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Abstract

The present study uses observation-based gridded air temperature and precipitation datasets to investigate the spatiotem-
poral changes in meteorological drought from 1981 to 2020 in South Asia (SA). The drought characteristics i.e., duration,
area, frequency, intensity, and severity are calculated using Run theory and the Standardized Precipitation Evapotranspira-
tion Index (SPEI) on annual and seasonal timescales. SA is divided into four homogeneous subregions using the k-means
clustering algorithm, while the trends were estimated using Sen’s Slope estimator and modified Mann-Kendall (MMK)
test. A state-of-the-art Bayesian Dynamic Linear (BDL) model was employed to assess the sub-regional drought variability
and their possible links with large-scale atmospheric drivers such as the Indian Ocean Dipole (IOD), El Nifio Southern
Oscillation (ENSO), and the Pacific Decadal Oscillation (PDO). It is found that the SA winter season experienced a sig-
nificant drying long-term trend, especially southwestern and northeastern parts of SA. Drought durations show dipolar pat-
terns with longer drought duration in the southwestern compared to the northern parts of SA. Notably, arid and semi-arid
regions have shown significant drying trends in terms of their area, frequency, and severity, implying that meteorological
droughts are relatively more severe in those regions. Similarly, the relationship varies over time between drought vari-
ability and climate drivers. In particular, the IOD has an impact on drought episodes over southwest SA relative to the
northern parts and is mostly affected by the Sea surface temperature (SST) variability. The study results contribute to a
better understanding of the meteorological drought characteristics over SA, which is important for disaster risk managers
and policymakers to mitigate drought impacts.
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1 Introduction

Drought is a recurrent natural hazard with more detrimental
effects, affecting a wide range of socio-economic and envi-
ronmental sectors around the world (Wilhite et al. 2007;
Mishra and Singh 2010; Dai 2011; Guo et al. 2018; Huang
et al. 2019). Generally, this phenomenon is manifested by
prolonged dry spells in nature because of the below-aver-
age rainfall and other thermodynamic factors (Vicente-
Serrano et al. 2010; Aadhar and Mishra 2020). The start
and end of drought hazards is difficult to predict because
of various dynamic and thermodynamic mechanisms. In
recent decades, global warming-induced drought episodes
were already evident in some regions, for instance, the
East Africa drought in 2010-2011 (Dai 2011), the United
States drought in 2012 (Hoerling et al. 2014), the Califor-
nia drought in 2011-2014 (Seager et al. 2015), the India
drought in 2000 (Mishra and Singh 2010), the Pakistan
drought in 2000-2004 (Ahmed et al. 2019b), and south-
western China drought during 2009-2011 (Yao et al. 2020).
The observed changes in meteorological droughts and their
relationship with climate variability over South Asia (SA)
received less attention notwithstanding the importance of
projected changes in water availability. However, it remains
unclear how the extreme meteorological drought events in
the observed climate that affected surface and groundwater
resources, agricultural production, and economic growth
in the region will change under the warming climate over
SA. Thus, it is important to study and identify the long-term
change in droughts and the physical mechanisms associated
with droughts in the region.

Several indices have been used globally to monitor
droughts (i.e., agriculture, meteorological, and hydrologi-
cal), which provide actionable information on drought risk
assessments and mitigation (Huang et al. 2019; Gu et al.
2020a; Guo et al. 2018; Aadhar and Mishra 2020). These
indices include the standardized precipitation index (SPI)
(McKee et al. 1993), the Standardized Runoff Index (SRI)
(Shukla and Wood, 2008), the Standardized Soil Moisture
Index (SSI) (Hao and AghaKouchak 2013), the Palmer
Drought Severity Index (PDSI) (Palmer, 1965), and the
Standardized Precipitation Evapotranspiration Index (SPEI)
(Vicente-Serrano et al., 2010). SPEI has been widely used
for drought forecasting and characterization on the regional
and global scales (Diaz et al. 2020; Gebremeskel Haile et al.
2020; Gu et al. 2020a; Uwimbabazi et al. 2022).

SA is a drought-prone region due to the complex topog-
raphy and climate. This region is highly depend on irrigated
agriculture (Ali et al. 2019). Mostcountries in SA (i.e.,
Afghanistan, Pakistan, India, Nepal, Maldives, Bangla-
desh, Bhutan, and Sri Lanka) are characterized by arid and
semi-arid climate conditions (Adnan et al. 2016; Aadhar
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and Mishra 2020; Sajjad et al. 2022). The water resources
in the SA region are highly under pressure because of an
increase in water demand with significant population
growth (Shahzaman et al. 2021b; Xing et al. 2022; Ullah
et al. 2022a). A substantial rise in temperature and small or/
no change in precipitation is evident over SA during the last
few decades (Ali et al. 2019; Jiang et al. 2020; Almazroui
et al. 2020; Iyakaremye et al. 2022; Lu et al. 2022). On the
other hand, uncontrolled human-induced activities could
also trigger drought occurrences. For instance, the Arabian
Sea’s dryness has significantly influenced the local climate,
with more than 2-times drought occurrences over the SA
domain (Aadhar and Mishra 2020). In recent years, due
to an increase in drought risks, the research on drought in
SA has received enormous attention. For example, Aadhar
and Mishra (2020) studied the increased drought risk using
different approaches of potential evapotranspiration (PET)
under a warming climate in SA during 1979-2018. Ali et
al. (2019) investigated the response of vegetation dynamic
to seasonal drought over SA (1990-2011), while Zhai et al.
(2020) studied the future drought variation using a multi-
model ensemble based on SPEI and PDSI in the SA and
found a drying trend in the last few decades. Considering the
differences in drought trend, evolution, and spatiotemporal
characteristics, it is important to study the drought behav-
iors in distinct regions. Though various studies focused on
meteorological drought in SA, less attention was paid to the
drought features at the sub-regional scales. Thus, to bet-
ter understand the drought evolution and its features (i.e.,
drought onset, magnitude, area, and severity), it is essential
to identify the drought prone areas in order to develop a a
proper future drought mitidation and adaptation strategies.

This research maily provides a comprehensive assess-
ment of the spatial and temporal variability of droughts
using SPEI over SA and its subregions. Precisely, the objec-
tives of this study are (1) to check the annual and seasonal
drought trends based on the modified Mann-Kendall and
Sen’s Slope estimator; (2) to delineate the possible associa-
tion between seven large-scale climate drivers and drought
variability in SA and its subregions using state-of-the-
art Bayesian Dynamic Linear (BDL) model. The present
study’s findings would provide actionable information to
the scientific community and the public for disaster risk
reduction in SA and its subregions. The rest of the paper
is organized as follows: Sect. 2 provides the details about
the study area, datasets, and opted methodologies; the study
results are given in Sect. 3, while Sects. 4 and 5 present dis-
cussion and conclusions.
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Fig.1 Study area and target subregions (i.e., Region-1, Region-2, Region-3, and Region-4 are represented with R1, R2, R3, and R4, hereon) of the
current study presented with light orange boxes in Fig. 1a, along with elevation and land use/cover changes shown in Fig. 1b

2 Data, Study Area, and methods
2.1 Study area

The study domain comprises eight countries (i.e., Afghan-
istan, Pakistan, India, Nepal, Maldives, Bangladesh, Bhu-
tan, and Sri Lanka) located in SA (Fig. 1). The topography
of SA consists of high mountains in the north, for instance,
the Hindu-Kush Himalayan range, the Indian Ocean in the
south, the Indus and the Ganges River basins in the western
parts (Aadhar and Mishra 2020). The elevation ranges from
0 m in the coastal and lowlands regions to more than 8000 m
in the Himalayan region. Due to SA’s diverse landscape and
geographical location, the region is categorized into arid and
semi-arid climates with low relative humidity (Ahmed et al.
2019b; Ali et al. 2019; Mishra et al. 2020). Moreover, due to
the influence of climate change and human-induced activi-
ties (Guo et al. 2018; Xu et al. 2020), water scarcity in SA
is getting worse. Thus, the region is considered one of the
driest regions in the world. However, the SA has four dis-
tinct climatic zones, including subtropical (e.g., northwest

India, highlands in Pakistan, and Afghanistan), tropical
(e.g., south India and southwest Sri Lanka), semi-arid (e.g.,
central parts of SA), and arid (e.g., Northern India, south
Pakistan, and large parts of Afghanistan) (Mohsenipour et
al. 2018; Gaire et al. 2019; Khatiwada and Pandey 2019;
Arshad et al. 2021a). Recently, Ullah et al. (2022b) inves-
tigated the anticipated changes in socioeconomic exposure
to heat waves in SA and its four distinct subregions under
changing climate. They found that most SA regions have
experienced heat stress events with a larger geographical
extent and are anticipated to become more severe by the
end of the 21st century. Thus, we examine the impact of
different climate variability on the evolution, severity, and
magnitude of observed droughts across the four subregions
that have distinct precipitation seasonality and cover key
breadbaskets and highly vulnerable population.

2.2 Datasets

One of the key issues in investigating hydro-climatological
events is the lack of available long-term records and reliable
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climatic observation around the globe (Ahmed et al. 2018;
Arshad et al. 2021b; Ullah et al. 2022b). To overcome these
problems, an effort has been made to develop several multi-
source climate products, i.e., gauge-based, satellite-based,
and reanalysis products. Among those, gauge-based gridded
datasets are frequently used due to their robust spatiotempo-
ral continuity and accessibility over a longer time (Kishore
et al. 2016). Besides, the gauge-based gridded datasets have
better spatial performance and continuous availability than
the traditional gauge observations, which play a vital role in
describing drought characteristics (Guo et al. 2018; Ahmed
et al. 2018; Yang et al. 2020).

This study uses the latest version of Climatic Research
Unit Version 4.05 (CRU TS4.05) of monthly mean, maxi-
mum, and minimum air temperature datasets from 1981 to
2020. The CRU TS4.05 dataset was developed by the Univer-
sity of East Anglia and can be found online through (http://
www.cru.uea.ac.uk/data/). In addition, this study also used
the monthly precipitation obtained from the Climate Hazard
Group Infrared Precipitation with Station Data (CHIRPS),
which can be found online at https://data.chc.ucsb.edu/prod-
ucts/CHIRPS-2.0/, from 1981 to 2020. CHIRPS is a com-
bined product of remotely sensed and in-situ observations
developed for monitoring droughts and climate extremes.
At the start, CHIRPS was designed to support the United
States Agency for International Development Famine Early
Warning Systems Network (FEWS-NET). It followed the
effective procedures used in generating the Thermal Infrared
(TIR) precipitation products like the National Oceanic and
Atmospheric Administration’s (NOAA’s) Rainfall Estimate
(RFE2) and African Rainfall Climatology. The selection of
CRU TS4.05 and CHIRPS datasets to calculate the SPEI
index is based on many reasons. First, they comprise high
station density and have undergone strict quality control and
time uniformity test (Wang et al. 2014). Second, they have
a high spatial resolution (0.5 x 0.5°) with 5600 grid-points
covering SA and long-term records suitable for drought
assessment (Guo et al. 2018). Recently, numerous studies
utilized CRU TS and CHIRPS datasets to estimate SPI and
SPEI to study various meteorological-related research and
obtained promising results in Asia (Ahmed et al. 2019a;
Jiang et al. 2021; Shahzaman et al. 2021b). Therefore, to
better understand the historical drought occurrences over
SA and its subregions, we select the data from 1981 to 2020
(40 years).

The climate of SA is influenced mainly by three factors:
the Pacific Decadal Oscillation (PDO), the Indian Ocean
Dipole (IOD), and the Dipole Mode Index (DMI) (Guo et al.
2018; Kang and Lee 2019; Shah and Mishra 2020a). It has
been found that the multivariate El Niflo Southern Oscilla-
tion (ENSO) has a close association with the occurrence of
drought in SA (Liu et al. 2015; Joshi and Kar 2018; Gaire et
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al. 2019). Therefore, IOD, PDO, DMI, ENSO, Sea Surface
Temperature (SST), Central Tropical Pacific SST (Nifio3.4),
and solar activity represented by Sunspots are considered to
study the interconnection between drought variability and
large-scale climate patterns. The Nifio3.4 index is used to
define ENSO as the average SST anomalies over 5°S—5°N,
170°-120°W region. We also calculate the fraction of the
total drought events in each region during different phases
of these modes of oceanic variability. Therefore, the pres-
ent study checks these modes as individual factors to bet-
ter understand the oceanic and atmospheric variability of
drought events.

The present study uses IOD and DMI indices calculated
as the SST difference between the western (50°-70°E, 10°
S-10°N) and eastern (90°-110°E, 10°S-Equator) the equato-
rial Indian Ocean. An SST dipole between the western and
eastern tropical Indian Ocean, while the Intensity of the IOD
is presented by anomalous SST gradients between the west-
ern and the southeastern equatorial Indian Ocean. There-
fore, individual use of IOD and DMI was a prime target to
understand the dynamic factor solely, as SA is surrounded
by the Arabian Sea, Indian Ocean, and the Bay of Bengal.
On the other hand, the major driver of monsoonal climate
systems is the sunspot, and other particular features includ-
ing land-sea circulation pattern, topography, and ocean
movement. These drivers are mostly responsible for pre-
cipitation concentration and intensity variation in a specific
region. It should be noted that the inter-annual variation of
the monsoonal climate may also come from thermodynamic
feedback systems. The feedback systems such as multi-
variate ENSO and IOD could cause changing behaviors of
precipitation based on inter-annual timescales over various
regions including SA. Change in precipitation concentration
and intensity behaviors in SA has a strong relationship with
the Sunspot, which moved southward due to enhance west-
erlies, and precipitation cycles may be affected by their sec-
ond-largest influence on the South Asian Summer Monsoon.
Thus, monthly datasets (1981-2020) for each climate index
were obtained from (https://psl.noaa.gov/data/climateindi-
ces/list/). The detailed information of the seven indices is
shown in Table S1.

2.3 Methods
2.3.1 k-means algorithm

SA has complex climatic regimes where spatial variability
of the precipitation and temperature changes as a function
of the major circulation patterns (Ali et al. 2019; Preethi et
al. 2019; Aadhar and Mishra 2019). These regions are also
affected by other factors, for instance, landscape, topogra-
phy, coastal vicinity, or latitude (Khan et al. 2020; Shah and
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Mishra 2020a). A k-means clustering method was applied to
the 3-month SPEI (Guo et al. 2018; Yang et al. 2020) to ana-
lyze the drought occurrence over the different homogenous
subregions and its association with large-scale climate driv-
ers. The k-means algorithm can produce different clusters
with the aim of; (1) minimizing variability with the number
of clusters k, and (2) maximizing variability of each centroid
among all the data series. The k-means algorithm provides
a better partition result when a large number of grids (more
than 5600 points) are considered. Liu et al. (2018) applied
the Silhouette index over southwest China to investigate the
long-term change of PET using k-means clustering during
19612013 and divided southwest China into four subre-
gions. To explore the multi-model spatiotemporal mesoscale
drought projections in India, Gupta and Jain (2018) applied
a k-means clustering algorithm to the SPEI and SPI time
series and divide India into six clusters. Thus, the present
study uses k-means clustering and divides SA into four dif-
ferent subregions that include region-1 (R1), region-2 (R2),
region-3 (R3), and region-4 (R4), respectively.

2.3.2 The Standardized Precipitation Evapotranspiration
Index (SPEI)

The SPEI (Vicente-Serrano et al. 2010) is a robust index
for drought monitoring and analysis in the context of cli-
mate change at global and regional scales (Wang et al. 2014;
Guo et al. 2018; Mohsenipour et al. 2018; Ahmed et al.
2018). Therefore, based on several advantages, SPEI was
applied as a drought index in this study. SPEI considers a
simple climatic water balance with the difference between
precipitation and PET. Besides, SPEI indicates precipita-
tion shortages and reveals water scarcity caused by exces-
sive evapotranspiration. Therefore, it is found to be more
effective in detecting the temporal variability of droughts
in a diverse regions (Frank et al. 2017). Wang et al. (2014)
investigated the changing characteristics of severe droughts
on a global scale during 1902-2008 based on the SPEI
index and found an increasing trend in drought areas world-
wide. For further details about SPEI, readers are suggested
to Vicente-Serrano et al. (2010). In addition, the SPEI value
between — 1.0 to -1.5 is considered moderate drought, the
value between —1.5 to -2.0 demonstrates severe drought,
and below —2.0 values represent extreme severe drought.
There are many approaches to calculate PET, however,
Thornthwaite (1948) (TH) and Penman-Monteith (PM)
(Allen et al. 1994) are the two most widely used meth-
ods. Since the TH equation is only based on temperature,
PET intends to be underestimated in the arid and semi-arid
areas (Vangelis et al. 2013). Based on the physical calcula-
tion process, the PM is considered one of the most accu-
rate approaches to calculate PET (Guo et al. 2018). The

superiority of PM over TH in the calculation of SPEI has
been verified in previous studies (Mishra and Singh 2010;
Guo et al. 2018; Khan et al. 2020). Therefore, considering
the arid and semi-arid climate in SA, we prefer to use PM-
based SPEI as the drought index in this study.

In this study, 3-month SPEI for a given month is calcu-
lated based on the present month and the prior two months;
for instance, February indicates the Dec-Jan-Feb precipi-
tation and PET of the 3-month SPEI index. Therefore, we
used the 3-month SPEI values for February, May, August,
and November for seasonal analysis for winter, spring,
summer, and autumn, respectively. On the other hand, the
12-month SPEI values for December were adopted as the
annual timescale for analysis.

2.3.3 Drought trend detection

The nonparametric Mann-Kendall (MK) trend test is one of
the most commonly used hydro-meteorological time series
approach to detect trends/changes in auto-correlated SPEI
data (Mann 1945; Bevan and Kendall 1971). The test does
not require normal distribution and is effective against out-
liers, missing values, and abrupt changes in time series.
The existence of autocorrelation in the data could probably
affect the trend detection. Therefore, Hamed and Rao (1998)
recommended a trend estimator to subtract from the origi-
nal time series while evaluating the autocorrelation. The
modified-MK test was then applied to the SPEI time series,
and the trends with p-values < 0.05 Were considered statis-
tically significant. We used the nonparametric Sen’s Slope
estimator to evaluate the trend magnitude (Sen, 1968), while
the Pettitt test (Pettitt, 1979) was also applied to detect the
abrupt change points.

2.3.4 Drought event identification and characterization

The Run theory, proposed by Yevjevich (1967), which is
one of the most frequently used approaches for identify-
ing drought parameters, was adopted in this study. A run
is defined as a portion of the time series of a variable in
which all values are less or greater than the selected thresh-
old value; therefore, the runs can be either a negative or a
positive (Guo et al. 2018; Yang et al. 2020). This definition
has two main reasons; firstly, the consistent low drought
intensity could also greatly influence vegetation growth,
agricultural production, and the environment (Sheffield et
al. 2012; Wang et al. 2014). Secondly, identifying drought
events starting from negative SPEI values can help improve
the early warning system. Once the drought event is defined,
it can be referred to as drought duration (Dd), drought fre-
quency (Df), drought severity (Ds), and drought peak (Dp)
using the Run theory. Dd is the number of months between
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the drought onset time and the termination time. Ds is the
cumulative sum of SPEI values during a drought event,
while Df is the number of drought events that occurred dur-
ing the considered period. Details of the variables describ-
ing drought events are given in (Mishra and Singh, 2010;
Guo et al. 2018).

2.3.5 Multivariate return period with most likely
realization approach

In literature, various studies usually examined the changes in
drought duration or severity under a warming climate inde-
pendently, neglecting the multiplex behavior of droughts
(Gu et al. 2020b). This study provides Dd and Ds jointly via
the copula function, which is multipurpose for describing
dependent hydro-meteorological variables due to its flexible
marginal distributions. The widely used Gamma distribu-
tion was adapted to fit the drought variables in grid points
over the SA, and we selected the Gumbel copula to attain
the joint distribution of Dd and Ds. Different definitions of
joint return periods have been developed in copula-based
methods, such as the OR, AND, Kendall, dynamic, and
structure-based return periods (Guo et al. 2019). Amongst
these, the OR case (T},) is generally used in drought occur-
rence assessment (Zhao et al. 2020):

Tp= 2 = B
07'_171;1((175>_176'[F'D<CZ>,F‘S(S>}7 (1)

where FE; indicates the expected time interval of drought
events, Fp (d) andF; (s) represents the marginal distribu-
tion functions of duration and severity, while the joint dis-
tribution F'(d, s) could be defined based on copula function
C[Fp(d), F;(s)], respectively.

Based on the multivariate framework, the optimal choice
of T,, leads to unlimited combinations of D; and D, . The
drought events, along with the T}, -level curve is usually not
equal concerning societal and environmental consequences;
however, the probability of each event must be prioritized
when considering appropriate joint quantiles. The most
likely realization approach is adopted in this paper, select-
ing the drought condition with the highest probability along
with Ty, -level curve (Yin et al. 2019), which can be derived
as:

{ (d*, s$*) = argmaxf (d,s) = c[Fp(d), Fs (s)] fp (d) fs (s) } )
C(Fp(d), Fs(s) =1 — E/T, ’

inEq. 2, f(d, s) denote the joint probability density function,
where  C'(Fp (d), Fs(s)) = c[Fp (d), Fs (s)] fp (d) fs (s)
represents the density function of the copula, while fp (d)
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and fs(s) are the likelihood density functions of drought
duration (d) and severity (s), respectively.

2.3.6 Bayesian dynamic linear model

To evaluate the time-varying impacts of large-scale cli-
mate dynamics on droughts, we applied a state-of-the-art
Bayesian dynamic linear (BDL) model from 1981 to 2020.
Unlike the versatile linear regression, which has stationary
coefficients regression, the BDL model had the strength of
dynamic and time-varying association between climate driv-
ers and drought. Therefore, it has higher accuracy than the
traditional linear regression (Yang et al. 2020). BDL model
has been widely used to identify the time-varying features
of time series in hydrometeorology and climate research.
For example, Yang et al. (2020) used the BDL model for the
dynamical influences of large-scale potential climate driv-
ers on droughts over four different subregions in Canada.
Another study by Gao et al. (2017) used BDL to investigate
the dynamic impact of IOD, ENSO, PDO, North Atlantic
Oscillation (NAO), and Atlantic Multi-decadal Oscillation
(AMO) over extreme regional precipitation of China dur-
ing 1960-2014. However, none of the studies used the BDL
model over SA, even though very few studies have used the
BDL model for droughts analysis. The mathematical equa-
tion for the BDL model can be described as follows (Gao et
al. 2017; Yang et al. 2020):

Vg ~ N <0, VD
War, ~ N(O,war) (3)
wﬁ.,t., (07(.4)6‘0

Y = ap + 0 + vy,
Oy = Q-1 + Wat,
B = Bi—1 +way,

where \ indicate response variable for drought index, s
is the covariate in terms of climate pattern, while o and
B represents the dynamic intercept and slope coefficient at
time . respectively, whereas the error sequences V;, Wa,t
, and Ws.t are independent, both within them and between
them.

3 Results
3.1 Homogenous subregions

The South Asian region exhibit a clear spatial variability
in rainfall and temperature due to various climatic regimes
and complex landscape. Therefore, it is essential to analyse
drought considering homogeneous regions. Figure 2 indi-
cates the annual mean SPEI series for the four subregions
of SA. Amongst them, R1, R2, and R4 depict a significant
increasing trend during 1981-2020, implying that droughts
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Fig. 2 Annual SPEI time series for four SA target subregions, namely R1 (a), R2 (b), R3 (c), and R4 (d), respectively. The red line indicates a
linear trend and S is the trend using Sen’s slope. Note that S values shown at the bottom-right of each panel are statistically significant at the 95%

confidence interval using the modified-MK test

in the south-central and western SA experienced relatively
more severe drought in recent decades.

Almazroui et al. (2020) recently studied the projections
of precipitation and temperature over the SA regions and
found a significant rise in annual mean temperature. A
robust increase was revealed in winter precipitation over
the western corresponding to the eastern Himalayas. They
also found that the mean annual temperature is projected
to increase by the end of the 21st century, particularly in
the arid region of southern Pakistan and adjacent areas of
India, corresponding to R2 and R4 considered in this study.
To investigate the seasonal variability of precipitation and
temperature of Aadhar and Mishra (2019) found a higher
increase in the seasonal monsoon precipitation due to their
higher sensitivity of convective precipitation to warming.
They also showed that the risk of dryness and water scarcity
is highly under a warming climate over SA than previously
reported. This could be possibly due to the variations in
large-scale atmospheric circulations significantly affecting a
larger area than a single climate or ecological region.

3.2 Trend in seasonal drought

Figure 3 indicates the spatial pattern of the modified-
MK trend statistic of the seasonal SPEI over SA subregions

during 1981-2020. The results reveal complex spatial
variations in distinct seasons; however, significant positive
trends dominated over whole SA while negative trends dur-
ing the autumn season are not statistically significant, which
further clarifies our results in Fig. 2. In spring, stiff signifi-
cant increasing trends are predominantly exhibited over the
northern Himalayas of R1. During summer, R1, R2, and R4
show more significant increasing trends than in the spring
season. Moreover, southern Pakistan and eastern Afghani-
stan (R1) have revealed relatively weaker negative trends in
summer than in spring. Furthermore, the higher significant
decreasing trends are observed in the south-eastern parts.
In autumn, a similar pattern can be seen as that for spring,
except for southern R1, central-east R2, and whole parts
of R4, while winter exhibit increasing trends mainly over
northern Pakistan and north and south India, respectively
(Fig. 3d). In northern foothills mountainous regions and
south-central of SA, a prevalent decreasing trend appear,
suggesting that winter has an obvious drying tendency
among the four seasons (see Fig. S1).

According to Sheikh et al. (2015), variations in the fre-
quency of temperature extremes are obvious over SA with
warm extremes becoming more frequent than the cold
extremes. They also found that extreme precipitation indi-
ces exhibit mixed behavior than temperature (Aadhar and
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Fig. 3 Spatial distributions of the secular modified-MK trend statistic for the seasonal 3-months SPEI over the four subregions of SA i.e., spring
(a), summer (b), Autumn (c), and winter (d). The black circled dots represent the significant positive and negative trend at a 95% significant level,

while the light orange boxes represent study subregions

Mishra 2020), whereas relatively small scales spatially
coherent changes are evident. Furthermore, south and west-
ern SA experienced a warming pattern (Rehman et al. 2018;
Almazroui et al. 2020), while cooling in the northern is evi-
dent during the winter and spring seasons (Liu et al. 2015).
These all together could have attributed to the tendency of
drying trends detected in south-western SA (winter) and
wetter trends in northern Himalayan (spring). Using the
UNESCO aridity index, Ahmed et al. (2019) indicated that
the spatial pattern of aridity trends exhibits strong precipita-
tion changes in the aridity trend over Pakistan. They also
stated that the climate of southern Pakistan has more than
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60% arid. Qutbudin et al. (2019) reported that temperature
is the major factor influencing the decreasing trend in the
seasonal SPEI values across Afghanistan, which increased
up to 0.14°C/decades. Similarly, Preethi et al. (2019) ana-
lyzed the Indian summer monsoon drought variability over
SA, including India and found a significant increasing
trend in monsoon rainfall, which agree with the findings in
Fig. 3d. Based on previous studies, it can be inferred that
our findings further clarified that the drought risk in the win-
ter season has worsened.
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3.3 Observed changes in drought characteristics

3.3.1 Spatiotemporal changes in drought severity and
frequency

Changes in drought severity and frequency over SA and
its subregions were assessed from 1981 to 2020 (see Fig. 4).
The absolute value of SPEI < -1 is multiplied by duration to
define the total drought severity (TDS), and the results are
presented in Fig. 4 A. The result indicated that all subregions
exhibit relatively decreased drought severity. At the same
time, R4 showed increasing drought severity, demonstrating
that the severity of drought events has gradually reduced in
most regions except R4. Moreover, most of the regions suf-
fered from severe droughts, especially for R4. Our results
concur with the findings of previous work (Gaire et al. 2019;
Shah and Mishra 2020b). They found that east and western
India, under dry conditions, experienced severe drought and
are expected in the near future, which further justifies results
in R3 and R4. Another possible reason could be the Indian
Ocean generating increased precipitation activity during the
positive phase of the IOD event, reinforcing the equatorial
flow to the Bay of Bengal caused by the strong meridional
SST gradients across SA (Ummenhofer et al. 2013; Pathak
et al. 2017; Lu et al. 2018; Preethi et al. 2019; Aadhar and
Mishra 2020).

The severe and extreme drought severity (SEDS) were
evaluated at annual SPEI (< -1.5) for four homogeneous
regions (Fig. 4a and d). The annual SEDS in all areas has
decreased at the rate of -0.3/decade, -0.2/decade, and — 0.5/
decade over R1, R2, and R3, respectively, except R4 (0.1/
decade) (Table S2), which further clarify the spatial results
(Fig. 4 A). Although the SEDS trend shows positive after
the 2000s for R1 and R4, the magnitude was relatively
small compared to the negative trend from 1980 to 2010 s,
implying that the 2000s was a worsened decade influenced
by intensified and prolonged droughts in the region. It can
be inferred that the usual decrease in SEDS is significantly
attributed to the general decline of TDS across SA from
2000 to 2010 (Fig. S3). The results above concurred with
previous drought studies (Mishra et al. 2017; Almazroui et
al. 2020). For instance, using SPEI based on five PET esti-
mations, Aadhar and Mishra (2020) indicateda significant
warming climate in the south and western SA during 1980—
2018. Likewise, under a warming climate, the summer
monsoon could cause heavy precipitation at high-northern
latitudes (Latif et al. 2018), possibly leading to wet condi-
tions over the foothills Himalayans.

The spatial distribution of total drought frequency (TDF)
on annual SPEI (< -1) over SA subregions is presented in
Fig. 4B. Overall, the south and northern SA appeared with
more severe drought events covering R1 and R2; however,

a slight increase can be seen in R3 than R4. Similar results
were obtained by Ahmed et al. (2018) and Qutbudin et al.
(2019); they found that drought frequency and severity are
increasing over predominantly arid and semi-arid regions
of southern Pakistan and northern Afghanistan. Moreover,
R1 and R2 are located in the westerly and monsoon core
regions, which are highly affected due to long-term tem-
perature change (Adnan et al. 2016; Latif et al. 2018; Ain
et al. 2020).

Unlike the TDF, the annual severe and extreme drought
frequency (SEDF) (SPEI < -1.5) exhibited a significant
decreasing trend for R1 (-0.4/decade), R2 (-1.0/decade), and
R3 (-0.6/decade) except for R4 (0.3/decade) detect positive
trend (Fig. 4e h). Besides, drought in R4 is less frequent
as compared to R1, R2, and R3. According to Gu et al.
(2019), they point out that lower frequency usually leads
to low adaptability, which makes the region more prone to
the impacts of severe drought. For instance, southern Paki-
stan, Nepal, and the foothills Himalayans are vulnerable to
drought due to their high altitude of mountainous ranges
with less rainfall and higher spatiotemporal variability.

3.3.2 Spatiotemporal changes in drought duration

The spatial distribution of longest drought duration
(LDD) is presented in Fig. 5, which is defined as the lon-
gest cumulative months of the SPEI < -1 over four subre-
gions of SA during 1981-2020. Results indicated that more
than 12-months of LDD is evident over most SA subregions
(Fig. 5a). It can be seen from Fig. 5 that LDD shows the
dipolar pattern over SA; whereas the western and central
SA tends to have longer LDD (10-30 months), while south-
ern and eastern parts exhibit shorter drought duration (2-10
months). Figure 5b shows the spatial pattern of decadal
LDD occurring time over homogenous subregions, where
R4 (southern SA) appeared relatively stricken due to coher-
ent LDDs since the 1980 and 1990 s. Moreover, the north-
ern (Pakistan), the western (Afghanistan and Pakistan), and
north (Nepal and India) have been severely affected in the
past few decades (after the 2000s), inferring that north and
west SA experienced more prolonged droughts in recent
decades (see Fig. S2).

Figure 6 depicts the temporal variations of the annual
total drought duration (TDS) for the SA subregions. Results
show that R1, R2, and R3 experienced significant increas-
ing trends with the amount of 0.2 month/decade, 0.1 month/
decade, and 0.3 month/decade, except R4, which depicts a
negative trend —0.2 month/decade (Fig. 6a and d), respec-
tively. Also, R1, R2, and R3 evident longer-duration
droughts circa after the 2000s; in contrast, R4 captured
short-term drought duration during the 2010s. Based on
slope change point results (Table S2), the abrupt changes
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Fig.4 Spatial and temporal patterns of drought severity and drought frequency over four different climate regions of SA during 1981-2020. Total
drought severity (TDS) showed in the left panel (spatial plot A) while severe extreme drought severity (SEDS) was presented in the right panel
(temporal plots a, b, ¢, and d). Similarly, total drought frequency (TDF) is shown in the left panel (spatial plot B), while severe extreme drought
frequency (SEDF) is illustrated in the right panel (temporal plots e, f, g, and h). In temporal panels, the red line indicates the linear trend and S is
the trend per decade using Sen’s slope (S significant values are on the bottom of each panel)
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Fig. 5 Spatial distribution of the longest drought duration (a) and the longest drought occurring time (b) over four subregions of SA during the

period of 1981-2020

occurred in southern SA in the 2000s, while the rest of the
regions show an abrupt change in total drought duration
(TDD) in the earlier 2000s.

The temporal evolution of the annual severe and extreme
drought duration (SEDD) with SPEI (< -1.5) for the four
distinct SA regions is shown in Fig. 6e h. The results indi-
cate that overall drought duration reveals complex behav-
ior; however, R1 (-0.3 month/decade) and R2 (-0.4 month/
decade) show a significant decreasing tendency, while
an increasing trend has been observed in R3 (0.5 month/
decade) and R4 (0.4 month/ decade) (see Table S2), respec-
tively. Besides, R4 has encountered a higher declining
SEDD trend among all four homogenous regions, which
may have been caused by the natural variability of regional
climate and the rapid drought intensity/frequency shift in
climate regime that may occur in the future. Severe and
extreme events are obvious in the south and west SA that
have significantly contributed to the general decrease of
TDD in the region. Notably, between 2000 and 2007, the
northeast parts suffered one of the worst and most prolonged
droughts in SA history, as well-captured by the SPEI in
Fig. 5b. Likewise, the region that appeared with LDD in SA
was predominantly located in the western disturbance and
monsoon core region, which is in agreement with (Ahmed
et al. 2018; Gaire et al. 2019).

3.3.3 Observed changes in the drought area

The temporal evolution of annual total drought area
(TDA) variability for four subregions during 1981-2020 is
shown in Fig. 7a and d, defined as the percentage of grids
with SPEI values less than —1 over the total grid points.

The result indicates that R3 observed a significantly neg-
ative trend with the amount of -5%/decade (Fig. 7c). On
the other hand, more widespread TDAs can be seen in R1
and R4 (30%/decade and 40%/decade, respectively), while
the lowest and most persistent TDA has appeared in R2
at the rate of 25%/decade. In terms of annual timescale,
prevalent droughts have followed the whole SA between
2001 and 2005 (see Fig. S2 and S3). Subsequently, wors-
ened droughts occurred in the 2000, 2005, and 2010 for R1
(>35%/decade), in 2002 and 2011 for R2 (>40%/decade),
in 2013 and 2017 in R3 (> 60%/decade), 2017 and 2018 for
R4 (> 65%/decade), respectively. The TDA of R4 seems to
increase after the 2010s (Fig. 7d), though the magnitude is
much smaller than in 1991-2000. In that case, we can say
that spatially less widespread drought has occurred over SA
after the 1990s.

As for severe and extreme drought areas (SEDA), the
annual time series of SPEI < -1.5 were applied over four
homogenous subregions of SA (Fig. 7e and f). Overall,
SEDAs exhibit complex behavior; however, the abrupt
change points shift to R2 detects a decreasing trend with
—4.5%/decade (Fig. 7f) as shown for TDAs in R3 (Fig. 7¢).
Besides, an abruptincreasing trend has occurred in R1, R3,
and R4 with 70%/decade, 30%/decade, and 50%/decade,
respectively. A similar pattern can be seen for SEDAs,
where abrupt change points are obvious after the 2010s,
which has also occurred for TDAs. It can be noted that esti-
mated decreasing trends for TDA and SEDA of R3 (-5%/
decade) and R2 (-4%/decade) are seen in Fig. 7c and f, sug-
gesting that the marginal decrease in drought areas in those
regions influenced by more mild drought events occurred in
recent few decades.
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Fig. 6 Temporal variations of annual total drought duration (TDD) (a, b, ¢, d), and severe extreme drought duration (SEDD) (e, f, g, h) for four
distinct climate regions of SA throughout 1981-2020. The red line shows a linear trend while S is the trend per decade using Sen’s slope (S sig-
nificant values are on top of each panel)

It can be inferred from the figure results that overall =~ which further justifies our findings for the 2010s. Recently,
drought areas have significantly increased in most parts of ~ Aadhar and Mishra (2019) projected an increase in a drought
the SA. However, Ahmed et al. (2018) studied the seasonal  area, which is highly exposed to increased dryness over SA,
drought characteristics during 1901-2010 and found an  emphasizing our findings that have been well-captured by
increased drought area in the 2010s over southern Pakistan,  the R1 and R4.
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3.4 Composite analysis

Figure 8 illustrates the composite anomaly of air tem-
perature, precipitation, PET, and their differences for two
periods, 1981-2000 and 2001-2020, across SA. Figure 8a
indicates that increased precipitation is obvious in the north-
ern part of the SA, while the southeast part shows less pre-
cipitation. A robust increase is evident in precipitation over

the southwestern Himalayans during 1981-2000 (Fig. 8a),
while a corresponding decrease is observed in the eastern
Himalayans during 2001-2020 (Fig. 8b). For instance, east-
western parts (Bhutan, Nepal, Bangladesh, and East India)
showed substantial decreasing trends, also revealed by
Almazroui et al. (2020). On the other hand, these regions
exhibited increasing air temperature, particularly in the
southern SA (Fig. 8c) (Aadhar and Mishra 2020). From the
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results, it can be concluded that SA has gradually become
wetter and warmer since the 1980s.

Based on the Clausius-Clapeyron relationship, the
increase in air temperature over the study domain could
increase the water holding capacity of the atmosphere,
resulting in more extreme precipitation events for the region
(Suman and Maity 2020). Using regional climate model
over Pakistan, Rehman et al. (2018) projected a significant
increase in mean temperature by around 6.5? under different
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scenarios. It is noteworthy that the aforesaid studies have
shown increased temperature and less precipitation over
most parts of the SA, with higher intensity in the foothills
of Himalayan, southern Pakistan, eastern Afghanistan, and
western India. Furthermore, studies based on the down-
scaling approach revealed a more warming climate over
the high-altitude of SA and have correlated this warming
trend with elevation-dependent warming (Preethi et al.
2019; Rana et al. 2020; Almazroui et al. 2020). It can be



Spatiotemporal characteristics of meteorological drought variability and trends (1981-2020) over South Asia... 2275

remarked that the variations in air temperature suggested by
these studies further clarify the credibility of our findings
presented here.

During PET composite, Fig. 8 g-8 h revealed large varia-
tions over climate zones of SA during 1981-2000 and 2001—
2020, respectively. For example, the period 1981-2000
is the lowest for hyper-arid and highest for the semi-arid
regions compared to the 2001-2020 period. However, dur-
ing semi-humid and arid regions, PET has increased while
the other regions show a decline during the study period.
The observed upsurge in PET in SA is significantly higher
in the recent period than in the later period. The sensitiv-
ity of air temperature to PET is about 2 times higher than
precipitation, and their differences for the majority of the
climatic regions. The areal extent of severe droughts esti-
mated using SPEI-PM compare well with the PET-based
areal extent during the observed period. However, there are
large differences in drought and PET estimates in extreme
dry (hyperarid, arid) and wet (humid) regions (Fig. 81).

Figure 8c and f, and 8i depict the differences in air tem-
perature, precipitation, and PET for two periods between
1981 and 2000 and 2001-2020. The first time-period is sub-
tracted from the final (time-period) to show the difference.
Figure 8c show the precipitation variations between 1981
and 2000 and 2001-2020, which indicates the decreasing
amounts of precipitation in the northern part of the region,
while increased precipitation was found in the southern
parts. Moreover, Fig. 8f indicates that the air temperature
changes in the northwestern part of the SA are greater than
that in the southeastern part of the region, which may affect
the indicator of extreme regional temperature. The pres-
ent study detected increasing trends of warm temperature
events in the northern part of the regions, which agrees with
the previous studies in the target regions (Niranjan et al.
2013; Ahmad et al. 2018). The increase of frequency and
magnitude of daily extreme warm temperature and decrease
of extreme cold temperature may occur in the global scope,
resulting in an increase of length, frequency, and/or intensity
of warm period or a heatwave in most land areas (Grimaldi
et al. 2018). Compared with the driving factors of precipita-
tion change at regional and global scales, the global average
precipitation increases by ~2%/? of mean global warming
in many parts of the world (Wang et al. 2014; Aadhar and
Mishra 2020; Almazroui et al. 2020). Thus, the occurrences
of severe and extreme droughts in four regions of SA have
generally increased during 2001-2020, which could be due
to the regional impact of global warming.

3.5 Multivariate drought return periods

To better understand the overall pattern of drought events
and their association with meteorological drought, we used

bivariate quantiles (Isolines) (Hintze and Nelson 1998)
to investigate the distribution of return periods based on
drought duration and severity. The isolines represent the
return period of drought with a different degree of severities
over four subregions of SA from 1981 to 2020 (Fig. 9). In
addition, the bivariate return period isolines are color-coded
with joint density levels, where the blue color indicates
lower densities and the red color represents higher densi-
ties ranging from 2-years to 100-years. The result showed
that multivariate estimated values tend to increase under
different return periods from R1 to R4 in terms of severity.
For example, estimated R1 drought severity values fluctuate
from 6 to 8-months with increased return periods from 5 to
20 years, while those of the R2, R3, and R4 vary from 5 to
7-months. The increasing ratio in computed values from 5
to 10-months is obvious, suggesting that the drought hazard
is more severe in those target regions.

Furthermore, the interval of drought severity is wide,
especially for high quantiles and/or large return periods.
Consistent with estimated values, the median also increased
significantly in all subregions, particularly in R1 and R3.
Besides, the density increase is even more notable than that
in the estimated values (at a rate of 6 to 10-months). For
instance, the density of the drought severity range from 4 to
12-month for 50-, 70-, and 100-year return periods for the
R1, whereas those of the R2, R3, and R4 drought severity
range are between 2 to 8-months.

3.6 Large-scale climate drivers’ relationships with
meteorological drought events

The Pearson’s correlation coefficients were estimated to
check the preliminary outlook of the relationship between
12-month SPEI and seven selected large-scale climate indi-
ces across SA. Overall, DMI, 10D, and SST exhibited a
strong positive correlation with 12-month SPEI, but PDO
was negatively correlated with SPEI (Fig. 10). In the rest of
the climate indices, the correlation coefficient varies with
respect to lagged months. For instance, ENSO had nega-
tive correlations with 12-month SPEI in adjacent months
(Aug. and Sept.), while a positive correlation can be seen
for Nifio3.4 in the same months. Similarly, Sunspots depict
positive correlations in earlier months, whereas negative
correlations can be seen in (Sept. and Oct.) months. It is
noteworthy that previous years’ climate indices could possi-
bly have potential impacts on drought conditions (12-month
SPEI) of the current year. On the other hand, the absolute
, values are relatively small and around zero, suggesting
that the relationship between large-scale climate drivers and
12-month SPEI was weak. Pearson’s correlation coefficients
only estimate the strength of the linear correlation between
two time-series data. In subsequent analysis, we can use the

@ Springer



2276 . Ullah et al.
a)
L
10 | ' 6l
8 & 51
& —  J100 &
= — 50
> 6l — |25 2 4}
D %
w —l— 10
= 5
4+ 3t
2
£ ®
2 0.5 1 2 .";;z"! 0 0.5 1]
| ‘ . — I. £ ‘ . ~a
2 4 6 8 10 12 14 -+ 6 8 10 12
Duration (month) Duration (month)
) d)
; 6f
16 |
14

0 0.5 1
B

10 12 14 16
Duration (month)

= |
o — 12

= — 25
10
0 0.5 1|
8 10 12

Duration (month)

Fig. 9 The bivariate quantiles (Isolines) represent the return period of meteorological drought with a different degree of severities and duration
ranging from 2-years to 100-years over the four distinct subregions of SA from 1981 to 2020 i.e., (a)-R1, (b)-R2, (c)-R3, and (d)-R4, respectively.
In addition, the bivariate return period isolines are color-coded with joint density levels, where blue color indicates lower densities and the red

color represents higher densities

BDL-model to explore other relationships, such as nonlin-
ear correlations.

Figure 11 depicts the calculated dynamic regression
slope coefficients of seven climate drivers on four distinct
subregions of SA using the annual SPEI series. Figure 11a,
h, and v shows that the correlations between DMI and SPEI
at R1, R2, and R4 observed positive phase change after
1990 until 2020. For R3, the influence of the DMI has been
relatively weak; however, a positive correlation is evident
after a phase change circa 1995, while a negative correlation
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can be seen after the 2000s (Fig. 110), indicating a mitigated
strength and possible phase change in near future. The posi-
tive phase of DMI and related geopotential height anoma-
lies over SA provide an increase in the large-scale regional
subsidence, causing dryer and warmer conditions (Shah
and Mishra 2020a). Given predominant positive slope coef-
ficients in R1, R2, and R4, where DMI exhibited positive
phases since the 2000s, SPEI is expected to decline, result-
ing in a drier climate, particularly in southeastern SA. The
findings concur with the previous work (Das et al. 2020),
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Fig. 10 Pearson’s correlation coefficients matrix of the time series between monthly SPEI and lagged large-scale climate indices based on four
distinct subregions across the SA sub-continent from 1981 to 2020. In 12-month SPEI (January to December) values of seven climate indices prior

to the four target subregions were applied

which revealed that the strong positive (negative) phase of
DMI could lead to the decrease (increase) in mean annual
precipitation in southwestern SA.

ENSO is the most significant interannual climate pattern
and plays an important role in global climate variability. In
SA, El Nifio is typically linked with drier winters, while
La Nifla has the vice-versa impacts. For instance, ENSO
strongly impacts winter precipitation in southeast SA and El
Nifio may reduce the average winter precipitation by 12%
(increase by 25%) (Almazroui et al. 2020). The cumulative
role of the ENSO index, especially during monsoon season
is perceived to affect the South Asian monsoon circulation
pattern, thus resulting in dry/wet conditions during El Nifio/
La Nifa years (Kang and Lee 2019). Our results further
justify the time-varying impacts of ENSO on South Asian
droughts (Fig. S4). A large negative slope coefficient could
be seen for R1 and R2 during 2000-2010 (Fig. 11b and i).
The robust impact of El Nifio in those regions intend to a
substantial decrease in SPEI values, which corresponds to
the extreme severe droughts in SA countries during 2000—
2005. The findings of (Joshi and Kar 2018) inferred similar

patterns during ENSO events, but they were rather limited
to specific regions of SA (India).

For IOD, overall mixed behavior can be seen in all sub-
regions; however, R1 and R2 depict increased slope coef-
ficients from negative to positive circa between 1981 and
1990 (Fig. llc and j), while an opposite association has
occurred during 2010 for R3 and R4 (Fig. 11q and x). The
impact of IOD in R1 stronger over the years, even though
it remains negative. In addition, the slope coefficient for R2
changed circa 1990 from negative to positive (Fig. 11j). It
can be seen from Fig. 11c that the warmer phase of IOD in
the late 2000s attributed to a negative slope that leads to
drier conditions in R1, while the cool phase between 2000
and 2010 showed a positive slope contributed to a wet-
ter condition in R3, which is in agreement with previous
research (Shah and Mishra 2020a). Moreover, IOD’s warm
period between 2010 and 2020 (the negative slope coef-
ficient) may stimulate dryer conditions in R2, which may
further exaggerate the extreme drought in southwestern SA
from 2010 to 2020 (Fig. S4).

The correlation between Nifio3.4 and SPEI at R1 evident
a phase change from negative to positive (before 1981 to
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Fig. 11 Deviation in the relationship between regional SPEI (12-month) and seven large-scale climate indices fluctuations for R1 (a-g), R2 (h-n),
R3 (0-u), and R4 (v-bb) across SA four subregions during 1981-2020, respectively. The solid black line in panels indicates the appraised time-
varying slopes, along with the 25th and 75th percentile credible interval lines (red dashed lines) employing Bayesian Dynamic Linear (BDL)
model
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until the 1990s), while a negative change is observed after
1995 (Fig. 11d). Though complex behavior appeared in R2
where Nifio3.4 was positively correlated with SPEI before
the 1990s (Fig. 11k), there was a ridge circa 2000 and a
trough during the 2010s. The slope coefficient detected a
decadal variability in R3 from positive to negative, however,
gradual change was observed after the 2000s (Fig. 11r). In
addition, after the 2010s the slope coefficient of Nifio3.4
tends to zero, suggesting that ENSO3.4’s influence in all
subregions of SA has been weakened in recent decades.

A phase change from negative to positive PDO was
observed in R1 during 1990 and 2000 (Fig. 11e). Figure 11]
revealed that PDO was negatively associated with 12-month
SPEI; however, its effect declined from 1990 to 2020 in R2.
A ridged circa was detected for both R3 and R4 during 2010
respectively, implying that PDO’s impact was more severe
(Fig. 11s). On the other hand, a relatively persistent negative
phase change slope coefficient can be seen in R4 (Fig. 11z).
Das et al. (2020) found that IOD’s positive phase tends to
be increased dry episodes during the growing season, par-
ticularly in southeastern SA. Another study by Mujumdar et
al. (2020) reported that the northeast monsoon droughts are
associated with a negative episode of IOD and ENSO (La
Nifia). Our results show that PDO is generally negatively
correlated with SPEI (Fig. S4), which further justifies that
a positive phase of PDO contributes to drying conditions in
the target regions.

The distinct impacts of SST are obvious in R1, R3, and
R4 from positive to negative during 2000 and 2010, respec-
tively. In Fig. 11 m, a ridged slope change appeared in
R2 from 2000 to 2020, whereas it seems that R2 experi-
enced the stronger impact of SST at that time, while these
effects decreased more after 2010 to a maximum until 2020.
Besides, the slope coefficients after 2005 tend to reduce,
indicating an impact of SST over R1, R3, and R4. Similarly,
the correlation between SST and SPEI fluctuated in R4 dur-
ing 2000-2020, which indicated a negative slope coefficient
after the 2000s (Fig. 11aa). Our results further agree with
the findings of Shah and Mishra (2020a). They reported that
changes in drought variability in southeast SA are mainly
associated with the SST anomalies in the Indian Ocean.
These results affirm Kumar’s (1999) findings, who stated
that the interannual variation of Indian summer monsoon
precipitation has strong relationship with the SST condi-
tions over the Pacific and Indian Oceans.

The influence of Sunspots on annual SPEI seems to be
generally stable and largely negative for most of the regions
after the 2000s; however, the effect of Sunspots changed
from positive to negative after the 2010s in R3 and R4,
while greater negative slope coefficients can be seen after
the 2000s for R2 (Fig. 11n). Interestingly, both R3 and R4
tend to increase slope coefficients after the 2010s, suggesting

Sunspots’ reinforced effect in those regions in recent few
decades. Our results confirm the findings of Zheng et al.
(2017); they reported that the precipitation variability of
high-altitude areas in northwest China is mostly affected
by the Sunspots index to a large extent. The results further
justify the findings of Fang et al. (2019), who described
that the Sunspots index has an important role in strengthen-
ing China’s dry conditions. It can be inferred from figure
results that the predominantly negative correlation of Sun-
spots with SPEI over subregions of the SA indicated that
the increase of Sunspots could lead to the decrease in SPEI,
which further confirms that the dry events are most likely
associated with the high intensity of Sunspots.

4 Discussions

Drought has a great influence on the regional hydro-mete-
orological cycle. The water source of rivers is more prone
to drought events due to fewer human-induced activities
(Guo et al. 2018; Omer et al. 2020). The higher temperature
could change the snow/ice melting time during the drought
period, while less/no change in precipitation over the moun-
tainous region will reduce the snow cover in water-fed areas
(Adnan et al. 2018; Huang et al. 2019; Liu et al. 2021). If
the duration is long enough, insufficient precipitation and
high temperature may enhance soil dryness, which ulti-
mately negatively influences crop production and livestock
health, increasing the demand for irrigation and aggravat-
ing the existing water crisis. On the other hand, river flow
and lake storage decreased. In addition to river flow reduc-
tion, long-term drought events could be led to mitigating
the groundwater level, with the most negative impacts on
agriculture and fresh-water supply for domestic use (Guo et
al. 2018; Das et al. 2020; Sein et al. 2022a). The rise in the
Arabian Sea’s dryness is mainly caused by incursion devia-
tion for irrigation and decreased precipitation (Hina et al.
2021; Sein et al. 2022b). They also found that dryness sig-
nificantly increased over the Gangetic Plain and southern
Pakistan from 1950 to 2016. Our study further confirms the
previous work. It is observed that the southwest and north-
east SA subregions suffered from prolonged drying trends
and detected more drought events with long-lasting dura-
tion and higher severity. It is noteworthy that an obvious
TDF and SEDS (Fig. 4), as well as the prolonged drying
trend with intensified magnitude (Figs. 6 and 7), appeared in
the last 15 years (2000-2015). Therefore, policymakers and
disaster risk managers must take serious measures to avoid
more negative impacts.

Climate change and human-induced influences could
cause non-stationarities in hydro-meteorological extremes
(Miyan 2015; Shahzaman et al. 2021a; Iyakaremye et al.
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2021). Global atmospheric circulation and abrupt climate
variability have been detected (Gu et al. 2020b); e.g., the
pattern of the summer monsoon rainfall over SA showed
a declining trend from 2001 to 2020, but then increased
sharply (Latif et al. 2017; Mie Sein et al. 2021b; Ullah et al.
2021). During the 2000s, various phase changes appeared
for the dynamic regression slope coefficients, which might
be attributed to the unusual climatic pattern during the
2010s considering the substantial shift from wetter (cooler)
to drier (warmer) subtropical Pacific SSTs. Using principal
component (PC), Shah and Mishra, (2020a) found a strong
correlation of SST with the first PC over the tropical south-
ern Atlantic Ocean; however, they also noticed that warming
in the Indian Ocean has resulted in droughts over Gangetic
Plain while the western parts of SA experienced a wetter
trend. Our results further support the findings of Latif et al.
(2017). They reported that the subtropical phenomena might
affect the average monsoon precipitation trend over south-
western SA by enhanced cross-equatorial moisture transport
into the Arabian Sea.

The study further explored the role of large-scale oceanic
and atmospheric circulation patterns as a potential driver of
such trends. The robust BDL-model was used to investigate
the possible association of large-scale climate drivers with
12-month SPEI. Results revealed that an obvious relation-
ship of ENSO events was observed with SPEI, as well as
IOD and La-Nifia onset timing as explored for some areas
of SA, especially eastern India and Bangladesh (Adnan et
al. 2016; Sun and Liu 2019; Mie Sein et al. 2021a). More-
over, a consistently weaker phase of positive IOD and PDO
patterns during the recent severe drought in 2000-2005
deviates from the previous drought (Fig. S4), which tends
to be linked with large-scale connections (Xiao et al. 2019;
Ain et al. 2020; Liu et al. 2020). Rajagopalan et al. (2000)
explored the association of droughts with ENSO over the
past summer U.S. They suggested applying the BDL model
to understand better the non-stationary relationship between
droughts and ENSO during the 20th century. Meanwhile,
Yang et al. (2020) studied the influence of climate drivers
on regional drought variability using the BDL model. They
described that droughts are generally more negatively cor-
related with PDO and ENSO and more positively correlated
with SST and DMI after the 1990s. The findings infer the
possibility that the precipitation variability over SA has
less/not-significant association with ENSO, 10D, and mon-
soon onset timing. The trend in precipitation could be due
to extreme events, their respective intensity and frequency
during each month, which could perhaps have had, is the
driver. Even though the large-scale indices may have little
impact, the influence of Tibetan Plateau thermal controls and
Himalayan forcing may need to be thoroughly investigated.

@ Springer

It can be inferred that the dynamic influences of large-
scale climate circulations on meteorological droughts in SA
evident significant changes in the relationships. Even though
substantially decreased exposure to large-scale climate driv-
ers’ the most severe influences appeared on droughts events
such as duration, area, intensity, frequency, and severity. The
study results, i.e., the spatial and temporal drought features,
trend, return periods, periodicity of drought, and its rela-
tionship with large-scale climate indices, will provide useful
information for disaster risk managers and policymakers.

5 Conclusion

To better understand the importance of the spatiotemporal
variability of drought characteristics to mitigate drought
risk, this study intends to comprehensively assess SA’s
drought conditions. The gauge-based gridded CRU TS4.05
and CHIRPS datasets were used to compute secular SPEI
index (3-month and 12-month) for seasonal and annual
timescale over four homogenous subregions of SA during
1981-2020. A series of drought events, including drought
area, duration, intensity, frequency, and severity, are thor-
oughly investigated using Run theory, while k-means clus-
tering was adopted for regionalization. Moreover, the trend
magnitude was detected using the nonparametric Sen’s
Slope estimator and the modified-MK approach. Finally, the
possible links between drought variability and large-scale
climate drivers are assessed based on Pearson’s correlation
coefficient and BDL-model. A summary of the findings is
as follows:

1) In terms of seasonal variability, the impacts of severe
and long-lasting droughts events appeared from 2000 to
2010. A predominant wetting trend was exhibited dur-
ing the spring and autumn seasons over most regions
of SA, but a widespread drying trend can be seen in
the summer season while the drought risk in the winter
season has worsened.

2) During TDF and SEDF, the south and northern SA
appeared with more severe drought events covering R1
and R2. However, a slight increase can be seen in R3
than R4.

3) A complex behavior was revealed during TDD and
LDD; however, the western parts of SA exhibit longer
drought duration while shorter duration could be seen
in southern parts. Spatially, a significant declining trend
was observed in R3 and R4 for TDD. In terms of the
temporal trend, a drought occurred largely from 1990 to
2010 across SA, while R1 detected an increasing trend
during the 2000s. Overall, SEDD observed a signifi-
cantly decreasing trend in most subregions, which could
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be attributed to TDD’s significant general decrease over
east and northern SA.

4) TDS observed prevalent positive trends, particularly in
R1 and R2 than R3 and R4, suggesting that droughts
relatively increased from 1990 to 2020. A similar
pattern can also be seen for SEDS in those regions,
whereas most subregions suffered from extremely
severe droughts after the 2000s. It can be concluded that
the overall increase in SEDS could result in a general
rise in annual TDS across SA.

5) This study further explored the dynamic impact of
large-scale climate drivers on meteorological droughts
over four subregions of SA. Generally, DMI and
ENSO’s influence was relatively stronger after the
2000s over most subregions of SA in recent decades,
while phase change was detected for Nifio, PDO, and
SST during the 2000s, and 2010s, respectively. ENSO,
SST, 10D, and DMI cycles have a prominent effect on
drought variability based on SPEI in all subregions of
the SA. Additionally, SST anomalies in the Indian and
the Pacific oceans affect the regional scale droughts in
SA (i.e., Pakistan, Afghanistan, Bangladesh, and India).
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