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Meteorological flash droughts risk projections based on
CMIP6 climate change scenarios
Vijay Sreeparvathy1,2✉ and V. V. Srinivas1,2,3

Meteorological flash droughts (MFDs) are sub-seasonal-to-seasonal drought phenomena characterized by rapid onset/
intensification. This study assesses the changes in trends and hotspot regions of MFDs for the present and five future CMIP6 SSP
forcing scenarios (SSP-FS) at global-, continental- and regional-scales. Analysis with 12 GCMs indicates that globally, frequency,
duration and severity of MFDs are projected to increase ~20–50%, 20–58%, and 26–62%, respectively, with the highest occurrence
probability during the summer season. The MFD hotspot regions appeared prominent in arid and semi-arid zones. MFD exposure
risk is projected to exceed ~1.5 folds in most continents, with the highest risk in the Indian sub-continent. Furthermore, in Europe
and South America, which are currently less impacted by MFDs, a considerable increase in hotspot regions (~122–127%) is
projected under the warmest SSP-FS. The LULC-classes and elevation range most vulnerable to MFDs, and regional potential
hydrometeorological drivers that trigger the development of MFDs are identified.
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INTRODUCTION
Flash drought (FD) is a type of extreme event characterized by rapid
intensification of drought/dryness conditions, unlike the conven-
tional drought. The FDs are mostly short-duration, intense drought
events causing multifaceted impacts on water resources, agriculture,
and ecosystem1. Unlike the conventional droughts (i.e., slow-
developing droughts), which are mainly attributed to the decline in
precipitation, the onset of FDs occurs when low precipitation is
accompanied by abnormally high temperature, high winds and/or
change in atmospheric radiation. This coupled effect can abruptly
raise the evapotranspiration rates and remove the available water
from the landscape, favouring the rapid intensification of the water-
stressed state, leading to FDs. They can manifest as discrete drought
episodes, but may also manifest as a rapid increase in severity from a
longer-term drought already in progress. If they are not terminated,
they may continue into a period of longer-lasting drought. With the
intensification of changing climate and anthropogenic activities, the
impacts and uncertainty of drought events are projected to increase
considerably in future2–4. However, to the best of our knowledge,
studies conducted to evaluate the projected changes in impacts of
FD events based on the future climate projections are limited.
FDs are broadly classified as heatwave FDs and precipitation

deficit FDs5,6. Heatwave FDs are mainly attributed to the
combined effect of (i) a steep rise in air temperature resulting in
increased evapotranspiration and (ii) a decrease in soil moisture
due to the rising global warming6,7. Precipitation plays a vital role
in the intensification of heatwave FDs. However, anomalies in
precipitation do not initiate those events which could be triggered
irrespective of precipitation forcings. These FDs fall under the
agricultural drought category as they are caused due to the
depletion of soil moisture and can cause severe crop damage,
resulting in substantial economic losses. Conversely, precipitation
deficit FDs fall under the meteorological drought category, which
is caused due to negative precipitation anomalies mainly
attributed to climate change. They cause a decline in evapo-
transpiration and an increase in temperature anomalies. Thus, the

two FDs are initiated and sustained by different physical
mechanisms, and the associated negative impacts on various
socio-economic sectors are also different.
Recent decades witnessed significant progress in FD research,

particularly on heatwave FDs. Various approaches based on soil
moisture6,8–10, meteorological variables7,11–13 and remote sen-
sing14–18 have been developed to identify FDs at regional and local
scales. Christian et al., 20211 attempted to assess the impacts of
global-scale agricultural FDs from 1980 to 2015, considering the
changes in evaporative stress anomalies from multiple reanalysis
datasets. However, there are no studies focused on discerning the
global-, continental- and regional-scale impacts of precipitation
deficit FDs or meteorological FDs (MFDs) for the present and future
climate change scenarios and on identifying potential drivers of
MFDs. Predictions/early warnings of MFDs are crucial as they can
cause adverse effects on various socio-economic sectors. Hence, this
study aims at assessing the global-, continental- and regional-scale
changes, trends and hotspot regions in MFDs over 24 climatic zones
for the present and future climate change conditions depicted by
five CMIP6 (Coupled Model Intercomparison Project) SSP-FS (Shared
Socioeconomic Pathways forcing scenarios) (SSP1–1.9, SSP1–2.6,
SSP2–4.5, SSP3–7.0 and SSP5–8.5). The study assesses the impacts of
MFDs in terms of multiple characteristics (duration, severity, relative
frequency, variability, and exposure risk). MFD hotspot regions are
also identified using a multivariate FD indicator (MFDI). The
vulnerability of different LULC (land-use/landcover) classes and
elevation ranges to MFDs is assessed at global scale. Furthermore,
the hydrometeorological anomalies and the potential climate drivers/
predictors favouring the development and intensification of MFDs at
regional scale are identified in this study.

RESULTS
Increasing impacts of MFDs
MFDs were determined following the multi-criteria-based detec-
tion procedure using Standardized Antecedent Precipitation
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Evapotranspiration Index (SAPEI) described in “Methods” section
(subsection ‘Identification of MFDs’). For this purpose, the data
(see subsection ‘Study area and data’ in “Methods” section) on
predictors (precipitation, maximum and minimum temperatures)
of MFD obtained from 12 GCMs (Global Circulation Models) were
re-gridded to a common resolution (1.5° × 1.5°) using the bilinear
interpolation method. Subsequently, they were bias-corrected
(using the CPC observed dataset) considering quantile mapping
procedure19. Multi-model ensemble (MME) medians of the bias-
corrected predictors were also estimated. The accuracy of the
MFDs identified in this study is conditional on the accuracy of the
predictor variables discerned from the GCM outputs. Hence the
agreement between GCMs and the observation dataset was
investigated in terms of the (i) variation in zonal spatiotemporal
averages20 and (ii) zonal cumulative distribution of the daily
spatial averages (Supplementary Fig. 1), of each bias-corrected
variable (precipitation, temperature) for the 24 climate zones
(detailed in subsection ‘Study area and data’, “Methods” section)
using the base/reference period (1979–2014) datasets. The
analysis showed that the bias-corrected 12 individual GCMs and
GCM MME were found to be fairly close to those constructed from
the observed dataset for different climate zones. Hence the bias-
corrected predictors from 12 GCMs and their MME medians were
considered to determine the global-scale (for the complete global
land area) MFD events for the present (1979–2014) and five future
(2015–2100) SSP-FS.
Five characteristics (relative frequency/probability of occur-

rence, duration, critical severity, spatiotemporal variability, and
exposure risk) associated with historical and projected future
MFDs were determined using climate simulations from 12 GCMs
(Supplementary Table 1) and their MME median (subsection
‘Determination of MFD characteristics’ in “Methods” section). To
validate the MFD analysis, three characteristics (duration, critical
severity, and percentage area experiencing MFDs) were deter-
mined for grids covering the global land area corresponding to
the historical period (1979–2014) using the observed (CPC) dataset
and climate simulations from the 12 GCMs. The regional average
annual estimates of MFD characteristics determined based on the
observed dataset were found to be within the 5th and 95th
percentile values of the corresponding estimates determined
using the 12 GCMs for the majority of the 24 climate zones
(Supplementary Fig. 2). It indicates that the 12 GCMs could be
considered reliable to arrive at future projections of MFDs.
The MFD characteristics discerned based on the GCM outputs

indicated that globally there is an increase in the impact of MFDs
with all the future SSP-FS (Fig. 1). The mean duration (relative
frequency) of MFD is amplified by approximately 22.2 ± 6.5%
(21.2 ± 5.2%) in North America, 88 ± 28.3% (83.3 ± 24.3%) in South
America, 73.3 ± 13.3% (65.5 ± 9.1%) in Europe, 51 ± 18.9%
(43.8 ± 15%) in Africa, 37.8 ± 16.2% (34 ± 12.8%) in Asia, and
44.2 ± 25.6% (38.5 ± 22.5%) in Australia for different SSP-FS
considering the estimates derived using the MME. The correspond-
ing ranges for the projected increase in mean critical severity of
MFD in those continents are 28.1 ± 6.3, 89.4 ± 26.4, 71.1 ± 11,
59.4 ± 16.7, 43 ± 16.4, and 51 ± 24.7%, respectively (Supplementary
Table 2). South America is likely to experience the highest increase
in duration, relative frequency, and critical severity of MFDs for all
SSP-FS. The SSP1-1.9 scenario, considered the mildest/optimistic
scenario (where global CO2 emissions are cut to net zero around
2050), shows the least projected change in MFD impacts across all
continents. The trends in MFD characteristics were identified at
grid-scale using the Mann–Kendall trend test considering a 10%
significance level (Fig. 2). The analysis projected the highest
percentage increase in MFD-affected areas for Africa with a
significant positive trend in duration (15.91 ± 10.2%) and critical
severity (17.54 ± 10.78%) of MFDs for all SSP-FS (Supplementary
Table 3). Other continents exhibit approximately 0–23% increase in
area with a positive trend in duration and critical severity for all

SSP-FS. The percentage of areas with a negative trend in those
MFD characteristics was considerably low (<5%) for all the
continents. There was no significant trend in the annual relative
frequency of MFDs for historical and future SSP-FS, as MFDs are
most likely to occur utmost twice a year in the peak temperature
months. Inter-annual variability of MFDs quantifies the lack of
consistency in the annual occurrence of MFDs. The maximum
variability (=1) is expected in a scenario where MFDs uniformly
occur each year or do not occur during the entire period
considered (i.e., occurrence follows a uniform probability distribu-
tion). In contrast to the other MFD characteristics, variability is
projected to decrease in the future for all SSP-FS, with a maximum
decrease for the SSP5-8.5 scenario (Fig. 2i). The decrease in future
variability of MFDs could be attributed to the increase in the
regular occurrence of MFDs annually.
Zone-wise trend analysis was performed considering each climate

zone’s average annual MFD characteristics derived from MME. The
analysis showed that the mean annual duration and critical severity
of MFDs are increasing in all 24 zones for SSP2–4.5, SSP3–7.0, and
SSP5–8.5 scenarios (Fig. 3 and Supplementary Table 4). In SSP1–2.6,
all the zones showed an increasing trend in critical severity, and a
similar trend is evident in the duration of MFDs, except for four
zones (1, 3, 21, and 23). Marginally increasing trend (with p-
value < 0.1) is evident in (i) mean annual duration for 12 zones in the
historical period and 6 zones in the SSP1–1.9 (mildest) scenario and
(ii) critical severity for 13 zones in the historical period and 10 zones
in SSP1-1.9 scenario (Supplementary Table 1). Apart from the zones
that fall under hyper-arid and arid (i.e., Sahara Desert [Zone-11],
central Australia [Zone-23], Southern parts of Africa [Zones-13,14],
Eastern parts of Brazil [Zone-10]) climate classes, regions such as the
United States and Mexico (Zones-4,5,6), India and Bangladesh (Zone-
20), and central Asia (Zone-18) are projected to be the most
vulnerable to MFDs in terms of severity, frequency and duration for
all the SSP-FS (Fig. 4 and Supplementary Fig. 3). Similarly, with
regard to zonal trend, apart from the arid regions, central Asia
(Zones-16,17), southern Australia (Zone-24), western Europe (Zone-
22), central Africa (Zone-12) and northern parts of the USA (Zone-3)
are found to exhibit an increasing trend in severity and duration of
MFDs in various SSP-FS. The majority of the zones (>16 zones)
exhibit higher interannual variability (>0.5). The zones that exhibit
higher variability and relative frequency in MFDs (Zones 10,11,3–5)
are considered high-risk zones. This is because the occurrence rate
of MFDs in those zones is high, and at the same time, MFDs are
highly unpredictable, which can intensify their impacts.

Monthly probability of MFD occurrence
The probability of occurrence/relative frequency of MFD in each
month (subsection ‘Determination of MFD characteristics’, “Meth-
ods” section) was estimated for all the 1.5° grids covering the
global land area. The probability is highest during the summer
season for the historical period and future SSP-FS (Fig. 5a). This
could be attributed to prolonged dry spells with considerable
positive air temperature and negative precipitation anomalies,
which rapidly intensify the antecedent dry condition and favour
the development of MFDs. The MFDs with no prior warnings can
cause large agricultural losses and have the highest impacts on
Zaid crops cultivated mainly in the summer months. Moreover, the
frequent occurrence of MFDs during hot summers can escalate
the irrigation water demands, which can indirectly intensify the
depletion of surface and sub-surface water resources. The duration
of summer or high-temperature months varies from equator to
pole and generally ranges from March to July in the Northern
hemisphere and December to March in the southern hemisphere,
depending on the location. The probability/relative frequency of
observing MFDs in summer months is highest in arid and semi-
arid regions. An increase in the probability of MFD occurrence
(with respect to the historical period) in different months was
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evident in various climate zones for future SSP-FS (Fig. 5b).
However, the months that exhibit the highest probability remain
unchanged from the past for all SSP-FS. The probability of MFDs in
Zone-20 (covering different countries such as Malaysia, Indonesia,
Philippines, and Thailand) and Zone-23 (Australia) peak during
their respective summer months. However, the probability of
observing MFD in other months is closer to that of the peak
summer months. This could be possibly attributed to higher
anomalies in the occurrence of dry months across years due to the

high susceptibility of those regions to increased impacts of
anticyclonic events, which inhibit low-level moisture convergence
favouring the development of MFDs21,22.

Intensification of exposure risk with future projections of
MFDs
Information on spatio-temporal distribution of the global annual
population was considered at 1.5° resolution from resampled

(i) Duration of MFDs

(ii) Critical severity of MFDs

(iii) Relative frequency of MFDs

Fig. 1 Global-scale average annual duration, critical severity, and relative frequency of MFDs for the historical period and their changes
for future SSP forcing scenarios. Average annual (i) duration, (ii) critical severity, and (iii) relative frequency of MFDs for the historical period
and their change for future SSP forcing scenarios. The change is shown in percentage for the duration and relative frequency.
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ISIMIP-2b23 for the historical and future periods for SSP-1, −2, −3,
and −5 scenarios for estimating the exposure risk (subsection
Determination of MFD characteristics, “Methods” section) of MFDs.
The estimates of population exposure risk to projected MFDs for 5
SSP-FS were compared with the corresponding estimates
obtained for the 25-year historical period (1981–2005) (Supple-
mentary Fig. 4). The accuracy of the exposure risk estimated in this
study is conditional on the accuracy of the population data
extracted from the ISMIP-2b. The analysis showed that the average

global exposure risk is projected to increase considerably across all
SSP-FS for three-time windows: (i) 1.52 ± 0.28 folds for 2026–2050,
(ii) 2.75 ± 0.64 folds for 2051–2075, and (iii) 4.74 ± 2.54 folds for
2076–2100. This could be attributed to population growth, LULC
changes, and/or increased GHG (Greenhouse Gas) emissions. At
the continental scale, the risk is projected to increase with time by
more than 1.5 folds in the majority of the SSP-FS, with the highest
risk for Africa. Australia is projected to experience high risk (3–14
folds increase across the three-time windows) for the

(i) Inter-annual variability of MFDs

(ii) Trend in duration of MFDs

(iii) Trend in critical severity of MFDs

Fig. 2 Global-scale inter-annual variability, and trends in annual estimates of duration and critical severity of MFDs for historical and
future SSP forcing scenarios. (i) Inter-annual variability, and trends in annual estimates of (ii) duration and (iii) critical severity of MFDs for
historical and future SSP forcing scenarios.
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SSP5–8.5 scenario (Supplementary Table 5). The regional-scale
analysis performed on 24 climate zones showed that during the
historical period, zones 4 and 5 (eastern parts of USA), 19 (south-
eastern parts of China), and 22 (western parts of Europe)
experienced the highest exposure risk (Fig. 6). Additionally, zones
2 (Canada), 7 (Columbia, Venezuela, Brazil), 11-14 (Africa), 18
(central Asia), 20 (major portions of India) and 23 (Australia) are
expected to be exposed to higher risk in the future period. The
Indian sub-continent is the most vulnerable to increased risk
across all future SSP-FS due to climate change-induced rise in
MFDs and exponential population growth (Supplementary Fig. 4).
The large-scale atmospheric and oceanic forcings attributed to
climate change have resulted in high variability of summer
monsoon in Indian sub-continent24–26. The positive sea surface
temperature anomalies over the central Pacific Ocean (El Nino)
inhibit/weaken the summer monsoon in India, leading to the
increased frequency of meteorological droughts27–30.

Identification of global MFD hotspot regions
Global hotspot regions of MFDs were identified using MFDI (see
subsection ‘Identification of MFD hotspot regions’, “Methods”
section), which combines the information of multiple MFD

characteristics (relative frequency, duration, critical severity, and
exposure risk) considering the MME of GCMs for the historical period
and future climate change scenarios (Fig. 7). Europe and South
America are projected to have the highest increase in the
percentage of the area falling under hotspots of MFDs with respect
to the historical period for various SSP-FS (Supplementary Table 6). A
slight decline in the hotspot area (%) is projected for North America
(−9.7 ± 7.1%), which could be possibly due to the decline in the
impacts of MFDs, especially in zones 1 and 4 (Supplementary Fig. 3)
in future climate change scenarios. Nevertheless, in the southern
parts of North America (zones 5, 6), the impacts (quantified in terms
of MFDI) of MFDs are projected to increase considerably in future.
The MFD hotspot areas are mainly concentrated in the arid and

semi-arid regions. Hence analysis was carried out to assess the
influence of aridity on the occurrence rate of MFDs and its
subsequent impacts. The results indicated that the impacts and
occurrence rate of MFDs are negatively correlated with the aridity
index, i.e., MFDI increases with a decrease in aridity index
(Supplementary Fig. 5). In almost all future climate change scenarios
(SSP1–2.6, SSP2–4.5, SSP3–7.0, SSP5–8.5), the highest expansion of
MFD-affected areas is projected to occur in arid regions (i.e., locations
with low aridity index values), followed by semi-arid regions. Most
zones exhibit lower impacts (in terms of MFDI) of MFDs for scenario

Fig. 3 Regional changes in average annual estimates of duration and critical severity of MFDs for historical and future SSP forcing
scenarios for 24 climate zones. Regional changes in average annual estimates of duration and critical severity of MFDs for historical and
future SSP forcing scenarios for 24 climate zones. The estimates are based on 12 GCMs, and the multi-model uncertainty is shown as shaded
space depicting the confidence interval (CI, mean ± standard deviation). The multi-model ensemble (MME) median corresponding to each
scenario is shown as a solid line within their CI. The solid straight line represents the zonal trend of MFDs. The trends are statistically significant
for p-value less than 0.1. The trends are tested using the Mann–Kendall test considering 10% significance level. The colour legends shown are
valid across all the plots.
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SSP1–1.9, which could be attributed to the increase in aridity index
(because of increase in precipitation and lower temperature and
hence evapotranspiration due to low GHG emission rate) in these
zones during this mildest SSP-FS (Supplementary Fig. 6).

Assessment of the impact of MFDs on various LULC classes
and elevation ranges
Prior knowledge of the vulnerability of different LULC patterns and
elevation ranges to MFDs is essential for effective planning and
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implementing MFD mitigation activities. For this purpose, the
elevation and LULC data of the global land area were extracted
from SRTM-DEM and CGLS-LC, respectively. It is to be noted that
the inferences drawn on the influence of LULC classes and
elevation ranges are conditional on the overall accuracy of CGLS-
LC and SRTM-DEM data. The overall accuracy of the CGLS-LC
discrete global LC map is found to be 80.6 ± 0.7% at a 95%
confidence level31. The global scale MFDI (see subsection
‘Identification of MFD hotspot regions’, “Methods” section)
estimates were recalculated considering all the MFD character-
istics (relative frequency, duration, critical severity) except
exposure risk to ignore the effect of population. The MFDIs were
calculated for historical and future SSP-FS to assess the influence
of elevation ranges, whereas only the historical period was
considered to evaluate the influence of LULC classes on MFDs.
This is mainly because LULC classes are susceptible to significant
changes in the future climate change scenario. The estimated
MFDIs were visualized in the form of 1.5° resolution gridded raster
images. The image was then resampled to have the same spatial
extent and origin as that of the (i) 30 m resolution SRTM-DEM and
(ii) 100 m resolution LULC map to extract information on MFDI for
all the pixels covering the global land area.
Variations of MFDI (for the historical period) corresponding to

pixels of each of the 10 LULC classes across the globe were
visualized in the form of boxplots (Fig. 8a). The analysis showed
that susceptibility to MFDs is (i) least for herbaceous wetlands and
forested (open and closed forest) LULC classes and (ii) highest for
bare vegetation LULC class. This is mainly because herbaceous
wetlands and forested areas have high soil water retention
properties, unlike bare vegetation. Moreover, dense vegetation
typically affects the surface albedo by absorbing more heat than
bare vegetation. These warm conditions transport moisture from
the forest to the atmosphere, accelerating the condensation
process and resulting in increased precipitation. Furthermore,
dense vegetation reduces the local temperature. It blocks the
incoming daytime solar radiation due to the shading effect. This
reduces the absorption and storage of short-wave radiation at the
ground surface and the reemission of long-wave radiation from
the surface to the atmosphere, thereby lowering the local air
temperature32–34.
The variation of global MFDI with elevation was evaluated by

considering a zone-wise joint probability density plot (Fig. 8b). The
joint probability density of MFDI and elevation was determined
using the Kernel density estimation (KDE) method. Further, zone-
wise inferences were drawn from its corresponding plot. The
analysis showed that in the majority of the 24 zones, the
probability of experiencing high-impact MFDs (quantified using
MFDI values) is highest in the lower elevation ranges (<1000 m) for
the historical period and future SSP-FS. Anomalies in this general
behaviour existed in zones 6, 13, 14, and 18, which exhibited
higher probabilities of experiencing high impact MFDs at larger
elevation ranges.

Hydrometeorological drivers of MFDs
The MFDs are initiated primarily due to the aberrant precipitation
variations and/or anomalous increase in atmospheric evaporative
demand due to increased temperature anomalies5,11. To gain
insight into this, anomalies of pentad means of precipitation,
potential evapotranspiration (PET), and temperature derived
based on climate simulations from multiple GCMs were analyzed.
Pentad means of these anomalies were determined for 10 pentads
corresponding to each MFD event (5 pentads preceding and
another 5 pentads following the initialization of an event)
identified at each grid in a chosen region for the period
corresponding to each scenario. MFD events were identified
based on each of the 12 GCMs considered. The 10 pentad means
of the precipitation, PET, and average temperature were
standardized to nullify the effect of the difference in their
magnitude across grids in the chosen region for the purpose of
their comparison. Standardization of values corresponding to a
grid involved deducting each value by the grid’s climatological
pentads mean and then dividing by the grid’s pentads standard
deviation estimated over the period (i) 1979–2014 in analysis with
historical data, and (ii) 2015–2100 in the case of future SSP-FS.
Investigations were carried out to analyze the anomalies of
precipitation, PET and temperature at regional scale for each of
the 24 climate regions. The variation in each of the derived
10 standardized values of pentad mean precipitation, PET, and
average temperature corresponding to all the MFDs at grids in a
chosen region was analyzed by constructing boxplots. This was
done to assess the effect of the hydroclimatic anomalies on the
initialization and development of MFDs, as the anomalies trigger
the intensification of the antecedent water-stressed state to create
the most favourable condition for the development of high-
impact MFDs.
The analysis showed that the onset of MFDs is triggered by (i)

an increase in the pentad mean temperature and PET anomalies
and (ii) an abrupt increase in the anomaly of pentad mean
precipitation. Following the onset of a MFD, a monotonic
relationship is evident between pentad mean precipitation and
temperature or PET anomalies, with values of temperature and
PET anomalies increasing and precipitation anomalies decreasing
for both historical and SSP-FS (Fig. 9 and Supplementary Fig. 7), as
expected. It is found that initiation of MFDs mostly occurs after the
onset of summer wet spells, following which the precipitation
anomalies begin to dip drastically with continued increasing
temperature and PET anomalies favouring the intensification of
MFDs (especially during the summer wet spell breaks). As
expected, the MFDs are found to cease with the onset of summer
wet spells or a drastic decrease in the temperature anomalies. In
hyper-arid and arid regions (e.g., 10, 11), even a marginal decline
in the precipitation anomalies can initiate MFDs. Hence MFDs are
projected to occur more frequently in these regions due to the
increased probability of high temperature with below-average
annual precipitation and its high inter-annual variability.
A comprehensive understanding of different regional scale

hydrometeorological drivers/attributes which influence MFDs is

Fig. 4 Variation in estimates of average annual duration, critical severity, and frequency of MFDs across grids in each climate zone.
Variation in estimates of average annual a duration (in days), b critical severity, and c frequency of MFDs across grids in each climate zone are
shown as boxplots which are arranged in descending order of the mean estimate of MFD characteristic (primary vertical axis). The light green
shaded area in each subplot highlights the critical zones, which are those with mean values (of boxplots) of average annual duration, critical
severity, and frequency exceeding 10 days, 1.5 and 15, respectively. The percentage of grids exhibiting trends in annual a duration and
b critical severity is shown as line plots (secondary vertical axis). Lines exhibiting negative and positive trends appear as solid and dotted lines,
respectively. c Median inter-annual variability index of MFDs (secondary vertical axis) for each climate zone is shown as the solid line within
the grey-shaded area. The grey-shaded region represents the inter-quartile range (IQR) of inter-annual variability index values across grids in
each zone. The MFD characteristics were identified based on the multi-model ensemble. The whiskers of the boxplots extend from 5% and
95% quantiles on the lower and the upper side of the box, respectively. The horizontal line in the box represents the median, whereas the red
dots represent outliers.
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Fig. 5 Average monthly probability of experiencing MFDs across different parts of the globe for historical and future SSP forcing
scenarios. a Months during which probability of experiencing MFDs was high in different parts of the globe during the historical period
(1979–2014). b Projected monthly changes in the average probability (relative frequency) of experiencing MFDs (with respect to the historical
period) across grids in different climate zones for future SSP forcing scenarios. The probabilities were determined based on MFDs identified
from the multi-model ensemble.
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essential for their prediction to provide early warning for initiating
appropriate mitigation measures. Towards this, 14 climate
variables were considered as possible attributes and their
influence on each of the predictors (i.e., precipitation, PET, and
Tavg) during the MFD development period (i.e., 5 pentads
preceding and another 5 pentads following the initialization of
an event) was assessed for each climate zone. Daily records of
those attributes were extracted from the 12 GCMs (Supplementary
Table 7) and were resampled to the common resolution of 1.5°.
The assessment was done using 42 Spearman’s correlation

coefficients, each of which was for a different attribute-predictor
pair. Each pair comprised one of the 14 climate variables and the
standardized pentad mean of a predictor (precipitation, PET and
Tavg) of MFD. For each attribute-predictor pair, the correlation was
computed at each grid between 50 standardized daily values of
the attribute and predictor corresponding to the days in 10
pentads identified for each MFD event. Subsequently, the
arithmetic average of such correlation estimates obtained for all
the MFD events at all the grids in the chosen region was
computed. This statistic is henceforth referred to as γap. The γap
values corresponding to the attribute-predictor pair were derived
considering those GCMs which provided the daily scale data for
the chosen attribute and predictor. The medians of the γap

estimates determined from multiple GCMs for each region were
visually analyzed in the form of a correlation plot to discern the
influence of the attribute on the predictor.
The most influencing attributes for each predictor favouring MFD

development were identified for each climate zone from 14
hydroclimatic variables (Supplementary Table 7) by analyzing their
corresponding γap values. The analysis showed that the correlation
strength between any chosen attribute and predictor varies across
the zones. The attribute that has the most influence on temperature
and PET anomalies across all zones is surface upwelling long-wave
flux in the air (rlus) (Fig. 10a, b). Similarly, the attributes that highly
influence precipitation anomalies are cloud area fraction (clt), specific
humidity (huss), convective precipitation flux (prc), atmospheric water
vapour content (prw), surface downwelling long-wave flux in the air
(rlds), air pressure at sea level (psl), top of atmosphere outgoing long-
wave flux (rlut), surface downwelling short-wave flux in the air (rsds),
and surface upwelling short-wave flux in the air (rsus). The attributes
rlut, rsds, rsus exhibit a negative correlation, whereas the others show
a positive correlation with precipitation (Fig. 10c). MFDs could be
predicted with a short lead time by considering the most influencing
predictors, which vary across zones depending on their climate
characteristics, to provide early MFD mitigation warnings.

Fig. 6 Regional-scale exposure risk of MFDs for historical and future SSP-FS. a Historical period’s median exposure risk (ER) and b–f the
median relative ER corresponding to 5 future SSP forcing scenarios for 24 climate zones. The inter-quartile range (IQR) of ER and relative ER
values across grids in each zone is shown as shaded area. The scale on the secondary vertical axis shows the percentage of grids in a zone
(classified as hotspot regions of MFDs) having the ER greater than the threshold value (0.01 million days × persons per year). The ER was
determined based on the MFD duration derived from the multi-model ensemble and the population data.
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DISCUSSIONS
The changes in impacts and potential hotspot locations of MFDs
were analyzed at regional- (considering 24 climate zones),
continental- and global scales based on hydrometeorological
information corresponding to the historical period and future SSP-
FS. At the global scale, there is approximately an average increase
of (i) 41.3 ± 12.1% in relative frequency, (ii) 45.7 ± 15.5% in
duration, and (iii) 50.6 ± 14.6% in severity of MFDs with respect
to the historical period across different SSP-FS. Similarly, the
percentage of global land area exhibiting a positive trend in
duration and critical severity of MFDs is also projected to rise, and
the highest percentage increase in those characteristics were 26.9
and 29.3%, respectively, for the SSP5–8.5 scenario. MFDs are found
to have the highest frequency/probability of occurrence during
the summer season. Even though the number of years experien-
cing MFDs is projected to rise considerably, the annual count/
frequency (1–2 times annually during the peak summer months)
of MFDs is not projected to vary significantly in the future SSP-FS.
Analysis of the exposure risk of MFDs shows that Africa is
projected to be the highest affected by MFDs. The Indian sub-

continent is projected to have the highest exposure risk due to
increased population density and temperature due to rising GHG
emissions. The MFD global hotspot regions were identified using
MFDI for the historical period, and future SSP-FS, and it was noted
that the hotspot areas are projected to increase for all future
projections, with the highest increase for scenarios SSP3–7.0 and
SSP5–8.5 (>20% increase globally). Moreover, the hotspots were
more prominent in arid and semi-arid regions as the MFD impact
increases with aridity (or decreases with aridity index). The
increase in temperature and PET anomalies combined with a
rapid decline in precipitation anomalies favours the initialization
of MFDs. For the prediction of MFDs, hydrometeorological
attributes that have the most influence on predictors (i.e.,
precipitation, PET, and temperature anomalies) of MFDs in the
majority of the climate zones are rlus, clt, huss, prc, prw, rlds, psl,
rlut, rsds, and rsud. The analysis of the vulnerability of different
LULC classes showed that the susceptibility to MFDs is (i) highest
for bare vegetation and (ii) least for herbaceous wetlands and
forested regions. Furthermore, the highest MFD-vulnerable
regions are found to be in lower elevation ranges (<1000m).

Fig. 7 Hotspot regions of MFDs identified using multivariate flash drought indicator (MFDI) for historical and future SSP forcing
scenarios. a Global hotspot regions of MFDs identified using multivariate flash drought indicator (MFDI) for historical and future SSP forcing
scenarios. The MFDI estimates were determined based on the FD characteristics derived from the multi-model ensemble prepared from 12
GCMs. b Boxplots, each showing the variation in MFDI values across grids in a climate zone for historical and 5 SSP-FS. Whiskers extend from
the box to 5 and 95% quantiles on the lower and the upper side of the box, respectively. The horizontal line in the box represents the median,
whereas the black dots represent outliers. The colour bars shown are valid across all the boxplots.
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Effective forecast of MFDs and early warning systems with short
lead time (e.g., pentad or sub-seasonal scale) is critical to
successfully mitigate and prevent losses to different socio-
economic sectors35. The hydrometeorological attributes identified
to have the most influence on predictors of MFDs could be
considered for forecasting MFDs at short lead-time to initiate
mitigation activities. Apart from improving the MFD forecast

capability, the operational framework of MFD mitigation could
comprise of (i) identifying the hotspot regions based on estimates
of MFD exposure risk and vulnerability, (ii) adopting structural (e.g.,
micro dams, ponds, wells, and other engineering projects) and
non-structural (e.g., policies, operating practises) measures includ-
ing MFD proofing programs, and (iii) increasing public awareness
and community participation. Moreover, it is highly essential to

Fig. 8 Vulnerability of different land-use/landcover classes and elevation ranges to MFDs. a Variation of MFDI estimates for different land-
use/land-cover classes across the global land area for the historical period. Whiskers extend from the box to 5 and 95% quantiles on the lower
and the upper side of the box, respectively. The horizontal line in the box represents the median, whereas the red dots represent outliers.
b Joint probability distribution of MFDI and elevation values for different climate classes covering the global land area for the historical period.
Zones 7, 15–17, 19, 21, and 22 were not shown as those zones exhibited negligible influence with MFDs.
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minimize the global warming effect (limiting global warming to
2 °C) by adopting appropriate measures (e.g., Paris agreement,
201536–38), which can significantly reduce the impact of MFDs.
The analysis could be further extended to assess the impacts of

agricultural FDs for future SSP-FS. It could also focus on the FD

effects on agricultural yield and GDP (Gross Domestic Product) for
present and future SSP-FS at global and regional scales. The
climatological drivers of agricultural FDs at a regional scale can
also be identified to provide early warning for drought mitigation.
It has been noted from the present study that

Fig. 9 Variation in pentad means of precipitation, potential evapotranspiration, and temperature anomalies for MFDs determined in 24
climate zones considering multi-model ensemble for the historical period. Variation in pentad means of precipitation (P), potential
evapotranspiration (PET) and temperature (Tavg) anomalies for MFDs determined in 24 climate zones considering multi-model ensemble for
the historical period (1979–2014). The horizontal axis shows ten pentads corresponding to a MFD event (5 pentads preceding and another 5
pentads following the initialization of the event). Each boxplot corresponds to one among the 10 pentads and it shows variation in the
pentad’s mean precipitation, PET or temperature noted across all grids in a zone over all MFD events. Whiskers extend from the box to 5 and
95% quantiles on the lower and the upper side of the box, respectively. The horizontal line in the box represents the median.
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(a) Predictor: Temperature anomalies 

 
(b) Predictor: PET anomalies 

 
(c) Predictor: Precipitation anomalies 

 

Fig. 10 Influence of 14 hydroclimatic attributes on MFD-related predictors for 24 climate zones. Influence of 14 hydroclimatic attributes on
MFD-related predictors (a temperature, b PET, and c precipitation anomalies) for 24 climate zones (Z1 to Z24). Shown are the medians of
correlation estimates corresponding to different attribute-predictor pairs. Each correlation estimate is based on a GCM, and the number of
GCMs considered for each attribute-predictor pair is shown in parenthesis following abbreviation of the attribute (appearing along the vertical
axis). Note- Attribute variables: clt-Cloud area fraction; hfls- Surface upward latent heat flux; hfss-Surface upward sensible heat flux; huss-
Specific humidity; prc-Convective precipitation flux; prw- Atmospheric water vapour content; psl-Air pressure at sea level; rlds-Surface
downwelling long-wave flux in air; rlus-Surface upwelling long-wave flux in air; rlut-Top of atmosphere outgoing long-wave flux; rsds-Surface
downwelling short-wave flux in air; rsus-Surface upwelling short-wave flux in air; uas-Eastward wind; vas-Northward wind.

V. Sreeparvathy and V.V. Srinivas

13

Published in partnership with CECCR at King Abdulaziz University npj Climate and Atmospheric Science (2022)    77 



hydrometeorological/climatological factors play a significant role
in the development of MFDs. One may attempt to consider a more
diverse set of predictors than those analyzed in this study to
identify potential predictors for use-in short lead time predictions
of MFDs. Extensive future studies are essential in this direction at
regional and local scales.

METHODS
Identification of MFDs
MFDs are identified using the SAPEI quantified at a pentad scale
(5-day interval) utilizing precipitation and PET. The index accounts
for antecedent water surplus/deficit reflecting wet/dry condi-
tions19, which can be determined for dth day d ¼ 1; ¼ ; Lð Þ in a N-
year long record as,

Dd ¼
XNA

n¼0

αn Pd�n � PETd�nð Þ; αNA ¼ c (1)

where NA is the number of antecedent days, α is the decay
constant whose value ranges from 0.8 to 0.9839–42, and
c Pd�NA � PETd�NAð Þ is the contribution from water balance of the
first day (among the NA antecedent days) to Dd , Pd�n, and PETd�n
represent the daily precipitation and PET values for the (d-n)-th
day. The PET estimates were obtained using Hargraves’s
method43,44. In this study, we have considered α ¼ 0:98 and
c= 13%, resulting in NA ¼ 100 days as in the previous studies39.
The computed D1; ¼ ;DL values were divided into disjoint 5-day
sized windows (pentads), and the arithmetic average (pentad
mean) of data points corresponding to each window k
¼ 1; ¼ ; L0ð Þ was estimated and denoted as D0

k . Conventionally,
drought indices are estimated by fitting a probability distribution
to D0

k . However, estimating a drought index considering multiple
GCM simulations with this procedure could be challenging as
appropriate distribution may not be easily identifiable. Hence, the
cumulative probability density of D0

k was obtained using a non-
parametric KDE method45,46, and it was then transformed to a
standard normal variable (i.e., SAPEI) using the approximate
transformation47. Values of SAPEI less than or equal to −1 indicate
a drought condition.
The temporal change in SAPEI was calculated and standardized

as follows,

ΔSAPEIi0;j0;k
� �

z¼
ΔSAPEIi0;j0;k � μΔSAPEIi0 ;j0

σΔSAPEIi0 ;j0
; k ¼ 1; ¼ ; L0 � 1ð Þ (2)

where ΔSAPEIi0;j0;k
� �

z is the standardized score of ΔSAPEIi0;j0 ;k that
denotes the change in SAPEI from k-th pentad to k+ 1-th pentad
for a grid point i0; j0ð Þ, μΔSAPEIi0;j0 and σΔSAPEIi0 ;j0 are estimates of mean
and standard deviation determined from L0 � 1ð Þ values of
ΔSAPEIi0;j0 for the grid location. ΔSAPEIi0;j0;k

� �
z is henceforth

referred to as ΔSAPEIz for ease of discussion.
MFD events at each chosen location/grid are identified using a

multi-criterion-based methodology following the available guide-
lines1,9,10,27,48. The methodology considers the following four
criteria, of which the first two focus on the impacts of droughts
and the latter two focus on the rapid intensification characteristics
of the droughts.

1. A MFD should have a minimum length of not less than 6
pentads (i.e., 30 days). In other words, the negative trend in
SAPEI should continue for at least 30 days.

2. The SAPEI value corresponding to the last pentad at the
termination of MFD should fall below the 20th percentile of
L0 SAPEI values for the chosen location.

3. The ΔSAPEIz values computed between individual pentads in a
MFD must be less than or equal to 40th percentile of L0 � 1ð Þ
values of ΔSAPEIz determined using Eq. (2). Utmost one
ΔSAPEIz value can be allowed to deviate from this criterion.

4. The average of all the ΔSAPEIz values in a MFD must be less
than the 25th percentile of L0 � 1ð Þ values of ΔSAPEIz .

Criteria 1 and 2 eliminate short-term dry spells and identify
MFDs that can cause significant impacts on the environment.
Whereas criteria 3 and 4 ensure that the MFDs have an overall
rapid development rate and are not significantly slowed down by
temporary moderations of SAPEI due to meteorological anomalies
(e.g., higher precipitation, lower temperature, more cloud cover, or
lower wind speed)1. Following this procedure, MFD events were
identified at each of the 1.5° grids covering the global land surface
area for the historical period and future climate change scenarios.

Determination of MFD characteristics
Various MFD characteristics were analyzed to assess the impacts
and changes in MFD events for various SSP-FS with respect to the
historical period. The MFD characteristics considered include (i)
relative frequency/probability of occurrence, (ii) severity, (iii)
duration, (iv) spatiotemporal variability and (v) exposure risk
of MFDs.
The relative frequencies are computed at annual and monthly

scales. The annual relative frequency is defined as the ratio of the
number of MFD years by the total number of years in the period
analyzed. A year could be classified as an MFD year if at least one
MFD occurs in the year. Whereas the monthly relative frequency
for a chosen month m is computed as the ratio of the number of
years experiencing at least one MFD during the month m divided
by the total number of years considered in the analyzed period.
The annual duration of MFD is determined as the total number of
days experiencing MFDs in a year. The severity of an MFD is
defined as the sum of SAPEI values corresponding to pentads in
the entire MFD period. In this study, the annual critical severity
(i.e., the maximum of severities corresponding to all MFDs
occurring in a year) is considered to characterize the impact of
MFDs. The MFD exposure risk9 for each year is computed by
multiplying the annual population by the annual duration
of MFDs.
The inter-annual variability of MFDs is defined as the lack of

uniformity or uncertainty of MFD events at the annual scale, which
can be quantified using marginal entropy49 as,

HME ¼ �
XN
υ¼1

mυ

S
log2

mυ

S

h i
; where S ¼

XN
υ¼1

mυ (3)

where N represents the number of years considered as the
baseline period mυ ¼ 1 if the year υ experiences at least one MFD
and zero otherwise. When, mυ ¼ 0; HME �ð Þ could be considered
to be zero, which is consistent with a well-known limit50

Lt
x!0

x log x ¼ 0

� �
. The value of entropy HME ranges from 0 to

Hmax ¼ log2Nð Þ. Where H= 0 and H ¼ Hmax correspond to the
situations where there is no uncertainty and maximum uncer-
tainty (i.e., MFDs are equally likely to occur each year), respectively.
A Standardized Variability Index (SVI) was used in this study to
quantify the variability of MFD and is computed as follows,

SVI ¼ Hmax � HME

Hmax
(4)

SVI has values in the range of [0,1], where 0 and 1 denote the
least variability and highest variability, respectively. Variability
quantifies the lack of uniformity in the occurrence of MFDs. For
example, if all years experience at least one MFD or no MFD (i.e.,
uniform distribution scenario), the probability of occurrence of the
MFD is the same for all the years, indicating high uncertainty and
low temporal variability of MFDs (i.e., SVI~0). The use of SVI to
quantify the variability of precipitation, dryness, and wetness
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conditions and to develop homogeneous precipitation regions
can be found in previous studies51–53.
Mann–Kendall (MK) trend test54,55 was considered to identify

the trend in annual estimates of (i) relative frequency/
probability of occurrence, (ii) critical severity, and (iii) duration
of MFDs at each of the 1.5° resolution grids covering the entire
global land area. The trend analysis was performed at grid scale
and zonal/regional scale.

Identification of MFD hotspot regions
In order to assess the socio-economic impacts and identify
hotspot areas of MFDs for historical and future SSP scenarios, a
MFDI is considered21. The MFDI is a composite metric that
combines the information of the mean values of the chosen MFD
attributes (e.g., relative frequency, duration, severity, exposure
risk) using the Mazziotta-Pareto Index56–58 (MPI).
The MPI methodology involves (i) standardization of values of

each of the MFD attributes across all the grids (by dividing by their
respective standard deviation) to nullify the effect of differences in
units of attributes, and (ii) estimation of MPI for each location/grid
by pooling the standardized values of the attributes and their
aggregation, as described below. Let

X ¼
X0
1

..

.

X0
S0

2
664

3
775
S0 ´ 1

¼

x 1ð Þ
1;1 � � � x 1ð Þ

1;j � � � x 1ð Þ
1;m

..

. ..
. ..

.

x 1ð Þ
N;1 � � � x 1ð Þ

N;j � � � x 1ð Þ
N;m

..

. ..
. ..

.

x S0ð Þ
1;1 ¼ x S0ð Þ

1;j ¼ x S0ð Þ
1;m

..

. ..
. ..

.

x S0ð Þ
N;1 � � � x S0ð Þ

N;j � � � x S0ð Þ
N;m

2
66666666666666664

3
77777777777777775

S0 ´Nð Þ ´m

(5)

where x sð Þ
i;j is jth MFD attribute corresponding to i-th grid for

scenario s ¼ 1; ¼ ; S0ð Þ, m represents the total number of MFD
attributes, N denotes the number of 1.5° grids on the global land
area and S0 refers to the number of scenarios. In this study, S0 ¼ 6
(i.e., historical, SSP1–1.9, SSP1–2.6, SSP2-4.5, SSP3–7.0, SSP5–8.5).

Form the standardized matrix Z ¼
z sð Þ
i;j : i ¼ 1; ¼ ;N; j ¼ 1; ¼ ;m; s ¼ 1; ¼ ; S0

n o
using X as follows,

z sð Þ
i;j ¼ 100 ±

x sð Þ
i;j �Mj

� �
σj

´ 10 (6)

where Mj and σj denote the mean and standard deviation of
elements in jth column of the matrix Z. z sð Þ

i;j values obtained for
different scenarios have a common scale with mean and standard
deviation equal to 100 and 10, respectively. Both positive and
negative signs are shown in the relationship. A positive sign was
considered for all the MFD attributes/characteristics that positively
correlate with the MFD impact. The attributes were aggregated to
arrive at MPI as,

MPI sð Þi ¼ M sð Þ
zi 1 ± cv sð Þ

zi

� �2
� 	

¼ M sð Þ
zi ± σ sð Þ

zi cv
sð Þ
zi (7)

where M sð Þ
zi , σ

sð Þ
zi , and cv sð Þ

zi denote mean, standard deviation, and
coefficient of variation of all z sð Þ

i;j values corresponding to grid i for
scenario s. In this study, all the chosen attributes are such that
adverse effects of MFD on socio-economic sectors increase with
attributes’ magnitude. Therefore, the sign of the penalty ððcv sð Þ

zi Þ2Þ
term was considered negative for computing MPI sð Þi , which is
henceforth referred to as MFDI sð Þi . The value of MFDI generally
ranges from 70 to 130, as the values of mean and standard

deviation are chosen as 100 and 10 in Eq. (5). All the grid locations
having MFDI values greater than 100 are declared as belonging to
MFD hotspot region(s)21. To identify the hotspot regions for
historical and future SSP-FS, the estimates of drought index
(SAPEI) and the corresponding MFD characteristics are determined
for each of the grids to form its attribute set.

Study area and data
The study assesses the MFD characteristics for the present and five
future CMIP6 SSP-FS at global (all global land areas except Antarctica
and Greenland), continental (6 continents), and regional (24 climate
zones) scales. Twenty-four climate zones based on the Köppen
climate classification system59 (KCCS) were considered in this study
to delve deeper into the regional scale characteristics of MFDs (Fig.
3). The KCCS divides climates into five main climate groups (tropical,
dry, temperate, continental, and polar), with each group being
divided based on seasonal precipitation and temperature patterns.
Major hyper-arid and arid regions of the world fall in zones 4, 5, 6, 10,
11, 13, 14, 17, 18, 20, and 23, and polar regions fall in zones 1 and 15,
respectively. Based on the study conducted by Christian et al., 20211,
agricultural FD hotspot regions were mainly identified over Brazil
(zone 7), the Sahel (zone 11), and India (zone 20), with notable
hotspots over the central united states (zones 4 and 5), southwestern
Russian (zone 21) and north-eastern China (zone 17).
MFDs are determined based on the daily-scale predictor

variables (precipitation and maximum and minimum tempera-
tures [Tmax and Tmin]) extracted from 12 GCMs (Supplementary
Table 1) for the complete global land area. The GCMs are part of
CMIP6. The scenarios considered in CMIP6 exemplify a range of
future land-use changes and GHG emission scenarios based on
integrated assessment models developed considering different
assumptions regarding climate mitigation efforts, economic
growth, and global governance. Considering these assumptions,
SSPs were used to generate various radiative forcing levels and
associated warmings at the end of the 21st century60. Simulations
from 5 SSPs with r1i1p1f1 initial conditions were chosen to depict
a range of possible future climate change scenarios. The SSPs
include (i) SSP1–1.9 (very low GHG emissions), (ii) SSP1–2.6 (low
GHG emissions) (iii) SSP2-4.5 (intermediate GHG emissions), (iv)
SSP3–7.0 (high GHG emissions) and (v) SSP5–8.5 (very high GHG
emissions) having a total anthropogenic forcing of +1.9, +2.6,
+4.5, +7.0 and +8.5 Wm-2, respectively. The 12 GCMs were
chosen based on data availability for possible predictors and
predictands for the historical (1979–2014) and five future
(2015–2100) SSP-FS. In this study, CPC61 daily data (precipitation,
maximum and minimum temperature available at 0.5° resolution)
for the period 1979–2014 are resampled to 1.5° resolution and are
considered as the observed dataset.
Information on spatio-temporal distribution of global annual

population was available at 0.5° resolution from ISIMIP-2b for the
historical (1979–2014) and future periods (2015-2100) for SSP-1, -2,
-3 and -5 scenarios. It was considered to arrive at the exposure risk
of the population to MFDs. Fourteen climate variables (Supple-
mentary Table 7) were considered as possible attributes of MFDs.
Daily records of those attributes extracted from the 12 GCMs were
considered to assess their regional scale influence on the
predictors triggering MFD development. The datasets of these
attribute variables and population were resampled to 1.5°
resolution. The information on global elevation data and LULC
were extracted from 30m resolution Shuttle Radar Topography
Mission (SRTM) Digital Elevation Model (SRTM-DEM) and 100m
resolution Copernicus global land services Land cover (CGLS-LC,
2015) map, respectively.

V. Sreeparvathy and V.V. Srinivas

15

Published in partnership with CECCR at King Abdulaziz University npj Climate and Atmospheric Science (2022)    77 



DATA AVAILABILITY
Readers can procure the (i) hydroclimatic data for historical and future SSP-FS from
CMIP6 (https://esgf-node.llnl.gov/projects/cmip6/) (ii) unified gauge-based gridded
precipitation and temperature data from CPC, NOAA/OAR/ESRL PSL, Boulder,
Colorado, USA (https://psl.noaa.gov/data/gridded/data.cpc.globalprecip.html;
https://psl.noaa.gov/data/gridded/data.cpc.globaltemp.html), (iii) population data
from ISMIP2b (https://www.isimip.org/), (iv) 100 m resolution CGLS-LC map from
Copernicus global land services (https://land.copernicus.eu/global/products/lc) and
(v) 30 m SRTM-DEM from United States Geological Survey (https://www.usgs.gov).

CODE AVAILABILITY
The source codes for the analysis of this study are available from the corresponding
author upon reasonable request.
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