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ABSTRACT: Accurate and timely drought information is essential to move from postcrisis to pre-
impact drought-risk management. A number of drought datasets are already available. They cover 
the last three decades and provide data in near–real time (using different sources), but they are all 
“deterministic” (i.e., single realization), and input and output data partly differ between them. Here 
we first evaluate the quality of long-term and continuous climate data for timely meteorological 
drought monitoring considering the standardized precipitation index. Then, by applying an en-
semble approach, mimicking weather/climate prediction studies, we develop Drought Probabilistic 
(DROP), a new global land gridded dataset, in which an ensemble of observation-based datasets 
is used to obtain the best near-real-time estimate together with its associated uncertainty. This 
approach makes the most of the available information and brings it to the end users. The high-
quality and probabilistic information provided by DROP is useful for monitoring applications, and 
may help to develop global policy decisions on adaptation priorities in alleviating drought impacts, 
especially in countries where meteorological monitoring is still challenging.
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Ecosystems and human societies are strongly impacted by drought (Wilhite 2000; 
Vicente-Serrano et al. 2013; Turco et al. 2017a; Toreti et al. 2019). While most natural 
hazards are rapid-onset events (e.g., floods), drought is considered a “creeping disaster”: 

It is usually a slow-onset phenomenon (Gillette 1950; Schwalm et al. 2017), which also means 
that there may be more time to prepare and implement an adequate response (Wilhite 2012). 
Accurate and timely information of evolving drought conditions is crucial to take early 
action to alleviate their impacts (Pozzi et al. 2013; Hao et al. 2017). For instance, using the 
best and updated drought information available in drought-monitoring systems, authorities 
and water managers may establish better practices to optimize water use, improve control 
of environmental systems (e.g., forest-fire incidence) and plan measures for agriculture. To 
enable a proactive response, near-real-time observed data are of paramount importance 
(Wilhite et al. 2014; Wilhite and Pulwarty 2017). In addition, the best available, up-to-date 
information on drought can be used as inputs to generate better forecasts (e.g., Hao et al. 2014; 
Dutra et al. 2014b; Mo and Lyon 2015; Turco et al. 2017b), and to develop impact-risk 
prediction models (Turco et al. 2018).

There are several operational drought-monitoring systems that operate at regional scale, such 
as the U.S. Drought Monitor (Lawrimore et al. 2002; Svoboda et al. 2002), the European Drought 
Observatory (Sepulcre-Canto et al. 2012), the Drought Observatory for the Tuscany Region and 
the Mediterranean (Magno et al. 2018), an experimental tool for Africa (Sheffield et al. 2008), 
and a recently developed dataset for South Asia (Aadhar and Mishra 2017). On a global scale, a 
few drought-monitoring tools are also available, including the global drought-monitoring sys-
tem based on the standardized precipitation–evapotranspiration index (Beguería et al. 2014), 
the Global Integrated Drought Monitoring and Prediction System (GIDMaPS; Hao et al. 2014), 
and the Global Precipitation Climatology Centre (GPCC) drought index (Ziese et al. 2014).

Drought is a complex phenomenon that involves different natural and eventually also 
human drivers. Based on both physical and socioeconomic contributing factors, drought is 
usually classified into four types: meteorological, agricultural, hydrologic, and socioeconomic 
(Wilhite and Glantz 1985). Meteorological droughts are apparent after a period of time with 
a deficiency of precipitation (Wilhite et al. 2014). Agricultural drought is generally identified 
by soil-moisture deficit, while hydrologic drought is related to surface or subsurface water 
deficit. Finally, the socioeconomic type considers drought in terms of supply and demand, 
evaluating the impacts of a water deficit on socioeconomic systems (Van Loon et al. 2016). 
In this study we focus on precipitation deficits through the standardized precipitation index 
(SPI; McKee et al. 1993), suggested by the World Meteorological Organization as a starting 
point for meteorological drought monitoring (WMO 2012).

The quality of data available in real-time data are still a constraint in global drought moni-
toring (Pulwarty and Sivakumar 2014), and a common shortcoming of all the available data-
sets is that they usually do not quantify the inherent uncertainty (with few exceptions, see, 
for example, Hersbach et al. 2020; Cornes et al. 2018; Frei and Isotta 2019). All the real-time 
climate products have inherent uncertainties, originating mainly from data-quality issues, pe-
riods of data unavailability, and/or poor spatial coverage of observations (Tapiador et al. 2017; 
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Sun et al. 2018). These challenges are especially pronounced when observations are needed 
for drought monitoring in near–real time as less time is available to retrieve and control the 
observations. Moreover, gridded datasets, which are the main source for drought monitor-
ing, have a number of potential inaccuracies and errors (Dunn et al. 2014; Beck et al. 2017; 
Sun et al. 2018; Beck et al. 2019b). Generally, interpolation errors and uncertainties increase 
as the network density decreases, especially for variables with shorter spatial decorrelation 
scales (e.g., precipitation), and the quality degrades in areas of complex terrain. For instance, 
although the GPCC uses the largest number of stations worldwide (more than 85,000 from 
different sources) to produce different gridded precipitation products (including the GPCC 
drought index), it has spatial representativeness problems since the stations are heteroge-
neously distributed and their number is not constant over time (Ziese et al. 2014). Satellite 
observations provide new opportunities for climate monitoring with a more homogeneous 
and consistent spatial coverage. However, as precipitation cannot be directly measured by 
satellites, the estimates are also affected by uncertainties related to conversion/transfer func-
tions (AghaKouchak et al. 2015). In addition, satellite data are affected by retrieval error and 
biases (exacerbated when considering extremes) and their relatively short lengths of records 
can limit their applications (Mu et al. 2013; Maidment et al. 2017; Ceglar et al. 2017). To try 
to alleviate these problems, a number of datasets combine rain gauge analyses with satellite 
estimates in order to reduce the biases. Note, however, that gridded precipitation estimates 
themselves are subject to substantial uncertainty (Herold et al. 2016). Finally, reanalyses 
(here referring to atmospheric models that assimilate a set of observations) provide physically 
consistent estimates of climate variables with temporal continuity and spatial homogeneity 
(Kalnay et al. 1996). However, uncertainties in the assimilated observations and the model 
limitations influence the quality of the estimates generated by the reanalyses (Parker 2016; 
Buizza et al. 2018).

Despite the growing number of climate datasets and studies analyzing these data [for 
instance the review of Sun et al. (2018) compares 30 currently available global precipitation 
datasets], a global assessment of meteorological datasets covering the last three decades 
and providing data in near–real time is still missing. A careful assessment of these datasets 
could help to characterize the uncertainties relevant to meteorological drought, a crucial 
step in translating data into actionable information for making decisions. A strategy to deal 
with these uncertainties comes from weather/climate prediction studies: using an ensemble 
of observations/reanalysis to quantify the observational agreement among its members 
(Dutra et al. 2014a; Mo and Lettenmaier 2014; Massonnet et al. 2016).

The objectives of this paper are as follows: (i) to assess the quality of the datasets available 
in near–real time for meteorological drought monitoring at the global scale (gridded observa-
tions, state-of-the-art reanalyses, and mixed products obtained by merging gauge observations 
with satellite estimates); and (ii) to describe the development of Drought Probabilistic (DROP), 
a new probabilistic monitoring tool, in which an ensemble of observation-based datasets is 
used to obtain real-time estimates and their associated uncertainties.

Data and methods
DROP underlying data and methodology. Figure 1 schematically illustrates the three main 
steps in producing the DROP dataset. First, we search for all the available precipitation 
data that are currently publicly available, covering at least the last three decades (drought 
monitoring requires an extended record of observations in order to calculate anomalies that 
can be used to identify drought events), and that are updated every month, that is, that are 
available in near–real time. Ten datasets satisfy the abovementioned requirements (Table 1). 
Three of these datasets are based exclusively on interpolated station observations [CPC, 
GPCC, and  Precipitation Reconstruction over Land (PREC/L)], four are based exclusively on 
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reanalysis data (ERA5, JRA-55, 
NCEP, and MERRA-2), and three 
datasets combine gauge and 
satellite data [Climate Anomaly 
Monitoring System–OLR Pre-
cipitation Index (CAMS_OPI), 
Climate Hazards Group Infrared 
Precipitation with Station data 
(CHIRPS), and GPCP].

Next, we calculate the SPI 
(McKee et al. 1993) for each 
dataset. SPI is a transformation 
of the accumulated precipita-
tion values over a specific time 
scale (here over 1, 3, 6, and  
12 months) into a standard 
Gaussian distribution with 
mean 0 and standard devia-
tion 1. Positive values indicate 
surplus of rainfall, whereas 
negative values identify dry con-
ditions relative to the long-term 
climatology. The SPI has been 
widely used for meteorological 
drought studies and is recom-
mended for this purpose by the 
World Meteorological Organiza-
tion (WMO 2012). This index has 
several advantages compared 
to other indicators: it is easy to 
compute, since it requires only 
precipitation as an input vari-
able; it is flexible, since it can 
be computed for different time 
scales; it is spatially consistent because the product is standardized and so may be compared 
equally well anywhere in space. Besides, since the standardization in the SPI uses its own 
climatology, it adjusts for bias in mean and variability of precipitation. However, it has also 
a weakness the user needs to take into account: SPI cannot directly identify the role of other 
variables (e.g., temperature, humidity, solar radiation, or wind speed) in drought conditions. 
The SPI transformation is applied to each dataset, resulting in an ensemble of 10 SPI estimates.

Finally, each dataset constitutes a member of the ensemble. DROP uses the calculated SPI 
for all ensemble members to provide drought information in a variety of ways. DROP is a new 
global land gridded dataset that provides different layers: the ensemble mean, the ensemble 
spread, the drought warning, and the confidence level of drought. The most basic informa-
tion is the ensemble mean for users interested in the magnitude of the SPI. Importantly, in 
order to guarantee the same statistical characteristics of the SPI, the ensemble mean of the 
different SPI estimates has been rescaled (obtained by defining an anomaly by subtracting 
the long-term mean from the original series and dividing the anomaly by its long-term stan-
dard deviation) to retain the unit standard deviation (as recommended by Dutra et al. 2014b).  
An estimation of the uncertainty around the ensemble mean is provided by the ensemble 

Fig. 1. Schematic view illustrating the steps implemented to generate 
the DROP monitoring dataset.
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spread (i.e., the standard deviation). DROP also provides a simple color-coded drought warning 
based on a combination of uncertainty and severity as indicated in Table 2. This approach, 
based on the guidelines for disaster management of the European Commission (EC; EC 2010), 
allows users to focus on areas where there is high confidence of severe drought (highlighted 
in red colors), or where there is high confidence of moderate drought/moderate confidence of 
severe drought (orange) or where there is either high confidence of abnormally dry conditions 
or low confidence of severe drought (yellow). In addition to this simple colored warning system, 
DROP provides also the full confidence level of having (at least) moderate drought, thus giving 
a more detailed illustration of the drought uncertainty. Specifically, the confidence level to 
observe moderate drought is determined from the fraction of members having SPI < −0.8 [i.e., the 
SPI threshold to have moderate drought according to Svoboda et al. (2002); see also Table ES1  
in the online supplement (https://doi.org/10.1175/BAMS-D-19-0192.2)]. It is worth noting that 
several thresholds can be implemented and tested. High percentages of drought occurrence 
indicate a high degree of confidence of observing drought among all the available datasets.

DROP evaluation. Different drought types (e.g., agricultural, hydrological) are often linked 
with below-normal levels of groundwater, soil moisture, and streamflow and, although 
different processes are involved, it is expected some degree of correlation between SPI 

Table 1. Description of the datasets used in this study.

DROP members

Dataset Availability Resolution Reference Source

CAMS_OPI 1979–near present; 
global

Monthly; 2.5° Janowiak and Xie (1999) www.cpc.ncep.noaa.gov/products/global_precip/
html/wpage.cams_opi.html

CHIRPS 1981–near present; 
50°S–50°N

Monthly; 0.05° Funk et al. (2015) https://chc.ucsb.edu/data/chirps

CPC 1979–near present; 
global

Monthly; 0.5° Chen et al. (2008) www.esrl.noaa.gov/psd/data/gridded/data.cpc.
globalprecip.html

ERA5 (ensemble  
mean)

1979–near present; 
global

Monthly data; 0.25° Hersbach et al. (2020) www.ecmwf.int/en/forecasts/datasets/archive-datasets/
reanalysis-datasets/era5

GPCC 1891–near present; 
global

Monthly data; 2.5° Becker et al. (2013) www.dwd.de/EN/ourservices/gpcc/gpcc.html

GPCP (V2.3) 1979–near present; 
global

Monthly; 2.5° Adler et al. (2018) http://eagle1.umd.edu/GPCP_ICDR/

JRA-55 1958–near present; 
global

3-hourly data; 
T319L60

Kobayashi et al. (2015) http://jra.kishou.go.jp/JRA-55/index_en.html

MERRA-2 1980–2016; global Hourly; 0.5° × 
0.625°

Gelaro et al. (2017) https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2/

NCEP 1979–near present; 
global

Monthly data; 2.5° Kanamitsu et al. (2002) www.esrl.noaa.gov/psd/data/gridded/data.ncep.
reanalysis2.html

PREC/L 1948–near present; 
global

Monthly; 2.5° Chen et al. (2002) www.esrl.noaa.gov/psd/data/gridded/data.precl.html

References datasets

MSWEP v2.1 1979–2016; global 3-hourly; 0.1° Beck et al. (2019a) www.gloh2o.org/

ESA CCI Soil Moisture 
v04.5

1978–2018; global Daily; 0.25° Gruber et al. (2019); 
Dorigo et al. (2017);  
Gruber et al. (2017)

www.esa-soilmoisture-cci.org/

GRACE drought  
severity index (GRACE)

April 2002–June 
2017; global

Monthly; 0.5° Zhao et al. (2017) https://www.ess.uci.edu/~velicogna/drought 
_documentation.php

Global Streamflow  
and Metadata  
Archive (GSIM)

1981–2016; global Yearly; stations Do et al. (2018); 
Gudmundsson et al.  
(2018)

https://doi.pangaea.de/10.1594/PANGAEA.887477
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(as a measure of meteoro-
logical drought) and these 
variables (Dai 2011a). Thus, 
following Dai et al. (2004) and 
Dai (2011b), we evaluate the 
quality of the DROP dataset 
against the independent data 
of the European Space Agency 
soil moisture dataset (Gruber 
et al. 2019; Dorigo et al. 2017; 
Gruber et al. 2017), of the ter-
restrial water storage changes from the Gravity Recovery and Climate Experiment (GRACE; 
Zhao et al. 2017) and of the Global Streamflow and Metadata Archive (GSIM; Do et al. 2018; 
Gudmundsson et al. 2018), a global collection of streamflow time series.

We also consider the Multi-Source Weighted-Ensemble Precipitation (MSWEP) (v2.1; 
Beck et al. 2019a) precipitation dataset for the evaluation, but not as a DROP ensemble mem-
ber as it is not available in near–real time. Recent studies comparing several precipitation 
datasets have shown that it provides the best overall performance (Beck et al. 2017, 2019b; 
Xu et al. 2019), which is also confirmed by our assessment that compares all the datasets 
against the independent data (see “Results and discussion” section). Currently, MSWEP is 
the only global precipitation dataset at high spatial resolution (0.1° resolution) obtained by 
merging a rain gauges, satellite, and reanalysis estimates (Beck et al. 2019a).

To compare the various gridded datasets, their precipitation values are remapped (first-
order conservative remapping; Jones 1999) from their original resolution to the coarsest grid 
of the available datasets, defined by GPCP (2.5° × 2.5°).

We evaluate different attributes (Murphy 1993) of the DROP quality: degree of association 
between the ensemble mean and the reference datasets through the Pearson’s r correlation 
coefficient; accuracy by the mean absolute error; reliability through the reliability diagram 
(Weisheimer and Palmer 2014); and resolution by the relative operating characteristic (ROC) plot 
(Mason and Graham 2002). The details of the verification strategy are provided in the appendix.

Results and discussion
Deterministic assessment. Figure 2 shows the strong agreement between the DROP dataset 
and the MSWEP precipitation dataset, with most of the grid cells showing high and statistically 
significant correlations (but note that there are extended regions in Africa and South America 
where the correlation values are lower, although still statistically significant). Furthermore, 
DROP shows extensive regions with statistically significant correlations against soil moisture, 
being the highest values mainly clustered in the United States, southern and eastern Europe, 
central and southern Asia, northern and southern Africa, eastern and southern South America, 
and Australia. Over most land areas, DROP is positively and statistically significant correlated 
with the variations in GRACE total water storage. Furthermore, around 90% (336 of 378) of 
the streamflow data show positive and statistically significant correlations with DROP.

Of course, the links between precipitation-related indices and other hydrological variables 
are limited due to the complex processes involved (nature and human-based). However, the 
comparison between all the SPI12 gridded datasets and these variables offers insight on the 
quality of the former data. Figure 3 summarizes the results for all datasets and variables 
considered. Generally, all datasets show relatively high correlation values in most grid cells 
against the MSWEP dataset (Fig. 3a and Fig. ES1), with more than half of the grid cells having 
correlation values above 0.7. Of the individual members, CHIRPS, GPCC, and GPCP demon-
strate the best performance, with more than half of the grid cells having correlation values 

Table 2. This drought-risk matrix indicates the colors used to plot the 
drought warning levels. For example, yellow could reflect either a high 
confidence of abnormally dry conditions or a low confidence of a severe 
drought.
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above 0.8. DROP systemati-
cally outperforms the individual 
products, especially reducing 
the spread in the verification 
metrics, improving, in particu-
lar, the agreement in regions 
with the lowest skill (Fig. ES1). 
The high quality of DROP is also 
confirmed by the mean absolute 
error (MAE) metric (Fig. ES2). 
Generally, all the datasets show 
relatively low MAE values in 
most grid cells, with more than 
half of them having MAE less 
than 0.6. DROP reduces the 
MAE of the individual mem-
bers, with more than half of the 
grid cells having MAE less than 
0.35. This verification has been 
performed using the SPI12, 
but similar results have been 
obtained with SPI1, SPI3, and 
SPI6 (see Fig. ES2).

Fig. 3. Validation of SPI12 from all gridded datasets. Boxplots of the 
spatial distribution sample over all grid cells of the correlation values 
against (a) MSWEP, (b) ESA CCI Soil Moisture, (c) GRACE, and (d) GSIM. The 
median is shown as a solid line, the boxes indicate the 25th–75th-percen-
tile range, and the whiskers show the 2.5th–97.5th-percentile range.

a) DROP correlation with MSWEP b) DROP correlation with ESI CCI
 soil moisture

c) DROP correlation with GRACE d) DROP correlation with GSIM

Fig. 2. Validation of DROP data. Correlation of annual SPI12 values based on DROP ensemble 
mean against (a) MSWEP data, (b) ESA CCI Soil Moisture data, (c) Gravity Recovery and Climate 
Experiment (GRACE) data, and (d) Global Streamflow and Metadata Archive (GSIM) data. Points in 
(a)–(c) indicate significant correlations (p values < 0.05). Colored circles in (d) indicate significant 
correlations (p values < 0.05).

b) DROP correlation with ESI CCI
 soil moisture

a) DROP correlation with MSWEP

c) DROP correlation with GRACE d) DROP correlation with GSIM
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Considering the independent data (Figs. 3b–d and Figs. ES3–ES5), CHIRPS, ERA5, GPCC, 
and GPCP and DROP show the highest correlations, with more than half of the grid cells hav-
ing correlation values above 0.4 considering soil moisture and GRACE data, and above 0.6 
considering streamflow series. In conclusion, the magnitudes of the correlations between 
various hydrological variables clearly show that DROP is capable to monitor drought condi-
tions in different systems. The performance of DROP is very similar to MSWEP but regular 
updates allow DROP to be used as well-performing monitoring product.

Probabilistic evaluation. Due to inherent, large uncertainties in monitoring drought, a key 
added value of DROP is its provision of an estimate of these uncertainties. Figure 4a shows the 
reliability diagram for Australia for moderate drought events (SPI < −0.8; Svoboda et al. 2002) 
as an illustrative example. It compares the observed (MSWEP) relative frequency against the 
monitored (DROP) confidence of occurrence of this kind of events, providing a quick visual 
assessment of the reliability. A perfectly reliable system should draw a line as close as possible 
to the diagonal (slope equal to 1) indicating that the observed relative frequency and the DROP 
confidence of occurrence are similar. In this example the uncertainty range of the reliability line 
does not include the perfect reliability line. Actually, the slope is larger than 1, indicating that 
DROP overestimates low confidence levels (e.g., there are not events when DROP indicates 10% 
of drought confidence) and underestimates high confidence levels [e.g., the observed frequency 
in top 10% (above 0.9) do not occur in DROP]. However, it is inside the skillful Brier skill score 
(BSS) area (BSS > 0 and slope > 0), indicating that DROP is still very useful for decision-making 
(Weisheimer and Palmer 2014) in this region. In fact, the ROC diagram for the same region 
and type of event (Fig. 4b) shows that DROP has skill in terms of identifying drought occur-
rence probabilistically, since its 
curve is well above the identity 
line (where the hit rate equals 
the false alarm rate).

Figures 4c and 4d show the 
same analysis for the Amazon 
basin. In this case the spread in 
the reliability diagram is closer 
to the perfect reliability line, 
but the ROC diagram indicates a 
lower skill compared to the pre-
vious case. This was somehow 
expected, since the Amazon 
basin is a more challenging 
area for drought monitoring 
than Australia, partly due to 
a lack of station observations 
(Sun et al. 2018).

To summarize the results for 
all the regions, we calculate 
the slopes of the reliability dia-
grams and the ROC area skill 
scores (and associated uncer-
tainties) and show them as 
boxplot distributions in Fig. 5. 
Figure 5a shows that the slopes 
are always positive, and in few 

Fig. 4. Probabilistic validation of DROP. (a) Reliability and (b) ROC dia-
grams for moderate drought predictions (i.e., annual SPI12 < −0.8) for the 
DROP dataset in Australia, and (c) reliability and (d) ROC diagrams for the 
Amazon basin. The shaded areas indicate the 2.5% and 97.5% confidence 
intervals calculated through 1,000 bootstrap replications. The circles in (a) 
and (c) represent the observed relative frequency of moderate drought 
events against the predicted confidence level. The inset plots in (a) and 
(c) show the number of samples for each bin of the confidence levels with 
the observed frequency of occurrence of that event; those in (b) and (d) 
show the regions analyzed (Giorgi and Francisco 2000).
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regions the spread includes the perfect reliability 
line. In most of the areas the slope is higher than 
1, indicating that DROP, although reliable, tends to 
be overconfident in those regions. Figure 5b shows 
that the ROC area skill score (ROCSS) is always larger 
than 0.5, indicating skill, and, not surprisingly, that 
the higher values are obtained in areas with good 
observational coverage (Sun et al. 2018): Australia, 
North America, Europe, and East and North Asia 
(also confirmed in Fig. ES6 that shows the correlation 
of DROP against MSWEP aggregated for the same 
regions). Similar results have been obtained consid-
ering SPI1, SPI3, and SPI6 and considering severe 
instead of moderate droughts (Figs. ES7 and ES8).

Case studies. The skill estimates based on the perfor-
mance of the system in the past may guide end users 
on the expected performance of the system in moni-
toring drought events. As illustrative applications, 
we compare the ability of DROP in monitoring two 
extreme events: Africa in 1984 and the United States 
in 2012. They represent two illustrative tests of the 
system, the former in a data-poor region and the lat-
ter in an area with very good observational coverage.

Wide areas in Africa experienced extreme drought 
conditions in 1984, including many regions in east-
ern, western, and southern Africa, resulting in one 
of the worst humanitarian disasters of the twentieth 
century (Naumann et al. 2014; Masih et al. 2014). 
The SPI estimated by the MSWEP dataset (Figs. 6a,b) 
indicates extended drought areas with SPI reaching 
values below −2, that is, exceptional drought condi-
tions [according to Svoboda et al. (2002) and Table 
ES1]. The spatial pattern of the drought severity de-
picted by the DROP ensemble mean (Fig. 6c) resembles the pattern of MSWEP (Fig. 6a). The 
DROP ensemble spread (Fig. 6d) clearly points to large uncertainty in most of the regions, 
thus indicating that normal and drought conditions could be equally likely and highlighting 
the challenge of monitoring and alert systems. Figure 6e shows the DROP warning-level map. 
Most of the continent shows yellow to red color (i.e., low, medium, and high drought warning 
levels, respectively), indicating the large spatial extent of this drought event. This map allows 
users to focus on the areas where there is higher confidence in the severity of the drought 
conditions. For instance, red colors indicate high agreement among the ensemble members 
of having SPI < −1.3, that is, a severe drought. The warning-level “medium” instead reflects 
either high confidence of moderate drought or low-to-medium confidence of a severe drought. 
Finally, the DROP confidence level to have SPI lower than −0.8 is plotted in Fig. 6f. The area 
where the values are larger than 60% (brown colors) are generally consistent with the area 
where the MSWEP indicates the most extreme drought conditions. Thus, a generally consistent 
pattern emerges from the analysis of the available data, further supporting the robustness of 
DROP. Clearly, results for individual grid points should be considered with caution. Figure 7 
shows the drought evolution associated with a pixel in central Africa (identified by an arrow 

Fig. 5. Probabilistic validation of DROP over all 
the  regions (Giorgi and Francisco 2000). Boxplots 
of (a) the reliability measured as the slope of the 
regression line of the reliability diagrams for all 
the regions of the study for moderate (i.e., annual 
SPI12 < −0.8) drought events and (b) the ROCSS val-
ues. The median is shown as a solid line, the boxes 
indicate the 25th–75th-percentile range, while the 
whiskers show the 2.5th–97.5th-percentile range.
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in Fig. 6c), elucidating how the uncertainties can be very large (see also Fig. ES9 that shows 
large uncertainties also aggregating the data over a larger region instead of a single pixel). 
While MSWEP estimates moderate drought conditions for the entire period here considered, 
DROP does only for some months. Among the individual members, the spread is very large, 
with some datasets indicating extreme droughts and others indicating wet conditions. Finally, 
a large uncertainty affects the estimated end of this drought event. The consistent increase 
in SPI values between March and September 1985 among the majority of the datasets (the 
exception being MSWEP, which shows moderate drought conditions during this period) in-
dicates that the attenuation of the drought likely started in mid-1985. A recently developed 
global database of meteorological drought events (Spinoni et al. 2019) also shows that in 
the middle of 1985 SPI12 tended toward normal conditions. This case study illustrates that 
MSWEP, despite being a dataset with an overall good quality, is also affected by uncertain-
ties, especially in areas with limited observations. This further emphasizes the importance 
of ensembles of monitoring datasets for drought-alert systems.

A second case study is shown in Fig. 8. The central United States experienced in 2012 
one of the most severe droughts since the start of the observational records, with estimated 

Fig. 6. Drought case study map. Observed 12-month SPI for 1984 (representing the rainfall during the 
period January–December 1984) in Africa considering (a) the MSWEP value, (b) the observed drought 
conditions based on MSWEP data [as defined in Svoboda et al. (2002) and Table ES1], (c) DROP ensemble 
mean, (d) SPI ensemble spread, (e) warning-level map defined according to Table 2, and (f) the confidence 
level for moderate drought occurrence (i.e., SPI < −0.8). The time series derived for the pixel indicated by 
an arrow in (c) is shown in Fig. 7.
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losses of $12 billion and severe impacts on agricultural production (Hoerling et al. 2014; 
Spinoni et al. 2019). The agreement between MSWEP and DROP is very high as both show a vast 
area of central United States under severe to exceptional drought conditions. The low spread 
reflects the fact that individual members show similar values in the identified region with 
“high” warning level (highlighted in red colors) and with the confidence of more than 80% to 
have drought conditions. Also the temporal evolution of this drought event in a particular grid 
point shows a relatively low uncertainty (Fig. 9), at least compared with the previous African 
case study (see also Fig. ES9). However, uncertainties also affect the estimated onset of the 
event, with some spread between April and June 2012. According to Hoerling et al. (2014), the 
drought event started in May 2012, but based on Spinoni et al. (2019), it started in June 2012. 
Similarly, there is large spread on the drought end. Most of the datasets, including MSWEP and 
the ensemble mean of DROP, indicate values larger than −0.8 since May 2014, in agreement with 
Spinoni et al. (2019) (that estimate that the drought ended between February and May 2014).

Conclusions
We present DROP, a new global probabilistic precipitation-based dataset for monitoring and 
early warning of meteorological drought events. DROP is operationally updated every monthly 
and provides probabilistic information in near–real time, that is, up to the previous month. 
An ensemble approach, similarly to weather/climate prediction studies, is used by DROP, 
where the members represent the available observations-based products. We have shown the 
importance of having an ensemble-based probabilistic approach in near-real-time monitoring 
systems, aimed at providing the best possible information for planning and acting to reduce 
the potential impacts (e.g., crop losses, increased fire risk). Indeed, DROP could become an 
important tool to inform end users across a range of socioeconomic sectors (e.g., energy and 
water management, insurance, agriculture, fire risk).

DROP is publicly available online (www.um.es/gmar/projects/predfire.html). Users can retrieve 
the estimated SPI indices of the ensemble mean of DROP and drought confidence levels. All 
codes used in the production of DROP are also freely available, via the DROP archive, which 
ensures adherence to the Enabling Findable, Accessible, Interoperable and Reusable (FAIR) 
Data Project for Earth-science research (www.copdess.org/enabling-fair-data-project/).

MSWEP

Fig. 7. Drought case study time series: Africa. Times series evolution of the observed 12-month SPI consid-
ering the individual ensemble members (in gray), the DROP ensemble mean (in green), and the MSWEP 
data (in orange). Location: latitude = 13.75°, longitude = 26.25°.

Unauthenticated | Downloaded 02/12/21 04:43 PM UTC



A M E R I C A N  M E T E O R O L O G I C A L  S O C I E T Y O C TO B E R  2 0 2 0 E1639

In the future, we may see development of more refined specific monitoring systems at 
regional scales where high-resolution data are available, and of more sophisticated methods 
(including other climatic variables, such as evaporative demand or soil moisture) to monitor 
other types of drought (e.g., agricultural drought). For this, it is worth noting that the recently 
developed ERA5 (Hersbach 2020) offers an ensemble that could be beneficial in estimating 
uncertainty of different climate variables relevant for drought monitoring (while for DROP 
we use the ensemble mean of only one variable, the precipitation).

In addition, DROP may serve as a basis for model evaluation (it is worth noting that 
verification of climate predictions generally neglect uncertainties in observations; 
Massonnet et al. 2016; Bellprat et al. 2017) and to provide initial conditions for improving 
seasonal forecasts.

The powerful impacts of droughts necessitate a move from postcrisis to preimpact drought-
risk management (Wilhite et al. 2014) and points to the need for innovative solutions providing 
the full range of information. We believe DROP contributes to address this need.

Fig. 8. Drought case study map. Observed 12-month SPI for 2012 (representing the rainfall during the 
period January–December 2012) in North America considering (a) the MSWEP value, (b) the observed 
drought conditions based on MSWEP data [as defined in Svoboda et al. (2002) and Table ES1], (c) DROP 
ensemble mean, (d) SPI ensemble spread, (e) warning-level map defined according to Table 2, and (f) the 
confidence level for moderate drought occurrence (i.e., SPI < −0.8). The time series derived for the pixel 
indicated by an arrow in (c) is shown in Fig. 9.
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Appendix: Details of the drop development and verification
Here we describe in more detail the approach followed to develop and evaluate the DROP 
dataset.

We computed SPI using the implementation of the R package SPEI (Beguería and  
Vicente-Serrano 2013), that is, by fitting the precipitation series to a gamma distribution 
in accord with by the procedure recommended by the World Meteorological Organization 
(WMO 2012).

We computed the Pearson correlation coefficients between all the gridded datasets avail-
able in near–real time (including the ensemble mean of the 10 individual datasets) and the 
references datasets for each grid point. Specifically, we compare (i) the annual mean annual 
soil moisture (Gruber et al. 2019; Dorigo et al. 2017; Gruber et al. 2017) and the SPI12; (ii) the 
monthly GRACE drought severity index (Zhao et al. 2017) and the SPI12 over the common 
period April 2002–December 2016 (following Cammalleri et al. 2019); and (iii) the annual 
observed GSIM streamflow (Do et al. 2018; Gudmundsson et al. 2018) and the basin-averaged 
SPI12 (rescaled in order to preserve the unit standard deviation). The GSIM collects 30,959 
time series. We consider only the stations with over 90% of valid data during the study period 
and whose basins contain at least one pixel of the 2.5° grid, resulting in a set of 378 gauges.  

MSWEP

Fig. 9. Drought case study time series: North America. Times series evolution of the observed 12-month 
SPI considering the individual ensemble members (in gray), the DROP ensemble mean (in green), and the 
MSWEP data (in orange). Location: latitude = 41.25°, longitude −101.25°.
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We estimated the significance level of correlation using the Student distribution with  
N degrees of freedom, N being the effective number of independent data calculated following 
the method described in Von Storch and Zwiers (2001). We also compute the MAE between 
all the gridded datasets available in near–real time (including the ensemble mean of the  
10 individual datasets) and the MSWEP data for each grid point.

We computed the reliability diagrams, a common diagnostic of probabilistic forecasts that 
shows for a specific event (e.g., moderate drought) the correspondence of the DROP confidence 
levels with the reference frequency (here based on MSWEP data) of occurrence of that event 
(Weisheimer and Palmer 2014). We also included the weighted linear regression through the 
points in our diagrams using the number of DROP values in each confidence bin as weights 
(following Weisheimer and Palmer 2014).

We consider the ROCSS based on the ROC diagram. ROC shows the hit rate (i.e., the relative 
number of times a DROP event actually occurred, based on MSWEP) against the false alarm 
rate (i.e., the relative number of times an event was indicated by DROP but did not eventuate) 
for different potential decision thresholds (Mason and Graham 2002).

To increase the sample size, the reliability diagrams and the ROC are computed by pooling 
all the grid points together over large regions (see Dutra et al. 2014a), following the proce-
dure recommended by the WMO (WMO 2010). Specifically, for moderate drought events (i.e., 
SPI < −0.8), we calculate the confidence levels using the ensemble members’ distribution. 
Then, we group these levels into bins (here five of width 0.2) and count the observed occur-
rences and non-occurrences. Finally, we sum these counts for all area-weighted grid points 
in each region. We estimate the uncertainties in the reliability slopes and the ROCSS using 
bootstrap resampling, where the DROP and MSWEP pairs are drawn randomly with replace-
ment 1,000 times and new confidence levels and observed occurrences are calculated. The 
confidence interval is defined by the 2.5th and the 97.5th percentiles of the ensemble of the 
1,000 bootstrap replications. To account for the spatial dependence structure of the data, 
we use the same resampling sequence for all grid points within each bootstrap iteration [see 
also Turco et al. (2017b) for an application of the verification approach applied to seasonal 
drought forecasts].

Unauthenticated | Downloaded 02/12/21 04:43 PM UTC



A M E R I C A N  M E T E O R O L O G I C A L  S O C I E T Y M O N T H  Y E A R E1642

References

Aadhar, S., and V. Mishra, 2017: High-resolution near real-time drought monitoring 
in South Asia. Sci. Data, 4, 170145, https://doi.org/10.1038/sdata.2017.145.

Adler, R. F., and Coauthors, 2018: The Global Precipitation Climatology Project 
(GPCP) monthly analysis (new version 2.3) and a review of 2017 global pre-
cipitation. Atmosphere, 9, 138, https://doi.org/10.3390/atmos9040138.

AghaKouchak, A., A. Farahmand, F. Melton, J. Teixeira, M. Anderson, B. D. Wardlow,  
and C. Hain, 2015: Remote sensing of drought: Progress, challenges 
and opportunities. Rev. Geophys., 53, 452–480, https://doi.org/10.1002/ 
2014RG000456.

Beck, H. E., and Coauthors, 2017: Global-scale evaluation of 22 precipitation  
datasets using gauge observations and hydrological modeling. Hydrol. Earth 
Syst. Sci., 21, 6201–6217, https://doi.org/10.5194/hess-21-6201-2017.

—, E. F. Wood, M. Pan, C. K. Fisher, D. G. Miralles, A. I. van Dijk, T. R. McVicar, 
and R. F. Adler, 2019a: MSWEP v2 global 3-hourly 0.1 precipitation: Method-
ology and quantitative assessment. Bull. Amer. Meteor. Soc., 100, 473–500, 
https://doi.org/10.1175/BAMS-D-17-0138.1.

—, and Coauthors, 2019b: Daily evaluation of 26 precipitation datasets us-
ing stage-IV gauge-radar data for the CONUS. Hydrol. Earth Syst. Sci., 23, 
207–224, https://doi.org/10.5194/hess-23-207-2019.

Becker, A., P. Finger, A. Meyer-Christoffer, B. Rudolf, K. Schamm, U. Schneider, and 
M. Ziese, 2013: A description of the global land-surface precipitation data 
products of the Global Precipitation Climatology Centre with sample applica-
tions including centennial (trend) analysis from 1901–present. Earth Syst. Sci. 
Data, 5, 71–99, https://doi.org/10.5194/essd-5-71-2013.

Beguería, S., and S. M. Vicente-Serrano, 2013: SPEI: Calculation of the stan-
dardised precipitation-evapotranspiration index, version 1.6. R package, 
https://cran.r project.org/web/packages/SPEI/SPEI.pdf.

—, —, F. Reig, and B. Latorre, 2014: Standardized precipitation evapotrans-
piration index (SPEI) revisited: Parameter fitting, evapotranspiration models, 
tools, datasets and drought monitoring. Int. J. Climatol., 34, 3001–3023, 
https://doi.org/10.1002/joc.3887.

Bellprat, O., F. Massonnet, S. Siegert, C. Prodhomme, D. Macias-Gómez, V. Guemas,  
and F. Doblas-Reyes, 2017: Uncertainty propagation in observational refer-
ences to climate model scales. Remote Sens. Environ., 203, 101–108, https://
doi.org/10.1016/j.rse.2017.06.034.

Buizza, R., and Coauthors, 2018: Advancing global and regional reanalyses. 
Bull. Amer. Meteor. Soc., 99, ES139–ES144, https://doi.org/10.1175/BAMS-
D-17-0312.1.

Cammalleri, C., P. Barbosa, and J. V. Vogt, 2019: Analysing the relationship be-
tween multiple-timescale SPI and grace terrestrial water storage in the 
framework of drought monitoring. Water, 11, 1672, https://doi.org/10.3390/
w11081672.

Ceglar, A., A. Toreti, G. Balsamo, and S. Kobayashi, 2017: Precipitation over mon-
soon Asia: A comparison of reanalyses and observations. J. Climate, 30, 465–
476, https://doi.org/10.1175/JCLI-D-16-0227.1.

Chen, M., P. Xie, J. E. Janowiak, and P. A. Arkin, 2002: Global land precipitation: 
A 50-yr monthly analysis based on gauge observations. J. Hydrometeor., 3, 
249–266, https://doi.org/10.1175/1525-7541(2002)003<0249:GLPAYM>2.0.
CO;2.

—, W. Shi, P. Xie, V. B. Silva, V. E. Kousky, R. Wayne Higgins, and J. E. Janowiak,  
2008: Assessing objective techniques for gauge-based analyses of global 
daily precipitation. J. Geophys. Res., 113, D04110, https://doi.org/10.1029/ 
2007JD009132.

Cornes, R. C., G. van der Schrier, E. J. van den Besselaar, and P. D. Jones, 2018:  
An ensemble version of the E-OBS temperature and precipitation data 
sets. J. Geophys. Res. Atmos., 123, 9391–9409, https://doi.org/10.1029/ 
2017JD028200.

Dai, A., 2011a: Characteristics and trends in various forms of the Palmer drought 
severity index during 1900–2008. J. Geophys. Res., 116, D12115, https://doi.
org/10.1029/2010JD015541.

—, 2011b: Drought under global warming: A review. Wiley Interdiscip. Rev.: 
Climate Change, 2, 45–65, https://doi.org/10.1002/wcc.81.

—, K. E. Trenberth, and T. Qian, 2004: A global dataset of Palmer drought se-
verity index for 1870–2002: Relationship with soil moisture and effects of 
surface warming. J. Hydrometeor., 5, 1117–1130, https://doi.org/10.1175/
JHM-386.1.

Do, H. X., L. Gudmundsson, M. Leonard, and S. Westra, 2018: The Global Stream-
flow Indices and Metadata Archive (GSIM)—Part 1: The production of a daily 
streamflow archive and metadata. Earth Syst. Sci. Data, 10, 765–785, https://
doi.org/10.5194/essd-10-765-2018.

Dorigo, W., and Coauthors, 2017: ESA CCI soil moisture for improved Earth 
system understanding: State-of-the art and future directions. Remote Sens.  
Environ., 203, 185–215, https://doi.org/10.1016/j.rse.2017.07.001.

Dunn, R., M. Donat, and L. Alexander, 2014: Investigating uncertainties in global 
gridded datasets of climate extremes. Climate Past, 10, 2171–2199, https://
doi.org/10.5194/cp-10-2171-2014.

Dutra, E., F. Wetterhall, F. D. Giuseppe, G. Naumann, P. Barbosa, J. Vogt, W. Pozzi, 
and F. Pappenberger, 2014a: Global meteorological drought—Part 1: Prob-
abilistic monitoring. Hydrol. Earth Syst. Sci., 18, 2657–2667, https://doi.
org/10.5194/hess-18-2657-2014.

—, and Coauthors, 2014b: Global meteorological drought—Part 2: Seasonal 
forecasts. Hydrol. Earth Syst. Sci., 18, 2669–2678, https://doi.org/10.5194/
hess-18-2669-2014.

EC, 2010: Commission staff working paper: Risk assessment and mapping guide-
lines for disaster management. EC Rep. SEC (2010) 1626, 43 pp., http://ec. 
europa.eu/echo/files/about/COMM_PDF_SEC_2010_1626_F_staff_working_
document_en.pdf.

Frei, C., and F. A. Isotta, 2019: Ensemble spatial precipitation analysis from rain 
gauge data: Methodology and application in the European Alps. J. Geophys. 
Res. Atmos., 124, 5757–5778, https://doi.org/10.1029/2018JD030004.

Funk, C., and Coauthors, 2015: The climate hazards infrared precipitation with 
stations—A new environmental record for monitoring extremes. Sci. Data, 2, 
150066, https://doi.org/10.1038/sdata.2015.66.

Gelaro, R., and Coauthors, 2017: The Modern-Era Retrospective Analysis for Re-
search and Applications, version 2 (MERRA-2). J. Climate, 30, 5419–5454, 
https://doi.org/10.1175/JCLI-D-16-0758.1.

Gillette, H., 1950: A creeping drought under way. Water Sewage Works, 97, 
104–105.

Giorgi, F., and R. Francisco, 2000: Uncertainties in regional climate change predic-
tion: A regional analysis of ensemble simulations with the HadCM2 coupled 
AOGCM. Climate Dyn., 16, 169–182, https://doi.org/10.1007/PL00013733.

Gruber, A., W. A. Dorigo, W. Crow, and W. Wagner, 2017: Triple collocation-based 
merging of satellite soil moisture retrievals. IEEE Trans. Geosci. Remote Sens., 
55, 6780–6792, https://doi.org/10.1109/TGRS.2017.2734070.

—, T. Scanlon, R. Schalie, W. Wagner, and W. Dorigo, 2019: Evolution of the ESA 
CCI soil moisture climate data records and their underlying merging meth-
odology. Earth Syst. Sci. Data, 11, 717–739, https://doi.org/10.5194/essd-11-
717-2019.

Gudmundsson, L., H. Do, M. Leonard, and S. Westra, 2018: The Global Streamflow 
Indices and Metadata Archive (GSIM)—Part 2: Quality control, time-series 
indices and homogeneity assessment. Earth Syst. Sci. Data, 10, 787–804, 
https://doi.org/10.5194/essd-10-787-2018.

Hao, Z., A. AghaKouchak, N. Nakhjiri, and A. Farahmand, 2014: Global Integrated 
Drought Monitoring and Prediction System. Sci. Data, 1, 140001, https://doi.
org/10.1038/sdata.2014.1.

—, X. Yuan, Y. Xia, F. Hao, and V. P. Singh, 2017: An overview of drought 
monitoring and prediction systems at regional and global scales. Bull. Amer.  
Meteor. Soc., 98, 1879–1896, https://doi.org/10.1175/BAMS-D-15-00149.1.

Herold, N., L. Alexander, M. Donat, S. Contractor, and A. Becker, 2016: How 
much does it rain over land? Geophys. Res. Lett., 43, 341–348, https://doi.
org/10.1002/2015GL066615.

Unauthenticated | Downloaded 02/12/21 04:43 PM UTC



A M E R I C A N  M E T E O R O L O G I C A L  S O C I E T Y M O N T H  Y E A R E1643

Hersbach, H., and Coauthors, 2020: The ERA5 global reanalysis. Quart. J. Roy. 
Meteor. Soc., 146, 1999–2049, https://doi.org/10.1002/qj.3803.

Hoerling, M., J. Eischeid, A. Kumar, R. Leung, A. Mariotti, K. Mo, S. Schubert, and 
R. Seager, 2014: Causes and predictability of the 2012 Great Plains drought. 
Bull. Amer. Meteor. Soc., 95, 269–282, https://doi.org/10.1175/BAMS-
D-13-00055.1.

Janowiak, J. E., and P. Xie, 1999: CAMS–OPI: A global satellite–rain gauge merged 
product for real-time precipitation monitoring applications. J. Climate, 12, 
3335–3342, https://doi.org/10.1175/1520-0442(1999)012<3335:COAGSR>
2.0.CO;2.

Jones, P. W., 1999: First- and second-order conservative remapping schemes for 
grids in spherical coordinates. Mon. Wea. Rev., 127, 2204–2210, https://doi.
org/10.1175/1520-0493(1999)127<2204:FASOCR>2.0.CO;2.

Kalnay, E., and Coauthors, 1996: The NCEP/NCAR 40-Year Reanalysis Proj-
ect. Bull. Amer. Meteor. Soc., 77, 437–472, https://doi.org/10.1175/1520-
0477(1996)077<0437:TNYRP>2.0.CO;2.

Kanamitsu, M., W. Ebisuzaki, J. Woollen, S.-K. Yang, J. Hnilo, M. Fiorino, and  
G. Potter, 2002: NCEP–DOE AMIP-II reanalysis (R-2). Bull. Amer. Meteor. Soc., 
83, 1631–1644, https://doi.org/10.1175/BAMS-83-11-1631.

Kobayashi, S., and Coauthors, 2015: The JRA-55 Reanalysis: General specifica-
tions and basic characteristics. J. Meteor. Soc. Japan, 93, 5–48, https://doi.
org/10.2151/jmsj.2015-001.

Lawrimore, J., R. R. Heim, M. Svoboda, V. Swail, and P. J. Englehart, 2002: 
Beginning a new era of drought monitoring across North America. Bull. 
Amer. Meteor. Soc., 83, 1191–1192, https://doi.org/10.1175/1520-0477-
83.8.1191.

Magno, R., T. De Filippis, E. Di Giuseppe, M. Pasqui, L. Rocchi, and B. Gozzini, 
2018: Semi-automatic operational service for drought monitoring and fore-
casting in the Tuscany region. Geosciences, 8, 49, https://doi.org/10.3390/
geosciences8020049.

Maidment, R. I., and Coauthors, 2017: A new, long-term daily satellite-based rain-
fall dataset for operational monitoring in Africa. Sci. Data, 4, 170063, https://
doi.org/10.1038/sdata.2017.63.

Masih, I., S. Maskey, F. E. F. Mussá, and P. Trambauer, 2014: A review of droughts 
on the African continent: A geospatial and long-term perspective. Hydrol. 
Earth Syst. Sci., 18, 3635–3649, https://doi.org/10.5194/hess-18-3635-2014.

Mason, S. J., and N. E. Graham, 2002: Areas beneath the relative operating char-
acteristics (ROC) and relative operating levels (ROL) curves: Statistical signifi-
cance and interpretation. Quart. J. Roy. Meteor. Soc., 128, 2145–2166, https://
doi.org/10.1256/003590002320603584.

Massonnet, F., O. Bellprat, V. Guemas, and F. J. Doblas-Reyes, 2016: Using climate 
models to estimate the quality of global observational data sets. Science, 
354, 452–455, https://doi.org/10.1126/science.aaf6369.

McKee, T. B., N. J. Doesken, and J. Kleist, 1993: The relationship of drought fre-
quency and duration to time scales. Proc. Eighth Conf. on Applied Climatol-
ogy, Anaheim, CA, Amer. Meteor. Soc., 179–184.

Mo, K. C., and D. P. Lettenmaier, 2014: Objective drought classification using 
multiple land surface models. J. Hydrometeor., 15, 990–1010, https://doi.
org/10.1175/JHM-D-13-071.1.

—, and B. Lyon, 2015: Global meteorological drought prediction using the 
North American multi-model ensemble. J. Hydrometeor., 16, 1409–1424, 
https://doi.org/10.1175/JHM-D-14-0192.1.

Mu, Q., M. Zhao, J. S. Kimball, N. G. McDowell, and S. W. Running, 2013: A re-
motely sensed global terrestrial drought severity index. Bull. Amer. Meteor. 
Soc., 94, 83–98, https://doi.org/10.1175/BAMS-D-11-00213.1.

Murphy, A. H., 1993: What is a good forecast? An essay on the nature of good-
ness in weather forecasting. Wea. Forecasting, 8, 281–293, https://doi.
org/10.1175/1520-0434(1993)008<0281:WIAGFA>2.0.CO;2.

Naumann, G., E. Dutra, P. Barbosa, F. Pappenberger, F. Wetterhall, and J. V. Vogt, 
2014: Comparison of drought indicators derived from multiple data sets over 
Africa. Hydrol. Earth Syst. Sci., 18, 1625–1640, https://doi.org/10.5194/hess-
18-1625-2014.

Parker, W. S., 2016: Reanalyses and observations: What’s the difference? 
Bull. Amer. Meteor. Soc., 97, 1565–1572, https://doi.org/10.1175/BAMS-
D-14-00226.1.

Pozzi, W., and Coauthors, 2013: Toward global drought early warning capability: 
Expanding international cooperation for the development of a framework for 
monitoring and forecasting. Bull. Amer. Meteor. Soc., 94, 776–785, https://
doi.org/10.1175/BAMS-D-11-00176.1.

Pulwarty, R. S., and M. V. Sivakumar, 2014: Information systems in a changing cli-
mate: Early warnings and drought risk management. Wea. Climate Extremes, 
3, 14–21, https://doi.org/10.1016/j.wace.2014.03.005.

Schwalm, C. R., and Coauthors, 2017: Global patterns of drought recovery.  
Nature, 548, 202–205, https://doi.org/10.1038/nature23021.

Sepulcre-Canto, G., S. Horion, A. Singleton, H. Carrao, and J. Vogt, 2012:  
Development of a combined drought indicator to detect agricultural 
drought in Europe. Nat. Hazards Earth Syst. Sci., 12, 3519–3531, https://doi.
org/10.5194/nhess-12-3519-2012.

Sheffield, J., E. Wood, D. Lettenmaier, and A. Lipponen, 2008: Experimental 
drought monitoring for Africa. GEWEX News, Vol. 18, No. 3, International 
GEWEX Project Office, Silver Spring, MD, 4–6.

Spinoni, J., and Coauthors, 2019: A new global database of meteorological 
drought events from 1951 to 2016. J. Hydrol., 22, 100593, https://doi.org/ 
10.1016/j.ejrh.2019.100593.

Sun, Q., C. Miao, Q. Duan, H. Ashouri, S. Sorooshian, and K.-L. Hsu, 2018: A review 
of global precipitation data sets: Data sources, estimation, and intercompari-
sons. Rev. Geophys., 56, 79–107, https://doi.org/10.1002/2017RG000574.

Svoboda, M., and Coauthors, 2002: The Drought Monitor. Bull. Amer. Meteor. Soc., 
83, 1181–1190, https://doi.org/10.1175/1520-0477-83.8.1181.

Tapiador, F., and Coauthors, 2017: Global precipitation measurements for vali-
dating climate models. Atmos. Res., 197, 1–20, https://doi.org/10.1016/j.
atmosres.2017.06.021.

Toreti, A., and Coauthors, 2019: The exceptional 2018 European water see-
saw calls for action on adaptation. Earth’s Future, 7, 652–663, https://doi.
org/10.1029/2019EF001170.

Turco, M., A. Ceglar, C. Prodhomme, A. Soret, A. Toreti, and J. D.-R. Francisco, 
2017a: Summer drought predictability over Europe: Empirical versus dynami-
cal forecasts. Environ. Res. Lett., 12, 084006, https://doi.org/10.1088/1748-
9326/aa7859.

—, J. von Hardenberg, A. AghaKouchak, M. C. Llasat, A. Provenzale, and R. M. 
Trigo, 2017b: On the key role of droughts in the dynamics of summer fires in 
Mediterranean Europe. Sci. Rep., 7, 81, https://doi.org/10.1038/s41598-017-
00116-9.

—, S. Jerez, F. J. Doblas-Reyes, A. AghaKouchak, M. C. Llasat, and A. Provenzale, 
2018: Skilful forecasting of global fire activity using seasonal climate predic-
tions. Nat. Commun., 9, 2718, https://doi.org/10.1038/s41467-018-05250-0.

Van Loon, A. F., and Coauthors, 2016: Drought in the Anthropocene. Nat. Geosci., 
9, 89–91, https://doi.org/10.1038/ngeo2646.

Vicente-Serrano, S. M., and Coauthors, 2013: Response of vegetation to drought 
time-scales across global land biomes. Proc. Natl. Acad. Sci. USA, 110, 52–57, 
https://doi.org/10.1073/pnas.1207068110.

Von Storch, H., and F. W. Zwiers, 2001: Statistical Analysis in Climate Research. 
Cambridge University Press, 484 pp.

Weisheimer, A., and T. N. Palmer, 2014: On the reliability of seasonal climate 
forecasts. J. Roy. Soc. Interface, 11, 20131162, https://doi.org/10.1098/
rsif.2013.1162.

Wilhite, D. A., 2000: Droughts: A Global Assessment. Routledge, 396 pp.
—, 2012: Drought Assessment, Management, and Planning: Theory and Case 

Studies: Theory and Case Studies. Vol. 2. Springer Science and Business Media, 
293 pp.

—, and M. H. Glantz, 1985: Understanding: The drought phenomenon: 
The role of definitions. Water Int., 10, 111–120, https://doi.org/10.1080/ 
02508068508686328.

—, and R. S. Pulwarty, 2017: Drought and Water Crises: Integrating Science, 
Management, and Policy. CRC Press, 542 pp.

Unauthenticated | Downloaded 02/12/21 04:43 PM UTC



A M E R I C A N  M E T E O R O L O G I C A L  S O C I E T Y M O N T H  Y E A R E1644

—, M. V. Sivakumar, and R. Pulwarty, 2014: Managing drought risk in a chang-
ing climate: The role of national drought policy. Wea. Climate Extremes, 3, 
4–13, https://doi.org/10.1016/j.wace.2014.01.002.

WMO, 2010: Manual on the global data-processing and forecasting system: Vol. 
I, Global aspects. WMO Rep. WMO-485, 193 pp., www.wmo.int/pages/prog/
www/DPFS/Manual/GDPFS-Manual.html.

—, 2012: Standardized precipitation index user guide. WMO Tech. Rep.  
WMO-1090, 24 pp., www.wmo.int/pages/prog/wcp/agm/publications/agm_
proceedings.php.

Xu, Z., Z. Wu, H. He, X. Wu, J. Zhou, Y. Zhang, and X. Guo, 2019: Evaluating the 
accuracy of MSWEP v2.1 and its performance for drought monitoring over 
mainland China. Atmos. Res., 226, 17–31, https://doi.org/10.1016/j.atmosres. 
2019.04.008.

Zhao, M., I. Velicogna, and J. S. Kimball, 2017: A global gridded dataset of GRACE 
drought severity index for 2002–14: Comparison with PDSI and SPEI and a 
case study of the Australia millennium drought. J. Hydrometeor., 18, 2117–
2129, https://doi.org/10.1175/JHM-D-16-0182.1.

Ziese, M., and Coauthors, 2014: The GPCC drought index—A new, combined and 
gridded global drought index. Earth Syst. Sci. Data, 6, 285–295, https://doi.
org/10.5194/essd-6-285-2014.

Unauthenticated | Downloaded 02/12/21 04:43 PM UTC


