been stated 
by researchers that there will be an increase in the 
intensity and variability of the precipitation extreme 
events with an increase in the warming and GHG 
concentration in the atmosphere (Akinsanola et  al., 
2020 and Reddy & Saravanan, 2023).

These temperature extremes have jeopardized not 
only human health (Haines et al., 2006; Mitchell et al., 
2016; Orimoloye et  al., 2019; Rahman & Zafarullah,  
2020; Tong & Ebi, 2019), agricultural production 
(Chhogyel & Kumar, 2018; Cogato et  al., 2019; Ibn 
Musah et al., 2018; Sun et al., 2019; Vogel et al., 2019), 
and economic growth (Burke et al., 2015; Carleton & 
Hsiang, 2016; Dell et al., 2008, 2012; Moore & Diaz, 
2015; Pretis et al., 2018) of various parts of the world 
but they also disturb various natural ecosystem services 
(Demertzis & Iliadis, 2018; Mora et  al., 2018; Parain 
et al., 2019; Smale et al., 2019; Stillman, 2019; Vasseur 
et  al., 2014). Extreme temperature and precipitation 
have the potential to have a negative effect on both the 
global economy and the standard of living everywhere. 
The necessary prevention and preparedness to deal with 
these climate extremes rely on the adaptive capacity of 
the general population (Mirza, 2003). Many underde-
veloped countries located in low-latitude regions, due 
to their economic, demographic, and geographic rea-
sons, are more vulnerable, incur higher expenses, and 
have decreased ability to take actions when compared 
to higher-latitude wealthy countries (Diffenbaugh & 
Burke, 2019; Mendelsohn et al., 2006).

The development of general circulation mod-
els (GCMs) led the researchers to project the future 
climatic extremes and became helpful in practicing 
various hydrological models (Mondal et  al., 2022). 
Downscaling of GCMs at the regional level headed 
to investigate the climatic conditions to finer resolu-
tion on the ground. GCMs refer to the time-averaged 
planetary-scale motion representing the atmosphere’s 
long-term statistical behavior (Mechoso et al., 2015). 
These are also used to project the anthropogenic 
GHGs and aerosol impacts on future climate. The 
sixth phase of Coupled Model Inter-comparison Pro-
ject (CMIP6) as per including the latest generated 
Earth System Models compelled by pre-industrial and 
historical greenhouse gas concentration according to 
the SSPs. CMIP6 was developed recently as per IPCC 
Sixth Assessment Report (AR6) and provided a better 
dataset for various Shared Socioeconomic Pathways 
(SSPs) under different emission levels (Eyring et al., 
2016). Compared to CMIP5 models, CMIP6 models 
perform better while simulating mean and extreme 
precipitation (Ayugi et  al., 2021), and the perfor-
mance of climate indices is far better than CMIP5 
models in CMIP6. Numerous studies have been car-
ried out to evaluate the extreme climate indices for 
gridded datasets incorporating the CMIP6 and other 
GCMs (Akinsanola et al., 2021; Lee et al., 2021; Yue 
et al., 2021).

From the various modeling approaches and past 
studies, in many regions, the overnight low tempera-
tures have been raised more than the daytime highs, 
causing reduction in the diurnal temperature range. It 
has been discovered that an increase in mean temper-
ature causes less extreme low temperatures and more 
extreme high temperatures (Meehl et al., 2000). In the 
global warming scenario, both meridional and verti-
cal temperature gradients are anticipated to change. 
Climate models show that variations in temperature, 
particularly temperature gradients, affect atmospheric 
stability and may have a considerable impact on 
atmospheric circulation (Cheng-Zhi et al., 2021).

Various studies have been performed in the 
Indian region regarding the rainfall and tempera-
ture changes and their extremes events (Deshpande 
et  al., 2016; Mittal et  al., 2014; Nepal & Shreshtha, 
2015; Chaubey et  al., 2022; Siddha & Sahu, 2022; 
Koteswara Rao et  al., 2022; Rani et  al., 2022). The 
report on the global climate condition in 2015 claims 
that India and Pakistan jointly reported 4100 deaths 
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due to extremely lethal heatwaves (The Global Cli-
mate 2011–2015 (UNFCC), 2016). Over the past 
four decades, there has been a notable decrease and 
increase in the average extent and intensity of three-
dimensional precipitation occurrences globally over 
both land and ocean, respectively (Yin et  al., 2023). 
Climate change has been shown to pose significant 
threats to agriculture, food security, ecosystems, ter-
restrial water cycle, social economy, and human 
livelihood standards (Adhikari et al., 2015; Pachauri 
et  al., 2014a, b; Tirado et  al., 2010). From various 
research, it has been concluded that climate extremes 
are negatively affecting water resources, agriculture, 
livelihood, biodiversity, vegetation, industries, etc., 
and these may be responsible for the decline in the 
economic growth of a region (Planton et  al., 2008; 
Chang-Fung-Martel et al., 2017; Urama et al., 2019; 
Yehia et  al., 2017; Perera et  al., 2020; Katopodis 
et al., 2021; Zhao et al., 2022).

A geographical unit that is uniform in terms of 
climate and length of the growing season and is cli-
matically suitable for a particular range of crops and 
cultivars is known as an agro-climatic zone (FAO, 
1983). The key components of agro-climatic condi-
tions include classes of soil, temperature, rainfall, 
and water availability, all of which have an impact 
on the varieties of flora. The land unit created from 
an agro-climatic zone superimposed on a landform 
that modifies the climate and length of the growing 
season is an agro-ecological zone. India during the 
seventh planning year (1985–90), under the collabo-
rative project of Planning Commission of India (pres-
ently NITI Ayog) and Indian Council of Agricultural 
Research (ICAR), was classified into fifteen different 
agro-climatic zones based on the soil, water, rainfall, 
etc., out of which ten zones fall under the largest river 
basin of the country. In a country like India, where 
there are many people living in close quarters, agricul-
ture provides an essential source of income for more 
than 57% of all households (Dagar et al., 2021). The 
previous studies which have been carried out on the 
extreme climatic events in India and particularly the 
Ganga River Basin are done normally by classifying 
the regions or unitedly over the regions (Deshpande 
et al., 2016; Sheikh et al., 2015; Maurya et al., 2023; 
Yadav et  al., 2020; Mishra et  al., 2022), but none of 
the studies have reported the extreme events by clas-
sifying the region concerning the agro-climatic zones 
for projected extreme events. River Ganga and its 

tributaries have formed the largest range of plain fer-
tile in the country which also provided abundant water 
resources, fertile soil, and appropriate climatic condi-
tions for highly advanced agriculture-based civiliza-
tion. The study along with the agro-climatic zones will 
aid in understanding the predicted patterns of extreme 
occurrences for stakeholders and policymakers, which 
will be beneficial for agricultural crops, livelihood, 
and livestock.

Several studies reported a significant increase in 
the exposure to the population due to extreme cli-
matic events regionally and across the globe (Chen 
& Sun, 2019, 2020, 2021; Jones et  al., 2015; Rohat 
et al., 2019; Smirnov et al., 2016; Weber et al., 2020). 
Chen & Sun, 2020 reported a thrice increase in the 
exposure to projected extreme precipitation events in 
urban areas due to rapid urbanization in the future. 
Droughts with extreme temperature events (i.e., heat-
waves) are the most substantial events that affect 
population exposure (Das et al., 2022). Global popu-
lation data contains different pathways having their 
own significance such as SSP1 (sustainability) along 
with SSP5 (fossil fuel development) accepted as low 
population growth. SSP1 and SSP5 are considered for 
medium economic growth and high economic growth, 
respectively. SSP2 (middle of the road) is accepted as 
having medium growth in population, urbanization, 
and economic growth while SSP3 has a high popula-
tion and economic development with optimum urban-
ization (Jones & O’Neill, 2016). Under different cli-
mate change scenarios, the Ganga River Basin (GRB) 
is one of the river basins which is most vulnerable to 
extreme events. Being the most populated and larg-
est river basin in India, it is evident that a large por-
tion of the population of India is affected by climate 
extremes in the basin. Ganga River Basin due to its 
varying physiological conditions experiences several 
extreme climatic events, for example, cloudbursts 
(Mishra et  al., 2022), rainfall extremes (Swarnkar 
et  al., 2021), droughts (Bhatt et  al., 2022), and ava-
lanches (Thayyen et al., 2021). Therefore, it is essen-
tial to study the impact of temperature extremes on 
the population of the region as humans are negatively 
affected in every aspect socially and economically. 
Agriculture is the most affected regime as it is highly 
vulnerable to climate extremes. The objective of the 
present study is to analyze the spatial variability of 
temperature and precipitation extremes for the pro-
jected duration under 1.5, 2, and 3 °C global warming 
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levels over GRB. It also seeks to examine how the 
population is exposed to the maximum temperature 
throughout the region and area for a projected period 
under 1.5, 2, and 3 °C global warming level (GWL).

Study area

The present study is carried out over the Ganga River 
Basin which includes 11 Indian states. The Ganga 
River Basin lies between 21° 53′ N to 31° 46′ N 
latitude and 73° 38′ E and 89° 09′ E longitude. The 
region has a wide variability in climate and elevation 
that covers the mountainous, flat, and fertile land of 
North India. The elevation profile ranges from 100 
to 7800 m above average sea level. It covers approxi-
mately 8,49,000 km2 geographical area and a length 
of 2525  km. In our study, the entire basin is classi-
fied into ten agro-climatic zones (Table  1) based 
on weather patterns and agricultural output, where 
agricultural land accounting almost 65% land of the 
total area. Based on homogeneity in rainfall, tempera-
ture, topography, crops and agricultural systems, and 
water resources, the nation was divided into various 
agro-climatic zones out of which Ganga River Basin 
is shown in Fig. 1. The GRB comprises a large vari-
ety of land use classes from which agricultural land 
dominates with 65.57% of the geographical area. The 
basin is rich in soil nutrients and minerals with allu-
vial soil extending to 52% of the total area, which 
makes it most fertile basin in India.

GRB is also known for its snow and glacier 
repository which is important for water resources 
and hydropower generation. The monsoon season 
in the basin runs from June to September, rainfall 

predominates during this time, and the basin ranges 
from sub-humid to hot and humid climatic condi-
tions. The mean annual rainfall over the basin is about 
1059.74 mm with average annual maximum and min-
imum temperatures of about 32.05 °C and 18.44 °C, 
respectively. The river Ganga comprises tributaries, 
i.e., Alaknanda, Bhagirathi, Yamuna, Gomti, and 
Betwa rivers, and flows approximately 2525 km up to 
outfall at the Bay of Bengal.

Datasets used

In the present study, daily gridded precipitation data 
were obtained from India Meteorological Department 
(IMD), at a grid size of 0.25°. Since temperature data 
from IMD is not available at the same resolution of 
rainfall, therefore, minimum and maximum daily tem-
perature dataset at 0.25° spatial resolution provided by 
the Terrestrial Hydrology Group at Princeton Univer-
sity (Sheffield et al., 2006) has been used in this study. 
These were observed datasets for the base period of 
1971 to 2000. High-resolution bias-corrected daily 
precipitation, minimum and maximum temperature 
CMIP6 datasets, provided by Mishra et al. (2020a, b) 
for 13 models, and four shared socio-economic path-
ways (SSPs), i.e., ssp126, ssp245, ssp370, and ssp585 
for the period of 2001 to 2100, have been used. They 
used the statistical bias-correction method to remove 
the exhibit systematic biases present in the datasets 
with the help of Empirical Quantile Mapping (EQM) 
to downscale the temperature and precipitation. They 
found that EQM successfully removed the biases in 
both mean and extreme precipitation and minimum 
and maximum temperature. The details of the GCM 

Table 1   List of agro-
climatic zones in Ganga 
River Basin

Zone no Description about the zone Area (in sq. kms) Area (%)

1 Western Himalayan Region 59,392.79 7
2 Eastern Himalayan Region 1470 0.17
3 Lower Gangetic Plain Region 62,672 7.4
4 Middle Gangetic Plain Region 173,535.1 20.3
5 Upper Gangetic Plain Region 145,820.7 17.2
6 Trans Gangetic Plain Region 14,807.33 1.76
7 Eastern Plateau and Hills Region 95,702.76 11.28
8 Central Plateau and Hills Region 253,533 30
9 Western Plateau and Hills Region 38,642 4.5
10 Western dry region 3316.912 0.39
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datasets along with their warming levels are presented 
in Fig. S1. To check the accuracy of the GCM models, 
percent bias has been computed for the period of 1971 
to 2000 for both GCM models and observed datasets. 
Here, we have calculated the percent bias for individ-
ual GCM models (Fig. S2) and for the ensemble mean 
of GCM models with respect to observed precipitation 
(Fig.  S3). Figure  S4 represents the Taylordiagram of 
the bias-corrected temperature dataset of all 13 GCMs 
with reference to the observed dataset in which mini-
mum temperature (Fig. S3a) shows correlation ranges 
between 0.72 and 0.76 and maximum temperature 
(Fig. S3b) shows the correlation of about 0.74 to 0.78, 
and Fig. S5 shows Taylor-diagram for the precipitation 
dataset of all GCMs used in the study with respect to 
the observed precipitation having a good correlation 
between 0.70 and 0.72. The results show a very good 

correlation between the observed and GCM datasets 
with very less percent-bias values. However, to see 
the inter-climate model differences and uncertainty, 
we have also plotted the yearly mean of the minimum 
and maximum temperatures (Fig.  S6) and precipita-
tion (Fig.  S7) for the base period (1971–2000) of all 
13 models with respect to the observed dataset, which 
shows small deviations from the observed dataset.

We have used the gridded population datasets for 
the four SSPs to examine how excessive temperature 
affects the population. NASA’s Socioeconomic Data 
& Applications Centre is the source from where pop-
ulation datasets for the years 2000 to 2100 (Jones & 
O’Neill, 2016; Russo et  al., 2019; Gao, 2020) were 
acquainted. To align with the IMD grids, the popu-
lation dataset was regridded at a spatial resolution of 
0.25°. The data is linearly interpolated to the annual 

Fig. 1   Map of the study area showing the Ganga River Basin and different agro-climatic zones in it (source: India-Water Resources 
Information System)
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time step because it is available at 10-year intervals. 
The population base period was considered as of the 
year 2000 for the study.

Methodology

Environmental consequences are frequently caused by 
short-term occurrences that occur well into the distri-
bution tails of daily data, even though monthly means 
offer useful climatological information to detect slug-
gish changes in climate trends (Zhang et  al., 2018). 
Thus, the Expert Team on Climate Change Detection 
and Indices (ETCCDI) developed a core set of 27 
indices to provide a unified perspective on observed 
shifts in weather and climatic extremes. These indi-
ces are intended to track variations in the frequency 
and severity of “moderately” extreme occurrences 
by concentrating on those that generally happen sev-
eral times a year as opposed to highly significant 
weather events that only occur for a long duration of 
time (Yosef et al., 2019). From the set of 27 defined 
extreme weather and climate indices, we have used 
four for each (i.e., temperature and precipitation), 
totaling eight indices in our study (Table 2).

In the present study, we computed the extreme 
temperature and precipitation indices for each SSP, 
and then, the warming-wise multi-model ensembled 
arithmetic mean of the indices was taken to reduce 
the wide uncertainty associated with the CMIP6 
GCMs (Ma & Yuan, 2021) used in the study. Further, 
extreme indices of the base period were subtracted 
from the ensemble mean of different warming levels. 
The grids with significant increasing and decreasing 
trends were estimated using the t-test (Haan, 1977) 
as it gives a better trend for slope (magnitude)-based 

analysis and is more suitable for hydro-meteorologi-
cal studies (Yue & Pilon, 2004).

Extreme temperature and precipitation indices

Extreme temperature indices defined by ETCCDI 
(Zhang et al., 2011a, b) were used in the study, which 
is calculated using daily minimum and maximum 
temperature data for both observed (1971–2014) and 
projected (2015–2100) length of duration.

Extreme precipitation indices were also calculated 
in the present study using daily precipitation data for 
observed and projected periods. Four precipitation 
indices were used in the study, i.e., PCPTOT (annual 
total precipitation in wet days), R95P (annual total 
precipitation when daily precipitation amount on a 
wet day > 95th percentile), CWD (maximum number 
of consecutive wet days), and CDD (maximum num-
ber of consecutive dry days).

Estimation of 1.5°, 2°, and 3° global warming  
level period

For the calculation of 1.5°, 2°, and 3° global warm-
ing level periods for different GCMs, we analyzed a 
time frame of 30 years and calculated the temperature 
anomalies globally relative to the reference period 
of 1971–2000 found to be 0.46 °C warmer than pre-
industrial global mean temperature based on obser-
vational datasets. This warming value for the base 
period has been taken as a reference and analyzed 
that global mean temperature in which of the 30-year 
period GCMs reaches 1.04 °C, 1.54 °C, and 2.54 °C 
for getting 1.5 °C, 2 °C, and 3 °C warming scenarios, 
respectively (Marx et  al., 2018; Schleussner et  al., 
2016; Singh & Kumar, 2019; Vautard et al., 2014).

Table 2   List of extreme 
indices used in the study

Category Indices Description Units

Temperature Indices TXX Maximum value of daily maximum temperature °C
TX90P Percentage of days when TX > 90th percentile %
TNN Minimum value of daily minimum temperature °C
TN90P Percentage of days when TN > 90th percentile %

Precipitation Indices PCPTOT Annual total precipitation in wet days mm
R95P Annual total precipitation when RR > 95th percentile mm
CWD Maximum number of consecutive wet days Days
CDD Maximum number of consecutive dry days Days
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Avoided impact of global warmings

Avoided impacts for two scenarios have been con-
sidered in the present study for each of the indices to 
avoid the extreme events at 1.5 °C and 2 °C warmer 
climates compared with impacts of 2  °C and 3  °C 
warmer climates (Frame et al., 2017; Li et al., 2018; 
Nangombe et al., 2019; Zhang et al., 2018). Avoided 
impact is the exposure that could be avoided by miti-
gating the future levels of climate change and quanti-
fying the dependence of the exposure on population 
outcomes. It may be used to quantify the difference 
between two warming levels in terms of percentage 
with respect to the base period. The avoided impact 
for both cases was calculated using the equations 
given below:

where ∆ in the equations above represents the change 
in the extreme events concerning the base period, 
i.e., ∆1.5  °C means the difference between extreme 
events in a 1.5 °C warming level and the base period 
(1971–2000). If we are talking about the AI-2, then 
it means the extreme high-temperature events are 
avoided at 1.5 °C compared to the 2 °C warmer cli-
mate. By using this, we can assess the percentage 
reduction in the impact of climate change by aiming 
for a target of limiting global temperature increase to 
1.5 °C instead of 2 °C. The higher the percentage, the 
greater the avoided impact, indicating a more ambi-
tious and effective climate mitigation effort.

Population exposure

Population exposure refers to the extent to which a 
population is subjected to a specific factor or condi-
tion, typically referring to potential risks or influences 
that may affect the health, well-being, or experiences 
of individuals within that population. It represents the 
level of contact or interaction between a population 
and a particular phenomenon, such as environmen-
tal hazards, disease outbreaks, pollutants, or social 
determinants of health. Population exposure can be 

(1)
Avoided Impact − 2(AI − 2) =

Δ2◦C − Δ1.5◦C

Δ2◦C
× 100%,

(2)
Avoided Impact − 3(AI − 3) =

Δ3◦C − Δ2◦C

Δ3◦C
× 100%

measured and assessed in various ways, depending 
on the specific context. It involves considering fac-
tors such as the duration, intensity, and frequency of 
exposure, as well as the size and characteristics of the 
population at risk.

Among the eight indices used in the study, we have 
selected TXX, extreme indices as TXX specifically 
focuses on maximum temperature extremes, which 
can significantly impact human health and well-
being. Heatwaves and extremely high temperatures 
pose substantial risks to vulnerable populations, such 
as the elderly, children, and those with pre-existing 
health conditions. TXX has been used in numerous 
studies globally, i.e., Jones et al., 2015; Dosio et al., 
2018; Li et al., 2019; Iyakaremye et al., 2021; Tuhol-
ske et al., 2021, allowing for the comparisons across 
different regions and time-periods.

Here, we have calculated the return period value of 
TXX using the generalized extreme value (GEV) dis-
tribution method for 20  years. Population data were 
gridded at a grid size of 0.25° resolution using Cli-
mate Data Operator (CDO) and then interpolated to 
yearly data from the year 2001 to 2100. Population 
exposure was calculated using return value, popula-
tion data, and indices (TXX) warming-wise for each 
model. To calculate the population exposure for an 
extreme temperature event (TXX) using the provided 
data, we have used the following relationship:

We have estimated the avoided impacts 2 and 3 
for the population exposure similarly as mentioned 
in Eqs. (1) and (2). The avoided impact on the areal 
exposure for the GRB has also been calculated as the 
product of the number of exposed grids and the area 
of a single grid.

Results

Indices performance over 1.5, 2, and 3 °C GWL

Temperature indices

Figure  2 shows the spatial plot of extreme tem-
perature indices used in the study, and the indices 
were presented for additional warming of 1.04  °C 

(3)
Population Exposure = (TXX) × 20 year return value × Population
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(1.5  °C-base period), 1.54  °C (2  °C-base period), 
and 2.54 °C (3 °C-base period) for the 30-year dura-
tion. For 1.5  °C GWL, TXX has an average value 
of 0.9516 for GRB, which has increased about 44% 
in 2  °C-base period GWL and to 48% in 3  °C-base 
period GWL in respect of the 1.5 °C GWL, with an 
increase in the number of significant grids show-
ing changes over a major area of the basin. Figure 2 
shows that Zone-1 experiences a significant rise in 
the index compared to the other zones. TX90P has 
increased by 13.406% at 1.5 °C, 25.60% at 2 °C, and 
53.93% at 3  °C. TN90P value is 10.44% at 1.5  °C, 
which has ascended to 37.48% at 2  °C and around 
67.71% at 3 °C.

TNN mean value for GRB at 1.5 °C GWL is 3.6 °C, 
which increases with an increase in warming levels 
and reached 5.1 °C at 3 °C GWL. TNN has increased 
28.02% and 40.39% at 2 °C and 3 °C, respectively with 

respect to 1.5 °C GWL. TNN has the highest increase 
in Zone-1 and the lowest in Zone-3, yet TNN was 
found to have a significant increase in more than 95% 
of grids of the GRB for all the warming levels. TX90P 
has the averaged basin value of 13.46%, 18%, and 
29.1% at 1.5 °C, 2 °C, and 3 °C GWLs, respectively. 
A significant rise in TX90P was observed in Zone-1 in 
all three warming levels and it is evident that the num-
ber of significant grids are increasing with the increase 
in warming levels in the GRB.

Precipitation indices  In Fig. 3, warming-wise extreme 
precipitation indices were calculated, and their ensemble 
spatial plots by detracting with baseline (1971–2000) are 
presented for three global warming scenarios, i.e., 1.5, 2, 
and 3 °C GWLs of 30-year duration each.

The magnitudes of the mean PCPTOT of GRB 
were found to be 473.61  mm, 755.69  mm, and 

Fig. 2   Spatial distribution of change in temperature climate 
extremes under 1.5 °C (column-I), 2 °C (column-II), and 3 °C 
(column-III) GWL with respect to base period (1971–2000). 

The dotted points are showing 75% of model’s grids signifi-
cantly change with 95% confidence level based on the t-test
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861.93 mm for 1.5, 2, and 3 °C GWLs, respectively. 
Zones 1, 2, 3, 4, and 5 are showing a significant 
increase in the total precipitation value while the rest 
of the zones are showing a declining trend of PCP-
TOT. R95P was found to have a significant increase 
in the GRB with a mean of 8.51 mm, 15.74 mm, and 
27.84  mm at 1.5, 2, and 3  °C GWLs, respectively. 
R95P found a significant increase in zones 1, 2, 3, 
4, and 5 while decreasing in other zones. CWD for 
1.5, 2, and 3 °C GWLs was about 10.41, 13.79, and 
15.75  days, respectively, which was found signifi-
cantly rise in zones 1, 7, 3, and 2 while decreasing 
in the remaining zones. Consecutive dry days (CDD) 
were found to increase with the increase in warm-
ing level, CDD was found at about 13.64, 18.45, and 
25.32 days for 1.5, 2, and 3 °C GWLs, respectively. 
CDD shows a significant rise in zones 4, 5, 8, and 10.

Avoided impact of indices over GRB

Avoided impact (AI) for 2 and 3 °C GWLs has been 
calculated, and then, the bootstrapping has been imple-
mented over these avoided impacts with 10% and 90% 
values, which are shown in Figs. 4 and 5 for different 
indices. Bootstrapping is a resampling technique used 
to estimate the sampling distribution of a statistic or 
to make inferences about a population from a sample. 
It is a powerful technique that allows researchers to 
assess the variability and uncertainty associated with 
the estimates (Panagoulia et  al., 2014; Parey et  al., 
2010; Strauss et  al., 2013). It works on creating a 
large number of resamples, from the original dataset. 
Avoided impact of the extreme temperature indices 
over the GRB is shown in Fig. 4. Here, avoided impact 
reduced to 0.5  °C (AI-2) and 1  °C (AI-3) has been 

Fig. 3   Spatial distribution of change in precipitation climate 
extremes under 1.5 °C (column-I), 2 °C (column-II), and 3 °C 
(column-III) GWL with respect to the base period (1971–

2000). The dotted points are showing 75% of the model’s grids 
significantly change with a 95% confidence level based on the 
t-test
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Fig. 4   Projected avoided impact of climate extremes across 
Ganga River Basin and agro-climatic zones TXX, TNN, 
TX90P, and TN90P. Solid circles represent the mean value of 

the indices, and the bars show 10- and 90-percentile values 
derived from bootstrapping
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Fig. 5   Projected avoided impact of climate extremes across 
Ganga River Basin and agro-climatic zones PCPTOT, R95P, 
CWD, and CDD. Solid circles represent the mean value of the 

indices, and the bars show 10- and 90-percentile values derived 
from bootstrapping
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presented for each index. From the figure, it is visible 
that TXX has significantly increased in AI-3 concern-
ing AI-2 from 35 to 60% in GRB.

TX90P has increased from 38.82 to 70.27% in 
AI-3, and a major increase has been observed in 
Zone-3. TNN has been presented which shows a 
slight change from 41.39 to 44.71% overall of the 
basin, and Zone-2 has a prominent decrease from 
54.58 to 28.57%. TN90P is projecting an increase 
from 43.20 to 79.72% from AI-2 to AI-3 in which 
Zone-2 shows an astonishing rise of about 59.34%.

Figure 5 shows the avoided impact of precipitation 
extremes for additional 0.5 and 1 °C warming levels. 
From the figure, it can be seen that PCPTOT average 
value over the GRB increased to 13.43% in AI-2 and 
reached 53.41% in AI-3. R95P presented in the fig-
ure shows that aggregated mean value of the index 
reached 13.43% to 51.04% in GRB from AI-2 to AI-3, 
respectively. Zones 7, 8, 9, and 10 showed a higher 
upswing in the R95P index value in comparison to 
other zones. From the figure, the mean extreme CWD 
values rise from 7.39 (AI-2) to 8.83% in AI-3 for the 

GRB. CWD has the highest value for Zone-2 and the 
lowest value for Zone-10 in both circumstances. The 
average CDD value for the GRB is 8.13% for AI-2 
and 8.89% for AI-3 with Zone-2 devising the lowest 
value and Zone-10 having the highest value of this 
extreme precipitation index.

Population exposure

Before moving towards the population exposure, 
the spatial distribution of percentage changes in the 
return value for the 20-year period of TXX under 
1.5 °C, 2 °C, and 3 °C GWL with respect to the base 
period (1971–2000) is estimated and presented in 
Fig.  6. It is evident from the figure that the return 
value of the TXX is reportedly increasing with an 
increase in warming levels. It also reveals that a 
higher percentage of the return value is observed for 
Zone-1 in all three GWLs, while a slight increase in 
the return value percent change is seen in Central Pla-
teau and Gangetic Plain regions mainly, i.e., zones 4, 
5, 8, and 10.

Fig. 6   Spatial distribution of percentage change in return value for the 20-year period of TXX under 1.5 °C (column-I), 2 °C (col-
umn-II), and 3 °C (column-III) GWL with respect to the base period (1971–2000)

Fig. 7   Projected avoided impact of population exposure over Ganga River Basin and agro-climatic zones. solid circles represent the 
mean value of the exposure to TXX, and the bars show 10- and 90-percentile values derived from bootstrapping
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As shown in Fig.  7, about 46.99% and 52.16% 
of the population in the Ganga River Basin will be 
exposed to extreme temperature events (maximum 
temperature) once in 20 years respectively under 2 °C 
and 3 °C GWLs. In the present study, we have calcu-
lated the avoided impacts concerning global warming 
levels for all four SSPs. Results show that Zone-1 and 
Zone-2 are highly exposed to extreme temperature 
events of about 57.27% and 66.65% of populations, 
respectively, for AI-3, while 44.46% and 44.57% for 
AI-2. Zone-4 and Zone-5 show the lowest population 
exposure to extreme temperature events for both AI-2 
and AI-3.

If we go for the areal exposure (Fig.  8) of the 
extreme temperature (maximum temperature) for 
the GRB, it was found that 40.36% area is exposed 
to AI-2 and 62.79% exposed to AI-3. Zone-9 exhib-
its a minimal area of about 32.04% exposed to TXX 
for AI-2 while Zone-3 reveals a maximum value of 
about 51.95%. Moving to AI-3, zones 2 and 6 shows 
higher values of areal exposure of around 65.27% and 
65.63%, respectively, while zones 3 and 10 show min-
imum exposure of TXX to about 58.78 and 53.79% of 
the entire GRB.

Discussion and conclusion

Our findings show how temperature and precipitation 
extremes and frequency over GRB would vary as the 
world warms by 1.5, 2, and 3  °C. The outcomes of 

the study also show the impact averted by restricting 
the GWL to 2 °C rather than 3 °C, as well as the area 
and population exposure owing to forecasted extreme 
temperature and precipitation events. Climate simu-
lations and future climate change estimates contain 
uncertainties (Diallo et  al., 2012; Li et  al., 2016), 
which have frequently been a limiting factor, particu-
larly on regional and local scales. The daily maxi-
mum and minimum temperatures have been showing 
a trend of increasing over time, which could be an 
indication of a warming climate and could be the rea-
son for a range of adverse environmental, economic, 
and social impacts (Dashkhuu et  al., 2015). The 
outcomes of the study over GRB show that TNN is 
increasing at a rapid pace (almost more than double) 
compared to TXX, which indicates that the severity 
of cold events is decreasing while increasing in the 
case of hot events throughout the basin. The sever-
ity of warm night occurrences (TN90P) is increasing 
as compared to the warm day frequencies (TX90P), 
which indicates that rate of change in minimum tem-
perature extremes has been happening faster than the 
rate of change of maximum temperature extremes as 
previously observed by Dash and Mamgain (2011), 
Panda et  al. (2014), Revadekar et  al. (2012), Skansi 
et  al. (2013), and Rusticucci and Zazulie (2021). In 
case of daytime extremes (TXX and TX90P), driv-
ing changes are significantly associated with anthro-
pogenic factors, whereas the natural environmental 
factors (water vapor and radiative feedbacks) have 
a stronger impact on nighttime extremes (TNN and 

Fig. 8   Projected avoided impact areal exposure over Ganga River Basin and agro-climatic zones. Solid circles represent the mean 
value of the areal exposure, and the bars show 10- and 90-percentile values derived from bootstrapping
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TN90P). This is the probable reason why nighttime 
extremes are showing larger warming trends than 
daytime extremes, as similar outcomes were also 
reported by Zhang et  al. (2011a, b), Zhou and Ren 
(2011), Peng et  al. (2017), Fan et  al. (2022), and 
Simolo and Corti (2022). Consecutive dry and wet 
days both show increasing behavior over the entire 
basin which shows that extreme precipitation events 
are showing dominant behavior over the entire GRB 
and are consistent with an excessive estimation of 
total precipitation (PCPTOT) (Sharma & Goyal, 
2020).

To assess the frequency of dry and wet spells in the 
research area, duration-based indices such as consecu-
tive dry days (CDD) and consecutive wet days (CWD) 
have been evaluated. A decreasing trend has been 
observed in the study region for the absence of rainfall 
which is indicated by CDD as similar to the studies in 
Israel (Ziv et al., 2014) and Egypt (Donat et al., 2013);  
meanwhile, CWD has been reported showing a signifi-
cant increasing trend for all the three scenarios (Sheikh 
et al., 2015). The findings of the study reveal that there 
is heterogeneity in the extreme precipitation indices, 
this is probably because of the variability in the physi-
ographical features of the basin, as the elevation in the 
basin ranges between 8 and 7798 m from the mean sea 
level. Researchers and farmers should take this into 
account because it raises the demand for crop water, 
which in turn puts more strain on the GRB aquifer, 
which is already over-exploited. Our findings are con-
sistent with the previous research carried out based on 
CMIP5 and CMIP6 models (Koteswara Rao et al., 2022; 
Gulizia et al., 2022; Gupta et al., 2020; Almazroui et al., 
2020; Li et  al., 2020). Zone-1 (Western Himalayan 
Region) was found to be highly affected by the extreme 
weather and climatic conditions as results are changing 
drastically throughout the zone with an increase in the 
level of warming. Since Zone-1 mostly has glacier cov-
ers and higher elevation physiography, therefore, due to 
higher vulnerability, any small changes in the behav-
ior of the climate might lead to an increase in extreme 
events (Maurya et al., 2023; Shafq et al., 2019). Zone-1 
is highly susceptible to the emission of the GHGs, 
which may lead to the rise in the mean temperature and 
probably be responsible for reduced glacial cover. The 
whole GRB experiences increased population exposure 
from 46.99 to 52.16% once every 20 years for AI-2 to  
AI-3, respectively.

Overall, as global warming progresses, changes 
in the magnitudes of precipitation and temperature-
related extreme events are expected to increase 
significantly with the greatest growth occurring 
beneath 3 °C GWL in the whole domain and across 
all agro-climatic zones in the basin.

This study provides a scientific basis for policy-
making. Actions should be taken at both regional 
and global scales to mitigate the negative effects of 
global warming-induced climate extremes. Effec-
tive actions must be taken at the global level to 
minimize global warming by reducing greenhouse 
gas emissions. This research has significant impli-
cations for achieving the 2015 Paris Agreement’s 
worldwide emission reduction goals. The outcome 
of the study provides a noteworthy focus on agri-
culture and water resource management as well as 
adaptation and mitigation strategies for reducing the 
socioeconomic implications of climate extremes on 
a regional scale.
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