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A B S T R A C T   

Droughts are responsible for severe vegetation loss and declining agricultural yields. As future climate change 
projections imply an increased risk of extreme events, the occurrence of droughts is potentially accelerating in 
the future. The influence of climate change on drought events in a Danish agricultural catchment under the 
emission scenario RCP8.5 are evaluated by three different drought indices covering soil moisture, groundwater 
and streamflow deficits. The indices are based on results from a hydrological model forced by downscaled 
climate outputs from 16 Euro-CORDEX climate models (GCM-RCMs), while considering uncertainties among 
climate model projections. The hydrological model demonstrated a satisfactory ability in modelling historical 
drought characteristics. The results from the future projections showed that the intensity and frequency of 
droughts increased towards the end of the century. The spatial patterns of changes in drought were found to be 
highly dependent on the climate model results, index formulations and assumptions, as well as the hydro-
geological properties of the catchment. Groundwater based irrigation in the agricultural areas effectively miti-
gates soil moisture drought, leading to lower future uncertainty of the ensemble mean (higher model agreement) 
for soil moisture droughts at irrigated locations. This is obtained at the cost of lower groundwater levels in both 
reference and future periods resulting in larger uncertainties on the simulated groundwater droughts, because of 
the addition of irrigation uncertainty. While the joint impact of greater groundwater abstraction and changing 
dynamics of precipitation and groundwater recharge also leads to larger streamflow variability between model 
combinations (standard deviation) under RCP8.5 for the downstream discharge station.   

1. Introduction 

Drought is a natural hazard that can occur everywhere realizing an 
extended period of water deficiency in various parts or the entire hy-
drological cycle, which can be modulated or amplified by other natural 
processes (e.g. snowmelt compensation or increased evapotranspiration 
demand) and human activities (e.g. irrigation and pumping). The im-
pacts of the processes related to drought propagate through the systems 
non-linearly and unequally (Mukherjee et al., 2018) leading to multiple 
environmental and socio-economic risks that may occur concurrently or 
sequentially. Therefore, these underlying processes draw the attention 
of the scientific community from the perspective of meteorology, hy-
drology, agriculture and socio-economics to quantify and forecast 
droughts and predict their impacts on the regional environment, 

economy, and society (Tramblay et al., 2020). This complexity and 
uncertainty is further exacerbated in the future due to climate change. 
Natural droughts usually develop slowly when compared to other 
extreme events. Hence, a major challenge of drought research is to 
accurately identify the onset, duration, and termination of a single 
drought and separate one event from others (Mukherjee et al., 2018; 
Mishra and Singh, 2010). The sophisticated characteristics also hinder 
the development of a universal definition, which is essential for drought 
detection, monitoring, and analysis (McKee et al., 1993). Broadly 
speaking, droughts can be categorized into four main types based on 
their leading physical mechanisms and impacts: meteorological, agri-
cultural, hydrological, and socio-economic drought (Wilhite and Glantz, 
1985). To monitor drought events and quantify their frequency and 
intensity, one of the most straightforward ways is to compute drought 
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indices. Over the past few decades, numerous drought indices have been 
introduced (WMO and GWP, 2016) and many drought studies around 
the world have investigated drought events and drought characteristics 
applying such indices for historical time periods (e.g. Bloomfield and 
Marchant, 2013; Nalbantis and Tsakiris, 2008; Narasimhan and Srini-
vasan, 2005). These investigations predominantly evaluate the temporal 
variability of drought at multiple timescales (e.g. monthly, seasonally, 
and annually) over a lumped study area or using point measurements 
like weather station data. This approach, however, does not capture the 
spatial variability that may occur in response to heterogeneous land use 
and hydrogeological characteristics within the target area. One of the 
novelties of this work is to evaluate the spatial distributions and tem-
poral variations of drought, which is vital information for identification 
of vulnerable areas and for drought monitoring. 

Much drought research has discussed and improved our under-
standing of the various processes related to droughts, while less research 
has been dedicated to the potential changes in drought under the impact 
of future global warming. Studies in North America (e.g. Feng et al., 
2017; Masud et al., 2017) have suggested that an accelerated hydrologic 
cycle would trigger more severe droughts under a warming climate 
scenario. The understanding of future changes in drought in temperate 
regions such as Denmark is very limited; only few drought-related 
studies have addressed how anticipated climate change would influ-
ence groundwater recharge (e.g. Refsgaard et al., 2016), stream 
discharge (e.g. Roosmalen et al., 2007), and soil moisture (e.g. Karlsson 
et al., 2015). These studies indicated wetter and hotter climate condi-
tions in the future for Denmark, where seasonal difference between wet 
winters and drier summers were accelerated, which might lead to an 
extension of dry spells, especially during the growing season/summer. 
However, more detailed assessments of the potential impact of droughts 
in a future climate are required to develop reliable mitigation and 
adaptation strategies. Additionally, most previous studies have only 
evaluated the drought changes of a single component in the hydrologic 
system and may therefore overlook important linkages and governing 
mechanisms of the drying anomalies. Only a limited number of studies 
have, to our knowledge, examined the issue of future droughts from a 
multifactor perspective. Another important contribution of this work is 
to quantify the degree of water shortage by three drought indices, 
aiming to explore the interactions and relationships between different 
components of the hydrologic cycle in response to drought. As different 
types of drought may occur simultaneously or sequentially, it is difficult 
to formulate a single drought index to present the entire abnormal 
condition. Mukherjee et al. (2018) added that different indices show 
different degrees of sensitivity to the same level of warming; therefore, 
the assessment should be done from multivariate aspects of drought by 
considering more than one drought index. 

This study assesses changes of drought by analysing drought indices 
using the output from an ensemble of 16 CORDEX regional climate 
models (RCMs) under RCP8.5 for the Ahlergaarde catchment in 
Denmark (Jensen and Refsgaard, 2018). The climate model projections 
have been biased corrected to account for systematic errors (Pasten- 
Zapata et al., 2019). Different methods have been proposed for bias 
correction including the delta change and the distribution-based scaling 
(DBS) methods (Pulido-Velazquez et al., 2018; van Roosmalen et al., 
2011). Here a distribution-based scaling (DBS) method proposed by 
Seaby et al. (2013) has been used, as their study documented that the 
method was able to accurately transfer changes in mean monthly and 
seasonal temperature, precipitation and potential evapotranspiration. 
Additionally, the method provided a satisfactory representation of the 
day-to-day variation as well as heavy precipitation events. 

The integrated and distributed hydrological model code MIKE SHE 
(Abbott et al., 1986) is used in this study. Since we want to analyze the 
spatiotemporal changes in soil moisture content, depth to the water 
table, and streamflow a distributed representation of the catchment is 
required. In addition, an integrated model is required, as we want to 
consider the interaction between the hydrological processes at 

catchment scale. The MIKE SHE model code is widely used interna-
tionally for comprehensive hydrological studies and it is the framework 
for the development of the Danish water resources model (DK model) 
(Henriksen et al., 2003). The model is forced with gridded climate data 
on daily precipitation, temperature, and reference evapotranspiration 
using the same methodology as for the DK model (Stisen et al, 2012). 

The catchment area was classified into two main categories, irrigated 
and non-irrigated areas, to evaluate the different responses to dryness 
with and without irrigation. Given the importance of agriculture within 
the study area to the national economy and the impacts on the liveli-
hoods and environment of the region, it is essential to understand how 
climate change affects drought characteristics in a spatially distributed 
manner for both surface and sub-surface variables. Therefore, this study 
particularly explores the drying effect on factors influencing agricultural 
activities because prolonged dry spells will significantly reduce crop 
productivity. Groundwater conditions are also important, as ground-
water is the most crucial source of freshwater in Denmark supplying 
99% of the water use (Jørgensen and Stockmarr, 2009). For most studies 
on drought characteristics, index development and other dimensions 
associated with groundwater are largely ignored. To fil this gap we 
analyze the propagation of drought impacts from the land surface to the 
groundwater system. Drought indices can be seen as a simplified rep-
resentation of the impacts and they therefore provide a more compre-
hensible measure for the general public (e.g. farmers) to understand the 
potential impacts. 

The study has the following specific objectives: 1) to verify the hy-
drological model outputs of hydrological variables against observational 
data and assess model results based on the downscaled GCM/RCM 
climate predictions; 2) to estimate and compare several drought indices 
in the reference (1981–2010) and the future period (2070–2099) 
including soil moisture deficit index (SMDI), standardized groundwater 
depth index (SGDI), and streamflow drought index (SDI); 3) to explore 
the linkage between the droughts and changing climate; and 4) to 
evaluate the potential impact of uncertainties from climate model 
choices on the indices. The results will help improve the understanding 
of the current and potential dryness condition in the Ahlergaarde 
catchment and provide useful information for water management and 
agricultural activities in the future. 

2. Study area and data 

The study is carried out in the Ahlergaarde catchment situated in the 
central part of the Jutland Peninsula, Denmark. The catchment covers an 
area of approximately 1050 km2 and is drained by the Skjern River 
system. This region has a relatively flat topography with elevation 
variations from about 125 m above sea level in the eastern part to 20 m 
in the western part (Fig. 1). Agricultural land use (61%) dominates the 
catchment, followed by forest (21%) and meadow (15%) (Sebok et al., 
2016). The dominant crops are wheat and barley, and irrigation is the 
primary contributor to groundwater extraction, especially during the 
growing season (May to September). The top soils are mainly coarse, 
permeable sandy deposits with a relatively small water retention capa-
bility, and the area is therefore one of the most irrigated catchments in 
Denmark. The high permeability of the surface layers also results in very 
limited overland flow with exceptions of wetlands and in the riparian 
zone, where surface runoff might be generated as a result of saturation of 
the soils from shallow groundwater. 

The catchment is characterized by a temperate maritime climate, 
which leads to relatively mild winters and cool summers, with an annual 
average temperature of 8.2 ◦C. The annual average precipitation, 
reference evapotranspiration and stream discharge over the period of 
1990–2013 are 983 mm, 540 mm and 500 mm, respectively (Lucatero 
et al., 2018). Precipitation occurs all year round but is typically higher in 
autumn and winter. More than half of the precipitation is returned to the 
atmosphere by evapotranspiration and the remaining is transferred 
through the stream and groundwater systems. The stream flow system is 
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dominated by the baseflow component (Jensen and Refsgaard, 2018). 
Numerous observations were collected in the catchment by the 

HOBE project (Jensen and Refsgaard, 2018), including precipitation, 

stream flow, evapotranspiration, soil moisture and groundwater levels. 
The observational climatic, hydrological and hydrogeological data are 
obtained from these data bases: ENOHA (http://www.enoha.eu/) and 

Fig. 1. Overview of the study area with elevation (A), depth to groundwater table (B), soil distribution horizon A (JB1 and JB7 are end members of the soil 
classification representing coarse sand and clay respectively while JB11 is organic soil (C), and crop distribution (D) all as incorporated in the MIKE SHE model. 

Fig. 2. Location of the study area and locations of the measurement stations.  
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JUPITER/GEUS (http://data.geus.dk/JupiterWWW/index.jsp). The lo-
cations of the measurement stations in the catchment are shown in 
Fig. 2, including groundwater levels, stream discharge, evapotranspi-
ration based on the eddy covariance method, and soil moisture based on 
measurements from cosmic-ray neutron sensors and capacitance sensors 
(Denager et al., 2020). Most soil moisture sensors were installed on 
agricultural land and placed at three different depths (2.5 cm, 22.5 cm 
and 52.5 cm) (Bircher et al., 2012). The cosmic-ray soil moisture mea-
surements at Voulund (agriculture site) represent the average water 
content of the soil approximately at depths of 0–20 cm (Andreasen et al., 
2020). The flux towers at Voulund and Gludsted (forest site) records the 
actual evapotranspiration (Ringgaard et al., 2011). The depth to the 
groundwater table is measured in 10 wells within the catchment (Zhang 
et al., 2016). 

Apart from the observational data, the bias-corrected daily climate 
model outputs from CORDEX (including air temperature, precipitation, 
and reference evapotranspiration) under RCP8.5 (IPCC, 2014) are used 
(Table 1). The gridded data used to drive the model have the following 
spatial resolution: 10 km × 10 km for rainfall and 20 km × 20 km for air 
temperature and reference evapotranspiration. The individual GCM- 
RCM coupled models are here treated as a single unity referred to as 
the climate model. A detailed description of the bias correction can be 
found in Pasten-Zapata et al. (2019). All changes in the future period 
(2070–2099) are quantified using the period 1981–2010 as baseline. 

3. Methods 

3.1. Hydrological model: MIKE SHE 

3.1.1. Model setup 
The model code MIKE SHE (Abbott et al., 1986) is used in the study. 

MIKE SHE is a deterministic and physically-based, fully distributed 
modeling system, which has formed the platform for the development of 
the Danish National Water Resources model (DK-model) (Henriksen 
et al., 2003). The horizontal discretization of the model is 500 m × 500 
m, resulting in a total of 4205 grids covering the Ahlergaarde catchment. 
Actual evapotranspiration is simulated using the method developed by 
Kristensen and Jensen (1975). Vertical unsaturated flow is calculated 
based on Richards’ equation, which is solved numerically by a finite 
difference scheme with a vertical discretization of 5 cm in the top 30 cm 
of the soil profile, while cell sizes are gradually increased to 1 m cells at 
depths below 10 m. Groundwater flow is resolved by 14 computational 
layers and described by the 3D governing equation based on Darcy’s 
law. The maximum time step for the unsaturated zone flow and satu-
rated zone flow is both specified to 24 h. 

The soil profile is divided into three soil horizons: A (0–0.3 m), B 

(0.3–0.8 m), and C (>0.8 m), where the numbers indicate depth below 
ground surface. The most common soil type is coarse sandy soil (JB1), 
followed by clayey sandy soil (JB3) (Greve et al., 2007). Land use is 
described by 11 classes and the catchment is divided into irrigated areas 
with crops (i.e. wheat, barley, maize, and grass) and non-irrigated areas 
(all other land use types) (Fig. 1D). Crop rotation is not implemented as 
it is carried out in reality but is translated into a relative distribution of 
crop types and preserved within each land use-soil combination 
(Karlsson et al., 2015). Irrigation is assumed to start in May and end in 
September and irrigation demand is computed by the model based on a 
maximum allowed deficit in maximum available water for crop tran-
spiration (MAW). MAW refers to the difference between the field ca-
pacity (θfc) and the wilting point (θwp) integrated over the root zone. The 
soil moisture deficit (SMD) is defined as the portion of MAW that is 
missing, which ranges from 0 (actual moisture content θact equals field 
capacity θfc) to 1 (actual moisture content θact equals wilting point θwp) 
(DHI, 2017a): 

SMD =
MAW − AW

MAW
(1)  

AW = θact − θwp (2) 

It is assumed that irrigation starts when SMD reaches 0.3 (i.e. 30% of 
the available water is used), and stops when SMD drops to 0.15. 

3.1.2. Sensitivity analysis and optimization 
The hydrological model is run for the period 2008–2018, where 

2011–2016 is used for calibration and 2017–2018 is used for validation. 
The first three years are used as model warm-up. The AutoCal scheme 
incorporated in the MIKE SHE code (DHI, 2017a) is used for parameter 
sensitivity analysis and automatic calibration. A local sensitivity anal-
ysis based on backward difference approximation option is used to 
identify which parameters to include in the subsequent optimization. 
The model is auto-calibrated with the global optimization algorithm 
Population Simplex Evolution method combined with Monte Carlo 
sampling (DHI, 2017b; Madsen, 2000). 

In the calibration scheme five different objective functions are 
defined representing discharge (Q), hydraulic head (head), soil moisture 
from sensors (sensor), soil moisture from cosmic ray measurements 
(ray), and evapotranspiration (ET). The match to each observation type 
is assessed using the root mean square error (RMSE), expressed as fol-
lows: 

f (θ)RMSE,X =
∑K

k=1
(
1
n
∑n

i=1
(OBSi − SIMi)

2
)

1
2 (3)  

where f(θ)RMSE,X represents the objective function for variable X, OBSi 
and SIMi are observed and simulated values at time i = 1, 2, ⋯, n, for 
measurement location k = 1,2,⋯,K,where n and K are the number of 
time steps and number of measurement stations/wells, respectively. 

The objective functions are assigned a weight to reflect the relative 
priorities given to the individual variables. The weighted objective 
functions are subsequently aggregated and transformed to a common 
distance scale (DHI, 2017b). The resulting objective functions within the 
predefined parameter space, F(θ) is defined as: 

F(θ) = min{f (θ)RMSE,Q; f (θ)RMSE,head; f (θ)RMSE,sensor; f (θ)RMSE,ray; f (θ)RMSE,ET}
(4) 

The stopping criterion of the optimization is defined by either (i) 
maximum number of model evaluations; (ii) convergence in objective 
function space; or (iii) convergence in parameter space (DHI, 2017b). 

3.2. Drought indices 

In order to evaluate different types of droughts, three drought indices 
have been chosen based on both frequent, successful, and well- 

Table 1 
Overview of 16 RCM-GCM combinations from the Euro-CORDEX project.  

Model letter Driving GCM RCM 

A CanESM2 REMO2015 
B CNRM-CM5 CCLM4.8.17 
C EC-EARTH* RACMO22E* 
D EC-EARTH HIRHAM5 
E EC-EARTH* RACMO22E* 
F EC-EARTH RCA4 
G IPSL-CM5A-MR RCA4 
H MIROC5 REMO2015 
I HadGEM2-ES CCLM4.8.17 
J HadGEM2-ES HIRHAM5 
K HadGEM2-ES REMO2015 
L HadGEM2-ES RACMO22E 
M HadGEM2-ES RCA4 
N MPI-ESM-LR REMO2009 
O MPI-ESM-LR RCA4 
P NorESM-M HIRHAM5  

* Initialized from different initial conditions. 
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documented use in the literature: Soil Moisture Deficit Index (SMDI), 
Standardized Groundwater Depth Index (SGDI) and Streamflow Drought 
Index (SDI). The thresholds between normal and drought conditions are 
calculated differently for the indexes (see the following sections), and 
drought ranges also differentiate (Table 2) following the original index 
formulation. Therefore, care must be taken when comparing and inter-
preting the indices. In addition to this, some specific assumptions are 
also made in the study:  

• The long-term thresholds of SMDI (grid- and soil type-based) are 
calculated for non-irrigated grids only in the period of May to July (i. 
e. growing season, 13 weeks);  

• The long-term thresholds of SGDI (grid-based) are calculated for all 
individual grids in the period from May to September (i.e. irrigation 
period, 21 weeks);  

• The long-term thresholds of SDI (station-based) are calculated for the 
downstream discharge station in the period from May to September 
(i.e. irrigation period, 21 weeks). 

Attention is given to agricultural drought, and therefore SMDI is 
calculated for the growing season only, while the SGDI and SDI are 
calculated for an extended time period because groundwater and stream 
flow react more slowly to water shortage and an extended period is 
required to better capture the drought signals under the joint natural 
and anthropogenic factors. For SMDI, thresholds were defined only for 
the non-irrigated grids in order to obtain thresholds close to the natural 
level (i.e. without influence of irrigation). This is not done for the 
groundwater index as it is expected that the groundwater levels react to 
abstraction for irrigation beyond the grid cell being pumped. 

3.2.1. Soil moisture deficit index (SMDI) 
Agricultural drought is characterized by insufficient soil moisture 

availability in the root zone adversely affecting crop growth and agri-
cultural production. The SMDI was proposed by Narasimhan and Sri-
nivasan (2005), and the weekly percentage of moisture deficit is 
computed as: 

SDi,j =

(
SWi,j − MSWj

MSWj − minSWj

)

*100, if SWi,j ≤ MSWj (5)  

SDi,j =

(
SWi,j − MSWj

maxSWj − MSWj

)

*100, if SWi,j > MSWj (6)  

where SDi,j is the soil water deficit (%) for the ith year and the jth week 
and SWi,j is the available soil water available in the soil profile (mm) for 
year i and week j. The available soil water is computed for a soil profile 
of 60 cm extent by integrating the values simulated for the individual 
nodal points according to the numerical discretization. The long-term 
minimum, median, and maximum available soil water of week j be-
tween 1981 and 2010 are denoted by minSWj, MSWj, and maxSWj, 
respectively. 

As the soil water retention capability is highly associated with soil 
characteristics, the three long-term thresholds (weekly) for each soil 

type were estimated from the available soil water content of non- 
agricultural grids. In other words, the same long-term thresholds 
would be applied to grids belonging to the same soil type regardless of 
the land use and irrigation. By utilizing Eqs. (5) or (6), the impact of the 
inherent seasonality in moisture content is assumed to be eliminated 
(Narasimhan and Srinivasan, 2005). The dryness condition is presented 
by the weekly SD values, ranging from − 100 (very dry) to 100 (very 
wet). Palmer (1965) suggested that the drought index should be 
computed on an incremental basis and the dryness conditions need to be 
accumulated to determine drought severity. Therefore, drought severity 
in any given week is given by: 

SMDIi,j =
1
2
SMDIj− 1 +

SDj

50
(7)  

Hereby SMDI will range between − 4 and +4 in the reference period. 
However, the index range may go outside the normal ±4 interval under 
changing climatic conditions because the long-term minimum, median, 
and maximum water content derived from the reference period are also 
used to calculate the indices for the future period in order to see the 
relative changes between the two periods. 

3.2.2. Standardized groundwater depth index (SGDI) 
A period of groundwater level decline, which would result in sig-

nificant adverse effects, can be considered as a groundwater drought. 
The standardized groundwater depth index (SGDI) is modified on the 
basis of standardized precipitation index (SPI) (McKee et al., 1993) and 
aims to evaluate the variations and characteristics of the groundwater 
level (Bhuiyan et al., 2006; Bloomfield and Marchant, 2013). The dis-
tance to the water table forms the basis of the index as other ground-
water variables (e.g. recharge and groundwater discharge) cannot be 
measured directly in groundwater wells but rely on model results (Tate 
and Gustard, 2000; van Lanen and Peters, 2000). The distance to the 
water table varies over the year in response to recharge (Fetter, 2001), 
and the index on the weekly basis is calculated as follows for each grid: 

SGDI =
Di,j − Dj

StdD,j
(8)  

where Di,j is the distance to the water table for the ith year and the jth 

week, Dj and StdD,j are the long-term mean depth to the groundwater 
table and its standard deviation of week j in the control period 
(1981–2010), respectively. For the majority of the randomly selected 
grids, the Kolmogorov–Smirnov (KS) normality test (not shown) indi-
cated that the groundwater level time series from May to September 
were normally distributed, at the p = 0.01 level. As a result, the series 
values can be standardized without any transformation (Yeh et al., 2016; 
Bloomfield and Marchant, 2013; Mendicino et al., 2008). The classifi-
cation of drought based on SGDI follows that of SPI, ranging from − 2 
(dry) to +2 (wet). The same long-term thresholds are utilized to 
compute the indices for both reference and future period, implying that 
the index range may go outside the normal range in the future because it 
preserves the historical statistics as a basis for comparing future results 
with a known reference. 

3.2.3. Streamflow drought index (SDI) 
The streamflow drought index (SDI) is also developed based on SPI. 

As stream flow (Qi,j) is likely to be skewed and followed a gamma dis-
tribution, a two-parameter log-normal distribution is used to transform 
the distribution into normal by taking natural logarithms of streamflow 
(Yi,j) (Nalbantis and Tsakiris, 2008): 

SDI =
Yi,j − Yj,
StdY,j

(9)  

Yi,j = ln(Qi,j) (10) 

SDI is only calculated for the main station (Q250082) located at the 

Table 2 
Comparison of index intervals for drought classification for the three indices.   

Soil moisture 
content 

Groundwater table 
depth 

Discharge 

Non-drought SMDI ≥ 0 SGDI ≥ 0 SDI ≥ 0 
Mild drought − 1 < SMDI < 0 − 1 < SGDI < 0 − 1 < SDI < 0 
Moderate 

drought 
− 2 < SMDI < − 1 − 1.5 < SGDI < − 1 − 1.5 < SDI <

− 1 
Severe drought − 3 < SMDI < − 2 − 2 < SGDI < − 1.5 − 2 < SDI <

− 1.5 
Extreme 

drought 
SMDI < − 3 SGDI < − 2 SDI < − 2  
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outlet of the catchment where historical and future values of streamflow 
are assessed. The natural logarithms of cumulative flow volume with 
average (Yj,) and standard deviation (StdY,j) estimated over the historical 
period are further applied to the future period and as for index SGD it 
may result in indices exceeding the normal range between − 2 and +2, 
which might be attributed to extremely high or low flow under future 
climate. 

3.3. Uncertainty analysis and multi-model ensemble 

In order to assess the uncertainty arising from the different climate 
model combinations, the multi-model ensemble mean of three drought 
indices is presented, along with the corresponding model spread and 
model agreement. Note that an equi-feasible ensemble approach (i.e., 
considering the simulations of all model combinations) is applied in this 
study (Collados-Lara et al., 2018). While the model spread describes the 
variability between the multi-model ensemble members, the model 
agreement shows where the different models agree/disagree on the 
projected changes (Li et al., 2016; Tebaldi et al., 2011). The model 
agreement is indicated by the number of models where indices project 
the same drought category as the ensemble mean. Note that for grids 
with a relatively low model agreement (i.e. ≤6) results are not further 
differentiated. 

4. Results 

In the following chapter, results from the model analysis are pre-
sented. First, parameter sensitivity and model calibration are described, 
followed by a quantification of climate change impacts on the hydro-
logical variables. Next, the impacts on drought indices are presented and 
finally the uncertainty caused by climate models is described. 

4.1. Hydrological simulations: Parameter sensitivity and optimization 

A sensitivity analysis was carried out in which 47 parameters from 
different modules of the MIKE SHE model were evaluated (Fig. 3). The 
initial value of these parameters was taken from the national water re-
sources model (the DK-model) (Henriksen et al., 2003), which serves as 
a departure point for the analysis. Nine parameters (Table 3) were 
selected for calibration in order to avoid over-parameterization while at 
the same time ensuring that the selected parameter combination con-
tained at least one parameter which was highly sensitive to each of the 
five objective functions. Less sensitive parameters were tied to the most 
sensitive. Land use is dominated by agriculture and since irrigation 
depends on groundwater abstraction, groundwater levels and stream-
flow in the catchment are both affected. Data on stream discharge and 
groundwater level are considered to be overall more reliable than the 
other types of measurements, which are more complicated to carry out 

and prone to uncertainties partly caused by spatial scale discrepancies. 
Hence, an accurate simulation of hydraulic head and discharge are 
prioritized compared to other variables included in the objective func-
tions during the calibration process (Table 4). 

Overall, the model performance with respect to the hydrological 
dynamics for both the calibration and validation periods are considered 
satisfactory (Table 5). Firstly, the discharge performance in the down-
stream main station, Q250082, is acceptable (NSE > 0.7), implying a 
high degree of accordance between observations and simulations 
(Fig. 4E). Nevertheless, the model has a tendency to underestimate peak 
flows and overestimate low flows. The performance for the four up-
stream stations (not shown) is not as good as the main station. This 
might be explained by the lower streamflow values implying that un-
certainties related to the topographical and geological characterization 

Fig. 3. Absolute sensitivity of parameters for each objective function.  

Table 3 
Selection of nine free parameters for optimization.  

Name Unit Initial 
value 

Best 
estimate 

Description 

Kx_S ms− 1 1.2 ×
10− 3 

3.2 ×
10− 4 

Horizontal conductivity, sand units 

Kx_C ms− 1 3.4 ×
10− 7 

3.1 ×
10− 6 

Horizontal conductivity, clay units 

Kz_QC ms− 1 3.4 ×
10− 8 

2.6 ×
10− 7 

Vertical conductivity, pre-Quaternary 
clay units 

Drain s− 1 2.8 ×
10− 7 

1.4 ×
10− 7 

Time constant for the drains 

nK_A1  1.14 1.68 Parameter n in van Genuchten 
hydraulic conductivity function for soil 
horizon A, JB1 

nK_B1  1.48 1.36 Parameter n in van Genuchten 
hydraulic conductivity function for soil 
horizon B, JB1 

αK_A1 cm− 1 6.2 ×
10− 2 

9.8 ×
10− 3 

Parameter α in van Genuchten 
hydraulic conductivity function for soil 
horizon A, JB1 

αK_B1 cm− 1 8.2 ×
10− 2 

1.1 ×
10− 1 

Parameter α in van Genuchten 
hydraulic conductivity function for soil 
horizon B, JB1 

αRet_A1 cm− 1 4.5 ×
10− 2 

8.7 ×
10− 2 

Parameter α in van Genuchten 
retention curve for soil horizon A, JB1  

Table 4 
Weight of the different objective functions in model calibration.  

Objective function Weight, Wi  

Discharge 1 
Evapotranspiration 0.5 
Groundwater head 1 
Moisture content, cosmic ray 0.25 
Moisture content, sensor 0.25  
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become more critical due to the smaller catchment sizes. The perfor-
mance with respect to groundwater levels is acceptable with a ME of 
− 20 cm in the calibration period and − 16 cm in the validation period 
(Table 5). RMSE values of less than 3 m are found for both calibration 
and validation (2.27 m and 2.43 m, respectively) which is considered to 
be an acceptable result (Sonnenborg et al., 2003). For ET a ME of 0.07 
mm/day is found in the calibration period, which is acceptable 
compared to the mean ET of 1.57 mm/day. The results for the validation 
period are less convincing (-0.3 mm/day) but is still within an accept-
able range. The variability of the deviations is relatively high with RMSE 
values of 1.04 mm/day and 1.15 mm/day, respectively, for the two 
periods. Also, for soil moisture the simulation results are within ex-
pected accuracy levels (Denager et al., 2020). 

4.2. Climate projection: Present versus future 

The simulated water balance components for the 16 GCM-RCM 
combinations, based on the optimized MIKE SHE model are shown in 
Table 6 for the reference period (1981–2010) and changes in the future 
period (2070–2099). The annual precipitation and actual evapotrans-
piration in the historical period both resemble the observations 
(ensemble mean of 1002 mm and 507 mm, respectively), implying that 
sufficient bias correction was done. All models agree on an increase in 
precipitation and actual evapotranspiration in the future period, 
resulting in average rises of 133 mm (13.3%) and 91 mm (17.9%), 
respectively. The groundwater flow (combination of drain flow and 
baseflow) is the dominating inflow component to the streams, however, 
an increase of only 29 mm is found corresponding to about 6% increase. 

Table 5 
Model performance for calibration (2011–2016) and validation period (2017–2018). ME, RMSE, and NSE denote mean error, root mean square error, and Nash- 
Sutcliffe coefficient, respectively.  

Name Unit Calibration period Validation period 

ME RMSE NSE ME RMSE NSE 

Discharge (Q250082) m3s− 1  1.93  –  0.71  1.51  –  0.74 
Evapotranspiration mmday− 1  0.07  1.04  –  − 0.30  1.15  – 
Groundwater head m  − 0.20  2.27  –  − 0.16  2.43  – 
Soil moisture @ 2.5 cm   0.04  0.06  –  0.03  0.06  – 
Soil moisture @ 22.5 cm   0.03  0.06  –  0.02  0.06  – 
Soil moisture @ 52.5 cm   − 0.05  0.12  –  − 0.04  0.13  – 
Soil moisture – cosmic ray   0.03  0.04  –  0.01  0.03  –  

Fig. 4. Measurements and simulations close to the agriculture site (Volund), including (A) soil moisture content from a cosmic ray measurement; (B) soil moisture 
content at a soil depth of 2.5 cm from a soil moisture sensor; (C) evapotranspiration; (D) hydraulic head; and (E) discharge at the outlet station, Q250082. 
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Table 6 
Mean annual water balance components (mm) for the reference period (1981–2010) for different climate models (A–P), and the changes (mm) from reference period to 
future period (2070–2099) shown in brackets ().  

Model Precipitation Evapo-transpiration Overland flow Groundwater 
flow 

Irrigation Total pumping 

A 1001 
(+152) 

500 
(+108) 

19 
(+4) 

476 
(+35) 

32 
(+33) 

37 
(+41) 

B 1023 
(+166) 

511 
(+88) 

19 
(+6) 

484 
(+59) 

35 
(+1) 

39 
(+9) 

C 997 
(+110) 

511 
(+82) 

17 
(+3) 

456 
(+22) 

34 
(+15) 

39 
(+24) 

D 1035 
(+92) 

513 
(+100) 

20 
(+1) 

488 
(− 5) 

34 
(+10) 

38 
(+18) 

E 984 
(+79) 

511 
(+82) 

17 
(-) 

452 
(− 16) 

36 
(+19) 

40 
(+27) 

F 989 
(+51) 

510 
(+51) 

18 
(-) 

454 
(− 11) 

32 
(+28) 

37 
(+36) 

G 999 
(+261) 

514 
(+96) 

17 
(+12) 

454 
(+148) 

31 
(+16) 

35 
(+24) 

H 986 
(+83) 

501 
(+99) 

18 
(-) 

457 
(− 18) 

33 
(+27) 

38 
(+35) 

I 1014 
(+37) 

502 
(+83) 

19 
(-2) 

485 
(− 60) 

36 
(+44) 

40 
(+52) 

J 999 
(+164) 

500 
(+115) 

19 
(+4) 

472 
(+31) 

36 
(+13) 

40 
(+21) 

K 1010 
(+71) 

498 
(+104) 

20 
(-1) 

484 
(− 45) 

37 
(+34) 

42 
(+42) 

L 981 
(+196) 

495 
(+114) 

18 
(+6) 

461 
(+62) 

43 
(+13) 

47 
(+21) 

M 998 
(+190) 

499 
(+105) 

19 
(+6) 

473 
(+64) 

39 
(+17) 

43 
(+25) 

N 1017 
(+123) 

519 
(+63) 

18 
(+4) 

471 
(+46) 

36 
(+15) 

40 
(+23) 

O 1024 
(+180) 

517 
(+80) 

19 
(+7) 

475 
(+84) 

29 
(+18) 

33 
(+26) 

P 979 
(+173) 

512 
(+87) 

16 
(+6) 

445 
(+67) 

31 
(+21) 

35 
(+29) 

Ensemble 
mean 

1002 
(+133) 

507 
(+91) 

18 
(+4) 

468 
(+29) 

35 
(+20) 

39 
(+28)  
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Fig. 5. Monthly distribution of ensemble mean precipitation, actual evapotranspiration, and irrigation in the reference and future period (solid lines). The shaded 
area represents the difference between maximum and minimum among 16 GCM-RCM combinations. The changes in the multi-model ensemble mean from the 
historical period to the future period are shown in the panel to the right. 
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The ensemble mean indicates a potential increase of stream discharge 
with respect to the baseline level. 

The monthly patterns for precipitation, actual evapotranspiration 
and irrigation are different for the reference and future periods (Fig. 5). 
In the future climate, precipitation is higher in winter and spring and 
slightly lower in late summer compared to the historical period. Actual 

evapotranspiration increases for all months in the future projection, 
with the summer season experiencing the largest increments. Overall, 
the uncertainty of projected precipitation is larger than that of actual 
evapotranspiration, which is shown by the greater differences between 
maximum and minimum among the model combinations. 

Irrigation supplements precipitation in order to sustain agricultural 
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Fig. 6. Top two rows: spatial distribution of multi-model ensemble mean of weekly soil moisture deficit index (SMDI) and standardized groundwater depth index 
(SGDI) in the historical and future period, respectively (average condition). Bottom two rows: the lower bound of 99% confidence level (i.e. ensemble mean minus 
three standard deviations) of the two indices in the historical and future period, respectively (extreme condition). The numbers given for the spatial means indicate 
the areal average for the irrigated area, results for the non-irrigated area are shown in brackets (). Black dots in the figures indicate non-irrigated grids. 
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production. The study area is dominated by sandy soils, and irrigation is 
therefore essential for crop development in the growing season. The 
ensemble mean of annual areal irrigation in the historical period is 35 
mm and is expected to increase to 55 mm for the future period corre-
sponding to a relative increase of 59% (Table 6). The irrigation 
requirement is determined by the climatic conditions and the large 
spread of monthly irrigation is mainly related to the uncertainty of 
projecting precipitation and actual evapotranspiration (Fig. 5). 

4.3. Spatiotemporal changes in drought based on indices 

The spatial distributions of the drought indices SMDI and SGDI are 
presented in Fig. 6, showing the ensemble mean of the index based on 
weekly results for the growing season for both the reference and future 
periods. The reference period is the basis of the index statistics and 
definitions of extreme conditions, therefore average conditions (Fig. 6, 
upper row) are expected to approximate 0. For SMDI, a slight tendency 
of smaller soil moisture content is observed in non-irrigated regions 
(indicated by black dots) as reflected by the spatial mean index value of 
− 0.3. This is a result of the formulation of the index and the assumption 
made on the threshold being based on soil type (in non-irrigated grids), 
making room for slight deviations from zero. The results for the SGDI 
index show that in the reference period index values of approximately 
0 are found all over the catchment which is to be expected given the way 
the index has been computed. The same conditions apply for the 
streamflow index, SDI (Fig. 7, upper), were a mean of 0 is found for the 
reference period for the downstream discharge station (Q250082). 

For the future period, slightly stronger drought signals are found in 
almost all non-irrigated grids with a decline in average SMDI to − 0.4. In 
contrast, for the irrigated farmland the dryness index remains un-
changed, which is attributed to the irrigation that counteracts drying out 
of the root zone. In non-irrigated areas the average SGDI increase to 0.3 
due to increasing recharge during winter. The rise in groundwater table 
is less in irrigated areas, since groundwater abstraction for irrigation 
counteracts the rise in recharge, resulting in a SGDI of only 0.1. For the 
SDI (Fig. 7), a smaller intensification of the hydrological drought con-
dition is found under RCP8.5, where the temporal ensemble mean drops 

from 0 to − 0.03. 
To evaluate the extreme conditions by the 99% confidence level, a 

normality test was carried out on the indices. It was found that SGDI and 
SDI indices follow a normal distribution, while in some irrigated grids 
the index series of SMDI is not well-fitted by a normal distribution (not 
shown). To simplify the analysis and to compare the drought signal 
changes across the indices, the approximation that the data are normally 
distributed for all grids and for all three indices are adopted. Thereby, 
approximately 99% of the population will lie within plus or minus three 
standard deviations of the ensemble mean, the lower bound can be 
regarded as an extreme dry condition over the 30-year period. 

The extreme conditions can be seen in Fig. 6 (lower panel), the 
standard deviation of the ensemble mean is estimated for each grid, and 
the spatial pattern of the 99% confidence level is plotted. According to 
the SMDI for the extreme condition, the irrigated area experience less 
extreme conditions compared to the non-irrigated area both for the 
historical and future periods. A reverse pattern is found for SGDI with 
increasing dryness in the agricultural regions caused by increasing 
groundwater abstraction. In the future, both indices indicate that the 
extremes become drier. Larger differences between the two periods are 
found for SGDI in comparison with SMDI, implying that the ground-
water table further drops in extremely dry periods because of the com-
bined effect of increasing demand for groundwater abstraction and 
changing dynamics of precipitation and groundwater recharge. 

The joint impacts of irrigation, precipitation, and groundwater 
recharge would also fluctuate the streamflow volumes that the SDI series 
(Fig. 7) shows that 99% confidence interval enlarge from 0 ± 2.94 in the 
reference period to − 0.03 ± 3.96 in the future period, implying that the 
study area would experience severer drought condition in the extremely 
dry week. Interesting that especially in the second half of the 30-year 
period, within the irrigation period the SDI series starts higher (prob-
ably due to higher winter precipitation and/or groundwater recharge) 
and has a steeper decline towards dry conditions. This pattern seems 
more pronounced in the future period. 

To further elucidate the development of agricultural and hydrolog-
ical droughts in the study area, the percentages of drought periods at 
each severity level are listed in Table 7. Overall, the three indices agree 
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that droughts prevail in more than half of the growing and irrigation 
season in the Ahlergaarde catchment during the historical period with 
mild drought being the most dominant condition. According to SMDI 
and SDI, the total number of weeks with drought will increase in the 
future by approximately 2.3% and 1.8%, respectively, in terms of per-
centage points, corresponding to an increase in the number of dry weeks 
by about 0.3 and 0.4 weeks during a year, respectively. On the other 
hand, SGDI shows a reduction in the period with drought by 5.2% 
(percentage point) when compared to the 1981 – 2010 reference level. 
Although the frequency of extreme drought is the smallest, the relative 
change between the two periods is the largest for this category. For 
example, SMDI indicates that the number of extremely dry weeks ac-
counts for 1.2% in the future, which is about three times higher than for 
the reference period. Moreover, all indices produce consistent results on 
the increase of extreme and severe droughts. In contrast, mild droughts 
are projected to decrease in the future, implying that the driest condi-
tions become drier, the less dry become wetter. The increasing dryness 
in the catchment is also evident by comparing the accumulated distri-
bution of the multi-model ensemble between the two periods (Fig. 8). 
Here, the three indices all show a shift to the left for the future accu-
mulated distributions in comparison with the historical ones. 

4.4. Uncertainty analysis of drought index 

As the climate conditions and droughts are projected differently, it is 
important to quantify the uncertainties arising from the climate models 
to assess the ensemble-based predictions of climate change and the 
corresponding hydro-climatological impacts. Overall, three general 
patterns are identified. Firstly, SMDI, SGDI and SDI all show a relatively 
small uncertainty for the ensemble mean in the historical scenario 
(Fig. 8), which might be attributed to a satisfactory bias-correction. 
More variation is seen in the future under RCP8.5 because of the com-
bined effects of scenario uncertainty, internal climate variability and 
inter-model differences (Figs. 7 and 9). Secondly, the variation in SGDI 
and SDI is considerably larger when compared to the uncertainty in 
SMDI, which can be seen in the accumulated distribution curves (Fig. 8) 
and in the maps showing spatial uncertainty (standard deviation and 
model agreement) as shown in Fig. 9. Soil moisture content (SMDI) is 
jointly determined by the climatic conditions and irrigation within the 
growing season. The depth to the water table (SGDI) is additionally 
dependent on recharge, which is largely controlled by wintertime pre-
cipitation; this also governs the amount of baseflow reaching the river 
(SDI). This additional factor may boost uncertainties in the simulations. 
Also, irrigation would mitigate drought in SMDI by minimizing the 
fluctuation of moisture content in the root zone. In turn, it would 
intensify the drying effect in SGDI by increasing groundwater abstrac-
tion. Thirdly, the two spatial indices (SMDI/SGDI) also agree that the 
uncertainty in the irrigated grids is smaller in comparison to the non- 
irrigated grids. 

5. Discussion 

The discussion is organized into four sections. First, projected cli-
matic and hydrological changes are compared to reference period and 
other studies. Then a discussion of the obtained drought indices is pre-
sented and finally results from analysis of climate model uncertainty is 
discussed. 

Table 7 
The multi-model ensemble mean of drought occurrence (%) in the reference 
period (1981–2010) and future period (2070–2099), respectively.   

Period SMDI SGDI SDI 

Extreme drought 1981–2010  0.4  2.0  2.1 
2070–2099  1.2  4.6  5.8 

Severe drought 1981–2010  3.9  4.2  4.2 
2070–2099  6.2  5.1  6.4 

Moderate drought 1981–2010  16.7  9.1  9.1 
2070–2099  18.4  8.4  10.2 

Mild drought 1981–2010  33.2  34.7  34.6 
2070–2099  30.7  26.7  29.4 

Total 1981–2010  54.2  50.0  50.0 
2070–2099  56.5  44.8  51.8  
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5.1. Climate and hydrology in the catchment: Present versus future 

The bias-corrected results from the CORDEX climate model ensemble 
are characterized by an increase in annual precipitation and evapo-
transpiration for the investigated area under RCP8.5. Although the di-
rection of the monthly changes is not the same for all models, they all 
agree on higher precipitation during winter and higher evapotranspi-
ration during summer (Fig. 5). These patterns of changes in winter 
precipitation and summer evapotranspiration correspond well with 
other climate change studies for Denmark (e.g. Karlsson et al., 2016, 
2015; Seaby et al., 2013). 

The projections were then applied to the calibrated hydrological 
model to evaluate the changes of hydrological and agricultural drought 
in Ahlergaarde catchment. The model water balance, focusing on the 
defined growing season, shows that the overall increase in simulated 
actual evapotranspiration and the changes in projected precipitation of 
the ensemble members could potentially produce an overall drier 
environmental condition during 2070–2099. The risk of drought is also 
evident from the increasing pumping and irrigation in the catchment. An 
increase in irrigation indirectly indicates soil moisture shortage in the 
cultivated land in terms of either frequency, intensity, or both, which is 
associated with the weekly climate conditions, soil characteristics and 
vegetation demand. The drier conditions during the growing season, 
together with the increasing demands for irrigation is expected to 
impact the groundwater levels negatively and the volume of water 
entering the river is therefore reduced during this season. Note that a 
small tendency of overestimating the low flows during the summertime 
in the calibration period (Fig. 4E) may imply that the drought conditions 
associated with streamflow would be more severe in both historical and 
future periods, but the hydrological model, in general, can replicate the 
dynamics of river flows in historical times. Furthermore, the exceptional 
diverse dataset in the area, has made it possible to verify the model on 
actual soil and evaporation conditions, strengthening the credibility of 

applying the model results for multifactor drought analysis. 

5.2. Intensified and frequent drought under RCP8.5 

As implied by the water balance results, the multi-model ensemble 
mean (equi-feasible approach), extreme conditions and the number of 
occurrences (particularly for extremely and severely dry weeks) for all 
indices suggest increasing dryness in the future period, with the 
exception of the ensemble mean of SGDI. A wetter than normal condi-
tion in the ensemble of SGDI under RCP8.5 indicates that the average 
weekly groundwater table is expected to rise. The reason for this is 
probably caused by the large increases in rainfall and recharge during 
winter (Fig. 5), resulting in higher groundwater levels at the beginning 
of growing season. However, the monthly distribution of precipitation 
over the 30-year period may overlook the weekly changes in the 
extremely dry years and may not explain the weekly changes in indices. 
Moreover, groundwater levels not only reflect the precipitation impacts, 
but are also affected by the local and regional saturated flow and 
recharge processes. 

The SMDI index shows that the non-irrigated area becomes drier 
than the irrigated area, whereas the SGDI index shows the opposite 
pattern (Fig. 6). On one hand, irrigation will keep the soil moisture 
content at a relatively stable level by minimizing the fluctuations, 
whereas the soil moisture in the non-agricultural grids will gradually 
decline for extended dry conditions. On the other hand, while irrigation 
effectively mitigates drought at the surface, it is at the cost of lowering 
the groundwater level. As a result, the water table will be located at 
larger depths especially in the agricultural grids. Under the extremely 
dry conditions, an even larger divergence of drought responses between 
the two regions is found (Fig. 6, bottom rows). This linkage and impli-
cation have, to the knowledge, not been investigated before and it calls 
for more attention on whether increasing winter precipitation and 
recharge can balance a drying growing season and the accompanying 
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irrigation needs. 
Furthermore, it is also seen that the current pumping scheme for 

irrigation may not be able to cope entirely with the drought during 
extremely dry weeks, as a more negative SMDI is detected. Therefore, 
further investigations of irrigation and pumping regulation should be 
done to achieve the balance between drought mitigation by irrigation 
and groundwater resource management. Moreover, the increasing dry-
ness would potentially reduce crop production, and it would therefore 
be desirable to link the drought projection with crop yield change to 
further investigate the climate impact on agriculture. 

5.3. Model ensemble, uncertainty, and climate change 

Uncertainty analysis is an important topic in the climate study and 
impact assessment, several examples for hydroclimatic variables can be 
found (e.g. Hawkins and Sutton, 2011; Karlsson et al., 2016; Li et al., 
2016). In this study, model agreement in conjunction with the standard 
deviation of the ensemble mean are used to quantify model uncertainty 
based on the drought index rather than the corresponding hydroclimatic 
variable(s). Various GCM-RCM model combinations generate different 
results for the same basin, and the standard deviation of the ensemble 
and model agreement vary considerably for different areas and/or for 
different drought indices. Therefore, it is necessary to analyze and 
interpret these results carefully. 

The hydrological model is calibrated and validated on present 
climate conditions, and gives a consistent accumulated drought distri-
bution with a narrow model spread among the 16 model combinations 
in the reference period (Fig. 8). This suggest that the climate model bias 
correction on precipitation, temperature and evapotranspiration is suf-
ficient for describing drought conditions. Compared with the soil 
moisture content (SMDI), future simulation of changes in groundwater 
levels (SGDI) and streamflow (SDI) is more uncertain, given that a larger 
standard deviation of the ensemble and a lower model agreement 
(Figs. 7 and 9). The response of the groundwater system to droughts can 
significantly differ from the meteorological drivers (e.g. precipitation) 
because of the hydrogeological properties of the catchment for water 
exchange, which may diminish or magnify atmospheric drought signals. 
These varying responses to dryness signals are also pronounced in hy-
drological anomalies (e.g. streamflow volumes, SDI). 

A remarkable difference is demonstrated between irrigated and non- 
irrigated areas. The indices agree that the projected changes are more 
consistent among ensemble members in the cultivated area. The reason 
behind this is that the anthropogenically forced impacts (i.e. irrigation) 
are likely to be dominating in comparison with other factors, such as 
internal variability, under the given emission scenario. 

5.4. Model assumptions and limitations 

This study assumes that the relative distribution of crop types within 
all land use-soil combination is preserved in the MIKE SHE setup for the 
future scenarios. The study hereby neglects any land use changes on soil 
moisture content and irrigation that could be implemented in the future 
and that would alter the existing ecosystem and hydrological balance. 
Land use changes could be expected to mitigate the drying of the agri-
cultural fields and the irrigation demand, as farmers will adapt to 
different climate conditions by changing rotation schemes and crops, for 
instance. The effect of this would probably be a lessening of soil moisture 
drought and irrigation demand. Besides, the model is calibrated and 
validated in the period of 2011–2016 and 2017–2018, respectively, due 
to the limited available historical data, which is slightly shorter than the 
recommended data series length of eight years in order to estimate 
performance and optimal parameters of hydrological model (Li et al., 
2010). However, the calibration years represent the normal hydrological 
characteristics of the catchment and the associated inter-annual vari-
ability of the climatic conditions. Thus, the time period appears appro-
priate for this study focusing on the changes in dry conditions relative to 

the normal conditions. 
SMDI is usually used as an indicator of short-term drought (e.g. on a 

weekly basis) whereas SGDI and SDI are considered for medium- to long- 
term drought (e.g. on a monthly basis). In this study, the three indexes 
are calculated on a weekly timescale for easier comparison and evalu-
ation across indices. It is difficult to identify the major significant 
drought events on the weekly basis, because of the successive alterna-
tions of drying and wetting (e.g. Fig. 7), and it is normal to combine 
minor drought events by applying a smoothing window. However, as the 
focus of the study is the projected change of drought with respect to the 
reference level (e.g. intensity and frequency changes in a spatial context) 
rather than the identification of the timing of drought, a weekly time-
scale is deemed appropriate. 

The drought indices are used to illustrate the projected changes of 
dryness over the catchment toward the end of the 21st century by 
employing outputs from 16 climate model combinations. The uncer-
tainty sources investigated in the study only include uncertainties 
arising from the climate model as the study is based only on one hy-
drological model, one emission scenario and one downscaling approach. 
Climate model uncertainties (especially from the GCM) have previously 
been shown to dominate the uncertainties in impact assessments (e.g. 
Minville et al., 2008; Refsgaard et al., 2016). However, studies have also 
shown that other sources of uncertainties may be important (e.g. Bri-
gode et al., 2013; Teutschbein and Seibert, 2013; Vansteenkiste et al., 
2014), especially when investigating extremes (e.g. Karlsson et al. 
2016). Investigating additional sources of uncertainty are however 
beyond the scope of this study. However, additional uncertainties would 
have to be added to future projections potentially resulting in a wider 
spread in model results (Fig. 8). 

6. Conclusion 

This study is carried out to investigate the potential changes in 
drought indices, including soil moisture deficit index (SMDI), stan-
dardized groundwater depth index (SGDI), and streamflow drought 
index (SDI), across the Ahlergaarde catchment during 2070–2099 rela-
tive to 1981–2010 using projections from the ensemble of 16 GCM-RCM 
climate model combinations as input to the MIKE SHE model. Modelling 
results are used to analyze the spatiotemporal changes in droughts 
conditions and the contributions of climate models to the uncertainties 
with consideration of model agreement and standard deviation is 
examined. The key findings of this work are: 

• Multi-model ensemble mean of precipitation and actual evapo-
transpiration increase by 133 mm (13.3%) and 91 mm (17.9%) from 
the historical to the future period, respectively. Precipitation in-
creases are mainly found in wintertime, while the increases in actual 
evapotranspiration are predominantly realized in summertime.  

• All three drought indices agree that future climate conditions would 
result in increased risks of drought throughout the study area to-
wards the end of the century, in terms of both intensity and fre-
quency. According to the SMDI, SGDI, and SDI, the number of 
extremely dry weeks in the future period account for 1.2%, 4.6%, 
and 5.8% of the weeks, respectively, which is more than twice that of 
the reference period. Meanwhile, the occurrence of mild drought 
events is expected to decline by 2.5%, 8.0%, and 5.2% (percentage 
point), respectively, in the future.  

• Irrigation in the cultivated areas effectively mitigates drought at the 
cost of lowering the groundwater level in both reference and future 
periods, leading to higher SMDI values and lower SGDI values in 
irrigated grids. The differences between the irrigated and non- 
irrigated areas are especially pronounced during extreme dry 
conditions.  

• As a result of anthropogenic impacts, SMDI and SGDI both show 
more consistent future drought conditions at irrigated locations 
when comparing to the non-cultivated areas. Lower model 
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agreements (larger standard variations) of the simulated ground-
water level are also found because of the additional irrigation 
uncertainty. 

Altogether, the root zone of the study area is expected to be drier 
during summertime under RCP8.5, implying that the Ahlergaarde 
catchment may face greater threats from extreme drought and related 
hazards (e.g., crop productivity reduction and water scarcity). Further 
work is needed to establish if increasing winter recharge is sufficient to 
replenish groundwater reservoirs during the projected increasing irri-
gation demand. 

This work demonstrates the importance of evaluating multiple 
drought types in order to properly assess the linkages and implications of 
the different hydrological components. The study also demonstrates the 
necessity for evaluating the uncertainty of climate models in drought 
impact assessments, as it may be substantial. These analyses may sup-
port decision-making processes on drought mitigation and adaptation 
and, at the same time, provide important information to account for 
uncertainties in projections. If investigations can further be linked to 
crop rotations and crop type alterations, the results can be used for 
guiding farmer efforts to cope with a future climate. 

There is furthermore a general need for exploring the uncertainty 
associated with other sources (e.g. hydrological models and down-
scaling approaches). Separating the contribution of different sources of 
uncertainty will be helpful to enhance the understanding of uncertainty 
linked to future climate. 
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