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Abstract 7 

Past versions of vulnerability index have shown ability to detect susceptible region by assessing 8 

socio-economic parameters at local scales. However, due to variability of these vulnerability index 9 

respect to socio-economic parameters, cann’t be utilized to predict the susceptibility region. The 10 

present endeavor aims to develops a new vulnerable index which identify and predict the spatio-11 

temporal imprint of extreme drought and wet events at various scales in India by analyzing 12 

monthly observed and Coupled Model Inter-Comparison Phase 5 (CMIP5) rainfall data at spatial 13 

scale 1𝑜 × 1𝑜 of time period pertaining to 1901-2100. New vulnerability index is proposed by 14 

consolidating the outcomes of Standard Precipitation Index (SPI) at different time scales such as 15 

3- and 12-month and along with weights of individual grids. The weights of individual grid is 16 

calculated through the occurrence of extreme drought and wet events in the recent past which is to 17 

include a climate change factor in the proposed index. Based on the spatial distribution of high 18 

index values, the expected vulnerable regions concerning extreme drought events will be in 19 

Northeast, Northeast Central, East Coast, West, Northwest, Northcentral, and some grids in South 20 
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part of India. Similarly, vulnerable regions concerning extreme wet events are likely to be in the 21 

Northeast, West Coast, East Coast, and some grids in the Peninsular region. 22 

Further, a conceptual model is presented to quantify the severity of extreme events. The analyses 23 

reveal that on the CMIP5 model data, it is obtained that 2024, 2026-27, 2035, 2036-37, 2043-44, 24 

2059-60, 2094 are likely to be the most prominent drought years in all-India monsoon rainfall and 25 

their impact will persist for a longer time. Similarly, the most prominent wet events are predicted 26 

to be 2076, 2079-80, 2085, 2090, 2092, and 2099.  27 

 28 

Keywords: Extreme drought event, Extreme wet event, SPI, Vulnerability index, CMIP5. 29 

 30 

1. Introduction 31 

Precipitation is one of the critical components of the hydrological cycle that has been 32 

affected by climate change (Fowler and Hennessy 1995; Xie et al. 2010). Consequently, it has 33 

witnessed more frequent extreme events (wet/droughts) (Zhang et al. 2008). Extreme weather 34 

events are a common feature, which depends on either deficit or excess of rainfall over a region, 35 

and their co-existence poses a potent threat. The formation of droughts is slow, and it takes a long 36 

time to evolve, months to years; therefore, exceptional events are hard to be predicted. However, 37 

the floods are the immediate response of disturbed weather conditions and are easily quantifiable. 38 

As a result, occurrences of both the events cause significant damages mainly to agriculture and 39 

loss of livelihood (Vasiliades et al. 2011; Narasimhan and Srinivasan 2005). More than one-third 40 

of the available landmasses in India are of semi-arid and arid tropical types, which are vulnerable 41 

to frequent droughts and desertification (Nagarajan 2003). Hence, it is necessary to understand the 42 
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formation of drought over different landmasses of India with changes in the climate at regional 43 

scales. 44 

Many parts of the world including India have experienced an increase in the frequency of 45 

occurrence of flood and drought events in the recent past (Mallya et al. 2016; Meehl et al. 2005; 46 

Mishra and Singh 2010; Parthasarathy et al. 1994; Peters et al. 2005; Preethi et al. 2019; Rajeevan 47 

et al. 2008; Veijalainen and Vehvilainen 2008). Standard Precipitation Index (SPI) (Mckee et al. 48 

1993) is the most famous index available for detection of drought and wet events, as recommended 49 

by the World Meteorological Organization (WMO) (Hayes et al. 1999; Svoboda and Fuchs 2016). 50 

The SPI has several advantages due to its simplicity and temporal flexibility, which allow its 51 

application for water resources at different time scales. For example, the SPI index is generally 52 

calculated for the selected periods, i.e. 3, 6, 12, and 24 months. The SPI at time scales 3-and 6-53 

month describe drought/wet events affecting agricultural practices as these time scales can 54 

conclusively indicate the soil moisture conditions of vegetation for the growing season (Tsakiris 55 

& Vangelis 2004; Jena et al. 2020). Further, the SPI values at the longer time scales such as 12- 56 

and 24-month are pertinent for water resources management purposes (Edwards and McKee 1997; 57 

Bonaccorso et al. 2003). 58 

According to the Intergovernmental Panel on Climate Change (IPCC), vulnerability 59 

defines as “the degree of susceptibility to damage”. It is the result of “diverse historical, social, 60 

economic, political, cultural, institutional, natural resource, and environmental conditions and 61 

processes” (Lavell et al. 2012). The selection of vulnerability indicators or variables varies based 62 

on local study context and purposes. Several vulnerability indices are available in the literature, in 63 

which some are derived from SPI, and others are proposed independently of SPI along with the 64 

local drought indicator. For example, Yang et al. (2012) have proposed a drought vulnerability 65 
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index (DVI) using the trend test over ten drought indicators. These indicators were taken from 66 

three different sectors, such as water resources, precipitation patterns, and social aspects, and trend 67 

tests were applied to score DVI. However, the analysis is a constraint to the indicators, and it 68 

applies only to the river basin. Murthy et al. (2015) have developed a composite index, known to 69 

be agricultural drought vulnerability index (ADVI) to measure the agriculture vulnerability to 70 

drought at a local scale in the Andhra Pradesh state of India by analyzing 22 indicators over spatial 71 

coverage. The variance approach generates the weights of each input indicator to quantify the 72 

severity of drought to agriculture. Although ADVI can classify (vulnerable and non-vulnerable) 73 

the region, it is restricted to local scale as the input parameters are susceptible to the areas because 74 

of the complexity in geographical structure and weather pattern. Further, some studies have 75 

reported vulnerability assessment associated with the climate changes in water resources, 76 

agricultural sector, socio-economic indicators such as land use, technology, and infrastructure  77 

(Metzger et al. 2005; Eakin and Conley 2002; Brooks et al. 2005). 78 

Manikandan and Tamilmani (2013) have proposed a DVI, which is derived index from SPI 79 

considering the parameters such as its drought spatial extends, frequency (drought occurrence), 80 

and severity (drought categories that are, moderate to extreme drought). Another DVI developed 81 

by Kim et al. (2015) and Dabanli (2018) considered socio-economic parameters such as Irrigated 82 

Land (IL), Total Agricultural Land (TAL), Population Density (PD), and Municipal Water (MW). 83 

Similarly, different sets of drought parameters have been taken into consideration in a study 84 

conducted by Kar et al. (2018) to identify the vulnerable regions through assigning appropriate 85 

weights parameters. The Standardized Drought Vulnerability Index (SDVI) is an index developed 86 

by Oikonomou et al. (2019) which incorporates precipitation patterns, the supply and demand 87 

trends, and the socio-economic background to drought vulnerability. In this framework, in-situ and 88 
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satellite data are utilized to minimize the lack of drought-related information. The temporally 89 

varying signs such as SPI, surface water drought index (SWDI), and groundwater drought index 90 

(GDI) and spatial information of the indicators have been integrated to measure the vulnerability 91 

to droughts over Bundelkhand in central India (Thomas et al. 2016).  92 

The General circulation models (GCMs) constitute essential tools for assessing probable 93 

impacts of climate change over various representative concentration of pathways (RCPs). The 94 

coupled model intercomparison project five (CMIP5), a framework for analyzing and quantifying 95 

the results of the Atmosphere-Ocean Coupled General Circulation Model (AOCGCM) (Taylor et 96 

al. 2011). These CMIP5 projections are based on updated global greenhouse gas emission 97 

scenarios represented as a radioactive concentration of pathways (RCPs). Many studies have 98 

employed CMIP5 models to investigate the evolution of past and future droughts and predicting 99 

the severity of future droughts (Cook et al. 2015; Sheffield and Wood 2008; Taylor et al. 2013; 100 

Zhao and Dai 2015; Swann et al. 2016; Orlowsky and Seneviratne 2013). In the context of India, 101 

a recent study by Preethi et al. (2019) assessed the variability of drought and wet events using 102 

CMIP5 models and reported the frequent occurrence of droughts during the near and mid future 103 

(2010-2059). A study carried by Ojha et al. (2013) considering 17 GCMs has assessed the severe 104 

droughts and wet events in the future. The study has reported an increasing trend in the frequencies 105 

of droughts and wet events. It is shown that drought events are expected to increase in the West 106 

Central, Peninsular, and central Northeast regions of India in the future. In contrast, the northern 107 

parts of India and coastal areas are likely to experience a maximum increase in the frequency of 108 

wet events. 109 

Numerous factors influence drought vulnerability, which are directly pertinent to the local 110 

studies (UNDP 2004). Several studies have been performed to assess the vulnerability of a region 111 
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related to the effect of climate changes on meteorological parameters, water resources, and 112 

agricultural sectors (Eakin and Conley 2002; Brooks et al. 2005; Metzger et al. 2005). The present 113 

study proposes two conceptual models to quantify the severity of extreme drought and wet events 114 

and to identify the regions which are vulnerable to such kind of events. For the identification of 115 

vulnerable regions, the proposed model uses the SPI outcomes such as frequency, prolonged 116 

duration, and magnitude, which reflects the impacts of meteorological extremes at the local scale. 117 

In addition, the weight of the grid, which takes into account the pre and post-global warming effect 118 

of occurring the meteorological  extremes at a local scale is given consideration. For example, 119 

suppose two grids experience the same number of extreme events, but a grid which experience 120 

such events in the early part of the nineteenth century is less weighted as compared to the one in 121 

the latter part of the century. Further, the present study employs CMIP5 projection data to assess 122 

the changes in the vulnerable regions in the future. In this framework, firstly observed data is used 123 

to identify the vulnerable region and validated through literature, and further, the index is 124 

employed on CMIP5 projection datasets. 125 

2. Data, study area, and methodology 126 

2.1 Data and study area 127 

Observed gridded rainfall data of spatial resolution 1o × 1o for the period 1901-2014 is 128 

obtained from the open web repository of Climate Research Unit (CRU), UK 129 

http://www.cru.uea.ac.uk (Harris et al. 2014). The spatial domain for the analysis comprised of 130 

354 grids  is chosen in the range of latitude 8o4′ − 37o5′ and longitude  68o5′ − 97o5′ covering 131 

the Indian region. As mentioned in Harris et al. (2014), this precipitation dataset has undergone a 132 

quality check by the CRU. Further, it has been compared with other observation-based datasets; 133 

namely, Global Precipitation Climatology Center (GPCC), University of Delaware (UDEL), 134 

http://www.cru.uea.ac.uk/
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climate research temperature TEM data (CRUTEM) at a global scale (Becker et al. 2013; Willmott 135 

and Matsuura 2001; Jones et al. 2012). And also it has been compared at a regional scale (Shi et 136 

al. 2017; Reeves et al. 2017; Thorne et al. 2016) to demonstrate the robustness of this dataset. In 137 

the Indian context, Rao et al. (2014) have given preference to CRU data due to its accuracy in 138 

comparison to the other datasets such as National Data Centre (NDC), India, and Indian 139 

Meteorological Department (IMD). Further, Robertson et al. (2013) have performed a comparative 140 

analysis between CRU and IMD data in northern India from 1982 to 2005 and found a reasonable 141 

degree of closeness between the two datasets.  142 

Further, the present work utilizes historical and projection simulations of CMIP5 model 143 

(Taylor et al. 2012) spanning over the period 1901-2005 and 2006-2100, respectively obtained 144 

from the website of Earth System Grid Federation (ESGF)  ( https://esgf-145 

node.llnl.gov/search/cmip5/). As mentioned in Taylor et al. (2012) CMIP5 datasets are available 146 

at different RCPs scenarios, namely 2.6, 4.5, 6.0, and 8.5, and designated based on the 147 

concentration of greenhouse gases and the possible range of radiative forcing values towards the  148 

2100. In RCP 2.6 and 4.5, emissions continue to rise till 2030 and 2040, respectively and its trend 149 

declines towards 2100. Similarly, in RCP 6.0 emissions continue to rise till 2060, and it stabilizes 150 

towards 2100, while in RCP8.5, the emissions continue to increase throughout the 21st century. In 151 

view of importance of RCP8.5, we have utilized this data set in the present work. The CMIP5 152 

models outputs were developed at different climate centers over the globe with various  horizontal 153 

resolutions. Therefore, these models are rescaled to the spatial resolution of observations using a 154 

bilinear interpolation technique. The bilinear interpolation has been used for rescaling the climate 155 

variable such as rainfall data in various climate studies over the globe (Diffenbaugh and Giorgi 156 

2012; Geil et al. 2013; Koirala et al. 2014).  157 
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Further, gridded data is used to calculate the all-India rainfall by taking the area-weighted 158 

average over all grids using a standard weighted matrix (Rajeevan et al. 2006) provided by the 159 

IMD.  160 

The observed data is partitioned into three parts such as 1901-1937 (first time-domain 161 

(FTD)), 1938-1976 (second time-domain (STD)), and 1977-2014 (third time-domain (TTD)). The 162 

rationale of dividing the data into three parts is to identify spatio-temporal shift of rainfall extremes 163 

over time and to preserve stationarity in data. Further, the statistical test, Dickey-Fuller test is 164 

employed to check stationarity over each segment of the data. The null hypothesis of the Dickey-165 

Fuller (ADF test) (Dickey and Fuller, 1981) is rejected (p-value < 0.01), which indicates that data 166 

maintain stationarity concerning the statistical properties. 167 

2.2 Ensemble of CMIP5 Models 168 

An assessment of the performance of climate models in simulating the variability in 169 

drought and wet events for the time of 1901–2005 using CMIP5 (Taylor et al. 2012) is presented. 170 

Historical simulations from 12 CMIP5 models, which represent Indian summer monsoon rainfall 171 

(Jena et al. 2015, 2016; Jena and Azad 2019; Azad and Rajeevan 2016) is compared with the 172 

corresponding observations to obtain an assessment of the models’ performance, which is 173 

mentioned in Table 1. Further, an ensemble of these selected models is formed by implementing 174 

Shannon’s entropy method. It assigns weights to each model based on the performance in 175 

simulating observed climatology such as JJAS, and annual rainfall (in mm). Using these 176 

climatologies, the statistics such as coefficient variation (CV), root mean square error,  and 177 

Correlation of coefficient (CC) are computed for each CMIP5 model dataset. The obtained 178 

statistics form a matrix of the dimension (12 X 6), which is known to be decision matrix. The detail 179 

procedure as follows: 180 
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Step 1: Shannon’s entropy (Shannon 1948) is a method to find the desired weights for the given 181 

criteria which can be assessed as  182 

𝑒𝑘 = − 1𝑙𝑛(𝑛) ∑ 𝑧𝑖𝑘𝑛𝑖=1 𝑙𝑛(𝑧𝑖𝑘)                                                                    (1) 183 

𝑑𝑘 = 1 − 𝑒𝑘                                                                                                (2) 184 

where, 𝑧𝑖𝑘 is the normalized form of the decision matrix, 𝑛 is the number of models and 𝑒𝑘 is the 185 

Shannon entropy, which gives the information of the individual model’s weightage used in the 186 

analysis.  187 

Step 2: The weights can be written as 188 

𝑤𝑘 = 𝑑𝑘∑ 𝑑𝑘𝑚𝑘=1                                                                                             (3) 189 

Step 3: An ensemble of data is formed by 190 

 𝑑𝑎𝑡𝑎 =  ∑ (𝑚𝑖 ∗ 𝑤𝑖𝑛𝑖=1 )                                                                     (4) 191 

where, 𝑛 is the number of models, 𝑚𝑖 is the CMIP5 model data, and 𝑤𝑖 is the weight of the 192 

corresponding models. 193 

The ensemble model data is compared with the observations as well as individual models’ 194 

climatology of Indian monsoon rainfall. The results are shown in Table 2 and reveal that an 195 

ensemble model performs better than individual models in simulating observed climatology. For 196 

example, the model GFDL-ESM2G shows a 2% relative error (RE) in simulating the annual 197 

amount of rainfall, which is less than other models as well as the ensemble model. However, this 198 

model has a high value of RE (>=27%), while simulating June-September (JJAS) climatology. A 199 

similar observation is also noticed in other selected models. So, it is concluded that there is no 200 
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unique model whose performance in simulating the climatology of JJAS and annual rainfall is 201 

outstanding. However, it is observed that an ensemble model has less RE (5% for annual rainfall, 202 

15% for JJAS rainfall) which is relatively less than other individual models in simulating both 203 

observed climatology. Therefore, an ensemble model is chosen for the historical and projection 204 

analysis. 205 

2.2 Methodology 206 

2.2.1 SPI  207 

SPI is utilized to investigate the spatial, temporal extent, and severity of droughts 208 

occurrence over the region. This index is defined as the difference between the rainfall at a given 209 

instance and the long-term mean divided by the standard deviation in the specified time domain. 210 

However, this method cannot be applied directly as the precipitation follows skewed distribution 211 

for the accumulation period of 12 months or less (Mckee et al. 1993). This disadvantage can be 212 

overcome by applying simple transformation functions which converts the skewed distribution 213 

into a normal distribution.  214 

Normally, the SPI index is calculated for the selected periods, i.e. 3, 6, 12, and 24 months. 215 

The time scale 3-and 6-month give the information about the short-term drought/wet, whereas 12- 216 

and 24- month provide long term drought/wet. It is mentioned that the gamma distribution fit the 217 

climatological precipitation data well, therefore, the monthly precipitation time series for 𝑗th time 218 

scale is modeled using gamma distribution (Thom 1958). In the present study, various distributions 219 

are fitted to rainfall data and it reveals that gamma distribution closely fits (See Appendix). The 220 

probability density function of the gamma distribution is defined by: 221 

g(x) =  1β𝛼γ(α) x𝛼−1e−x𝛽 for 𝑥 > 0                                             (5) 222 
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where 𝛼 > 0 is a shape parameter, 𝛽 > 0 is a scale parameter, and 𝑥 > 0 is the amount of 223 

precipitation. 𝛾(𝛼) is the gamma function which is defined as: 224 

𝛾(𝛼) =  ∫ 𝑦𝛼−1𝑒−𝑦∞0 𝑑𝑦                                                             (6) 225 

The mathematical form of the cumulative probability function of Gamma distribution is given by: 226 

𝐺 =  ∫ 𝑔(𝑥)𝑑𝑥𝑥
0 = 1𝛽𝛼𝛾(𝛼) ∫ 𝑥𝛼−1𝑒−𝑥𝛽 𝑑𝑥𝑥

0                                                  (7) 227 

Since the gamma distribution is undefined for 𝑥 = 0, the cumulative distribution function for 228 

gamma distribution which accounts zero value in the data is further modified as: 229 

𝐻(𝑥) = 𝑞 + (1 − 𝑞)𝐺(𝑥)                                                                     (8) 230 

where 𝑞 represents the probability of zero rainfall over the period 1901 − 2014. 231 

The algorithm of SPI is implemented on all-India and gridded monthly rainfall data for the period 232 

1901-2014 at different time scales, representing short to long term rainfall events. Using the 233 

classification scheme mentioned in McKee et al. (1993), rainfall events are categorized into 234 

moderate, severe, and extreme events (both drought and wet). 235 

2.2.2 Severity assessment of extreme drought and wet years 236 

The implementation of SPI provides positive and negative indices, through which extreme 237 

drought and wet events are extracted by utilizing the threshold as mentioned in Mckee et al. (1993) 238 

and Svoboda and Fuchs (2016). The severity of an extreme drought/wet event is quantified through 239 

its magnitude, duration, or how long it persists over time. To understand the impact of extreme 240 

(drought and wet) events, a conceptual model is proposed, which is described in Fig. 1. The model 241 

calculates the severity index, which is defined as a function of duration and magnitude of the 242 

extreme events. The high values of severity index indicate the potential impact of extreme events 243 
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and vice versa. Suppose, an extreme event occurred with high magnitude and it persists over a 244 

small period, then it is likely to have less potential impact. Whereas, an event with a low magnitude 245 

which continues over a long period is likely to have a high impact. The conceptual model takes 246 

care of these two aspects and is defined as: 247 𝑆 = 𝑀 × 𝑊                                                                    (9) 248 

where M and W are the magnitude and weight of the corresponding events. The weight of the 249 

extreme events is assigned according to the duration of the events. The event with prolonged 250 

duration is assigned more weights and vice versa. The magnitude of either event is calculated as: 251 

Step 1: The implementation of SPI algorithm at a given time scale on rainfall time series (𝑚 × 1), 252 

where 𝑚 represents the total number of months, it results in SPI index, named as 𝐼𝑛𝑑𝑒𝑥𝑚×1. 253 

Transform this matrix to 𝑆𝑛×𝑝, where 𝑛 = 𝑚12 = 114 and 𝑝 represents number of years and months, 254 

respectively. In this study, extreme rainfall events are considered and the value of threshold (𝑡ℎ𝑟) 255 

is ±2 for extreme wet and drought, respectively. 256 

Step 2: Extract the extreme wet years, 𝑑 = {𝑦1, 𝑦2, 𝑦3, … } in which 𝑦𝑖 = {𝑆𝑖,𝑗 ≥ 𝑡ℎ𝑟|𝑖 =257 1,2, . . , 𝑛 and 𝑗 = 1,2, . . , 𝑝}. Similarly for the extreme drought year, 𝑦𝑖 = {𝑆𝑖,𝑗 ≤ 𝑡ℎ𝑟 |𝑖 =258 1,2, . . , 𝑛 and 𝑗 = 1,2, . . , 𝑝}.  259 

Step 3: For 𝑖𝑡ℎ extreme wet year, find the 𝑗𝑡ℎ month which exceeds the 𝑡ℎ𝑟. Then wet magnitude 260 

event is obtained as:  261 

𝑀𝑖 =  ∑ {𝑆𝑖,𝑡 > 0| 𝑦𝑖 is an extreme wet year}𝑘𝑡=𝑗                                          (10) 262 

Similarly, the magnitude of each extreme drought event calculated as: 263 

       𝑀𝑖 =  ∑ {𝑆𝑖,𝑡 < 0| 𝑦𝑖 is an extreme drought year}𝑘𝑡=𝑗                                      (11) 264 
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It is a cumulative sum of the magnitude (𝑘 − 𝑗) positive/negative index value of ith extreme 265 

wet/drought year when it encounters with negative/positive index value (𝑆𝑖,𝑘+1 <> 0). 266 

Then the weight is obtained as: 267 

The weight (𝑊) of extreme wet year is calculated according to the number of months having 268 

positive index value after the 𝑗𝑡ℎ month. For example, if in an 𝑖𝑡ℎ extreme wet year, five months 269 

are having positive index value after 𝑗𝑡ℎ month, the weight of 𝑖𝑡ℎ year would be five. Similarly, 270 

the weight for extreme drought is obtained. 271 

Further, the values of 𝑆 is normalized as, 𝐼 =  |𝑆|𝑚𝑎𝑥 (|𝑆|) to compare at a common scale. 272 

2.2.3 Vulnerability index of rainfall extremes 273 

Generally, the vulnerability is a relative measure among regions/grids concerning rainfall 274 

extremes, and it indicates the degree of susceptible to damage (harm) due to the occurrence of an 275 

event (Smit et al. 1999). In the present study vulnerable index is defined as a function of frequency, 276 

prolonged duration, magnitude, and temporal shift of extreme events over a region. These variables 277 

act as distinct indicators of severity concerning drought and wet conditions for a given period. To 278 

quantify the vulnerability of a region, a conceptual model is proposed and described in Fig. 2 and 279 

its mathematical expressions are described in the equation form, which is stated as: 280 

𝐼 = 𝑃 × 𝑊𝐷 × 𝑍                                                                                 (12) 281 

where,                                        𝑃 = ∑ 𝐷𝑗𝑞𝑗=1𝑚                                                                   (13) 282 

 𝑚 is the total number of months, 𝐷𝑗 represents dry and wet months. Here, dry and wet months are 283 

defined according to SPI values negative and positive of the corresponding months respectively 284 
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and 𝑞 is the total number months having 𝑆𝑃𝐼 value is negative or positive. The term 𝑃 represents 285 

the average number of dry/wet months over the period. Further, 𝑃 value is calculated over the pre 286 

and post era of global warming and accordingly assigns weight to the grids.For example, suppose 287 

the grid experienced average dry/wet months equally in pre and post era of global warming, which 288 

indicates the grids have less influenced by climate change and hence is assigned less weight. On 289 

the other hand, a grid with more average dry/wet months in the post era compared to the pre era 290 

of global warming is assigned a relatively higher weight.  291 

The term 𝑊𝐷 is defined as: 292 

𝑊𝐷 = ∑ (𝑑𝑗) 𝑛𝑗=1(𝑚/12)  ×  ∑ 𝐼(𝐼𝑛𝑑𝑒𝑥𝑗 >< 𝑡ℎ𝑟) 𝑚𝑗=1 (𝑚/12)                                           (14) 293 

                                        294 

Here 𝑡ℎ𝑟 represents a threshold for rainfall extremes, d is the extreme event years. The second 295 

term of Eq. (14) indicates the frequency of extreme wet and drought over the study period. Two 296 

grids may experience the same frequency, so, it is required to assign weight to grids. The 297 

assignment of weight to grids is based on the impact of climate change over the region. For 298 

example, suppose grid-one and grid-two experienced two extreme droughts such as 1918, 1920; 299 

and 1987, 1991, respectively. Here, it may be inferred that there are no changes in the rainfall 300 

pattern in the influence of climate change in grid-one, whereas grid-two have adversely influenced 301 

by climate change. Therefore, the grid-two is assigned with high weights compared to grid-one 302 

and it is calculated by the first term of the Eq. (14). 303 

The term 𝑍 is defined below: 304 
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𝑍 =  ∑ 𝑀𝑖 × 𝑓𝑖𝐿𝑘𝑖=1 𝐿                                                                             (15) 305 

where 𝐿 is the total length of a negative or positive spell of the rainfall events. The negative and 306 

positive spell of length L is defined as the L continuous months having 𝑆𝑃𝐼 𝑖𝑛𝑑𝑒𝑥 <  0 and 307 𝑆𝑃𝐼 𝑖𝑛𝑑𝑒𝑥 >  0, respectively. 𝐿𝑘 is the length of spell, where k is the number of spells. For 308 

example, in a grid, there are five number of positive spell with each of length of 𝐿1, 𝐿2, 𝐿3, 𝐿4 and 309 𝐿5. So the total length of the spell is obtained as 𝐿 =  ∑ 𝐿𝑘5𝑘=1 . 𝑀𝑖  is the magnitude of 310 

dryness/wetness in each spell and 𝑓𝒊 is the frequency of rainfall extremes corresponding to the 311 

spell. The term 𝑓𝒊 add more weightage to the spell, for example, if two grids having the same 312 

magnitude and the grid with higher extremes given the more weightage. This situation comes when 313 

two or more spells having equal magnitudes, hence the spell with more rainfall extremes is given 314 

with the highest weightage. The term 𝑍 represents a weighted average drought/wet magnitude in 315 

each of the spells. The term 𝑍 cumulates the average effect of the droughts and wet magnitude 316 

over time. The index 𝐼 has been constituted in a way to assume larger values for regions that have 317 

witnessed more rainfall extremes through fewer and more recent rainfall events. The calculated 318 

values of 𝐼 have been normalized as, 𝐼 = 𝐼max(𝐼) and segregated into four intervals based on quartile 319 

values. 320 

3. Results and discussion 321 

3.1 All-India observations: 322 

3.1.1 Observed drought and wet events 323 

To preserve stationarity, rainfall data is partitioned into three disjoint sets of equal size 37 years 324 

such as 1901-1937, 1938-1976, and 1977-2014. The algorithm of SPI is implemented on each 325 
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dataset of monthly rainfall data for the period 1901-2014 at 3- and 12-month scales. It may be 326 

noted that the present study focuses only on the extreme rainfall events (extreme drought and wet) 327 

and the corresponding years are presented in Table 2 over all-time scales. The results reveal that 328 

most of the extreme droughts of 3-month are found to be in 1901-1920 and 1965-2010. A similar 329 

result has been reported in Bhalme et al. (1983) and Parthasarathy et al. (1987) that the most of the 330 

short-scale droughts were found in 1891-1920 and 1961-1984. Further, a decadal gap (1921-1959) 331 

is found in the formation of extreme drought over the time scales of 6-24 months. The large-scale 332 

extreme droughts (24-month) occurred between 1960 and 2010.  333 

Similarly, the extreme wet events are extracted and their corresponding years are shown in Table 334 

2. The results reveal that most extreme wet events at a 3 and 12-month scale occurred in 1920-335 

1960, which explains inverse relation between the occurrence of drought and wet events. It may 336 

be conferred that in the global warming era (after 1960) the weather events related to temperatures 337 

have increased along with the drought events. Similarly, it is noted that before the warming era 338 

(before 1960) wet events were more in occurrence along with fewer droughts and temperature 339 

events, such as temperature mean change (Narula et al. 2018). 340 

3.1.2 Severity assessment of extreme drought and wet years 341 

The proposed model explained in Section-2.2.2 is employed over the extreme drought and wet 342 

years to assess the severity of events. The results of extreme drought events are shown in Fig. 3, 343 

in which the subplot of Fig. 3(a) and (b) represent for the time scale of 3-month and 12-month, 344 

respectively. At a 3-month scale, the extreme drought years such as 1902, and 1905 have the 345 

highest index value which indicates that the influence of these years was persistent for a longer 346 

period. The most prominent drought events at 3-month time scale occurred in 1902, 1905, 1908, 347 

1918, and 1920 in the early part of 20th century, and 1966, 1967, 1972, 1987, 1991, 2001, 2002, 348 
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2003, and 2009 were designated as major drought events after global warming era. Further 349 

considering other time scales, the most prominent years were 1905, 1918, 1964, 1965, 1972, 1987, 350 

2001, and 2002 at a 12-month scale. These extreme droughts have been reported in various 351 

literature mentioning the potential impact over diverse fields such as agriculture, water reservoir 352 

(Tyalagadi et al. 2015; Samra 2004; Parthasarthy et al. 1987, 1994; Shewale & Kumar 2005). It is 353 

well documented that 70% of the Indian region has suffered from the occurrence of extreme 354 

drought in 1918, which was designed as first large drought in India followed by second-largest 355 

drought in 1987 and 1905, which affected 48% and 37% of the area, respectively (Shewale & 356 

Kumar 2005). As mentioned in Samra (2004), the entire region of India has experienced extreme 357 

droughts in 2001, 2002, and 2003 which caused many losses in the form of severe damages 358 

(US$910,721,000), and many lives were affected (20 deaths and US$90,000,000). It is reported 359 

that some of the regions in India (West and Southeast) have experienced extreme droughts in 1987 360 

which further caused loss of lives (approx. 440) and several damages to agriculture; the droughts 361 

in 1972 and 1964-65 mainly occurred over the region of central India and Rajasthan (Samra 2004). 362 

Further, it is noticed that before the global warming era, there is a decadal gap (1925-1964) of 39 363 

years in which no highly impacted drought has occurred. However, after global warming the 364 

decadal gap of occurring highly impacted droughts reduced to 15-, 5- and 9- years.  365 

Similarly, the proposed model is implemented over all the extreme wet years to assess the severity 366 

and the corresponding results are presented in Fig. 3, in which the subplot of Fig. 3(c) and (d) 367 

represent for 3- and 12-month scales, respectively. Based on the highest index values at a 3-month 368 

scale, the most impacted extreme wet years were 1906, 1914, 1916, and 1955  before global 369 

warming era, whereas, 1989, 1997, 2005, and 2009 had high impact wet events overtime after the 370 

global warming era. Similarly, the most impacted extreme wet events at 12-month were in 1916-371 
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17, and 1955-56 before warming era and 1987, and 2012 after the global warming. Similar results 372 

are reported in Preethi et al. (2019), Parthasarathy et al. (1994), Bhalme & Mooley (1980), and 373 

Dhar & Nandargi (2003). It is also noticed that the most of wet events occurred after the post era 374 

of global warming. Moreover, as mentioned in the IPCC Second Assessment Report (IPCC, 1996) 375 

on the projection of Asian/Indian monsoon that the climate models predict more rainfall over these 376 

regions in a warmer climate. The warming is associated with the increase in greenhouse gases and 377 

might cause an increase in Indian monsoon variability and weaken the strength (IPCC 2001). As 378 

mentioned in Bhalme & Mooley (1980), 36% and 28% of the region have experienced extreme 379 

wet events in 1916 and 1917, respectively. Further, it is reported that during 1955-56, 1961, and 380 

1975, a large fraction of the area of India such as 27%, 48%, and 31% have experienced major 381 

flooding.  382 

3.1.3 Classification of frequency of extremes at gridded level 383 

To visualize the spatial distribution of frequency of the extremes rainfall events at 3- and 12-month  384 

scales, the gridded data of resolution 1o × 1o is utilized. As defined in the earlier section, the study 385 

period is segregated into three disjoint slices of equal size. For this analysis, the frequency of 386 

extreme drought and wet events is calculated in all three time periods. The count of extreme rainfall 387 

events over time is known to be frequency and it is obtained as follows: 388 

1. 𝑑𝑖 = 𝑀𝑎𝑥𝑗=112 𝑆𝑖,𝑗 or 𝑑𝑖 = 𝑀𝑖𝑛𝑗=112 𝑆𝑖,𝑗 for each 𝑖 = 1,2, . . , 𝑛. Here maximum and 389 

minimum numbers represent the highest and lowest SPI value of the specified year, 390 

respectively. The dimension of 𝑑 would be 𝑛 × 1. 391 

2. The frequency of extreme drought/wet is obtained as 392 
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𝐹𝑟𝑒𝑞 =  ∑ 𝐼(𝑑𝑖 < or > 𝑡ℎ𝑟)𝑛𝑖=1 , 𝑡ℎ𝑟 is the threshold value for extreme drought/wet, 393 

and 𝐼 is the indicator function, which is defined as 𝐼(𝑥) = {10|𝑥 > 0𝑥 < 0}. 394 

Further, the frequency is labeled into 4 classes, including classes 1 to 4, based on their percentile 395 

values. The grid having the lower frequency (less than 25th percentile value) of events is considered 396 

to be in class 1; frequency lies between 25-49th percentiles is considered to be in class 2; frequency 397 

lies in 50-74th percentiles is considered to be in class 3 and frequency greater than 75th percentiles 398 

is considered to be in class 4. The results of extreme droughts, which are shown in Fig. 4(a), (b) 399 

and (c) reveal that the region East-coast, Northeast-central, Central-peninsula, and North of India 400 

at 3-month scale have experienced class 4 frequency of extreme droughts over the FTD, whereas 401 

the Northeast and west part of India experienced class 1 and 2 frequencies of extreme droughts. 402 

Further, it is seen that there exists a transition from low class to the high-class frequencies of 403 

extreme droughts in the Northeast region in STD, which indicates the impact of global warming 404 

on monsoonal rainfall over the region. Also, a transition from class 4 to class 3 frequencies of 405 

extreme droughts are found over some grids in East, Peninsular, and Northeast central region in 406 

STD. In TTD period, it is obtained that South, West, and Peninsular region is experienced with a 407 

low class of frequency of extreme droughts, whereas the East and North India experienced class 4 408 

frequencies of extreme droughts. It is concluded that the high-class frequencies of extreme 409 

droughts are migrated from the South and Peninsula region to the North and East. Similar analyses 410 

for the frequency of extreme drought are carried out for the scale of 12-month over three different 411 

time domains and the corresponding results are shown in Fig. 4(d), (e) and (f). The results reveal 412 

that the class 4 frequencies of extreme droughts are found to cluster in the western part of India, 413 

whereas the East and Northeast central of India have experienced class 1 frequencies of extreme 414 

droughts in the FTD. In STD, high class of frequency of extreme droughts is distributed non-415 
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uniformly, however, some grids both in the South and Peninsular region experienced class 3 and 416 

class 4. In TTD, the class 4 frequencies of extreme droughts are moved to Northcentral and East 417 

of India. This result further confirms the previous finding that during the late nineteenth century, 418 

India experienced Eastward movement of drought events (Mallya et al. 2016). Moreover, these 419 

regions are characterized by no forest cover, and the concentration of heavy industries like 420 

fertilizer, cement, steel, and thermal power plants (Narula et al. 2018). The region-specific climate 421 

affects the monsoonal rainfall, in turn, results with irregular rainfall, which induces variability 422 

ranging from small to large scale. The small-scale variability may be responsible for wet whereas 423 

a large scale is for both the situations (wet and drought). Similarly, for the brevity, the results of 424 

extreme droughts of scale 6- and -24 month are not presented. Similar observation is also noticed 425 

in three-time domains. 426 

The results of extreme wet are presented in Fig. 5, in which the subplot of Fig. 5(a), (b), and (c) 427 

represent for a 3-month scale, whereas Fig. 5(d), (e), and (f) show the results of a 12-month scale. 428 

The results reveal that class 3 and 4 frequencies of extreme wet at a 3-month scale are found to be 429 

clustered in the Northeast, South-west coast region, and sparsely located in western parts of India 430 

over the FTD period. During this period, Southeast and some parts in central India experienced 431 

class 2 frequency of wet events. In STD, it is noticed that there exists a transition between low to 432 

high-class frequency of extreme wet events, in turn, most of the grids have experienced with class 433 

3 and 4 frequencies. In TTD, it is found that the class 1 and  2 frequencies dominate over the 434 

Northeast-central and eastern part of India. Similarly, class 3 and  4 frequencies of extreme wet 435 

are found in West, Southwest coast and West-central part of India. From this, it is obtained that as 436 

the time window moves from FTD to TTD, the westward movement of wet events is seen at a 3-437 

month scale. However, at the large time scale, class 3 and 4 frequencies of wet events are found in 438 
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the North and South region in FTD. In TTD, the most of events are found to be cluster over the 439 

East-central and some parts in the South of India.    440 

3.1.4 Vulnerability index of rainfall extremes 441 

The proposed model explained in Section 2.2.3 is employed to quantify the vulnerability to rainfall 442 

extremes over each of the grids. The classification of grids based on the calculated index for 443 

extreme drought is presented in Fig. 6, in which subplot Fig. 6(a) and Fig. 6(b) represents for 3- 444 

and 12-month scale. The results reveal that at 3- month scale, the high index (the upper quartile) 445 

values are found to form a cluster in North-central, East, and East-central parts of India, whereas 446 

low (lower quartile) index values are located in West, some grids in South of India. The 447 

intermediate index values are located in some parts in the Peninsular, Northeast, and North regions. 448 

On contrary, at a 12-month scale, the high index value for extreme droughts are found to form 449 

clusters in West, West-coast, and Northcentral region of India, hence relatively high vulnerable 450 

towards the extreme droughts. The region of Southeast coast, some parts in Northeast and North 451 

receives low index values, hence relatively less vulnerable to extreme droughts. It is seen that 452 

vulnerable regions concerning extreme droughts events depend on time scales. These vulnerable 453 

regions are closely matched with the results mentioned in Shewale and Kumar (2005). It is reported 454 

in Shewale and Kumar (2005) that these regions have been experiencing frequent droughts over 455 

the last century. From the above analysis, it is concluded that at short scales such as 3-month, the 456 

vulnerable regions concerning extreme droughts are found to be in Central and Northeast of India, 457 

which is rich in agriculture activities, indicating potential threats in food security and socio-458 

economic factors (Mallya et al. 2016; Seitinthang 2014). Further, at a 12-month scale, the 459 

vulnerable regions are found to be in Northcentral, West, and West-coast, indicating a threat to the 460 

biodiversity and carbon sink at Western Ghats (Jena and Azad 2019; Murugan et al. 2009; 461 
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Manjunatha et al. 2015). Moreover, it was also found that the Western Ghat region has experienced 462 

several temperatures mean change years and corresponding hotspot (Narula et al., 2018), which 463 

was consistent with the present results at a 12-month scale. 464 

Similarly, the vulnerability index for extreme wet are calculated at 3- and 12- month scales, and 465 

the corresponding results are shown in Fig. 6, in which subplot Fig. 6(c) and Fig. 6(d) represents 466 

for 3-month and 12-month, respectively. It is seen that the West, North, Southwest coast and 467 

Northeast region experienced high index values at a 3-month scale, whereas Northeast-central and 468 

some grids in West and Peninsular region regions receive intermediate index values.  Similarly, 469 

the region South, Southeast coast, Southwest coast, Central part, and Peninsular region of India 470 

have experienced high index values at a 12-month scale. Further, the region Northeast, Northeast 471 

Central, Northwest, West of India receive low index values at a 12-month scale.  472 

3.2 Results of CMIP5 Models 473 

 3.2.1 All-India projection of ensemble model: 474 

To preserve the stationarity in data, the long time series of rainfall data is split into three disjoint 475 

parts in such a way that each part of data is sufficient for climate studies. The SPI is implemented 476 

over each part of rainfall data at 3-, and 12-month. There will be a decadal gap in the occurrence 477 

of 3-month droughts between 2060-2090 and 2030-2090 for 12-month droughts. A similar result 478 

is reported in Preethi et al. (2019) mentioned that most of the droughts will occur in mid of the 479 

future and its trend will decrease towards the end of the 21st century. However, their study has 480 

included the moderate and severe drought, whereas the present study focuses on extreme droughts. 481 

Similarly, the extreme wet events are extracted and the results reveal that the extreme wet events 482 

at 3- and 12-month scales are like to occur frequently after 2060, which is inversely correlated 483 
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with the extreme drought events. Hence, it may be concluded that the drought events would 484 

dominant over the early and mid of future, whereas wet events are like to dominant over the mid 485 

and late 21st century at a 12-month scale. Similarly, at a 3-month scale, the drought events are like 486 

to occur more frequently in 2020-2060, and thereafter, the wet events are likely to occur with high 487 

frequency.  488 

3.2.3 Severity assessment of extreme drought and wet years in future 489 

Using the proposed model as mentioned in Fig. 1, the severity of extreme drought years is 490 

calculated. The corresponding results are shown in Fig. 7, in which the upper panel shows for 3- 491 

and 12-month of extreme droughts; and the lower panel represents the same for extreme wets. It 492 

is seen that the extreme drought 2009 at 3- and 12-month scale has high severity index. Moreover, 493 

it has been reported that the drought year 2009 was one of the most prominent over the past decades 494 

(Preethi et al. 2019; Mallya et al. 2016), which supports one of our results. Based on the severity 495 

index at a 3-month scale, the drought year 2036 and 2043 would be the most prominent extreme 496 

drought years, which is likely to have an adverse impact in the future. Similarly, the highly 497 

impacted extreme drought years at the 12-month scale will be 2026, 2037, and 2024, 2027, 2035, 498 

respectively. It may be noted that most of the drought events would occur in the mid of the future 499 

and their frequency will decrease at the end of the 21st century as shown in Fig. 7.  500 

Similarly, the severity of extreme wet events is calculated and is presented in the lower panel of 501 

Fig. 7. The results reveal that at a 3-month scale, the most prominent wet event years will be 2038, 502 

2079, 2084, 2090, and 2099, in which 2079 and 2090 will have high impact followed by 2099. 503 

Similarly, at 12- month scale the most impacted wet events will be 2085, 2092, 2094, 2100, and 504 

2085, 2092, 2093, 2094, respectively, as evident from the high severity index shown in Fig. 7. 505 

From this analysis, it is obtained that India is likely to experience most impacted wet events after 506 
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2070, whereas it will have fewer impacted wet events in the early part of the 21st century. On 507 

contrary to this, the entire India would experience high impacted extreme drought events in the 508 

early part of the 21st century and its frequency will decrease towards the end of the 21st century.  509 

3.2.4 Gridded scale 510 

The Spatio-temporal shift of extreme events is analyzed over three disjoint periods such as 2006-511 

2035 (future first-time domain, (FFTD)), 2036-2070 (future second-time domain, (FSTD)) and 512 

2071-2100 (future third-time domain, (FTTD)). The analyses over FFTD facilitate the early 513 

occurrence of the extreme events, FSTD is for mid-future, and FTTD is for the end of the 21st 514 

century. The results at a 3- and 12- month scale are presented in Fig. 8 and it reveals that in FFTD 515 

some grids in West, Northeast, and Central regions of India are likely to experience class 4 516 

frequency of extreme droughts at 3-month scale. Further, the class 3 and 4 frequencies of extreme 517 

droughts cover the entire region of India during FSTD and finally, class 4 frequency of extreme 518 

droughts would form a dense cluster over the West Coast, West and West central region in FTTD. 519 

Similarly, the results of the 12-month scale reveal that the regions of Peninsular, Southeast coast, 520 

and central region will like to experience class 4 frequency of extreme droughts during FFTD. 521 

Further, the class 4 frequency is likely to shift towards the North and Northcentral region during 522 

FSTD. It is noticed that there will no more class 4 frequency of extreme droughts, however, the 523 

class 3 frequency will dominate in the region of West and West central region during FTTD. It is 524 

obtained that in FSTD, the whole region will experience droughts with high frequency at a 3-525 

month scale, whereas North and Northcentral will only experience 12-month droughts. Also, it is 526 

noticed that the frequency of either drought decreases towards the end of the 21st century. Most of 527 

the impacted drought years are found to cluster in FFTD and there will be few impacted drought 528 

years in FTTD. Further, it supports the results reported in Preethi et al. (2019) that India will 529 
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experience increased frequency of drought in early and mid-future (up to 2069). Moreover, the 530 

identified regions, which are likely to receive a high class of drought frequency also matches with 531 

earlier reports in Preethi et al. (2019) and Ojha et al. (2013) that the West Central, Peninsular, and 532 

Central Northeast regions of India, whereas the northern part of India and coastal regions, would 533 

receive a high class of extreme wet events frequency. 534 

Similarly, the frequency of classes of wet events is shown in Fig. 9 at 3- and 12-month scales. It 535 

is obtained that the West-central part and Northcentral of India are like to experience a high 536 

frequency of extreme wet in FFTD at a 3-month scale. Similarly, in the FSTD central part, the 537 

northeast region and some grids in the western region are like to experience low frequency of 538 

extreme wet events. During FTTD, the South, East, Central, and Peninsular region of India would 539 

like to experience a relatively high frequency in comparison to other parts of India. It is also 540 

obtained that the North and Northcentral parts of India are likely to experience a low frequency of 541 

extreme wet events. Similarly, at a 12-month scale, the West Coast, South, Peninsular, and East-542 

central parts of India would have a high frequency of extreme wet, whereas the North and 543 

Northcentral region would experience low frequency of extreme wet events.    544 

3.3.4 Vulnerability index of rainfall extremes 545 

The proposed model defined in Fig. 2 is employed to calculate the vulnerability index at each grid.  546 

The classification of grids based on index values of extreme droughts is shown in Fig. 10 (upper 547 

panel) at 3- and 12-month scales. It reveals that at a 3-month scale the region Northeast, Northeast 548 

Central, East Coast, and some grids in South part of India are likely to have high index values, 549 

hence would experience high frequency, prolonged droughts with high intensity. Consequently, it 550 

would adversely impact agriculture over these regions, threatening the food security over the 551 

region as well as in the entire country. Also, at a 12-month scale, the high index values are likely 552 
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to form clusters over West, Northwest, Northcentral, and some parts in the Northeast region. These 553 

regions have witnessed several agricultural activities such as rice, sugarcane, etc. which depend 554 

on a significant amount of rainfall. Also, there are many small water reservoirs over these regions, 555 

which are more likely to be affected. The deficit of accumulated rainfall at 3-month scale directly 556 

impact agricultural activities, especially rice and small water reservoir. The deficit of accumulated 557 

rainfall at 12-month would impact the water reservoir and groundwater level, consequently, it 558 

would affect the hydroelectric generation and hence the urban lives are likely to experience an 559 

adverse situation in the future. From this, it is observed that the region Northeast, East Coast, 560 

Northwest central, and North of India would be vulnerable to extreme drought conditions at small 561 

scales, whereas, it is found that at large scale the West coast and West-central will be the vulnerable 562 

regions.   563 

Vulnerable index for extreme wet events is calculated at 3- and 12- month scales and the 564 

corresponding results are depicted in Fig. 10 (lower panel). It is seen some grids in the Northeast, 565 

West, West Coast and some grids in the Peninsular region will have high index values at a 3-month 566 

scale. Moreover, it is seen that these regions are likely to receive low drought index value which 567 

supports the inverse relation of occurrence of drought and wet events. Similarly, at 12- month scale 568 

West, Peninsular, East Coast and South part of India will have high index values, hence are likely 569 

to be the most vulnerable regions.  570 

4. Discussions and conclusions 571 

The Indian monsoon rainfall has been experiencing frequent occurrences of extreme events during 572 

recent decades, especially from 1960 onwards. Notably, the year 2002, 2004, and 2009, were the 573 

most extended droughts that occurred over India in the decade of 2000-2010 (Preethi et al. 2019, 574 

Mallya et al. 2014). To identify the highly impacted extreme events, a conceptual model is 575 
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proposed, as mentioned in Fig. 1 and employed over each part of the time. The calculated values 576 

show the severity of the extreme events and based on the high index values; it is obtained that 577 

1905, 1907, 1918, 1959, 1964-65, 1971-72, 2000-02, and 2008 were the most impacted extreme 578 

drought years over last 20th century. A decadal gap of occurrence of severely impacted droughts 579 

at short/large time scales is found in the period 1921-1959. There are many factors involved in the 580 

mechanism of large-scale droughts such as global changes, thermodynamic feedback due to 581 

heating rates (Roxy et al. 2015). The changes in Indian and global temperatures could likely affect 582 

thermodynamic heating/cooling rates, consequently, affecting the monsoon active and dry spell. 583 

Further, the dry spells (there is no rain for five or more consecutive days) has been increased; light 584 

precipitation days have significantly decreased; consequently, the drought indices have been 585 

changing after the post-global warming (Mishra and Liu 2014). These changes could have also 586 

been influenced by natural forcing like Indian Ocean Dipole (IOD), El Niño–Southern Oscillation 587 

(ENSO), and internal variability of monsoon (Mishra and Liu 2014). However, rainfall events are 588 

time and space localized, and the mechanism of forming such events is still in conjecture. During 589 

1950-2005, the global mean temperatures and Indian mean temperatures have changed three to 590 

four times (Narula et al. 2018). It has been noticed that the most impacted droughts have occurred 591 

after the global warming era. Further, the based on the high severity index values the years 1906, 592 

1914, 1916-17, 1932, 1946 1955, 1970, 1977, 1989, 1997, 2005, 2009 and 2012 are most impacted 593 

wet years. These results closely match Preethi et al. (2019), Parthasarathy et al. (1994), Bhalme & 594 

Mooley (1980), and Dhar & Nandargi (2003). 595 

Climate models are considered as the primary tool for estimating future projections and provide 596 

data up to the 21st century. The present study has examined 12 selected climate model data that 597 

have captured observed climatology of Indian monsoon rainfall (Jena et al. 2015, 2016; Jena and 598 
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Azad 2019). Further, these climate models are used to generate an ensemble model and is used for 599 

future analysis. The proposed model (Fig. 1) is implemented to quantify the most impacted 600 

extreme events that are likely to occur in the future. Based on the high severity index values, the 601 

years 2036 and 2043 at 3-; 2026 and 2037 at a 12-month scale will be impacted extreme drought 602 

in the future. Similarly, the most prominent wet years will in 2038, 2067, 2075-76, 2079-80, 2084-603 

85, 2090-92, and 2099 over all time scales. 604 

Furthermore, given the need for classification of grids concerning extreme droughts and wet, a 605 

new vulnerable index has been proposed (Fig. 2), which consolidates the outcomes of SPI such as 606 

frequency, prolonged duration, and magnitude. In addition to this, the proposed model assigns 607 

various weights to grids to incorporate the global warming effect, which is an important indicator 608 

to identify the vulnerable region. Based on the high index values, it is found that Peninsular, 609 

Northeast, North regions, West, West-coast, and Northcentral part of India are vulnerable to 610 

extreme drought events. These results are in agreement with the findings of Shewale and Kumar 611 

(2005) that these regions are prone to frequent drought. Further, these regions are rich in 612 

agriculture activities, indicating potential threats in food security, socio-economic factors (Mallya 613 

et al. 2016; Seitinthang 2014), bio-diversity and carbon sink (Jena and Azad 2019; Murugan et al. 614 

2009; Manjunatha et al. 2015). Based on the projection simulation of climate models, the 615 

vulnerable region concerning extreme drought are summarized as follows: 616 

 Northeast, Northeast Central, East Coast, and some grids in South part of India are likely 617 

to have high index value, hence they are likely to experience high frequency, prolonged 618 

droughts with high intensity. 619 

 At a 12-month scale, the high index is likely to form clusters over West, Northwest, 620 

Northcentral, and some parts in the Northeast region.  621 
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Further findings of vulnerable regions respect to extreme wet events are as follows: 622 

 Northeast, West, West Coast, and some grids in the Peninsular region will have high index 623 

values at a 3-month scale. 624 

 Similarly, at 12- month scale West, Peninsular, East Coast and South part of India will 625 

have high index values, hence it will be the most vulnerable region.  626 

The identified vulnerable regions may be useful for policymakers, agriculture planning, and water 627 

resource management. 628 

Appendix 629 

1. Selection of probability distribution function for the fitting of data 630 

As it is mentioned in Thom (1958) and Wilks (1995) that the gamma distribution is a good choice 631 

for describing precipitation values at different time scales for a variety of reasons. The advantage 632 

of the gamma distribution includes firstly, it is bounded on the left at zero and the gamma 633 

distribution is positively skewed, meaning that it has an extended tail to the right of the distribution. 634 

Many studies have employed the gamma distribution in the analysis of rainfall. It is reported that 635 

the maximum likelihood estimators (MLEs) optimally calculate the shape and scale parameters for 636 

the gamma distribution. An alternative to the MLE parameters is the method of moment estimation 637 

(MME). It has been shown, however, that the method of moments is a poor estimator, owing to 638 

inefficiency, for small shape values (Wilks 1995; Thom 1958). Further, the present study has 639 

applied various distributions to fit the rainfall data at different time scales. To verify the efficiency 640 

of the distribution, Akkai information criteria (AIC) is calculated for all different data sets and the 641 

result is mentioned in Table A1 and Table A2. It reveals that the gamma distribution performs 642 

uniformly over all kinds of datasets. A rank is assigned to each of distribution based on the 643 
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performance (best fitting) and mentioned in Table A2, it reveals that the gamma distribution score 644 

lowest rank, represents best fit for the rainfall data.  645 

Table A1: Calculated AIC values for various distribution fitted at different time scales of data  646 

Distribution Monthly 3-month  24-month  

Weibull 14876.53 17857.30 16061.77 

Gamma 14882.46 17831.50 15961.00 

Logistics 16138.86 18752.29 16002.00 

Normal 16102.46 18657.63 15956.51 

Lognormal 14833.49 17853.40 15968.72 

 647 

Table A2: Rank of the distribution’s performance in fitting data at different time scales 648 

Distribution Monthly 3-month  12-month  Final 

Weibull 2 3 4 9 

Gamma 3 1 1 6 

Logistics 5 5 5 15 

Normal 4 4 2 10 

Lognormal 1 2 3 5 

 649 

References: 650 

Azad S, Rajeevan, M (2016) Possible shift in the ENSO‐Indian monsoon rainfall relationship 651 

under future global warming. Scientific Rep 6, 20145. 652 



31 

 

Becker A, Finger P, Meyer-Christoffer A, Rudolf B, Schamm K, Schneider U, & Ziese M (2013) 653 

A description of the global land-surface precipitation data products of the Global Precipitation 654 

Climatology Centre with sample applications including centennial (trend) analysis from 1901-655 

present. Earth Syst Sci data 5(1):71.  656 

Bhalme HN, Mooley DA, Jadhav SK, 1983. Fluctuations in the drought/wet area over India and 657 

relationships with Southern Oscillation. Mon Weather Rev 111 (1):86–94. 658 

Bhalme HN, & Mooley DA (1980) Large-scale droughts/wets and monsoon circulation. Mon 659 

Weather Rev 108(8):1197-1211. 660 

Bonaccorso B, Bordi I, Cancelliere A, Rossi G, Sutera A (2003) Spatial variability of drought: and 661 

analysis of the SPI in Sicily. Water Resour Manag 17:273–296. 662 

Brooks N, Adger W, and Kelly P (2005) “The determinants of vulnerability and adaptive capacity 663 

at the national level and the implications for adaptation.” Global Environ Change 15(2):151–163. 664 

Cook BI, Ault TR, Smerdon JE (2015) Unprecedented 21st century drought risk in the American 665 

Southwest and Central Plains. Sci Adv 1(1): e1400082. 666 

Dabanli I (2018) Drought hazard, vulnerability, and risk assessment in Turkey. Arab J 667 

Geosciences 11 (18): 538. 668 

Dickey DA, and Fuller WA (1981) Fuller Likelihood ratio statistics for autoregressive time series 669 

with a unit root Econometrica. 49:1057-1072. 670 

Diffenbaugh NS, & Giorgi F (2012) Climate change hotspots in the CMIP5 global climate model 671 

ensemble. Clim change 114(3-4):813-822. 672 



32 

 

Dhar ON, & Nandargi S (2003) Hydrometeorological aspects of wets in India. Nat Hazards 673 

28(1):1-33. 674 

Eakin H, and Conley J (2002) “Climate variability and the vulnerability of ranching in southeastern 675 

Arizona: A pilot study.” Clim Res 21(3):271–282. 676 

Edwards DC, McKee TB (1997) Characteristics of 20th century drought in the United States at 677 

multiple time scales. Climatology Rep 97-2. Colorado State University Department of 678 

Atmospheric Science Fort Collins Colorado, p 155. 679 

Fowler AM, Hennessy KJ (1995) Potential impacts of global warming on the frequency and 680 

magnitude of heavy precipitation. Nat Hazards 11 (3):283-303. 681 

Geil KL, Serra YL, & Zeng X (2013) Assessment of CMIP5 model simulations of the North 682 

American monsoon system. J Clim 26(22):8787-8801. 683 

Harris I, Jones PD, Osborn TJ, Lister DH (2014) Updated high‐resolution grids of monthly climatic 684 

observations–the CRU TS3 10 dataset. Int J Climatol 34 (3):623–642. 685 

Hayes MJ, Svoboda MD, Wilhite DA, Vanyarkho OV (1999) Monitoring the 1996 drought using 686 

the standardized precipitation index. Bull Am Meteor Soc 80:429–438. 687 

IPCC 1996: Climate Change 1995. The science of climate change, Contribution of Working Group 688 

One to the Second Assessment Report of the Intergovernmental Panel on Climate Change, 689 

Cambridge University Press, Cambridge, 531 pp. 690 

IPCC 2001: Climate Change 2001. The scientific basis, In: J. T. Houghton, Y. Ding, D. J. Griggs, 691 

M. Noguer, P. J. van der Linden, X. Dai, K. Maskell and C. A. Johnson (eds), Contributions of 692 

working Group I to the Third Assessment Report of the Intergovernmental Panel on Climate 693 



33 

 

Change, Cambridge University Press, Cambridge, United Kingdom and New York, NY, USA, 881 694 

pp. 695 

Jena P, Azad S, Rajeevan MN (2015) Statistical selection of the optimum models in the CMIP5 696 

dataset for climate change projections of Indian monsoon rainfall. Climate 3 (4):858–875. 697 

Jena P, Azad S, Rajeevan MN (2016) CMIP5 projected changes in the annual cycle of Indian 698 

monsoon rainfall. Climate 4:1-14. 699 

Jena P, Azad S (2019) Weakening of triennial oscillation of the Indian summer monsoon rainfall 700 

(at 1o  ×  1o gridded scale) under future global warming. Earth and Space Sci 6 (7):1262-1272. 701 

Jena P, Kasiviswanathan KS, & Azad, S (2020) Spatiotemporal characteristics of extreme droughts 702 

and their association with sea surface temperature over the Cauvery River basin, India. Nat 703 

Hazards 1-21. 704 

Jones PD et al. (2012) Hemispheric and large-scale land-surface air temperature variations: an 705 

extensive revision and an update to 2010. J Geophys Res 117: D05127. 706 

Kar SK, Thomas T, Singh RM, Patel L (2018) Integrated assessment of drought vulnerability using 707 

indicators for Dhasan basin in Bundelkhand region, Madhya Pradesh, India. Curr Sc 115 (2): 338-708 

346. 709 

Kim H, Park J, Yoo J, Kim TW (2015). Assessment of drought hazard, vulnerability, and risk: A 710 

case study for administrative districts in South Korea. J Hydro-Environ Res 9(1): 28-35. 711 

Koirala S, Hirabayashi Y, Mahendran R, & Kanae S (2014) Global assessment of agreement 712 

among streamflow projections using CMIP5 model outputs. Environ Res Lett 9(6): 064017. 713 



34 

 

Lavell A, Oppenheimer M, Diop C, Hess J, Lempert R, Li J, Muir-Wood R, Myeong S, Moser S, 714 

Takeuchi K, Cardona OD, Hallegatte S, Lemos Maria, Little C, Lotsch A, Weber E (2012) Climate 715 

change: new dimensions in disaster risk, exposure, vulnerability, and resilience. In: Field CB, 716 

Barros V, Stocker TF, Dahe Q (Eds.), Managing the Risks of Extreme Events and Disasters to 717 

Advance Climate Change Adaptation: Special Report of the Intergovernmental Panel on Climate 718 

Change. Cambridge University Press, pp. 25–64. 719 

Mallya G, Mishra V, Niyogi D, Tripathi S, Govindaraju RS (2016) Trends and variability of 720 

droughts over the Indian monsoon region. Weather and Clim Extr 12: 43-68. 721 

Manikandan M, Tamilmani D (2013) Development of drought vulnerability maps in the 722 

Parambikulam-Aliyar Basin, Tamil Nadu, India. Scientific Res Essays 8 (20): 778-790. 723 

Manjunatha BR, Balakrishna K, Krishnakumar KN, Manjunatha HV, Avinash K, Mulemane AC, 724 

Krishna KM (2015) Increasing trend of rainfall over Agumbe, Western Ghats, India in the scenario 725 

of global warming. Open Oceanography J 8(1):39-44. 726 

McKee TB, Doesken NJ, Kleist J (1993) The relationship of drought frequency and duration to 727 

time scales. In Proceedings of the 8th Conference on Applied Climatology. AMS: Boston, MA; 728 

179–184. 729 

Meehl GA, Arblaster JM, Tebaldi C (2005) Understanding future patterns of precipitation intensity 730 

in climate model simulations. Geophys Res Lett 32: L18719.  731 

Metzger MJ, Leemans R, Schro¨ter D (2005) A multidisciplinary multiscale framework for 732 

assessing vulnerabilities to global change. Int J Appl Earth Obs 7:253e267. 733 

Mishra A, Singh V (2010) A review of drought concepts. J Hydrol 391:202–216.  734 



35 

 

Mishra A, & Liu SC (2014). Changes in precipitation pattern and risk of drought over India in the 735 

context of global warming. J Geophys Res-Atmos 119(13):7833-7841. 736 

Mooley DA (1973) Gamma distribution probability model for Asian summer monsoon monthly 737 

rainfall. Mon Weather Rev 101: 160–176. 738 

Murugan M, Shetty PK, Anandhi A, Ravi R, Alappan S, Vasudevan M, Gopalan S (2009) Rainfall 739 

changes over tropical montane cloud forests of southern Western Ghats, India. Curr Sci 1755–740 

1760. 741 

Murthy CS, Laxman B, Sai MS (2015) Geospatial analysis of agricultural drought vulnerability 742 

using a composite index based on exposure, sensitivity and adaptive capacity. International Journal 743 

of Disaster Risk Reduction, 12, 163-171. 744 

Nagarajan R (2003) Drought Assessment, Monitoring, Management & Resources Conservation, 745 

Capital Publishing Co., Bangalore, India, 1–32. 746 

Narasimhan B, Srinivasan R (2005) Development and evaluation of Soil Moisture Deficit Index 747 

(SMDI) and Evapotranspiration Deficit Index (ETDI) for agricultural drought monitoring. Agric 748 

For Meteor 133:69–88. 749 

Narula P, Sarkar K, Azad S (2018) A functional evaluation of the spatiotemporal patterns of 750 

temperature change in India. Int J Climatol 38(1): 264–271. 751 

Oikonomou PD, Tsesmelis DE, Waskom RM, Grigg NS, Karavitis CA (2019) Enhancing the 752 

standardized drought vulnerability index by integrating spatiotemporal information from satellite 753 

and in situ data. J Hydro 569:265-277. 754 



36 

 

Ojha R, Nagesh Kumar D, Sharma A, Mehrotra R (2013) Assessing severe drought and wetevents 755 

over India in a future climate using a nested bias-correction approach. J Hydrol Eng 18 (7):760-756 

772. 757 

Orlowsky B, Seneviratne SI (2013) Elusive drought: Uncertainty in observed trends and short-and 758 

long-term CMIP5 projections. Hydrol Earth Syst Sci 17:1765–1781. 759 

Parthasarathy B, Sontakke NA, Munot AA, KoPaithawale DR (1987) Droughts/wets in summer 760 

monsoons season over different meteorological sub-divisions of India for the period 1871–1980. 761 

J Climatol 7:57–70. 762 

Parthasarathy B, Munot AA, Kothawale DR (1994) All India monthly and seasonal rainfall series 763 

1871–1993. Theor Appl Climatol 49:217–224. 764 

Peters E, Van Lanen HAJ, Torfs PJJF, Bier G (2005) Drought in groundwater—drought 765 

distribution and performance indicators. J Hydrol 306 (1-4): 302-317. 766 

Preethi B, Ramya R, Patwardhan SK, Mujumdar M, Kripalani, RH (2019) Variability of Indian 767 

summer monsoon droughts in CMIP5 climate models. Clim Dyn 53(3-4):1937-1962. 768 

Rajeevan M, Bhate J, Kale JD, Behera BLS, Krishnan R, Yamagata T (2006) High resolution daily 769 

gridded rainfall data for the Indian region: analysis of break and active monsoon spells. Curr Sci 770 

91:296–306. 771 

Rajeevan M, Bhate J, Jaswal AK (2008) Analysis of variability and trends of extreme rainfall 772 

events over India using 104 years of gridded daily rainfall data. Geophy Res Lett 35 (18). 773 



37 

 

Rao BB, Chowdary PS, Sandeep VM, Rao VUM, & Venkateswarlu B (2014) Rising minimum 774 

temperature trends over India in recent decades: Implications for agricultural production. Glob 775 

Planet Change 117: 1-8. 776 

Robertson AW, M Bell R, Cousin et al. (2013) Online tools for assessing the climatology and 777 

predictability of rainfall and temperature in the IndoGangetic Plains based on observed datasets 778 

and seasonal forecast models. Working paper no. 27. CGIAR research program on Climate 779 

Change, Agriculture and Food Security (CCAFS), Cali, Colombia.  780 

Reeves Eyre JEJ, & Zeng X (2017) Evaluation of Greenland near surface air temperature datasets. 781 

The Cryosphere 11:1591-1605. 782 

Roxy MK, Ritika K, Terray P, Murtugudde R, Ashok K, Goswami BN (2015) Drying of Indian 783 

subcontinent by rapid Indian Ocean warming and a weakening land-sea thermal gradient. Nat 784 

Commun 6: 7423. 785 

Samra JS (2004). Review and analysis of drought monitoring, declaration and management in 786 

India (Vol. 84). IWMI. 787 

Seitinthang L (2014) Cropping pattern of Northeast India: An appraisal. American Research 788 

Thoughts 1 (1). 789 

Shannon CE (1948) A mathematical theory of communication. Bell Syst. Tech J 27: 379–423. 790 

Shi H, Li T, Wei J (2017) Evaluation of the gridded CRU TS precipitation dataset with the point 791 

rain gauge records over the Three-River Headwaters Region. J Hyd 548: 322–332. 792 



38 

 

Shewale MP, Kumar S (2005). Climatological features of drought incidences in India. 793 

Meteorological Monograph (Climatology 21/2005). National Climate Centre, Indian 794 

Meteorological Department. 795 

Sheffield J, Wood EF (2008) Projected changes in drought occurrence under future global 796 

warming from multi-model, multi-scenario, IPCC AR4 simulations. Clim. Dyn. 31, 79–105. 797 

Smit B, Burton I, Klein RJ, Street R (1999) The science of adaptation: a framework for assessment. 798 

Mitig Adapt Strat Glob Chang 4:199–213. 799 

Svoboda M, Fuchs B (2016) Handbook of drought indicators and indices. Integrated Drought 800 

Management Programme (IDMP), Integrated Drought Management Tools and Guidelines Series 801 

2. Geneva. World Meteorological Organization WMO-No. 1173 802 

Swann ALS, Hoffman FM, Koven CD, Randerson JT (2016) Plant responses to increasing CO2 803 

reduce estimates of climate impacts on drought severity. Proc Natl Acad Sci 113: 10019–10024. 804 

Taylor K, Stouffer R, Meehl GA (2011) A Summary of the CMIP5 experiment design. 33. 805 

Taylor KE, Stouffer RJ, Meehl GA (2012) An overview of CMIP5 and the experiment design. 806 

Bull Am Meteor Soc 93:485–498. 807 

Taylor IH, Burke E, McColl L, Falloon PD, Harris GR, McNeall D (2013) The impact of climate 808 

mitigation on projections of future drought. Hydrol Earth Syst Sci 17: 2339–2358. 809 

Thom, H.C., 1958. A note on the gamma distribution. Mon. Weather Rev. 86 (4), 117-122. 810 

Thorne PW et al. (2016) Reassessing changes in diurnal temperature range: intercomparison and 811 

evaluation of existing global data set estimates. J Geophys Res Atmos 121: 5138–5158. 812 



39 

 

Tsakiris G, & Vangelis H (2004) Towards a drought watch system based on spatial SPI. Water 813 

resources management 18(1):1-12. 814 

Tyalagadi, M. S., Gadgil, A., & Krishnakumar, G., 2015. Monsoonal droughts in India–a recent 815 

assessment. Papers on Global Change, 22. 816 

United Nation Development Program (2004) Reducing Disaster Risk: a Challenge for 817 

Development. John S. Swift Co, New York. 818 

Vasiliades L, Loukas A, Liberis N (2011) A water balance derived drought index for Pinios River 819 

Basin, Greece. Water Resour Manag 25 (4):1087-1101. 820 

Veijalainen N, Vehvilainen B (2008) The effect of climate change on design wets of high hazard 821 

dams in Finland. Hydrol Res 39:465-477. 822 

Wilks DS (1995) Statistical Methods in the Atmospheric Sciences: an Introduction. Academic 823 

Press: San Diego, CA. 824 

Willmott CJ, & Matsuura K (2001) Terrestrial air temperature and precipitation: monthly and 825 

annual time series (1950–1999). Center for Climatic Research, Department of Geography, 826 

University of Delaware. 827 

Xie SP, Deser C, Vecchi GA, Ma J, Teng H, Wittenberg AT (2010) Global warming pattern 828 

formation: Sea surface temperature and rainfall. J Clim 23 (4):966-986. 829 

Yang JS, Park JH, Kim NK (2012) Development of drought vulnerability index using trend 830 

analysis. Journal of The Korean Society of Civil Engineers 32(3B):185-192. 831 

Zhang Q, Xu CY, Gemmer M, Chen YD, Liu CL (2008) Changing properties of precipitation 832 

concentration in the Pearl River basin, China. Stoch Environ Res Risk Assess 23 (3):377-385. 833 



40 

 

Zhao T, Dai A (2015) The magnitude and causes of global drought changes in the twenty-first 834 

century under a low moderate emissions scenario. J. Climate 28:4490–4512. 835 

 836 



Figures

Figure 1

Procedure for calculating the severity of extreme drought and �ood events over the study period (1901-
2014 and 2006-2100).

Figure 2



Procedure for calculating the vulnerability of the region concerning extreme drought and �ood events over
the study period (1901-2014 and 2006-2100).

Figure 3

Assessment of severity of extreme drought years a) for at 3- month, b) for 12- month scales and extreme
�ood years c) for 3-month, d) for 12-month scales for 1901-2014.



Figure 4

Spatial distribution of frequency of extreme drought years at 3- month scale for the time period: (a) 1901-
1937; (b) 1938-1976; (c) 1977-2014. At 12-month scale: (d) 1901-1937; (e) 1938-1976; (f) 1977-2014.



Figure 5

Spatial distribution of frequency of extreme �ood years at 3- month scale for the time period: (a) 1901-
1937; (b) 1938-1976; (c) 1977-2014. At 12-month scale: (d) 1901-1937; (e) 1938-1976; ( f) 1977-2014.



Figure 6

Classi�cation of grids based on vulnerability index (I) of extreme drought (a) at 3- month; (b) at 12-
month; and of extreme �oods (c) at 3-month; (d) at 12-month scale for 1901-2014.



Figure 7

Assessment of severity of extreme drought years a) for at 3- month, b) for 12- month scales and extreme
�ood years c) for 3-month, d) for 12-month scales for 2006-2100.



Figure 8

Spatial distribution of frequency of extreme drought years at 3- month scale for the time period: (a) 2006-
2035; (b) 2036-2070; (c) 2071-2100. At 12-month scale: (d) 2006-2035; (e) 2036-2070; (f) 2071-2100.



Figure 9

Spatial distribution of frequency of extreme �ood years at 3- month scale for the time period a) 2006-
2035; b) 2036-2070; c) 2071-2100, at 12-month scales d) 2006-2035; e) 2036-2070; f) 2071-2100.



Figure 10

Classi�cation of grids based on vulnerability index (I) of extreme drought (a) at 3- month; (b) at 12-
month; and of extreme �oods (c) at 3-month; (d) at 12-month scales over the period 2006-2100.


