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Abstract Dry and wet extremes affect agricultural production, infrastructure, and socioeconomic
well‐being of about 1.4 billion people in India. Despite the profound implications of dry and wet
extremes, their changes in the observed and projected climate in India are not well quantified. Here, using
the observations from multiple sources, we show that the area affected by dry extremes during the monsoon
season (June–September) and water‐year (June–May) has significantly increased (~1% per decade;
p value < 0.05) over the last six decades (1951–2015) in India. On the other hand, the area affected by wet
extremes does not exhibit any significant trend over the same time period. Dry and wet extremes in the
monsoon season are corroborated with the positive phase and negative phase of the sea surface temperature
(SST) anomalies in the tropical Pacific Ocean (Niño 3.4 region). Global climate models (GCMs) project an
increase of more than 25–30% (±3–6%) in the combined area affected by the dry and wet extremes in India by
the end of the 21st century. The frequency of both dry and wet extreme years is also projected to increase
in the majority of India (>80%) under a warmer world if the global mean temperature rises above 1.5°C
(or 2°C) from a preindustrial level. Moreover, the population exposed to the dry and wet extremes is likely to
increase threefold under the projected 2°C warmer world. Therefore, limiting global mean temperature rise
below 2°C can substantially reduce the area and population exposure due to dry and wet extremes in India.

1. Introduction

Hydroclimatic extremes with long‐lasting impacts and damages have increased in the observational record
(Singh et al., 2014, 2019) and are likely to increase further under a warming climate (Mukherjee &
Mishra, 2018; Perkins et al., 2012). Floods and droughts are the two hydroclimatic extremes that pose tre-
mendous pressure on human society affecting crop production (Lesk et al., 2016; Lobell & Field, 2007;
Peng et al., 2004), water availability (Barnett et al., 2005; Immerzeel et al., 2010; Piao et al., 2010; Schewe
et al., 2014), and infrastructure (Hallegatte et al., 2013; Winsemius et al., 2016). Recent floods have shown
that a single event can affect multiple countries posing risks to several aspects of human lives (Jongman
et al., 2014).

Changes in the flood frequency, magnitude, and timings have been observed in many regions across the
globe (Alfieri et al., 2015; Berghuijs et al., 2017; Gudmundsson et al., 2019; Huntingford et al., 2014; Ward
et al., 2013). Such extreme events have affected millions of people in the past, and the human losses and eco-
nomic damages from flooding are projected to rise substantially under a warming climate (Dottori
et al., 2018). Moreover, both observations and model simulations show that droughts have also increased
under the warming climate (Cook et al., 2015; Dai, 2013; Diffenbaugh et al., 2015; Trenberth et al., 2014).

India experiences both dry and wet extremes (Ali et al., 2019; Mishra et al., 2019; Singh et al., 2014, 2019),
which cause severe economic, social, and environmental losses (Parida 2020; Parida et al., 2020; Udmale
et al., 2015). Moreover, dense population and agriculture‐based economy make India vulnerable due to high
exposure to the hydroclimatic extremes (Krishna Kumar et al., 2004; Mishra et al., 2017). Dry and wet
extremes have become frequent in India during the recent decades due to erratic monsoon and warming
climate (Goswami et al., 2006; Mishra et al., 2012; Roxy et al., 2015, 2017; Singh et al., 2019). For instance,
India has witnessed devastating floods in Uttarakhand (2013), Kashmir (2014), Chennai (2015), Gujarat
(2017), Kerala (2018), Maharashtra (2019), Assam (2020), and Bihar (2020) that caused the loss of
human lives and damage to agriculture and infrastructure (Kumar & Acharya, 2016; Ray et al., 2019).
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Ray et al. (2019) reported that the recent floods in India occurred due to different atmospheric circulations
and under different geomorphological settings. However, since precipitation extremes are projected to rise
under the warming climate in India (Goswami et al., 2006; Mukherjee et al., 2018), extreme precipitation
and initial hydrological conditions might have played a considerable role (Garg & Mishra, 2019; Sharma
et al., 2018). Similarly, India has experienced notable droughts during the recent decades that have had an
imprint on agriculture, and surface and groundwater resources (Mishra et al., 2019, 2020). Despite the pro-
found implications of dry and wet extremes under the warming climate, the observed and projected changes
in the area and the human population affected by these hydro‐climatic extremes remain poorly understood.

Here, we provide a comprehensive assessment of the changes in the frequency, area, and population expo-
sure affected by both dry and wet extremes in India under the warming climate. Our analysis encompasses
both observed records and future projections based on multiple observational data sets and CMIP5 simula-
tions of Global Climate Models (GCMs; Taylor et al., 2012) under two future scenarios (RCP 4.5 and 8.5). We
also use projected demographic changes under different Shared Socioeconomic Pathways (SSPs; O'Neill
et al., 2017; van Vuuren et al., 2014). Specifically, we analyze the projected changes in areal extents and
occurrence of the dry and wet extremes as well the population exposure across India under different warm-
ing level scenarios. Our study also includes assessment on the projected changes under 1.5°C and 2°C global
warming levels, which is in‐line with the targeted temperature thresholds discussed in the 2015 Paris
Agreement (UNFCC, 2015). To this end, we aim to address the following questions: (1) to what extent the
spatial coverage and occurrence of dry and wet extremes in India are projected to change under different
warming levels? And (2) how do the human population exposure to dry and wet extremes differ under dif-
ferent warming worlds?

2. Data and Methods
2.1. Data Sets

We used Standardized Precipitation‐Evapotranspiration Index (SPEI; Vicente‐Serrano et al., 2010) to iden-
tify dry and wet extremes that account for both atmospheric water availability and demand (i.e., precipita-
tion and evapotranspiration; elaborated below in section 2.2). In India, the monsoon season rainfall
contributes to approximately 80% of the total annual rainfall and is the predominant water source for the
majority of Indian regions (Mishra et al., 2012). According to the India Meteorological Department (IMD),
a deviation of 10% from the long‐term mean rainfall is regarded as the monsoon rainfall surplus or deficit
(Krishnamurthy & Shukla, 2000) leading to substantial areas being under wet or dry extremes, respectively.
Recently, there have been concerns on the uncertainty of the observational data sets used to estimate the
changes in Indian summer monsoon rainfall (Lin & Huybers, 2019; Singh et al., 2019). We, therefore, used
four different observation‐based gridded data sets in our analysis, which are available from the India
Meteorological Department (IMD; Pai et al., 2014), Global Precipitation Climatology Centre (GPCC;
Becker et al., 2013; Schneider et al., 2018), Climatic Research Unit (CRU; v4.02; Harris & Jones, 2019;
Harris et al., 2020), and University of Delaware (UDEL; v5.01; Legates & Willmott, 1990). These data sets
employ different methods and underlie station information to construct the gridded precipitation and
temperature products. These observational products have been used in the past for analyzing rainfall char-
acteristics across India (Jin & Wang, 2017; Roxy et al., 2015, 2017; Singh et al., 2014). The atmospheric
water demand required was estimated using the potential evapotranspiration (PET; Vicente‐Serrano
et al., 2010). We used the Hargreaves and Samani (1985) method to estimate PET based on maximum and
minimum air temperatures. The choice of the PET method is based on (limited) data availability over the
observational period and following the recommendation by FAO to use this method in the absence of
several variables that are required to estimate Penman‐Monteith based PET (Allen et al., 1998). Using
these precipitation and PET data sets, we estimated SPEI and analyzed the historical changes in wet and
dry extremes across India since the mid of the last century (see Section 2.2 for details, and also supporting
information Figure S1 for summary of the analysis steps and underlying data sets used in this study).

We considered an ensemble of Global Climate Models (GCMs) simulations from the archive of the Coupled
Model Intercomparison Project 5 (CMIP5; Taylor et al., 2012) to estimate the projected changes in dry and
wet extremes under the warming climate. As a majority of the CMIP5‐GCMs do not have skills to simulate
key features of the Indian summermonsoon, the selection of better performing GCMs is essential (Aadhar &
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Mishra, 2019). Based on the extensive evaluation of CMIP5‐GCMs for representing the south Asian mon-
soon characteristics by Ashfaq et al. (2017), we selected the six best performing GCMs (BNU‐ESM,
CESM1‐CAM5, MIROC‐ESM‐CHEM, GFDL‐ESM 2M, MPI‐ESM‐LR, and NorESM1‐M) for our analysis.
The performance of these GCMs was evaluated for several summer monsoon characteristics, as reported
by Ashfaq et al. (2017). These well‐performing GCMs have been also used for other hydrologic applications
in the previous studies (Aadhar & Mishra, 2019, 2020).

We analyzed 240‐years long simulations from the CMIP5‐GCMs covering the period from 1861 to 2100 with
historical and future simulations being considered as (1861–2005) and (2006–2100), respectively. We consid-
ered the two representative concentration pathways (RCPs) for the future projections corresponding to the
moderate (RCP 4.5) and the highest emission (RCP8.5) scenarios for which all relevant variables (e.g., pre-
cipitation, temperature, radiation components, vapor pressure, and wind) were available. As all the required
variables are available from the CMIP5‐GCMs, we estimated PET using the modified Penman‐Monteith
method (Yang et al., 2019) that considers the changes in surface resistance (resistance of vapor flow through
stomata openings) with varying atmospheric CO2 concentration in the warming conditions. PET based on
the modified Penman‐Monteith method can be estimated as

PET ¼
0:408Δ Rn − Gð Þ þ γ

900
T þ 273

uD

Δþ γ 1þ u 0:34þ 2:4þ 10−4 CO2½ � − 300ð Þf g½ �

where Rn is net radiation at the surface, G is heat flux, Δ is the slope of the vapor pressure curve, u is wind
speed, D is vapor pressure deficit, [CO2] is the global mean atmospheric CO2 concentration and γ is psy-
chometric constant.

We used gridded population data available at a 0.5° spatial resolution from the Center of Global Environ-
mental Research (Murakami & Yamagata, 2019; www.cger.nies.go.jp/gcp/population‐and‐gdp.html) for
the analysis of population affected by dry and wet extremes. This data set is developed considering spatial
and economic interaction among cities and utilizes an ensemble learning technique to considermultiple aux-
iliary variables (e.g., road network, city population, and urban and agricultural areas) for downscaling coun-
trywide population data to corresponding gridded estimates (Murakami & Yamagata, 2019). The data is
available for 1980–2100 at a 10‐year time interval. The data for 1980–2010 is based on the historical observa-
tions, while for 2020–2100 on the projected populations under three shared socioeconomic pathways (SSPs;
O'Neill et al., 2017; vanVuuren et al., 2014): SSP1 (toward sustainability), SSP2 (middle‐of‐the‐road scenario),
and SSP3 (regional rivalry, the world is closed and fragmented into regions). The data set was further linearly
interpolated to obtain the annual values to assist the analysis of extreme hydro‐climatic conditions as
described in Mishra et al. (2018). The SSPs provide future narratives describing different socioeconomic
developments based among other things on populations, urbanization, technological and economic growths,
and the different SSP scenarios, therefore, represents the high/low adaptation and mitigation challenges.

2.2. Estimation of Dry and Wet Extremes

We estimated the dry and wet extremes based on SPEI (Vicente‐Serrano et al., 2010). SPEI characterizes the
year‐to‐year variability of available water (the difference between precipitation and PET: P‐PET) accumu-
lated over any specified time intervals (e.g., month, season, or water‐year). We estimated SPEI using the
log‐logistic distribution fitted to accumulated water (P‐PET) over two timescales, representing the
4‐months monsoon season (June–September) and the 12‐months water‐year (June–May), respectively.
Similar to the well‐known Standardized Precipitation Index (SPI; Mckee et al., 1993), SPEI varies between
[−∞,∞] with values above and below zero reflecting wet and dry conditions, respectively. A threshold value
of 1.3, which corresponds to a return period of 10 years, was selected to represent the extreme dry
(SPEI ≤ −1.3) and wet (SPEI ≥ 1.3) conditions, as these conditions would pose severe challenges to agricul-
ture, water resources, and socioeconomic conditions in the affected regions (Shah & Mishra, 2015). Due to
the varying length of observational and GCMs data sets, we used the period of 1951–2000 and 1861–2000
to deduce parameters of the fitted distribution for the observations and GCMs, respectively. While we note
this methodological difference in the (fitting) time‐period between both data sets, we emphasize that our
goal here is not to compare outputs of two data sets (observations vs. GCMs), but rather to analyze the
changes in the projected dry/wet extremes and the exposed population to the extreme conditions. Using
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the long time‐series of available water (P‐PET) allowed us to robustly capture the form of the distribution
function. Also, estimates of SPEI based on the long‐term data can account for multi‐decadal variability asso-
ciated with summer monsoon rainfall (Shah & Mishra, 2016). As our analysis encompasses over a range of
observational and GCM data sets with varying spatial resolutions, for the India‐wide analysis, we re‐gridded
them to a standard grid of 1° spatial resolution. Similarly, for the estimation of historical and projected popu-
lation affected to dry and wet extremes, we first aggregated the 0.5° population data set to a 1° spatial resolu-
tion and then counted the number of people falling within a specified extreme condition (dry/wet) across
India.

We analyzed the changes in the spatial extent and population exposure in response to the global mean tem-
perature rise of 1.5°C and 2°C above the preindustrial levels, which is in‐line with the targeted temperature
thresholds discussed in the 2015 Paris Agreement (UNFCC, 2015). Using the combination of GCMs and
RCPs, we determined different levels of warming scenarios ranging from 0.5°C to 2.0°C temperature targets.
In each of the warming world scenario, we then estimated the projected changes in the spatial extent and
probability occurrence of wet and dry extremes in India. Next, using the projected population under different
shared socioeconomic pathways (SSPs), we estimated the population exposed to both extremes under differ-
ent warming levels. Figure S1 – as flow chart ‐ depicts the main steps of analysis and underlying data sets
used in this study.

2.3. Estimation of Global Warming Levels

We followed a time‐sampling approach (James et al., 2017; Vautard et al., 2014) to estimate 30‐year time‐
periods in the projected climate model simulations that correspond to different levels of global warming
ranging from 0.5°C to 2.0°C above a preindustrial level. Using the three observation‐based data sets of
air temperature (from GISS LOTI, HadCRUT3, and NOAA‐NCDC), James et al. (2017) reported the mean
global warming of around 0.46°C for a reference period of 1971–2000 compared to the preindustrial period
(1881–1910). We used this observation‐based offset value (0.46°C) for the identification of the 30‐year time
periods corresponding to different warming levels from the CMIP5‐GCM simulations. Furthermore, we
used a range of 0.1°C to account for the uncertainty in the selection of a preindustrial period and the cor-
responding global mean temperature (Hawkins et al., 2017). For each GCM and RCP combination, we first
referenced (subtracted) every projected 30‐year global mean air temperature to their respective 1971–2000
estimates and then sampled all 30‐year periods in which the global mean temperature of that GCM/RCP
combination crossed a range of 0.99–1.09°C, 1.49–1.59°C, and 1.99–2.09°C for the warming levels of
1.0°C, 1.5°C, and 2.0°C, respectively. We also accounted for the uncertainty due to selection of a reference
period (including the observational temperature estimates) by taking the samples of all 30‐year period that
correspond to warming levels of 0.46–0.51°C. Hereby the projected changes in the areal extent, occurrence,
and population exposed to the wet and dry extremes under the warming climate using the GCMs/RCPs/SSPs
are referenced to the historical simulation period of 1971–2000. We note the 30‐year period (1971–2000)
selected as the reference falls within the historical periods of the CMIP5‐GCM simulations, which has been
commonly used to represent the contemporary (reference) climate condition in the several climate change
impact assessment studies (see, e.g., IPCC, 2018, SR1.5 report; Jacob et al., 2018; Mishra et al., 2017;
Samaniego et al., 2018; Singh & Kumar, 2019; Vautard et al., 2014).

3. Results and Discussion
3.1. Observed Changes in the Area Affected by Dry and Wet Extremes

First, we estimated the changes in the areal extent of observed dry and wet extremes between 1951 and 2015
using the non‐parametric Mann‐Kendall test and Sen's slope method (Figures 1a and 1b), The area under
dry (SPEI ≤ −1.3) and wet (SPEI ≥ 1.3) extremes were estimated for the summer monsoon season
(June–September) and the water‐year (June–May) timescales using the four observational precipitation pro-
ducts to account for uncertainty due to choice of different rainfall data sets (Lin & Huybers, 2019;
Mishra, 2015; Singh et al., 2019). Uncertainty in the observed precipitation products can vary spatially based
on the number of rain gauge stations (Prakash, 2019). Figure 1 shows the yearly evolution of area under dry
and wet extremes in the monsoon season over the last six decades in India based on four (IMD, GPCC, CRU,
and UDEL) precipitation data sets (see the corresponding water‐year based extremes is shown in Figure S3).
The area under dry extremes has significantly (p value < 0.05) increased at a rate of approximately 1% per
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decade during the 1951–2015 period in India based on the IMD observations (Figures 1a and 1c). Increase in
the area under the dry extremes in the IMD observations is consistent in the other three data sets (Figures 1a
and 1c). For instance, CRU, GPCC, and UDEL also showed an increase of about 0.8–1.1% per decade during
the 1951–2015 period. The temporal consistency of area under dry extremes among the four data sets is well
correlated (Figure S2). For instance, the correlation between the area under dry extremes in IMD and CRU,
GPCC, and UDEL are 0.91, 0.96, and 0.90, respectively (Figure S2). In general, all the four observation‐based
rainfall data sets show an increase in the area under dry extremes during the monsoon season during
1951–2015 in India (Figures 1a and 1c). Similar changes showing an increase in the area under dry
extremes (0.5–1.0% per decade) and consistency among the four precipitation products are observed from
the 12‐months (water year) SPEI analysis (Figures S3 and S4).

Figure 1. Annual evolution of the India area (in % of total land mass) under the (a) dry and (b) wet extremes estimated
based on four observational data sets (CRU, GPCC, IMD, and UDEL) for the period 1950–2015. Dry and wet extremes are
calculated based on 4 months (JJAS) monsoon season Standardized Precipitation‐Evapotranspiration Index (SPEI)
crossing a threshold value of + 1.3 (and above for wet) and − 1.3 (and below for dry). Panels (c) and (d) summarize the
yearly estimates of the dry and wet areas as a box‐plot diagram corresponding to the four data sets.
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Next, we examined the changes in the area affected by wet extremes (SPEI ≥ 1.3) using the four observa-
tional data sets during the 1951–2015 period (Figures 1b and 1d). Based on the IMD and GPCC data sets,
the area affected by the wet extremes during the monsoon season in India has increased at a rate of 0.2%
per decade over the last six decades (Figure 1b). Over the same period, the other two data sets (CRU and
UDEL) show a declining trend in the area under wet extremes (−0.2% to −0.3% per decade). However, none
of these changes is statistically significant at even 10% of the significance level. We find that the temporal
agreement among the four data sets for the area under wet extremes is relatively low compared to that of
dry extremes (Figure S2). Wet extremes during the summer monsoon season are often localized and occur
at much smaller spatial scales than the dry extremes, which have a comparatively larger spatial footprint.
Therefore, observational uncertainty in the area of wet extremes based on the four data sets is relatively
higher (Figure S2). We find that the area under wet extremes using the 12‐months (water year) based
SPEI analysis has also not changed significantly during the 1951–2015 (Figure S3); as well the consistency
among four precipitation products for the wet extremes being lower than that of dry extremes (Figure S4).

Over the past decades, dry and wet extreme years have affected different regions in India. The years in
which more than 20% (one‐fifth) of the country was affected by the dry and wet extremes were identi-
fied during 1951–2015 (Figure 2a). The top five dry extremes occurred during the summer monsoon sea-
son of 1972, 1979, 1987, 2002, and 2009 (Figure 2a). The dry extremes in these 5 years affected different
parts of the country. For instance, dry extremes in 1987 and 2002 were more prominent in western
India and affected nearly 45% and 35% of India, respectively. In contrast, the dry extremes during
1979 and 2009 were mostly centered on the Indo‐Gangetic Plain. They covered nearly 36% and 33%
of the country, respectively. Dry extremes in the monsoon season of 1972 affected a large part of northern
and peninsular India with the coverage of about 35%. We analyzed the large‐scale SST patterns corre-
sponding to the dry (and wet) extremes observed across India using the observed sea surface temperature
(SST) data set from the Met Office Hadley Centre UK (HadISST v1.1; Rayner et al., 2003) for the monsoon
season (Wu et al., 2012). Composite SST anomalies were constructed for all the dry extremes (8 to 10
events depending on the data sets; see Figure 1a) that affected more than 20% of India during 1951–2015
in the observations from IMD (Figure 2c). The composite analysis shows that these dry extremes were
associated with the warmer SST anomalies over the tropical Pacific, south Atlantic, and Indian Oceans
(Figure 2c). Specifically, the relationship between warmer SST anomalies in the Pacific Ocean (Niño 3.4
region) and dry extremes during the summer monsoon in India is statistically significant at the 5% signifi-
cance level (based on the t test).

The coupling between the Indian summer monsoon and the positive phase of El Niño Southern Oscillations
(ENSO) is well known and has been discussed in detail in the previous studies (Kumar et al., 1999, 2007;
Mishra et al., 2012; Wu et al., 2012). The decline in the summer monsoon precipitation after the middle of
the last century has been observed primarily centered around the Indo‐Gangetic Plain, which has been
attributed to the stronger Indian Ocean warming (Mishra et al., 2012; Roxy et al., 2015). The composite ana-
lysis for the dry extremes over India based on other three observational products (CRU, GPCC, and UDEL)
showed similar patterns of SST anomalies with that found for the IMD data set (Figure S5).

The top five wet extreme years covering more than one‐fifth (20%) of the country occurred in 1961, 1975,
1988, 1994, and 2006 based on IMD observations (Figure 2b). Similar to dry extremes, wet extremes also
exhibited considerable spatial variability. For instance, wet extremes of 1994 and 2006 affected western
and central India with an aerial coverage of around 28% and 23%, respectively. The wet extreme of
1961 summer monsoon season affected central India and Indo‐Gangetic Plain while in 1988 a large part
of northern and peninsular India witnessed wet extremes. Nearly 26% of the country was affected by the
wet extreme during the summer monsoon season in 1975 (Figure 2b). Similar to the dry extremes, we
constructed composite of SST anomalies during the monsoon season for all the wet extreme years that
covered more than 20% of the country during 1951–2015 (8 to 13 events depending on the data sets;
see Figure 1b). Wet extremes are generally associated with the cooler SST anomalies over the central
Pacific region (Figure 2d). The composite SST analysis of the wet extremes based on the other three
(CRU, GPCC, and UDEL) data sets is consistent with that found for the IMD data set (Figure S4).
Overall, our results show that the significant part of India can be affected by wet and dry extremes, which
can pose tremendous pressure on water resources, agriculture, and infrastructure (Piao et al., 2010;
Wheeler & Science, 2013).
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Figure 2. Spatial distribution of top five (a) dry and (b) wet extremes across India based on the monsoon season SPEI from the observation‐based IMD data set
during 1951–2015. Panels (c) and (d) show the composite of the JJAS Sea Surface Tempertaure (SST) anomalies corresponding to the topmost dry and wet extreme
years, exceeding 20% of the spatial coverage across India. The SST anomalies are derived using climatology over the period 1951–2015 from the HadISST
database (Rayner et al., 2003).
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3.2. Projected Changes in Dry and Wet Extremes

We used simulations from the CMIP5‐GCMs to understand the projected changes in the area affected by the
dry and wet extremes in India. Using the six better performing CMIP5‐GCMs, we estimated the projected
changes in the 30‐year mean global air temperature and the corresponding area under dry/wet extremes
across India in the 21st century under the moderate (RCP4.5) and the high (RCP8.5) emission scenarios
(Figure 3a). The changes under the projected climate were referenced to the historical period (1971–2000).
The selected climate models project an increase in the global mean temperature of about 2.0°C ± 0.5°C
(mean ± one standard deviation) and 3.75°C ± 0.75°C under the RCP 4.5 and RCP 8.5 scenarios,
respectively, by the end of the 21st century (2071–2100; Figure 3a). The difference of nearly 2°C between
these two scenarios may have a substantial influence on the occurrence and spatial extent of dry and wet
extremes in India.

There is a large inter‐model variation in the projections of the area under dry extremes in India, specifically
under RCP8.5 from the middle of the 21st century (Figures 3a and S6). This uncertainty in the projected area
under the dry extremes can be attributed to the differences in the CMIP5‐GCMs and their ability to simulate
the Indian summer monsoon (Menon et al., 2013). There are also differences in the projected area under dry
extremes between the two RCPs scenarios. While the CMIP5‐GCMs project a slight decline in the area
affected by the dry extremes during the summer monsoon season under RCP4.5 by the end of the 21st cen-
tury (from 9.6 ± 3.2% in 1971–2000 to 9.3 ± 3.8% in 2071–2100), the models project on average an increase in
the area affected by the dry extremes under the RCP8.5 (14.5 ± 8.4% in 2071–2100). The divergence between
the projections under the two RCPs starts around the middle of the 21st century. On the other side, the area
under the wet extremes in India is overall to rise under both scenarios in the warming climate (Figure 3a).
The projected increase in the area under the wet extremes during themonsoon season by end of the 21st cen-
tury in India is nearly same in both future scenarios: from 10.4 ± 2.3% in 1971–2000 to 19.1 ± 5.2% under
RCP4.5 and 19.4 ± 6.3% under RCP8.5 in 2071–2100. Results of the water‐year SPEI based projected changes
in the wet and dry extreme areas are consistently similar to those of the above‐noted changes for the mon-
soon season (Figure S6).

Next, we analyzed the sensitivity of different global warming levels above the preindustrial level on the pro-
jected changes in the dry and wet extremes across India. To this end, we estimated probability ratio
(PR; Fischer & Knutti, 2015; Stott et al., 2004) as the ratio of the probability of occurrence of the dry/wet
extremes in the warmer world (1.5°C or 2.0°C) to the probability of the dry/wet extremes in the reference
period of 1971–2000 (Figures 3b–3e). The ensemble‐averaged PR of the dry extremes estimated based on
the combination of GCMs/RCPs is higher than the one in the large part of the country (~85%) indicating
an increase in the occurrence of dry extremes during the summer monsoon under the 1.5°C and 2.0°C war-
mer worlds (Figure 3b; see also Figure S6 for results corresponding to water‐year based SPEI analysis). A
large part of central and peninsular India, as well as Indo‐Gangetic Plain, is projected to experience on aver-
age an increase in the occurrence of the dry extreme under the warming climate (Figure 3b). About 15% of
the country is projected to experience at‐least twice the occurrence of the dry extremes (PR ≥ 2) under the
(1.5°C and 2.0°C) warmer worlds. We, however, find that the uncertainty in the projected increase in the
dry extremes based on the coefficient of variation (CV) of PRs under the warming climate is generally high
(with CV > 1) especially in northwest India, which shows that there is relatively large disagreement among
the GCMs (Figure 3d). In large part of India (>80%), the CV (PR) values are generally lesser than 1, indicat-
ing a moderate signal to noise ratio (i.e., a moderate agreement among the GCMs). We find a stronger agree-
ment among the GCM projections for the PR estimates (i.e., CV ≤ 0.5) over nearly 20% of the country under
the warmer worlds.

Similar to the PR of dry extremes, the PR of wet extremes is projected to increase in large part of the
country under the 1.5°C and 2.0°C warmer worlds (Figure 3c). Nearly 81–84% of the country is projected
to experience PR higher than one while about 20–22% of the country is likely to witness PR more than
two (i.e., twice the occurrence probability of extreme wet monsoon years) under the warmer worlds.
Compared to the dry extremes, there is a higher agreement among the CMIP5‐GCMs on the projected
increase in the wet extremes under the warming climate with nearly 95% of the study area exhibited
CV (PR) less than 1 (Figure 3e). The future projections on the occurrence of the dry extremes reveal a
high inter‐model uncertainty, which is attributable to the uncertainty in the precipitation projections in
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India (Mishra et al., 2014; Singh & AchutaRao, 2018). The summer monsoon season precipitation is
projected to increase in India under the warming climate (Chaturvedi et al., 2012; Kumar et al., 2006;
Menon et al., 2013). However, changes in the monsoon season precipitation in India under the warming cli-
mate are associated with the uncertainty (Turner & Annamalai, 2012) as the global and regional climate
models still do not simulate underlying process reasonably well (Kitoh et al., 2013; Shepherd, 2014;

Figure 3. (a) Ensemble mean and spread (standard deviation) of 30‐year moving averages of the global surface temperature (TAS) anomaly referenced to the
baseline period of 1971–2000, and area under dry (SPEI ≤ −1.3) and wet (SPEI ≥ 1.3) extremes across India for the period 2000–2100 under two RCP
scenarios (4.5 and 8.5). Bottom panels show the corresponding (b, c) ensemble mean and (d, e) coefficient of variation (CV) of the probability ratios (PR)
illustrating the spatial changes in dry and wet extremes across India under the 1.5 and 2.0 K (or °C) warmer worlds. PR in warming periods is referenced to the
historical period 1971–2000.
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Sperber et al., 2013). Nonetheless, the risk of extreme dry and wet events during the summer monsoon
season in India remains plausible under the warming climate (Krishnan et al., 2016; Mukherjee et al., 2018).

3.3. Projected Spatial Extent and Population Exposure to Dry and Wet Extremes

We examined the projected changes in the area and corresponding population exposed by the dry and wet
extremes in India under different global warming level targets (0.5–2.0°C). The population is projected to
increase under the 1.5°C and 2.0°C warmer worlds in large part of the country under all the three SSP sce-
narios (SSP1, SSP2, and SSP3) (Figure 4a for SSP3; and Figures S7a and S7b for SSP1 and SSP2, respectively).
A few regions (Gangetic Plain, western India, and southern India) are projected to experience a higher

Figure 4. (a) Spatial distribution of historical and projected changes in population across India under the SSP3 scenario (the corresponding plots for SSPs 1 and 2
are shown in Figure S7). (b, d) Bar plot (in the left) shows the mean areal extent (and error bars as one standard deviation) of India area under the dry and
wet extremes for different global warming levels; ΔT = 0.5–2.0 K(or °C) and (c, e) the corresponding changes in population that are projected to be affected under
the dry and wet extremes across India under the SSP3 scenario (see Figure S7 for the corresponding plots for SSPs 1 and 2). The error bars showing the uncertainty
are estimated based on samples for each of the warmer world scenario that consists of an ensemble of GCMs, RCPs, and sampling uncertainty (i.e., ±0.05°C
around the reference estimate for determining the preindustrial temperature levels; see Method for more details).
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increase in the population than the other parts of the country (Figures 4a, S7a, and S7b). Climate change
mitigation may be beneficial in reducing the area affected by the dry and wet extremes in India under the
warming climate (Figures 4b and 4d). On average, the area affected by the dry extremes in the summer mon-
soon season under the 1.5°Cwarming level is slightly (0.5%) lower than that estimated for the 2.0°Cwarming
level (Figure 4b). Nevertheless, compared to the reference period estimates, the climate models projected
an increase in the area affected by the dry extremes in India under both 1.5°C and 2.0°C warmer worlds
(i.e., from roughly 9.5% in the reference period to 13% and 12.5% in the 1.5°C and 2.0°C warmer worlds,
respectively). Similarly, the area under the wet extremes is also projected to increase under the warming
world (from nearly 10% in the reference period to 13% and 15.5% at the 1.5°C and 2.0°C worlds, respectively).
Furthermore, the projected area affected by the wet extremes under the 1.5°C warming world is about 2.5%
lower than the area if the global mean temperature rises to 2.0°C (Figure 4d). This reflects the added ben-
efits of limiting the global temperature rise to 1.5°C above the preindustrial level as discussed in the 2015
Paris meeting (UNFCC, 2015). Overall the combined area affected by the dry and wet extremes for the
summer monsoon season in India is projected to increase around 26–28% under the 1.5–2.0°C warmer
worlds. The analysis for the water year also depicts a consistent picture of increase in the area affected
by dry and wet extremes in India, similar to that of the monsoon season changes under the warming
climate (Figures 4d and S7).

The above‐noted projected increase in the area under the dry and wet extremes can pose enormous pressure
on millions of people of India. We find that about 139–167 million more people will be exposed to the
(summer monsoon) dry extremes if the global mean temperature increases 1.5°C or 2.0°C above the
preindustrial level (Figure 4c). On the other side, about 147–271 million more people are projected to be
exposed to the wet extremes in India under the warmer worlds (Figure 4e). The population exposed to the
combined dry and wet extremes in India is projected to increase by twofold to threefold under the 1.5°C
to 2.0°C warmer worlds (i.e., on average from 203 million people in the reference period to 489 and 641 mil-
lion people in the 1.5°C and 2.0°C warmer worlds). These population projections correspond to the SSP3 sce-
nario, which is consistent with the future world projected under higher emission scenarios. The other two
SSP scenarios also show similarly increased population exposure to the dry and wet extremes in India under
the warming climate (Figures S7d and S7f ). Our results show a substantial reduction in population exposure
(around 150 million people) to the dry and wet extremes by limiting the global warming to 1.5°C tempera-
ture target compared to the 2.0°C (Figures 4c and 4e). We emphasize that the impact of the climate warming
on population exposure due to the dry and wet extremes is consistently higher under the 2.0°C world despite
a slightly lower area being affected by the dry extremes in India under the 1.5°C world compared to the 2.0°C
world. The demographical changes of increasing population in India under different SSP scenarios predomi-
nantly governs the projected exposed population to wet and dry extremes (Figures 4a and S7). Besides the
higher population exposure to extremes, the projected rise in the combined dry and wet extremes across
India in the 21st century will have serious implications on agriculture, water resources, and infrastructure
and can cause substantial economic losses.

4. Summary

The rapidly growing economy and infrastructure in India are likely to face an increased risk under the
warming climate due to rise in the extreme precipitation events (Ali et al., 2018; Goswami et al., 2006;
Mukherjee et al., 2018; Roxy et al., 2017). The recent flood events in Kerala and Uttarakhand have had
remarkable impacts on all aspects of socioeconomic lives. Furthermore, recent droughts in India hampered
food and freshwater security in large parts of the country as witnessed during the drought of 2015–2016
(Mishra et al., 2016). We report that the combined area under the extreme dry and wet events during the
summer monsoon season has substantially increased over the long‐term record of 1951–2015, which is con-
sistent across different observational data sets. Also consistent with the observational changes, the
CMIP5‐GCMs project a considerable increase in the area affected by the dry and wet extremes in India.
A significant proportion of the India population is projected to be exposed to the dry and wet extremes in
the future. We find that climate change mitigation, especially limiting the global mean temperature below
1.5°C from the preindustrial level, can significantly reduce the population exposure to the dry and wet
extremes in India.
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Data Availability Statement

Data sets used in this study are freely available from India Meteorological Department (http://dsp.
imdpune.gov.in/), CRU (https://crudata.uea.ac.uk/cru/data/hrg/), University of Delaware (https://psl.
noaa.gov/data/gridded/data.UDel_AirT_Precip.html), GPCC (https://psl.noaa.gov/data/gridded/data.
gpcc.html), HadISST(https://www.metoffice.gov.uk/hadobs/hadisst/), and SSPs (www.cger.nies.go.jp/
gcp/population‐and‐gdp.html). The CMIP5 model output can be accessed through the Earth System
Grid Federation (ESGF) gateways.
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Erratum

In the originally published version of this paper, the X and Y axis of figure 1c and 1d were missing. This error
has since been corrected and this version may be considered the authoritative version of record.
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