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1. Introduction 

Drought is a very complex phenomenon and there is not a physical variable we can measure to 

quantify droughts. For this reason, many drought indices have been proposed in the last 

decades to estimate the severity and duration of drought events (Vicente Serrano et al 2012). 

 After a thorough assessment of the available data for each region, we have computed the 

most useful drought indices with the maximum spatial resolution and the longest temporal 

possible perspective. 

2. Tagus and Ebro basins 

We have compiled more than 10.000 meteorological stations from Spain.This allows us to 

compute drought indices for the whole country. The dataset includes seven drought indices 

and expands the period 1961–2014, with spatial resolution of 1 km and a weekly temporal 

resolution. Four of these indices are based on different versions of the self-calibrated Palmer 

drought indices: the self-calibrated Palmer Drought Severity Index (scPDSI), the Palmer 

Hydrological Drought Index (PHDI), the modified Palmer Drought Severity Index (WPLM), and 

the Palmer Z index. The other three drought indices are the Standardized Precipitation Index 

(SPI), the Standardized Precipitation Evapotranspiration Index (SPEI), and the Standardized 

Palmer Drought Index (sPDSI). The latter three indices are provided at 1 to 48 time scales. 

A web portal has been created to enable the download and visualization of the data 

(http://monitordesequia.csic.es/). The data can be downloaded as single gridded points for 

each drought index, but the entire drought index dataset can also be downloaded in netCDF4 

format. The dataset will be updated for complete years as the raw meteorological data 

become available.  

The following publication explains the details of the dataset: 

Vicente-Serrano S.M., Tomas-Burguera M., Beguería S. Reig F., Latorre B., Peña-Gallardo M., 

Luna Y., Morata A., González-Hidalgo J.C. 2017. A high resolution dataset of drouht indices for 

Spain. Data 2, 22. 
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Abstract: Drought indices are essential metrics for quantifying drought severity and identifying
possible changes in the frequency and duration of drought hazards. In this study, we developed a
new high spatial resolution dataset of drought indices covering all of Spain. The dataset includes
seven drought indices, spans the period 1961–2014, and has a spatial resolution of 1.1 km and a
weekly temporal resolution. A web portal has been created to enable download and visualization of
the data. The data can be downloaded as single gridded points for each drought index, but the entire
drought index dataset can also be downloaded in netCDF4 format. The dataset will be updated for
complete years as the raw meteorological data become available.

Data Set: http://monitordesequia.csic.es/

Data Set License: ODbL 1.0

Keywords: Gridded data; Palmer Drought Severity Index (PDSI); Standardized Precipitation Index
(SPI); Standardized Precipitation Evapotranspiration Index (SPEI)

1. Introduction

Land degradation can be triggered by both natural and human factors, with the latter usually
attributed to several processes including overexploitation and poor land management [1]. However,
climate variability can also be an important factor triggering land degradation, either directly or
coupled with other perturbation factors including overgrazing. Among the climate factors, drought is
usually considered to be one of the most important [2,3].

Drought is one of the main natural hazards impacting on economic sectors and natural systems [4].
Although droughts have important socioeconomic and environmental components, they usually have
a climate origin. For this reason drought analysis and monitoring is usually based on meteorological
information as the main (or only) input, as it is widely available worldwide. Increasing drought
severity associated with reduced precipitation and/or greater atmospheric evaporative demand (AED)
is thought to be one of the most important drivers of land degradation in vulnerable regions (e.g., [5,6]).

Quantifying the effects of droughts is less direct than for other natural hazards, primarily because
of difficulties in establishing the beginning, end, and duration of droughts, and the area affected [7].
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For this reason, various indices have been developed to measure drought. These indices are essential
for quantifying drought severity and assessing drought impacts, but also for developing drought
monitoring systems that enable better preparedness and mitigation of drought risks [8].

The various drought indices differ in their characteristics and calculation procedures [9–11]. They
vary from the simplest, which are based only on precipitation data [12], to the most elaborate, refined,
and accurate, such as those that take into account AED [13].

Spain is highly affected by droughts [14,15], and various major drought episodes occurred during
the 20th century, some of which affected the country for several years [16,17]. Droughts in Spain have
severe economic impacts [18], including affecting the availability of water resources [19], causing
forest decline and mortality [20,21], reducing vegetation activity [22], and causing failures in crop
yields [23]. For these reasons the availability of accurate drought information is essential to better
quantify drought impacts and to enable the assessment of drought risks in various economic sectors
and natural systems.

The objective of this study was to describe a newly developed high spatial resolution drought
dataset for Spain, based on various drought indices and covering the period 1961–2014.

2. Dataset Description

Seven drought indices are included in the dataset. Four of these are based on different versions of
the self-calibrated Palmer drought indices: the self-calibrated Palmer Drought Severity Index (scPDSI),
the Palmer Hydrological Drought Index (PHDI), the modified Palmer Drought Severity Index (WPLM),
and the Palmer Z index. The other three drought indices are the Standardized Precipitation Index (SPI),
the Standardized Precipitation Evapotranspiration Index (SPEI), and the Standardized Palmer Drought
Index (sPDSI). The latter three indices are provided at 1-, 3-, 6-, 9-, 12-, 24-, 36- and 48-month time
scales for visualization, but all time scales from 1 to 48 months are available for download. The data
was generated at a spatial resolution of 1.1 km and at four time steps each month (Days 1–8, 9–15,
16–22, and from Day 23 to the end of the month), and is separated in two datasets. The first dataset
covers Peninsular Spain and the Balearic Islands (PSBI) (35.75◦N, 10.24◦W to 43.99◦N, 4.13◦E), and
the second covers the Canary Islands (CI) (27.86◦N, 16.42◦W to 29.00◦N, 13.19◦W). Both datasets are
projected in the zone 30 North Universal Transversal Mercator coordinate system using the ellipsoid
ED50. There are independent files for each dataset, and for each drought index and time scale. The files
are available in Network Common Data Form 4 (NetCDF4) format. Currently, the data are available
from 1961 to 2014, but the datasets will be updated by complete years as the raw meteorological data
become available.

3. Material and Methods

3.1. Data Acquisition and Processing

Daily meteorological data on precipitation, maximum and minimum temperature, relative
humidity, wind speed, and sunshine duration (as a surrogate variable for incoming solar radiation)
were obtained from the National Spanish Meteorological Services (AEMET) archives for the 1961–2014
period. Precipitation is the key meteorological variable that determines drought severity, but the other
variables are needed to quantify AED, which is used in most of the drought indices. The initial dataset
included information from 10,718 stations for precipitation, 5110 for temperature, 1131 for relative
humidity, 353 for sunshine duration, and 979 for wind speed. The extent of temporal coverage varied
amongst the variables: there were limited data available on relative humidity, sunshine duration, and
wind speed prior to the 1990s.

Daily data were subject to careful quality control, which included identification of spurious data,
repeated records, and coding errors (see details in [24]). Daily series were converted to weekly series.
The sum of daily values was used for precipitation, while for the other variables the weekly mean was
estimated with an allowance for only one day of missing data. Relative humidity and temperature
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data were combined to calculate the dew point temperature, which was used in the following steps of
the process. As drought indices are relative metrics and their calculation requires homogeneous time
periods, it was not possible to use “week” as the reference time step for calculations because the first
day of each year can fall on different days, and this propagates through the entire year. The occurrence
of leap years also potentially increased the inhomogeneity of the periods to be compared. For this
reason, each month was divided into four artificial “weekly” periods, the first from the 1st to the 8th
day, the second from the 9th to the 15th day, the third from the 16th to the 22nd day, and the fourth
from the 23rd day to the end of the month. This approach enabled interannual comparisons amongst
the various periods, which is essential for the calculation of drought indices.

Fragmented weekly data series were reconstructed using a gap-filling process. Missing data in
each objective series were filled using weighted averages of measurements made at nearby stations
(candidate series). A correlation weighting scheme was used, in which the weights were computed
as the fourth power of the Pearson’s correlation between the series calculated using the common
periods among them. Data series located at distances higher than 100 km were discarded as gap-filling
candidates, as well as series with a Pearson’s correlation coefficient with the candidate series lower
than 0.6, and series with an overlapping period of less than seven months with the candidate series
(for wind speed, sunshine duration and relative humidity the distance was set to 300 km). All the
stations matching these criteria were considered candidates for the filling process. In order to avoid
biases in the filling due to differences in the distribution parameters (mean and variance) between the
candidate and the objective data series, a bias correction was performed on the candidate data before
computing the weighted average. Thus, normal distribution mapping was used for bias correction
in the cases of temperature, dew point temperature, wind, and sunshine duration, while the gamma
distribution was used for precipitation. The data of the candidate series were re-scaled to match the
statistical distribution of the series to be filled, based on the overlapping period between them. Once
the weighted average was computed, a posterior bias correction was again performed using the same
procedure in order to correct for bias in the variance of the filling data caused by the averaging of
many candidate series. The Canary Islands were analyzed independently but the stations located in
the Peninsular Spain and the Balearic Islands were considered together.

Reconstructed series that had at least 25 years of original data were used. Following quality
control and reconstruction, the homogeneity of the data series was checked using the Standard Normal
Homogeneity Test (SNHT) [25], and any inhomogeneities identified were corrected using the mean
ratio or difference between the series before and after the inhomogeneity. The final climate series used
to create the gridded maps for the various climate variables included 2269 series for precipitation, 1304
for temperature, 179 for dew point temperature, 112 for sunshine duration, and 82 for wind speed.
Figure 1 provides an overview of the spatial distribution of these series, and shows that there was good
spatial coverage and distribution for the variables involved. Data on soil water field capacity, which is
necessary for calculation of the drought indices, was obtained from the European Soil Database & soil
properties (http://esdac.jrc.ec.europa.eu/resource-type/european-soil-database-soil-properties).

http://esdac.jrc.ec.europa.eu/resource-type/european-soil-database-soil-properties
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Figure 1. Spatial distribution of the meteorological stations for the dataset variables. Gray: original 
stations. Black: definitive complete and homogeneous observatories. 

3.2. Climate Gridding and Evaluation 

Using the available meteorological series, a weekly gridded dataset of the five variables was 
created at a spatial resolution of 1.1 × 1.1 km to match with other satellite products such as those 
derived from the NOAA-AVHRR satellites. These grids were used as inputs to calculate the drought 
indices. For this purpose, a universal kriging method was applied [26,27], with the geographic 
latitude, longitude, and elevation of each grid cell being considered auxiliary variables. Two zones 
were considered for the interpolation: (i) the Spanish Peninsular area and the Balearic Islands (PSBI); 
and (ii) the Canary Islands (CI). A maximum of 50 neighboring observatories and a range of 250 km 
were considered in obtaining weights for the interpolations and spherical semivariograms with 
nugget effect. Figure 2 shows the example of spherical semivariograms used to interpolate two 
maximum temperature layers. 

 
Figure 2. Examples of spherical semivariograms used to develop the weekly maximum temperature 
gridded layers. 

The grid layers were validated using a jackknife resampling procedure. This was based on 
withholding single observatories in turn from the network, making estimates based on interpolation 
from the remaining observatories, and calculating the difference between the predicted and observed 

Figure 1. Spatial distribution of the meteorological stations for the dataset variables. Gray: original
stations. Black: definitive complete and homogeneous observatories.

3.2. Climate Gridding and Evaluation

Using the available meteorological series, a weekly gridded dataset of the five variables was
created at a spatial resolution of 1.1 × 1.1 km to match with other satellite products such as those
derived from the NOAA-AVHRR satellites. These grids were used as inputs to calculate the drought
indices. For this purpose, a universal kriging method was applied [26,27], with the geographic latitude,
longitude, and elevation of each grid cell being considered auxiliary variables. Two zones were
considered for the interpolation: (i) the Spanish Peninsular area and the Balearic Islands (PSBI); and
(ii) the Canary Islands (CI). A maximum of 50 neighboring observatories and a range of 250 km were
considered in obtaining weights for the interpolations and spherical semivariograms with nugget
effect. Figure 2 shows the example of spherical semivariograms used to interpolate two maximum
temperature layers.
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The grid layers were validated using a jackknife resampling procedure. This was based on
withholding single observatories in turn from the network, making estimates based on interpolation
from the remaining observatories, and calculating the difference between the predicted and observed
values for each observatory that was withheld [28]. This approach was repeated each week as many
times as available observatories of each climate variable so thousands of interpolations were applied
for the validation of each variable. For each gridded layer for the six variables analyzed, the mean
absolute error (MAE) and the agreement Index D were calculated. Index D [29] is a relative and
bounded measure of model validity, and it scales with the magnitude of the variables, retaining mean
information and not amplifying outliers. A D value = 1 corresponds to a perfect match between
estimates and the observed data. Figure 3 shows the mean and standard error of the mean for MAE
and D statistics from the weekly gridded data for the six meteorological variables. Statistics are
provided independently for the PSBI and CI zones. As expected, given the availability of data and
relief complexity, the statistics were much better for the PSBI zone than for the CI zone. For the PSBI
zone, with the exception of wind speed the D values were very high and ranged from 0.9 to 1. In
addition, no seasonal patterns were evident in the D statistic, indicating that the quality of the gridded
data was independent of the season of the year. For the CI zone, the agreement between the observed
and predicted data was lower, and some seasonal patterns were evident, mainly for precipitation and
temperature data.
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Figure 3. Mean and standard error of the mean for MAE and D for the six meteorological variables.
Black: Peninsular Spain and the Balearic Islands. Gray: Canary Islands. All the variables are calculated
in the original units per week.

3.3. Calculation of the Reference Evapotranspiration

The reference evapotranspiration (ETo) was obtained using the FAO-56 Penman-Monteith (PM)
equation [30]. The PM method can be used globally, and has been widely verified based on lysimeter
data from diverse climate regions [31,32]. The reference surface for calculations is a hypothetical crop
(assumed height: 0.12 m; surface resistance: 70 s m−1; albedo: 0.23) that has evaporation similar to
that of an extended surface of green grass of uniform height that is actively growing and adequately
watered. ETo can be calculated from measurements of the weekly averages for five meteorological
parameters: maximum temperature, minimum temperature, dew point temperature (which determines
the vapor pressure deficit), wind speed at a height of 2 m, and daily sunshine duration (following [30]).
The ETo weekly gridded data were obtained from the grids of the various meteorological variables
described above.

3.4. Drought Index Calculation

Using the gridded data for precipitation and ETo, the seven drought indices were calculated.
The four self-calibrated Palmer drought indices were calculated according to [33]. For this purpose,
we used the available code at http://greenleaf.unl.edu/, which was modified to include the ETo
calculated using the PM equation, and to be run directly in R. The SPI was calculated following the
recommendations of the World Meteorological Organization [34], using a two-parameter gamma
distribution. The SPEI was calculated using a three-parameter log-logistic distribution using
non-biased Probabilistic Weighted Moments (PWMs) to calculate the parameters (see details in [13,35].
The SPDI was obtained following [36], but we used the three-parameter log-logistic distribution instead
of the recommended General Extreme Value distribution to avoid problems with extreme values, and,
in some cases, inability to perform the calculation (see [37]). To calculate the SPEI, SPI, and SPDI, we
used the SPEI R library [35].

4. Data Use and Application

Gridded drought indices are widely used for climatological analyses of droughts. In particular,
several recent studies have used gridded drought indices at the global scale to determine the
recent evolution of climate droughts and the impacts of climate change on drought severity [38,39].
The availability of a comprehensive drought dataset for Spain will be useful in investigations
of several climate issues related to the spatial and temporal variability of droughts, and also to
develop drought catalogues that consider the severity, duration, and spatial extent of drought
events (http://droughtatlas.unl.edu/). Drought indices have also been widely used to determine the
magnitude of droughts [40], and to create probability maps of drought duration and severity [41,42],
which are useful resources for drought management. These analyses could be applied in Spain using
the drought index dataset described in this study.

Gridded drought indices have been widely used in a variety of systems to identify drought
impacts, including tree morbidity and mortality at various spatial scales [43,44], crop yield reductions

http://greenleaf.unl.edu/
http://droughtatlas.unl.edu/
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and crop failures [45], forest fires [46,47], and decreased vegetation activity [48,49]. The developed
dataset will also be widely useful for the assessment of land degradation. Although a number of studies
have addressed land degradation in Spain [50–52], and the connection between land degradation
and drought variability [53], they have all been based on low resolution data. The current drought
index dataset has been created at a very high spatial resolution (1.1 km), which matches with current
vegetation products available from earth observation satellites including MODIS and NOAA-AVHRR,
and this will facilitate spatial and temporal assessment of the climate drivers of land degradation in
Spain, and improvement of the surveillance systems to prevent land degradation [54].

5. Dataset Availability

The drought indices dataset is available in a map visualization tool (http://monitordesequia.csic.es)
in which the spatial drought conditions from 1961 to 2014 can be visualized. The web visualization tool
uses standard tools: HTML, CSS, Javascript and PHP. It uses jQuery, a Javascript library, to simplify
the use of AJAX and the DOM management; Leaflet, a library for map visualization; and Dygraphs,
a library for graph visualization. This tool enables zooming and identification of single grid points in
the map. Once a grid point is selected, a time series for the selected drought index can be visualized. It
is possible to move throughout the time series to identify the drought index values for each weekly
time step. The time series can be modified for each point, enabling selection of other drought indices
and time scales. Time series of drought indices for the selected grid points can be downloaded as plain
text in *.csv format. Moreover, the entire dataset for each drought index and time scale (from 1 to
48 months) can be independently downloaded in netCDF4 format for each spatial domain (PSBI and
CI). All the information available at the website is provided in Spanish and English. Figure 4 shows a
general overview of the web spatial tool, and where the dataset can be visualized and downloaded.
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visualized. The web visualization tool uses standard tools: HTML, CSS, Javascript and PHP. It uses 
jQuery, a Javascript library, to simplify the use of AJAX and the DOM management; Leaflet, a library 
for map visualization; and Dygraphs, a library for graph visualization. This tool enables zooming 
and identification of single grid points in the map. Once a grid point is selected, a time series for the 
selected drought index can be visualized. It is possible to move throughout the time series to identify 
the drought index values for each weekly time step. The time series can be modified for each point, 
enabling selection of other drought indices and time scales. Time series of drought indices for the 
selected grid points can be downloaded as plain text in *.csv format. Moreover, the entire dataset for 
each drought index and time scale (from 1 to 48 months) can be independently downloaded in 
netCDF4 format for each spatial domain (PSBI and CI). All the information available at the website 
is provided in Spanish and English. Figure 4 shows a general overview of the web spatial tool, and 
where the dataset can be visualized and downloaded. 

 
Figure 4. Web spatial tool showing the data to be visualized and downloaded. 
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3. Emajõgi basin 

We have computed monthly SPI (1-, 3-, 6-, 12- months) grid dataset from 1951 to 2017 with 

1km resolution for the whole Estonian territory. We have used 57 monthly precipitation series, 

the stations cover homogenously the Estonian territory (Figure 1, Table 1). Figure 2 shows the 

availability of stations per month during the studied period (1951-2017), there is an increase 

from 45 to 57 stations from 1951 to 1965, from 1965 to 2000 the record is almost complete, 

and from 2000 to 2017 the numbers of station decrease to around 40 due to the gradual 

withdrawal of conventional stations.  

 

Figure 1.  Location of the meteorological stations. Numbers corresponds to Id in table 1. 

id 
Station 

Latitude 
(°N) 

Longitude 
(°E) 

Height 
(m) 

id Station 
Latitude 

(°N) 
Longitude 

(°E) 
Height 

(m) 

1 Vilsandi 58.38 21.82 6 30 Valga 57.78 26.03 65 

2 Sõrve 57.92 22.05 3 31 Oandu 59.58 26.12 9 

3 Ristna 58.92 22.07 7 32 Tõlliste 57.85 26.13 43 

4 
Kuressaare 58.25 22.47 3 33 

Rannu-
Jõesuu 

58.38 26.13 35 

5 Uue-Lõve 58.37 22.82 5 34 Väike-Maarja 59.13 26.23 121 

6 Heltermaa 58.85 23.05 2 35 Tooma 58.87 26.27 89 

7 Ruhnu 57.78 23.27 2 36 Tõrve 58.60 26.38 46 

8 Rohuküla 58.90 23.42 4 37 Jõgeva 58.75 26.42 70 
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9 Virtsu 58.57 23.52 2 38 Konnuvere 57.68 26.50 61 

10 Lääne-Nigula 58.95 23.82 24 39 Kunda 59.52 26.55 3 

11 Vihterpalu 59.25 23.87 11 40 Sämi 59.37 26.58 58 

12 Kihnu 58.10 23.97 3 41 Tartu 58.30 26.73 70 

13 Kasari 58.73 24.00 5 42 Piigaste 58.08 26.83 86 

14 Pakri 59.38 24.03 23 43 Kääpa 58.70 26.85 45 

15 Koodu 58.57 24.15 23 44 Tudu 59.18 26.85 73 

16 Keila 59.30 24.42 30 45 Tiirikoja 58.87 26.95 32 

17 Pärnu 58.37 24.52 12 46 Koorvere 58.15 26.98 66 

18 Tallinn 59.38 24.58 33 47 Võru 57.85 27.02 82 

19 Nääri 58.80 24.62 34 48 Lüganuse 59.38 27.03 34 

20 Kuusiku 58.97 24.73 53 49 Mauri 57.62 27.07 240 

21 Oore 58.47 24.77 15 50 Tudulinna 59.02 27.10 41 

22 Tahkuse 58.52 24.90 24 51 Ahja 58.22 27.12 32 

23 Jäärja 58.03 25.02 69 52 Praaga 58.43 27.23 30 

24 Türi 58.82 25.42 60 53 Räpina 58.10 27.38 37 

25 Maapaju 59.32 25.47 59 54 Jõhvi 59.33 27.38 73 

26 Viljandi 58.37 25.58 86 55 Mehikoorma 58.23 27.45 32 

27 Massumõisa 58.23 25.70 110 56 Vasknarva 59.00 27.73 34 

28 Vanaküla 59.47 25.78 59 57 Narva 59.38 28.17 28 

29 Tõrva 58.00 25.92 48   

Table 1. Meteorological stations. 

 

 

Figure 2. Number of station per month 
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The correlation coefficient among stations is high, as expected decrease with the distant 

between stations, but for distances below 100 km the correlation coefficient among stations 

are above 0.6 (Figure 3).  

 

Figure 2. Correlation coefficient among stations in function of the distant among them. 

 

The precipitation series have been subjected to quality control and homogenization 

procedure. The quality control focused on outlier detection was done with PRODIGE 

(Caussinus and Mestre, 2004) comparing the values of each stations with the 9 closest 

observatories. This procedure identified 34 data as outliers (0.07%), and as a consequence 

these observations were removed. The series have been homogenized and completed with 

HOMER (HOMogenization software in R) software (Venema et al 2012). HOMER is a semi-

automatic methodology that combines an automatic joint segmentation with a partly 

subjective pairwise detection (Mestre et al. 2013) with the stations under a range of 50 km of 

the studied observatory. When a missing value or inhomogeneity is detected, HOMER inserts 

or corrects values based on equation (8) of Mestre et al. (2013). 

We have generated the SPI grid dataset following the methodology of Vicente-Serrano et al. 

(2017) (see previous section), some monthly examples are shown in Figure 3 and the dataset is 

available at http://imdroflood.meteoromania.ro/geoportal). 
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Figure 3. Examples of monthly precipitation maps. 

 

The 1, 3, 6, and 12 SPI time series for western, northern and southestern region are shown in 

Figures 4, 5 and 6 respectevily.  
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Figure 4. Evolution of western region 1, 3, 6, and 12 SPI time series. 
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Figure 5. Evolution of northern region 1, 3, 6, and 12 SPI time series. 
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Figure 6. Evolution of southeastern region 1, 3, 6, and 12 SPI time series. 

To evaluated the atmospheric demand on the region we have calculated ET0  from 1951 to 

2015 for 9 high-quality meteorological stations (Tallin, Kuusiku, Pärnu, Jogeva, Tartu, Voru and 

Tiirikoja). We have computed ET0 for each location from FAO (Food and Agricultural 

Organization) -56 Penman–Monteith equation (Allen et al. 1998). Solar radiation has been 

estimated from sunshine duration (Vicente-Serrano et al. 2014). 

A country series have been computed using the weighted averages of the monthly records for 

each station based on Thiessen polygons (Figure 7).  
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Figure 7. ET0 country series at a) annual b) seasonal scale from 1951 to 2015. Significant 

magnitudes of change are in bold.    

 

3. Prut basin 

We have used 35 (51) meteorological stations to compute gridded temperature (precipitation) 

at 10 km resolution covering the Prut basin. The gridded monthly values of temperature and 

precipitation at 10 km resolution were used to compute gridded SPEI for the interval 1961-

2016. The SPEI is provided for time scales from 1 to 24 months. These values are displayed on 

the geoportal (http://imdroflood.meteoromania.ro/geoportal). The dataset will be updated for 

complete years as the raw meteorological data become available. The spatial configurations of 

the 1st and 2nd EOFs of SPEI (3 months) are illustrated in Figure 8. The associated time series 

(PCs) of the EOFs are presented in Figure 9. Figure 8 and 9 suggest the existence of an aridity 

tendency over a large part of the Prut basin superimposed on interdecadal variability of 

droughts when 3 - month SPEI is analyzed for the time interval 1961-2016. 
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Figure 8. The spatial configurations of the 1st, 2nd and 3rd  EOFs of SPEI (3 months).  

 

 

Figure 9. The time series (PCs) associated to the spatial configurations of the EOFs illustrated in 

figure 2. 
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Precipitation data set at 1 km resolution was built using a procedure that merged 

meteorological station with radar data. Remote sensing of the atmosphere is nowadays 

performed on a large scale, instruments like ground-based weather radars providing high 

resolution observations of weather systems. Weather radars provide a valuable supplement 

for quantitative precipitation estimation (QPE) (Burcea et al., 2012). QPE using weather radars 

have become, lately, an important tool for rainfall climatology at various spatial scales. 

Compared to point measurements (i.e., rain gauges), the intensity, swath, and spatial extent of 

the rainfall events can be derived from radar data. The top advantage of radar data is given by 

the three-dimensional measurements performed at high spatial (1x1 km) and temporal (5–10 

minutes) resolutions. 

Merging rain gauge measurements with radar estimations, the climatology of precipitation can 

be significantly improved. Adjustment of radar QPE can also be performed through this 

approach. Furthermore, radar data can be used to derive sub-daily extreme rainfall amounts. 

With the long-time series that become available, weather radars hold a promise to bridge this 

gap.  Methods on radar data quality assessment, QPE calculation, and radar rainfall field 

adjustment are described. This study also proposes a conditional merging method considering 

terrain elevation data to improve the radar rainfall estimates. 

The dataset used in this study consists of reflectivity provided by two weather radars and 

surface rainfall measurements provided by the rain gauges located inside and within a buffer 

of 50 km outside the Prut catchment area. One of the weather radars is a single polarization S-

band system, while the other one is a dual-polarization C-band system. The S-band radar is a 

component of the National Weather Radar Network of the Romanian National Meteorological 

Administration, and the dual-pol C-band radar is operated by the National Administration 

“Romanian Waters”. It is worth mentioning that we did not have access to dual-pol data, the 

only radar parameter available to derive rainfall estimations being the reflectivity.  Also, the 

length of the dataset from the C-band radar is significantly shorter than the one from the S-

band radar. 

Although weather radars are widely used for rainfall estimation, data are subject to various 

sources of bias, because during radar scan, both meteorological and non-meteorological 

targets can be present within the atmospheric volume. Such sources of bias that affect radar 

QPE are: attenuation of radar beam for C-band radars, non-uniform vertical profile of 

reflectivity, underestimation of rainfall at long ranges because of incomplete beam filling or 
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partial overshooting. Some other errors related to radar QPE are due to beam blockage, bright 

band effects, and various clutters (e.g., ground clutter, anomalous propagation clutter). To 

accurately estimate the rainfall, all these radar “limitations” need to be addressed and 

mitigated. 

An algorithm for the detection and elimination of non-meteorological echoes from the data 

provided by the radar system in the Prut basin was developed and adapted in the previous 

stages using some of the principles described by Steiner and Smith (2002) and Zhang et al. 

(2004). The method consisted in calculating horizontal and vertical parameters by processing 

three-dimensional radar data to improve the quality of radar reflectivity near the ground as 

these data are used to quantify the precipitation field in the area of interest. 

There are situations where non-meteorological echoes have an impact on the quality of the 

field of reflectivity. In order to minimize the negative effect of non-meteorological echoes on 

radar data used for the quantitative estimation of the atmospheric precipitation field, in the 

coverage area of the meteorological radar, analysis techniques were used to quantify and 

assess the quality of radar data from the perspective of ground noise (ground clutter), 

anomalous propagation and isolated targets. 

The radar data used are the reflectivity measured at the first elevations of the antenna. 

Ground clutter (resulting from the interaction of the radar beam with high terrain or terrain 

around the radar site) and radar echoes specific to anomalous propagation are the result of 

several factors, including: the propagation pattern of the radiation, the height of the antenna, 

the angle the elevation, the local terrain structure and the atmospheric profile of the refractive 

index, which is in turn affected by the profile of the air pressure, temperature and humidity. 

The latter represent the dominant factor and are responsible for the characteristic hourly and 

daily variations of the spatial pattern of ground clutter echoes and anomalous propagation. 

In situations where the echoes resulting from the interaction of the radar beam with the soil 

are not distributed over a very large area, the algorithm performs very well (Figure 10). It is 

also noticed that meteorological echoes present in the same region as the non-meteorological 

ones, are correctly identified and preserved (the red circle in Figure 10). 
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Figure 10. Uncorrected (left) and corrected (right) radar reflectivity, at 0.5 ° elevation, on July 

16, 2012, 0012 UTC, from Bârnova meteorological radar. 

 

Taking into account the fact that for the best quantitative estimation of rainfall in the coverage 

of the meteorological radar, measurements are needed as close as possible to the ground 

surface, the algorithm for the identification and elimination of non-meteorological targets 

builds a hybrid elevation from the data from first elevations. 

The results of the algorithm to improve radar data quality are good, with the impact of non-

meteorological echoes being significantly reduced. However, the compromise generated by 

the use of these types of algorithms must also be taken into account, the negative effect being 

the elimination of some of the weak meteorological echoes. Also, the quantitative estimation 

of the rainfall field in the radar data, corrected for their quality, should be adjusted by using 

measurements at the surface of the ground. In addition, it should be noted that these issues 

related to the quality of radar data are not related to the radar but to the environment in 

which it scans the atmosphere (e.g atmospheric conditions, topography, etc.). 

We obtained the gridded datasets for the daily precipitation amounts at 1000x1000 spatial 

resolution using an interpolation procedure that implies the use of auxiliary predictors and 

meteorological records from 1 January 2003 to 31 December 2016. 

In the first stage, we have analyzed how much the covariates can help us to explain the spatial 

distribution of the target variables. In order to choose the optimum combination of potential 

predictors, the stepwise regression was used, selecting only those predictors which are 

statistically significant for each analyzed case (day). It was stated that the covariates provide 
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valuable meteorological information for regions without meteorological measurements. In the 

second stage two spatial interpolation method were tested: OK and RK. By using the cross 

validation procedure, it was stated that the best estimates are obtained through the RK 

method, which have been used to construct the daily gridded datasets. 

Maps obtained within this stage supply an overall picture of the analyzed variables, however 

with a precision directly influenced by the scale at which those were performed, by the spatial 

estimation errors specific to the geostatistical methods and by the density of the measurement 

points. In certain areas, where peculiar climatic conditions are specific and where no 

meteorological measurements are performed, it is recommended to achieve detailed studies 

regarding the spatio-temporal variability of the parameters of interest stressing the spatio-

temporal local development character of the meteorological phenomena. 

The precipitation data set at 1 km have been combined with a temperature data set at the 

same temporal and spatial resolution to computed compute the aridity index for the interval 

2003-2015 over the Prut basin. The aridity index is the ratio between annual precipitation 

amount and annual potential evapotranspiration. In this case, the potential evapotranspiration 

was computed using Thornthwaite method. Multiannual means (2004-2015) for aridity index 

and potential evapotranspiration at 1 km resolution are presented in Figure 11. 

 

Figure 11. Multiannual means (2004-2015) for aridity index (left panel) and potential 

evapotranspiration (right panel; in mm/year) at finer resolution (1 km x 1 km). 

We have also computed the self-calibrated Palmer Drought Severity Index (scPDSI) based on 

the CRU data at 50 km resolution for the interval 1901-2015 covering the Prut basin.  In this 

case, the potential evapotranspiration was derived using Penmann - Montheith method.  
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4. Limpopo 

The large extension of the basin and the low availability of meteorological data make 

impossible the calculation of drought index with meteorological stations or radar. For this 

reason we have used global grid meteorological data. Mean temperature data are obtained 

from the NOAA NCEP CPC GHCN_CAMS gridded dataset. Monthly precipitation sums data are 

obtained from the Global Precipitation Climatology Centre (GPCC) interpolated to the 

resolution of 0.5º. With this information we have computed SPEI with times scale from 1 to 48 

months with a 0.5 degrees spatial resolution and a monthly time resolution for the period 

1955-2017.  
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