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Role of water engineers in dealing with floods and droughts

Then we'll act as guardians for all your crops and all your vines,
making sure they're never harmed by drought or by a drenching
rain.

Aristophanes, Clouds (first performed in 423 BC)  



Sicily like tropics: 
here is the first 
coffee harvest from 
the world 
northernmost 
plantation



Droughts
• Elusive phenomenon
• Unlike other extreme events, difficult to 

define,  characterize 
• Despite its temporary nature, even onset 

and termination are not easily 
identifiable
• Depends on the affected components of 

the hydrological cycle
• Propagation of reduced precipitation over 

the different components is delayed
• Creeping onset and long lasting effects 

before recovery

• Plethora of indices and indicators that 
attempt to identify droughts and assess 
its characteristics

• Interestingly enough, we often define 
droughts in terms of the index and not 
the other way around (as it should be)
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Droughts, climate change



Drought present trends

• Several indices adopted, baselines, etc., sometimes with disparate 
results, e.g.:
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Increasing drought under global warming in
observations and models
Aiguo Dai

Historical records of precipitation, streamflow and drought
indices all show increased aridity since 1950 over many land
areas1,2. Analyses of model-simulated soil moisture3,4, drought
indices1,5,6 and precipitation-minus-evaporation7 suggest in-
creased risk of drought in the twenty-first century. There
are, however, large differences in the observed and model-
simulated drying patterns1,2,6. Reconciling these differences is
necessary before the model predictions can be trusted. Previ-
ous studies8–12 show that changes in sea surface temperatures
have large influences on land precipitation and the inability of
the coupled models to reproduce many observed regional pre-
cipitation changes is linked to the lack of the observed, largely
natural change patterns in sea surface temperatures in coupled
model simulations13. Here I show that themodels reproduce not
only the influence of El Niño-Southern Oscillation on drought
over land, but also the observed global mean aridity trend from
1923 to 2010. Regional differences in observed and model-
simulated aridity changes result mainly from natural variations
in tropical sea surface temperatures that are often not captured
by the coupled models. The unforced natural variations vary
amongmodel runs owing to different initial conditions and thus
are irreproducible. I conclude that the observed global aridity
changes up to 2010 are consistent with model predictions,
which suggest severe and widespread droughts in the next 30–
90 years over many land areas resulting from either decreased
precipitation and/or increased evaporation.

Although the historical and future aridity changes have been
discussed in previous studies1–7, there still is a need to validate
the historical changes and reconcile them with model projections.
Here I focus on synthesizing the observed aridity changes
and comparing and reconciling them with model-simulated
changes, thereby improving our understanding of global-warming-
induced drought changes.

Different drought indices can result in somewhat different
change patterns, especially on small scales14. Here I focus on
the large-scale drying trends in precipitation, streamflow and
soil moisture fields, which are commonly used to quantify,
respectively, meteorological, hydrologic and agricultural drought1.
Because historical records of soil moisture are sparse, I also
used the self-calibrated Palmer drought severity index (PDSI)
with potential evapotranspiration estimated using the Penman–
Monteith equation (sc_PDSI_pm; ref. 2). The PDSI is calculated
from a water-balance model forced with observed precipitation
and temperature and has been widely used in monitoring drought
development over the USA, palaeoclimate reconstruction15 and
studying aridity changes2,5,6,16. The revised sc_PDSI_pm has
improved spatial comparability and uses a more realistic estimate
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of potential evapotranspiration, thus improving its applicability to
global warming scenarios (see ref. 2 formore details).

Figure 1a,b shows that the broad patterns of the linear trends
from 1950 to 2010 in observed annual precipitation and calculated
sc_PDSI_pm using observation-based forcing2 are comparable.
These patterns are also broadly comparable to those seen in
observed streamflow trends since 1948 in the world’s main river
basins1,17. Some regional and quantitative differences are expected
among them as they are different variables, albeit closely related
physically. The patterns are characterized by drying over most of
Africa, southeast Asia, eastern Australia and southern Europe, and
increased wetness over the central US, Argentina and northern
high-latitude areas. As the precipitation and streamflow data are
from independent measurements, the broad consistency among
their change patterns suggests that these trends are real. This
also suggests that the sc_PDSI_pm is a useful measure of aridity
changes. One advantage of the sc_PDSI_pm is that it can be
used to examine the impact of individual forcing on the aridity
trend by comparing the cases with and without this forcing
in calculations of the sc_PDSI_pm. Figure 1c shows that the
warming since the 1980s (note the jump around the early 1980s
is due to the 1982/1983 El Niño) has contributed considerably
to the upward trend in global drought areas, increasing the
areas under drought by about 8% by the first decade of this
century. This warming-induced drying results from increased
evaporation and is largest over northern mid-high latitudes2. In
contrast, precipitation decreases over Africa, southeast Asia, eastern
Australia and southern Europe are the primary cause for the
drying trend over there, and the long-term trends and decadal
to multidecadal variations in sea surface temperature (SST) are
a major driver for many of the precipitation changes8–12. The
long-term SST trend is part of the global warming; however, many
of the observed decadal to multidecadal SST variations are absent
in greenhouse-gas- (GHG) and aerosol-forced coupled model
simulations13, implying that these SST variations are unforced,
natural variations whose phase or timing and spatial patterns may
depend on the initial conditions of the models and thus they are
generally irreproducible.

To study how drought might change under increasing GHGs,
I analysed coupled climate model simulations under intermediate
future GHG emissions scenarios from the Coupled Model Inter-
comparisonProject phase 3 (CMIP3) and the newphase 5 (CMIP5).
The sc_PDSI_pmmaps for future decades based on theCMIP3were
briefly discussed in ref. 1, but were not comparedwith the simulated
soil-moisture and historical sc_PDSI_pm changes. Figure 2a shows
that most (more than 82%) of the 14 CMIP5 models analysed
here show decreases in soil-moisture content in the top-10 cm
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Little change in global drought over the past 60 years
Justin Sheffield1, Eric F. Wood1 & Michael L. Roderick2

Drought is expected to increase in frequency and severity in the
future as a result of climate change, mainly as a consequence of
decreases in regional precipitation but also because of increasing
evaporation driven by global warming1–3. Previous assessments of
historic changes in drought over the late twentieth and early
twenty-first centuries indicate that this may already be happening
globally. In particular, calculations of the Palmer Drought Severity
Index (PDSI) show a decrease in moisture globally since the 1970s
with a commensurate increase in the area in drought that is attri-
buted, in part, to global warming4,5. The simplicity of the PDSI,
which is calculated from a simple water-balance model forced by
monthly precipitation and temperature data,makes it an attractive
tool in large-scale drought assessments, but may give biased results
in the context of climate change6. Here we show that the previous-
ly reported increase in global drought is overestimated because
the PDSI uses a simplified model of potential evaporation7 that
responds only to changes in temperature and thus responds incor-
rectly to global warming in recent decades. More realistic calcul-
ations, based on the underlying physical principles8 that take into
account changes in available energy, humidity and wind speed,
suggest that there has been little change in drought over the past
60 years. The results have implications for how we interpret the
impact of global warming on the hydrological cycle and its
extremes, and may help to explain why palaeoclimate drought
reconstructions based on tree-ring data diverge from the PDSI-
based drought record in recent years9,10.
Drought is amajor natural hazard that can have devastating impacts

on regional agriculture, water resources and the environment, with far-
reaching impacts in an increasingly globalized world11. The perceived
abundance of drought in the 2000s, such as long-term events in the
western United States, southeast Australia and northeast China, and
the recent short-termbut severe events inRussia and the centralUnited
States, hint that climate change may be a forcing factor and this is only
likely to get worse, given projected climate warming and precipitation
changes for the twenty-first century1,2. Many studies have attributed
the severity and length of recent droughts to global warming5,12. The
Fourth Assessment Report (AR4) of the Intergovernmental Panel on
Climate Change (IPCC) summarized the evidence in the following
terms: ‘‘More intense and longer droughts have been observed over
wider areas since the 1970s, particularly in the tropics and subtropics.
Increased drying linked with higher temperatures and decreased
precipitation has contributed to changes in drought’’13. The AR4 drew
heavily from historic analyses of the PDSI, which shows an increase
in drought in the last few decades, regionally5,14 and globally4, that is
commensuratewith the increase in global temperatures. TheAR4 sum-
mary has been substantially revised, however, in the recent IPCC
Special Report on Extremes3 that notes the over-reliance on the PDSI
and possible overestimation of the increase in regional and global
drought.
The PDSI was developed originally as an agricultural monitoring

tool in the United States in the 1960s15 that helped in allocating aid to
stricken farmers. It is used pervasively for operational monitoring and
increasingly in studies of climate change2,16. Its popularity stems from

its ease of use and long history in agricultural applications. However,
the PDSI has several shortcomings because of its simplicity3,17,18,
including the treatment of potential evaporation (PE, the evaporative
demand of the atmosphere), which is calculated from temperature data
by using the empirical Thornthwaite equation7. It has been well estab-
lished that evaporation is a function of more than just temperature,
and the correct physics includes radiative and aerodynamic controls
on evaporative demand8,19–21. Temperature-based PE methods appa-
rently perform relatively well in climatological applications because air
temperature is correlated with net radiation and humidity at weekly,
monthly and subannual timescales22. However, estimating trends is
problematic and there is extensive literature showing that temper-
ature-based methods are flawed, inherently because the temperature
state does not uniquely determine the evaporative flux (see Sup-
plementary Information). In the context of climate change, the tem-
perature-based approach responds to recent observed warming with
increasing PE. When used in the PDSI model, which derives soil
moisture from the balance between precipitation, evaporation and
runoff, the increase in PE drives an increase in drought globally13 in
addition to the impact of any changes in precipitation. However,
numerous studies based on observations and detailed physical model-
ling have shown regional declines in evaporative demand over past
decades as a result of various combinations of declining radiation, va-
pour-pressure deficit and/or wind speed6, despite generally increasing
regional temperatures.
To resolve this discrepancy and provide an improved estimate of

changes in global drought over the past 60 years based on better
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Figure 1 | Global average time series of the PDSI and area in drought.
a, PDSI_Th (blue line) and PDSI_PM (red line). b, Area in drought (PDSI
,23.0) for the PDSI_Th (blue line) and PDSI_PM (red line). The shading
represents the range derived from uncertainties in precipitation (PDSI_Th and
PDSI_PM) and net radiation (PDSI_PM only). Uncertainty in precipitation is
estimated by forcing the PDSI_Th and PDSI_PM by four alternative global
precipitation data sets. Uncertainty from net radiation is estimated by forcing
the PDSI_PM with a hybrid empirical–satellite data set31 and an empirical
estimate. The other near-surface meteorological data are from a hybrid
reanalysis–observational data set31. The thick lines are the mean values of the
different PDSI data sets. The time series are averaged over global land areas
excluding Greenland, Antarctica and desert regions with a mean annual
precipitation of less than 0.5mmd21.
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Present trends
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Abstract

We analysed long-term variability and trends in meteorological droughts across

Western Europe using the Standardized Precipitation Index (SPI). Precipitation

data from 199 stations spanning the period 1851–2018 were employed, follow-

ing homogenisation, to derive SPI-3 and SPI-12 series for each station, together

with indices on drought duration and severity. Results reveal a general absence

of statistically significant long-term trends in the study domain, with the excep-

tion of significant trends at some stations, generally covering short periods.

The largest decreasing trends in SPI-3 (i.e., increasing drought conditions) were
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and temporal variability was identified at the regional
scale in Europe, including Spain (e.g., Vicente-Serrano et
al., 2004; Vicente-Serrano, 2006b), Portugal (e.g., Santos
et al., 2010), Italy (e.g., Bonaccorso et al., 2003) and Serbia
(e.g., Gocic and Trajkovic, 2014), amongst others. This
strong variability is mainly attributed to the complex
atmospheric configurations that control climate in the
region. In this context, although the North Atlantic Oscil-
lation (NAO) is the dominant circulation pattern control-
ling drought variability in Europe (López-Moreno et
al., 2008), other large-scale circulation patterns also con-
tribute to climate variability in specific European regions
(Trigo et al., 2009; Kingston et al., 2015; Vicente-Serrano
et al., 2016; Manzano et al., 2019). This is more pro-
nounced in the Mediterranean, where the influence of
local/regional circulation variability induces more het-
erogeneous drought patterns, even for small areas
(Vicente-Serrano and López-Moreno, 2006).

6 | CONCLUSIONS

This study stresses the following findings:

• Spatial differences were observed in the SPI12 magni-
tude trend, where a positive trend was found in the
British and Irish Isles, Northern France and Germany,
and a negative trend in the southeast of the Iberian
Peninsula, Italy and Balkans. In addition, this great
spatial variability is reflected in the 23 components of
the PCA to obtain 75.2% of the variance explained.

• Seasonal differences were found in the SPI3 magnitude
trend, where a negative trend in summer was detected,
especially in the British and Irish Isles. In addition, a
reduction in the area affected by severe drought was
detected, especially in winter.

• With few exceptions, trends in droughts over Western
Europe are statistically non-significant from a long-
term perspective.

• Changes in droughts are spatially variable, especially
on a seasonal basis. Therefore, detailed local and
regional assessment of drought variability should be of
high priority in Western Europe. Such assessments
would provide local policy and decision-makers with
the most appropriate and reliable information for
understanding drought change and management.
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• In this study, we have detected the following drought hotspots that 
have experienced a robust increase in drought frequency and severity 
between the periods 1951–1980 and 1981–2016: Patagonia, the 
Mediterranean region, the Sahel, the Congo River basin, north-
eastern China, and (though not unanimously agreed by all indicators) 
central Asia and southern Australia. U 
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A B S T R A C T

Study region: This study has three spatial scales: global (0.5°), macro-regional, and country scale.
The database of drought events has specific entries for each macro-region and country.
Study focus: We constructed a database of meteorological drought events from 1951 to 2016,
now hosted by the Global Drought Observatory of the European Commission's Joint Research
Centre. Events were detected at macro-regional and country scale based on the separate analysis
of the Standardized Precipitation-Evapotranspiration Index (SPEI) and the Standardized
Precipitation Index (SPI) at different accumulation scales (from 3 to 72 months), using as input
the Global Precipitation Climatology Centre (GPCC) and Climatic Research Unit (CRU) Time
Series datasets. The database includes approximately 4800 events based on SPEI-3 and 4500
based on SPI-3. Each event is described by its start and end date, duration, intensity, severity,
peak, average and maximum area in drought, and a special score to classify 52 mega-droughts.
New hydrological insights for the region under study: We derived trends in drought frequency and
severity, separately for SPI and SPEI at a 12-month accumulation scale, which is usually related
to hydrological droughts. Results show several drought hotspots in the last decades: Amazonia,
southern South America, the Mediterranean region, most of Africa, north-eastern China and, to a
lesser extent, central Asia and southern Australia. Over North America, central Europe, central
Asia, and Australia, the recent progressive temperature increase outbalanced the increase in
precipitation causing more frequent and severe droughts.

1. Introduction

The complex nature of droughts makes them one of the most difficult climate hazards to perceive (Wilhite, 2000). Other recurrent
weather-related hazards such as heatwaves, floods, and windstorms can be skilfully forecasted in certain cases (Vitart, 2006; Komma
et al., 2007; Lowe et al., 2011) and in general unequivocally quantified and classified (Milly et al., 2002; Russo et al., 2015). In
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Drought present trends
• Most of the studies are based on traditional indices (PDSI, SPI, SPEI 

and variants)  with some exceptions
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Abstract: Drought is an important natural hazard that is expected to increase in frequency and
intensity as a consequence of climate change. This study aimed to evaluate the impact of future
changes in the temperature and precipitation regime of Spain on agricultural droughts, using novel
static and dynamic drought indices. Statistically downscaled climate change scenarios from the model
HadGEM2-CC, under the scenario representative concentration pathway 8.5 (RCP8.5), were used at
a total of 374 sites for the period 2006 to 2100. The evolution of static and dynamic drought stress
indices over time show clearly how drought frequency, duration and intensity increase over time.
Values of static and dynamic drought indices increase over time, with more frequent occurrences of
maximum index values equal to 1, especially towards the end of the century (2071–2100). Spatially,
the increase occurs over almost the entire area, except in the more humid northern Spain, and in areas
that are already dry at present, which are located in southeast Spain and in the Ebro valley. This study
confirms the potential of static and dynamic indices for monitoring and prediction of drought stress.

Keywords: climate change; drought stress; drought monitoring; plant water stress; Spain

1. Introduction

Climate change is one of the greatest future challenges for society as a whole, and for agricultural
production and food security specifically [1]. If the current situation of greenhouse gas emissions
continues, agricultural productivity will be significantly a↵ected, with temperature increases and
rainfall decreases o↵setting benefits of increased carbon dioxide concentrations [2]. Arora [3] reports
an estimated 20–45% decline in maize (Z. mays) yields, 5–50% in wheat (Triticum L.) and 20–30% in
rice (Oryza sativa). In Europe, a series of research projects of the Joint Research Centre, called PESETA,
have analyzed in more detail the climate change impacts on a wide range of environmental and
socio-economic aspects [4], showing clearly very uneven impacts within the EU and an important
north-south divide. Southern Europe is hit especially hard, with a significant decline in agricultural
production, whereas some parts of eastern and northern Europe show production increases. However,
this type of assessment of crop yield under climate change is entirely based on crop-growth models,
which often do not allow to take into account climate extremes, such as drought or freezing events.
Trnka et al. [5] evaluated future agroclimatic conditions in Europe and found worsening conditions
in most of Europe, including eastern and northern Europe. They attribute this to a higher risk of
extremely unfavorable years that are likely to increase everywhere, for example, due to for example
drought stress, frost, or the absence of snow cover that does not protect against frost.

It is well known that extreme events, such as heat waves and droughts, are projected to increase
over the next decades [1]. Lu et al. [6] evaluated the uncertainty related to agricultural drought
predictions from the Coupled Model Intercomparison Project phase 5 (CMIP5) models at a global
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Attribution
• In terms of attribution, there is no clear cut evidence (yet?) of human 

induced climate change in drought events 
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RAPID REPORTS 
The South Africa study could have been done faster, had the researchers 
been able to spend all their time on it. This year’s work during the 
European heatwave was not the first rapid study: in 2015, for instance, 
during another sweltering heatwave in Europe, an international team of 
researchers (including Otto) found within weeks how climate change 
had made comparable heatwaves four times more likely in some Euro-
pean cities, and at least twice as likely over much of the continent (see 
go.nature.com/2uzpoxc). Meteorological agencies plan to work even 
faster when they put these experimental methods into regular opera-
tion. Over the past few months, Otto has talked extensively with the 
staff of the German weather service, briefing them on how to conduct 
attribution studies using the best approaches. On 21 June, she signed an 
agreement with the agency that provides free use of the University of 
Oxford’s weather@home model. Meanwhile, the Copernicus Climate 
Change Service has asked Otto and two of her colleagues to write a paper 
describing workflows and methods for conducting rapid attribution 
studies, to be published by September.

Otto says a rapid attribution service is needed because questions 
about the role of climate change are regularly asked in the immediate 
aftermath of extreme weather events. “If we scientists don’t say any-
thing, other people will answer that question not based on scientific 
evidence, but on whatever their agenda is. So if we want science to be 
part of the discussion that is happening, we need to say something 
fast,” she says.

Some scientists might feel uncomfortable if weather forecasters 
announce results before work has gone through peer review. But in these 
cases, the methods have already been extensively reviewed, says Gabriele 
Hegerl, a climate scientist at the University of Edinburgh, UK. Hegerl 
is also a co-author of a 2016 report by the US National Academies, 
which concluded that the science of attribution has advanced rapidly 
and would benefit from being linked to operational weather prediction. 
“It can be really useful to have results quickly available for event types 
we understand reasonably well, such as heatwaves,” she says. “You don’t 
need to peer review the weather forecast,” adds Otto.

But not all of the science involved in attribution studies is settled, 
Hegerl says. Computer algorithms still struggle to model severe local 
storms that result from the rapid convection of air, such as small hail-
storms and tornadoes, so scientists can’t say whether climate change 
has made these events more likely. Reliable attribution is also difficult 
or even impossible where long-term climate records are still lacking, 
such as in some African countries. And there might still be natural 
climate variability that is not fully visible in the relatively short record 
of direct climate observations. To trace very-long-term climate fluc-
tuations — such as those caused by changes in atmospheric-pressure 
patterns or sea surface temperatures that cycle once every few dec-
ades — researchers must rely on low-resolution proxy data, such as 
from tree rings. That this variability doesn’t always show up in direct 

observations does create some uncertainty in studies, particularly for 
research on drought attribution, says Erich Fischer, a climate scientist 
at the Swiss Federal Institute of Technology in Zurich. 

At a meeting in Oxford in 2012, some critics questioned whether 
climate scientists could be confident about the conclusions of attribu-
tion studies, given the lack of observational data and weaknesses in the 
climate models of the time. But since then, doubts have largely been 
quelled. Researchers now run the studies using several independent 
climate models, which reduces uncertainty because they can look for 
results that concur. And scientists are more careful about how they make 
probabilistic claims. “Extreme-event attribution has made a lot of pro-
gress since it began with scant resources,” says Fischer. “It may still not 
work for small hailstorms or tornadoes. But attribution claims are now 
fairly robust for any large-scale weather patterns that can be represented 
by state-of-the-art climate models.”

UNCLEAR IMPACT
In South Africa, Davies says Otto’s latest study should help to press the 
case for new approaches to regional water management. “Meteorolo-
gists assured us after the second year of drought that there was no way 
we were going to have a third dry year in a row. But we can’t use the past 
any more for what might happen in the future. We need to learn to adapt 
to a changing climate, and we absolutely need attribution to do it right.” 
One of the lessons of the recent drought and the attribution analysis is 
that the Western Cape should not rely solely on rainfall to replenish its 
water supply, she says. Instead, it should diversify by tapping groundwa-
ter and expanding its desalination and waste-water treatment facilities.

But, in general, it’s hard to know what effect attribution studies are 
having, social scientists say. That’s because it is difficult to tease out 
the impacts of these findings from other studies that forecast increased 
risks of extreme weather associated with climate change — or from the 
shock of the weather events themselves. Still, if attribution studies start 
appearing regularly in weather reports, rather than just in scientific 
journals, then their impacts could become much more conspicuous, 
says Jörn Birkmann, an expert in spatial and regional planning at the 
University of Stuttgart in Germany. “City and infrastructure planners 
who plan and approve new housing areas, hospitals or train stations 
need to consider risks of extreme weather events more precisely if these 
events are clearly attributed to climate change,” he says. 

Evidence from attribution reports could also feed into litigation on 
climate change, suggest Birkmann and James Thornton, the London-
based chief executive of ClientEarth, an international group of envi-
ronmental lawyers. Court cases that allege failure to prepare for the 
effects of climate change haven’t yet cited attribution studies, Thornton 
says. But he thinks judges will increasingly rely on them to help decide 
whether defendants — who might be oil companies, architects or gov-
ernment agencies — can be held liable. “Courts tend to give credibility to 
government data,” he says. “If attribution moves from science to public 
service, judges will be much more comfortable using the results.”

At the German weather agency, Becker says he is convinced that 
attribution studies will become a valuable service for many parts of 
society. “It’s part of our mission to illuminate the links between climate 
and weather,” he says. “There is demand for that information, there is 
science to provide it, and we are happy to spread it.” ■

Quirin Schiermeier is a senior reporter for Nature based in Munich, 
Germany.
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Present trends…
• The draft of the 6th IPCC report concludes that:

• There is low confidence that human influence has affected trends in 
meteorological droughts in most regions, but medium confidence that they 
have contributed to the severity of some specific events. There is medium 
confidence that human-induced climate change has contributed to increasing 
trends in the probability or intensity of recent agricultural and ecological 
droughts, leading to an increase of the affected land area. {11.6.4}
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• The main differences relate to how different studies consider and parametrize key biophysical and hydrological processes, 
and atmospheric variables that contribute to drought severity, among them, arguably the role of the atmospheric 
evaporative demand (AED) is in the root of the debate. 
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Abstract

This review examines the role of the atmospheric evaporative demand (AED) in

drought. AED is a complex concept and here we discuss possible AED definitions, the

subsequent metrics to measure and estimate AED, and the different physical drivers

that control it. The complex influence of AED on meteorological, environmental/agri-

cultural and hydrological droughts is discussed, stressing the important spatial differ-

ences related to the climatological conditions. Likewise, AED influence on drought

has implications regarding how different drought metrics consider AED in their

attempts to quantify drought severity. Throughout the article, we assess literature find-

ings with respect to: (a) recent drought trends and future projections; (b) the several

uncertainties related to data availability; (c) the sensitivity of current drought metrics

to AED; and (d) possible roles that both the radiative and physiological effects of

increasing atmospheric CO2 concentrations may play as we progress into the future.

All these issues preclude identifying a simple effect of the AED on drought severity.

Rather it calls for different evaluations of drought impacts and trends under future cli-

mate scenarios, considering the complex feedbacks governing the climate system.

This article is categorized under:

Paleoclimates and Current Trends > Earth System Behavior
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PERSPECTIVE NATURE CLIMATE CHANGE

For example, a challenge for US flash-drought prediction is 
a summertime dry and warm bias over the central United States 
in many models41. Another key factor for prediction is the fidel-
ity of teleconnections; some models have biased Madden–Julian 
Oscillation teleconnections42 that could play a role in flash-drought 
predictions. Furthermore, land surface models underestimate char-
acteristics of evaporative drought43.

Establishing predictability and credibility of predictions present  
considerable challenges. One aspect is the number of past flash 
droughts needed to build up a large enough set of samples to test 
hindcast efficacy. But a property of a flash drought is that it is an 
unusual event. If the expected return period were more than a year, 
then testing predictability using hindcasts would require over 20 
years of hindcasts; this is more than is available for some current 
operational S2S prediction systems44. Achieving credible predictions 
will be a continuing challenge with limited computing resources that 
face competing demands from increased model resolution, ensemble 
size, and the number and complexity of physical processes.

Other challenges for flash-drought prediction lie in our ability 
to monitor the current state of the land surface and soil, and to use 
this information to initialize forecast models. The initial state of 
the soil-moisture profile is expected to have greater impact on S2S 
predictions than on shorter or longer timescales45. Despite recent 
improvement, accurate monitoring of soil moisture is still poor 
compared with many meteorological variables. Perhaps even fur-
ther afield from operational systems, but still of potential impor-
tance, are interactions between vegetation and the land surface. 
Dynamic vegetation models (such as eco-demographic models46) 
are becoming available, but initializing them in an operational con-
text will present another challenge.

Context within longer droughts and climate change 
The factors driving flash drought can change with climate vari-
ability and change on longer timescales, but only a few studies have 
examined observed regional trends in flash drought (using varied 
definitions)47–49 so how they could be affected by different climatic 
background states remains unclear. In this section, we consider 
the context within which flash droughts occur, and how climate 

background states, multidecadal variability and climate change can 
influence flash droughts.

Human influence has been identified on various aspects of 
hydroclimate, including droughts50,51; external forcing that drives 
anthropogenic climate change will significantly change the back-
ground climate state as we move further into the twenty-first cen-
tury. Future changes to precipitation, temperature and atmospheric 
circulation will all induce changes to surface water availability and 
evaporative demand52 and would thus affect flash drought. Aridity, 
defined in terms of evaporative demand, increases in many drought-
prone regions in climate-change projections53 and also influences 
soil moisture54. But how evaporative demand is formulated—via 
temperature-dependent measures like the Palmer Drought Severity 
Index, versus more comprehensive measures—can alter its pro-
jected response55–58. Actual evaporation and its changes are medi-
ated by vegetation and growing season length, which can counter or 
exacerbate increasing evaporative demand59–62. How these changes 
in aridity, evaporation and land–atmosphere feedbacks63 affect flash 
drought should be a research priority.

Flash droughts can manifest as discrete drought episodes (for 
example the 2012 US Midwest drought23,64), but they may also 
manifest as a rapid increase in severity from a longer-term drought 
already in progress. If they are not terminated, they may continue 
into a period of longer-lasting drought (for example the 2018  
eastern Australian drought15). Flash droughts can be embedded 
within climate variability occurring at decadal and longer timescales; 
the characteristics of the more slowly varying climate will influence 
the impact of a flash drought. Centuries-long records of climate 
from palaeoclimatic data are useful52 for understanding how short, 
severe droughts that might have developed rapidly are distributed 
over longer timescales and under a variety of climate conditions.

Although temporal resolution of even the highest-quality pal-
aeoclimatic data is insufficient to capture subseasonal timescales, 
these records can nonetheless provide insights on the frequency 
and distribution of extreme single-year or multi-year drought 
events. Annually resolved tree-ring reconstructions of streamflow 
for the Colorado River document these extreme occurrences over 
the past 1,200 years under varying baseline climates65. If a ‘palaeo 
flash drought’ is defined as a year with flow less than two stan-
dard deviations below average, then it is possible to identify and 
characterize periods during which palaeo flash droughts occur. 
For example, in the medieval period (900–1300 ce), characterized 
by persistent droughts and temperatures warmer than during any 
period until the past few decades in southwestern North America66, 
the mid-twelfth-century period of persistent drought had no occur-
rences of flash-drought years in Colorado River streamflow65. The 
thirteenth century, which was also dry but less persistently so, con-
tained two flash-drought years. However, the most notable cluster 
of flash-drought years occurred between 1495 and 1506, a 12-year 
period during which four flash droughts occurred; this was not a 
period of particularly persistent drought. Similar behaviour can 
be found in streamflow reconstruction of the Upper Rio Grande67, 
where only one of three flash-drought clusters in a record over 
500 years long was associated with persistent drought conditions. 
Furthermore, palaeo reconstructions contain years in which runoff 
efficiency is lower than expected from annual streamflow alone68,69. 
Notwithstanding reconstruction uncertainties, such years could 
have harboured flash droughts that affected runoff efficiency while 
leaving little imprint on annual streamflow.

Slowly varying or changing background states present an addi-
tional challenge for S2S prediction of flash drought since the cli-
matic base state can alter S2S predictive skill. For example, a decline 
in predictability of the Eastern Pacific El Niño in the early twenty-
first century has been attributed to a change in the background state 
of the tropical Pacific70. Potential changes in S2S skill as the climate 
baseline evolves need further investigation.

Drought development in time
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Fig. 3 | The response of evaporative demand and evapotranspiration to 
feedbacks from drying land. Schematic evolution of evaporative demand 
(E0), evapotranspiration (ET) and surface moisture availability, starting 
from a wet (energy-limited, left side) state, which has enough water for 
ET to further increase if additional energy is added to the surface, and 
developing into a dry (water-limited, right side) state. Adapted with 
permission from ref. 89.
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Drought is perhaps the most complex and least understood of 
all “weather and climate extremes”1. Droughts can span tim-
escales from a few weeks to decades, and spatial scales from 

a few kilometres to entire regions. Their impacts usually develop 
slowly, are often indirect and can linger for long after the end of the 
drought itself. The drought risk, therefore, is often underestimated 
and continues to remain a ‘hidden’ hazard2. A comprehensive over-
view of traditional drought characteristics, processes, mechanisms 
and impacts is provided in ref. 3.

In a future warmer climate, droughts are likely to increase in dura-
tion and intensity in many regions of the world4,5. A better under-
standing of drought phenomena, especially of the physical processes 
leading to drought, their propagation through the hydrological cycle, 
and the societal and environmental vulnerability to drought and its 
wide-ranging impacts is more important than ever. The key chal-
lenge is to move from a reactive society, responding to impacts, to a 
proactive society that is resilient and adapted to drought risk—that 
is, adopts proactive risk management strategies3,6.

Droughts whose impacts arise in part from their long duration, 
such as the Dust Bowl and the 2011–2015 California drought, have 
formed strong imagery in the United States, and ‘megadroughts’ 
lasting more than 20 years have also been documented in tree-ring 
records. Much research has been conducted on aspects of drought 
that play out over multiple years, but more recently attention has 
been drawn to the rapid development of some drought events, in 

the space of a few weeks: ‘flash droughts’, a specific definition for 
which we will provide below. These events, distinguished by their 
sudden onset and rapid intensification, can have severe impacts7,8. 
Flash droughts develop on the subseasonal-to-seasonal (S2S) times-
cale (weeks to months) and present a new challenge for prediction 
efforts on that timescale, which are currently surging in interest9.

One flash drought that brought attention to the phenomenon 
occurred in the US Midwest in 20128,10 (Fig. 1). The areal extent of 
abnormally dry conditions expanded from 30% of the continental 
United States (CONUS) in May 2012 to over 60% by August. This 
event had considerable impacts on agriculture and water-borne 
transportation in the region. Although other rapidly developing 
droughts had been identified before11, the widespread impacts of 
the 2012 event caught the attention of the US public and leadership.

Flash drought is not confined to the United States12. For exam-
ple, processes that can produce flash droughts are foci of research 
in China13,14. In southern Queensland, Australia, a flash drought in 
early 2018 de-vegetated the landscape and drove livestock numbers 
to their lowest level in a century, a significant impact for agriculture15.

A drought monitoring and early-warning system is the founda-
tion of effective, proactive drought policy because it enables notice 
of potential and impending drought conditions. It identifies climate 
and water-resource trends, and detects the emergence or probability 
of occurrence and the likely severity of droughts and their impacts. 
Reliable information must be communicated in a timely manner 

Flash droughts present a new challenge for 
subseasonal-to-seasonal prediction
Angeline G. Pendergrass! !1 ✉, Gerald A. Meehl! !1, Roger Pulwarty! !2, Mike Hobbins! !2,3,  
Andrew Hoell! !2, Amir AghaKouchak! !4, Céline J. W. Bonfils! !5, Ailie J. E. Gallant! !6,7,  
Martin Hoerling2, David Hoffmann! !6,7, Laurna Kaatz8, Flavio Lehner! !1, Dagmar Llewellyn! !9,  
Philip Mote! !10, Richard B. Neale! !1, Jonathan T. Overpeck! !11, Amanda Sheffield! !12, 
Kerstin Stahl! !13, Mark Svoboda! !14, Matthew C. Wheeler! !15, Andrew W. Wood! !1 and 
Connie A. Woodhouse! !16

Flash droughts are a recently recognized type of extreme event distinguished by sudden onset and rapid intensification of 
drought conditions with severe impacts. They unfold on subseasonal-to-seasonal timescales (weeks to months), presenting a 
new challenge for the surge of interest in improving subseasonal-to-seasonal prediction. Here we discuss existing prediction 
capability for flash droughts and what is needed to establish their predictability. We place them in the context of synoptic to 
centennial phenomena, consider how they could be incorporated into early warning systems and risk management, and propose 
two definitions. The growing awareness that flash droughts involve particular processes and severe impacts, and probably a 
climate change dimension, makes them a compelling frontier for research, monitoring and prediction.
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Drought indices
• Many (perhaps too many!) 
• Differ for the hydrometeorological variable taken into account, time 

scales of application, standardization of results, etc. 
• Measure negative deviations of one hydrological variable (or a a proxy 

of) with respect to some “normal” level (whatever that is…)
• Standardization of the deviations through a variety of more or less 

complex procedures, in order to compare drought conditions across 
different locations and seasons
• Duration, severity, intensity, etc. often making use of run theory 

(Yevjevich 1967)
• In a non stationary setting, this poses some questions: what is 

“normal” condition? How to standardize? How to take into account 
the presence of trends/shifts/cycles?



Standardized indices (SPI, SPEI and all that)
• Based on a backward aggregation over k time intervals (typically months, weeks) of 

some hydrological variable (or a proxy of) to reflect water availability in the past k
intervals

• Such aggregated value is then standardized through an equiprobability
transformation into a standard normal variable

• In essence, we define droughts in terms of non exceedance probability of the 
backward aggregated values of the hydrological variable of interest

• Thus, the resulting index is basically structured as a moving average process which 
generally exhibits:
• strong autocorrelation structure (stronger as k increases)
• apparent cycles, shifts, local trends, etc.



Standardized Precipitation Index

• Resolution 21 of the WMO XVI World 
Meteorological Congress (2011)

Requests “Members to ensure that all National 
Meteorological and Hydrological Services around the world 
use the Standardized Precipitation Index (SPI) to 
characterize meteorological droughts, in addition to other 
drought indices that are already in use in their service.”

• WMO Document 1090 “Standardized 
Precipitation Index user guide”, 2012



Stochastic characterization of SPI, SPEI, etc.
• It can be shown that standardized indices exhibit a stochastic structure that is 

compatible with a Periodic Autoregressive Moving Average process PARMA
• e.g. SPI aggregated precipitation normally distributed and uncorrelated: => PMA(0,k-1)

• aggregated precipitation normally distributed and correlated:  => PARMA(p,q+k-1)

• Most importantly, SxxI exhibit strong autocorrelation !!!

θi,τ =
στ−i

στ

   with i =1,...,k −1

k-1+ q MA polynomial

p AR polynomial
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Cycles in Finite Samples and Cumulative Processes of Higher Orders 
ViT KLEME• 

National Hydrology Research Institute, Department of Environment, Saskatoon, Saskatchewan 

iVO KLEMEg 1 

Department of Mathematics, University of British Columbia, Vancouver 

The process formed by a sequence of cumulative departures from the mean or from some other 
constant (residual mass curve, cusum chart) is a popular tool for the representation and analysis of time 
series in many sciences, for example, in hydrology, climatology, economics, game theory. In these and 
other natural and social sciences, similar cumulative processes also often arise naturally; examples 
include fluctuations of storage in a dam with a constant release rate, lake levels, volume of glaciers, 
biomass, inventories, and bank accounts. Moreover, many natural economic and other phenomena may 
represent, or contain, components of cumulative processes of higher orders, i.e., cumulative processes of 
cumulative processes. In this paper we show that for a sample {y?)) _= (x•) of any finite size N, the 
pure cumulative process of nth order, yt(n)= Zi=it(yt (n•')-- II in- •')), where /•(" •) is the sample mean of 
{y,(n-•} and t = 1, 2, ---, N, converges for n--• • to a sine wave with a period equal to an integral 
fraction of the sample size N. This happens for any initial sample {y,(O)} and the convergence is of an 
exponential order. For samples from most stochastic as well as deterministic processes, the period of the 
limiting sine wave is equal to the sample size N. This behavior is demonstrated by examples involving 
samples from various processes ranging from pure random series to various deterministic series and 
including time series of some natural processes such as streamflow, lake levels, and glacier volumes. The 
paper includes a demonstration of effects of noise superimposed on, and of error in the value of, sample 
mean on the rate of convergence, and a discussion of some practical implications of the phenomenon 
described; it brings together some aspects of the work of Slutzky (1937), Hurst (1951), and Yule (1926). 

Most stochastic processes in physics, economics, and educa- 
tion are of this nature and our findings should serve as a warning 
to those who are prone to discern secular trends in deviations 
from average norms. 

William Feller (1967) on cumulative processes 

1. INTRODUCTION 

Half a century ago, the editor of Econometrica invited 
Slutzky [1937] to write for that journal an article summarizing 
his work on the so-called law of the sinusoidal limit. This 
work had been published 10 years before that time but, al- 
though it became well-known in the meantime, it was not 
available in English but only in the Russian original. 

Slutzky's theorems on the law of the sinusoidal limit imply 
that given a purely random series x•, x 2, --- with zero mean 
and variance or,, 2, then a series yx, Y2, "', where 

Yt = Yr (m/n)-" A(m)xt(n) (la) 
will converge (in probability) to a sinusoid for m, n• c•, and 
m/n =constant. Using the backward-shift operator B, the 
two above terms are defined as A(")= (1- B)"' and 
(I q- B)nx, so that (la)can be written as follows- 

yt= (1-- B)m(1 + 

= [(1 -- B)V(1 + B)q]•xt (lb) 
where m = pN and n = qN, the convergence of y, to a sinusold 
occurring for N --• oo. 

In other words, a repeated moving "average" formed using 
certain fixed weights which add up to zero (these being the 

•Now at Department of Mathematics, McGill University, Mon- 
treal, Quebec. 
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coefficients in the expansion of (1 -- B)V(1 + B) •) converges to 
a sinusoid. He also gives an equation specifying the period of 
the sinusoid and states that the number of its periods in an 
interval (t, t + N) will be arbitrarily large for a large enough 
value of N. 

It is very exceptional that a prestigious international journal 
would invite an author to write a paper on a piece of his old 
work, especially when the results had already been published 
ten years previously. In Slutzky's case, the exception was well- 
deserved. His law of the sinusoidal limit opened up a new 
perspective on the relationship between random and deter- 
ministic processes, between chaos and order, so to speak. The 
commonly accepted notion of the day was that at least in 
inanimate nature, order will always have a tendency to de- 
generate into chaos via increasing entropy. A spontaneous 
development in the opposite direction which was implied in 
Slutzky's result was considered all but impossible. At least 
implicitly, to create order out of chaos was considered possible 
only through an action guided by an internal organizing 
power, by a purposeful intent, if not of a god or a soul, then of 
some Bergsonian 61an vital or at least a Maxwell's demon. To 
put it in modern language, the possibility of a spontaneous 
transformation of chaos into order did not fit into the contem- 
porary paradigm of science. As Prigogine'and Stengers [1984, 
p. 174] observe, the situation is basically the same today, only 
the metaphors for the internal guiding agent have been mod- 
ernized to "organizers," "regulators," and "genetic programs" 
(to these one could add the "selfish gene," some interpretations 
of Lovelock's Gaia hypothesis, and perhaps other). 

This may be the reason why, notwithstanding the insightful 
appreciation of and the high regard for Slutzky's result by the 
editorial board of the Econometrica of 50 years ago, his work 
was not followed up in the main direction in which he himself 
was looking, although his proof was later generalized by Ro- 
manovsky, Schoenberg, and especially Moran [see Moran, 
1950]. Even today, his result is usually invoked only as an 
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 THE SUMMATION OF RANDOM CAUSES AS THE

 SOURCE OF CYCLIC PROCESSES*

 By EUGEN SLUTZKY

 I. SCOPE OF THE INVESTIGATION

 ALMOST ALL of the phenomena of economic life, like many other

 processes, social, meteorological, and others, occur in sequences of

 rising and falling movements, like waves. Just as waves following each

 other on the sea do not repeat each other perfectly, so economic cycles

 never repeat earlier ones exactly either in duration or in amplitude.

 Nevertheless, in both cases, it is almost always possible to detect, even
 in the multitude of individual peculiarities of the phenomena, marks

 of certain approximate uniformities and regularities. The eye of the

 observer instinctively discovers on waves of a certain order other

 smaller waves, so that the idea of harmonic analysis, viz., that of the
 possibility of expressing the irregularities of the form and the spacing

 of the waves by means of the summation of regular sinusoidal fluctua-

 tions, presents itself to the mind almost spontaneously. If the results
 of the analysis happen sometimes not to be completely satisfactory,

 the discrepancies usually will be interpreted as casual deviations super-
 posed on the regular waves. If the analyses of the first and of the second
 halves of a series give considerably divergent results (such as, for ex-

 ample, were found by Schuster while analyzing sunspot periodicity),'
 it is, even then, possible to find the solution without giving up the

 basic concept. Such a discrepancy may be the result of the interference
 of certain factors checking the continuous movement of the process and

 substituting for the former regularity a new one which sometimes may

 * Professor Eugen Slutzky's paper of 1927, "The Summation of Random
 Causes as the Source of Cyclic Processes," Problems of Economic Conditions,
 ed. by The Conjuncture Institute, Moskva (Moscow), Vol. 3, No. 1, 1927, has
 in a sense become classic in the field of time-series analysis. While it does not
 give a complete theory of the time shape that is to be expected when a given
 linear operator is applied to a random (auto-non-correlated) series, it has given
 us a number of penetrating and suggestive ideas on this question. It has been,
 and will no doubt continue to be, highly stimulating for further research on this
 vast and-not least for business-cycle analysis-most important problem. Un-
 fortunately Professor Slutzky's paper so far has been available only in Russian
 (with a brief English summary). Some years ago Professor Henry Schultz had
 the original article translated into English by Mr. Eugene Prostov, and suggested
 that it be published in ECONOMETRICA. At the request of the Editor Professor
 Slutzky has prepared for our Journal a revised English version with which he
 has incorporated also a number of important results obtained after 1927.-
 EDITOR.

 1 Arthur Schuster, "On the Periodicities of Sunspots," Phil. Trans., Series A,
 Vol. 206, 1906, p. 76. .
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DANUBE RHINE ELBE GOTA 

Fig. 4. Hundred-year records (1851-1950) of mean annual flows of 
the Danube River (Orsova, Romania), Rhine River (Basel, Switzer- 
land), Elbe River (D•in, Czechoslovakia) and G6ta River (Vaners- 
borg, Sweden) and their residual mass curves of the first four orders 
(data for the Elbe R. are from Novotn.i' [1963]' data for the other 
three rivers are from Yetjevich [ 1963]. 

ential mass curves of purely random sequences of comparable 
lengths [e.g., Klerne•, 1974, Figure 9]. 

Second, observed cycles in records of different cumulative 
processes give rise to search for correlations between them 
which may encourage extensions of one record on the basis of 
another. To quote Williams [1961] once more, "These long- 
term hydrologic trends often coincide in length with long-term 
changes in sunspot numbers but are usually, but not always, 
opposite in direction to the trend in the numbers .... It is 
hoped that many more studies of this type will be undertaken 
and that the results will be of assistance in long-range water 
resources planning." In the same vein, Lalykin [-1975] used 
phases in residual mass curves of streamflow for the designa- 
tion of regions of cophased runoff in the USSR. Such corre- 
lations and phases may be spurious for several reasons. Apart 
from the dependence of the period lengths and phases on the 
sample size (for example, Lalykin ['1975] used records varying 
from about 20 to 75 years), the phase of the wave within 
samples of an equal size may be substantially influenced by 
insubstantial differences between the corresponding samples of 
the forcing (zero-order) process; or it can be determined by an 
occurrence of a random extreme event. The latter case is well- 

il!ustraied, for example, in Figure 2, where the phases of the 
higher-order mass curves in the samples of N - 500, 200, and 
100 are clearly traceable to such single extreme events (com- 
pare the plots with those for the pure pulse in Figure 3b). 
Another reason for caution is the fact that different physical, 
biological, and social processes may involve cumulative pro- 
cesses of different orders which in itself may introduce phase 
shifts or, in general, an apparent asynchrony (in theory, a 
change of order by one introduces a phase shift of •/2 as a 
result of a change of a sine into a cosine by integration; this 
pattern is clearly seen throughout all examples shown). 

At this point we would like to note the connection between 
our results and those of G. Udny Yule. In his classical paper 
on "nonsense correlations" between time series [Yule, 1926'1, 
which, by coincidence appeared a year before Slutzky's orig- 
inal paper, demonstrated this phenomenon on correlations be- 
tween two sine waves shifted by n/2 (his Figure 2 looks as if it 
were copied from some of the figures shown in this paper). He 
observed (p. 14) "This phenomenon is clearly related to the 
fact that a small segment of a sine-curve, taken at random, 
tends to be either rising or falling, not more or less level, and 
consequently tends to give high correlations of either sign with 
other segments taken at random. How can we secure such 
conditions in an empirical series?" In the present context it is 
interesting how Yule went about this empirical demonstration. 

He started off with a random series with zero mean, and the 
second series "...was calculated from it by adding term by 
term from the beginning," i.e., by calculating the first-order 
residual mass curve. Regarding the next series, he observed 
"...the natural procedure would have been, as already suggest- 
ed [before], to go on and obtain the second sum of the 
random series. But at the time the experiments were begun 
this did not strike me .... "Yule thus was about to construct 
the second-order residual mass curve. Had the idea "struck 
him," the observations presented in our paper may have been 
published some 60 years ago. 

The dangers discussed above are amplified by the use of 
residual mass curves for the display of empirical records, 
which is common practice. This is not to say that this practice 
should be abandoned (for many tasks the residual mass curve 
is an invaluable tool [Kleiner, 1979'1), but to warn against its 
use for purposes for which it is manifestly unsuitable. The 
danger we are referring to in the present context is rooted in 
the rapidity of the convergence of the mass curve to the sinu- 
soidal limit. As the examples demonstrate, the degree of "im- 
provement" of the shape of the sine wave from one order to 
the next is remarkable. If some empirical process itself were 
already close, say, to a second-order cumulative process, then 
a display of its record by a residual mass curve would make 
the latter a mass curve of a third order whose "periodicity" 
may be very suggestive indeed. 

3.2. "Typicality" of Functions f 
We realize that our definition of a typical function f given in 

the preceding section is far from satisfactory. It may be better 
to turn it around and say that a typical function f defined on a 
finite interval is one whose first Fourier coefficient is not zero. 

This will help to appreciate the fact that all functions whose 
values within the interval are obtained either by measurement 
or numerical computation, or for which the length of the in- 
terval is obtained in a like manner, will have a strong tend- 
ency to behave "typically," since the corresponding measure- 
ment and rounding errors will introduce a nonzero first term 
into the Fourier transforms. 

This tendency is illustrated in Figure 5. Figure 5a shows a 
pure sine wave functionf (top) with exactly two periods within 

a b c 

- •, •,/-" 

Fig. 5. Examples of transformation of a "nontypical" function f 
(a) into a typical one (b) and (c). (a) Sine wave with exactly two 
periods in sample interval N. (b) Sine wave with 2 1/2 periods in N. (c) 
Sine wave with exactly two periods in N but with a numerical error of 
1% of the calculated value of the mean of each of the 10 functions 
shown. All three functions as well as all their nine residual mass 
curves shown were computed and drawn as samples of size N = 100. 

Moran, P. A. P. (1950, April). The oscillatory 
behaviour of moving averages. 
In Mathematical Proceedings of the 
Cambridge Philosophical Society
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EuroCordex models vs. observations (Southern Italy)

• 84 temperature stations
• 335 precipitation 

stations
• 19 combinations of 

GCM-RCM models
• 6 climatic zones 

identified by PCA
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Abstract. Many recent studies indicate climate change as a
phenomenon that significantly alters the water cycle in dif-
ferent regions worldwide, also implying new challenges in
water resource management and drought risk assessment.
To this end, it is of key importance to ascertain the quality
of regional climate models (RCMs), which are commonly
used for assessing at proper spatial resolutions future im-
pacts of climate change on hydrological events. In this study,
we propose a statistical methodological framework to as-
sess the quality of the EURO-CORDEX RCMs concerning
their ability to simulate historic climate (temperature and pre-
cipitation, the basic variables that determine meteorological
drought). We then specifically focus on drought characteris-
tics (duration, accumulated deficit, intensity, and return pe-
riod) determined by the theory of runs at seasonal and an-
nual timescales by comparison with high-density and high-
quality ground-based observational datasets. In particular,
the proposed methodology is applied to the Sicily and Cal-
abria regions (southern Italy), where long historical precipi-
tation and temperature series were recorded by the ground-
based monitoring networks operated by the former Regional
Hydrographic Offices, whose density is considerably greater
than observational gridded datasets available at the European
level, such as E-OBS or CRU-TS. Results show that among
the more skilful models able to reproduce, overall, precipita-
tion and temperature variability as well as drought character-
istics, many are based on the CLM-Community RCM, partic-

ularly in combination with the HadGEM2 global circulation
model (GCM). Nevertheless, the ranking of the models may
slightly change depending on the specific variable analysed
as well as the temporal and spatial scale of interest. From this
point of view, the proposed methodology highlights the skills
and weaknesses of the different configurations and can serve
as an aid for selecting the most suitable climate model for
assessing climate change impacts on drought processes and
the underlying variables.

1 Introduction

A growing number of scientific studies claim that climate
change due to global warming will significantly alter the wa-
ter cycle, with an increase in the intensity and frequency of
extreme hydro-climatic events in several areas around the
globe (Arnell et al., 2001; Huntington, 2006; IPCC, 2014,
2018). These include the Mediterranean region, which is rec-
ognized as one of the major hot spots of climate change due
to future projections of temperature increase and annual pre-
cipitation decrease (Giorgi, 2006; Kjellström et al., 2013),
which determines a potential increase in drought frequency
and severity.

Global circulation and regional climate models (GCMs
and RCMs) can play a crucial role in understanding the

Published by Copernicus Publications on behalf of the European Geosciences Union.
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Figure 2. (a) Box plots representing the frequency distribution of RCM errors in mean annual temperature for the whole study area. (b) Taylor
diagram comparing model performances in reproducing the inter-annual variability of mean temperature for the whole study area.

ECE-RACMr12, and CM5-ALAD, with the latter showing
the broader IQR (e.g. the highest spatial variability of the er-
rors) and the greatest median error. All the CMs with RCA4
show the smallest IQR. The models with the smallest median
error are MPI-REMO and MPI-REMOr2.

To extend the CM skill comparison to other statistics, the
Taylor diagram for the annual mean air temperature values
was developed (Fig. 2b). For the sake of simplicity, standard
deviations of the CMs are indicated as � hereinafter. The di-
agram allows the visualization of possible clusters of perfor-
mances related to specific GCMs or RCMs among those con-
sidered. In the diagram, GCMs are indicated with different
markers, while RCMs are indicated with different colours.
The value corresponding to the observations is the dot on the
x axis, whose standard deviation is marked through a con-
tinuous circular arc. In addition to every single model, the
ensemble mean model result is reported in the diagram.

Figure 2b shows that the simulated means are well corre-
lated with the observations, with values larger than 0.8 for
all the considered models. Furthermore, the diagram seems
to reveal that, on equal GCMs, RCMs play a significant role
in determining the performance of the combinations. In gen-
eral, for most of the models, the best performances are ob-
tained when the RCM RCA4 is used. The only exception
is CM5, performing better in combination with CCLM. The
worst models are CM5-ALAD and IPS-WRF.

Finally, the ranking analysis described in Sect. 3.2 yields
the results in Fig. 3. The lower the rank is, the lower the error
metrics in Eq. (5) are and the better the model is. For better
readability, ranking values are indicated through a chromatic
scale, ranging from dark green (first-ranked model) to dark
red (last-ranked model).

The best-performing models, in terms of ranking order
for the whole study area, are MPI-CCLM, MPI-REMO, and
Had-CCLM. ECE-RCA4 and CM5-CCLM are also good

Figure 3. RCM ranking with respect to inter-annual variability of
mean temperature, for the entire area and the climatically homoge-
nous zones.

models, as highlighted by the Taylor diagrams. Figure 3 also
shows rankings for each of the six homogeneous areas. As
can be observed, based on the range of colours in each row,
MPI-CCLM and MPI-REMO provide the best performance
for almost all the zones.
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Figure 6. (a) As Fig. 2a but for annual precipitation. (b) As Fig. 2b but for annual precipitation.

relative errors for some models is less than 20 %; however,
many models have a large dispersion with error values over
100 %. The CM with the highest positive error is IPS-WRF,
while the ones with the highest negative errors are the IPS-
RCA4 and Nor-HIRH models. The GCM–RCM combina-
tions with the smallest IQR of errors are those using CCLM
RCMs. The model with the smallest bias is Had-RACM.

The Taylor diagram in Fig. 6b confirms that the best com-
binations are those with CCLM RCMs. In particular, the best
one seems to be ECE-CCLM. However, when used in com-
bination with CM5, the corresponding model provides poor
performance. The worst-performing models are ECE-HIRH
and Nor-HIRH. The diagram confirms that precipitation is
modelled with less accuracy than temperature as correlations
are lower (< 0.8).

The application of the ranking criteria (see Fig. 7) sug-
gests Had-RACM and ECE-CCLM as the best combinations
for the entire area and most of the zones. Also, CM5-ALAD
works well for the whole area and almost all the zones, ex-
cept for Zone 4, where it ranks 11th. IPS-WRF, IPS-RCA4,
Nor-HIR, and CM5-RCA4 are the worst models.

4.2.2 Seasonal variability

The seasonal variability analysis carried out on precipitation
shows (Fig. 8) a lower error dispersion in the wet seasons
(i.e. autumn and winter) with respect to summer. In summer,
several models show broader IQRs, such as all the CM5 mod-
els and IPS-WRF, with the latter showing the largest median
error. On the one hand, these outcomes depend on the poor
performance of some models in reproducing the seasonal cy-
cle and on the other hand are due to the fact that in the dry
season, when rainfall is normally low, large errors may result
even though the departure from the observed mean is rela-
tively small. These results are consistent with those obtained
by Giorgi and Lionello (2008) in a subdomain of the Mediter-

Figure 7. As Fig. 3 but for annual precipitation.

ranean region and by Mascaro et al. (2018) for the Sardinia
region.

The Taylor diagrams in Fig. 9 highlight that NOR-HIRH
and ECE-HIRH are the worst models for all the seasons but
summer, where the IPS-WRF is the worst-performing.

These indications are confirmed by the ranking results in
Fig. 10. Concerning the best models, the following CMs per-
form the best in their respective seasons: ECE-RACMr12 in
winter (DJF), ECE-CCLM in spring (MAM), MPI-REMOr2
in summer (JJA), MPI-CCLM and Had-RACM in autumn
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Figure 14. RCM ranking with respect to their ability to reproduce both observed drought maximum intensities and return periods of drought
events with duration L = 3 years (left) and L = 4 seasons (right).

the best model for Zones 1, 2, 5, and 6. The worst-performing
models are CM5-ALAD, CM5-ALAR (albeit it ranks second
for Zone 5), CM5-RCA4, and Nor_HIRH.

5 Discussion

Table 6 illustrates the best-performing models according to
the ranking approach for each of the considered variables
over the whole area and the six homogeneous zones, respec-
tively. In particular, the three best-performing models are
reported for the mean temperature and precipitation inter-
annual variability and drought intensity and return period of
drought duration, while only the best CM for each season is
indicated for seasonal variability.

It is worth underlining that the rankings are aimed at pro-
viding straightforward information about the relative accu-
racies of the models, e.g. for supporting the selection of a
single or a few models in a specific area; therefore, for the
sake of simplicity, they provide reduced information based
on cardinal numbering. However, the actual performance of
each CM compared to the others can be highlighted by look-
ing closer at the "m values, which reflect and summarize the
results provided by the box plots and the Taylor diagrams.

Two kinds of comparisons are carried out in this sec-
tion: (1) on the same variable, across different timescales;
(2) on the same timescale, across different variables. Fur-
ther discussion is provided about relative impacts of differ-
ent GCMs and RCMs, and, finally, an overall ranking is at-
tempted aimed at providing a global evaluation of the CMs’
performance.

5.1 Analyses across different timescales (inter-annual
and seasonal)

Concerning temperature, the inter-comparison between the
inter-annual and seasonal variability is rather straightfor-
ward. All the simulations are characterized by a more or less
pronounced underestimation (Fig. 2a), together with a usu-
ally high correlation with observations (Figs. 2b and 4); i.e.
both the observed inter-annual and seasonal variability are
well reproduced. This is somehow confirmed by the rank-
ings, where the relative differences among the models’ per-
formances are not very marked.

Conversely, in the case of precipitation, the performances
of the models change significantly with the timescale. The
most interesting case with this variable is CM5-ALAD,
which, considering the total area, ranked 3rd for annual
precipitation but provided low performances in most of
the seasons (9th in MAM, 11th in DJF, and 18th in JJA).
Though CM5-ALAD can reproduce relatively well the an-
nual amount of rainfall, it is not as much able to simulate
the seasonal variability; therefore the good performance at
the annual timescale is due to the counterbalancing effects of
the errors in different seasons. This feature of CM5-ALAD
is amplified in several of the six zones, e.g. Zone 2 (where it
is ranked 4th for the mean annual value but 14th in DJF and
18th in MAM and JJA) or Zone 6 (1st for the mean annual
value but 13th in DJF and 18th in JJA). On the other hand,
MPI-CCLM in the total area ranked eighth considering the
annual precipitation but provided rather good results in sin-
gle seasons (it is ranked third in MAM and first in SON).

However, considering the total area and the annual precip-
itation, the values of the error metric "m leading to the rank-
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Assuming that Yv,⌧ is a lag-1 Markov stationary process, it
can be shown (Sen, 1976; Cancelliere and Salas, 2004, 2010)
that the probability distribution of drought duration L is ge-
ometric with parameter p01:

fL(l) = P [L = l] = (1 � p01)
l�1p01. (3)

The parameter p01 represents the transition probability from
a deficit to a surplus, namely p01 =

⇥
Yv,⌧ = 1

��Yv,⌧�1 = 0
⇤
.

Estimation of transition probabilities can be carried out
following a non-parametric approach based on maximum
likelihood, which leads to (Bonaccorso et al., 2012)

p01 = 1 � p00 = 1 � n00

n00 + n01
, (4)

where n00 is the number of observations yv,⌧ = 0, for which
yv,⌧�1 = 0,, and n01 is the number of observations yv,⌧ = 1,

for which yv,⌧�1 = 0.
For independent stationary series, the probability distri-

bution of drought duration L is geometric with parameter
p1 = P [Y⌧ = 1]. The latter can be simply estimated by ap-
plying a frequency analysis on Y⌧ .

Following previous studies (Bonaccorso et al., 2003; Can-
celliere and Salas, 2004), the annual series were assumed in-
dependent stationary, whereas the seasonal series were as-
sumed as lag-1 stationary Markov.

Models’ skills in reproducing the inter-annual and sea-
sonal variability of precipitation and mean air temperature
variables were first assessed through

– box plots of the errors and percentage errors of the mean
values in all the grid cells of the investigated areas,
which allow the analysis of the spatial variability of the
models’ bias;

– Taylor diagrams (Taylor, 2001), which show three met-
rics at the same time, i.e.: coefficient of correlation,
standard deviation, and centred root mean square er-
ror of the anomalies (i.e. the variables of interest minus
the corresponding means). It is noteworthy that standard
Taylor diagrams do not provide any information about
first-order statistics (i.e. bias).

Later, to provide synthetic information about each CM start-
ing from the various statistics computed for each property,
a method based on Mascaro et al. (2018) was used. Specifi-
cally, for each property (i.e. seasonal and inter-annual vari-
ability of precipitation and mean temperature and drought
characteristics), a single dimensionless error metric that
combines multiple statistics characterizing that property was
estimated. The error metric follows the equation

"m =

vuut
SX

k=1

 PP
j=1Ek,m (j)

PM
m=1

PP
j=1Ek,m (j)

!2

, (5)

where Ek,m (j) represents an error metric between observed
and simulated data of the statistics k (k = 1, . . .,S) at grid

cell j (j = 1, . . .P , where P is the total number of grid cells),
whose sum over the whole area was divided by the sum of
the error metrics of all models, therefore resulting in a di-
mensionless indicator for each statistic k of any property. Ta-
ble 5 summarizes the statistics chosen for each property and
describes how the corresponding errors were calculated.

Based on the values of the error metrics in Eq. (5), a rank-
ing of the models, describing the skills in reproducing each
property, was obtained. It should be specified that while, for
the sake of brevity, the box plots and the Taylor diagrams il-
lustrated in the next section refer to the whole study area, the
ranking of the models for the mean air temperature, precip-
itation, and drought characteristics also refers to the six cli-
matically homogenous zones identified through PCA. This
analysis, indeed, can help to highlight whether some models
are more suitable than others to simulate certain variables in
a given zone.

4 Results

In this section, results are presented and discussed separately
for temperature, precipitation, and drought characteristics.
Results are differentiated for the following temporal and spa-
tial aggregation scales: annual data, seasonal data, the whole
case study region, and the six climatically homogenous areas
identified via PCA.

4.1 Mean air temperature

4.1.1 Inter-annual variability

The observed and modelled means of the annual mean air
temperature values in each of the grid cells within the study
area were calculated and compared. More specifically, for
each cell j , the error corresponding to the mth CM was com-
puted as

Em,j = µm (T (j)) � µ0 (T (j)) , (6)

where T (j) is the mean annual temperature at cell j , whereas
µm(·) and µ0(·) are the modelled and observed means, re-
spectively. For each model, the distribution of the errors com-
puted for all the grid cells of the study area based on Eq. (6)
is represented in the form of box plots in Fig. 2a. In particu-
lar, the central line represents the median value, and the box
is delimited by the first and the third quartile. The width of
the box corresponds to the inter-quartile range (IQR), a well-
known measure of dispersion. Values outside the whiskers
beyond at least 1.5 times the IQR from the box can be as-
sumed as outliers.

The overall tendency of the models is to underestimate
temperatures as the medians are negative. Errors are pre-
dominantly between the values �5 and �1 �C, thus implying
that the models underestimate up to 5 �C. The CMs that pro-
duce the most extreme negative errors are the ECE-RACM,
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2. Materials and Methods

2.1. Overview

Figure 1 shows an overview of the proposed methodology for assessing the impacts of future
climate change scenarios on reservoir performance. Input data consist of observed meteorological and
hydrological data, i.e., precipitation, temperature and river streamflows, inflowing to the reservoir,
as well as available RCM simulations for the area of interest. As is customary when analyzing large
reservoirs, a monthly time scale is adopted.
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Figure 1. Steps of the proposed methodology for assessing the impact of climate change scenarios on
reservoir performance.

Several RCM simulations are available for most parts of the planet, under the Coordinated
Downscaling Experiment (CORDEX). For Europe, data from several GCM-RCM combinations are
available at a 0.11� resolution (approximately 12 km) from the Euro-CORDEX initiative. The quality of
the climate models available can be assessed by measuring how well they reproduce the observed
climate in a reference historical period. In this paper, we then follow a subset approach, which consists
in carrying out the impact analysis using the ensemble the m best models [31]. This approach usually
leads results that are more reliable than using the ensemble of all models available, even for m = 1.
Nonetheless, even after selection, RCM data are generally a↵ected by significant errors [32–36]. Thus,
we apply a first bias correction of monthly precipitation and temperature. Observed precipitation and
temperature are then used to calibrate on observed streamflows a hydrological model for streamflow
estimation. Such a model is therefore applied to simulate streamflows using as input the RCM data,
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where ns is the number of months in the simulation when the demand is satisfied (Uk = Dk) and N is
the total number of simulated months. For instance in our 30-year simulations, N = 30 ⇥ 12 = 360.

Volumetric reliability is defined as the ratio between the total water supply and total
demand volumes:

RV =

PN
k=1 Uk

PN
k=1 Dk

(19)

Vulnerability indices are instead aimed at measuring how severe the consequences of water
deficits may be. Di↵erent measures are used in the literature as alternative indicators of vulnerability.
Here we consider the Beard index, computed as follows:

IB =
100
N

nX

i=1

 
Di �Ui

Di

!2

(20)

where Di =
P12

t=1 Dt and Ui =
P12

t=1 Ut are respectively the total annual demand and release.
Simulations are carried out by considering several demand levels, and by computing the

corresponding indices. This allows to analyze the impacts of climate change independently of the
demand, and to make considerations, e.g., on what is the level of demand that would keep future
performances equal to current.

3. Case Study and Data

The Pozzillo reservoir is the largest in Sicily, with a net capacity of 123.50 hm3. The reservoir is
within the Salso-Simeto system that is part of the more complex water supply system of the Catania
Plain [47], located in the eastern part of the island (Figure 3).
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Figure 3. Location of the Pozzillo reservoir in Sicily (Italy) (a), and an aerial view of the reservoir (b).

The main storage infrastructures of the entire system—in addition to the Pozzillo reservoir—are:
the Ancipa reservoir, the S. Domenica, Contrasto and Ponte Barca intakes, the Lentini reservoir
and some hydroelectric power plants. The Salso-Simeto system comprises the Pozzillo and Ancipa
reservoirs, which serve the Land reclamation consortium 9 (LRC9) of Sicily, and the municipal demand
of nine municipalities in the Caltanissetta province. In this paper we consider only the irrigation
demand of the LRC9, as done in other previous studies [47–49]. This demand amounts in average
88 hm3 yearly and is concentrated only in the period May–October, where is distributed as in Table 1.
When performing the analysis of performances by varying the demand level, the yearly total was
distributed according to the monthly percentages shown in the table.
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Abstract: Climate change induced by greenhouse gas emissions is expected to alter the natural
availability of water, a↵ecting domestic, agricultural and industrial uses. This work aims at assessing
the possible future impacts of climate change on precipitation, temperature and runo↵, and to simulate
the e↵ects on reservoir demand–performance curves. To this aim, a modeling chain is set up, based
on the combined use of regional climate models (RCMs) and water supply system simulation models.
The methodology is applied to the Pozzillo reservoir, located in Sicily (Italy), which has experienced
several droughts in the past. We use an RCM model that, based on a previous study, has proved to be
the most reliable in the area, among those of the EURO-CORDEX initiative. RCM precipitation and
temperature monthly time series are used to generate future reservoir inflow data, according to two
representative concentration pathways, RCP4.5 (intermediate emissions scenario) and RCP8.5 (high
emissions scenario) and a two-step bias correction procedure. Simulation of the reservoir indicated
that, due to reservoir inflow reduction induced by climate change, performances of the Pozzillo
reservoir are predicted to decrease significantly in the future, with impacts of RCP8.5 generally higher
than RCP4.5.

Keywords: water supply systems; Mediterranean climate; irrigation; reliability; vulnerability; RCM;
RCP; EURO-CORDEX

1. Introduction

Climate change, related to greenhouse gas emissions, potentially modifies the spatial and temporal
distribution of water resources, and thus increases problems in their management [1,2]. In arid regions,
which are more prone to droughts and water deficit, and water management is already challenged
by many problems, climate change adaptation is of special concern [3–5]. Adaptation choices cover
a wide range of options, from adaptive demand management to utilization of remaining marginal
water sources [6,7]. Starting from the first decade of the 21st century, highly developed countries have
implemented adaptation measures, which include optimization of reservoir operation taking into
account of modified water resource availability scenarios [8–10], though transferring advanced tools
for water management to decision makers may be challenging [11].

Several studies have attempted to assess the potential future impacts of climate change on the
natural availability of water resources and demands, relatively to various areas of the globe: central
Mexico [12], southwestern United States [13], Malaysia [14], West Bank in Israel [15], Corfu [16],
and Turkey [17]. These studies are based on the analysis of climate projections obtained by perturbing
Global Climate Models (GCMs) with greenhouse gas emission scenarios defined internationally by
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since an increase in both scenarios is observed for all months and for all future periods, with a positive
trend (Figure 5).Water 2019, 11, 2531 9 of 17 
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since an increase in both scenarios is observed for all months and for all future periods, with a positive
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Conversely, if in the future the same performances of the control period want to be attained, a reduction
in demand down to 68.9 hm3 and 53.5 hm3, will be necessary, respectively for RCP4.5 and 8.5.Water 2019, 11, 2531 11 of 17 
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Figure 7. Future vs. control mean monthly Pozzillo’s reservoir temporal reliability for two climate
change scenarios: (a) RCP4.5 and (b) RCP8.5.

The impacts of climate change on volumetric reliability are shown in Figure 8. Plots confirm
a general decreasing pattern in the future as in the case of temporal reliability, although decreases
are less marked. This is reasonably due to the fact that temporal availability is a measure of deficit
occurrence regardless of their entity. With reference to current demand (88 hm3), the reduction in
reliability is down to 67.6 % (�20.3% variation) and 49.6% (�41.5%) for RCP4.5 and 8.5 respectively.
On the other hand, the demand should reduce down to 67.8 hm3 (�23.0%) and 49.2 hm3 (�44.1%) for
the two scenarios to maintain the same volumetric reliability as in the control period.

In Figure 9 similar plots are shown with reference to vulnerability. From the plots significant
increases of vulnerability can inferred, which indicates that climate change is expected to severely
aggravate impacts of deficits. With reference to RCP4.5 scenario, the vulnerability curves show limited
change between periods 2011–2040 and 2041–2070. On the other hand, as expected, for RCP8.5 the
increase of vulnerability is very high with reference to the same periods.

Under the hypothesis that the demand remains stable in the future and equal to 88 hm3,
vulnerability increases from 11.2% to 18.9% (+69.1%), 28.7% (+155.8), 34.8% (+211.0%), respectively
for the subsequent three future periods. In order to maintain the future the same vulnerability of the
control period, demand should decrease up to 68.2 hm3 (�22.4%) for RCP4.5 and to 50.0 hm3 (�43.2%)
for RCP8.5.
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Such changes in temperature clearly have impacts on river streamflow (Figure 6). In particular,
an increase of temperature causes higher evapotranspiration and thus a decrease of streamflow, as
correctly reflected by the negative exponent of the empirical model of Equation (22). On the other hand,
a decrease of precipitation causes a decrease of baseflow and surface runo↵, which yields a decrease in
streamflows (positive exponent of precipitation in Equation (22)). Given the expected future decrease
in precipitation and increase in temperature for scenario RCP8.5, a marked streamflow decrease is to
be expected (Figure 6b). For scenario RCP4.5 (Figure 6a), annual runo↵ decreases for all future periods
as well, although for the near future 2011–2040, in some months (e.g., January) the e↵ect of increasing
precipitation seems to prevail on the increase of temperature. Nevertheless, this is not the case for the
remainder of the months, so it can be concluded that for RCP4.5 a decrease in runo↵ is expected for all
future periods.
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4.2. Impacts of Climate Change on Reservoir Performance

Once all the data for application of Equations (14)–(17) have been obtained, the Pozzillo reservoir
has been simulated for all the periods of interest and for both RCP4.5 and 8.5 scenarios. Figure 7 shows
the impacts of climate change on reservoir temporal reliability. In particular, temporal reliability is
plotted against total annual demand, always assumed with the same monthly distribution as in Table 1.
From the Figure, a significant future decrease of temporal reliability can be inferred, which becomes
more so moving forward in time. As expected, the RCP8.5 produces much more severe impacts than
scenario RCP4.5. As shown in Table 2, under the optimistic hypothesis that total irrigation demand
remains unchanged respect to the control period, temporal reliability decreases down to 60.6% (�20.4%
variation respect to control period) and 44.4% (�41.6% variation), respectively for RCP4.5 and 8.5.
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The above results have been synthesized in Tables 2 and 3. In particular, Table 2 shows the
reduction of performances for a demand that does not change in the future, in both RCPs and for any
period. Table 3 reports the demand level needed in the future to have performances unchanged respect
to historical values of each index.

Table 2. Performances corresponding to a future yearly demand equal to the one in the control period
(88 hm3). In brackets, the variations of each indicator respect to the value in the control period. Values in
bold indicate maximum variations.

Period

RT (%) RV (%) IB (%)

RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5

1971–2001 (control) 76.1 76.1 84.8 84.8 11.2 11.2
2011–2040 68.9 (�9.5%) 63.3 (�16.8%) 77.1 (�9.1%) 75.7 (�10.7%) 16.7 (+48.8%) 18.9 (+69.1%)

2041–2070 69.4 (�8.8%) 51.1 (�32.8%) 75.3 (�11.2%) 60.1 (�29.1%) 17.1 (+52.4%) 28.7 (+155.8%)

2071–2100 60.6 (�20.4%) 44.4 (�41.6%) 67.6 (�20.3%) 49.6 (�41.5%) 23.6 (+110.7%) 34.8 (+211.0%)

As can be seen from Table 2, the Beard vulnerability index has the highest variations of
performances, for both RCP4.5 and RCP8.5. However, these do not correspond to the highest
demand reductions needs, which are instead associated to volumetric vulnerability, except for period
2011–2040 in RCP4.5 where temporal vulnerability is more restrictive in this sense (Table 3).

Table 3. Future demands corresponding to the performances in the control period. In brackets,
the variations respect to the demand in the control period. Values in bold indicate maximum
negative variations.

Period

D(RT) (hm
3
) D(RV) (hm

3
) D(IB) (hm

3
)

RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5

2011–2040 82.5 (�6.3%) 76.3 (�13.4%) 78.0 (�11.3%) 77.4 (�12.0%) 78.7 (�10.5%) 77.1 (�12.4%)
2041–2070 80.0 (�9.1%) 62.7 (�28.8%) 73.8 (�16.2%) 60.9 (�30.8%) 75.8 (�13.9%) 62.0 (�29.5%)
2071–2100 68.9 (�21.7%) 53.5 (�39.2%) 67.8 (�23.0%) 49.2 (�44.1%) 68.2 (�22.4%) 50.0 (�43.2%)

5. Discussion

The presented results clearly indicate that negative impacts of climate change on the performance
of the Pozzillo reservoir are expected in the future. To the knowledge of the authors, this study is
the first that analyses the potential impacts of climate change on reservoir performances in Sicily,
and one of the few in Italy, even though National and European water policy has dealt with the
topic in the last years. Although the National Adaptation Plan to Climate Change [53] addresses
concerns about possible increase of water scarcity and droughts in Italy, yet it lacks of analysis of future
impacts of climate change within the Adaptation Plan. Though this is therein ascribed to the large
level of uncertainty of climate model simulations, it should be pointed out that such uncertainty can be
partly circumvented by checking RCM accuracy in reproducing current climate and by applying bias
correction. In this study, we have capitalized on a previous study to select the best RCM among other
fourteen of the EURO-CORDEX initiative, based on the accuracy of reproduction of observed statistics.
The selected model has been then processed with bias correction, which improved significantly the
reliability of the data. Thus, the selection and subsequent bias correction enables to reduce drastically
RCM data uncertainty.

Among the limitations of our study is that irrigation demands may increase with the increase of
temperatures, due to increased evapotranspiration. This aspect is not taken into account in our model,
but this means that climate change impacts may be also worse than those predicted by the present
research. Also, the simple hydrological model we use neglects some climate change feedbacks which
may change the calibrated parameters; for instance vegetation feedbacks may have a role [54,55], these
feedbacks are however di�cult to predict, considering also that for the case study area the needed
data is scarcely available. However, our approach is robust respect to these feedbacks, as the impacts



Conclusive remarks
• No strong evidence of changes in drought characteristics at global 

scale

• Some hot spots (including Mediterranean area)

• Care should  be exercised when analysing standardized drought 
indices

• Preliminary screening of GCM-RCM models can help to reduce 
uncertainty (or perhaps lose confidence on them….)


