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Abstract. Near-real-time drought monitoring can provide to their vulnerability (EM-DAT, 2013). Regional- to large-
decision-makers with valuable information for use in se- scale droughts are driven by a prolonged precipitation deficit
veral areas, such as water resources management, or intarhich mainly impact agriculture and hydrology. Depending
national aid. One of the main constrains of assessing th@n the demand on water resources, this can then lead to wa-
current drought situation is associated with the lack of re-ter scarcity (Van Loon and Van Lanen, 2013). Near-real-
liable sources of observed precipitation on a global scaleime drought monitoring can be used as an important tool
available in near-real time. Furthermore, monitoring sys-to water resources management, and could be further com-
tems also need a long record of past observations to proplemented by drought forecasting (Pozzi et al., 2013). In-
vide mean climatological conditions. To address these probtegrating already-existing drought monitoring and forecast-
lems, a novel probabilistic drought monitoring methodology ing systems could be possible by a synergic effort among
based on ECMWF probabilistic forecasts is presented, wheraveather forecast centres through international partnerships.
probabilistic monthly means of precipitation were derived This would certainly benefit developing countries which,
from short-range forecasts and merged with the long-termwhile more vulnerable to rain deficits, often do not have the
climatology of the Global Precipitation Climatology Centre needed infrastructures to set up environmental monitoring on
(GPCC) data set. From the merged data set, the standar@n operational basis (Webster, 2013).
ised precipitation index (SPI) was estimated. This methodo- The accuracy of operational drought monitoring on a
logy was compared with the GPCC first guess precipitationglobal scale crucially depends on the availability of rain-
product as well as SPI calculations using the ECMWF ERA-fall estimation, and therefore on the spatial coverage and
Interim reanalysis and Tropical Rainfall Measuring Mission temporal frequency of in situ observations. The number of
(TRMM) precipitation data sets. ECMWF probabilistic fore- quality-controlled observations is not constant over time and
casts for near-real-time monitoring are similar to GPCC andis not globally homogeneous. For example, the Global Pre-
TRMM in terms of correlation and root mean square errors,cipitation Climatology Centre (GPCQttp://gpcc.dwd.dg
with the added value of including an estimate of the uncer-one of the most used global precipitation data sets, shows
tainty given by the ensemble spread. The real-time availabilthat Europe, North America and Australia have dense net-
ity of this product and its stability (i.e. that it does not directly works, while regions like North Asia, Tibet, and West and
depend on local rain gauges or single satellite products) ar&ast Africa have significantly fewer stations (Fig. 1). In some
also beneficial in the light of an operational implementation. cases the differences in the network density can be as big
as a factor of 10. There is a general decrease in the num-
ber of available stations throughout the globe, in particu-
. lar in the last decade. A quantitative assessment of the im-
1 Introduction pact of this reduction in in situ observations on the quality
of the drought monitoring is not straightforward. For exam-
gple, Gebremichael et al. (2003) proposed an error uncertainty

Droughts constitute a costly natural hazard that impacts di
ferent sectors of society and different countries accordin
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Figure 1. Monthly temporal evolution of the mean number of stations gex 1° grid box in the different regions (see Table 2) present in
the GPCC reanalysis (until 2010) and monitoring product (2010 onwards) (black line) and GPCC first guess product (red line).

analysis applied to a global data set of precipitation, and The decreasing availability of local measurements is also
found that at a ° scale, 8-10 gauges are required to allow likely to affect model products such as re-analysis whose ac-
a good error uncertainty estimate. curacy is still constrained by the observation network qual-
Indeed several studies (e.g. Belo-Pereira et al., 2011ity. Both for observation and re-analysis products it is not
Dinku et al., 2007; Dutra et al., 2013b; Liebmann et al., straightforward to define a methodology for uncertainty esti-
2012) have already documented the large observation erramation. This is the main motivation for proposing a new ap-
affecting regions with low station coverage, even after off- proach for drought monitoring which, by making use of prob-
line post-processing and quality control has taken place. Esabilistic forecast systems, has the built-in advantage of pro-
pecially in Africa, a continent with notoriously low obser- viding a range of possible values. The new product is tested
vational coverage, Naumann et al. (2014) confirms that thausing the ECMWF ensemble forecasting system and makes
main source of error in drought monitoring arises from in- use of precipitation fields generated during the first 0—-48 h of
accuracies in the observed precipitation rather than from thenodel integration of all the 51 ensemble members (Buizza
estimation of the distribution parameters used to define theet al., 2007). The system is used to produce a distribution
drought indicator. of rainfall monthly means from which drought indices are
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derived. The idea behind it is that model outputs at very shorerated with a resolution of aboutd®® and after that with a
lead times are likely not to be strongly affected by model er-resolution of 028°. An amalgamation of forecasts with lead
rors and therefore could provide comparable quality of re-times of 0-48h is used to generate monthly means. Since
analysis outputs. On the other hand, short-range forecast iIENS consists of 51 members, this results in an ensemble
less sensitive to changes in observations and, when compared 51 monthly means. ECMWF has been producing ensem-
to re-analysis outputs or observational data sets, has the atile forecasts prior to 2008, but only recent forecasts were
ditional benefit of providing an estimate of uncertainty given used, since they have a set of associated re-forecasts (or hind-
by their ensemble systems. casts) which are needed to compute forecasts anomalies. The

The possibility of using short-range forecast for global availability of a historical forecast is of primary importance
drought monitoring is investigated by comparing its perfor- for the scope of bias correction (Di Giuseppe et al., 2013a).
mance with more established approaches based on observ@he ENS data set is composed therefore of very short-range
tions (Sects. 2 and 3) and reanalysis products. The added beferecasts and they providguaobabilisticestimate of rainfall
efits of generating drought indices in a probabilistic frame-amount.
work are discussed in the last section.

2.2 Droughtindices

2 Data and methods There are several examples of operational drought monitor-
ing systems on the global (e.g. Ziese et al., 2011a) and con-
tinental scale (e.g. Svoboda et al., 2002; Ziese et al., 2011a).

To show how different precipitation sources can lead to dif-ON regional to local scales, there are also several examples of

ferent drought estimations, in this study we have selected g.tud_ies evaluating different drought indices and/or multivari-
mixture of observation and modelling data sets as input to?t€ indexes (Hao and AghaKouchak, 2013; Sepulcre-Canto
the drought monitoring system (Table 1). et al., 2012; Shukla et al., 2011; Tadesse et al., 2004). The

The first is an observational data set that includes thre@t"’md"’lrdised precipitation index from Mckee et al. (1993) is

products from the Global Precipitation Climatology Cen- selected in this study as a generic drought index, since it is

tre (GPCChttp://gpcc.dwd.dg the full reanalysis version 6 Widely used and recommended by the World Meteorological
(GPCC_FD; Schneider et al., 2011b) available from 1901 toOrgamzatlon (WMO). As an independent drought indicator

2010; the monitoring product version 4 (GPCC_MP; Schnei-We,also cc_>n§ider the fraction of gbsorb_ed photosynthetically

der et al., 2011a) available from 2007 to 2 months prior toactive ra'dlatlon (FAPAR) anomalies which are a measure of

present; and the first guess product (GPCC_FG; Ziese etthe fraction of _the solar energy absorbed by the vegetation.

al., 2011b) available from August 2004 to present expired’\PAR anomalies are known to be strongly related to water

month . The GPCC monthly precipitation data sets are avaiI-StreSS and are considered gopd |nd|cat9r to detect and as-

able globally on a1x 1° regular grid. sess droughtimpacts on vegetation canopies (Sepulcre-Canto
The second data set is a satellite-based one, the Tropicaqt al., 2012).

Rainfall Measuring Mission (TRMM, Huffman et al., 2007), th?!;;?:u%tg eretr;e(r;pscl:act:edrg) diézm\z:%n %(r)lggb(i)lve,ra e
and is available between 58 and 50 S, with a regular 9 b X g ge.

0.25° resolution from 1998 to two months prior to present. The comparison of the drought conditions focuses on large

Finally, the third data set is a model-based one. The ECMWFreglons adapted from Giorgi and Francisco (2000) (Table 2,

ERA-Interim reanalysis (ERAI; Dee et al., 2011) is available Flegﬁei)ljs-rcr:]lieniztirce%g)r;csmvsvea:i dld;r:n::ﬁddellrgizjmi ?; Zgnmtgi-n
from 1979 to present expired month with an approximate resd 9 9

olution of 07°. Even if these three precipitation data sets areenough grid points for robust statistics calculated in the next

. . ; sections.
generated from different sources — rain gauges only in the

case of GPCC, satellite and rain gauges for TRMM and nu-,

merical weather forecasts in the case of ERAI —they are pro-2'2'1 The standardised precipitation index (SP1)

vided as a ‘proxy for th_e real-state and are in this SENSE 8o SpI s a transformation of the accumulated precipita-
deterministicestimate which does not account for uncertain- .~ . B : . .
tion in a specific time period (typically the previous 3, 6,

tes. and 12 months, denoted as SPI-3, SPI-6, and SPI-12, respec-

Following the new idea that this paper tries to explore, a._. . o
tively) into a normal distribution of mean zero and standard
new data set based on the ECMWF short-range ensemblgeviation 1

forecast system (known as ENS; Buizza et al., 2007) is cre- h L lisation for th lculati
ated. From March 2008 until January 2010 forecasts are gen, The precipitation normalisation for the SPI calculations at
' different timescales was based on the 30-year period 1981—

The precipitation data sets have been continuously update?010 for the GPCC reanalysis and ERAI data sets by fitting
every month, last checked in July 2014, and that is expected to cona gamma distribution (following the method described by
tinue in the future. Dutra et al., 2013a) and for the period 1998-2012 for TRMM

2.1 Precipitation data sets

www.hydrol-earth-syst-sci.net/18/2657/2014/ Hydrol. Earth Syst. Sci., 18, 262667, 2014


http://gpcc.dwd.de

2660 E. Dutra et al.: Global meteorological drought — Part 1

Table 1. Precipitation products description.

Product Type Acronym Details References
GPCC full Rain gauges GPCC_FD 1901-2010, Schneider et al. (2011b)
reanalysis Monthly Global,
version 6 2 x 1° lat/lon
GPCC monitoring GPCC_MP  Jan 2007-two months prior to présent Schneider et al. (2011a)
o product version 4 Monthly Global,°1x 1° lat/lon
G 1° x 1° lat/lon
c
g GPCC first GPCC_FG  Aug 2004—present expired marith Ziese et al. (2011b)
8 guess product Monthly Global,
()
a 1° x 1° lat/lon
Tropical Rainfall Satellite TRMM Jan 1998-two months prior to prelsent Huffman et al. (2010, 2007)
Measuring Mission Monthly 50S-50C N,
3B43 V7 025° x 0.25° lat/lon
ECMWF ERA-Interim  Re-analysis ERAI 1979-present expired mlqnth Dee et al. (2011)
reanalysis Daily,
~0.7° x 0.7° lat/lon
L
2]
Z ECMWEF short-range Short-range forecast ENS Mar 2008—prlesent Buizza et al. (2007)
8 ensemble forecasts Daily Global0.45° x 0.45° (until Jan 2010)
3 Global~ 0.28° x 0.28 (to presenlt)

Table 2.List of regions used in this study. Adapted from Giorgi and 80°N—
Francisco (2000) using only land points (see also Fig. 2). 60°N[— == s
40°N — N:
Name Acronym  Latitude Longitude 20N} i At
Australia AUS 45-11S  110-158E o ]
Amazon Basin AMZ 20S-12N 82-3#W 20°5 |- — -
Southern South America  SSA 56-228 76-40 W 40°5 J fif{ 3
Central America CAM 10-30N  116-83W 1 A -
Western North America ~ WNA 30-6N 130-103 W 60 a0 140°W 100°W 60°W 20°W  20°E  60°E  100°E 140°E  180°
Central North America ~ CAN 30-5(N 103-85 W ) ] ] ] o
Eastern North America  ENA 25-80 85-60 W Figure 2. Regions used in the analysis adapted from Giorgi and
Mediterranean Basin MED 30-48 10° W40 E Francisco (2000). See also Table 2.
Northern Europe NEU 48-7N 10° W-40 E
Western Africa WAF 12S-18 N 20°W-22E
East Africa EAF 12S-18 N 22-52E
Southern Africa SAF 35-FS 10 W-52 E : ;
Southeast Asia SEA PE_20N 95-158 E for all calendar months, resulting if\Beeks x 18(years X
East Asia EAS 20-50N  100-145 E S(ensemble members- 450 samples. The ENS probabilis-
South Asia SAS 5-30N 65-100 E tic monthly forecast anomalies were then multiplied by the
(T?eb””al Asia TCIQS Sgogﬁ ;‘g—zg’@EE long-term climatology of the GPCC reanalysis.
ibet —. — H H H [ .
North Asia NAS 50_70N 40-180 E Since SPI is calculated using precipitation accumulated

over a period of time, the main issue in an operational system
is the delay compared to the real-time which affects all data
sets, especially if based on observation or reanalysis prod-
using the methodology described by Naumann et al. (2012)ucts. Depending on the providers these delays can be as long
The SPI calculations for ERAI after 2010 use the gamma pa-as few months. As an example Fig. 3 exemplifies the calcula-

rameters fitted for the period 1981-2010 using ERAI. tion of SPI-6 under the hypothesis that there is a 2-month de-
For ENS, a slightly different approach is used. The ENSlay in the release of the official GPCC monitoring product. In
forecast anomalies() for each month are derived by = this case the previous 2 months can be taken from the GPCC

F/FC, whereF is the original ensemble with 51 monthly first guess or ENS and the initial 4 months are taken from
means and FC is the model climate. The model climatethe GPCC monitoring product. The SPI using the GPCC first
(FC) is derived by binning all the hindcasts over the pastguess or ENS only differs from the calculation regarding the
18years (20 since July 2012), each with 5 ensemble membelthe precipitation data in the previous 2 months. The added
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10 months of GPCC monitoring for the SPI 3, 6, and 12, re- |7 sensl  — ensd  — gpcc_fg|
spectively. The transformation to SPI is then done by fitting e e
parametgrs of the Gamma d'St”_bUt'On for th? period 1981"Figure 4. SPI-3 time series of the spread around the ensemble mean
2010 using the GPCC reanalysis. The decision to calculatg, ENs1 (dashed magenta) and ENS4 (dashed red), and root mean
the SPI from the different data sets using the base periodquare (RMS) error of ENS4 ensemble mean (red); TRMM (blue),
1981-2010 (except TRMM) was motivated by the opportu- GPCC_FG (black) and ERAI (grey) for six different regions. The
nity to mimic an operational system that would use a fixedRMS errors are calculated in respect to GPCC.
base period for the SPI calculations. If the base period was
updated every month, the past SPI evolution would change.
A detailed evaluation of the impact of the base period fre-monthly values as follows:
quency update in an operational system is out of the scope _
of the current manuscript, but it is expected to mainly affectfaApPAR anomaly = u’ (1)
extreme SPI values following extremely wet or dry seasons. o

wherex; is the fAPAR of the 10-day periodof the current
2.2.2 The photosynthetically active radiation (fAPAR) year andy is the long-term average fAPAR ands the stan-
dard deviation, both calculated for the same 10-day period
using the available time series from 1989 to present. fAPAR
anomalies are produced only for pixels that have at least 5
years of data for the given 10-day period.

The fraction of absorbed photosynthetically active radiation
(fAPAR) represents the fraction of the solar energy which
is absorbed by vegetation. fAPAR is a biophysical variable
directly correlated with the primary productivity of the veg- 3 Results
etation, since the intercepted PAR is the energy (carried by
photons) underlying the biochemical productivity processesz 1 Ensemble inflation
of plants. Due to its sensitivity to vegetation stress, fAPAR
has been proposed as a drought indicator (e.g. Gobron et alQne of the advantages of using ENS for precipitation mon-
2007). Indeed droughts can cause a reduction in the vegetdtoring is the probabilistic nature of the product that allows,
tion growth rate, which is affected by changes either in theto some extent, an estimation of the uncertainty, and could
solar interception of the plant or in the light use efficiency. be potentially useful in a decision-making environment. Fur-
Similarly to what was done for precipitation, fAPAR is de- thermore, ENS enables a comparison of the ensemble spread
rived from the multispectral images acquired by the VEGE- (defined as the root mean square, RMS, of the individual en-
TATION sensor onboard the SPOT satellite, and the valuesemble members in relation to the ensemble mean) with the
are estimated using the algorithm developed by Gobron eRMSE of the ensemble mean which in a perfect ensemble
al. (2004). These images are produced by the Flemish inshould be equal (Palmer et al., 2006). Our initial results in-
stitute for technological research (VITO). fAPAR anomalies dicate that the monthly means of ENS had a reduced spread
are produced for every 10-day period and the aggregated t;m comparison with the RMSE of the ensemble mean. As a
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Figure 5. Top: time mean root mean square (RMS) error of the SPI-3 derived from ERAI, GPCC_FG, ensemble mean of ENS4 and TRMM.
Bottom: time mean RMS error of the SPI-3 in ENS4 (dashed bars) and the time mean spread about the ensemble mean of ENS4, ENS3, ENS:
and ENSL1. The error bars in both panels represent 95 % confidence intervals of the temporal mean (monthly values 2009—-2012) assuming
normal distribution.

first approach, a simple inflation was applied to increase thée taken into account when comparing the spread and the
ensemble spread by a factar RMSE.

F=aF+F(l-a), (2) 3.2 Drought monitoring

where F is the original ensemble an# is the ensemble To evaluate the performance of the different precipitation in
mean. Note that the facter does not affect the ensemble terms of SPI, the root mean square errors (RMSE) were com-
mean, it merely enhances the spread. Factors ranging fromuted for each region. The GPCC full reanalysis data set is
1 to 4 were used, and are henceforth referred to as ENS1taken as a benchmark. ERAI shows the highest RMSE, fol-
ENS4 (solid versus dashed red lines in Fig. 4, and first andowed by ENS and TRMM (Fig. 4 for a subset of six regions,
last bar for each region in Fig. 5). and Fig. S1 in the Supplement for the remaining regions).
An inflation factor of 4 provided a reasonable match be- The temporal evolution of GPCC first guess RMSE displays
tween the spread of the ensemble and the RMSE of tha negative trend in most of the regions. As already discussed,
ensemble mean in most regions considering the confidencbetween 2009 and 2010 the GPCC first guess and reanal-
intervals, except the Amazon, and West and East Africaysis products differ in the number of stations, while from
(Fig. 5). The spatial maps of the spread and RMSE of the2010 onwards the monitoring product uses a similar num-
ensemble mean show that the RMSE of ENS is higher oveber of stations as the first guess (Fig. 1). The apparent neg-
the tropical regions, while the ensemble spread is smalleative trend in the RMSE can be due to the verification data
(Fig. S4 in the Supplement). In the extra-tropics there is aset, which from 2010 onwards is based on the GPCC moni-
reasonable agreement between the ensemble spread and theing product. These results show that the relation between
RMSE of the ensemble mean. It would be possible to opti-GPCC's first guess and the reanalysis (or monitoring) has
mise the inflation factor for each region (or even grid point), changed in the last years mainly due to the decrease in the
but such optimisation is beyond the scope of this work. Suchnumber of stations used in the production of the data sets.
optimisation would also need to consider different forecastThe GPCC final and first release (first guess) products have
windows (e.g. 12-36 h, or 24-48h, instead of 0—48 h) andchad a similar number of stations since 2010 onwards. Before
should include the observations’ uncertainty. The high val-2010 the GPCC final release had more stations then the first
ues of the RMSE over tropics are also present in both ERAIguess, showing an effort of GPCC to collect station data that
and TRMM (Fig. S4 in the Supplement). This suggests thatis not easily available in near-real time. Changes in the num-
in those areas there is a large uncertainty, which could alsder of rain gauges included in the GPCC product are likely
be due to observation errors in GPCC. These errors shoultb impact the temporal homogeneity of the data set regarding
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drought monitoring where past climate is used to estimatein the Supplement for SPI-12) shows that the correlation co-
anomalies. efficients between the different SPI estimations and fAPAR

The temporal mean of the RMSE of the SPI-3 from the anomalies tend to be within the same confidence interval for
different products also highlights the larger uncertainty of each region. Therefore, this comparison does not provide a
the first guess product that tends to have larger error bars isonclusive ranking between the GPCC, TRMM and ERAI.
most regions (Fig. 5). In most regions the RMSE of TRMM These results also highlight the current difficulty of glob-
and ENS are similar, giving a first indication that ENS can ally validating meteorological drought. Furthermore, the op-
be used with some confidence for drought monitoring. Forerational methodology developed for the use of GPCC first
longer lead times (see Figs. S2 and S3 in the Supplemenguess and ENS also restricts the time period available for the
the RMSE of ENS and first guess tend to be very similar andverification.
lower than ERAI or TRMM. The reason for this is that ENS
and first guess share most of the precipitation with GPCC for3.3  Precipitation monitoring
the longer lead times.

The temporal grid-point correlation of the different SPI The previous results compared the different data sets af-
products versus GPCC (Fig. 6 for the SPI-3 and Fig. S6 in theer the SPI transformation, which includes temporal aggre-
Supplement for the SPI-12) shows a good agreement in thgation and normalisation. Therefore, the results are not di-
extra-tropics and a reduced agreement in the tropical regionsectly related to the performance of the original precipitation
This is further supported by the spatial means and associatedata sets. The monthly grid-point precipitation anomaly cor-
confidence intervals in Figs. S7 and S8 in the Supplementrelation between the different data sets and GPCC for the
The poor agreement of ERAI with GPCC in West and East2009-2012 (Fig. 8 and Fig. S12 in the Supplement) is sim-
Africa had already been identified by Dutra et al. (2013a)ilar to those of the SPI-3 (Fig. 6) in the case of TRMM,
and Di Giuseppe et al. (2013b). However, the correlations ofERAI and GPCC first guess, while ENS4 generally has lower
GPCC with the other data sets (TRMM, GPCC first guessvalues. While the SPI-3 ENS4 had a better agreement with
and ENS) are also lower in the tropics. These results fur-GPCC than ERAI, when we evaluate the monthly precip-
ther support our discussion of the RMSE spatial distribu-itation ENS4, it has a similar performance as ERAI. This
tion (Figs. S4 and S5 in the Supplement), suggesting thats mainly due to the construction of the SPI using ENS4
the GPCC errors/uncertainty in these regions is higher. Thighat only included the forecast anomalies and was merged
is likely to be associated with the high spatial variability of with GPCC monitoring (see Fig. 3), while ERAI SPI is com-
rainfall resulting from deep convection and land—atmospherepletely defined from ERAI past climate. These results show
feedbacks that can only be captured with very dense obsenthe added value of constructing the SPI using only the previ-
ing networks. Considering these limitations of the observ-ous 2 months of ENS and the remaining data from GPCC.
ing system, and the comparison of the different precipitation The temporal correlation only reflects the agreement of the
products, the use of the ENS precipitation for near-real-timedata sets in terms of variability, which is the most important
monitoring provides results as plausible as those obtainedactor in the SPI calculation. On the other hand, the spatial
with GPCC and TRMM. maps of the root mean square error of monthly precipita-

The large uncertainties in the data sets limit the interpre-tion anomalies for 2009—2012 show the average magnitude
tation and attribution of the main differences between SPlof the error between data sets and are displayed in Fig. S13
estimations, in particular in tropical regions. To further ad- in the Supplement and the spatial mean in Fig. S14 in the
dress this point we would require an independent data set th&upplement. GPCC first guess stands out with higher errors
could be considered as “observed droughts”. While such datén the tropical regions in terms of precipitation values, while
set does not exist on a global scale, the definition of droughthat was not evident in the correlations of precipitation or
conditions will depend on the impact on several hydrological, SPI. ENS4 tends to have similar or lower RMSE than ERAI,
agricultural and ecological variables (e.g. Vicente-Serrano etvhile TRMM has the lowest RMSE. These results indicate
al., 2012). In this study the fAPAR was used as a proxy forthat the interpretation of the SPI relation between two data
drought conditions resulting from the vegetation response tasets is not directly translated into the original precipitation,
anomalies in water supply. The temporal anomaly correlationor vice-versa.
of SPI and fAPAR for 1999-2012 is shown in Fig. 7 for SPI-  As an example of the temporal evolution of the different
12 and Fig. S9 in the Supplement for SPI-3 (ENS and GPCorecipitation data sets and the SPI at different timescales, two
first guess were not included since they are only availablerecent drought events were selected: the 2010-2011 drought
since 2009). The correlations are generally higher for SPI-4n the Horn of Africa (Fig. 9) and the 2012 drought in the
12 in comparison with SPI-3, but the main spatial patternsUS Great Plains (Fig. S14 in the Supplement). These exam-
are similar. It is possible to identify several regions where ples exemplify graphically the evolution of the SPI, in par-
the fAPAR anomalies have a positive and significant correla-ticular the ENS product, and are not meant to evaluate the
tion with the SPI. The spatial mean of the grid-point corre- drought events in detail. The 2010-2011 drought in the Horn
lations (Fig. S10 in the Supplement for SPI-3 and Fig. S11of Africa was characterised by two consecutive anomalous
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b)GPCC vs ERAI SPI3
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Figure 6. Temporal grid-point correlations of the GPCC SPI-3 (2009-2012) veeyuSRMM, (b) ERAI, (c) GPCC_FG, andd) ENSA4.
Correlations below 0.3 or not statistically significant different from zero are displayed as grey.

7

C)FAPAR vs GPCC SPI12

Figure 7. Temporal correlation of fAPAR (1999-2012) versus SPI-12 ffa)mTRMM, (b) ERAI, and(c) GPCC. Correlations below 0.3 or
not statistically significant different from zero (at 95 %) are displayed as grey.

dry rainy seasons: October—-December 2010 and March—Mawas captured by all products. SPI-3 recovered to normal val-
2011 (see Dutra et al., 2013b for more details). There is aues in February 2013, SPI-6 in May 2013, while SPI-12 was
close agreement between the temporal evolution of GPCGtill below —1 (between-1 and—2 in ENS4) in June 2013.
and TRMM and to some extent also ERAI, while the GPCC
first guess product presents notable differences (Fig. 9). Thﬁ
time series of ENS precipitation show the impact of the in-

flation factor from the original spread (ENS1 —dark shad-The paper presents a novel probabilistic methodology for
ing) to the selected four-spread inflation (ENS4 — grey shady,gar-real-time meteorological drought monitoring. The large
ing). The ensemble spread provided by ENS4 in general covrequction of rain gauges employed in global precipitation
ers the range of precipitation estimates from GPCC, TRMMata sets over the last decade make evident the need for new
and ERAI. As expected, the ENS4 spread is reduced with inyesearch on drought monitoring. While the density of rain
creased SPI timescale, as we only use the previous 2 monthg, ges differs significantly among different regions of the
of precipitation from ENS4 and the remaining from GPCC. g|ope, all regions suffer from this desertification of observa-
The recent 2012 drought in the US Great Plains had a rap"ﬁons. On the other hand, several precipitation products de-
onset during May-July 2012 and Kumar et al. (2013) sug-riyed from remote sensing post-processing techniques have
gests that the drought could plausibly have arisen from atemerged in recent years. These products can in part mitigate
mospheric noise alone. The precipitation and SPI time seriegne reduction of in situ observations, but also have limitations
averaged for the Great Plains regions (Fig. S15 in the Supzgssociated with short time series, calibration (that also relies
plement) show the dry anomaly from May 2012 onwards thatop, i, sjtu data) and lifetime of the satellites, among others.

Discussion and conclusions
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a)GPCC vs T
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Figure 8. Temporal grid-point correlations of the GPCC monthly precipitation vef@l$RMM, (b) ERAI, (c) GPCC_FG, angd) ENS4.
The correlations were calculated for the overlap period 2009-2012 and the mean annual cycle of the period was removed from each data se

prior to the correlations calculation.

a)HoA Precipitation
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Figure 9. Spatial averages over the Horn of Africa regiof £-12 N, 40-52 E) of (a) total precipitation(b) SPI-3,(c) SPI-6 andd) SPI-
12 for the different monitoring products: GPCC_FD (red), TRMM (blue), ERAI (dark grey), GPCC_FGE (cyan). The probabilistic ENS data
in shading ranges from the minimum to the maximum (light grey for original ENS and black for the ENS with 4 times spread inflation). In

panel(a) the GPCC mean annual cycle is represented by the dashed red curve.

A probabilistic drought monitoring system could be basedset of re-forecasts that are produced operationally (the past
on different products, and could potentially consider the 20 years with 5 ensemble members once a week) and which
current uncertainty of near-real-time precipitation observa-provide the model climate. The probabilistic monthly fore-
tions. In this study the ECMWF ensemble forecasts werecast anomalies were then added to the GPCC reanalysis long-
used to derive probabilistic estimates of monthly precipi- term climatology and a near-real-time SPI is calculated. Our
tation anomalies. This is possible thanks to the long datanitial results showed that the probabilistic SPI derived with
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this technique is under-dispersive, when compared with thegroducts comparably to GPCC and TRMM with the added

root mean square error of the ensemble mean. By applyingalue of including an estimate of the uncertainty given by

an inflation factor of 4 to the ensemble standard deviationthe ensemble. The real-time availability of ENS and its sta-
the result is an improved agreement between the ensembleility (i.e. does not directly depend on local rain gauges or
spread around the ensemble mean and the RMSE of the esingle satellite products) are also beneficial for a near-real-
semble mean. The selection of the inflation factor can be retime implementation of an operational product.

fined to include the spatial variability of the errors and spread

of the ECMWF forecasts. The Supplement related to this article is available online
An independent evaluation of the SPI products was per-, doi:10.5194/hess-18-2657-2014-supplement
formed by comparing their temporal evolution with the fA-

PAR anomalies as a proxy to drought conditions associated

with soil moisture deficits and its impact on vegetation. Se-
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