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Abstract TheWeather Research andForecasting (WRF)model has beenused to show thebenefits provided
bydownscaled fields to detect and analyzewet anddry periods over a regionwith highprecipitation variability
such as Spain. We have analyzed the spatiotemporal behavior of two widely used drought indices: the
Standardized Precipitation Index (SPI) and the Standardized Precipitation Evapotranspiration Index (SPEI),
computed at 3 and 12month time scales, which provide important information in an agricultural and
water-resource context. These two indices were computed from WRF outputs and compared with those
calculated from observational (monthly precipitation and temperature databases of Spain, MOPREDAS and
MOTEDAS) and from the European Centre for Medium-Range Weather Forecasts Interim Re-Analysis
(ERA-Interim) data sets. This evaluation was made by using a regional scale and a multistep regionalization
method and by comparison of individual grid points. In general, results indicate that the drought indices
obtained by using WRF outputs provide a noticeable improvement regarding those computed by using
ERA-Interim, higher at longer time scales. Although results show no significant differences between drought
indices analyzed, the improvement offered by WRF is greater for SPI than for SPEI. In terms of averaged
duration, magnitude, and severity of drought, the benefits provided by WRF are not so evident, presenting
better agreement with the observational data at 12month time scale, being clearer for the intensity. These
findings evidence thebenefit of usingWRFclimatefields tomonitor, analyze, anddetect drought events, being
a valuable source of knowledge for a suitable decision making, especially for water-resource management.

1. Introduction

The increase in drought episodes is one of the most threatening natural hazards related to climate change
[Sheffield and Wood, 2008]. The drought phenomenon, which is characterized mainly by being a period with
scarce precipitation, causes serious economic, social, and environmental impact with tremendous losses,
especially in vulnerable areas such as the Mediterranean region [Christensen et al., 2007; Lindner et al.,
2010]. In recent years, theMediterranean region has undergone severe drought events, a clear instance being
the drought of 2005 [Kennedy et al., 2006], which was particularly strong in Spain and Portugal [García-Herrera
et al., 2007]. The hazard of an increase in the frequency and severity of these extreme events due to climate
change in regions such as the Mediterranean [Blenkinsop and Fowler, 2007; Sánchez et al., 2011] makes it
necessary to evaluate the future potential impact related to droughts in order to design mitigation and
adaptation strategies and thereby reduce their effects on the population.

To define drought phenomena, different indices have been developed in recent years, which allow the
quantification of wet and dry periods. No single index performs better than others, so for an adequate
election of this, it is important to consider several aspects such as the ability to capture the spatiotemporal
characteristics of droughts in the study region [PaiMazumder and Done, 2014] and the main features of the
drought index (e.g., calculation procedure, input variables, advantages, and weakness). The Standardized
Precipitation Index (SPI) [McKee et al., 1993] is recommended by the World Meteorological Organization,
due to its simplicity, robustness, easy interpretation, and especially for its multiscalar character. This last char-
acteristic is essential to detect different drought types and their impacts [Guttman, 1998; Vicente-Serrano
et al., 2010; Beguería et al., 2014]. Additionally, the SPI has the advantage of being comparable across regions
with markedly different climates, thus being very useful to detect, monitor, and analyze droughts in different
regions of the world. Nevertheless, the SPI only uses precipitation data to detect drought events. By contrast,
the Palmer Drought Severity Index (PDSI) [Palmer, 1965] is one of the most widely applied drought indices
[Mishra and Singh, 2010], which is mainly used to monitor long-term droughts. The PDSI considers the effects
of the temperature throughout reference evapotranspiration, so it is more suitable than the SPI in a context of
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global warming. Nonetheless, the PDSI is spatially incomparable, complicated to calculate and to understand,
and temporally invariable (i.e., it has no multiscalar properties) [Guttman, 1998]. Another index, the
Standardized Precipitation Evapotranspiration Index (SPEI) [Vicente-Serrano et al., 2010], is a relatively new
index which has been already used in a large number of climatological, hydrological, and ecological studies
[Yu et al., 2014;Meque and Abiodun, 2015; Kim et al., 2016;Wang et al., 2016] because it combines the benefit
of using the reference evapotranspiration, like the PDSI, with the simplicity, robustness, and the multiscalar
properties of the SPI [Vicente-Serrano et al., 2010, 2011c, 2014b].

The study of future drought events requires the use of global climate models (GCMs) [Burke et al., 2006;Wang,
2005]. However, due to their coarse resolution, GCMs are unable to capture the regional behavior of the
droughts in areas with high precipitation variability such as Mediterranean region [Vicente-Serrano et al.,
2004]. This problem could be solved by the application of regional climate models (RCMs) to capture the
different processes related to drought episodes at a finer scale. Nevertheless, RCM simulations also present
difficulties because of the sources of uncertainty caused by different aspects such as the internal variability
of the regional model, the different possibilities of the configuration (e.g., parameterization schemes or
dynamic parameters), the nesting procedure used, and also factors related to errors inherited from the initial
and boundary conditions [PaiMazumder and Done, 2014]. Therefore, prior to the use of an RCM for climate-
change studies, it is essential to evaluate the ability of the RCM to capture regional climate characteristics in
order to analyze whether the RCM provides an improvement over the driving data. In this context, Argüeso
et al. [2012a] demonstrated the ability of the Weather Research and Forecasting (WRF) model to capture the
frequency and the main spatial patterns of rainfall in Spain, which is the most important variable related to
drought events. Regarding temperature,which is another keyvariable fordroughts,Gonçalves et al. [2014]have
also shown the improvements provided by the dynamical downscaling based onWRF in terms of this variable
in this topographically complex region.

For other areas, drought-simulation studies have already been conducted, and the benefit of using RCMs for
this has been confirmed. PaiMazumder and Done [2014] assessed the ability of an ensemble of Canadian
Regional Climate Model to simulate long-term drought episodes over different watersheds located in
Canada. This evaluation was performed in terms of severity, frequency, and duration of droughts based on
the self-calibrated Palmer Drought Severity Index (PDSI) and the Drought Severity Index (DSI). The results
suggested that the models have problems in capturing these observed drought characteristics. Maule et al.
[2013] evaluated the precipitation deficit of a set of simulations from the project ENSEMBLES over Europe
in terms of two drought indices, the SPI and the PDSI. They found that, in general, the models suitably capture
the most severe dry episodes. However, they also observed that, in geographically complex regions, several
models perform poorly when the precipitation is very scarce. Bowden et al. [2016] showed the added value
provided by downscaled fields in order to detect drought events by using the SPI index, at different time
scales over the contiguous United States. That study revealed that the improvement provided by WRF with
respect to the driving data is higher at longer time scales. Barrera-Escoda et al. [2014] also assessed the ability
of the WRF model to reproduce extreme values of precipitation and temperature for a period between 1971
and 2000 over the northwestern Mediterranean Basin (covering only the northwestern part of Spain and
southern France) by using 12month SPEI. In this way, they determined the occurrence of dry and wet periods,
finding good agreement with respect to observations in the temporal series of SPEI with a high temporal
correlation (r= 0.61).

Based on the above, the main goal of this study is to ascertain the improvement provided by the WRF model
as RCM to detect dry and wet periods in terms of drought indices for Spain, a topographically complex area.
First, this study evaluates the method proposed by Bowden et al. [2016] over Spain in terms of drought
indices. This method is based on the comparison between the temporal series of drought indices computed
from the WRF outputs and driving data regarding those obtained from the observational data set, in terms of
different parameters such as the temporal correlation coefficients or other metrics. For that, two drought
indices have been used: an index only based on precipitation data, the SPI, and another one that also takes
into account temperature data, the SPEI. In this study, the selection of drought indices was based on twomain
aspects: the spatial comparability and themultiscalar properties of these indices, which allows analyzing prop-
erly agricultural andhydrological droughts. Furthermore, the only difference between the twodrought indices
is the consideration of the temperature, so the comparison between them enables an appropriate analysis of
the simulated temperature effects ondrought events. Authors such asVicente-Serrano et al. [2014b] proved the
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suitability of using the SPEI and SPI in order to detect drought phenomena in Spain. Additionally, in this study,
theWRF’s capability to simulate important drought characteristics such as themagnitude, the severity, and the
duration of drought has been also evaluated. Comparing results in terms of drought characteristics, for both
indices at different time scales, improves the understanding about the WRF behavior to detect these
extreme events. We describe the WRF setup applied, the data, and the statistical drought-evaluation method
used to prove the added value of the WRF model in section 2. Section 3 presents the results by using a
regional approach, with comparisons directly to grip points. Finally, in section 4, we conclude and discuss
the results found.

2. Methods
2.1. The WRF Model Configuration

The Weather Research and Forecasting model with the Advanced Research WRF dynamic core, WRF-ARW
[Skamarock et al., 2008] version 3.6.1, has been used to perform regional climate simulations. WRF is a mesos-
cale numerical weather-prediction system that has been widely applied as regional climate model (RCM) to
simulate present and future climate in terms of different variables [Boulard et al., 2016; Kala et al., 2015;
Argüeso et al., 2012a, 2012b].

In the present study, the model configuration (Figure 1a) consists of two one-way nested domains: the
coarser domain (d01), which corresponds to the European Coordinated Regional Climate Downscaling
Experiment (EURO-CORDEX) region [Giorgi et al., 2009; Jacob et al., 2014], encompassing the entire
European Union on a 120× 130 rotated latitude-longitude grid with a horizontal resolution of 0.44° (about
50 km), and the nested domain (d02), with a 221× 221 grid centered over the Iberian Peninsula at a horizontal
resolution of 0.088° (~10 km). In the vertical, both domains were composed of 41 levels with the topset to
10 hPa. The study period spanned from January 1979 until November 2010, which was divided into three
10 year continuous runs, in order to optimize the computational resources [Pan et al., 1999]. For each 10 year
simulation, the first 11months were considered as the spin-up of the model in order to avoid imbalances
between external forcing and internal dynamics [Hamdi et al., 2014]. As this study is focused onhigh-resolution
climate fields, only the nested domain solutions were assessed.

WRF has been driven by the ERA-Interim reanalysis data set [Berrisford et al., 2011; Dee et al., 2011] (hereafter
referred as ERA) every 6 h at a 0.75° horizontal resolution and 37 vertical pressure levels (from 1000 to 1 hPa).
To avoid inconsistencies along boundaries, we applied a spectral nudging (SN) technique [Waldron et al.,
1996; von Storch et al., 2000; Miguez-Macho et al., 2004]. All simulations were nudged with wave numbers
of 10 and 11 in the x and y directions, respectively, which means to adjust only waves above 600 km and used
only in the coarser domain and above the planetary boundary layer (PBL) in order to allow the RCM to
perform its own internal dynamic in the finer resolution domain [Pérez et al., 2014; Heikkilä et al., 2011].
The SN was applied for winds, temperature, and geopotential height. However, this SN technique was not
applied for humidity, avoiding errors associated to the competition with the convective scheme [Argüeso
et al., 2012a].

The parameterization schemes were chosen in accordance with a previous test performed in this region
[García-Valdecasas-Ojeda et al., 2015], which suggested that a reliable set of physics schemes includes asym-
metric convective model version 2 [Pleim, 2007] for the PBL, Betts-Miller-Janjic [Betts and Miller, 1986; Janjic,
1990, 1994] for cumulus, and theWRF single-moment three-class schemes [Hong et al., 2004] formicrophysics.
On theother hand, theNoah land-surfacemodel [ChenandDudhia, 2001] schemewas chosen as a land-surface
model, since it is awidely accepted scheme in climate simulations, and the Community AtmosphereModel 3.0
[Collins et al., 2004] was used for both long-wave and short-wave radiation schemes with the aim of updating
the atmospheric concentrations of greenhouse gases. The suitability of this set of physic schemes over Spain
was corroborated by authors such as Argüeso et al. [2011], who carried out a WRF sensitivity study in a similar
region and later confirmed that it was adequate to perform high-resolution projections of mean and extreme
precipitation over Spain [Argüeso et al., 2012b].

The daily accumulated precipitation was stored at 0700 UTC every day in order to compare the WRF outputs
with the observations. Surface-temperature extremes (maximum and minimum temperatures) were deter-
mined by using the CLimate WRF module [Fita et al., 2010] and stored daily.

Journal of Geophysical Research: Atmospheres 10.1002/2016JD025683

GARCÍA-VALDECASAS OJEDA ET AL. WRF CAPABILITY TO DETECT DROUGHT 1571

 21698996, 2017, 3, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1002/2016JD

025683 by R
eadcube (L

abtiva Inc.), W
iley O

nline L
ibrary on [27/01/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



2.2. Drought Indices: The SPI and the SPEI

This study evaluates the capability of WRF to simulate wet and dry periods by using two different drought
indices, the SPI and the SPEI. Both indices have the same calculation procedure with the difference that
SPEI uses a “climatic water balance” instead of precipitation data, that is, the difference between accumulated
precipitation and reference evapotranspiration (ET0). Therefore, a critical step to determine the SPEI is to
choose a suitable method to compute the ET0. To calculate the ET0, we chose the modified Hargreaves
equation (HG-PP) [Droogers and Allen, 2002]. The HG-PP corrects the ET0 calculated from the Hargreaves equa-
tionbasedon thehypothesis that themonthly accumulatedprecipitation value can change thehumidity levels
[Vicente-Serrano et al., 2014a]. Using the HG-PP, we obtain similar results to those provided of the Penman-
Monteith equation [Allen et al., 1998], which is the method adopted and recommended by the Food and
Agriculture Organization to approximate this parameter, with the advantage that it requires only precipitation
and maximum and minimum temperatures [Beguería et al., 2014]. Furthermore, the HG-PP model provides
good agreement in order to compute the ET0 in Spain [Vicente-Serrano et al., 2014b].

In this study, the SPEI R package [Beguería and Vicente-Serrano, 2013] was used to compute the SPEI and SPI
indices. The SPEI R package applies the method provided by Vicente-Serrano et al. [2010], which is based on
the fit to a statistical distribution of the aggregated values of precipitation and climate water balance for SPI
and SPEI, respectively, at different time scales. These original values are then transformed to a normal distri-
bution that enables a comparison in space and time. Due to the response of different systems, such as the
hydrological or agricultural system, the result depends on the time scales used. Thereby, we computed these
indices at two different time scales: the 3month time scale, which allows the study of episodes related to agri-
cultural droughts since it is suitable to analyze variations in the soil moisture content available for vegetation
[Sims et al., 2002; Santos et al., 2010], and the 12month time scale in order to detect hydrological droughts
and its effects in river streamflows and water resources [Vicente-Serrano, 2006]. Additionally, for comparative
purposes, drought indices were fitted to a log-logistic probability distribution by using the maximum-
likelihood method. This ensures that the differences between the two indices were related to the tempera-
ture effects and not to the probability distribution used [Vicente-Serrano et al., 2011a].

2.3. Regionalization of Observational Drought Indices

Drought indices computed by using WRF output fields were compared against those from observational
databases. For that, we used the gridded data set from monthly precipitation database of Spain
(MOPREDAS) [González-Hidalgo et al., 2011] for precipitation and monthly temperature database of Spain

Figure 1. (a) Domain of the study: the 0.44 EURO-CORDEX domain (d01) as coarser domain and an inner domain (d02) centered over the Iberian Peninsula with a
horizontal resolution of 0.088°. (b) Main topographical features of Spain.
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(MOTEDAS) [González-Hidalgo et al., 2015] for maximum and minimum temperatures (hereafter jointly
referred to as mprmt). Both databases were developed by using quality-controlled series from the Spanish
Meteorological Agency (Agencia Estatal de Meteorología) stations (2670 for precipitation and 1358 for
temperature) providing a high-resolution monthly 0.1° regularly gridded data set that covers peninsular
Spain for the period of 1950–2010.

To facilitate the comparison in terms of the spatiotemporal evolution of wet and dry periods, we grouped the
observational gridded data by using a multistep regionalization procedure. For this reason, we employed a
regionalization technique following the procedure suggested in Argüeso et al. [2011], the first step being the
computationof themonthly observational SPEI series. In thisway, the SPEI serieswere established for theentire
period (1950–2010) at 3 and12month time scales. Then, a principal component analysis in Smode [Wilks, 2006]
was applied to the SPEI anomalies by using the covariancematrix in order to reduce redundant information by
retainingtheprincipalmodesofvariability [Fovell, 1997].Theprincipalcomponentsretainedwererotated, redis-
tributing the explained variance and increasing the spatial coherence by using the Varimax [Richman, 1986]
method.For this, thenumberofcomponents thatexplainedaminimumofabout80%of the temporal variability
[Russoetal., 2015]of theSPEIwas selected.Rotated factor loadingswereusedtoapplyanagglomerativecluster-
inganalysis (CA)methodsoas to set thenumberof clusters andobtain thestarting seeds. In this step, the square
Euclideandistancewas selected as ameasurement of similarity and the average linkage algorithmas amethod
to group each object into a cluster. The optimal number of clusters was determined by using the pseudo F test
[Calinski andHarabasz, 1974]. Finally, a nonhierarchical k-meansCAwasused inorder to identify themost suita-
ble regions because k-means algorithm checks each of the cluster members and reallocates the grid points
according to the spatial coherence. Thus, a k-means CA was performed by using the same number of clusters
and the spatial average of the SPEI series for each region indicated by the agglomerative CA as initial centroids.

2.4. Statistical Evaluation

To evaluate the capacity of WRF to detect dry and wet periods, the results of computing drought indices at
regionalized scale and directly comparing grid points were analyzed. Thus, the drought indices from WRF
outputs using ERA as the boundary conditions (hereafter jointly referred to asWRFERA) and frommprmt were
computed. The ERA data set was also used for evaluating the added value that the dynamical downscaling
offers with respect to the driving data. All indices were calculated for the period of 1 December 1979 to 30
November 2010, using the monthly average of maximum and minimum temperatures and accumulated
precipitation. Because each database has a different horizontal resolution, the ERA and WRFERA data sets
were previously regridded to an mprmt 0.1° regular grid by using a bilinear interpolation, in order to make
the different drought indices comparable.
2.4.1. Regional Analysis
In a regional context, the SPEI and SPI series for each grid point were grouped by using the regions of
reference obtained in the regionalization technique, and then, the temporal series for each region were
established as the simple average of all grid points in this region. Thus, we quantify the benefit of using
WRF output by comparing the temporal evolution of WRFERA and ERA series with respect to those computed
with the observed data by using the temporal correlation coefficients. The difference between WRFERA and
ERA correlation coefficients has been also used to quantify the benefit that provides the downscaled fields for
both indices and time scales in all regions.
2.4.2. Local Analysis
To analyze the benefit gained by using downscaled fields in more detail, we also calculated different para-
meters directly by comparisons of grid point to grid point since the results obtained at regional scale by using
averaged temporal evolution of drought indices could mask effects related to local droughts.
2.4.2.1. Local Evaluation of Dry and Wet Episodes Using Drought Indices
For the reason mentioned above, we calculated different statistics for SPEI and SPI series at the two different
time scales. First, the root-mean-square errors (RMSEs) between WRFERA and mprmt as well as between ERA
and mprmt over every grid points were calculated. Thus, we quantify the model ability to capture the
temporal variability of droughts.

In terms of spatial variability, the procedure detailed in Wang et al. [2015] was applied, which is based on
calculating the Pearson correlation coefficients at different spatial intervals along longitude and latitude.
The spatial correlation coefficient is calculated by
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rL;I;s1;s2 ¼

Xn
i¼1

xi;L;I � xL;I
� �

xi;Lþs1 ;Iþs2 � xLþs1;Iþs2

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
i¼1

xi;L;I � xL;I
� �2s ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1

xi;Lþs1;Iþs2 � xLþs1;Iþs2

� �2s (1)

where x corresponds to drought index values for every i month with coordinates (L, I) in latitude and longi-
tude, respectively, s1 is the south-to-north interval, and s2 is the west-to-east interval. Thereby, we have cal-
culated spatial correlations fromWRFERA, ERA, and mprmt by using a lag of 0.4°, and then, the added value is
assessed by direct comparison of the differences betweenWRFERA-mprmt and ERA-mprmt. This analysis pro-
vides information of the spatial behavior of the WRF model, and therefore, the added value of using high-
resolution fields to compute drought indices over topographically complex regions.

To quantify the added value provided by downscaling techniques by using a categorical point of view, the
Critical Success Index (CSI) [Kang et al., 2005] was also analyzed. The CSI measures whether the model is able
to capture dry and wet episodes above a certain threshold. The CSI was calculated by following the procedure
carried out by Bowden et al. [2016], who calculated the CSI for events with SPI above 1 and below �1, which
are known as exceedances. The CSI is defined as

CSI %ð Þ ¼ TP
TPþ FPþ FN

�100 (2)

where TP are the exceedances given by ERA or WRFERA and corroborated by mprmt (true positives), FP are
the ones found by using ERA and WRFERA that are not corroborated by mprmt (false positives), and FN
are the noncaptured ERA and WRFERA exceedances that occurred (false negatives). As our goal is to determi-
nate the WRF ability to characterize moderate-to-extreme wet and dry periods, the analysis was performed
jointly for events with a drought index above 1 and below �1. The difference between the CSI calculated
from WRFERA and ERA drought indices with respect to mprmt is another way to evaluate the added value
provided by downscaled fields. To determine the statistical significance of the CSI difference, the two-
proportion z-test [Yang et al., 2015] was applied, which consists of a significance test whose null hypothesis
supposes that there is no difference between the CSI based on modeled data and those calculated by using
observations. This test was used at the 95% confidence level.
2.4.2.2. Local Evaluation of Drought Characteristics: Duration, Magnitude, and Severity
A study on the potential capacity of the WRF model to provide suitable predictions of future drought epi-
sodes was also performed by using different characteristics such as the duration, the magnitude, and the
severity of individual drought events. Thus, we defined a dry episode when the values of the SPEI and SPI
were below 0 [Vicente-Serrano et al., 2011a]. Therefore, the duration, severity, and magnitude series of indivi-
dual drought events can be computed, understanding the duration as number of consecutive months with
negative index values, the severity as the maximum SPEI or SPI value of each episode, and the magnitude as
the sum of the drought values for each episode.

We evaluated the ability of WRF and the driving data to capture drought characteristics by using the temporal
average of the duration, severity, and magnitude for the entire study period, for both indices and time scales.
The comparison between modeled and observed data was used to evaluate whether WRF outperforms the
driving data in terms of mean values of drought characteristics.

The duration, magnitude, and severity series were obtained for every grid point. From these series we calcu-
lated their corresponding Perkins Skill Score (SS) [Perkins et al., 2007]. Perkins SS measures the similarity
between observed and simulated distributions, using for that the common area between their probability
density functions (PDFs). The formal expression of this skill score is

SSscore ¼
Xn
1

min Zm; Z0ð Þ (3)

where n is the number of bins used to calculate the PDF, Zm is the frequency of values obtained for every bin
by using the model data, and Z0 is the frequency from the observed ones. Thereby, a Perkins SS of 1 means a
perfect fit between modeled and observed data, and a value of 0 indicates that the modeled data are totally
different to the observations. Because the shape of the PDF depends on the intervals selected, we used a bin
of 1 for duration and magnitude and a bin of 0.5 for severity. Perkins SS was also computed by using the ERA
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data in order to use it to calculate the differences between both data as another measurement of added value
of downscaled fields. The two-proportion z-test was applied to determinate those differences that were
significant at the 95% confidence level.
2.4.2.3. Event Evaluations Based on the SPEI and SPI Indices
Finally, we also examined two different significant individual dry and wet episodes, analyzing the spatial
behavior of the SPEI and SPI indices by using the WRF model and the driving data. The chosen events are
a severe drought episode over the Iberian Peninsula during the year 2005, and a highly wet period occurred
in 2009/2010. The results from this comparison could also show the benefit of using the dynamical downscal-
ing method for detecting individual extreme events in dry and wet periods.

3. Results
3.1. Regionalization in Terms of Drought Indices

Three principal components were retained in accordance with the aforementioned criteria of selection when
we used the regionalization method for 3month SPEI that explained the 81.06% of the total variance of the
data. Then, the factor loadings associated with the significant components were rotated and used to feed the
hierarchical algorithm. The pseudo F test showed a local maximum for a six-cluster configuration, in accor-
dance with the results reported in the work of Vicente-Serrano [2006], where a regionalization technique
was performed over the Iberian Peninsula for the SPEI at 3month time scale. Therefore, a six-cluster organi-
zation was chosen to apply the successive cluster analysis, and then a final configuration of six regions over
Spain resulted in the following: the northwestern (NW) region, the Cantabrian (CA) region, the northeastern
(NE) region, the interior (IN) region, the southern (S) region, and the southeastern (SE) region, as is shown in
Figure 2.

The same regionalization procedure was used for the 12month SPEI, and the results (not shown) for this time
scale were very similar, and then, for simplicity, they were discarded. We also used the same regions to eval-
uate the SPI since both indices are very similar and our main goal is to have comparable regions in order to
quantify the difference between the two indices from the downscaled fields and driving data, in terms of

Figure 2. Homogeneous climate regions over Spain used for regional drought analysis: the northwestern (NW), Cantabrian
(CA), northeastern (NE), interior (IN), southern (S), and southeastern (SE) regions.
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drought indices. Therefore, in this study, the six main regions over Spain taken from the regionalization
procedure applied to 3month SPEI computed from mprmt data set were used to analyze both drought
indices at the different time scales and for each data source.

3.2. Regional Drought Evaluation

Figure 3 illustrates the temporal evolution of the SPEI computed from mprmt, ERA, and WRFERA at
3month time scale for the six main regions. The correlation coefficients (r) and RMSE between WRFERA
(or ERA) and mprmt are shown in brackets. In general, although there is a substantial agreement between
the observational SPEI and the ones computed with ERA and WRFERA, the fits to mprmt are slightly better
for the downscaled SPEIs. This fact is corroborated in all regions by the higher correlation coefficients and
lower RMSE values for WRFERA (r between 0.91–0.97 and 0.81–0.93 and RMSE between 0.21–0.36 and
0.34–0.53 for WRFERA and ERA, respectively). The south, interior, and northwestern regions appear to have
the best fit, and the northeastern, southeastern, and Cantabrian regions the worst. Similar results are
shown in Figure 4, which represents the temporal evolution of the 12month SPEI from the different data
sources. In this case, the best fit to the observational data provided by WRFERA is evident (r between 0.83
in the northeastern region and 0.98 in the south region and RMSE between 0.48 and 0.19 for the same
regions). Particularly, this improvement is very remarkable for the northeastern region in the 2002–2005
period, for the interior region in the 2003–2005 period, and for the Cantabrian region in the 1989–1996
period. Conversely, the northeastern region shows a worse fit for WRFERA in the period of 1999–2001.
Similar results (not shown) were found when we represented the regional SPI index at the time scales
of 3 and 12months.

A detailed analysis of the temporal correlation between both drought indices that resulted using simulated
(ERA and WRFERA) data and the ones calculated from observed (mprmt) data is obtained from Figure 5. The
SPEI and SPI calculated by using WRF outputs present higher correlation coefficients than the indices from
the ERA data, with values above 0.83 in all regions. At 3month time scale, the weakest correlation corresponds
to the northeastern region for both indices and data sources, while the southern, northwestern, and interior
regions registered the highest correlation coefficients. At 12month time scale, these results are repeated, with
a greater difference between the correlation coefficients of the downscaled drought indices and those found
by using the driving. The results also showed that the SPEI presents a higher correlation than the SPI for both
time scales and for both ERA andWRFERA in all regions (except for the southern region). Correlation coefficient
differences betweenWRFERA and ERA (second columns in Figures 5a and 5b) display thatWRF adds valuewith
respect to the driving data. This improvement was higher for SPI and for 12month time scale, being specially
marked in the northeastern and Cantabrian regions. Regarding the comparison between indices, the results
indicated that the highest relative improvement of SPI versus SPEI appeared in the northeastern region, which
is 7.28% and 17.02% higher for SPI at 3 and 12months, respectively. At 3months, the improvement is 19.73%
for SPI using WRFERA versus ERA and 12.45% for SPEI, while at 12months, these improvements reach 57.16%
and 40.14% for SPI and SPEI, respectively. In the Cantabrian region the relative improvement of SPI versus SPEI
was also noticeable, being 3.56% and 8.40% higher at 3 and 12month time scales (16.02% and 12.46% for SPI
and SPEI, usingWRFERA versus ERA, respectively, at 3months, and 36.31%and 27.91% for SPI and SPEI, respec-
tively, at 12months). On the other hand, this improvement was not so obvious in the southeastern region,
where the SPI improvement outperforms that obtained with SPEI in 1.67% and 0.74% at 3 and 12months,
respectively. Finally, the northwestern and interior regions showed intermediate values of improvements of
SPI versus SPEI, about 2% for both time scales.

3.3. Local Drought Evaluation

In this section, we assess the added value of using WRF outputs for computing drought indices with respect
to the driving data, directly comparing grid points in order to ensure that the results using the regionalization
technique agree with the benefit of using downscaled field in further drought-projection studies.
3.3.1. Evaluation of Dry and Wet Episodes Using Drought Indices
The RMSEs between the simulated drought indices and the observed ones for every grid point are shown in
Figure 6. Overall, the ERA RMSEs were higher than WRFERA RMSEs. The improvement provided by WRF is
clearly shown in areas such as the Ebro Valley, which is located in the northeastern region. The added value
of downscaled fields in this region is displayed for both time scales and for each index. The RMSE values for
drought indices calculated on the 3month time scale were between 0.3 and 0.9, approximately. Although the
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spatial patterns for both indices were broadly very similar, the simulated SPEI shows better agreement than
the simulated SPI with respect to the mprmt in terms of RMSEs. For instance, the Ebro Valley presents RMSE
values about 0.7 and 0.85 for SPEI and SPI, respectively, when ERA drought indices were analyzed. The highest
RMSE values, corresponding to the Cantabrian and the northeastern regions, were corrected, in general,

Figure 3. Temporal evolution of the 3month SPEI frommprmt (grey columns), ERA (red lines), and WRFERA (green lines) data sets for the different regions. The spa-
tial correlations (r) and the RMSE for ERA and WRFERA with respect to mprmt (in brackets).

Journal of Geophysical Research: Atmospheres 10.1002/2016JD025683

GARCÍA-VALDECASAS OJEDA ET AL. WRF CAPABILITY TO DETECT DROUGHT 1577

 21698996, 2017, 3, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1002/2016JD

025683 by R
eadcube (L

abtiva Inc.), W
iley O

nline L
ibrary on [27/01/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



using the downscaled fields. On the other hand, the lowest RMSE values corresponded to the northwestern,
south, and interior regions of Spain, as can be seen in Figure 6. At a time scale of 12months, the RMSE pre-
sented a larger range of values (between 0.2 and 1.2). For this time scale, the improvement for SPEI with
respect to the SPI was not evident as that occurred at 3months since the two indices show a similar RMSE
in most areas of Spain. For both indices, WRFERA presented the largest RMSEs (>1) in areas located in the

Figure 4. As in Figure 3 but for 12month SPEI.
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Cantabrian and the northeastern regions such as the Ebro Valley, the Pyrenees, and the Cantabrian range
(Figure 1b). However, the WRFERA simulations were broadly better than the ERA ones. The RMSE values also
improved by using WRF in most of the rest of Spain, as is shown in Figure 6. These results suggest that the
simulated drought indices using WRF outputs are able to reproduce the observed indices, showing remark-
able improvements with respect to the simulations only with ERA, presenting an added value that depends
on the time scale used. For both time scales, the RMSE values for SPEI and SPI indices obtained with WRFERA
were very similar, while the errors are greater for SPI than for SPEI when ERA data were used. Thus, the
improvement provided by using WRF for SPI was higher than that for SPEI. The results of the analysis are
in accordance with those obtained for the temporal correlation coefficients for each region shown in
Figure 5.

The spatial correlation coefficients between one grid and another one along the south-to-north (Figure 7
a) and west-to-east (Figure 7b) directions, with a lag of 0.4°, using the drought indices from mprmt, ERA,
and WRFERA, were calculated. Figure 7 displays the spatial correlation from mprmt (first row) and the
differences from ERA (second row) and WRFERA (third row) with respect to mprmt. A positive difference
means that two points from the simulated drought indices are more similar between them than the same
points from the observational data. So for topographically complex areas, this implies that the simulated
drought indices are not able to capture the spatial variability. Conversely, a negative difference means
that the simulated drought indices are more sensitive to spatial variability. For mprmt, the spatial correla-
tions showed a noticeable decrease over the Cantabrian range, oriented in the west-to-east direction, for
the latitudinal lag. For the longitudinal lag, the main mountain ranges (Figure 1b), oriented in the south-
to-north direction, were adequately displayed. Additionally, high spatial correlations (above 0.9) were
found over the Central Plateaus and the Guadalquivir Valley. In general, the differences of the spatial correla-
tions between ERA and mprmt are positive, showing that ERA is not able to capture the spatial variations and
local characteristics in terms of drought indices in the main mountain ranges of Spain. However, WRFERA

Figure 5. Correlation coefficients between regionalized drought indices computed by using ERA and WRFERA and the
indices computed from mprmt and correlation coefficient differences (WRFERA minus ERA) at (a) 3month and (b)
12month time scales.
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adequately reproduces this spatial variability, even more than the observational data (the differences are
negative in general). For instance, it was able to capture the main spatial patterns of drought in a region
as the Central Massif. These results are similar for both SPI and SPEI indices and more evident at 12month
time scale.

Figure 6. Root-mean-square errors (RMSEs) between the drought indices computed from ERA and WRFERA data sets with
respect to those from mprmt, for the SPEI and the SPI at 3 and 12month time scales.
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Figure 7. Spatial correlation coefficients from mprmt and the differences between ERA and WRFERA with respect to mprmt, for a lag of 0.4° along the (a) south-
to-north and (b) west-to-east directions.
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Figure 8 depicts the CSI for events with SPI or SPEI above 1 and below�1 fromWRFERA and ERA with respect
to the mprmt. The significant relative differences (WRFERA minus ERA) between them regarding ERA at the
95% confidence level are also shown (third column). Using these differences, we can compare and quantify
the WRF ability to characterize moderate and extreme wet and dry periods. At a 3month time scale, the two
indices present CSI values of between 20% and 80%, with the largest CSI values in the northwestern, interior,
and south of Spain. Conversely, the lowest values correspond to the eastern region. With respect to the
comparison between both indices, the results suggest that the SPI slightly outperformed the SPEI. The com-
parison between WRFERA and ERA using the CSI relative differences showed that downscaled fields outper-
formed the driving data in terms of drought indices in areas located in the northwestern, Cantabrian, and
northeastern regions, with improvements about 60% at 3month time scale, these improvements being more
noticeable for SPI. At 12month time scale, the two indices, which presented very similar results, showedmore
regions with higher CSI values, especially in the southwestern region, with CSIs of about 80%. By contrast, the
worst values of CSI were in eastern Spain, as occurred at 3month time scale. For the relative differences
between WRFERA and ERA, WRF provides a higher added value, with improvements above 100% in regions
located in the north of Spain (e.g., the Cantabrian coast, Pyrenees, Galician Massif, northern central plateau,
and Ebro Valley). When comparing CSIs based on SPEI with those obtained by using SPI, the results suggest
that the greatest added value corresponds to the SPI, as it is shown in Figure 8. Therefore, the CSI analysis
suggests that the ability of the WRF model to simulate drought indices depends on the time scale (higher
at 12months), and in general, the SPI performs better than the SPEI, in agreement with the RMSE results.
Furthermore, for both indices and time scales, the RMSE and the CSI showed similar spatial patterns
throughout Spain.

3.3.2. Assessing the Characteristics of Drought Events
Magnitude, duration, and severity parameters of droughts from SPEI and SPI values below 0 were also com-
puted. Figure 9 illustrates the magnitude averaged for the entire study period for simulated and observed
drought events. The spatial RMSE in reference to the mprmt was also calculated (shown in brackets) in order
to quantify its spatial similarity with observations. The average drought magnitude presents values between
2.5 and 4 at 3month time scale and between 6 and 16 at 12month time scale. In general, at a 3month time
scale, WRF does not seem to provide any clear improvement with respect to the driving data. This unclear
result can be also observed in the spatial RMSE, which is even slightly worse for SPEI WRFERA. However,
the improvement provided by downscaled fields seems greater when we used longer time scales, showing
spatial patterns from WRFERA at 12months more similar to those from the mprmt, as can be seen for
southeastern Spain. This finding is also shown for the spatial RMSE, with lower values for WRFERA simulations.
We drew similar conclusions when we compared the average duration of drought events (not shown), which
presented values between 3 and 5months and between 7 and 17months at 3 and 12month time scales,
respectively. As occurred with the magnitude, the average duration showed a higher RMSE at 3month
SPEI fromWRFERA, so in general, it seems that WRF does not provide clear improvements in terms of drought
duration and magnitude on average, using a time scale of 3months. The average drought severity
(Figure 10), with values between 0.9 and 1.35 and between 0.5 and 1.5 at 3 and 12month time scales, respec-
tively, is overestimated for ERA simulations in most of Galicia for both indices and time scales. Nevertheless,
WRF seems to correct this inaccuracy, so that the average severity in this area fromWRFERA is more similar to
that found with mprmt. In general, the results show that WRFERA provides better results for the average
drought severity, in agreement with spatial RMSE values.

According to the Perkins SS for duration distribution, Figure 11 compares the Perkins SS for SPEI and SPI by
using ERA andWRFERA with respect to mprmt, and the significant relative differences between them (relative
to ERA) expressed in percentage, at 95% confidence level (third column). These differences also provide a
measurement of added value for WRF outputs. Positive differences mean that WRF outputs add value in
terms of drought characteristics. Conversely, a negative difference means that the driving data outperform
downscaled fields. While the Perkins SS was between 60% and 100% at a 3month time scale in most of
Spain, the Perkins SS at 12months was below 70%. Looking at the relative differences between WRFERA
and ERA, we conclude that the benefit of using downscaled fields depends on the index, the time scale,
and the region considered. The number of grid points with significant positive differences (red dots) and
the number of those grid points with significant negative differences (blue dots) as well as the average of
these relative differences are shown in Table 1. At 3month time scale, the number of points with positive
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Figure 8. Critical Success Index (CSI) between simulated (ERA andWRFERA) and observed (mprmt) SPEI and SPI at 3 and 12month time scales. The significant relative
CSI differences (WRFERA minus ERA) at the 95% confidence level (third column).
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values was larger than that with negative values for SPI Perkins SS differences. Nonetheless, the SPEI Perkins
SS shows a number of points in which ERA performs better thanWRFERA. In this regard, the results suggested
that the SPEI based on ERA data captures better the behavior of the individual drought events in terms of
duration. However, comparing the average of the relative differences results in evidence that the

Figure 9. Average drought magnitude frommprmt, ERA, and WRFERA, calculated by using SPEI and SPI indices at 3 and 12month time scales. The spatial RMSE with
respect to mprmt (in brackets).
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improvement provided by WRF is always higher. The improvement provided by high-resolution data is more
noticeable at 12months than at 3months, since the number of points with significant positive differences is
higher, the average differences also being greater for both indices at 12month time scale (see Table 1).
Therefore, these results suggest that the benefit of using downscaled fields to detect drought duration
distribution is higher at longer time scales and for the SPI index.

Figure 10. As in Figure 8 but for the average drought severity.
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Figure 11. Perkins Skill Score (SS) for probability distribution functions of drought duration for the SPEI and SPI at 3 and 12month time scales from ERA andWRFERA
with respect to those computed from mprmt and significant relative differences (WRFERA minus ERA) between them at the 95% confidence level.
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The Perkins SS magnitude (figure not shown) also displayed higher values at 3month than at 12month time
scales (for 3months, Perkins SS was between 60% and 100% and below 70% for 12months). The added value
of downscaled fields again depending on the index, time scale, and region was considered. Overall, the rela-
tive differences show that the added value is not obvious since the number of grid points with positive and
negative values is similar, except for the SPI at 3months, which shows a noticeable number of points with
positive differences (Table 1). In terms of average differences, the improvements are high, especially for
12month drought indices.

Regarding the severity of the drought events (Figure 12), the Perkins SS showed values of between 70% and
98% at 3month time scale and between 55% and 100% at 12month time scale. With respect to the relative
differences, the SPEI index shows a lower number of significant positive differences at both time scales, while
SPI again shows a higher number of positive values. These differences, in average, are higher for both indices
as happens in the duration parameter (Table 1). Again, the results suggest that the benefit of using WRF out-
puts depending on the index, time scale, and region is considered. For instance, note the high added value
presented in the northeastern region, especially for 12month SPEI.
3.3.3. Event Evaluations Based on the SPEI and SPI Indices
Finally, the behavior of the drought indices during different extreme wet and dry episodes using downscaled
fields was investigated. The interest of this study is because these events are associated with mechanisms in
large-scale atmospheric circulation, which is already well simulated by the driving data. Thus, we are able to
test the added value provided by WRF outputs to detect severe drought events.

First, we focused on a severe drought episode over the Iberian Peninsula during the year 2005. This drought
event, which began in November 2004, was considered the driest event in the last 140 years [García-Herrera
et al., 2007], producing low historic records of accumulated precipitation. This intense dry event occurred by
the combination of different mechanisms: a positive North Atlantic Oscillation (NAO) index between
November 2004 and January 2005, followed by a negative phase of East Atlantic pattern in February and a
negative NAO phase caused by an intense and anomalous blockage displaced from its usual location from
March 2005 [García-Herrera et al., 2007]. Figure 13 depicts the spatial distribution of drought indices from
mprmt, ERA, and WRFERA corresponding to September 2005 at 3 and 12month time scales. The correlation
between patterns is displayed in brackets, showing the standard Pearson’s correlation coefficients between
the ERA and WRFERA drought indices with respect to those from mprmt. Although ERA reliably captured the
broad pattern of the drought, showing correlation values of spatial patterns of 0.441 and 0.341 for SPEI and
SPI, respectively, at a 3month time scale (Figure 13a), WRF provided a substantial improvement, presenting
higher correlations with values of 0.757 and 0.697 for the SPEI and SPI, respectively. On the northeastern
region, moderate-to-severe drought, i.e., the SPEI and SPI below�1, resulted from ERA drought indices, while
from mprmt data showed normal to wet episodes, i.e., SPEI and SPI above 1. However, WRF simulations

Table 1. Number of Grid Points With Significant Relative Differences for Duration, Magnitude, and Severity of Droughts
and the Average of These Relative Differences

WRFERA Minus ERA> 0 WRFERA Minus ERA< 0

No. of Grid Points Average (%) No. of Grid Points Average (%)

Duration
SPEI_03 229 20.54 281 17.06
SPI_03 373 21.73 236 17.25
SPEI_12 766 59.48 618 34.94
SPI_12 780 55.22 566 34.78

Magnitude
SPEI_03 342 22.95 340 18.41
SPI_03 654 24.55 225 18.71
SPEI_12 897 60.76 803 36.85
SPI_12 842 57.13 858 36.80

Severity
SPEI_03 612 13.09 740 11.95
SPI_03 1088 13.49 468 11.54
SPEI_12 1569 26.06 918 20.75
SPI_12 1647 24.45 930 20.86
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Figure 12. As in Figure 10 but for the probability distribution function of drought severity.
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Figure 13. Drought indices ending in September 2005 calculated frommprmt, ERA, andWRFERA, at (a) 3month and (b) 12month time scales. The spatial correlation
coefficients of the simulated indices with respect to mprmt (in brackets).
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correctly represent the behavior of the mprmt drought indices, showing that, particularly for this region, WRF
adds value relative to ERA. Furthermore, the results also show that WRF properly reproduced the transition
drought pattern between the Mediterranean strip and the interior plateau, with significant improvements
for the Ebro Valley. By contrast, in the southwestern region, an extreme drought is observed, which it is
not captured by WRFERA at the 3month time scale in part of the area affected. In the comparison between
the drought indices, the SPEI and SPI showed similar drought spatial patterns, although the SPEI presented
slightly higher correlation values with the observed drought events for most cases. At 12month time scale,
both indices presented very similar spatial patterns, as reflected by Figure 13b. As expected, ERA showed sui-
table results (with correlation coefficients between spatial patterns of 0.644 and 0.573 for the SPEI and SPI,
respectively), but the drought indices simulated by using WRFERA improved locally with respect to the
mprmt, presenting correlation values of 0.757 for SPEI and 0.768 for SPI. Conversely, on the Cantabrian region,
WRF overestimates the wet conditions. Therefore, in general, these results suggest that WRF provides an
improvement at the local scale for the 2005 extreme drought event.

Second, to evaluate the ability of the WRF to simulate extreme wet episodes, we have assessed the perfor-
mance of the drought indices during a highly wet event. The winter of 2009/2010 was characterized by
one of the most extreme negative NAO phases during the last 150 years, triggering the highest amounts
of winter precipitation on most of the Iberian Peninsula [Vicente-Serrano et al., 2011b]. To evaluate the ability
of WRF to simulate this wet winter in Spain, we used the two drought indices computed ending in March
2010 (Figure 14a). In general, ERA and WRFERA agreed well with respect to the mprmt. Again, WRF captured
this wet episode better than ERA alone, for both 3 and 12month time scales, for most of Spain. Specifically, at
3months, the added value of using WRF proved higher, resulting in spatial pattern correlation coefficients of
0.744 and 0.748 for WRFERA SPEI and WRFERA SPI, respectively, versus 0.584 and 0.586 for ERA SPEI and ERA
SPI, respectively. Although some errors persist, such as the overestimations in the Ebro Valley and the under-
estimations in the south, the WRF model is nevertheless able to capture suitably the wet pattern along the
northwestern region by using both indices. For this wet episode in particular, the SPI appeared to slightly out-
perform the SPEI. Figure 14b compares the drought indices that correspond to November 2010 at a 12month
time scale. Although ERA and WRFERA reliably captured the main wet pattern for the year 2010, WRFERA
agreed better with respect to observations in general, except for some areas in the Cantabrian region.
Differences between ERA and WRFERA are smaller at 3month time scale, as is reflected by the spatial pattern
correlation coefficients (0.597 for ERA SPEI versus 0.639 for WRFERA SPEI and 0.618 for ERA SPI versus 0.681
for WRFERA SPI).

4. Conclusions and Discussion

In this study, the WRF model has been used to assess the model’s capability to simulate wet and dry periods
for two different drought indices, SPEI and SPI, over Spain. The goal is to assess the improvement that WRF
outputs offer for drought analysis in this region with respect their driving data (ERA-Interim data), quantifying
the added value of the dynamical downscaling to detect, monitor, and analyze drought events. For this, the
drought indices were calculated by using the temperature and precipitation fields from the WRF model out-
puts (WRFERA), previously calibrated for the study region and compared with the ones computed from the
observed data sets (mprmt). To analyze the added value provided by WRF, we also calculated the same
drought indices by using their driving data (ERA).

The drought indices chosen were the SPI and SPEI, which are widely used indices due to their multiscalar
character. The comparison between indices (SPEI or SPI), time scales (3 and 12months), and source data
for the computing of indices (mprmt, ERA, and WRFERA) was performed first by using a regionalization tech-
nique that provides a climatological classification in order to facilitate the interpretation of the results at
regional scale and second by directly grid point to grid point, in order to analyze the added value provided
by WRF for the local study of droughts.

The results indicate that simulations from WRF that generally capture reasonably well the drought temporal
evolutions in all regions studied show reliable temporal correlations. These results are consistent with pre-
vious studies which found that different RCMs performed adequately drought characteristics in terms of
drought indices such as the SPEI and the SPI [Barrera-Escoda et al., 2014; Maule et al., 2013] over different
areas in Spain. Furthermore, we found that the results obtained by using downscaled fields outperform those

Journal of Geophysical Research: Atmospheres 10.1002/2016JD025683

GARCÍA-VALDECASAS OJEDA ET AL. WRF CAPABILITY TO DETECT DROUGHT 1590

 21698996, 2017, 3, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1002/2016JD

025683 by R
eadcube (L

abtiva Inc.), W
iley O

nline L
ibrary on [27/01/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Figure 14. As in Figure 12 but for drought indices ending in (a) March 2010 and (b) November 2010.
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from the driving data in terms of drought indices, the improvement being higher for the SPI than for the SPEI.
This means that the dynamical downscaling could provide more reliable climate projections when assessing
future drought episodes in a topographically complex area of terrain such as Spain. At a regional scale, the
added value offered by WRF is strongly influenced by the time scale used, this being higher at longer time
scales. Therefore, the results suggest that WRF outputs seem to be more appropriate than the driving data
fields to monitor drought events in a context of water resources. These results agree with the findings of
Bowden et al. [2016], who assessed the improvements provided for dynamical downscaling over the
United States in a context of the SPI index.

Concerning the detailed study performed comparing grid points, the results from the analysis of the RMSE
and the CSI agree with those from the regional study. These parameters broadly showed the improvements
achieved by using WRF, and the influence of the time scale, with better results at 12month time scale. The
RMSE analysis showed worse agreement of drought indices simulated with respect to the mprmt in the
northeastern and southeastern regions but better agreement in the southern and interior regions. These
results are also in accordance with the regional study. The strongest improvements provided by WRF are
for the regions that presented the worst results from ERA. By contrast, the CSI analysis also showed some
areas where WRF did not provide any added improvement, so this behavior suggests that the ERA fields
already resolved well in terms of drought events in some areas.

Regarding the study of duration, magnitude, and severity of individual drought periods, drought indices
computed from ERA and WRFERA show difficulties to capture these drought characteristics, with worse
agreement at 12month time scale, as is reflected by the high spatial RMSE values in most of these parameters
and for the Perkins SS. These results partially agree with the work of PaiMazumder and Done [2014] and
PaiMazumder et al. [2013], who found that an ensemble of the Canadian Regional Climate Model presented
problems in capturing the severity, frequency, and duration of drought events over Canada by using different
drought indices. Our results for Spain also show that the added value of using WRF depended heavily on the
time scale used, being clearer at 12month time scale. At this time scale, the study of the relative differences
from Perkins SS reveals that there is a significant improvement for magnitude and duration on average, while
for intensity, the improvement is in terms of area extent.

The results of the analysis of the simulation of two particular extremely dry and wet events (winters of 2005
and 2009/2010) also suggest that WRF again provides an added value for the evaluation of extreme events,
both for wet and dry periods, for most of Spain.

Finally, this study has also demonstrated that there is no substantial difference between the two drought
indices, the SPEI and SPI, when evaluating the ability of WRF to simulate droughts in Spain. Although the
improvement provided by WRF with respect to ERA data is higher for the SPI than for the SPEI simulations,
the SPEI seems, in general, to provide slightly better results to detect wet and dry periods.

In summary, the results of this study show the benefit of using the WRF model to simulate downscaled fields
for drought studies in the peninsular Spain, emphasizing the importance of the valuable information gath-
ered at a local spatial scale, particularly relevant for drought-related decision making. The findings presented
here provide valuable information about the validation of using the WRF model for further studies on
drought projections in a climate change context.
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