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ABSTRACT
Droughts have serious and widespread impacts on crop production with substantial economic losses. The frequency and
severity of drought events may increase in the future due to climate change. We have developed three meteorological
drought scenarios for Austria in the period 2008-2040. The scenarios are defined based on a dry day index which is
combined with bootstrapping from an observed daily weather dataset of the period 1975-2007. The severity of
long-term drought scenarios is characterized by lower annual and seasonal precipitation amounts as well as more significant temperature increases compared to the observations. The long-term impacts of the drought scenarios on Austrian crop production have been analyzed with the biophysical process model EPIC (Environmental Policy Integrated
Climate). Our simulation outputs show that—for areas with historical mean annual precipitation sums below 850 mm—
already slight increases in dryness result in significantly lower crop yields i.e. depending on the drought severity, between 0.6% and 0.9% decreases in mean annual dry matter crop yields per 1.0% decrease in mean annual precipitation
sums. The EPIC results of more severe droughts show that spring and summer precipitation may become a limiting
factor in crop production even in regions with historical abundant precipitation.
Keywords: Long-Term Drought Modeling; Dry Day Index; Biophysical Impacts; Spatial Variability; EPIC; Austria

1. Introduction
Drought is a natural phenomenon and can be defined as
sustained and extensive occurrence of below average
water availability [1]. A drought can be defined in several
ways depending on the disciplinary perspective (e.g. soil
moisture drought, hydrological drought). The most
commonly used definition is the meteorological drought.
It constitutes a deficit of precipitation (in comparison to
climatological average values) in a given region and over
a defined time span. In contrast, an agricultural drought
results from lacking water supply for agricultural crops,
leading to a reduction of crop yields in the affected region.
The crop yields can be further affected by temperature
increases, wind speed and humidity, which may lead to
higher potential evapotranspiration rates and thus cause
soil moisture deficits [e.g. 2]. An agricultural drought has
been differently defined by several authors e.g. definition
based on daily rainfall and crop water consumption [3], on
the deficiency or absence of precipitation during the
growing season or by long dry spells [4], on the number of
Copyright © 2013 SciRes.

consecutive days on which the actual evapotranspiration
to potential evapotranspiration ratio remains below a certain threshold value [5].
Droughts might manifest themselves either as short but
extreme single season drought (such as the extremely hot
summer in Europe in 2003) or as a longer-term, multiseason drought, and they might be local or widespread in
nature [6]. In Europe, the mean annual economic loss due
to droughts amounts to € 5.3 billion, with a peak of € 8.7
billion in 2003 [1].
Precipitation deficits in many European regions have
already become more severe [7]. On the European scale,
some areas may be affected by a general increase in the
number of drought occurrences and also by more extreme
drought events with uncertain severity and spatial distribution [2,8]. For central and southern Europe, it has been
projected that the total proportion of areas under water
stress may increase from 19% in 2007 to 35% in 2070 [8].
The net global trend may result in an increase in the area
of extreme drought from 1% to 30% by the end of this
century [9]. An analysis of droughts in the Czech RepubAJCC
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lic in the period 1881-2006 confirms a statistically significant tendency to prolonged and more intensive dry
episodes in terms of increased temperatures and decreased
precipitation sums [2].
According to theories of physical geography and empirical field investigations, impacts of droughts on different landforms, soil types, and crop management systems may vary significantly. The soil types more often
susceptible to droughts are mountain burozem, plain burozem, chestnut soil, chernozem, grassmarshland chernozem, and grassmarsh soil [4,10]. In the Czech Republic,
persistently lower crop yields for spring barley, winter
wheat, and forage crops were documented in years with
drought episodes, in comparison to years without droughts
[2]. The degree of damage to maize production has recently increased with global warming, and spatial distributions of crop yield losses caused by drought events are
closely connected with the rainfall during growing season
of the crop as well as the aridity index [10]. Furthermore,
the degree of damage from droughts depends on frequency, duration, intensity, spatial extent (i.e. the area
affected by drought), regional production level of the
specific crop, and the timing of the drought related to crop
phenology [11].
In summary, many studies have already assessed impacts of drought events on agricultural production [1,3-5,
11-14], but only few have investigated the impacts of
increased frequency of extreme events on crop production
[e.g. 15,16]. Consequently, it is important to quantitatively assess the impacts of increased drought occurrences
on crop yields in geo-spatial contexts to account for the
natural heterogeneity (with respect to temporal and spatial
variations) in crop production. Such an analysis may
provide a basis for the assessment of the potential damage
by long-term droughts as well as of measures to mitigate
the adverse impacts of drought risks (e.g. planning and
management of water resources for irrigation to reduce the
vulnerability in crop production).
A recent review presents common methodologies for
future drought modeling [17], e.g. time series analysis,
probability based modeling, spatio-temporal analysis, and
the use of climate change scenarios of GCMs. However,
the following weaknesses were identified: 1) the assumption of linearity between predictor and predictand in
a regression model, 2) the modeling of drought events
with ARIMA for up to two months in advance but no
longer, 3) the application of Markov chains in probability models (firstly used by [18] having the property that
the value of the next state depends only on the current
state and not on the entire past), and 4) the development of
future drought events based on precipitation anomalies
derived from GCMs. Based on such GCM outputs, an
increase in the frequency of long-duration droughts was
found for catchment areas in southern Europe and less
Copyright © 2013 SciRes.
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frequent droughts for a catchment in northern England,
but the model used in the analysis is plagued by problems
of correctly reproducing mean monthly precipitation sums
[19]. The usefulness of GCMs to perform a proper analysis of dry spells is therefore limited because of the arbitrariness in the generation of day-to-day precipitation data
as well as the spatio-temporal and physical inconsistency
between other weather parameters [17].
In the present study, we analyze both the meteorological and agricultural droughts. We use an alternative statistical approach to develop meteorological drought scenarios for Austria. Our approach is based on a climatological study for Austria, which provides daily weather
data for the period 1975-2007 on a 1 km grid resolution
[20]. We have divided the original datasets into blocks of
seven and eight days (the blocks were not allowed to
span more than one month) and calculated the dry day
index which is the proportion of total area dry during
those days. We have then applied a block bootstrap
method [21] to generate hypothetical more extreme meteorological drought scenarios for the future. We have
entered our developed drought scenarios as well as data on
soil, topography and crop management into the biophysical process model EPIC—Environmental Policy
Integrated Climate [22-23], which is applied on Austrian
cropland area at 1 km grid resolution. EPIC provides
outputs inter alia on dry matter crop yields, soil moisture,
evapotranspiration, and stress factors of crop growth.
Hence, the impacts of increased meteorological drought
occurrences on crop production can be demonstrated in a
spatially explicit and consistent manner. Furthermore,
regions can be identified which are most prone to drought
risk. A 31 years period is investigated allowing for the
analysis of both long-term drought impacts and interannual variability in agricultural crop production.
This article is organized as follows. Section 2 presents
the data and the methodology for the development of
drought scenarios in Austria. In Section 3, we show the
consequences and impacts of increased long-term drought
occurrence on both simulated crop yields and evapotranspiration followed by discussion and conclusion in Section 4.

2. Data, Methods and Impact Modeling
2.1. Dry Day Index
We have used the climate dataset for Austria [20], which
includes daily time series of solar radiation, maximum and
minimum temperatures, precipitation, relative humidity
and wind speed for the period 1975-2007. This dataset is
based on both spatially interpolated climatologies of mean
annual precipitation sums and mean annual temperatures
on a 1 km grid [24] including high-quality homogenized
daily time series [25]. The spatially interpolated climaAJCC
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tologies have been combined into clusters with homogenous climate characteristics (i.e. climate clusters), and for
each climate cluster the daily time series represent the
long-term (inter-annual) and short-term (daily) variabilities. In total, 60 climate clusters have been derived which
represent the small-scale climate patterns in Austria [cp.
20]. They are named with numbers including the climatological characteristics: e.g., climate cluster 0509 represents regions with mean annual precipitation sums smaller
than or equal to 500 mm and mean annual temperatures
ranging between 8.6˚C and 9.5˚C; climate cluster 0901
represents regions with mean annual precipitation sums
ranging between 801 mm and 900 mm and mean annual
temperatures between 0.1˚C and 2.5˚C; and climate cluster 2006 represents regions with mean annual precipitation sums greater than 1500 mm and mean annual temperatures ranging between 5.6˚C and 6.5˚C.
The highest annual precipitation sums are in the mountainous regions of the west and the south as well as in the
northern foothills of the Austrian Alps. The lowest annual
precipitation sums are in the flat areas of the east, the
north-east and the south-east of Austria. We are particularly interested in these regions considering the long-term
impacts and the inter-annual variability of increased meteorological drought occurrences on crop production. For
this purpose, we model meteorological drought scenarios
based on the following dry day index DIB:
DI B 

 c  dB I  preccd
lb  c Ac

 0 Ac

(1)

where I  preccd  0 equals to 1 if there was no precipitation recorded for the cluster c on day d and equals to
0 otherwise, lb is the block length (seven or eight days)
and Ac is the area of the respective climate cluster c. Note
that  c Ac is the total area of Austria. The block bootstrap was used rather than the simple (one-day-at-a-time)
bootstrap in order to account for temporal autocorrelation.
Each month was thus divided into four blocks. The first
three blocks were of eight days each and the last block was
always incomplete (for example, for a month of 30 days,
the last block is of length 30 − 8 × 3 = 6 days). However,
for convenience, we refer to an “eight-day block” in this
text. Thus, the dry day index DIB reflects the average
proportion of the total territory which is dry on any random day. Note, that DIB = 1 for absolutely dry and DIB = 0
for daily rainfall in the entire country (Figure 1).
In order to take into account seasonal variation in other
weather parameters, our block bootstrap set-up was also
month specific. Thus, for example, blocks for June 2040
were sampled from the set of blocks from any past June.
We have chosen to analyze the impacts of three hypothetical meteorological drought scenarios for Austria. The
first drought scenario reflects a baseline scenario (S0), i.e.
the distribution of the dry day index remains nearly the
Copyright © 2013 SciRes.
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Figure 1. The empirical distribution of the dry day index
DIB in the period 1975-2007.

same as for the past period 1975-2007. The other two
drought scenarios (S1 and S2) project higher proportion of
dry days, and are modeled by sampling more frequently
from the drier eight-day blocks. We use a weighted resampling scheme where the probability PB of sampling
block B is evaluated by:
PB 

DI Ba
DI Ba

(2)

where a is the resampling weight. Note that if a = 0, we
get S0 so that each block has an equal probability of being
resampled, and if a = 1 (respectively 2) we obtain S1
(respectively S2). In S1, the situation where almost the
entire country is wet in an eight-day block occurs less
often than in S0, reflecting an increase in drought events.
S2 describes an even more extreme increase in the frequency of drought events as the fraction of days within an
eight-day block—during which many parts of the country
are wet—decreases even more (Table 1). Most pronounced decreases in precipitation sums with S2 are in the
range of 40% and occur in autumn and winter. By comparison, the climate projections with the Climate Local
Model (CLM) and the A1B emissions scenario (out of the
Special Report on Emissions Scenarios—SRES—by
IPCC) show highest precipitation decreases of 41% in the
south-western Alps followed by 25% in the north-eastern
Alps in summer; however, these projections until the end
of the 21st century depend on the GCMs and regions selected. On average, precipitation decreases between 1%
and 11% are simulated for the Alpine region [26].
The procedure for obtaining time series of the set of
meteorological parameters is described in the following: 1)
We have calculated DIB (Equation (1)) for each eight-day
block from the period 1975-2007. 2) The blocks have then
been bootstrapped based on DIB from the past and on
month-specific blocks with the probability evaluated in
Equation (2). The spatial autocorrelation is taken into
AJCC
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Table 1. Probabilities of a given percentage of dry areas in
Austria for S0, S1 and S2 based on one of the 30 re-allocations for each of the drought scenarios.
% of dry area

S0
PB = 1

S1
PB  DI B DI B

S2
PB  DI B2 DI B2

0 - 20

0.02

0.01

0.00

21 - 40

0.20

0.12

0.07

41 - 60

0.41

0.38

0.33

61 - 80

0.26

0.35

0.38

81 - 100

0.12

0.15

0.21

account as well since we sample the weather parameters
(precipitation, maximum and minimum temperatures,
solar radiation, relative humidity and wind speed) for the
entire country at a time. 3) 30 bootstrapped samples have
been produced for each drought scenario in order to assess
the uncertainty of our estimates.
Other statistical approaches (e.g. LARS WG) exist as
well see [27-29] which are capable of generating localscale and daily climate scenarios based on the output from
GCMs. The motivation of our statistical approach can be
summarized by the weaknesses of GCMs and Regional
Climate Models (RCMs) to consistently project near climate futures (defined as the upcoming 30 years period)
such as: 1) uncertainties in initialization and parameterization; 2) coarse resolution of GCMs (and often also
RCMs) in representing the complex terrain in Austria; 3)
climate change signals arising from greenhouse forcing,
which is still small for the upcoming 30 years period
compared to the model differences and model internal
long-term variability; and 4) the spatio-temporal and
physical inconsistency of multiple weather parameters.
Furthermore, the scenario members generated by GCMs
(RCMs) might not be independent from each other.
However, the main limitation of our approach comes from
the assumptions made in generating the climate scenarios
without taking into account any possible other developments (i.e. economy, population, technology) as described
in SRES. But such developments may gain in importance
and show significant impacts in the second half of the 21st
century.

2.2. Biophysical Impact Modeling with EPIC
The impact assessment of increased drought occurrences
on crop production has been performed by analyzing
annual simulation outputs of the biophysical process
model EPIC, which has been already validated for some
Austrian regions [e.g. 30-33]. In previous studies, EPIC
crop yields were found to be more sensitive to temperature
changes compared to precipitation changes [32]; however,
in the present analysis, precipitation is expected to change
by more units than temperature, and thus resulting in
Copyright © 2013 SciRes.
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higher sensitivities of crop yields to precipitation.
Biophysical processes simulated with EPIC include
among others crop growth, nutrient leaching, nitrification,
mineralization, wind and water erosion, and soil carbon
respiration [22,23]. These processes are simulated at daily
time steps or smaller. EPIC contains algorithms that allow
for a complete description of the hydrological balance at
field to small watershed scale (up to 100 ha) including
snowmelt, surface runoff, infiltration, soil water content,
percolation, lateral flow, water table dynamics, and evapotranspiration. EPIC offers five equations to compute
potential evapotranspiration (PET) including PenmanMonteith [34]—which has been used in the present analysis, and [35-38].
EPIC uses the concept of radiation-use efficiency by
which a fraction of daily photosynthetically active radiation is intercepted by the plant canopy and converted into
plant biomass. The leaf area index is simulated as a function of heat units, crop stresses and development stages.
Daily accumulation of plant biomass is affected by vapor
pressure deficits and atmospheric CO2 concentration [39].
Crop yield is a function of the harvest index and aboveground biomass. Stress indices for water, temperature,
nitrogen, phosphorus, aluminum toxicity and aeration are
calculated daily using the most limiting value to reduce
actual plant growth and crop yield. Similarly, stress factors such as soil bulk density, temperature, and aluminum
toxicity are used to adjust potential root growth [40].
The soil water balance depending on the potential water
use, the root zone depth, and the water use distribution
parameter is applied in a water use function in which any
water deficit can be overcome if a soil layer that is encountered has adequate water storage. The potential water
use is reduced when the soil water storage is less than 25%
of plant-available soil water by using dependencies on the
soil water contents at field capacity and wilting point.
The site conditions in Austria comprise topographical
(slope and elevation) and soil data which are classified
into Homogenous Response Units (HRUs) cp. [33]. A
total of 443 HRUs has been delineated for Austria and
comprises six elevation classes (from sea level to above
2100 m), seven slope classes (from smaller 5% to above
100%), and 15 soil types which are merged with data from
60 climate clusters (cp. Section 2.1). Soil data are extracted from [41] and contain soil layer specific contents
of silt, sand and clay, humus, pH, calcium carbonate, and
coarse fragments. Up to 25 crop rotation systems per
municipality have been derived with the CropRota model
[42] using historical land use data of 22 crops [32]. These
crops, respectively crop rotations, cover about 89% of
total arable land in Austria. In EPIC, annual planting and
harvesting dates are automatically adjusted to account for
changing seasonal growing conditions (i.e. planting and
harvesting dates are triggered when certain fractions of
AJCC
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total heat units per crop are attained by daily heat unit
accumulation from planting to maturity). Fertilizer application rates (N, P, K) are computed crop and regional
specific [33] and refer to the guidelines of good agricultural practices in Austria. Irrigation is omitted to isolate
the drought impacts on crop production.
The biophysical impacts of drought scenarios on crop
yields and evapotranspiration are simulated for the future
period and presented next.

3. Results
3.1. Description of Meteorological Drought in
Austria
On average, the mean annual precipitation sums in S2
from the period 2008-2040 are lower than in S0 and S1. In
addition, we obtain significant temperature increases in S1
and S2, predominantly in spring, summer and autumn.
Mean annual maximum temperatures are rising most in
S2. In Figure 2, we show for the climate clusters 0509,
0901 and 2006 the development of monthly precipitation
sums in a randomly selected year (2040) compared to the
mean monthly precipitation sums of 1975-2007. These
climate clusters have been chosen, because they span
typical climates in Austria (lowlands and Alpine regions).
Figure 2 depicts the deficiency of precipitation in several
months when compared to the respective mean monthly
sums of the past period. The occurrence of meteorological
drought is thus obvious even if monthly precipitation

Figure 2. Monthly precipitation sums (mm) for the climate
clusters 0509 (top), 0901 (middle), and 2006 (bottom) based
on one bootstrapped re-allocation in 2040 for S0 (dotted),
S1 (dashed), S2 (dashed-dotted) and mean monthly precipitation sums of 1975-2007 (continuous line).
Copyright © 2013 SciRes.

ET AL.

5

might be above the mean value of 1975-2007 in certain
months. In the case that the highest past precipitation
sums occur in summer (autumn), we also receive the
highest future precipitation sums in summer (autumn), on
average. Table 2 summarizes in which season the decrease in precipitation sums is most pronounced, as it may
have decisive effects on particular crops.
The largest decreases in precipitation sums occur for
climate cluster 0509 with 43% in autumn (September,
October, November), and for climate clusters 0901 and
2006 with 41% in winter (December, January, February).
The precipitation decreases are also important in spring
and summer (ranging between 20% and 34%) with S2.
Even in regions with abundant precipitation (e.g. climate
cluster 2006), the seasonal precipitation sums, particularly
in the spring and summer seasons, can be so low that
water may become a limiting factor in crop production.
Figure 3 shows the aridity index AI which is defined
as the relation between annual precipitation and potential
evapotranspiration [43]. Its spatial distribution is shown
for S0, S1 and S2, and the number of years (in total 31
years * 30 bootstrapped re-allocations) where AI ≤ 0.5
(specifying a semi-arid climate) increases significantly in
S1 and S2, predominantly in the eastern parts of Austria.

3.2. Spatial Analysis of Long-Term Drought
Impacts on Crop Yields and
Evapotranspiration
We have analyzed the impacts on annual crop yields for
S1 or S2 and S0 (Figure 4). Therefore, we have averaged
the sum of dry matter crop yields of the respective crop
rotation for each 1 km grid and over the period 2010-2040
as well as the 30 bootstrapped re-allocations. S1 leads to
lower dry matter crop yields of ~2 t/ha in comparison to
S0 for many parts of the country, especially in the eastern
lowlands. In contrast, simulated dry matter crop yields are
higher by up to 2 t/ha in the foothills of the Alps and in the
south-east of Austria. In these regions, enough water
seems to be available for crop production and the increase
in temperature leads to additional crop yields due to less
temperature stress on average.
The adverse effects on crop yields are more pronounced
in S2. The extent of areas where the lower precipitation
becomes a limiting factor for crop production increases:
Crop yields may decrease between 2 t/ha and 4 t/ha, most
severely in the eastern lowlands and the northern foothills
of the Alps. Furthermore, small increases in crop yields in
S1 turn into crop yield losses of ~2 t/ha in S2 in many
parts of the north and south-east of Austria.
In comparing the results of S1 with S0, we reveal that
the highest decreases of average dry matter crop yields
(about 2 t/ha) are linked with the highest decreases in
evapotranspiration rates (between 60 mm and 80 mm;
Figure 5) and important increases of water stress (up to
AJCC
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Table 2. Seasonal average temperatures (tave in ˚C) and precipitation sums (prec in mm) for the climate clusters 0509, 0901,
and 2006 for the past, S0, S1, and S2. In parentheses, anomalies are presented in ˚C for tave and % for prec.
Spring
tave

Summer

Autumn

Winter

prec

tave

prec

tave

prec

tave

prec

Climate cluster 0509
Past

10.0

121

19.0

188

9.8

118

0.0

82

S0

9.8 (−0.2)

124 (2)

19.1 (0.1)

184 (−2)

10.0 (0.2)

116 (−2)

0.0 (0.0)

80 (−2)

S1

10.1 (0.1)

102 (−16)

19.1 (0.1)

151 (−20)

10.0 (0.2)

87 (−26)

−0.2 (−0.2)

67 (−18)

S2

10.0 (0.0)

97 (−20)

19.5 (0.5)

140 (−25)

10.1 (0.3)

67 (−43)

−0.3 (−0.3)

48 (−41)

Climate cluster 0901
Past

0.6

208

9.5

277

3.0

217

−5.4

150

S0

0.3 (−0.3)

202 (−3)

9.7 (0.2)

275 (−1)

3.2 (0.2)

201 (−7)

−5.2 (0.2)

156 (4)

S1

0.8 (0.2)

203 (−2)

9.9 (0.4)

246 (−11)

3.7 (0.7)

175 (−19)

−5.1 (0.3)

119 (−21)

S2

0.9 (0.3)

141 (−32)

10.3 (0.8)

222 (−20)

4.5 (1.5)

134 (−38)

−4.8 (0.6)

88 (−41)

Climate cluster 2006
Past

6.0

526

14.9

539

7.4

634

−1.3

386

S0

5.8 (−0.2)

600 (14)

15.0 (0.1)

518 (−4)

7.5 (0.1)

629 (−1)

−1.2 (0.1)

354 (−8)

S1

6.2 (0.2)

463 (−12)

15.1 (0.2)

427 (−21)

7.8 (0.4)

461 (−27)

−1.2 (0.1)

306 (−21)

S2

6.2 (0.2)

403 (−23)

15.5 (0.6)

353 (−34)

8.1 (0.7)

417 (−34)

−1.4 (−0.1)

228 (−41)

Figure 3. Occurrence of a semi-arid climate (AI ≤ 0.5) on
Austrian cropland by scenarios (S0, S1, S2).
Copyright © 2013 SciRes.

Figure 4. Simulated average annual dry matter crop yields
(t/ha) on Austrian cropland for S0, and respective differences (middle: S1-S0, bottom: S2-S0).
AJCC
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Figure 5. Simulated average annual evapotranspiration
rates (mm) on Austrian cropland for S0, and respective
differences (middle: S1-S0, bottom: S2-S0).

50% more days with water stress compared to S0 in the 31
years period and for the 30 bootstrapped re-allocations),
predominantly in the north-eastern parts of Austria. Severely limiting precipitation and higher temperatures can
lead to lower crop transpiration rates and biomass accumulation as well as soil evaporation. In contrast, it can
also lead to higher evapotranspiration rates by up to 30
mm in regions, where precipitation is still sufficiently
available. However, slight crop yield increases may also
induce decreases of evapotranspiration rates (in the comparison with S1 in the range of 0 mm to 30 mm; in the
comparison with S2 in the range of 0 mm to 80 mm). In
these regions, the crop transpiration slightly increases due
to higher temperatures, but soil evaporation decreases due
to deficient precipitation amounts. The highest absolute
dry matter crop yield losses simulated with S2 range between 2 t/ha and 4 t/ha, which are associated with decreases of annual evapotranspiration rates between 60 mm
and 80 mm and an increase of water stress days by 75%.
To account for long-term drought impacts of different
soil types, elevation and slope classes on dry matter crop
yields, we have averaged the EPIC outputs over the respective area (out of the total cropland area of about 1.3
million ha). Most pronounced dry matter crop yield difCopyright © 2013 SciRes.
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ferences between S1 and S0 occur on chernozems (−1
t/ha) and alluvial soils (−0.2 t/ha). The comparison between S2 and S0 leads to substantial decreases in dry
matter crop yields of about 2 t/ha on chernozems, 0.8 t/ha
on alluvial soils, 0.4 t/ha on gley and pseudogley, and 0.2
t/ha on brown earth. Brown earth, chernozems and pseudogley cover about 40%, 25% and 9% of total cropland in
Austria, respectively.
The comparison of simulated average crop yields between elevation classes shows that average crop yield
declines are most significant at low elevations. The dry
matter crop yield reductions are 0.8 t/ha in S1 and 1.6 t/ha
in S2 for elevations below 300 m. For elevations above
2100 m, there is a crop yield increase of 0.9 t/ha in S1 and
of 1.6 t/ha in S2. Mainly forage crops are grown at this
elevation.
Similarly, average dry matter crop yield decreases are
higher on flatter slopes (respective decreases of 0.3 t/ha
and 0.8 t/ha in S1 and S2 for slopes <5%), and turning into
increases at steeper slopes i.e. 0.4 t/ha in S1 and S2 for
slopes >100% due to less erosion.
The average decreases in evapotranspiration rates of
S1 (S2) with respect to S0 are about 70 mm (130 mm) on
chernozems, followed by 30 mm (70 mm) on alluvial
soils and 20 mm (60 mm) on pseudogley. For different
elevation classes, the respective decreases in evapotranspiration rates of S1 and S2 are 60 mm and 120 mm at
elevations <300 m, and turning into increases of 25 mm
and 40 mm at elevations >2100 m, respectively. For different slope classes, decreases in evapotranspiration rates
of S1 (S2) are 30 mm (70 mm) at slopes <5% and again
turning into increases of ~10 mm for both S1 and S2 at
slopes >100%.

3.3. Inter-Annual Variability
The inter-annual variability is described by the spread
consisting of 2790 simulated crop yield values for each 1
km grid point, which result from 31 years of simulations
(2010-2040), three drought scenarios (S0, S1 and S2), and
30 bootstrapped re-allocations per drought scenario. As
standard measure, we have investigated the standard deviations. The development of simulated crop yields under
drier conditions is more “certain” in the eastern and northeastern parts of the country. Standard deviations range
between ±1 t/ha and ±3 t/ha in the east and north-east of
Austria and between ±5 t/ha and ±7 t/ha in other parts of
Austria.
The smaller inter-annual variability of the simulated
crop yields in the eastern and north-eastern parts of Austria can be explained by the rather persistent small precipitation amounts observed in the past period 1975-2007,
which become even smaller in our drought scenarios. In
the other parts of Austria, our drought scenarios may lead
to very dry conditions in particular years, however, years
AJCC
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with “usual” precipitation sums (similar to the past observations) may also occur and therefore lead to minor or
no crop yield impacts (predominantly in the southern and
western parts of Austria as well as for some parts in the
foothills of the Alps).

3.4. Elasticities
Figure 6 shows the percent changes in mean annual dry
matter crop yields and mean annual precipitation sums of
S1 on the top (S2 on the bottom) compared to S0 of one
bootstrapped re-allocation out of the 30 re-allocations.
The correlation plots for other bootstrapped re-allocations
look similar and are therefore not presented. The comparison with S1 shows that even small increases in dryness will result in significantly lower dry matter crop
yields, particularly in areas with annual precipitation sums
below 850 mm in S0: Simulated dry matter crop yields
decrease by 0.6% per 1.0% decrease in annual precipitation sums.
In areas with annual precipitation sums above 850 mm
in S0, simulated dry matter crop yields decrease by 0.4%
per 1.0% decrease in annual precipitation sums. The comparison with S2 shows an even more pronounced sensi-

Figure 6. Elasticities between percent changes in simulated
dry matter crop yields and annual precipitation sums (P):
400 mm < P < 670 mm (continuous line); 671 mm < P < 850
mm (dashed); 851 mm < P < 1050 mm (dotted); P > 1051
mm (dashed-dotted).
Copyright © 2013 SciRes.

ET AL.

tivity: With up to 50% less precipitation, dry matter crop
yields still only slightly change in regions with mean
annual precipitation sums above 1050 mm in S0, but the
crop yields become more sensitive to decreases in annual
precipitation sums smaller than 1050 mm. Dry matter crop
yields may decrease by about 20% with up to 50% less
precipitation in regions with mean annual precipitation
sums between 851 mm and 1050 mm in S0 (elasticity of
+0.6), followed by decreases of about 35% in regions with
mean annual precipitation sums between 671 mm and 850
mm (elasticity of +0.8) and decreases of about 55% in
regions with mean annual precipitation sums between 400
mm and 670 mm (elasticity of nearly +1.0).

4. Discussion and Conclusions
The block bootstrap, which has been applied in the present analysis for generating drought scenarios, is a
straightforward method of re-sampling time series while
relating to the inherent autocorrelation. It does not require explicit modeling of the autocorrelation structure
which in our case would be further compounded by the
spatial autocorrelation. The choice of block length naturally plays a role. If the blocks are too short, the autocorrelation is weak; if they are too long, they become unmanageable and permit very little variation. We have
chosen the block of eight days because it is convenient
for building up the length of a month, and because preliminary simulations showed that the autocorrelation
structure for the weather parameters was retained to the
sufficient lag.
The analysis shows the usefulness of our developed dry
day index to analyze in a spatial consistent way the longterm impacts of increased drought occurrences on crop
production. Thus, we have identified the regions in Austria that would be more at risk when the meteorological
drought occurrences increase. These regions are predominantly located in the eastern and north-eastern parts
of the country, as expected, due to their already lower
annual precipitation sums compared to other regions in
Austria. Therefore, future research should assess the agricultural adaptation potential—especially in regions with
lower annual precipitation sums—e.g. switching to more
drought tolerant cultivars with slow leaf dehydration rates.
The development of such cultivars (e.g. plant breeding of
genotypes which are less sensitive to drought stress by a
better developed root system) may come to the fore to
avoid overexploitation of ground water resources. In addition, investments in irrigation systems, accompanied by
well-defined diversification in crops and crop management practices will gain in importance to mitigate drought
risk [31,44].
Austrian regions with historically abundant precipitation amounts (e.g. in the southern and western parts of the
country) may also suffer from significant crop yield losses
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in particular years when confronted with extreme drought
events. However, years with precipitation sums similar to
the past observations may also occur and therefore may
lead to minor crop yield impacts, although temperature is
increasing and leading to higher evapotranspiration rates.
Moreover, the simulated crop yields and evapotranspiration rates tend to increase along the elevation slope gradients due to higher precipitation amounts in mountainous
terrains which, thus, tend to be less vulnerable to droughts.
However, only a small fraction of cropland is located in
such terrain.
Finally, it will be also interesting to investigate the
impacts of significantly higher precipitation amounts on
crop production and environment (e.g. flooding, soil water
erosion). In any case, our approach can also be used to
generate increased occurrences of heavy rainfall and flood
events—which may also occur in a warmer climate—by
mirroring the dry day index distribution.
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