
Assessment of Trend in Global Drought Propensity
in the Twenty-First Century Using Drought
Management Index

Kironmala Chanda1 & Rajib Maity2,3

Received: 16 October 2015 /Accepted: 20 January 2017 /
Published online: 4 February 2017
# Springer Science+Business Media Dordrecht 2017

Abstract This study attempts to perform a global analysis of the trend in drought propensity
in the twenty-first century using bias corrected soil moisture simulations from two General
Circulation Model (GCMs) outputs based on the Representative Concentration Pathway-8.5
(RCP8.5) scenario. Drought propensity is characterized in terms of the probabilistic index –
Drought Management Index (DMI), which is suitable for the assessment of slowly varying
changes in soil moisture drought on a multi-year time scale. A global gridded analysis is
performed to assess the future trend in drought propensity at each location on the globe over
the twenty-first century. Regional analysis is also carried out to investigate the trends, if any, at
the continental scale. A significant increasing trend in drought propensity is observed in large
parts of Africa, South America and Asia, whereas a significant decreasing trend is observed in
the northern parts of Europe and North America. This study helps to assess the spatio-temporal
propagation of global drought propensity in future and aids in identifying the regions that
would be relatively more/less prone to droughts towards the end of the century.
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1 Introduction

Paleoclimatic reconstructions have shown that mega droughts, lasting a few decades to
centuries, have occurred at various places across the world in the past. For example, tree-ring
based Palmer Drought Severity Index (PDSI) reconstructions indicated a 400 year long drought
in the western part of the United States between 1000 AD and 2000 AD (Dai 2011). In East
China, exceptional multi-year droughts were observed during the 16th and 17th centuries when
the percentage of dry areas reached as high as 50% (Shen et al. 2007). Most of these droughts
resulted from persistent anomalous Sea Surface Temperature (SST) conditions in the Atlantic or
Pacific regions (Hu and Feng 2001; Shen et al. 2007; Schubert et al. 2009; Findell andDelworth
2010). Other natural factors, such as large volcanic eruptions, are also known to have a
significant role in aggravating droughts (Shen et al. 2007). However, ever since the industrial-
ization began in 1750, there has been a clear indication of human-induced climate change
involving global warming and increased frequency of extreme hydrological events (WMO
2013). For example, the Dust Bowl drought in the US in the 1930s is known to have been
enhanced by increased dust loading due to degradation of land resulting from anthropogenic
activities (Cook et al. 2009). Large scale changes in land use and land cover, increased
urbanization and setting up of water infrastructure like reservoirs and interbasin transfer systems
have caused changes in the global hydrological cycle and flow regimes (Meybeck 2003; AGU
2004; Vörösmarty et al. 2010). As a result, an increasing trend in the intensity and frequency of
droughts is observed in many parts of the world (Loukas et al. 2008; Vidal et al. 2012; Manabe
et al. 2004; Wang 2005; Goswami et al. 2006). The global percentage of dry areas has also
experienced a clear increasing trend during the period 1950–2010 (Dai 2011). In more recent
times, the indications of human induced climate change and hydrological extremes have
become all the more prominent. For instance, the global land area classified as very dry has
more than doubled since the 1970s. Future projections show that globally, many arid and semi-
arid areas, including southern Africa, Brazil and parts of Asia, have a high probability of
suffering from extreme water stress by the middle of the twenty-first century. It is projected that
the proportion of global land area under extreme drought would be higher at any given time in
the future due to projected increase in summer drying in the subtropics and mid-latitudes,
leading to dying-off of regional vegetation (Bates et al. 2008). Thus, for better management and
mitigation of future droughts, it is imperative to investigate the possible spatial variation and
temporal propagation of droughts across the world over the twenty-first century.

1.1 Uncertainties in Drought Predictions

The success withwhich future conditions of water stress can bemanaged andmitigated depends
a lot on the present capacity of prediction of the occurrences and spatio-temporal variations of
future droughts. The difficulties faced in the prediction of future droughts arise from several
sources of uncertainty – (i) choice of threshold for defining droughts (ii) choice of drought
metric (iii) climate model uncertainty and (iv) future scenario uncertainty (Taylor et al. 2012).
Out of these, the choice of drought metric was found to be the most influential factor,
contributing about 60–80% of the total uncertainty. The future scenarios adopted were
found to account for 5–18% of the total uncertainty depending on the future epoch
under consideration, while model variants in the ensemble accounted for 9–17% of
the uncertainty. The least important factor (explaining about 0.4–7% of the uncertain-
ty) was found to be the choice of threshold used for defining droughts. The recent
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advances on the role of the two most important factors contributing to uncertainty in
drought prediction may be appraised as follows.

Burke (2011) found that the droughts quantified through Palmer Drought Severity Index
(PDSI) were more severe than the droughts measured in terms of soil moisture anomalies,
which are again more severe than the droughts measured in terms of precipitation anomalies
when atmospheric CO2 is doubled. Again, a recent study in China indicated that drought
events characterized with Standardized Precipitation Index (SPI) have larger affected areas
than those characterized with Soil Moisture Drought Severity (SMDS) index (Qin et al. 2015).
In general, the indices which consider only precipitation, such as the SPI, are found to give
lower estimates of drought severity and frequency compared to those which consider other
variables also, such as the PDSI. Thus, under doubled CO2 conditions, the SPI was found to
show very little change in the proportion of land surface under drought while the PDSI, the
Precipitation and Potential Evaporation Anomaly (PPEA) and the Soil Moisture Anomaly
(SMA) were found to indicate 5–45% increase in drought affected areas (Burke and Brown
2008) compared to the preindustrial climate (280 ppm atmospheric CO2). SPI, PDSI and SMA
are all found to indicate more severe droughts due to a decrease in mean precipitation.
However, the PDSI is found to be the most sensitive to changes in mean available energy,
followed by the SMA and the SPI does not depend on the available energy at all (Burke 2011).
In some studies, droughts derived in terms of SPI are found to be shorter in duration but larger
in spatial extent compared to those derived in terms of soil moisture-based indices such as the
Soil Moisture Drought Severity (SMDS) (Qin et al. 2015).

Most of the earlier studies on future drought trends used climate projections based on the
Special Report on Emission Scenarios (SRES), which have now been superseded by the more
realistic Representative Concentration Pathways (RCPs). The RCPs refer to different concen-
tration trajectories of greenhouse gases (GHGs) adopted by the Intergovernmental Panel on
Climate Change (IPCC) for its Fifth Assessment Report (AR5) in 2014. The RCPs incorporate
a more rational basis of estimation of future emissions. The four RCPs – RCP 2.6, RCP 4.5,
RCP 6 and RCP 8.5 refer to possible radiative forcing values of 2.6 W/m2, 4.5 W/m2, 6 W/m2

and 8.5 W/m2 respectively in the year 2100 relative to pre-industrial levels. The RCP 2.6, RCP
4.5, RCP 6 consider emission of GHGs to increase till the years 2010–20, 2040 and 2080
respectively and subsequently decline, while RCP 8.5 considers GHG to increase continuously
till 2100. It is recommended that future trend in global droughts should be assessed consid-
ering the projected values of the key hydrological variables under different RCP scenarios.

1.2 Objectives of the Study

Based on the preceding discussions, it may be noted that though a significant volume of
scientific literature is available on future drought trends, there is considerable disparity in the
results due to various sources of uncertainty. Further, most of the soil moisture-based drought
indices used in the aforementioned studies do not consider the stochastic nature of soil
moisture series; rather they consider only the deficit of soil moisture for development of the
index. Also, most of the available indices are unsuitable for assessing the long-term variability
of soil moisture droughts over a multi-year temporal scale. The Drought Management Index
(DMI) (Maity et al. 2013) was developed to address this lacuna for the probabilistic assessment
of drought propensity incorporating the deficit volume as well as recovery rate of soil moisture
series once a drought has occurred. Considering the ability of DMI in assessing the long-term
variability of drought propensity, it would be interesting to employ the DMI for examining the
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drought status across the world over the twenty-first century. Since the DMI can capture the
slowly varying changes in drought characteristics of a region, it is expected to provide a good
indication of the spatio-temporal variation of drought propensity across the world over the
twenty-first century.

Thus, the first objective of this study is to compute the drought propensity in terms of DMI
at all grid points across the world using General Circulation Model (GCM) output of (bias
corrected) soil moisture projections based on RCP 8.5 scenario. The global DMI maps at
different temporal steps are studied to explore the gradual temporal propagation of drought
propensity during the twenty-first century. Subsequently, the trend of DMI at each grid
intersection is determined over the study period. Further, continental scale investigation is
conducted to identify the regions of the world that would be relatively more/less prone to
droughts towards the end of the twenty-first century.

2 Data

Monthly gridded GCM soil moisture data are obtained from second generation Canadian Earth
System Model (CanESM2) output, Geophysical Fluid Dynamics Laboratory (GFDL) model
output and Beijing Climate Center (BCC) model output. The datasets are obtained for both the
historical period (1961–2005) and the future period (2006–2100). For the period 2006–2100,
the simulations are available for four different RCPs, mentioned before. In this study, datasets
corresponding to RCP 8.5, which is the worst scenario, is used. The spatial resolution of the
CanESM2 dataset is 2.7893269° latitude × 2.8125° longitude and that of the GFDL dataset is
2.0° latitude × 2.5° longitude. In case of the BCC dataset, the spatial resolution during the
historical period is 2.8281° latitude × 2.8125° longitude and that during the future period is
2.0° latitude × 2.5° longitude respectively.

Monthly gridded (0.50° lat × 0.50° lon) soil moisture data, obtained from the Climate
Prediction Centre (CPC), NOAA is used as the reference dataset for bias correction of the
GCM estimated values. This dataset is obtained through reconstruction by Fan and van den
Dool (2004). As per the data provider, these soil moisture values are estimated by a one-layer
leaky bucket model (van den Dool et al. 2003) and the model parameters are constant spatially
and tuned based on Oklahoma observed runoff data (http://www.cpc.ncep.noaa.
gov/soilmst/leaky_glb.htm). It represents the water content in a single soil column of depth
1.6 m having a maximum water holding capacity of 760 mm and a common porosity of 0.47.
In reality, it obviously varies over space and the representation indicates the amount of water
contained in a soil column of depth that has ‘equivalent’ water holding capacity of 760 mm.
The units of the GCM soil moisture datasets are kg/m2, while that of the reference dataset
(referred as observed dataset in this analysis) is mm. Both the datasets are reduced to the same
units (mm).

3 Methodology

3.1 Regridding the GCM Soil Moisture Datasets

The GCM datasets and the reference dataset used in this study have different spatial
resolutions. Hence, it is necessary to regrid them to a common resolution. The GCM

1212 Chanda K., Maity R.

http://www.cpc.ncep.noaa.gov/soilmst/leaky_glb.htm
http://www.cpc.ncep.noaa.gov/soilmst/leaky_glb.htm


datsets are regridded to a 2.5° latitude × 2.5° longitude spatial resolution so that all
the three datasets are available at the same grid intersection points throughout the
globe. The Inverse Distance Weighting (IDW) method is used to regrid the GCM
datasets for the entire study period (i.e., 1961–2100). The soil moisture value at a
target location defined by the new grid system is obtained from the soil moisture
values at the four nearest grid intersection points, the values being weighted with the
inverse of the corresponding geographical distances from the target location. Thus, the
GCM soil moisture value vrat each required location is obtained by

vr ¼
∑
4

i¼1
vidi−2

∑
4

i¼1
di−2

ð1Þ

where vi (i = 1,…,4) are the GCM soil moisture data at the four nearest GCM grid intersection
points and di (i = 1,…,4) are the corresponding geographical distances of the target
location from these points. Since the entire global datasets are regridded, some of the
target locations may be surrounded by a few GCM grid intersection points falling on
the ocean without any valid soil moisture data. For such locations, the GCM grid
intersection points falling on the oceans are excluded from the IDW method and the
required value is computed using the remaining GCM grid intersection points.
However, if three out of the four surrounding points fall on the ocean, then the target
point itself is ignored. For the observed dataset, which is available at 0.50° latitude ×
0.50° longitude resolution, regridding through IDW method is not required. The soil
moisture values are simply picked up at the required grid intersections. Thus the size
of the CPC data matrix is identical to the regridded GCM datasets.

3.2 Bias Correction of GCM Soil Moisture Datasets

Most of the GCM simulations are biased due to difficulties associated with modelling
complex climate interactions. The disagreement of GCM simulations with observations
generally stems from poor climate model resolution of the land surface heterogeneities
at subgrid scale (Wood et al. 2002). Thus, before using the GCM datasets in any
hydrological applications, they must be bias corrected. A number of bias correction
techniques are available in literature such as the Constant Scaling (Santer and Max-
Planck-Institut für Meteorologie 1990), Daily Scaling (Harrold and Jones 2003; Vaze
et al. 2008; Chiew et al. 2008), Quantile Mapping (Wood et al. 2002; Maurer and
Hidalgo 2008), Nesting Bias Correction (Johnson and Sharma 2012), Multivariate
Recursive Nesting Bias Correction (Mehrotra and Sharma 2015). However, in this
study, a new quantile based bias correction technique, named as Conditional Quantile-
based Bias Correction (CQBC) (Chanda and Maity 2016), is used. It provides some
improvement over the commonly used quantile mapping method by considering small
quantile intervals over which the corrections are applied.

For determining the parameters of the CQBC technique, an empirical Cumulative
Distribution Function (CDF) is fitted to each of the observed and GCM datasets of
the development period (1961–2005). The quantile values from 0.1 to 0.9 are broken
into segments of 0.1 quantile range; the quantile values below 0.1 and above 0.9 are
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broken into segments of 0.05 range, so that there are 12 quantile intervals in all. The
sample means and standard deviations of the GCM values and observed values in
each quantile interval are obtained at each location using the data from the develop-
ment period. For correction of any GCM data, firstly its quantile value (and hence
quantile interval) is ascertained from the CDF derived from the development period
GCM data of that location. Once the quantile value is obtained, the corrected GCM
value is given by

~Xm ¼ X o;q þ Xm−Xm;q

� �
� so;q

sm;q
ð2Þ

where Xmis the raw GCM value, Xm;qis the sample mean of GCM values for the considered

quantile interval q, X o;qis the sample mean of observed values for the same quantile
interval q, and so , qandsm , qare the sample standard deviations of the observed and
GCM data respectively within the quantile interval under consideration. At each
location, the parameters for each quantile interval are obtained from the development
period and subsequently used to correct the future soil moisture data from the GCMs
(2006–2100). These bias corrected soil moisture data are then used to compute the
series of DMI.

3.3 Spatio-Temporal Variation of Global Drought Propensity Using Individual
and Model Averaged GCM Datasets

Using the bias corrected soil moisture datasets (individual GCMs and model averaged
dataset), drought propensity is computed at each grid intersection point in terms of
DMI. The DMI is a probabilistic index suitable for capturing the multi-year drought
propensity of a region using its soil moisture characteristics. The intermediate mea-
sures for computing DMI are resilience and vulnerability which are determined from
monthly soil moisture series considering a 5-year temporal scale. Thus, resilience and
vulnerability are computed for each of the bias corrected datasets (CanESM2, GFDL,
BCC and model averaged) at each grid intersection point over the world considering
5-year overlapping windows from 1961 to 2100 (i.e., 1961–65, 1962–66, …, 2096–
2100). The use of resilience and vulnerability of soil moisture series for computing
drought propensity is based on the ‘system concept’ of soil moisture (Maity et al.
2013). The system is said to be in satisfactory (failure) state when the soil moisture is
above (below) a predefined threshold. The mathematical expression for computing
resilience R from the monthly soil moisture series is

R ¼
lim
n→∞

1

n
∑
n

t¼1
Wt

1− lim
n→∞

1

n
∑
n

t¼1
Zt

� � ð3Þ

whereWt indicates the event of transformation of soil moisture from satisfactory to failure state
(or vice versa). If S and F represent the satisfactory and failure states of soil moisture
respectively, then Wt = 1 if Xt ∈ S and Xt + 1 ∈ F and Wt = 0 otherwise. In the denominator
of eq. (3), Zt = 1 if Xt ∈ S and Zt = 0 if Xt ∈ F. The total number of time steps is denoted by n
and the value of n is 60 since monthly soil moisture values over a 5-year period are used for
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computation of resilience (and vulnerability). The mathematical expression for computing
vulnerability V from the monthly soil moisture series is

V ¼ 1

n
∑
n

j¼1
v j ð4Þ

where vj is the deficit volume (i.e, soil moisture value minus threshold value) at the jth time
step and n is the total number of time steps as explained earlier. For computing resilience and
vulnerability of soil moisture series, Permanent Wilting Point (PWP) of the soil at the
concerned location is recommended to be used as the threshold value (Maity et al. 2013;
Chanda et al. 2014). PWP is generally defined as the soil moisture content below which plants
wilt during the day and cannot recover overnight (Reynolds et al. 2000). For most plants, the
PWP value is considered to be equivalent to the soil moisture content at the soil pressure
potential of −15 bar. Since a reliable PWP dataset for the entire world is not available, the long
term monthly mean soil moisture values at each grid intersection point over the period 1961–
2010 is used as the threshold for computing gridwise resilience and vulnerability values across
the world. The gridwise mean soil moisture values serve as a threshold that bears the signature
of the local climatology. If a global PWP dataset is available in future, the present analysis may
be repeated with the same.

At each grid intersection point, the joint probabilistic distribution of resilience and vulner-
ability is obtained using a Plackett copula, which is suitable for capturing the negative
association between the aforementioned variables (Maity et al. 2013). The mathematical
expression for the Plackett copula is given by

CP r; vð Þ ¼
1þ θp−1

� �
r þ vð Þ� 	

−
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ θp−1

� �
r þ vð Þ� 	2−4rvθp θp−1

� �q

2 θp−1
� � ð5Þ

where θp is the dependence parameter known as the cross product ratio and r and v are the
reduced variables of resilience (R) and vulnerability (V) i.e., r =φ−1(R) and v =φ−1(V) where
φ−1 is the inverse of their respective cumulative empirical distributions. The parameter θpis
determined specifically for each grid location based on the dependence structure of resilience
and vulnerability values obtained during 1961–2010.

The DMI is designed in such a manner that it increases with the increase in vulnerability
and the decrease in resilience and vice versa. Thus DMI is given by a joint measure of
probability that indicates exceedence in resilience and non-exceedence in vulnerability.
Mathematically, DMI can be expressed as

DMI ¼ P R > r;V ≤v½ � ð6Þ
where P[⊗] stands for probability of the event[⊗], Rstands for resilience and Vstands for
vulnerability, and r and v are the reduced resilience and reduced vulnerability as explained
earlier. DMI ranges from 0 to 1 with higher values indicating greater drought propensity. Using
eq. (6), the future DMI values at all the 86 time steps (i.e., 2011–2015, 2012–2016,…, 2096–
2100) are computed using the bias corrected datasets (CanESM2, GFDL, BCC, model
averaged) at all locations across the world. The snapshots of global DMI maps at progressive
time steps of the twenty-first century are prepared as these are expected to be useful
in inferring the nature of propagation of future droughts based on the projected GCM
soil moisture datasets.
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3.4 Future Trend of Drought Propensity

The trend in drought propensity across the globe is assessed for the period 2011–2100. The
gridwise assessment of trend is not done separately for each GCM; rather the gridded DMI
obtained from the model averaged data is used. At each grid intersection point, a linear trend
line given by the following equation is fitted to the DMI values.

y ¼ mxþ c ð7Þ
where y represents the DMI and x represents the time step, varying from 1 (corresponding to
the 5-year period 2011–2015) to 86 (corresponding to the 5-year period 2096–2100). As the 86
elements in the DMI series are obtained by using the 5-year overlapping windows of soil
moisture data, obviously, the DMI trend is calculated from a smoothened time-series. It may be
noted that due to the smoothening of the time-series, any small fluctuation in the series would
be masked. This is consistent with our objective which is to investigate the long-term trend, if
any, in drought propensity. In fact, the logic behind projecting the twenty-first century drought
propensity is to capture the linear trend, if any. The information of finer fluctuations in drought
propensity in the far future is neither reliable nor useful. Rather, the overall trend in a
geographical region is more important from the point of view of future water resources
planning and policy making. Hence, a smoothened time-series is suitable for this kind of
analysis. Considering the 86-element series, the parameters m (slope) and c (intercept) are
determined from the fitted linear trend line. Specific values of m and c are obtained at each grid
intersection point. The p-values are also determined to examine whether the fit of the trend line
is significant or not at 5% significance level. Ifm > 0 (m < 0) and p-value of the linear fit is less
than 0.05, then there is an increasing (decreasing) trend in drought propensity at that location
over the period 2011–2100. If m ≈ 0 with p-value of the linear fit greater than 0.05, then there
is no trend in drought propensity at that location. A map showing the gridwise trend sign
(positive or negative) across the world is prepared to show the spatial variation of trends in
future drought propensities.

Besides gridwise linear trend analysis, a regional analysis is also performed to investigate
the trends, if any, at the continental scale. A number of regions are defined and the DMI values
at all grid intersection points within the specified regions are averaged spatially to get the DMI
value for that particular region at a given time step. For each region, a linear trend line is fitted
to the area-averaged DMI series over 86 time steps. The deviations (DMI minus linear trend)
are tested for normality using Kolmogorov-Smirnov test and the slope of the linear trend is
subsequently tested for statistical significance at 5% significance level, considering ‘no slope’
in the null hypothesis. This area-averaged analysis is expected to reveal the geographical
regions on the globe that would experience increase/decrease in drought propensity in future.

4 Results and Discussions

4.1 Spatio-Temporal Variation of Drought Propensity in the Twenty-First Century
Using Individual and Model Averaged GCM Datasets

Using the bias corrected datasets (CanESM2, GFDL, BCC and model averaged), resilience
and vulnerability are computed and are subsequently used to compute the DMI at each grid
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intersection point across the globe. The global DMI maps for numerous time steps over the
twenty-first century are examined visually in order to assess the spatio-temporal variation of
drought propensities across the continents. Since it is impractical to provide the DMI maps for
all time steps, some representative maps are presented in each of the Figs. 1, 2, 3 and 4. The
first three figures show the snapshots of global DMI computed from CanESM2, GFDL and
BCC dataset respectively for the 5-year periods starting at the middle of each decade from
2011 to 2100. The fourth one shows the same for soil moisture dataset obtained by averaging
the CanESM2 and GFDL datasets. The BCC dataset is not used to determine the model
averaged dataset as it is observed that the contour fields obtained from BCC show sudden
(rather than gradual) change in DMI values from minimum (i.e., 0) to maximum (i.e., 1) in
adjacent grids in many locations across the world. This is somewhat unrealistic and possibly
indicates that the soil moisture dataset from the BCC model may not be ideal for the study of
drought propensity. The contour field produced by CanESM2 and GFDL dataset show more or
less smooth transitions of DMI values from one grid intersection point to the next, which is
also reflected in the maps produced by their averaged dataset. In each figure, the first subplot
shows the global DMI status during the period 2016–2020, the second subplot shows that for
2026–2030 and so on. Some important observations from the DMI maps using CanESM2,
GFDL and model averaged datasets are noted in the following paragraphs.

(i) DMI maps from CanESM2 dataset: Based on the DMI maps from CanESM2 data, it is
observed that high DMI values prevail over most parts of the continent of Africa during
the epoch 2011–2040, whereas the high DMI values lie more towards the western part of
the continent towards the end of the century (2071–2100). In the South American
continent, drought propensity is generally low during the first third of the study period

Fig. 1 Snapshots of global DMI computed from CanESM2 dataset for the 5-year periods (a) 2016–2020 (b)
2026–2030 (c) 2036–2040 (d) 2046–2050 (e) 2056–2060 (f) 2066–2070 (g) 2076–2080 (h) 2086–2090 (i)
2096–2100
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Fig. 2 Snapshots of global DMI computed from GFDL dataset for the 5-year periods (a) 2016–2020 (b) 2026–
2030 (c) 2036–2040 (d) 2046–2050 (e) 2056–2060 (f) 2066–2070 (g) 2076–2080 (h) 2086–2090 (i) 2096–2100

Fig. 3 Snapshots of global DMI computed from BCC dataset for the 5-year periods (a) 2016–2020 (b) 2026–
2030 (c) 2036–2040 (d) 2046–2050 (e) 2056–2060 (f) 2066–2070 (g) 2076–2080 (h) 2086–2090 (i) 2096–2100
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(2011–2040), while it fluctuates during the period 2041–2070, reaching high values
around the 2060s. Over the period 2071–2100, drought propensity is high most of the
time, especially during the 2070s and 2090s. Over the Eurasian landmass, high DMI
values are found to prevail during the early part of the century (2011–2040) which
gradually decreases as the century progresses. In India, the status remains more or less
same during the greater part of the century except during the 2060s and 2090s when
drought propensity is found to be significantly higher. In the North American continent,
DMI status is found to fluctuate during the twenty-first century; however, in Central
America, an increase in drought propensity over time is observed. Drought propensity
over Australia is found to fluctuate with high DMI values in western and eastern parts of
the continent during the 2060s and 2050s respectively.

(ii) DMI maps from GFDL dataset: In case of the GFDL dataset, DMI is found to increase
progressively through the twenty-first century throughout the whole of Africa, particu-
larly the western parts. In the South American continent, a fluctuating DMI is observed
during most of the century with not much trend. In Asia, the GFDL dataset leads to much
lower estimates of drought propensity during 2011–2040 compared to CanESM2
datasets. However, DMI over Europe is found to be high during this period, decreasing
somewhat over time. In India, the drought propensity is found to be relatively higher
during the middle third (2041–2070) of the assessment period. In the North American
continent, drought propensity is found to be low particularly during the epoch 2011–
2040. In Australia, high drought propensity is observed during the middle third of the
period of study (2041–2070).

Fig. 4 Snapshots of global DMI computed from model averaged dataset for the 5-year periods (a) 2016–2020
(b) 2026–2030 (c) 2036–2040 (d) 2046–2050 (e) 2056–2060 (f) 2066–2070 (g) 2076–2080 (h) 2086–2090 (i)
2096–2100
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(iii) DMI maps from model averaged dataset: As expected, there are some disagreements
between the DMI maps obtained from CanESM2 dataset and GFDL dataset. Hence, the
DMI maps frommodel averaged datasets are considered next. These suggest progressive
increase in drought propensity over the continent of Africa with gradual shifting of the
drought prone areas from eastern to western side. This observation is in agreement with
the CanESM2 results discussed earlier. In case of the South American continent also, the
DMI maps from model averaged datasets indicate a rise in drought propensity towards
the end of the century, similar to the CanESM2 observations. In India, the observations
from the model averaged dataset reflect the GFDL observations – high drought propen-
sity during the middle third (2041–2070) of the assessment period. In Europe, high DMI
is observed over the northern parts during 2011–2040, almost similar to both CanESM2
and GFDL datasets. With time, the high drought propensity zones seem to shift to the
south. The lower part of the North American continent is found to gradually dry up,
which is in agreement with the CanESM2 results. However, the upper part continues to
be wetter till 2070 and then dries up, presenting an overall fluctuating behaviour during
most of the assessment period. Similar to the GFDL observations, high drought pro-
pensity is observed during the middle third of the century (2041–2070) in Australia.

4.2 Trend Analysis of Drought Propensity in the twenty-First Century

Apart from the visual interpretation of the DMI maps, a gridwise linear trend analysis
of DMI is performed. As mentioned earlier (section 3.4), the model averaged dataset
is used for this analysis and before considering the trend for investigation, the
normality of the deviations of DMI values from the linear trend line are ascertained
through K-S test at 5% significant level. Figure 5 shows the gridwise sign (positive or
negative) of trend of drought propensity at that location considering the entire period
2011–2100. It is apparent that a larger part of the global landmass may be expected to
experience an increase in the drought propensity while a lesser portion, mostly above
45°N latitude, may experience a decrease in drought propensity.

Fig. 5 Trend in drought propensity during the period 2011–2100. The red and blue dots indicate significant
increasing and decreasing trend in drought propensity respectively at 5% significance level. The grid intersection
points with no dots indicate no specific trend in drought propensity
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In order to assess the magnitude of increase/decrease in drought propensities over
specific continental-scale regions, an area-averaged analysis over some selected re-
gions is performed using the DMI values from model averaged (CanESM2 and
GFDL) dataset. The descriptions and spatial extents of the selected regions are
explained in Table 1. The regions consist of whole or part of the different continents
except Antarctica. India, though not a continent, is also considered as one of the eight
regions. Figures 6a to d show the linear trend of DMI values over the 86 time steps
for the regions with significant increasing trend (at 5% significance level). Similarly,
Fig. 7a and b show the same for the regions with significant decreasing trend, while

Table 1 Description of regions used for continental scale trend analysis of drought propensity

Sl. no. Description of region Abbreviation Latitudinal extent Longitudinal extent

1 Western Australia WA 13.75°S – 33.75°S 115.25°E – 132.75°E
2 Eastern Australia EA 8.75°S- 38.75°S 132.75°E – 152.75°E
3 Northern Africa & Gulf Region NAF 6.25°N – 43.75°N 14.75°W – 57.75°E
4 Southern Africa SAF 3.75°S – 33.75°S 0.25°E – 47.75°E
5 North America NAM 13.75°N – 81.25°N 195.25°E – 302.75°E
6 South America SAM 11.25°N – 53.75°S 275.25°E – 322.75°E
7 Europe EU 58.75°N – 78.75°N 7.75°E – 187.75°E
8 Asia AS 33.75°N – 56.25°N 50.25°E – 142.75°E
9 India IN 11.25°N – 33.75°N 62.75°E – 92.75°E

Fig. 6 DMI series during 2011 to 2100 for (a) North Africa and Gulf Region (b) Southern Africa (c) South
America (d) Asia
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Figs. 8a through 8c show the DMI values for regions with no significant trend. In
Northern Africa & the Gulf Region, the rate of increase in DMI is about 0.18 per
100 years, while in the southern parts of Africa, the rate of increase is 0.11 per
100 years. In both these cases, the p-value of linear trend is less than10−13. In South
America and Asia, the rate of increase is 0.08 per 100 years and 0.09 per 100 years
respectively. The p-values are less than10−8. In Europe, drought propensity is found to
decrease at the rate of 0.08 per 100 years (p-value less than10−6), while in North
America, the decreasing trend is 0.05 per 100 years (p-value less than 10−14).
Fluctuating DMI values in the western and eastern parts of Australia lead to no
significant trend in drought propensity. Similar observation also hold true for India.
Thus, an increasing trend in drought propensity is noticed in many of the regions
whereas a decreasing trend is noticed in only those landmasses, which have a
substantial portion in the high latitude areas (above 45°N latitude). Moreover, almost
all regions show considerable fluctuation of DMI with possibly opposite signs of
change during the successive epochs (2011–2040, 2041–2070 and 2071–2100).
However, since the DMI is a 5-year index expected to reflect the slowly varying
changes in drought propensity, the overall trend during 2011–2100 has been assessed
here with some important observations.

Fig. 7 DMI series during 2011 to 2100 for (a) Europe (b) North America

Fig. 8 DMI series during 2011 to 2100 for (a) Western Australia (b) Eastern Australia (c) India
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5 Summary and Concluding Remarks

In this study, the trend in global drought propensity during the twenty-first century is
assessed. The projected soil moisture datasets from three GCMs (CanESM2, GFDL
and BCC) are obtained for the RCP 8.5 scenario and after applying suitable bias
correction, the drought propensity at all grid locations across the world are computed
in terms of the Drought Management Index (DMI) for the period 2011–2100. Apart
from the individual GCM datasets, a model averaged (CanESM2 and GFDL) global
dataset is also considered for computation of DMI across the world. The linear trend
in DMI at all locations is investigated during the twenty-first century and an increas-
ing trend in drought propensity is noticed over most of the locations, though a
decreasing trend as well as ‘no trend’ is also observed for some locations.

The spatio-temporal variation of drought propensity is examined at continental scale also,
wherein a spatial average of DMI values over extensive regions (parts of continents) are
computed and the linear trend of the spatially averaged DMI is assessed over the period 2011–
2100. This analysis suggests distinct increasing trends in drought propensity with time in
Northern Africa including the Gulf Region, Southern Africa, South America and Asia. While
there is no significant trend in Australia and India, a decreasing trend in drought propensity is
observed in North America and Europe. Though the drought propensity over Australia and
India do not show any overall trend, it is found to be high in both the countries during the
middle third (2041–2070) of the assessment period. For some regions such as Africa and
Europe, the areas of high drought propensity are found to shift spatially from east to west and
from north to south respectively with the progress of the century. Thus, this analysis provides
an insight into the spatial variation and temporal propagation of drought propensity across the
globe over the twenty-first century under the worst climate trajectory, wherein no pre-emptive
measures are adopted for reducing radiative forcing. On recognizing the trends in global
drought propensity over the near and far future, ‘preparedness’ may be the key in handling the
impending water stress before the crisis deepens. It is recommended that in-depth studies
should be undertaken to perform finer scale analysis of the regions that have been identified as
‘regions of increasing drought propensity’. This may be helpful for decision making with
regard to improved/resilient agricultural and water management practices. Moreover, the
analysis reveals that many of the regions that are expected to experience increase in drought
propensity consist of several political entities. This emphasizes the need to scale up trans-
border cooperation in water management well in time to combat future droughts.
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