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Abstract
Drought is a function of time as well as climate variables such as temperature and pre-
cipitation. The process of drought forming is slow, and it manifests at different time scales, 
which adversely affects the economy of a country. The identification and characterization 
of droughts at various spatiotemporal scales are of great importance. It helps in the plan-
ning and management of water resources, policymaking, and agribusiness industries. In 
the present paper, the Cauvery River basin is chosen as a study area to analyze the changes 
in the frequency distribution of extreme droughts and duration, with the combined effect 
of evapotranspiration and rainfall. The drought indices such as Standard Precipitation 
Index (SPI) and Standard Precipitation Evapotranspiration Index (SPEI) are implemented 
on monthly rainfall data and potential evapotranspiration of resolution 0.25° × 0.25° 
long./lat. for the period 1931–2010. The results reveal that the frequency of the extreme 
droughts over the basin has significantly increased over the post-era of global warming. 
The increased rate of extreme droughts is particularly evident in downstream of the basin, 
mainly due to the increase in temperature and deficit rainfall. Further, the implementation 
of continuous wavelet transform reveals that SPI at 3-(SPI-3) and 12-(SPI-12) month scale 
are associated with extended reconstruction of sea surface temperature (ERSST) in anti-
phase and in-phase, respectively. It is concluded that the in-phase association of SPI-12 
and ERSST enhances the drought situation compared to the anti-phase link of SPI-3 and 
ERSST.
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1 Introduction

The hydrological cycle is known to be very susceptible to projected climate changes. It 
has been shown in several studies that global warming has affected precipitation patterns 
(Fowler and Hennessy 1995; Xie et al. 2010), and more frequent floods, droughts, and rain-
storms have been witnessed due to extreme weather conditions (Zhang et al. 2008). Flood-
ing is, in general, an immediate response of catchment. In contrast, droughts are a slow and 
long-term process mainly resulting from the change in meteorological variables such as 
precipitation and temperature. Droughts occur at different time scales, which affect large 
regions directly or indirectly and cause significant damages mainly to agricultural activi-
ties and loss of livelihood (Vasiliades et al. 2011; Narasimhan and Srinivasan 2005). Since 
1967, 50% of the world population has been affected by the impact of droughts (Obasi 
1994) and it accounts for a significant portion of agricultural land (USDA 1994). It has 
been shown that 75% of the agricultural land lies in the river basin across the world, which 
plays the lifeline of entire living beings (USDA 1994).

India’s economy is mainly dependent on agricultural products, which contributes to an 
18.1% share of the country’s gross domestic product (GDP), and it creates approximately 
52% of employment opportunities (Arjun 2013). The agriculture in India mainly depends 
on monsoon rainfall which is generally managed by several storage/diversion schemes (i.e., 
through various hydraulic structures). Thus, any deficit of the rain might cause an impact 
on the overall agricultural productivity. Therefore, there is a need to understand the chang-
ing frequency of dryness through integrated water resource management at the river basin 
scale.

There are several classifications of droughts such as meteorological (Hisdal and Tallak-
sen 2003; Mishra and Singh 2010), agricultural (Mishra and Singh 2010), and hydrological 
(Hisdal and Tallaksen 2003; Dracup et al. 1980; Sen 1980). In general, a drought year is 
defined as the anomaly of average rainfall fall below 10% of its long-term mean over the 
region of interest (Kumar et al. 2013). There are many functions which have been devel-
oped to monitor the droughts such as the Reconnaissance Drought Index (RDI) (Tsakiris 
et al. 2007), the Drought Severity Index (DSI) (Pandey et al., 2008) and the Streamflow 
Drought Index (SDI) (Nalbantis and Tsakiris 2009). However, the Standard Precipitation 
Index (SPI), developed by McKee et  al. (1993), is being recommended by World Mete-
orological Organization (WMO) and implemented by many researchers (Guttman 1998; 
Pai et al. 2017). The main drawback of SPI has been that it uses rainfall data mainly, and 
other critical climate variables are not considered in its calculations. Moreover, it has been 
noted that along with precipitation, other climate variables such as temperature also play a 
vital role to intensify the drought condition. During the last 150 years, the global average 
temperature increased by 2–5 °C (Gao et al. 2017; Jones and Moberg 2003) and coupled 
climate change models predicted an increase of 4 °C during the 21st century (IPCC 2007). 
A recent study concluded that the simultaneous rise in temperature and decrease in pre-
cipitation might result in a deficiency of soil moisture (Logan et al. 2010). For this reason, 
the importance of analyzing trends in the temperature toward water resources applications 
and drought analysis has already been proven in previous studies (Nicholls 2004; Cai and 
Cowan 2008; Gerten et al. 2008; Lorenzo-Lacruz et al. 2010). The combined effect of pre-
cipitation and temperature can be studied through a function called the Palmer Drought 
Severity Index (PDSI) (Palmer 1965). However, the functionality of PDSI depends on fixed 
time scales, and it fails when the time scale varies. This difficulty can be avoided by the use 
of another drought index namely, the Standardized Precipitation Evapotranspiration Index 
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(SPEI) proposed by Begueria et  al. (2010), Vicente-Serrano et  al. (2010a), and Vicente-
Serrano et  al. (2010b) to quantify the drought conditions considering both these climate 
variables.

In general, the droughts analyses, including the intensity, duration, and frequency using 
both SPI and SPEI indices, have been investigated. Also, the periodical behavior of moder-
ate drought events is analyzed using the wavelet transform functions. However, the vari-
ability of drought indices over time and their interaction with the extended reconstruction 
of sea surface temperature (ERSST) have not been analyzed at the river basin scale, espe-
cially in India. It may be noted that among several rivers in India, the Cauvery River has 
its vital significance in the peninsular region mainly because of the perennial flow. This 
river supports the irrigation practices since ancient kingdoms. In the last century, besides 
irrigation, this river also served in generating hydroelectric power and has been providing 
water supply to the domestic and industrial utility of modern cities of South India. In the 
downstream of the Cauvery basin, rice is the major crop for which the region is known as 
the rice bowl of Tamil Nadu. Hence, the objectives of this paper are to identify the spati-
otemporal shift of extreme droughts over time and to elucidate the variability of extreme 
drought indices over the Cauvery River basin.

Drought prediction generally refers to the prediction of droughts severity (e.g., val-
ues of a specific drought indicator). In some instances, drought prediction also relates to 
other properties, such as drought duration and frequency, or phases, such as drought onset, 
persistence, and recovery. In this study, we mainly focus on the progression of extreme 
droughts over time, their periodicities, and their association with SST.

Following the introduction section, data and study area details are presented in Sect. 2. 
Section  3 describes the methodology. Following that the results and discussion are pre-
sented in Sect. 4. The paper ends with concluding remarks.

2  Study area

The Cauvery River originates from the Brahmagiri range of hills in the Western Ghats. 
It flows from west to east direction majorly covering the state of Karnataka, and Tamil 
Nadu and some part in Puducherry. The span of the river is about 800 km from its origin 
to outfall into the sea. While the majority of the river stretch lies in the state of Tamil Nadu 
(416 km), the river flows around 320 km in the state of Karnataka (Jain et al. 2007). The 
Cauvery River basin experiences tropical climate and is characterized by per humid, moist 
sub-humid, dry sub-humid, and semi-arid zones. While the southwest monsoon contributes 
90% of rainfall (Gholami and Srikantaswamy 2009), the basin also receives a partial contri-
bution of rain from North-East Monsoon that mostly happens in the region of Tamil Nadu. 
Over the area, the basin experiences 956 mm of average annual rainfall (Gosain et al. 2006) 
with large diurnal variation (varies in between 44 to 18 °C in temperature).

Physiographically, the basin is composed of three parts, namely—the Western Ghats, 
the Plateau of Mysore, and the Delta. The delta area is the utmost agricultural productive 
zone in the basin. The significant portion of the basin is enclosed with agricultural land 
accounting for 66.21% of the total area.

Geographically, it stretches from the longitude 75.25°–79.25° degree east and latitude 
range from 10.25° to 13.25° degree north, which is shown in Fig. 1. The total area covered 
by the basin is comprised of 116 grids with a spatial resolution of 0.25° × 0.25° (approxi-
mately 27.85 km2).
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3  Data and methodology

3.1  Data description

This paper used monthly gridded rainfall data of resolution 0.25° × 0.25° obtained from the 
Indian Institute of Tropical Meteorology (IITM), Pune (http://www.tropm et.res.in) span-
ning from 1931 to 2010. The data can be downloaded using the below link: (http://www.
imdpu ne.gov.in/Clim_Pred_LRF_New/Gride d_Data_Downl oad.html). Further, to analyze 
the effect of global warming over the region, two non-overlapping datasets have been pre-
pared. The first dataset (i.e., rainfall and temperature) ranging from 1931 to 1970, known 
as pre-era of global warming, and the second dataset spanning from 1971 to 2010 is the 
post-era of global warming. The quality of data has been verified in several case studies 
both on the local scale and the entire region of India (Pai et al. 2014, 2017). The drought 
induced by the evapotranspiration is analyzed by utilizing the potential evapotranspiration 
(PET) data, obtained from the open web repository of Climate Research Unit, UK (CRU) 
http://www.cru.uea.ac.uk., spanning over the period 1931–2010 with 0.50° × 0.50° resolu-
tion (Harris et al. 2014). To perform the complete analyses, the data of PET are rescaled 
to 0.25° × 0.25° (same as the spatial resolution of rainfall data) using bilinear interpolation. 
Further, to visualize/explore the relationship between drought indices at different scales 
with sea surface temperature, the extended reconstructed sea surface temperature (ERSST) 
dataset is utilized from 1931 to 2005 at a monthly scale. This dataset is derived from the 
National Oceanic and Atmospheric Administration (NOAA) with missing data filled in by 
statistical methods.

3.2  Methodology

The methods used in the paper are presented in a schematic in Fig. 2. As shown in Fig. 2, 
the present study includes three methods for the analysis, in which SPI, SPEI, and CWT 
are utilized for the extraction of spatiotemporal characteristics of extreme droughts. For 
SPI, monthly rainfall data are taken as input, whereas the SPEI takes both PET and rainfall 
for the calculation of indices. Further, the count of extreme droughts obtained from SPI/
SPEI over time is used to extract the significant periodicities over the river basin. For this 

Fig. 1  Geographical map of the 
Cauvery river basin

http://www.tropmet.res.in
http://www.imdpune.gov.in/Clim_Pred_LRF_New/Grided_Data_Download.html
http://www.imdpune.gov.in/Clim_Pred_LRF_New/Grided_Data_Download.html
http://www.cru.uea.ac.uk
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purpose, a continuous wavelet transform method is utilized. The details are summarized 
below:

3.2.1  SPI algorithm and interpretation

SPI is one of the widely used drought indices derived from rainfall deficiency. Typically, 
the SPI index is calculated for the selected time scales, i.e., 3-, 6-, 12-, and 24-month. 
The rainfall at time scales 3- and 6-month provides the information about the short-term 
droughts, whereas 12- and 24- month provide long-term droughts. The 3-month SPI 
negative index helps to identify the shortage of soil moisture, and it also includes infor-
mation about the adequacy of precipitation of selected region through a positive index. 
The 6-month negative SPI index indicates a medium-range deficiency in the rain, and it 
mainly controls the streamflow and reservoir levels in the basin. Finally, long-term SPI 
negative indexes such as 12 and 24-month indicate the shortage in reservoir levels as well 
as groundwater levels (Belayneh et  al. 2014). The monthly precipitation time series for 
jth time scale is modeled using gamma distribution (Thom 1958). The probability density 
function of the gamma distribution is defined by,

where α > 0 is a shape parameter, β > 0 is a scale parameter, and x > 0 is the amount of 
precipitation. The parameters, such as α and β, are to be estimated for the fitting of distri-
bution to data. These parameters are estimated for each time step of interest (3-, 6-, 12-, 
and 24-months). For this purpose, Edwards and McKee (1997) suggest that the maximum 

(1)g(x) =
1

𝛽𝛼𝛾(𝛼)
x𝛼−1e

−
x

𝛽 for x > 0

Fig. 2  Schematic of methods of SPI and SPEI
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likelihood estimator can be used for the estimation of these parameters (Thom 1958). It is 
obtained that 

where A = ln
�
̄̄x
�
−

∑
ln (x)

n
 and n is the number of precipitation observations. γ(α) is the 

gamma function, which is defined as:

By using the estimates of α and β, integrating the probability density function (Eq. 1) 
with respect to x yields an expression for the cumulative probability function of Gamma 
distribution is given by:

Since the gamma distribution is undefined for x = 0, the cumulative distribution func-
tion for gamma distribution which accounts zero value in the data is further modified as:

where q is the probability of zero rainfall over time. The cumulative probability distribu-
tion obtained from Eqs. 3 and 4 is then transformed into standard normal distribution to 
yield the SPI, where positive values of the SPI indicate higher than mean precipitation, and 
negative values indicate less than mean precipitation. If the 3-month SPI for March 1995 
is − 2.00, then the precipitation is much less than average compared to all other records of 
precipitation totals of March. When the 3-month SPI for March is +1.00, then the precipi-
tation for the same month is substantially above average.

3.2.2  SPEI computation

SPEI computation requires two different datasets including monthly precipitation and 
PET. The PET data are computed based on the Thornthwaite method. Deficit or surplus 
accumulation of rainfall at different time scales (e.g., 3-, 6- month) is obtained by a sim-
ple arithmetic difference between precipitation, P and PET.

The difference Dk
i,j

 in a given month j and year i depends on the chosen time scale 
k. For example, the accumulated difference for l  month in a particular year i with a 
12-month time scale is calculated using:
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where Di,l is the P − PET difference in the first month of year i, in millimeters.
It is possible that D value could be negative when Pi< PETi. In such a situation, a three-

parameter distribution is needed to calculate the SPEI. Vicente-Serrano (2005) found 
the log-logistic distribution correlates best with the series compared with the other three 
selected three-parameter distributions such as Pearson III, lognormal, and general extreme 
values. Therefore, log-logistic probability density function was used to fit the data and the 
probability density function of log-logistic distribution (LLD) is expressed as:

where α, β, and γ are scale, shape, and origin parameters, respectively. The optimal esti-
mation of three parameters of LLD can be obtained using which are obtained using the 
L-moment procedure is given below (Singh et al. 1993):

where γ(1 + 1/β) is the gamma function of (1 + 1/β), ws is the probability-weighted moments 
(PWMs) of order s is given below:

where n is the number of data points and j is the range of observations in increasing order. 
Thus, the cumulative distribution function of the D series is given by

using F(x), the SPEI can easily be obtained from the classical approximation of Abramow-
itz and Stegun (1965):

where w =
√
−2log(P) for P ≤ 0.5 and P is the probability of exceeding a determination 

D value, and P = 1− − F(x) if P > 0.5, then P is replaced by the 1 − P and the sign of the 
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resultant SPEI is reversed. The constants are C0 = 2.515517, C1 = 0.802853, C2 = 0.010328, 
d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308. Similarly, SPEI is applied over the rain-
fall data at different time scales. The functionality of SPEI is the same as with SPI.

3.2.3  Continuous wavelet transform (CWT)

A wavelet is a function with zero mean, localized in both frequency and time. While vari-
ous wavelet transforms functions exist in the literature, the Morlet wavelet has been fre-
quently used and is defined as:

where ω0 and η are the dimensionless frequency and time, respectively. For periodic fea-
ture extraction, it has been proved that the Morlet wavelet with (ω0 = 6) is a good choice 
as it provides the right balance between time and frequency localization (Grinsted et  al. 
2004). The idea behind the CWT is to apply the wavelet as a bandpass filter to the time 
series. Detailed documentation is available in Torrence and Compo (1998).

The statistical significance of wavelet power can be assessed through a first-order 
autoregressive (AR1) process. The Fourier power spectrum of an AR1 process with lag-1 
autocorrelation α (Allen and Smith 1996) is given by

4  Results and discussion

4.1  Climatology of mean JJAS rainfall at the basin scale

The climatological mean of JJAS annual rainfall in the Cauvery basin is 411  mm with 
a standard deviation of 82.41 mm from the data selected for the period 1931–2010. The 
impact of droughts is investigated by dividing the entire basin into two parts based on 
the elevation. Accordingly, the upstream and downstream of the basin comprise 61 and 
55 grids, respectively. It is found that the long-term climatological mean of the annual 
JJAS rainfall in the upstream is approximately 513.13  mm with a standard deviation of 
100.32 mm, which is much higher than the downstream mean 297.64 mm, standard devia-
tion 78.98 mm. The relative increase in rainfall in the upstream region is mainly due to 
the influence of the Western Ghat’s mountain range (Gunnell 1997). The reason for the 
less rain in downstream is attributed to the weakening strength of monsoon after traveling 
through the mountainous region.

The year 1970 has been witnessed as a mean change year in average temperature in 
India as well as over the globe (Narula et  al. 2018). Moreover, some of the Indian sub-
divisions have experienced the worst drought conditions in 1972 (Parthasarathy et  al. 
1987), and most of the droughts have occurred during the post-era of global warming. 
For these reasons, the total period is divided into two non-overlapping time domains such 
as 1931–1970 and 1971–2010, each of 40  years, which is sufficient for the climatologi-
cal study. The rationale to split the dataset into two parts is mainly to analyze the climate 
change influence on the spatiotemporal shift of drought over the basin.

(12)�0(�) = �
−

1

4 ei�0�e
−

�2

2

(13)Pk =
1 − �2

||1 − �e−2i�k||
2
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4.2  SPI and SPEI index at gridded scale

The rainfall data for the selected period (1931–2010) are used for the computation of SPI 
and SPEI to perform droughts analysis at all-India, and gridded scale (Pai et  al. 2011, 
2017; Preethi et al. 2019). The SPI/SPEI is calculated at the end of each month. The data 
set is updated in the sense that at each month a new value is determined from the previous i 
months. For example, SPI-3 is obtained as a moving sum of 3 months with a monthly step, 
in the sense that each month a new value is determined from the previous 3 months. For 
the calculation of SPI-3 for March, the rainfall data of January, February, and March have 
been considered and so forth. Subsequently, the SPI and SPEI are applied at each grid over 
the entire river basin at 3-, 6-, 12- and 24-month. However, the results of 3- and 12-month 
are presented here. The magnitude of droughts such as mild, moderate, severe, and extreme 
has been classified based on McKee et al. (1993), and the classification scheme mentioned 
in Table 1 is followed in the present work. It is to be noted that only the extreme droughts 
are considered for the present analysis.

The relative change in the frequency of extreme droughts is assessed by partitioning 
the data into two non-overlapping periods, such as 1931–1970 and 1971–2010. The total 
number of extreme droughts over each grid is defined as the count. Further, different clas-
sification schemes establish the magnitude of frequency (i.e., low, medium, high). The 
classification of the count of extreme droughts is statistically estimated and is presented 
in Table 2. A similar classification scheme is also used by Narula et al. (2018) to segre-
gate low and high affected temperature hotspots. The frequency of extreme droughts at 
a 3-month scale for the SPI and SPEI is shown in Fig. 3 and Table 3. The spatial pattern 
of the SPI-3 in 1931–1970, and 1971–2010 is depicted in Fig. 3a and b, respectively. It 
is found that the extreme droughts of different frequencies classified as class 1, class 2, 
and class 3 spread over the region in 1931–1970. It may be noted that none of the class 3 
extreme drought events in the downstream of the basin is found in 1931–1970. However, 
in the second period 1971–2010, a significant number of class 3 drought events and a very 

Table 1  Criteria of drought 
classification

Drought magnitude Criteria

Mild − 1.0 < SPI < 0
Moderate − 1.5 < SPI ≤ − 1.0
Severe − 2.0 < SPI ≤ − 1.5
Extreme SPI ≤ − 2.0

Table 2  Frequency of extreme drought classification based on quartile estimation

The numbers in the second column represent the frequency of extreme drought

Category Range of frequency Range of quartile (%) Description

Class 0 0 0 No extreme drought
Class 1 [1, 3] [1, 24] Low frequency
Class 2 [4, 6] [25, 49] Medium frequency
Class 3 [7, 10] [50, 74] High frequency
Class 4 ≥ 11 [75, 100) Exceptional high frequency
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few class 4 drought events are found in 71% and 12% of basin area, respectively. These 
results suggest the progression of extreme drought events from low to high class is evident, 
as shown in Fig. 3. The progress of a 3-month extreme drought could adversely impact soil 
moisture; consequently, it negatively affects the vegetation and crop yields (Balasubram-
ani 2006; Pangaluru et  al. 2019; Rossato et  al. 2017). Furthermore, short-term droughts 
might eventually lead to the development of long-term droughts. Mostly the effect of short 
drought conditions may not be visible in the long-term-scale drought. 

Further, SPEI is implemented over grids, and extreme drought years are extracted using 
the Mckee et  al. (1993) classification scheme. The frequency classification of extreme 
droughts is performed over each grid, and the results are illustrated in Fig.  3c, d. The 
results suggest that class 1 of extreme droughts is mainly found in 1931–1970 over the 
entire region wherein during 1971–2010 class 2 and class 3 are found to dominate over 
the basin. In turn, the influence of PET is found to be evident over the entire region in the 
second half of the total time. In the PET calculation, temperature plays a significant role; 
therefore, this might be due to a rapid increase in the maximum and minimum temperature 

Fig. 3  Spatial distribution of frequency of the extreme droughts of SPI-3, and SPEI-3 over two non-over-
lapping time domains

Table 3  The classification of frequency of extreme drought of SPI-3, and SPEI-3

The numbers in the column represent the grids and its percentage of spatial distribution over the basin in 
two non-over lapping time domains

Class of 
extreme 
drought

1931–1970 (Percent-
age of grids) SPI

1971–2010 (Percent-
age of grids) SPI

SPEI (1931–1970) SPEI (1971–2010)

Class 0 0 0 15 (13%) 0
Class 1 38 (33%) 1 (0.8%) 86 (74%) 6 (5%)
Class 2 54 (46%) 19 (16%) 14(12%) 46 (40%)
Class 3 24 (21%) 82 (71%) 1(0.8%) 64 (55%)
Class 4 0 14 (12%) 0 0
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over the southern part of India (Ross et al. 2018; Jain and Kumar 2012). It supports the fact 
that the influence of temperature intensifies the extreme drought condition over the region. 
Overall, it is observed that the progression of the frequency of extreme drought events is 
found over the area. In specific, the progression of the frequency of extreme drought events 
is very strong in the downstream region as compared to the upstream of the basin. These 
results suggest that in the recent past, the river basin experienced a significant reduction in 
the rainfall from normal events.

Similarly, extreme drought years are extracted at a 12-month scale. Accordingly, the 
indices SPI-12 and SPEI-12 are calculated for both periods, and the results are shown 
in Fig. 4 and Table 4. In which, the sub-plots, Fig. 4a, b, illustrate the spatial pattern of 
extreme droughts at a 12-month scale for both time domain (1931–1970 and 1971–2010). 
During the period 1931–1970, it is found that the class 0 of extreme droughts prevail over 
43% area of the region, especially in the downstream of the basin. In contrast, the pres-
ence of class 0 is minimal in the upstream. It suggests that relatively a large area in the 
upstream suffers from the high frequency of extreme droughts as compared to downstream 
of the basin. Further, it is noticed that class 1 and class 2 cover 41% and 16% area of the 
region, respectively, in the first half of the period, whereas the spatial coverage of class 2 
of extreme drought is increased by 300% in the second half. Especially, such progression of 

Fig. 4  Spatial distribution of frequency of the extreme droughts of SPI-12, and SPEI-12 over two non-over-
lapping time domains

Table 4  The classification of frequency of extreme drought of SPI-12, and SPEI-12

The numbers in the column represent the grids and its percentage of spatial distribution over the basin in 
two non-over lapping time domains

Class of 
extreme 
drought

1931–1970 (Percent-
age of grids) SPI

1971–2010 (Percent-
age of grids) SPI

SPEI (1931–1970) SPEI (1971–2010)

Class 0 50 (43%) 4 (3%) 54 (46%) 5 (4%)
Class 1 47 (41%) 40 (34%) 47 (41%) 36 (31%)
Class 2 19 (16%) 59 (51%) 12 (10%) 53 (46%)
Class 3 0 13 (11%) 1 (0.8%) 16 (14%)
Class 4 0 0 0 0
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extreme droughts is found in class 0 and class 2 in the downstream region, which suggests 
that the downstream of the basin experienced rapid growth of long scale extreme droughts. 
Furthermore, the results of SPEI-12 are depicted in Fig.  4c, d. The results suggest that 
class 0 (46%) and class 1 (41%) of extreme drought dominate over the whole river basin 
during the time 1931–1970. The presence of class 0 of extreme drought indicates the mini-
mal effect of the PET and temperature. However, the maximal area coverage of a higher 
class of extreme drought indicates that the basin is highly affected by the rapid increase in 
temperature. This particular result supports the fact that in the recent past, the southern part 
of India experienced an increasing trend of average maximum, and minimum temperature 
(Jain and Kumar 2012). Moreover, the entire world is influenced by a rapid increase in 
annual average temperature after 1970 (global warming era) (Parker et al. 1995; Solanki 
and Krivova 2003). It is observed that during the period 1971–2010, most of the study 
region experienced extreme drought of class 2 and class 3. As long-term droughts have a 
direct impact on the reservoir storage, especially in the surface water scheme, improved 
reservoir operation policies are required to manage the water allocation.   

4.3  Periodicity detection of the extreme drought years

The extreme drought years at each grid are calculated, and their count is obtained to iden-
tify further the probable existence of periodical changes over the basin from 1931 to 2010. 
For example, suppose 1905 is found to be an extreme drought year, and it occurred over 
10 grids, then the count of 1905 would be 10. Further, CWT is implemented on the count 
of extreme drought years to extract useful information such as significant frequencies (1/
period) concerning time (Torrence and Compo 1998). The map shown in Fig. 5 represents 
the normalized power spectrum of extreme drought years of SPI-3, and SPI-12 along with 
grid count of each year over the basin. These are obtained using Morlet wavelet where the 
contours represent a 95% confidence region. It can be deduced from Fig. 5a that significant 
periodicities in SPI-3 are seen in the band of 2, 2–3, 3.5–5, 9–14 years (y).

Further, the high periodicities in the 3–5 y and 9–14 y bands are found to be signifi-
cant from 1992 to 2010, whereas small periodicities in the range of 2–3 y are noticed 
during 1935–1941 and 1980–1993. The existence of small periods in the band of 2–3 y 
might be the indication of more frequently repeating short-term droughts (3-month). 
It is also evident from Fig. 5b that most of the region (based on the grid count) have 
witnessed extreme droughts that occurred from 1934 to 1937, and 1975–2005. It is 
obtained that the extreme drought years at a 3-month scale of SPI have occurred over 
79–97 grids during the period 2001–2002. Furthermore, the 58, 56, 51, and 50 grids 
have been affected by the droughts in 1937, 1991, 2000, and 1975, respectively. It indi-
cates that the region suffered from extreme drought years mainly in the second half of 
the time domain. This further confirms the finding reported in the section of 4.2 that 
there is a transition of the low class of extreme droughts into high class in the second 
half time domain. Furthermore, at a 12-month scale, it is found that periods in the band 
of 3–4 and 4–12 y are significant over the region which is depicted in Fig. 5c. Also, it is 
seen that the high periodicities are significant from 1985 to 2010, whereas small perio-
dicities are found to be significant during 1961–1965. It is also reported that ten El Nino 
events were observed during 1965–1998, which supports the dominant character of high 
periodicities in the extreme drought years (Dimri 2013; Yu et al. 2002). From Fig. 5d, it 
is observed that the extreme droughts occurred over the grids of 32, 28, 32, and 83 dur-
ing 1961–1965, 1971–1978, 1988–1990, and 2000–2003, respectively.
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From Fig. 5a c, it is observed that some common features exhibit between the domi-
nant signal of SPI-3 and SPI-12 in the form of wavelet power. For example, the signifi-
cant periodicities of both data series are found to be in 3.5–7, 9–14, and 3.5–12 y period 
band during the time domain of 1986–2010. Also, it is found that during 1961–2001 
both series have high wavelet power in 7.5–10  y period band but are not significant 
at a 95% confidence level. In such cases, the existence of common significant perio-
dicities becomes difficult to infer. For this purpose, wavelet coherence is very useful to 
extract the common significant periodicities and wavelet power. The results of the cross-
wavelet spectrum of extreme drought years of SPI-3 and SPI-12 and their coherence are 
shown in Fig. 6a, b. It reveals that during 1986–2010, the dominant variability at the 
4–12 y period band exhibits the highest wavelet power. Further, the right arrow sign in 
Fig. 6a represents an in-phase linkage between both the time series. The in-phase link-
age of SPI-3 and SPI-12 from 1986 to 2010 further confirms the results as illustrated 
in Fig.  4. In-phase association between two signals leads to a high amplitude of the 
resultant signal. In this situation, the phase difference between two signals is either 0 
or 2π. Hence, in-phase association of SPI-3 with SPE-12 is like to enhance the drought 
situation. Whereas in anti-phase, the phase difference between two signals is either π or 
3π. In this situation, the amplitude of the resultant signal will be low. Hence, the effect 
of one signal may not be visible significant over the other signal. The interaction of two 
signals can be viewed as:

Let y1 and y2 be two signals are constructed as:

Fig. 5  Wavelet periodicity of the extreme drought years for a SPI-3; b grid count of extreme droughts years 
of SPI-3; c SPI-12; d grid count of extreme droughts years SPI-12. The 5% significance level against red 
noise is shown as a thick contour
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where a1 and a2 are the amplitude of the two signals, ω1 and ω2 are two dominating fre-
quencies, t is the period from 1901 to 2005.

d is the phase difference over time. For d = 0, 2π, the amplitude attains maximum, implies 
in-phase, whereas, for d = π, 3π, the amplitude attains minimum, implies anti-phase.

Similarly, the wavelet periodicities of the extreme drought years of SPEI-3 are 
obtained and are shown in Fig.  7a. It reveals that the 2–8  y period band exhibits the 
highest wavelet power which is significant during 1990–2005 and comparatively less 
wavelet power persists at a 2-y period band in 2000–2003. Further, the result reveals 
that extreme drought occurred in 1937, 1995, 1997, 2001, and 2003 spread over 49, 49, 
91, 80, and 77 grids, respectively. As an increase in maximum and minimum tempera-
ture in the second half (1971–2010) has been evident, the entire basin has shown to have 
an elevated high frequent extreme drought. Also, similar results are obtained for SPEI-
12, as presented in Fig. 7c, d. It may be concluded from Fig. 7d that during 2000–2003, 
the region has experienced deficit rainfall as well as a high rate of evapotranspiration 
due to positive changes in maximum and minimum temperature. Also, except in 1937, 
extreme drought years are found to be in the second half of the time domain, which 
further confirms the influence of the global warming effect on the basin. The cross-
wavelet transforms, and coherence of SPEI-3 and SPEI-12 (figures are not shown here) 
reveal that from 1990 to 2005 both signals have significant periodicities in the 3–9  y 
period band and exhibit highest wavelet power. Further, it is observed that both the sig-
nals are associated with in-phase linkage. Wavelet coherence results suggest that during 
1950–2000, the period band 7–14 y is linked in-phase, whereas the period band 2.5–6 y 
is linked with a lag of 90°. Furthermore, the 2–4 y period band is also connected with 
in-phase during 1945–1955.

y1 = a1sin
(
�1t + �1

)

y2 = a2sin
(
�2t + �2

)
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1
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2
+ 2a1a2cos(d
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I
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Fig. 6  a Cross-wavelet transforms of extreme drought years of SPI-3 and SPI-12: b wavelet coherence over 
the time domain 1931–2010. The 5% significance level against red noise is shown as a thick contour
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4.4  The relation of drought variability with ERSST

To investigate the role of sea surface temperature (SST) in the formation of extreme 
drought at different time scales over the basin, ERSST of the annual data set is used. It is 
established in the literature that the ISMR is inversely correlated with ENSO (Rasmussen 
and Carpenter 1983; Sikka 1980; Pant and Parthasarathy 1981; Azad and Rajeevan 2016; 
Ihara et al. 2007). Further, an active spell of ENSO is indirectly responsible for forming 
drought over the globe, as well as in India (Kane 2004). This study additionally aims to 
establish a relation between the short-term and long-term droughts with SST. Therefore, to 
accomplish a fair comparison, the ERSST data are normalized concerning mean and stand-
ard deviation. Then, the significant periodicities of normalized ERSST and SPI-3 index are 
extracted using CWT. The results are shown in Fig. 8a, b. It is to be noted that the ERSST 
data are available only from 1931 to 2005. It is found that the variability of ERSST is con-
tained within the year 2–4 y, 5–7 y, and 3–6 y period band and is not distributed uniformly 
over time. The significant periodicities of high wavelet power within the contour are time 
localized and noticed in 1985–2005 with 3–5 y cycle, whereas 2–4 and 5–7 y period bands 
are found in 1970–1980 and 1950–1960, respectively. Similarly, for the negative index of 
SPI-3, the significant periodicities are found during 1940 and 1990–2010 with the perio-
dicities of 2- and 2–7 y, respectively as shown in Fig. 8b.

It is noticed that the negative index of SPI-3 and ERSST have dominant variabil-
ity in 2–7 years period band which is significant during 1985–2005 (Fig. 8a, b). Further, 
it is observed that both time series have the highest wavelet power (i.e., 2–4 y band) in 
1965–1975; however, only the ERSST has significant power at 95% confidence level 
(shown as a thick contour in Fig. 8a). In such cases, cross-wavelet and wavelet coherence 
help to identify the localized time and period band for which both time series have the 

Fig. 7  Wavelet periodicities of the extreme drought years for a SPEI-3; b grid counts; c SPEI-12; and d 
grid counts. The 5% significance level against red noise is shown as a thick contour
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leading signals (i.e., dominant periodicity). Figure 8c, d represents the cross-wavelet and 
wavelet coherence of both time series. It reveals that significant periodicities of 2–4 y and 
2–7  y period bands are found in 1945–1960, 1965–1975, and 1980–2005, respectively. 
Further, it indicates that the periodicities of both time series are associated with anti-phase 
during 1980–2005 and 1965–1975. The anti-phase association of two time series in the fre-
quency domain reflects in the time domain. In this situation, the phase difference between 
two signals (SPI-3 and ERSST) is either π or 3π, and it leads to reduce the amplitude of the 
resultant signal. Thus, the ERSST and negative index of SPI-3 are negatively correlated in 
the time domain during the association period. Although the correlation coefficient (− 0.2) 
is not significant, it is found to be connected with anti-phase relation in frequency domain.

Similarly, the significant periodicities of the 4–12  y period band are found in the 
negative index of SPI-12 during 1990–2010 (Fig. 9b). Also, other significant periodici-
ties of 2–3  y band are noticed in 2000–2010. The cross-wavelet spectrum of SPI-12 
and ERSST is shown in Fig. 9c. These results reveal that both time series have com-
mon wavelet power in 2–3  y, 3.5–6  y, and 5–7  y period band during the year 1970, 
1980–1990, and 1990–2000, respectively. Further, the in-phase linkage between these 
series with a lag less than 90° over the significant period, bands are marked with a 
right tilted arrow (Fig. 9c). In this situation, the phase difference between two signals 
is either 0 or 2π. In-phase association between two signals leads to a high amplitude 

Fig. 8  Wavelet periodicities of a normalized ERSST index; b SPI-3; c for cross-wavelet transform of nor-
malized ERSST index and SPI-3negative index; d Squared wavelet coherence between them. The 5% sig-
nificance level against red noise is shown as a thick contour
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of the resultant signal. Hence, in-phase association of SST with SPEI-12 is like to 
enhance the drought situation. These results further confirm the findings reported in 
Sect. 4.3 such that extreme drought events are very evident in most of the regions in 
1980–2005. Further, the in-phase association in frequency domain reflects a positive 
correlation in the time domain between the selected time series over the significant 
period band.

Similar results are found in the wavelet power spectrum of SPEI-3 and SPEI-12 in 
1931–2010 (figures are not shown). The significant variability at 2–3 and 5 y periodici-
ties is seen in the negative index of SPEI-3 during 1990–2000, and 1995–2005, respec-
tively. The cross-wavelet spectrum reveals the existence of common wavelet power at 
2–3 and 5–7 y period band. Moreover, the periods of both time series are linked with a 
lag difference of 90° during 1995–2005 and in-phase relation during 1995–2000. The 
in-phase linkage further confirms the findings illustrated in Fig.  4 (i.e., the extreme 
droughts across the basin were very evident in 1995–2000). Therefore, the in-phase 
linkage suggests the intensified level of extreme drought conditions and it is reflected 
in Figs.  4 and 5. Similar observations are noted in the case of the negative index of 
SPEI-12, and the results are not presented here.

Fig. 9  a Wavelet periodicity of normalized ERSST index; b 12-month SPI; c for cross-wavelet transform of 
normalized ERSST index and 12-month SPI negative index; d Squared wavelet coherence between them. 
The 5% significance level against red noise is shown as a thick contour
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5  Summary and conclusions

Drought prediction is of critical importance to early warning for drought manage-
ment. Since, drought events directly affect the water resources such as the dam reser-
voir, groundwater, and hence, the proper command is required. The presented results 
could be used for future planning and strategies. Further, it is crucial for water resource 
management and agricultural agencies to look at spatiotemporal characteristics of the 
droughts and their frequency, in specific to analyze the effect of extreme droughts over 
the Cauvery River basin. The proper management schemes will help to optimize the 
limited water resources of the river basin into diverse fields under the warming climate 
scenario. Furthermore, it is equally important to monitor the periodical behavior of such 
natural hazards for the benefit of socioeconomic development. Thus, this paper focused 
on examining changes in the frequency of extreme drought indices which are obtained 
from the deficit rainfall and PET at a river basin scale. The progression of low class to 
high-class extreme drought over two non-overlapping times is analyzed. From this, the 
significant periodicities are extracted for the selected periods to possibly identify the 
year that experiences small and long-term extreme drought. This will help policymakers 
and others to take proper action before the occurrence of such events. It is a known fact 
that climate is a complex phenomenon that is affected by some nonlinear driving forces 
in nature. The variability at a local scale is significantly associated with the nonlinear 
forcing such as SST. Thus, it is vital to find a possible link between them. The wavelet 
analysis of the SPI index at different scales predicts the possible occurrence of such 
events over time. The periodicities suggest that the extreme drought events are likely 
to occur over the region. The association with SST signifies that the relative strength of 
such a particular event. Suppose, SST and SPI-index have the same phase (in-phase), it 
is expected that the relative strength of the drought events would be more than in other 
cases.

The following conclusions are drawn from the above analysis.

1. The frequency of extreme droughts dominates in the second time domain (1971–2010) 
and found mainly in the downstream of the basin. In particular, the drought situation 
is found to be severe in 1975, 2002–2004, and the influence of temperature and PET is 
found to be extremely high during this period.

2. The entire river basin experienced a dominant cycle of 3.5–7 years of extreme droughts 
during the study period, and it is also found that extreme droughts were very prominent 
in 2000–2003.

3. The extreme droughts at a 3-month scale are influenced by biennial (2 y), quasi-biennial 
(2–3 y), and decadal oscillation, whereas ENSO and decadal oscillations modulate SPI-
12.

4. The variability of ERSST is found to be contained within 2–4, 5–7, and 3–6 y period 
band. Whereas, SPI-3 and ERSST have a common periodicity in 2–4 and 2–7 y period 
band in the anti-phase.

5. The anti-phase association of the two (SPI-3 with ERSST) in frequency domain confirms 
the negative correlation during the association period. In contrast, a positive relationship 
is found between SPI-12 and ERSST having a lag of less than 90°.
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