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Abstract. Recent years have seen a number of severe

droughts in different regions around the world, causing agri-

cultural and economic losses, famines and migration. Despite

their devastating consequences, the Standardised Precipita-

tion Index (SPI) of these events lies within the general range

of observation-based SPI time series and simulations from

the 5th phase of the Coupled Model Intercomparison Project

(CMIP5). In terms of magnitude, regional trends of SPI over

the last decades remain mostly inconclusive in observation-

based datasets and CMIP5 simulations, but Soil Moisture

Anomalies (SMAs) in CMIP5 simulations hint at increased

drought in a few regions (e.g., the Mediterranean, Central

America/Mexico, the Amazon, North-East Brazil and South

Africa). Also for the future, projections of changes in the

magnitude of meteorological (SPI) and soil moisture (SMA)

drought in CMIP5 display large spreads over all time frames,

generally impeding trend detection. However, projections of

changes in the frequencies of future drought events display

more robust signal-to-noise ratios, with detectable trends to-

wards more frequent drought before the end of the 21st cen-

tury in the Mediterranean, South Africa and Central Amer-

ica/Mexico. Other present-day hot spots are projected to be-

come less drought-prone, or display non-significant changes

in drought occurrence. A separation of different sources of

uncertainty in projections of meteorological and soil mois-

ture drought reveals that for the near term, internal climate

variability is the dominant source, while the formulation of

Global Climate Models (GCMs) generally becomes the dom-

inant source of spread by the end of the 21st century, es-

pecially for soil moisture drought. In comparison, the un-

certainty from Green-House Gas (GHG) concentrations sce-

narios is negligible for most regions. These findings stand

in contrast to respective analyses for a heat wave index,

for which GHG concentrations scenarios constitute the main

source of uncertainty. Our results highlight the inherent dif-

ficulty of drought quantification and the considerable likeli-

hood range of drought projections, but also indicate regions

where drought is consistently found to increase. In other re-

gions, wide likelihood range should not be equated with low

drought risk, since potential scenarios include large drought

increases in key agricultural and ecosystem regions.

1 Introduction

The last decade has witnessed a number of severe drought

events (Sheffield and Wood, 2011), e.g., the 2005 and 2010

Amazon droughts (both characterised as “100 yr events”,

Marengo et al., 2008; Lewis et al., 2011), the 2009–2011

drought years in China (Barriopedro et al., 2012; Sun and

Yang, 2012), the North American “Texas” drought (since

2010, see Peterson et al., 2012; Seneviratne, 2012; Hoer-

ling et al., 2012b), the Horn of Africa and Sahel droughts

in 2011 (Lyon and DeWitt, 2012), and the recent decade-

long drought in Australia (McGrath et al., 2012). In the

recent Special Report by the Intergovernmental Panel on

Climate Change (IPCC) on Managing the Risks of Ex-

treme Events and Disasters to Advance Climate Change

Adaptation (SREX), droughts are highlighted as one of the

great challenges faced under climate change (IPCC, 2012;

Seneviratne et al., 2012), in particular, for several hot spot

regions that are consistently projected to be more strongly af-

fected by drought in the future (e.g., the Mediterranean, Cen-

tral America/Mexico, the Amazon, North-East Brazil and

South Africa, IPCC, 2012; Orlowsky and Seneviratne, 2012).

Several of the regions that have either experienced recent
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drought or are projected to be more strongly affected by

drought in the future are important agricultural areas (e.g.,

Central Europe, parts of the US or India; see Monfreda et al.,

2008), on which global food production may critically de-

pend in the future (Foley et al., 2011). In addition, drought

in the Amazon region has been highlighted as a possible tip-

ping element of the climate system (Lenton et al., 2008), in-

volving potential large feedbacks to the global carbon cycle

(Friedlingstein et al., 2006; Poulter et al., 2010). Assessing

the uncertainty and likely range of drought projections is,

therefore, of key importance.

Measuring drought is non-trivial, and different drought in-

dices have been used for different types of drought (Lloyd-

Hughes and Saunders, 2002; Burke and Brown, 2008;

Sheffield and Wood, 2011; Sheffield et al., 2012; Seneviratne

et al., 2012). Meteorological drought, defined as precipitation

deficits, can be quantified by the Standardised Precipitation

Index (SPI, McKee et al., 1993) which we use in our study.

Soil moisture drought (which is often termed “agricultural

drought”) is concerned with soil water availability, which

we address through the analysis of Soil Moisture Anoma-

lies (SMAs). Hydrological drought, which refers to low river

flows and is, for example, of importance for water resources

management (Stahl et al., 2010, 2012), is not addressed in our

study. Depending on the chosen type and index of drought,

changes of drought conditions in observation-based datasets

and future projections by Global Climate Models (GCMs)

differ substantially (Burke and Brown, 2008; I. H. Taylor

et al., 2012). Recent studies (Dai, 2013; Sheffield et al., 2012)

on observed global drought changes over the 20th century

also find contradictory results, depending on the investigated

indices.

In this paper, we aim to complement these studies by

analysing the most up-to-date ensemble of GCM simulations

from the 5th phase of the Coupled Model Intercomparison

Project (CMIP5) together with observation-based datasets. In

particular, we analyse historical and future changes of me-

teorological and soil moisture drought in several hot spot

regions and provide a comprehensive discussion of the re-

lated uncertainties, depending on different drought indices,

observation-based datasets, GCM simulations and future

Green-House Gas (GHG) concentrations scenarios.

After introducing the employed data and indices, we first

identify drought hot spots by compiling information on gen-

eral drought exposure, land use and future drought projec-

tions (Sect. 2). For these hot spots, after a global robust-

ness assessment of drought trends, we investigate the re-

cent variations in meteorological and soil moisture drought in

observation-based datasets and GCM simulations, analysing

both the magnitude and frequency of the events (Sect. 3).

Projected future drought trends and their likelihood range in

CMIP5 projections are analysed in Sect. 4, including an as-

sessment of the relative uncertainty contributions of internal

variability, GCM formulation and GHG concentrations sce-

nario to the total projection spread. A corresponding analysis

is performed for a heat wave index to provide a benchmark-

ing for the drought uncertainties. Section 5 summarises our

findings and their implications.

2 Data, indices and hot spots of drought

2.1 Data

2.1.1 CMIP5

The internationally coordinated sets of CMIP5 GCM ex-

periments provide climate simulations of historical and fu-

ture periods with different GHG concentrations scenarios.

The ensemble constitutes one of the main data sources for

the upcoming 5th Assessment Report, AR5, by the IPCC.

We use monthly data from the CMIP5 historical and three

future Representative Concentrations Pathways experiments

(RCP2.6, RCP4.5 and RCP8.5, see Moss et al., 2010), avail-

able at http://cmip-pcmdi.llnl.gov/index.html. The historical

runs with observed GHG forcing finish in 2005 and the RCP

experiments start in 2006, representing a peak-and-decline

(RCP2.6), a stabilisation-without-overshoot (RCP4.5) and

a rising (RCP8.5) GHG concentrations scenario, respec-

tively. From each GCM, only one run is used (the r1i1p1-run

if available, where r1 denotes the first run of that GCM, given

the first set of initial conditions, i1, and the first setting of

physical parameters, p1, see Taylor et al., 2011; K. E. Taylor

et al., 2012), and only if it is available both for the histori-

cal and the respective RCP experiments, and if it completely

covers the 1950–2100 period. Table 1 indicates the available

GCM projections at the time of analysis (October 2012).

2.1.2 Observation-based datasets

For the comparison of observed and GCM simulated

droughts, we use three global monthly precipitation datasets

of different spatial resolutions, based on station observations,

remote-sensing data and combinations of these. We anal-

yse the longest common period of all these datasets, 1979–

2009. Observation-based monthly precipitation data is used

from CRU TS3.1 (Climate Research Unit at the University

of East Anglia, UK, Mitchell and Jones, 2005), covering

1901–2009 on a 0.5◦ grid; CMAP (Climate prediction cen-

ter Merged Analysis of Precipitation, from the NOAA, USA,

Xie and Arkin, 1997), covering 1979–2009 on a 2.5◦ grid,

and GPCP (Global Precipitation Climatology Project, Adler

et al., 2003), covering 1979–2010 on a 2.5◦ grid.

2.2 Indices of drought and heat waves

2.2.1 Time series of drought indices

We use monthly time series of two standardised drought in-

dices (see below) to quantify meteorological and soil mois-

ture drought, respectively. Our analyses address both the
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Table 1. GCMs from the CMIP5 used in our study. Columns give GCM name, horizontal resolution and for each future GHG concentrations

scenario the drought and heat wave indices that could be calculated from each GCM. SPI: Standardised Precipitation Index; SMA: Soil

Moisture Anomalies; CDD: Consecutive Dry Days; WSDI: Warm Spell Duration Index. See Sect. 2 and the Supplement.

GCM Resolution RCP2.6 RCP4.5 RCP8.5

BCC-CSM1.1 Gaussian 128 × 64 SPI, SMA SPI, SMA SPI, SMA, CDD

BCC-CSM1.1(m) Gaussian 320 × 160 SPI SPI, SMA CDD

CanESM2 Gaussian 128 × 64 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

CMCC-CESM Gaussian 96 × 48 CDD

CMCC-CM Gaussian 480 × 240 SPI, SMA, WSDI SPI, SMA, WSDI

CMCC-CMS Gaussian 192 × 96 SPI, SMA SPI, SMA, CDD

CNRM-CM5 Gaussian 256 × 128 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

ACCESS1.0 192 × 145 SPI, SMA, WSDI SPI, SMA, CDD, WSDI

ACCESS1.3 192 × 145 SPI, SMA SPI, SMA, CDD

CSIRO-Mk3.6.0 Gaussian 192 × 96 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

EC-EARTH Gaussian 320 × 160 SPI WSDI SPI,CDD

FIO-ESM Gaussian 128 × 64 SPI SPI SPI

BNU-ESM Gaussian 128 × 64 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

INM-CM4 180 × 120 SPI, SMA, WSDI SPI, SMA, CDD, WSDI

IPSL-CM5A-LR 96 × 96 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

IPSL-CM5A-MR 144 × 143 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

IPSL-CM5B-LR 96 × 96 WSDI WSDI

FGOALS-g2 128 × 60 SPI, SMA SPI, SMA SPI, SMA, CDD

FGOALS-s2 Gaussian 128 × 108 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

MIROC5 Gaussian 256 × 128 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

MIROC-ESM Gaussian 128 × 64 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

MIROC-ESM-CHEM Gaussian 128 × 64 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

HadGEM2-CC 192 × 145 CDD

HadGEM2-ES 192 × 145 WSDI WSDI CDD

MPI-ESM-LR Gaussian 192 × 96 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

MPI-ESM-MR Gaussian 192 × 96 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

MRI-CGCM3 Gaussian 320 × 160 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

GISS-E2-H-CC 144 × 90 SPI, SMA

GISS-E2-R 144 × 90 SPI, SMA SPI, SMA, WSDI SPI, SMA

GISS-E2-R-CC 144 × 90 SPI, SMA

CCSM4 288 × 192 SPI, SMA SPI, SMA SPI, SMA, CDD

NorESM1-M 144 × 96 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

NorESM1-ME 144 × 96 SPI, SMA SPI, SMA SPI, SMA

HadGEM2-AO 192 × 145 SPI SPI SPI

GFDL-CM3 144 × 90 SPI,WSDI SPI SPI,CDD, WSDI

GFDL-ESM2G 144 × 90 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

GFDL-ESM2M 144 × 90 SPI, SMA, WSDI SPI, SMA, WSDI SPI, SMA, CDD, WSDI

CESM1(BGC) 288 × 192 SPI, SMA, WSDI SPI, SMA, CDD, WSDI

CESM1(CAM5) 288 × 192 SPI SPI SPI, SMA

magnitude of drought (that is, the absolute values of the re-

spective indices) and frequencies of drought, determined by

the number of months per year in which an index falls be-

low a certain threshold. These frequencies are estimated from

running 10 yr windows.

The Standardised Precipitation Index (SPI) is a com-

monly used index of meteorological drought (e.g., McKee

et al., 1993; Lloyd-Hughes and Saunders, 2002; Heim,

2002; Hirschi et al., 2011; Mueller and Seneviratne, 2012;

Seneviratne et al., 2012) characterising precipitation deficits

or surpluses over different time scales. Here we use the

12 month time scale (SPI12) to account for long-term

drought on the annual time scale, which is the time scale of

the globally most severe drought events of the last decades,

mentioned at the beginning of Sect. 1 (see also Sheffield and

Wood, 2011, who lists severe droughts over the 20th century,

most of them extending over one to several years). However,

regions like Europe usually experience drought on shorter

time scales of several months. Therefore, we additionally

provide an analysis of the 3 month time scale (SPI3) for com-

parison in the Supplement.
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The SPI12 (and analogously SPI3) is computed as follows

(see Lloyd-Hughes and Saunders, 2002, for details). For each

month, the precipitation over the preceding 12 (3) months is

summed. Then a two-parameter Gamma distribution of cu-

mulative probability, Ŵα,β , is fitted to the strictly positive

12 (3) month sums, such that the probability of a non-zero

precipitation sum exceeding a certain value x corresponds to

Ŵα,β(x). We estimate shape parameter α and scale parame-

ter β with a maximum likelihood approach. If the estimation

does not converge, α and β are approximated using empiri-

cal relations (Lloyd-Hughes and Saunders, 2002). Account-

ing for 12 (3) month periods of no precipitation, occurring at

a frequency q, the total cumulative probability distribution of

a precipitation sum exceeding x, H(x), becomes

H(x) = q + (1 − q)Ŵα,β(x).

In the last step, a precipitation sum x is assigned to its

corresponding SPI value by computing the quantile qN(0,1)

which under the standard normal distribution with mean 0

and standard deviation 1, N0,1, corresponds to H(x),

x → qN(0,1)
(H(x)).

The SPI of a precipitation sum x, thus, corresponds to the

quantile of the standard normal distribution which is assigned

by preserving the probability of the original precipitation

sum, H(x). By construction, the SPI centres at 0 with a stan-

dard deviation of 1. Here, for all datasets, the Gamma dis-

tribution is fitted to the monthly sums of the 1979–2009 pe-

riod for a consistent comparison with the observation-based

datasets.

Monthly Soil Moisture Anomalies (SMAs, referring to the

water content of the entire soil column) as an index of soil

moisture (agricultural) drought are calculated with respect

to the 1979–2009 monthly means and standardised by the

monthly 1979–2009 standard deviations,

SMAy,m = (SMy,m − µm)/σm,

where y and m denote any year and month, SMy,m the cor-

responding soil moisture, while µm and σm denote the mean

and standard deviation of the soil moisture of month m cal-

culated over the 1979–2009 period. This standardisation ac-

counts for the large spread of soil moisture variabilities in

the GCMs due to different land-surface schemes, soil depths

and layers, etc. (Orlowsky and Seneviratne, 2012) and en-

sures direct comparability with the SPI12, which is standard-

ised over the same period. Note that the term “agricultural

drought” is connotated with more dimensions than just the

physical quantification through soil moisture, e.g., drought

exposure of farmers and their adaptive capacity. In addition,

soil moisture affects several other systems beside agricultural

areas, such as forests, grassland and also built environment.

For this reason, we use here the term “soil moisture drought”

rather than “agricultural drought” (see also Seneviratne et al.,

2012).

While for SPI at least a rough evaluation of the histori-

cal GCM simulations can be performed by comparing with

observation-based datasets (Sect. 2.1), to date no suitable

long-term observation-based data is available for (root-zone)

soil moisture. Changes in GCM projected SMAs are, there-

fore, only indicative of actual changes and in particular their

magnitudes should be interpreted with care. Note that the

time scales of 1 month SMAs and SPI3/SPI12 differ. How-

ever, soil moisture typically exhibits a memory of several

months (Dirmeyer et al., 2009; Orth and Seneviratne, 2012),

thereby integrating precipitation comparably at least to SPI3

(in addition to integrating the effects of evapotranspiration).

Moreover, projected changes in drought often display year-

to-year carry-over effects (e.g., Wang, 2005), thus, possibly

covering even longer time scales. Analysing both SPI3 and

SPI12 together will help to detect cases, if any, where the

temporal scale mismatch between SMA and SPI could be

problematic.

Merely for comparison of CMIP5 with its predecessor

CMIP3 in Sect. 2.3 (see Fig. S1 in the Supplement), we ad-

ditionally use the Consecutive Dry Days Index (CDD, e.g.,

Tebaldi et al., 2006; Orlowsky and Seneviratne, 2012), based

on daily precipitation data from GCM simulations of the

CMIP5 and CMIP3 ensembles.

2.2.2 Heat wave index

To put the uncertainty of drought quantification and pro-

jection into perspective, similar analyses are performed for

a standard heat wave index. The Warm Spell Duration In-

dex (WSDI) counts the annual numbers of days that belong

to spells of at least six days length at which the climatolog-

ical 90th percentile of daily maximum temperatures is ex-

ceeded (Orlowsky and Seneviratne, 2012; Sillmann et al.,

2013a). The index has been calculated for the CMIP5 sim-

ulations by Sillmann et al. (2013b) and has been downloaded

for our study from http://www.cccma.ec.gc.ca/data/climdex/

index.shtml (last access: October 2012).

2.3 Drought hot spots

For our study we select drought hot spot regions starting

from the hot spots identified in the SREX (IPCC, 2012;

Seneviratne et al., 2012) and additionally using impact and

land use data, as well as projections of future drought

changes. These different data streams provide us with a non-

exhaustive, but representative selection of regions, for which

drought has already been relevant or will become potentially

relevant in the future.

The maps in Fig. 1a, b show physical and economical

drought exposure for the 1980–2001 period (data provided

by the United Nations Environmental Program, UNEP, at

http://preview.grid.unep.ch, last access: October 2012). Fig-

ure 1c, d display the global distributions of crop and pasture

lands of the year 2000 (Monfreda et al., 2008). The maps of
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Fig. 1. Exposure to drought, land uses and future changes of drought in CMIP5 projections. (a) Physical exposure to drought measured

by the number of persons exposed to drought per year over 1980–2001. (b) Economic exposure to drought in 1980–2001 measured by the

expected average annual Gross Domestic Product GDP (2007 as the year of reference) exposed to drought (in US$, year 2000 equivalent).

(c) Crop areas as grid cell percentages for the year 2000. (d) Pasture areas as grid cell percentages for the year 2000. (e) Multi-GCM averages

of multi-year average changes in 12 month Standardised Precipitation Index (SPI12) between present-day (1980–1999) and future (2081–

2100), divided by the standard deviation of annual values with their linear trend over the 1961–2100 period removed. The GCM projections

are based on the RCP8.5 GHG concentrations scenario. (f) As (e), but for changes in average Soil Moisture Anomalies (SMA). Colour

shading in (e) and (f) indicates at least 66 % of the GCMs agreeing on the sign of change, additional stippling (black dots) indicates 90 %

agreement. Gray shading indicates less than 66 % GCM agreement on the sign, and if stippled (black diamonds), consistent small changes

(at least 66 % of the GCMs display changes smaller than half a standard deviation). Increased drought is indicated with yellow-red shading.

Outlined regions in all maps indicate the hot spots that are analysed in our study.

physical and economical exposure and the crop land distri-

bution show overlap in many regions, quantified for instance

by the fractions of grid cells where two maps concurrently

show values above the 66-percentile, compared to the grid

cells where at least one of the two maps is above the 66-

percentile. These fractions range between 27 % for crop land

vs. economical exposure and 50 % for economical vs. phys-

ical exposure. The patterns are naturally all closely related

to the population density (also available from UNEP, not

shown). Correspondingly, pasture areas are found in different

regions, filling some of the gaps left by crop agriculture (the

fraction of grid cells concurrently above the 66-percentile

is 9 %). Regional hot spots of drought exposure and/or in-

tense agricultural use include Central Europe (CEU) and the

Mediterranean (MED), Central North America (CNA) and

Central America/Mexico (CAM), North-East Brazil (NEB),

South Asia (SAS), East Asia (EAS, mostly China), the Sa-

hel (SHE), and Eastern and Southern Africa (EAF and SAF,

respectively). Australia (AUS) experienced until recently

a decade-long drought (McGrath et al., 2012), which is not

captured by the exposure data. Although not being exhaus-

tive, this selection combines hot spots identified in the SREX

(IPCC, 2012; Seneviratne et al., 2012) with further data

streams and provides a representative selection of regions

which are affected by drought changes in different ways.

Future projections of two drought indices in the CMIP5

ensemble, the 12 month Standardised Precipitation Index

(SPI12) and Soil Moisture Anomalies (SMA, see Sect. 2

for both) show that some of these hot spots are consis-

tently projected to become even drier during the 21st century

www.hydrol-earth-syst-sci.net/17/1765/2013/ Hydrol. Earth Syst. Sci., 17, 1765–1781, 2013
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(Fig. 1e, f displays CMIP5 ensemble averages after inter-

polating individual GCM patterns to a Gaussian T42 grid

of approximately 1.8◦ resolution). This holds, in particular,

for the Mediterranean region (MED, ensemble median of

the regional average change of SPI12: −1.1), South Africa

(SAF, median average change of SPI12: −0.53) and Central

America/Mexico (CAM, median average change of SPI12:

−0.41). Further regions of aggravating drought include the

Amazon (AMZ, median average change of SPI12: −0.33)

and North East Brazil (NEB, median average change of

SPI12: −0.48). On the other hand, some of the drought hot

spots of the recent past are projected to become wetter, e.g.,

East Africa (EAF, median average change of SPI12: +0.94),

the Sahel (SHE, median average change of SPI12: +0.53)

and South Asia (SAS, median average change of SPI12:

+0.73). This general pattern is found similarly for RCP2.6

and RCP4.5 (not shown), although RCP8.5 tends to produce

stronger changes.

Note that the future changes of meteorological and soil

moisture drought from the CMIP5 projections are consistent

with the projections of the preceding CMIP3 ensemble (Sup-

plement Fig. S1; see also Orlowsky and Seneviratne, 2012;

Seneviratne et al., 2012). All regions selected in this section

are analysed in the remainder of the paper.

3 Drought changes of the recent past

3.1 Robustness of global change patterns

In a recent study, Sheffield et al. (2012) computed trends

in the commonly used Palmer’s Drought Severity Index

(PDSI) using two alternative potential evaporation formu-

lations (the Thornthwaite formulation, Thornthwaite, 1948,

and the Penman-Monteith formulation, Monteith, 1965) over

the 1950–2008 period, derived from an observation-based

dataset. It finds several regions of significantly increased

drought with both potential evapotranspiration formulations,

most notably in East Asia, Central and Sahelian Africa, Cen-

tral and Southern Europe and Eastern Australia. These re-

gional results also agree with the recent study by Dai (2013),

although the two studies do not agree regarding trends in

the global area affected by drought (Sheffield et al., 2012;

Seneviratne, 2012). Here we complement the analyses of

Sheffield et al. (2012) and Dai (2013) by assessing the ro-

bustness of trends in CMIP5 simulations of SPI12 and SMA

over two periods, 1950–2009 and 1979–2009. For the latter

and SPI12, trends from the three observation-based precipi-

tation datasets CRU, CMAP and GPCP (Sect. 2) are included

in the analysis.

We assess trends from linear least-squares regression of

annual averages of SPI12 and SMA against time and eval-

uate the statistical significance of the trend being different

from zero by the standard t test. This test is known to be

sensitive to auto-correlation in the time series, and spatial

correlations further compromise its interpretability (see e.g.,

Stahl et al., 2010, for a discussion of typical pitfalls when

assessing trends in hydrological time series). Although we

do not address them directly, we try to circumvent these

issues by setting a rather demanding significance level of

0.5 %. Trends and p values of the linear regression on the

original GCM grids are interpolated to a common 0.5◦ grid

by nearest-neighbour assignment prior to the assessment of

agreeing significant trends. The interpolation to a grid with

finer resolution than the GCM grids correctly preserves the

information of the p values at all locations, which would be

compromised by interpolation to a coarser grid.

Figure 2 assesses the agreement on drought trends in the

historical CMIP5 simulations. In order to maximise the over-

lap of years between observation-based datasets and CMIP5

simulations, the years after 2005 are taken from the con-

tinuing runs into the RCP8.5 GHG concentrations scenario,

which compares best to the observed GHG concentrations of

these years (compare Moss et al., 2010; Van Vuuren et al.,

2011). For SPI12, the only extended land regions of rather

consistent trends are in the high latitudes, where up to a half

of the 32 GCMs indicate significant positive trends (Fig. 2a,

c). The observation-based trends in Fig. 2c show only few

patches with consistent trends, e.g., wetting in the high lati-

tudes, neutral trends in mid-latitudes, drying patches in the

sub tropics and wetting patches in the tropics, although it

is difficult to support such a zonal generalisation from the

analysis. This observation-based pattern is only in part agree-

ing with the CMIP5 pattern (although there is not much of

a pattern in the first place). Note also that the observation-

based pattern is by far less clear than the long-term 1925–

1999 trend pattern found from zonal averaged precipitation

anomalies in Zhang et al. (2007), which indicates that our

31 yr period is probably too short to detect possible changes

for large parts of the globe. However, in particular over parts

of Eastern Asia and Africa, our observation-based trend pat-

tern shows that the consistent areas of increase or decrease

do not depend on latitude only, which hints at a limited value

of the zonal average for that regional scale.

Results for SPI3 (Fig. S2 in the Supplement) shows pat-

terns similar to the SPI12 analyses.

Recent global (Dai, 2013; Sheffield et al., 2012) and re-

gional (with a focus on the Mediterranean and Europe,

Hoerling et al., 2012a; Stahl et al., 2012) studies find more

coherent trends patterns than displayed in our Fig. 2. This

discrepancy may be related to several factors, including dif-

ferent hydrological variables or indices, different time peri-

ods and different ways of assessing the statistical significance

of the trends. Taking these factors into account, our results do

not contradict the patterns from other studies, but highlight

the inherent ambiguity in quantifying such trends.

Overall, especially for the 1979–2009 period in Fig. 2c, d

the CMIP5 patterns are dominated either by consistently no

significant trends (white) or by contradicting signals (grey

shading), which holds, in particular, for SMA, where only
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Fig. 2. Consistency of drought trends in two observational periods (observation-based datasets and CMIP5 GCM simulations) for SPI12 (a, c)

and SMA (b, d). Colour shading is applied if the significant trends (evaluated at the 0.5 % significance level) across the CMIP5 ensemble are

all of the same sign and indicates the number of GCMs with significant trends (green-blue for positive/wetting, orange-red for negative/drying

trends). White indicates regions where at least 90 % of the GCMs show no significant trends (consistently no change). All other areas are

grey. Symbols in (c) show the same for three observation-based SPI12 datasets. “o”: none of the three datasets shows a significant trends;

blue “+” and red “−” indicate purely significant positive/wetting and negative/drying trends, respectively; the size of the symbol indicates

the number of agreeing observation-based datasets (see legend at c).

a few scattered patches show consistent drying trends in the

CMIP5 simulations. Furthermore, for both indices consistent

trends are only found in rather small subsets of the CMIP5

ensemble. We conclude that the detection of drought hot

spots from trends in the observational period remains a sig-

nificant challenge.

3.2 Past changes of drought in selected hot spot regions

In the remainder of this article, we present results from

analysing the drought hot spots identified in Sect. 2. Given

the many severe drought events in the last years, e.g., the

“Texas” drought in Southern US and Mexico since 2010

(regions Central North America, CNA, and Central Amer-

ica/Mexico, CAM), the drought at the Horn of Africa in

2011 (region East Africa, EAF) and the China droughts

2009–2011 (region East Asia, EAS), obvious questions are

whether these events are exceptional or within internal cli-

mate variability, whether drought magnitude or frequency

has increased or decreased over the last decades, and whether

there will be future changes.

Figure 3 displays time series of SPI12 from three

observation-based datasets, averaged with grid cell area

weighting over the land grid cells with centres in the iden-

tified hot spot regions. Shading indicates the range of the

corresponding CMIP5 time series of the same regions and

period. The conclusions for the recent past of all investi-

gated regions are very similar. First, the three observation-

based datasets correlate reasonably well, although the ampli-

tudes are less consistent (Pearson’s correlation coefficients

average at 0.8, with all correlation coefficients being above

0.6, except for some combinations in EAF and EAS, where

they go down to approximately 0.4). Second, there are hardly

any trends over this period, neither in the observation-based

datasets nor in the GCM ensemble. A few very weak tenden-

cies can be found, e.g., for MED (drying after approximately

1980) and CNA (wetting), but these are negligible in view

of the large inter-annual variability both in the observation-

based datasets and the GCMs and not significant statistically

(see Fig. 2). The range of SPI12 values at this spatial ag-

gregation is generally rather limited, hardly exceeding ±1,

even for the peak of the devastating Sahel (SHE) drought in

the 1980s. Global trends towards increased dryness as found
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Fig. 3. Observation-based and CMIP5 simulated SPI12: annual averages of SPI12 values from three observation-based datasets (coloured

lines) and median, inter-quartile range and total range across the CMIP5 ensemble (black line, dark grey and grey shading, respectively).

Until 2005, CMIP5 data come from the historical simulations, after-wards, projections for the GHG concentrations scenario RCP8.5 are

used. SPI12 values are calculated with respect to the 1979–2009 period for all datasets.

in Dai (2013) for the last decades are not reproduced by the

SPI12 at this regional scale. Last, the dry years depicted by

the SPI12 in the observation-based data always fall within the

range of the GCM ensemble. Despite their sometimes dev-

astating societal and economical effects, none of the major

events mentioned in Sect. 1 appears as exceptional in these

observation-based time series when compared to their overall

range and the spread of the GCM ensemble.

A complementary analysis of the occurrence frequencies

of months with SPI12 < −0.5 in moving 10 yr windows (rep-

resenting only “mild drought” conditions, see Lloyd-Hughes

and Saunders, 2002) is presented in Fig. 4. This threshold is

not indicative of pronounced drought (a threshold of at least

−1, indicating “moderate drought”, would be more mean-

ingful), but the limited range of the time series over the ob-

servational period at this level of spatial aggregation requires

such a low value for a robust occurrence frequency estima-

tion. The obtained conclusions are basically the same as for

the SPI12 magnitude. Only for the Mediterranean, North East

Brazil and for the years after approximately 1990 in South

Africa, the GCM simulations seem to indicate increased me-

teorological drought, although this is not consistently found

in the observation-based datasets. The volatility in some of

the observation-based frequency series is due to the some-

times very few months with SPI12 < −0.5.

The time series for SPI3 (Figs. S3 and S4 in the Supple-

ment) lead to the same interpretations, the main difference

being a slightly narrower range of the SPI3 magnitudes.

The corresponding analysis for SMA in the CMIP5 sim-

ulations (Figs. 5 and 6) displays more consistent tendencies,

in particular for the frequencies of months with SMA < −0.5

standard deviations rather than SMA itself (see the MED,

CAM, AMZ, NEB and SAF panels in Fig. 6 for increasing

soil moisture drought). The extended drought in the Sahel

(SHE) and its recovery since the 1980s (Sheffield and Wood,

2011) is also visible, which is interesting since the GCM sim-

ulations are driven by historical radiative forcing only (not in-

cluding e.g., observed Sea Surface Temperatures, which are
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Fig. 4. As Fig. 3, for the occurrence frequencies of “mild drought” (SPI12 < −0.5) in observation-based datasets and CMIP5 simulations,

derived from 10 yr moving windows. Frequencies are given as months per year.

known to control Sahel precipitation, see e.g., Held et al.,

2005). Analysing potential links between the Sahel drought

and the historical radiative forcing, however, is beyond the

scope of our study.

Our analysis, thus, indicates that the drying in these re-

gions is not due to decreases in (standardised) precipitation,

but is linked to the effect of increased evapotranspiration,

which can drive soil drying even if precipitation does not de-

crease (Seneviratne, 2012). Increases in runoff as an expla-

nation for soil moisture depletion are less probable, as runoff

in observations tends to decrease in regions where soil mois-

ture decreases (Stahl et al., 2010, 2012). Furthermore, in the

rather simple land surface modules of the CMIP5 GCMs,

runoff depends on soil moisture availability and is, there-

fore, unlikely to increase when soil moisture decreases. The

higher consistency for frequencies compared to magnitude

may be related to physical limits of the system. For example,

if a soil approaches dry-out, SMA cannot decrease any fur-

ther, while the frequency of SMA below some threshold can

still increase.

Although the threshold for the frequency analysis cannot

be related to specific impacts directly in such a standardised

framework, this does not compromise the finding that occur-

rence frequencies show clearer signals than magnitudes, al-

though both for magnitudes and frequencies and in all inves-

tigated regions, the spread over the period is larger than the

changes.

The few spots of systematic SMA decreases in Fig. 2 fall

into the drying regions identified in Fig. 6, although their spa-

tial extent does not cover the entire hot spot regions due to the

masking for statistical significance.

Time series of top-layer soil moisture from a merged ac-

tive and passive micro-wave remote-sensing dataset (Liu

et al., 2012) display an unrealistic interannual variability (not

shown) and are compromised by instrumentation changes

over time. They are, therefore, omitted from our analyses.

In the absence of any other reliable observation-based soil

moisture dataset with global coverage (Seneviratne et al.,

2010), a comparison between observed SMA and GCM sim-

ulations and their internal variability is not feasible at this

stage.
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Fig. 5. CMIP5 simulated SMA: Median, inter-quartile range and total range across the CMIP5 ensemble of annual SMA averages (black

line, dark grey and grey shading, respectively). Until 2005, CMIP5 data come from the historical simulations, after-wards, projections for

the GHG concentrations scenario RCP8.5 are used. SMA values are calculated with respect to the 1979–2009 period for all datasets.

4 Drought changes in future projections

4.1 Future changes of drought in selected hot

spot regions

In Fig. 7, we show future projections of SPI12 and SMA

for six of the twelve hot spot regions. They share that the

median SPI12 increases (Fig. 7a), with the clearest signals

in the Asian and African regions (except for Sahel), some

of them present-day drought hot spots (e.g., EAF, SAS and

EAS, see Sect. 2.3). For these regions there is also a clear

dependence on the GHG concentrations scenario, with the

stronger scenarios coinciding with stronger changes. In con-

trast, the US and Europe have weaker signals. Soil Mois-

ture Anomalies (SMA, see Fig. 7b) show a much larger

GCM-ensemble spread, which includes both substantial in-

crease and decreases of soil moisture. Taking SPI12 and

SMA together, the clearest signal of wetting is found for

the EAF region, in agreement with Shongwe et al. (2011).

Central North America (CNA) and Central Europe (CEU)

even suggest slight decreases of soil moisture for the major-

ity of the GCMs, hinting at a stronger increase of evapotran-

spiration offsetting precipitation increases in these regions

(Sheffield and Wood, 2008a, also find increases in the spatial

extent of soil moisture drought in these regions in CMIP3

simulations, although small).

Note, however, that due to the lack of suitable data, GCM

simulations of soil moisture cannot be constrained by obser-

vations and apparent trends must be interpreted as indicative

rather than as realisation of physical reality. This is particu-

larly relevant given the disagreement between different for-

mulations of the widely used Palmer’s Drought Severity In-

dex (PDSI, Palmer, 1965; Wells et al., 2004; Sheffield et al.,

2012) which is also considered as an index relevant to soil

moisture drought (Sheffield and Wood, 2011).

In the remaining six hot spot regions, median SPI12

decreases to varying degrees (Fig. 8a), and soil mois-

ture decreases accordingly (Fig. 8c). The Mediterranean

(MED) displays the clearest decrease, followed by South

Africa (SAF), Central America/Mexico (CAM) and the
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Fig. 6. As Fig. 5, for the occurrence frequencies of months with SMA < −0.5 in CMIP5 simulations, derived from 10 yr moving windows.

Frequencies are given as months per year.
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Fig. 7. Wetting regions in the 21st century. (a) Box plots for 20 yr

average SPI12, regions where the median SPI12 increases. The

numbers at the bottom-most x-axis denote the central years in the

21st century of the 20 yr windows. Colours indicate the respective

GHG concentrations scenario, blue: RCP2.6, green: RCP4.5 and

red: RCP8.5. (b) like (a), but for Soil Moisture Anomalies (SMA).

Changes are given as standard deviations with respect to 1979–2009

in both plots.

Amazon (AMZ), trends which are also found in the CMIP3

analyses in Sheffield and Wood (2008a); Orlowsky and

Seneviratne (2012) and in a perturbed parameters experi-

ment (I. H. Taylor et al., 2012). For North East Brazil (NEB)

and Australia (AUS), even for the strongest changes in the

2090s under RCP8.5, the 0-change line is within the inter-

quartile range of the ensemble, indicating substantial uncer-

tainty about the sign of the future trend. The decrease of

SMA over the historical period (Sect. 3.2 and Figs. 5 and

6) in North East Brazil (NEB) is less evident for the future.

While changes of SMA reach higher amplitudes, they also

display much larger ranges (note the different y-axes), sug-

gesting on the one hand a stronger integrated response of the

soil compared to precipitation alone, but also highlighting the

considerable range in the representation of the related pro-

cesses in the CMIP5 GCMs.

Trends are more visible when frequencies rather than

magnitudes of drought are analysed, as Fig. 8b, d

shows by the number of months per year in which the

SPI12 < −1 and SMA < −1, respectively, calculated for

www.hydrol-earth-syst-sci.net/17/1765/2013/ Hydrol. Earth Syst. Sci., 17, 1765–1781, 2013



1776 B. Orlowsky and S. I. Seneviratne: Elusive drought

❛ ❙P■✶✷

−
2

−
1

0
1

MED SAF CAM AMZ NEB AUS

❜ ❋r❡q✳ ❙P■✶✷❁ �✶ ✭♠♦♥t❤s✴②❡❛r✮

0
4

8
1

2

❝ ❙▼❆

−
3

0
−

1
5

−
5

5

❞ ❋r❡q✳ ❙▼❆❁ �✶ ✭♠♦♥t❤s✴②❡❛r✮

0
4

8
1

2

10 30 50 70 90 10 30 50 70 90 10 30 50 70 90 10 30 50 70 90 10 30 50 70 90 10 30 50 70 90

Fig. 8. Drying regions in the 21st century. (a) Box plots for 20 yr

average SPI12, regions where the median SPI12 decreases. The

numbers at the bottom-most x-axis denote the central years in the

21st century of the 20 yr windows. Colours indicate the respective

GHG concentrations scenario, blue: RCP2.6, green: RCP4.5 and

red: RCP8.5. (b) Months per year in which SPI12 < −1. (c) and (d)

Like (a) and (b), but for Soil Moisture Anomalies (SMA). Changes

are given as standard deviations with respect to 1979–2009 in (a)

and (c) and as months per year in (b) and (d).

moving 10 yr windows. SPI12 < −1 indicate at least “mod-

erate drought” (see e.g., Lloyd-Hughes and Saunders, 2002),

while SMA < −1 indicates one standard deviation below

normal with respect to to the 1979–2009 period (see Sect. 2)

and, in contrast to the historical analyses presented in

Sect. 3.2, the future changes are large enough to perform the

frequency analysis with this threshold.

Other findings correlate with the strength of the decreases.

For example, in regions with small changes such as Aus-

tralia (AUS), hardly any differentiation between the three

GHG concentrations scenarios is visible, in contrast to the

Mediterranean (MED). Changes also depend on time, gen-

erally with a monotonic increase. However, for the regions

with strong changes, this dependence is nonlinear and in-

dicative of the regions approaching a depleted state. For ex-

ample, drought frequencies in SMAs in the Mediterranean

(MED) saturate towards almost every month by the 2090s

under the RCP8.5 scenario, a frequency which is also within

the ensemble range of SPI12 projections for the Mediter-

ranean (MED) and Central America/Mexico (CAM). “Mod-

erate drought” (SPI12 < −1) of the present day climate is

projected as normal for the 2090s in these simulations. The
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Fig. 9. Separation of the total ensemble uncertainty,
√

Ty , into rel-

ative contributions from internal variability, V , uncertainty due to

GCM formulation, My , and GHG concentrations scenario, Sy , fol-

lowing Hawkins and Sutton (2009). (a) Two illustrative GCM time

series (such as temperature or a drought index with a strong upward

trend) and their 4th order polynomial fit. The bars to the right de-

note the time-independent variability of the annual residuals. Their

average over all GCM series and GHG concentrations scenarios de-

fines the internal variability, V . (b) Illustrative 4th order polyno-

mial fits of GCM time series from three different GHG concen-

trations scenarios (colours blue, green, red, analogue to RCP2.6,

RCP4.5 and RCP8.5 in Figs. 7 and 8). Thick lines denote the aver-

aged time series of the series corresponding to each of the different

GHG concentrations scenarios. Coloured arrows indicate the vari-

ability within each scenario at a given year. Their average defines

the uncertainty due to GCM formulation, My , for that year. The grey

arrow indicates the variability of the intra-scenario average time se-

ries at a given year. This variability defines the uncertainty due to

GHG concentrations scenario, Sy . (c) The intra-scenario averages

and their mean (black dashed line). The change signal of a given

year, Gy , is defined as the change in this mean with respect to the

level of the reference year 2006 (horizontal line). See text for de-

tails.

likelihood range of projected changes is generally wider for

the high GHG concentrations scenario, see e.g., the SPI12

projections for Central America/Mexico (CAM).

Corresponding results for SPI3 reconfirm the findings for

SPI12 (see Fig. S5 in the Supplement), although the pro-

jected changes are smaller compared to SPI12.

4.2 Sources of uncertainty in drought projections

To investigate the causes behind the large spread in fu-

ture projections of meteorological and soil moisture drought,

we separate the total uncertainty of the CMIP5 ensemble

into contributions from internal variability, GCM formula-

tion and GHG concentrations scenarios. To this end, we ap-

ply a modified version of the method proposed in Hawkins

and Sutton (2009, see Fig. 9), using all available projec-

tions in the CMIP5 ensemble (as of October 2012) from the

RCP2.6, RCP4.5 and RCP8.5 experiments (see Sect. 2.1).

In a preparatory step, a 4th order polynomial is fitted to the

annual values (e.g., annual average SMA) of each GCM sim-

ulated time series using least squares regression (Fig. 9a) to

identify the long-term trend component of the time series.

From this,
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Fig. 10. Fractional uncertainty, defined as uncertainty divided by the change since 2006, Fy =
√

Ty/Gy . Columns show Fy for magnitude

and frequency (months per year with values < −1, calculated from 10 yr moving windows) of SPI12, SMA and a heat wave index (WSDI)

for the analysed hot spot regions with decreasing median SPI12 (rows). Colours indicate the relative uncertainty contributions from GCM

formulation (My , blue), internal variability (V , orange) and GHG concentrations scenarios (Sy , green). See Fig. 9 and text for details.

– the time-independent internal variability, V , is defined

as the multi-GCM and multi-scenario average over the

variances of the annual residuals of the polynomial fit

of each GCM series (Fig. 9a),

– the GCM or model uncertainty of a given year y, My ,

is the average over all GHG concentrations scenarios of

the within-scenario variances of the fitted polynomials

at year y (Fig. 9b),

– and the scenario uncertainty of a given year y, Sy , is

the variance of the multi-GCM means of each scenario

(Fig. 9b) at year y.

We use equal weights for all GCMs. Note that this sepa-

ration into different sources of uncertainty oversimplifies the

relations between the different sources, e.g., assuming inde-

pendence between the sources and no dependence of internal

variability on time. Both assumptions cannot be considered

as given, e.g., internal variability depends on the GCM for-

mulation and additionally may change over time, if shifts to

new climate regimes occur. Since the complex interactions

between all involved sources prevent a straight forward dis-

entanglement, one has to keep in mind the inherent limita-

tions of such a separation.

By construction, the total variance of the entire ensemble

at a given year y equals the sum of the three uncertainty con-

tributions, Ty = V +My +Sy and its square root
√

Ty defines

the total uncertainty. The fractional uncertainty, Fy , of a fu-

ture year y is defined as the total uncertainty
√

Ty divided

by the change, Gy , between that future year and a reference

year calculated from the average of the fitted polynomials of

all GCMs and all scenarios of that year (Fig. 9c). If this ratio

Fy =
√

Ty/Gy drops below the value of 1, the change sig-

nal is larger than the uncertainty and, thus, detectable. The

year when this happens can be interpreted as “Time of Emer-

gence” (see Wilby, 2006; Hawkins and Sutton, 2012, for re-

lated definitions). Note that Hawkins and Sutton (2009) use

the more restrictive 90 % confidence interval (approximately

1.65
√

Ty) instead of the standard deviation (
√

Ty).

Figure 10 presents the results of this analysis for the

same regions as in Fig. 8 (those with decreasing SPI12)

for the drought indices SPI12 and SMA (together with
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their frequency time series of months with SPI12 < −1 or

SMA < −1, respectively) and the heat wave index WSDI for

comparison. The panels show the total fractional uncertainty,

Fy =
√

Ty/Gy , with respect to the reference year 2006, with

the topmost black curve. The area beneath is shaded accord-

ing to the relative uncertainty contributions from the GCMs’

formulation (My/Gy , blue), internal variability (V/Gy , or-

ange), and scenario uncertainty (Sy/Gy , green).

The projections of changes in the magnitude of SPI12 and

SMA (Fig. 10, first and third columns) never reach the crit-

ical detection threshold, irrespective of the region. The fre-

quency of drought series according to SPI12 (analysed in the

second column) come closer to the detection threshold com-

pared to the SPI12 series itself, but do not cross it either.

The same holds for SPI3 (Fig. S6 in the Supplement). Only

for frequency of drought series according to SMA (fourth

column) and for the Mediterranean, South Africa and Cen-

tral America/Mexico regions, a detectable change signal is

found. Only for these regions a “Time of Emergence” of

the change signals can be determined, which in our analy-

sis ranges between 2015 (MED) and 2040 (SAF), although

this may be too early given the rather generous definition of

total uncertainty of one standard deviation that we display in

Fig. 10 (e.g., compared to the 90 % confidence interval ap-

plied in Hawkins and Sutton, 2009).

Furthermore, scenario uncertainty plays only a minor role

and can in most cases be neglected in relation to internal vari-

ability and GCM uncertainty. For the meteorological drought

index SPI12, internal variability remains an important (and

often the dominant) uncertainty contributor until 2100. In

contrast, for projections of soil moisture drought (SMA), un-

certainty is only dominated by internal variability over the

very first years, while GCM uncertainty becomes strongly

dominant after approximately 2030.

These findings stand in contrast to the heat wave projec-

tions, measured by the Warm Spell Duration Index (WSDI),

for which GCM formulation never contributes significantly

to the total uncertainty (last column in Fig. 10). After a short

period in which internal variability constitutes the dominant

source of uncertainty, total fractional uncertainty drops be-

low 1 no later than 2030 in all regions, and thereafter the clear

dominant source of uncertainty is the GHG concentrations

scenario. In fact, if one chose, as history will do, one GHG

concentrations scenario and, thus, subtracted the GHG con-

centrations scenario contribution from the total fractional un-

certainty, projected changes of heat waves for the end of the

21st century (which increase, not shown) would be extremely

consistent across the GCM simulations, while the likelihood

range of drought would be hardly reduced. This comes as

no surprise, since the WSDI depends on temperature only

(generally the variable with the highest consistency between

the GCM simulations), whereas the drought indices depend

much more on complex processes and variables (such as pre-

cipitation, land surface fluxes and soil moisture) with still

uncertain representations in the GCMs (Seneviratne et al.,

2010).

I. H. Taylor et al. (2012) apply a similar analysis to a per-

turbed parameters ensemble, including as additional source

of uncertainty the choice of the drought index, which turns

out to contribute at least twice as much as all other sources to-

gether. However, different indices quantify different drought

aspects and their combination does not constitute a source

of uncertainty that is comparable to the combination of dif-

ferent GCMs in a multi-model ensemble. It should be noted

that Burke and Brown (2008) also assessed the dependence

of projected patterns of drought changes on the choice of

drought indices, and find that for the regions that we iden-

tify as showing robust increases, the increase in drought is

independent of the index.

5 Conclusions

Drought is one of the most societally relevant weather and

climate phenomena, and high-impact droughts from recent

years have been highlighted in the literature. However, our

analysis of the Standardised Precipitation Index, calculated

for the 3 month (SPI3) and the 12 month (SPI12) time scales,

shows that at least within this meteorological framework

the recent drought events are not exceptional compared to

the overall variability in the observation-based time series

and the CMIP5 ensemble. Regional SPI3 and SPI12 se-

ries of drought hot-spots display hardly any trend over the

last decades in observation-based datasets and CMIP5 simu-

lations, but Soil Moisture Anomalies (SMA) from CMIP5

suggest increasing soil moisture (agricultural) drought in

some regions, most importantly in the Mediterranean (in

agreement with Sheffield and Wood, 2008b; Hoerling et al.,

2012a). Other studies (Stahl et al., 2010, 2012) have shown

that this trend translates also into river runoff. Further re-

gions of increased drought include South Africa, Central

America/Mexico and North East Brazil, reconfirming results

in Sheffield and Wood (2008b); Dai (2011). Increases in

agricultural drought during the recent past are therefore not

driven by decreased precipitation, but by increased evapo-

transpiration, highlighting that the SPI or more generally me-

teorological drought, captures only part of the phenomenon.

However, quantifying the terrestrial aspects of drought,

in particular, soil moisture and its changes, is by far less

straight forward than for the meteorological part. Historical

drought trends in more comprehensive indices such as the

Palmer’s Drought Severity Index, which is considered rele-

vant for soil moisture drought (Sheffield and Wood, 2011),

have been shown to depend critically on the assumptions un-

derlying the computation of these indices (Sheffield et al.,

2012). Direct measures of (root-zone) soil moisture are avail-

able only with insufficient temporal and spatial coverage,

or are compromised by issues with data quality and consis-

tency. Many analyses on soil moisture in the literature rely
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on model simulations (e.g., Sheffield and Wood, 2008b; Dai,

2011, and references therein), which, however, as our study

shows, simulate a large range of drying and wetting changes.

The many sources of uncertainty stress the importance of the

regions, where despite these limitations increases have been

detected with some reliability over the observational period

(such as the Mediterranean, Central America/Mexico, South

Africa or North East Brazil).

Large internal variability and a wide likelihood range is

also found in GCM projections until the end of the 21st cen-

tury, inhibiting a robust trend detection in many areas. This

holds both for meteorological drought (as quantified by the

SPI) and soil moisture drought (measured by SMA). The sig-

nals are stronger in the SMA projections compared to SPI,

since SMAs integrate effects of increased evaporation in the

course of global warming in addition to projected changes

in precipitation. Also, the signal-to-noise ratio of increasing

drought is higher for frequencies of drought indices below a

certain threshold compared to drought magnitudes, although

it should be noted that our standardised thresholds have not

been related to actual impacts.

Despite the overall large spread of the projections, ro-

bust signals emerge in a few regions, namely increased

drought in the Mediterranean, South Africa and Central

America/Mexico, thus, continuing tendencies already identi-

fied for the recent past, in agreement with CMIP3 analyses in

Sheffield and Wood (2008a) and Orlowsky and Seneviratne

(2012). Changes in soil moisture drought occurrence fre-

quencies even exceed the total uncertainty of the CMIP5 en-

semble, with the “Times of Emergence” occurring approx-

imately between 2015 and 2040. On the other hand, some

drought hot spot regions of the last decades such as the Sa-

hel, East Africa or South Asia are projected to become less

drought-prone, although uncertainties remain large for these

regions. In regions such as Central Europe, East Asia or Aus-

tralia, drought projections range between strong drying and

wetting conditions. Extreme drying scenarios are, therefore,

about as likely as significantly reduced drought in several re-

gions.

Partitioning the total ensemble uncertainty of future

drought projections into contributions from internal vari-

ability, GCM formulation and GHG concentrations scenario

uncertainty shows mostly negligible contributions from the

GHG concentrations scenarios, but large contributions from

internal variability for the next decades, especially for SPI.

This indicates that there is only limited potential to nar-

row the likelihood range of near to mid term meteorological

drought projections. On the other hand, the total uncertainty

for SMA is dominated by uncertainty from GCM formula-

tion already in the near future, which means that in principle

GCM improvements could substantially reduce the spread of

the projections, although the existing large uncertainty re-

garding land surface processes constitutes a huge challenge.

Ongoing efforts to consolidate existing soil moisture data

from in-situ measurements and satellites into consistent data

products will enable a much better evaluation of GCMs over

the coming years. These new data together with more realis-

tic GCMs will allow for more reliable analyses of soil mois-

ture changes in both past and future.

In summary, our results emphasise the large uncertainty in

the quantification and projection of drought on the regional

scale. Much of this uncertainty comes from the GCM for-

mulation, which can hopefully be improved once that more

exhaustive and consistent data of the land surface become

available. Already now, our results show that despite the un-

certainty in other regions, droughts have increased in the

Mediterranean, Central America/Mexico and South Africa

and are projected to increase further, emphasising the need

for proactive adaptation planning. In other regions where

potential changes remain undetected due to the wide like-

lihood range of changes, this spread must not be mistaken

for low drought risk, since projections for all regions include

the possibility of increasing drought, even in cases where the

average projections point towards wetter conditions. This is

particularly critical as some of these regions (e.g., parts of

the US, India, China and Central Europe) are vital for global

food production.

Supplementary material related to this article is

available online at: http://www.hydrol-earth-syst-sci.net/

17/1765/2013/hess-17-1765-2013-supplement.pdf.
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