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ABSTRACT
Seasonal droughts are a common feature of the Iberian (Mediterranean) climate. They
can have severe impacts on both natural and human life – especially, when recurring
in consecutive years. In this study, we investigate the potential impacts of climate
change on recurrent drought events in the Iberian Peninsula (IP). With this aim, we
use the new set of indices introduced in Moemken and Pinto (2022): the Recurrent Dry
Year Index (RDYI) and the Consecutive Drought Year (CDY) Index. These are applied
to a large EURO-CORDEX multi-model ensemble consisting of 25 different global-toregional model (GCM-RCM) chains that follow the RCP8.5 scenario with 12 km horizontal
resolution. A drizzle correction and a simple multiplicative approach are used to biasadjust the daily precipitation sums.
Results reveal a general tendency towards more severe drought conditions in IP
under different global warming levels (GWLs). Moreover, recurrent drought events are
projected to occur more frequent and last longer. While the ensemble mean responses
are only moderate for a GWL of +2°C (compared to the pre-industrial average),
recurrent drought conditions are strongly enhanced for the +3°C GWL. The magnitude
of projected changes shows some sensitivity on the choice of index and model.
Typically, changes are more pronounced for indices based on the effective drought
index (EDI) and show a larger spread for the individual GCMs than for the various RCMs.
Nevertheless, the climate change signals are robust for most of IP and all indices, with
a larger model agreement for the +3°C GWL. We conclude that the Iberian Peninsula
is confronted with an increased risk of recurrent drought events in future decades.
If global warming should exceed the +3°C threshold, the majority of models projects
an almost permanent state of drought – which could result in severe implications for
the Iberian population and ecosystems.
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1. INTRODUCTION
Given ongoing climate change and population growth,
the world is confronted by an increasing number of
complex challenges – including the high-risk impacts of
extreme weather and climate events (World Economic
Forum, 2019). Among these extremes, droughts are one
of the most impacting, yet least understood disasters
(Wilhite et al., 2007; Spinoni et al., 2018). One reason is
the complex interplay of atmospheric, biogeophysical
and hydrological processes that leads to drought
development (Touma et al., 2015). Consequently, there
is no unique but rather a wide variety of definitions and
indicators used to identify and characterize droughts
(WMO, 2006; Mishra and Singh, 2010; Dai, 2011). This, in
turn, results in large uncertainties regarding worldwide
drought trends under present and future climate
conditions (Dai, 2011; Sheffield et al., 2012; Trenberth et
al., 2014; Tramblay et al., 2020).
One region displaying rather consistent trends is the
Mediterranean, Europe’s drought hotspot (Hoerling et al.,
2012; Spinoni et al., 2015a; b). In particular, the Iberian
Peninsula (IP) has suffered from an increase in drought
frequency and intensity in the last decades (Coll et al.,
2017; Páscoa et al., 2017; Spinoni et al., 2017). As a
result, the risk of water scarcity in the region is likewise
increasing, as water demand is already close to water
availability under normal conditions (e.g. Iglesias et al.,
2009). Thereby, droughts critically affect various water
using sectors in IP, from agriculture over economy to
society (Ciais et al., 2005; Blauhut et al., 2015; Naumann
et al., 2015; Haberstroh et al., 2021).
In the context of climate change and global warming,
the risk and impacts of extreme events in Europe is
projected to increase (Seneviratne et al., 2012; Forzieri
et al., 2016; IPCC, 2021). In particular, the impact of
drought could be aggravated in future decades (Hirschi et
al., 2011; Dai, 2013; Seneviratne et al., 2013). Moreover,
droughts are projected to develop faster, be longerlasting and more severe (e.g. Cook et al., 2015). For the
21st century, climate projections indicate a decrease
in mean precipitation and a simultaneous increase in
the frequency and intensity of drought events for IP
(Seneviratne et al., 2012; Stagge et al., 2015; Santos
et al., 2016; Spinoni et al., 2018; 2020). This may result
in shorter return periods of extreme drought events
in future decades (e.g. Barriopedro et al., 2011). At the
same time, an enhanced year-to-year variability of
precipitation is projected, which may lead to an increased
occurrence of multiple drought events in a single decade,
even in consecutive years. A careful regional assessment
of such recurrent drought events is critical since these
temporal compounding events typically exacerbate the
impacts (Zscheischler et al., 2020). Additionally, even
small variations in magnitude and frequency of recurrent
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events can have huge effects, especially on semi-arid
ecosystems.
For the first time, we explicitly focus on the recurrence
of dry/drought events in consecutive years in IP under
future climate conditions. Thereby, we want to answer
the following research questions:
• How will recurrent dry/drought events in IP change
with ongoing climate change? More precisely, will
these events become longer and/or more frequent?
• Are the climate change signals consistent among
regional climate projections and different indices?
With this aim, we build on the preceding study by Moemken
and Pinto (2022) and utilize the newly introduced set
of indices: the Recurrent Dry Year Index (RDYI) and the
Consecutive Drought Year (CDY) Index. As input data, our
study uses high-resolution regional climate simulations
provided by EURO-CORDEX (European domain of the
Coordinated Regional climate Downscaling Experiment;
Giorgi et al., 2009) with a resolution of 0.11° (approx.
12 km). In total, the multi-model ensemble consists of
25 global-to-regional climate model (GCM-RCM) chains.
Since models show systematic biases and e.g. have
difficulties reproducing observed rainfall distributions
(e.g. Feldmann et al., 2008; Berg et al., 2012; Ehmele et
al., 2020), daily precipitation sums are bias-adjusted by
applying a simple multiplicative approach (Berg et al.,
2012). Furthermore, the bias adjustment ensures the
comparability between the different GCM-RCM chains.
We derive ensemble statistics and (recurrent) drought
characteristics for two global warming levels (GWLs):
+2°C and +3°C above pre-industrial average. Results
are compared to a historical reference period (1971–
2000), which corresponds to a +0.5°C global warming
(Teichmann et al., 2018). We evaluate the climate change
scenario RCP8.5 (Meinshausen et al., 2011) of the EUROCORDEX ensemble to identify possible changes in the
maximum duration and frequency of recurrent drought
events in future decades.
The manuscript is organized as follows: Chapter 2
describes the region of interest (2.1), the datasets (2.2),
the used bias adjustment (2.3), and the applied drought
indices (2.4). Chapter 3 focuses on the results, while
Chapter 4 concludes this paper with a summary and
discussion of results.

2. STUDY AREA, DATA AND METHODS
2.1 STUDY AREA

The Mediterranean region lies in the transition zone
between the moderate Central European mid-latitude
climate and the subtropical desert zones of North
Africa. Its main climatic characteristics are mild/humid
winters and hot/dry summers (e.g. Maheras et al., 1999;
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Hertig, 2004). The precipitation regime of IP (and the
Western Mediterranean in general) is characterized by
a pronounced seasonality, strong variability on interannual and decadal time scales as well as large regional
variations (e.g. Esteban-Parra et al., 1998; RodriguezPuebla et al., 1998). The rainiest part is the Northwest IP
(Figure 1), which is strongly influenced by Atlantic lowpressure systems, especially during winter. The driest
regions are found in Central IP and along the southeastern coast. Throughout the year, highest precipitation
amounts typically occur during winter (October to
March), while nearly every summer features a seasonal
drought (Esteban-Parra et al., 1998; Rodriguez-Puebla et
al., 1998; Trigo et al., 2004; Paredes et al., 2006). Thus,
the major drought events in IP are usually triggered by a
lack of precipitation during the winter half year (Trigo and
DaCamara, 2000; Caldeira et al., 2015).
Our study focuses on the IP (red box in Figure 1a)
as defined in the PRUDENCE regions by Christensen
and Christensen (2007), namely 10°W-3°E and
36°N-44°N. Some analyses are exemplarily done for
five Iberian sub-regions (Figure 1b): the Northwestern
(IP-NW; 10°W-5°W, 40°N-44°N), the Northeastern (IPNE; 5°W-0°E, 40°N-44°N), the Southwestern (IP-SW;
10°W-5°W, 36°N-40°N), the Southeastern (IP-SE;
5°W-0°E, 36°N-40°N), and the Eastern area (IP-E;
0°E-3°E, 38°N-44°N). We consider only grid points over
land for our analysis.
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2.2 DATA
We investigate recurrent drought events in a large multimodel ensemble, simulated within the framework of
EURO-CORDEX (Giorgi et al., 2009; Jacob et al., 2014). It
comprises 25 GCM-RCM chains, resulting from 5 RCMs each
driven by the same 5 GCMs (see Table 1). We chose this
particular ensemble to account for model uncertainties
and increase the robustness of results. Additionally, such
a big ensemble enables the investigation of the influence
of different GCMs and RCMs. The data have a spatial
resolution of 0.11° (~12 km) and the model output is
analysed at daily temporal resolution.
We analyse climate change information for different
global warming levels (GWLs). These indicate changes
in global surface temperature relative to pre-industrial
climate conditions. For many variables, regional climate
impacts relate quasi-linearly to changes in global mean
temperature and are often consistent across different
emission scenarios for a given GWL (IPCC, 2021). In our
study, we focus on the +2°C and +3°C GWLs with respect
to the pre-industrial period 1881–1910. We use the time
sampling approach following Vautard et al. (2014) and
Teichmann et al. (2018) to identify the climate change
signals that are associated with the respective GWL.
Accordingly, for each of the 5 GCMs in the ensemble,
the 30-year period is determined in which the global
temperature increases on average by +2K (+3K) relative
to pre-industrial levels (see Table 2). The corresponding

Figure 1 Climatology of annual precipitation (mm) for 1971–2000 derived from E-OBS. (a) Europe, with Iberian Peninsula as defined
by Christensen and Christensen (2007) marked by red box; (b) Iberian Peninsula with sub-regions as used in this study.

GCM

RCM

CNRM-CM5 (Voldoire et al., 2013)

COSMO-CLM4-8-17 (Rockel et al., 2008)

EC-EARTH (Prodhomme et al., 2016)

HIRHAM5 (Christensen et al., 1998)

HadGEM2-ES (Collins et al., 2011)

RACMO22E (Meijgaard et al., 2012)

MPI-ESM-LR (Giorgetta et al., 2013)

RCA4 (Samuelsson et al., 2011)

NorESM1-M (Bentsen et al., 2013)

REMO2015 (Jacob et al., 2012)

Table 1 Overview on GCM-RCM model chains (including references) used in this study. Every RCM is driven with every GCM.
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GCM

+2°C PERIOD

+3°C PERIOD

CNRM-CM5

2029 – 2058

2052 – 2081

EC-EARTH

2026 – 2055

2051 – 2080

HadGEM2-ES

2016 – 2045

2037 – 2066

MPI-ESM-LR

2029 – 2058

2052 – 2081

NorESM1-M

2031 – 2060

2057 – 2086

Table 2 30-year periods under which the GCMs show a global
warming level (GWL) of +2°C and +3°C.

warming of the historical reference period 1971–2000
results from the observed mean global temperature
increase compared to the middle of the period 1881–
1910 and corresponds to +0.5K. Please note that the
+2°C GWL (+3°C GWL) thus corresponds to a warming
of +1.5°C (+2.5°C) from 1971–2000 to the +2°C (+3°C)
period. This has to be considered when interpreting the
results. The future climate projections were carried out
under the RCP8.5 scenario (Meinshausen et al., 2011).
This scenario represents a high-emission, non-mitigation
scenario and corresponds to 8.5 W/m2 anthropogenic
radiative forcing by 2100, leading to a global temperature
increase of around 3–4°C by the end of the century.
While it was created as a worst-case scenario, RCP8.5 is
currently closest to the actual observed emissions (Peters
et al., 2013; Friedlingstein et al., 2019; Schwalm et al.,
2020). We have chosen this scenario for its large data
availability and to ensure that the +3°C GWL is reached
in all simulations.
Following the IPCC definition and Jacob et al. (2014),
we use the model consistency/congruence to assess the
robustness and uncertainty of climate change signals.
Accordingly, trends are defined as robust/likely (or not)
if more (less) than 68% of the ensemble members agree
on the sign of change – in this study, this corresponds to
17 out of 25 members.
To validate the historical model simulations, daily
precipitation sums were obtained from the ensemble
version of E-OBS: V20e (Haylock et al., 2008; Cornes
et al., 2018) with a resolution of 0.1°. The accuracy of
E-OBS depends strongly on the station coverage over
Europe and is therefore rather heterogeneous (Cornes et
al., 2018). Nevertheless, E-OBS is widely used for model
evaluation studies (e.g. Min et al., 2013; Herrera et al.,
2016) and bias adjustment (e.g. Cardell et al., 2019).

2.3 BIAS ADJUSTMENT
Climate models on both global and regional scales tend
to show systematic biases, typically associated with an
incorrect representation of physical processes, flaws
in the model structure or errors in the initialisation
(e.g. Liang et al, 2008; Ehret et al., 2012). In terms of
precipitation, the model biases may, for example, lead to
inaccurate rainfall distributions or a biased annual cycle
(e.g. Feldmann et al., 2008; Berg et al., 2012; Ehmele

et al., 2020; 2022). This could in the following result in
an under- or overestimation in the number of drought
events. Therefore, a bias adjustment is applied before
identifying droughts in the model data and calculating
ensemble statistics. Moreover, the bias adjustment
enhances the comparability of the various GCM-RCM
chains.
A detailed overview on available bias correction
methods for precipitation is given, for example, in Fang
et al. (2015) and Maraun (2016). For our study, it is
crucial that the annual cycle and the spatial distribution
of precipitation in IP are realistically represented by all
ensemble members. This is already achievable with simple
linear methods. In contrast, the often used distributionbased methods, such as quantile mapping (e.g. Yang
et al., 2018; Cardell et al., 2019; Ehmele et al., 2022),
have problems with the adjustment in the dry summer
months (Iberian summer drought), when only few to
no precipitation events can be used for the calculation.
Thus, we applied a ‘simple multiplicative correction’
(Berg et al., 2012), which scales the precipitation data to
correct the monthly mean bias. This approach, like any
other, assumes that the bias between observations and
models is stationary and does not change under future
climate conditions. First, a drizzle correction, which
removes all precipitation values below 0.1 mm/day,
is employed. These values, although being potentially
numerical correct, are physically not relevant. In the next
step, the ratio of the mean monthly precipitation sums
of E-OBS and the EURO-CORDEX data is calculated for the
reference period (1971–2000). This ‘correction factor’ is
calculated separately for each grid point and each of the
25 EURO-CORDEX simulations. It is then used to scale the
model data for all daily time steps d in month m and at
every grid point:
m
m
prcorr
( d ) = prmod
(d ) *

m
probs
m
prmod

m
m
Where prcorr
is the corrected precipitation, prmod
is the
m
m
raw model output, and probs and prmod are the mean
monthly sums of observations and models, respectively.
Please note that correction factors below 0.02 (above
50) are possible mainly due to the heterogeneity of the
observations and are therefore set to 0.02 (50) to prevent
unrealistic values. The estimated ‘correction factors’ are
then used to adjust the future projections.
Figure S1a (Supporting Information) shows the bias
in the ensemble mean for the uncorrected (raw) EUROCORDEX data, depicted as the ratio in mean annual
precipitation between the EURO-CORDEX ensemble and
E-OBS. In general, the raw model data overestimates
annual precipitation for almost all of IP. In some regions,
such as Central IP, modelled precipitation is more than
twice as high as the observed one. Moreover, some
individual ensemble members differ considerably from
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each other and from E-OBS (Figure S1b). After applying
our bias correction approach, the bias in spatial annual
rainfall distribution is clearly reduced (Figure S1c), lying
now within the 5% range. Moreover, the characteristics
of the chosen bias correction method also enabled the
adjustment of the annual cycle of precipitation for all
GWLs in all ensemble members (Figure S2).
Based on the above results, we conclude that the
chosen bias adjustment method performs sufficiently
well to assess the research questions of this study.
Nevertheless, care has to be taken as the quality of the
bias correction strongly depends on the quality and
availability of the observations.

2.4 DROUGHT INDICES
A set of indices is employed to identify and investigate
both single and recurrent meteorological drought events
over IP. The input for all indices is precipitation and/or
its deviations from the long-term climatological mean.
We use the historical period 1971–2000 (corresponding
to a global warming level of +0.5°C) as climatological
reference for the calculation of both historical and future
drought indices, thus considering explicitly the climate
change signal. All analyses focus on the hydrological
year (1st October to 30th September). In the following, we
always refer to the hydrological year when using terms
like annual, yearly, or year.
For single drought events, we apply the following
two indices: The one-dimensional drought index (DI)
uses the precipitation deficit and the affected area as
measures (Moemken and Pinto, 2022). Thus, a drought
year is identified if the following criteria are fulfilled at
the same time:
• Annual precipitation amount is below 65% of the
climatological mean, and
• At least 10% of all grid points in IP are affected by
this precipitation deficit.
The second index is the Effective Drought Index (EDI),
which was developed by Byun and Wilhite (1999).
Previous studies used this index to assess drought
characteristics for various regions around the world
under present (Khodayar et al. (2015) for Europe; Lee et
al. (2015) for South Korea; Deo et al. (2017) for Australia)
and future climate conditions (Kim and Byun (2009) for
Asia; Kamruzzaman et al. (2019) for Bangladesh). EDI is
based on the calculation of the effective precipitation
that considers the precipitation accumulation of the
last 365 days at any given time and at every single grid
point with a weighting function, thereby simulating
the loss/gain of soil moisture over time. It is a centred,
symmetric, and standardized index, which is worldwide
applicable. We use the following categories to classify
dry/drought periods (cf. Khodayar et al., 2015):

•
•
•
•

Normal:
Dry:
Severe dry:
Extreme dry:

1.0 > EDI > –1.0
–1.0 ≥ EDI > –1.5
–1.5 ≥ EDI > –2.0
EDI ≤ –2.0

As proposed by Moemken and Pinto (2022), a drought
year is identified if EDI is below –1.0 on at least 90 days
of the year, which do not need to be consecutive.
For recurrent dry/drought events, we employ the
new indices introduced and validated for the current
climate by Moemken and Pinto (2022). These are based
on the concept of Consecutive Dry Days (CDD), which
was developed by the “Expert Team of Climate Change
Detection Indices” (ETCCDI; van Engelen et al. 2008;
Zhang et al., 2011). The new indices quantify either the
maximum duration of recurrent events or their frequency.
To be classified as recurrent, these events must comprise
at least two consecutive dry/drought years.
The first index is the Recurrent Dry Year Index (RDYI).
It counts the maximum number of consecutive dry years
within a certain time period (in this study 30 years) at
every single grid point. A year is defined as a dry year
when the annual precipitation amount is below 65%
of the climatological mean. A series of at least two
consecutive dry years (RDYI ≥ 2) is called a dry year period.
The corresponding frequency index NDYP estimates the
number of dry year periods within the considered time
period (here 30 years).
The second index is the Consecutive Drought Year
Index (CDY and CDY-EDI). Similar to RDYI, it counts the
maximum number of consecutive drought years, but
this time based on DI or EDI. Additionally, the Number
of Drought Periods (NDP and NDP-EDI) with CDY (or CDYEDI) ≥ 2 is computed. Due to the definition of DI, CDY
(NDP) is a one-dimensional index with a single value for
each sub-region or whole IP, while CDY-EDI (NDP-EDI)
is calculated at every grid point and spatially averaged
later on for comparison.
Please note that both the maximum duration and the
frequency depend on the timing of normal/wet years
in a 30-year-time series for recurrent events persisting
longer than 10 years. The date of these ‘non-drought’
years determine whether recurrent events are longer
and less frequent or shorter and more frequent. Thus, the
two characteristics of recurrent events should always be
considered and interpreted together.

3. RESULTS

3.1 FUTURE CHANGES IN DROUGHT
CHARACTERISTICS
3.1.1 Drought indices
In a first step, we analyse potential future changes
for single drought events. With this aim, we focus on
changes in the mean and variability of EDI. The changes
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of mean EDI are presented in Figure 2 for the ensemble
mean projections for a global warming of +2°C and +3°C,
respectively. Areas showing robust signals, meaning
that at least 68% of the ensemble members agree on
the sign of change (see also Section 2.2), are dotted.
Spatially averaged signals of the individual ensemble
members are shown in Supplementary Figures S3 and S4,
respectively. In these figures, the separate boxes of each
matrix represent the value of the individual GCM-RCM
model chains for the whole IP. RCMs (GCMs) are arranged
in rows (columns), and the corresponding RCM mean
(GCM mean) is given in the first column (last row). For the
+2°C GWL, the ensemble mean projects a drying for most
of IP, with 18 out of 25 ensemble members agreeing
on the signal (Figure S3f). Strongest trends are found
for mountain ranges (e.g. Cantabria) and large parts of
Portugal, with EDI values around –0.4 (corresponding
to –0.4 standard deviations compared to the historical
reference period). Slightly positive, though non-robust
trends are found along the eastern Mediterranean coast.
In general, weakest (strongest) signals can be found for
simulations driven with CNRM-CM5 (MPI-ESM-LR). Climate
change signals increase in magnitude and robustness
for a GWL of +3°C (Figure 2b). Negative EDI changes and
thus a drying trend is simulated for all of IP by 24 of the
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25 ensemble members (Figure S4f). Nevertheless, the
ensemble spread is higher than for the +2°C GWL. On
average, values are in the range of –0.2 to –0.6, but may
locally reach up to –0.8. Signals are again lowest for CNRMCM5-driven runs, while strongest trends are obtained for
simulations with MPI-ESM-LR and NorESM1-M. While the
ensemble mean EDI trends are quite similar in all subregions and periods (Figures S3 and S4), the individual
ensemble members do show different regional drying
trends, which are primarily driven by the choice of GCM.
Most of the ensemble members agree on weakest trends
for IP-E and largest drying trends for IP-SE and IP-SW.
Changes in the temporal variability of EDI are depicted
in Figure 3 for the ensemble mean and both future GWLs.
An overview of the climate signals of the individual
ensemble members is given in Figures S5 and S6. The
variability is calculated as standard deviation of daily EDI
values. For the +2°C GWL, the ensemble mean simulates
a higher temporal variability compared to the historical
period, especially for the northern inland and along the
eastern Mediterranean coast. This increase in variability
is likely/robust for most of IP as all ensemble members
agree on the trend (Figure S5f). For the +3°C GWL, the
ensemble mean reveals a larger ensemble spread and a
North–South gradient in variability trends. Most ensemble

Figure 2 Changes in effective drought index (EDI) for the multi-model ensemble mean for a global warming level (GWL) of (a) +2°C,
and (b) +3°C relative to the pre-industrial level. Reference is the historical period 1971-2000 (corresponds to a GWL of +0.5°C). Black
dots indicate robust climate change signals, meaning that 17 or more ensemble members (corresponds to 68%) agree on the sign of
change.

Figure 3 Changes in EDI variability for the multi-model ensemble mean for a GWL of (a) +2°C, and (b) +3°C. Reference is the historical
period 1971–2000 (corresponds to a GWL of +0.5°C). Black dots indicate robust climate change signals, meaning that 17 or more
ensemble members (corresponds to 68%) agree on the sign of change.
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members project an increase in variability for Northern
IP. For Southern IP, some runs driven by HadGEM2-ES and
NorESM1-M project a decrease in variability (attributed to
the near-constant drought conditions; see also Section
3.2), while all other simulations agree on a stationary or
increasing variability in this region (Figure S6).
Overall, we see a clear shift towards drier conditions
and thus drought occurrence in IP with increasing levels
of global warming. The projected trends are robust for
most of IP under a +2°C GWL and for all of IP for the +3°C
GWL. Differences between individual ensemble members
are mainly determined by the selection of the driving
GCMs, as the difference between RCMs for the same GCM
are comparatively small.

3.1.2 Processes influencing drought events
To illustrate the potential causes for this increase
in drought occurrence, Figure 4 displays the annual
cycle of several key parameters and their changes,
derived from the ensemble mean averaged over the
IP domain for the reference period and the two GWLs.
The temperature changes (Figure 4a) are relatively
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constant over the year and do not deviate strongly
from the respective warming levels. The maximum
precipitation occurs in winter and to a lesser degree in
spring (Figure 4b). In summer (JJAS) there is a distinct
dry season. The ensemble displays a slight increase of
monthly precipitation of up to ~5% from January to
March for the +2°C GWL and from February to March for
the +3°C GWL. Strongly reduced precipitation rates are
found for the rest of the year, especially from May to
October. The reduction of the monthly amounts is more
pronounced with up to 25% for the +3°C GWL than for
the +2°C level, where the reduction reaches about 13%.
Overall, the simulations indicate a net reduction of the
annual precipitation amounts by 6% in a 2°C and by
13% in a 3°C warmer world.
The soil moisture (Figure 4c) has its maximum in
late winter/early spring and its minimum in August/
September. The absolute changes are fairly constant
over the year. However, the relative changes represent a
slightly lesser reduction in spring and a stronger reduction
in the dry summer and autumn (up to –5% for the +2° C
GWL and about –7.5% for the +3°C GWL).

Figure 4 Mean annual cycle (solid lines) of monthly (a) temperature (tas; °C), (b) precipitation (pr; mm/month), (c) soil moisture
(mrso; kg/m²), and (d) evapotranspiration (evspsbl; mm/month) – for a GWL of +0.5°C (black), +2°C (green), and +3°C (red). Climate
change signals (dashed lines; °C for tas and % for the rest) calculated as GWL2°C – GWL0.5°C (green) and GWL3°C – GWL0.5°C (red).
The values in brackets indicate the mean annual change. Depicted is the multi-model ensemble mean, spatially averaged for IP.
Please note that we use direct model output.
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The highest evapotranspiration (Figure 4d) occurs
in spring at the end of the rainy period with rising
temperatures and insolation. From summer to winter the
amounts of evaporation decrease. The future changes are
expected to generate a slight increase from October to
May due to the increased temperatures and partly due to
the slightly increased precipitation amounts. From June
to September the evapotranspiration decreases slightly
(up to –2%) for the +2°C GWL and more pronounced
(up to –7.5%) for the +3°C GWL. During this period the
reduced precipitation and soil moisture has a stronger
impact on the evapotranspiration amounts than the
increasing temperature. On average, the simulations
project a small net increase of annual evapotranspiration
of 1% for the +2°C GWL, and no net changes under the
+3°C GWL.
Overall, the results indicate that the net reduction in
precipitation and the resulting decrease in soil moisture
are the main drivers for the projected drought trends
– whereas changes in evapotranspiration (and thus
temperature changes) play only a minor role.

3.2 FUTURE CHANGES IN RECURRENT
DROUGHT CHARACTERISTICS
Next, we analyse projected changes in the recurrence
of drought events in IP, focusing on both maximum
duration and frequency. With this aim, we compare the
two future GWLs to the historical reference period (1971–
2000; matching a GWL of +0.5°C).

3.2.1 Recurrent dry years
Figure 5 shows the recurrent dry year index (RDYI; top

row) and the corresponding number of dry year periods
(NDYP; bottom row) for the EURO-CORDEX ensemble
mean. For the future GWLs, robust signals with a
minimum of 17 ensemble members agreeing on the sign
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of change are dotted. In the reference period (Figure 5a,
d), the ensemble mean simulates only single dry years,
i.e. that RDYI is below 2 for all of IP in the ensemble
mean. Consequently, no dry year periods with more than
two consecutive dry years are identified (NDYP=0). For
the +2°C GWL (Figure 5b, e), the southernmost region
in IP is affected by two or three consecutive dry years,
which occur only once in the whole 30-year period
(NDYP=1). At the same time, no dry years are identified
in the northernmost parts in the ensemble mean. For
the rest of IP, only single dry years, and therefore no dry
year periods, are projected in the ensemble mean. The
spread between the individual ensemble members is
large for the +2°C GWL, resulting in mostly non-robust
climate change signals. If global warming increases to
+3°C (Figure 5c, f), the ensemble mean reveals a clear
and (in most regions) robust increase in the duration and
frequency of recurrent dry years – with a distinct North–
South-gradient. For the southern half of IP, RDYI increases
to at least 2. Some recurrent events can last four years
in the southernmost part (Figure 5c). Simultaneously, the
frequency of recurrent events is projected to increase –
from single dry periods in Central IP (non-robust) up to
three dry periods in Southern IP (likely).

3.2.2 Recurrent drought years
The consecutive drought year index based on DI (CDY)
and the corresponding number of drought periods
(NDP) is illustrated in Figure 6. An overview of the
variations in CDY (NDP) for all sub-regions is presented in
Table 3 (Supplementary Table S1), displaying the ensemble
minima/mean/maxima. For the reference period 1971–
2000 (Figure 6a, d), all ensemble members show a CDY
of either 1 or 2 for IP, resulting in an ensemble mean of
1.32. Accordingly, the number of drought periods ranges
between 0 and 1, with an ensemble mean of 0.32.

Figure 5 Recurrent dry year index (RDYI; top row) and corresponding number of dry year periods (NDYP; bottom row) derived from the
ensemble mean for a GWL of +0.5°C (historical reference; a, d), +2°C (b, e), and +3°C (c, f). For future GWLs, black dots indicate robust
climate change signals, meaning that 17 or more ensemble members (corresponds to 68%) agree on the sign of change.
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Figure 6 Consecutive drought year index (CDY; top row) and corresponding number of drought periods (NDP; bottom row) for the
individual ensemble members derived for whole IP for a GWL of +0.5°C (historical reference; a, d), +2°C (b, e), and +3°C (c, f). For each
matrix, rows represent RCMs and columns GCMs, while the RCM (GCM) mean is depicted in the first column (last row).
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Table 3 Consecutive drought year index (CDY; left) and consecutive drought year index based on EDI (CDY-EDI; right) for a GWL of
+0.5°C, +2°C, and +3°C. Numbers represent the ensemble minimum, the ensemble mean and the ensemble maximum – derived as
spatial average for IP and its five sub-regions. The highest values per GWL are highlighted in bold.
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Comparable numbers are found for Northern IP, while
both duration and frequency values are slightly higher
in Southern IP (see Table 3, and Figures S7 and S8). All
simulations driven by EC-EARTH and NorESM1-M feature
only single and no recurrent drought events. For the +2°C
GWL (Figure 6b, e), the ensemble mean CDY increases
to 2.64 for IP. Overall, 21 out of 25 ensemble members
agree on this positive trend, with values varying between
2 and 6. Lowest CDY numbers are simulated by CNRMCM5- and HadGEM2-ES-driven runs, while simulations
with MPI-ESM-LR show the highest values. At the same
time, all GCM-RCM model chains – except two members
driven by CNRM-CM5 – project an increase in recurrent
drought frequency. The ensemble mean reaches up to
2.32. On the regional scale (Tables 3 and S1), trends in
both CDY and NDP are strongest (weakest) for IP-SE (IPNW), which also shows the largest (lowest) ensemble
spread. For the +3°C GWL (Figure 6c, f), the maximum
duration of recurrent drought events increases further for
IP and its sub-regions: The ensemble mean CDY reaches a
value of 3.64 in IP, and up to five consecutive years in IPSE. Additionally, the ensemble spread further increases,
with numbers ranging from 1 to 7 for IP. Again, lowest
CDY are found for CNRM-CM5-driven simulations, while
the strongest increase is simulated by members forced
with HadGEM2-ES and NorESM1-M. Nearly all ensemble
members project an increasing frequency with values
between 1 and 6. Overall, results based on CDY and NDP
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show a robust trend towards longer recurrent drought
events. Signals are stronger for a higher level of global
warming and depend primarily on the choice of GCM.
From the regional perspective, signals typically show a
north-south gradient, with lowest values for IP-NW and
highest for IP-SE.
The maximum duration and the frequency of
recurrent drought events is generally higher for the onedimensional indices based on spatially averaged EDI
(CDY-EDI and NDP-EDI), as shown in Figure 7. Analogous
to Figure 6, it presents the results for the individual
ensemble members for all three GWLs and whole IP. For
1971–2000 (Figure 7a, d), CDY-EDI ranges between 1 and
3 for IP, with an ensemble mean of 1.56. Correspondingly,
the ensemble members identify 0 to 2 drought periods,
which results in a mean NDP-EDI of 0.72. For the +2°C
GWL (Figure 7b, e), the ensemble mean CDY-EDI increases
to 3.48, while the ensemble members vary between 2
and 7 consecutive drought years. In the CNRM-CM5 subensemble, one member projects a decrease in drought
duration and two members show no change. All other
model chains agree on the positive trend in CDY-EDI.
Regarding recurrent drought frequency, 23 out of 25
ensemble members simulate an increase of NDP-EDI
with values between 1 and 6 and an ensemble mean
of 3.08. For the +3°C GWL (Figure 7c, f), CDY-EDI shows
a strong and robust increase in the ensemble mean to
5.28. In addition, the ensemble spread becomes larger

Figure 7 Same as Figure 6, but for consecutive drought year index based on EDI (CDY-EDI; top row) and corresponding number of
drought periods (NDP-EDI; bottom row).
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with a minimum of 2 and a maximum of 14 consecutive
drought years (in the 30-year period). The strongest
increase is projected by the NorESM-1-M sub-ensemble,
while smallest changes can again be found for CNRMCM5. Relative to the reference period, 23 of 25 ensemble
members agree on the positive trend. However, when
comparing the +2°C and the +3°C GWL, some runs
(especially those driven by MPI-ESM-LR) show a negative
trend. Except of CNRM-CM5, all models simulate a further
increase in NDP-EDI for the +3°C GWL. The ensemble
mean reaches 4.0, while the individual ensemble
members range between 1 and 6. The stationary or even
decreasing trend for CNRM-CM5 is striking. On the whole,
the one-dimensional CDY-EDI and NDP-EDI indicate a
strong and likely increase in the duration of recurrent
drought events. Again, climate change signals show a
slightly bigger spread regarding the choice of GCMs than
RCMs. Contrary to CDY (NDP), the different sub-regions
(Tables 3 and S1, as well as Figures S9 and S10) show
similar trends compared to whole IP for CDY-EDI (NDPEDI). Moreover, the projected trends are usually larger
for EDI than for indices based on DI. This could hint at a
higher climate sensitivity in EDI compared to DI.
Figure 8 presents a grid point-wise view of CDYEDI (top) and NDP-EDI (bottom) for the multi-model
ensemble mean. In the historical period (Figure 8a, d), the
ensemble mean simulates only single drought events for
Southern and large parts of Central IP (CDY-EDI < 2). In
Northern IP, recurrent events last for two or three years.
Consequently, single drought periods are identified
for this region, while no drought periods are found for
Southern and Central IP (NDP-EDI=0). For the +2°C GWL
(Figure 8b, e), the ensemble mean projects an overall
robust increase in the duration of drought events to two
to four years for all of IP. At single grid points, drought
events can persist for five years. Additionally, a higher
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frequency of recurrent droughts is likely for large parts of
IP. The ensemble mean projection reveals two to three
drought periods under a global warming of +2°C. Trends
in CDY-EDI and NDP-EDI are even stronger and more
robust for the +3°C GWL (Figure 8c, f). The duration of
recurrent events is clearly increasing to values between
5 and 10 in the ensemble mean. Thereby, the spatial
pattern seems to follow the Iberian topography with
higher numbers in higher elevations. The number of
drought periods is likewise increasing and ranges from 3
to 5. The lower NDP-EDI values in mountainous regions
correspond well to the higher CDY-EDI in the same area
(see also Section 2.4).
Overall, our results reveal a clear increase in the
duration and frequency of recurrent events on the
Iberian Peninsula in future climate scenarios. The climate
change signals suggest an acceleration of trends with
time, as the difference between the reference period and
the +2°C GWL is usually smaller than the one between
the two future GWLs. The projected changes depend
on the applied index. Typically, trends are lower and
less robust for RDYI (NDYP) and CDY (NDP), and higher
and more likely for CDY-EDI (NDP-EDI). In addition, the
magnitude of climate change signals can vary strongly
across the individual ensemble members. Among the
GCMs, CNRM-CM5 (NorESM1-M) generally shows the
weakest (strongest) trends, while it is RACMO (COSMOCLM) on the regional scale.

4. SUMMARY AND DISCUSSION
In this study, we investigated potential climate change
impacts on the recurrence of drought events in the
Iberian Peninsula. With this aim, we applied the new set
of indices developed by Moemken and Pinto (2022) to a

Figure 8 Consecutive drought year index based on EDI (CDY-EDI; top row) and corresponding number of drought periods (NDP-EDI;
bottom row) derived from the ensemble mean for a GWL of +0.5°C (historical reference; a, d), +2°C (b, e), and +3°C (c, f). For future
GWLs, black dots indicate robust climate change signals, meaning that 17 or more ensemble members (corresponds to 68%) agree
on the sign of change.
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large EURO-CORDEX GCM-RCM ensemble. Precipitation
was bias-adjusted using a simple multiplicative approach.
Climate change signals were estimated using the RCP8.5
scenario for two global warming levels relative to preindustrial climate conditions: +2°C and +3°C. The main
results can be summarized as follows:
• The ensemble mean projections reveal a general
tendency towards negative EDI values and thus more
severe drought conditions for most of IP under future
global warming – caused by an overall decrease in
precipitation and soil water content, and a slightly
increased net evapotranspiration. Changes are mostly
robust (in the sense that at least 68% of the ensemble
members agree on the sign of change) and more
pronounced under the higher GWL of +3°C.
• The duration of recurrent drought events is projected to
significantly increase under future climate conditions.
The climate change signals are robust for most of IP
in a +2°C and for all of IP in a +3°C warmer world.
Should global warming exceed a +3°C threshold, the
majority of models agrees on an almost permanent
state of drought – with normal (according to present
day conditions) or even wet years becoming rare
events.
• Regarding the frequency of recurrent events, an overall
increase is identified, with exception of models (e.g.
HadGEM2-ES) and regions (IP-SE) with the strongest
drying trend. Here, a decrease in recurrent drought
frequency is projected.
• The magnitude of climate change signals shows some
sensitivity regarding the choice of index. Indices based
on EDI seem to have a higher sensitivity to climate
change, resulting in even longer and more frequent
recurrent drought events.
• The future projections reveal some uncertainty in
the magnitude of change, which varies across the
individual GCM-RCM model chains. In agreement with
studies like Räisänen (2007), GCMs contribute more
to this uncertainty than RCMs. Nevertheless, most
ensemble members agree on the sign of change,
particularly for the end of the century.
Various studies investigated potential impacts of climate
change on drought occurrence in Europe – and specifically
the Mediterranean region – in recent years (e.g. Stagge et
al., 2015; Guerreiro et al., 2017; Spinoni et al., 2018; 2020).
Although based on different datasets and a variety of
indices for the identification of drought events, all studies
agree on an increase in the severity and frequency of
droughts over Iberia under future climate conditions.
As a result, the positive drought trend of recent decades
(Coll et al., 2017; Páscoa et al., 2017; Spinoni et al., 2017)
appears to be continuing and intensifying towards the
end of the 21st century (Spinoni et al., 2018). Our study
is the first to explicitly focus on the recurrence of these
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drought events, i.e. the occurrence of individual droughts
in consecutive years, thereby extending the findings
from the aforementioned studies. Our results fit well
to their conclusions, as an increase in drought duration
and/or frequency also enhances the probability of events
occurring in successive years. This is clearly shown in our
study, where climate projections reveal an increase in the
duration and frequency of recurrent events.
Our study is based on a single high-emission, nonmitigation scenario – RCP8.5. For this scenario, data
availability is largest in EURO-CORDEX. However,
projected changes depend strongly on the choice of
emission scenario and the consideration of a second,
more moderate, scenario, would thus allow a better
quantification of uncertainties in these changes. In order
to address this issue, we decided to analyse climate
change signals for different global warming levels with
respect to pre-industrial conditions instead of using fixed
time slices (as e.g. done in Spinoni et al., 2018; 2020).
According to IPCC (2021), regional climate impacts relate
nearly linearly to changes in global temperature and are
often independent of the emission scenario for a given
level of global warming. This fits well to previous studies
like Spinoni et al. (2018), who reveal an increase in drought
frequency and severity already under the moderate
RCP4.5 scenario. On this basis, we can assume a likewise
increase in recurrent drought duration and frequency in
more moderate emissions scenarios. Nevertheless, future
studies should also include more moderate scenarios
and the new Shared Socioeconomic Pathways (SSPs) of
CMIP6 (Eyring et al., 2016). This would allow to assess a
broader range of possible future pathways.
In accordance with previous studies (e.g. Liang et al,
2008; Ehret et al., 2012), first results point at a distinct
positive bias of model precipitation compared to E-OBS. A
simple multiplicative bias adjustment (Berg et al., 2012)
is applied to reduce the mean bias and to increase the
representativeness of the annual cycle. Furthermore,
a bias adjustment ensures the comparability of the
different GCM-RCM chains. After the bias correction,
both the spatial distribution and the annual cycle of
precipitation is well represented in the EURO-CORDEX
ensemble. Only small differences in the ensemble mean
remain over parts of IP.
After the bias adjustment, the chosen multi-model
ensemble seems suitable to evaluate recurrent drought
characteristics in climate projections, in particular
regarding the ensemble mean. Results for the historical
reference period (1971–2000) are consistent with those
by Moemken and Pinto (2022) for various observational
and reanalysis datasets for 1981–2015. Both studies
show that the number of identified recurrent drought
events generally depends on the index – with lowest
numbers for RDYI and highest values for CDY-EDI.
Additionally, Moemken and Pinto (2022) found some
sensitivity regarding the choice of dataset, both in terms
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of magnitude as well as in terms of affected region. In
general, an enhanced number of dry/drought events
is identified in datasets with higher spatial resolution
(e.g. E-OBS with 0.1° resolution vs ERA5 with 0.25°
resolution). In both studies, the maximum duration
and the frequency of recurrent events are in the same
order of magnitude and the spatial patterns match to a
large extent. Differences seem to result mostly from the
different time periods (1971–2000 vs 1981–2015) and
the smoothing in the EURO-CORDEX ensemble mean.
Furthermore, both studies agree on a higher sensitivity
of EDI-based indices regarding the identification and
characterisation of (recurrent) drought events. As already
discussed in Moemken and Pinto (2022), one possible
reason for this higher sensitivity could be the ‘memory
effect’ of EDI. By including the weighted precipitation of
the last 365 days, EDI may be less influenced by interseasonal and inter-annual variability. Another reason
could be that EDI is a 2D index, thereby reacting stronger
to regional-to-local changes than the one-dimensional
DI. Moreover, the chosen threshold for the identification
of drought years (90 EDI dry days per year), which proved
suitable for the present climate, could probably be too
low under (drier) future climate conditions. This would
result in an overestimation of single drought events and
thus of recurrent drought characteristics in future climate
projections.
In this study, we gave EDI preference over the more
widely used Standardized Precipitation Index (SPI; McKee
et al., 1993). This choice was motivated by several
previous studies. The main difference between EDI and
SPI is the implementation of daily compared to monthly
precipitation data in the calculation. By using daily data,
EDI takes into account the aggravating effects of runoff
and evapotranspiration, which can build up over time
– whereas commonly used indices like SPI fail to do so
(Byun and Wilhite, 1999). This might be an advantage of
EDI over SPI for ecosystem impact studies. In addition,
Kim and Byun (2009) found that monthly indices in
climate change studies are unable to consider the effect
of enhanced precipitation variability. An increase in
precipitation variability under future climate conditions
indicates that the precipitation frequency is decreasing
while the precipitation intensity is simultaneously
increasing. This would result in a higher number of days
with little-to-no precipitation, which is not captured by
indices based on monthly or annual time scales. Finally,
Moemken and Pinto (2022) compared EDI and SPI for
both single and recurrent drought events. They could
show that results for EDI and SPI match well for the
current climate, especially for SPI-12. In particular, the
‘memory effect’ of EDI seems to relate well to the multiscalar character of SPI.
In our study, we only focus on precipitation-based
drought indicators – due to several reasons: For one, we
needed indices that are easily applicable to a large multi-
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model ensemble of high-resolution regional climate
simulations (e.g. Jacob et al., 2014; Berg et al., 2019).
Indices derived from multiple variables would inevitably
limit the data availability and lead to higher computing
and processing times. Moreover, the calculation of
‘multi-variate’ drought indices (like SPEI (Standardized
Precipitation Evapotranspiration Index; Vicente-Serrano
et al., 2010) or PDSI (Palmer Drought Severity Index;
Palmer, 1965)) from climate model data would require
a multi-variate but physically consistent bias-correction
approach, which would further increase the complexity
of the task. Beyond that, ‘multi-variate’ indices like SPEI
and PDSI depend strongly on the parameterisation
of evapotranspiration. Studies like Milly and Dunne
(2017) could show that future trends of parameterised
evapotranspiration are often overestimated in climate
change simulations. This would also influence the
reliability of climate change signals of the corresponding
drought indicators. Nevertheless, we additionally
analysed the mean annual cycle and the future changes
of several key variables for drought behaviour in IP
provided by the RCM ensemble – namely temperature,
precipitation, soil moisture and evapotranspiration.
The results demonstrate that the net reduction of
precipitation leads to drier soil, thereby confirming the
increasing drought tendency deduced by the indices.
This trend is more pronounced for the +3°C warming
level compared to the +2°C GWL. The net contribution
of evapotranspiration is almost negligible, with a slight
increase from autumn to spring and a reduction in
summer. Thus, precipitation deficits are the main driver
for the projected trends in (recurrent) drought events
as the temperature changes are almost homogeneous
throughout the year.
As the Iberian Peninsula is prone to drought events
(Hoerling et al., 2012; Seneviratne et al., 2012; Coll et al.,
2017) and water scarcity (Iglesias et al., 2009) already
under present day climate conditions, an increase in
drought severity and frequency with ongoing climate
change will further exacerbate this threat and may lead to
an increased competition of different water using sectors
(Blauhut et al., 2015; Caldeira et al., 2015; Naumann et
al., 2015; Haberstroh et al., 2021). Longer-lasting and
more frequent recurrent drought events – as identified in
this study – could prove particularly hazardous, as they
further reduce the available/required recovery time and
thus may lead to a critical destabilization.
Overall, our study presents novel insights in the
recurrence of drought events in the Iberian Peninsula
under future climate conditions. We show that IP faces
a drastic increase in the risk of both longer and more
frequent recurrent drought events with ongoing climate
change. Should we fail to keep global warming well below
+3°C (better below +2°C), a majority of models agrees
on an almost permanent state of drought – with severe
consequences for all water-dependent sectors in Iberia.
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Our results could support stakeholders and decision
makers in developing and implementing mitigation and
adaptation strategies to secure water supply in future
decades.
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