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Abstract. A set of seasonal drought forecast models was assessed and verified for the Jaguaribe River in semiarid northeast
Brazil. Meteorological seasonal forecasts were provided by the operational forecasting system used at FUNCEME (Ceard’s
research foundation for meteorology) and by the European Centre for Medium-Range Weather Forecasts (ECMWF). Three
downscaling approaches were tested and combined with the models in hindcast mode for the period 1981 to 2014. The forecast
issue time was January and the forecast period was January to June. Hydrological drought indices were obtained by fitting a
generalized linear model to observations. In short, it was possible to obtain forecasts for a) monthly precipitation, ) meteoro-
logical drought indices, and ¢) hydrological drought indices.

The skill of the forecasting systems was evaluated with regard to root mean square error (RMSE) and the relative operating
characteristic (ROC) skill score. Forecasts of monthly precipitation had little or no skill considering RMSE. Still, the forecast
of extreme events of low monthly precipitation showed skill for the rainy season (ROC skill score of 0.24 to 0.33). A simi-
lar picture was seen when forecasting meteorological drought indices: low skill regarding RMSE and significant skill when
forecasting drought events of e.g. SPEIy; (ROC skill score of 0.53 to 0.61). Similar results were obtained for low regional
reservoir storage forecasts. Regarding the skill in the forecasted months, it was greater for April, when compared to February
and March (the remaining months of the rainy season).

This work showed that a multimodel ensemble can forecast drought events of time scales relevant to water managers in
northeast Brazil with skill. But no or little skill could be found in the forecasts of the whole range of monthly precipitation or
drought indices (e.g. forecasting average years). Both this work and those here revisited showed that major steps forward are

needed in forecasting the rainy season in northeast Brazil.

1 Introduction

Northeastern Brazil has historically been the epicenter of major drought events. Fioreze et al. (2012) identified 100 severe
droughts since the 16th century in this region, while Marengo et al. (2016) identified 68 major events for the same period.
Within this region, the state of Ceard has been in the frontline of the fight against this natural hazard. This has been both due to

the impacts suffered in the past and to the measures taken to improve its resilience.
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Droughts in Ceara reflect a meteorological anomaly over the tropical Atlantic Ocean. Dry years are generally related to
a positive sea surface temperature (SST) anomaly on the tropical North Atlantic, associated with a negative anomaly on the
tropical South Atlantic and over the equator. This forces a northward shift of the intertropical convergence zone, taking the
rainbelt to northern latitudes. The causes for this anomaly are linked to the occurrence of the El Nifio Southern Oscillation and
to the North Atlantic Oscillation (Hastenrath, 2012).

Past famines and mass migrations triggered large investments in infrastructure in recent decades. These investments brought
hundreds of strategic reservoirs and thousands of small dams to a semi-arid landscape, which are being managed according
to a transparent water allocation process (Formiga-Johnsson and Kemper, 2005). In order to support water allocation and
management, the state runs a seasonal drought forecasting system and issues annual quantitative and qualitative forecasts of
the magnitude of the rainy season. These predictions can support decisions ranging from agricultural management (choice of
crop, planning of seeding time) to water distribution and reservoir operation.

Currently, the forecasting system in Ceard is based on the general circulation model ECHAM4.6 (Roeckner et al., 1992).
It runs from January to August on persisted SSTs (observed SSTs which are assumed invariant), covering each year’s rainy
season (February to April). The forecasts produced by this model are generally downscaled with the NCEP regional spectral
model (Juang et al., 1997), in order to resolve the spatial variability of Ceard. Verification and the current forecast can be
retrieved under http://www3.funceme.br/previsao-climatica/.

In this study we intend to evaluate and extend this prediction system by employing

1. an additional underlying GCM,

2. a statistical approach based on the classification of weather patterns,

3. empirical-statistical downscaling methods to increase the spatial resolution and temporal fidelity of the predictions, and
4. drought indices as powerful integrative descriptors for the description of drought severity.

By these means, we aim to address the following questions:
What skill do the seasonal meteorological drought forecasts have?

While the term meteorological drought focuses on the atmospheric forcing causing water shortage, its effective implications
for society are more specifically accounted for by the term hydrological drought (Aratjo and Bronstert, 2016). Since the aim

of the prediction system is to support water management, we sharpen the previous question in this regard:

Can we forecast hydrological droughts in Ceara based on these seasonal meteorological forecasts?
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Figure 1. Flowchart explaining the methodology used for predicting meteorological data, meteorological drought indices (MDI) and hydro-

logical drought indices (HDI).

2 Methods
2.1 General approach

This work employed a cascade of models and algorithms ranging from two general circulation models (one atmospheric and
one coupled) at the top to hydrological indices at the bottom (Fig. 1). Each step involved different types of target variables being
forecasted: The meteorological forecasts (Fig. 1, top) refer to meteorological variables ("meteo data") from GCM-forecasts and
the subsequent downscaling and bias correction to match the spatial and temporal resolution. The meteorological indices (same
figure, centre), refer to the indices that were used to describe the magnitude of the forecasted meteorological drought. Finally,
the hydrological indices (same figure, bottom) were calculated based on meteorological indices in an attempt to infer the
magnitude of a hydrological drought characterized by meteorological and hydrological properties. To allow for the comparison
with observations, we use results of GCM hindcast, i.e. a model that has been run with data only known until the specified
time in the past. As these are supposed to represent and technically resemble true forecasts, they are referred to as "forecasts"
henceforward. All results and computations after the statistical downscaling have a monthly time step. Similarly, all results and

computations here presented were aggregated to selected subbasins (Fig. 2).
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Figure 2. Left panel shows the location of the Jaguaribe River basin in South America. Right panel shows the Jaguaribe River together with

its main tributaries, division into subcatchments used in this work, and meteorological and rainfall observations stations.

2.2 Study area

The spatial domain chosen for this analysis is the Jaguaribe river basin. Due to the river’s regional importance, a lot has
been written about its hydrology and development (see e.g. Aratijo and Bronstert, 2016; Aratjo, 1990). The Jaguaribe is the
most important river in Ceard. Its catchment has an area of 70000km? and is home to about 2.7 million people (IPECE,
2017). Annual precipitation amounts to 755mm, of which about 90% fall in the months January to June. Average potential
evapotranspiration is estimated to 2100mm. Due to its dominant geology composed of a crystalline complex, aquifers in the
region are unproductive. Runoff is practically the only source of drinking water for people and animals as well as irrigation.
To that end, most of the water is stored in thousands of reservoirs of all scales across the watershed.

The main tributaries are the Banabuiu river in central Ceard and the Salgado river in southern Ceard. We aggregated the
results of this research into five subcatchments: the aforementioned tributaries Banabuid and Salgado, the upper (upstream of
Orés Reservoir), middle (upstream of Castanhdo Reservoir) and lower (downstream of Castanhdo Reservoir) Jaguaribe. An

overview of the state and location of these catchments and tributaries is given in Fig. 2.
2.3 Seasonal Forecast Models ('""GCM output'')

To address the first research question we employed different combinations of dynamical and statistical models and a weather
pattern classification methodology to produce meteorological drought indices. The dynamical seasonal forecast models were
provided by FUNCEME and ECMWF in the form of hindcasts for the period 1981 to 2014. Details like resolution, reference
and short description are given in Table 1.

The ECMWF operational seasonal forecasting system S4 has 51 ensemble members and six months lead time. It is fully cou-

pled to an ocean circulation model. The system has been systematically verified (Vitart, 2013; Molteni et al., 2011; Richardson
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et al., 2012). The hindcast version of the system has the same specifications of the operational model but only 15 ensemble

members.

The seasonal forecasting system used by Ceard’s meteorological agency are based on the general circulation model ECHAM4.6.

Details on this model can be found in Table 1. The operational and hindcast version have 20 ensemble members and are run
on initial sea surface temperatures (SSTs) persisted during the forecasting period (8 months). The forecast model is initialized
in January with the conditions of the atmosphere modeled by an AMIP-type run for December 31st. The AMIP-type run starts
in 1961 and is forced by monthly observed SSTs (NOAA Optimum Interpolation SST V2). This means that only modeled and

no observed atmospheric conditions are used to initialize the forecast model.
2.4 Downscaling of GCM output

In order to predict precipitation over particular locations it is necessary to downscale the GCM forecasts. Three statistical down-
scaling approaches were employed: expanded downscaling (XDS), empirical quantile mapping (EQM) and weather pattern
classification (WP, see Table 1 for details and references). To differenciate between two fundamentally different downscaling
approaches, weather pattern classification will not be refered to as downscaling approach/method throughout the text.

The downscaling approaches used here yielded a full set of meteorological variables distributed across the catchment at
points where observations were available (daily mean temperature, relative humidity, wind speed and daily total precipitation
and radiation). The forecasting products obtained from the combinations of GCM and downscaling will be named after their
components: XDS:ECHAM, XDS:ECMWF, EQM:ECHAM, EOM:ECMWF, WP:ECHAM, and WP:ECMWF.

Weather patterns were classified using the SANDRA methodology described in Philipp et al. (2016). The selection of the
optimal classification was done visually in respect to the explained variation of the observed meteorological drought indices.

The classification itself was independent of the MDIs, so that no artificial skill was to be expected from forecasting the stations.
2.5 Drought Quantification using Drought Indices

Meteorological droughts were quantified in magnitude and temporal scale using meteorological drought indices (MDI). After
careful appraisal regarding data demand and current conventions, the following indices were selected: SP Iy, SPI12, SPlsg
(Svoboda et al., 2012; Mckee et al., 1993), SPEIy, SPEI 5 and SPFE I35 (Vicente-Serrano et al., 2009). The numbers in the
index name (e.g. S PIy;) refer to the temporal scale in months for which the index was computed.

The forecast always takes place in January for the period from January until June. Indices obtained by downscaling forecasts
with temporal scale greater than the lead time of the forecast will include values from the observation set. S P15, for example,
will contain at least six months of measured precipitation and a maximum of six months forecasted precipitation. The skill of
a SPI, forecast is therefore expected to be greater than the skill of a S P1j; forecast beforehand. This feature does not apply
to WP classification.

Although time scales greater than 6 months are in strict terms of no value for the verification of the forecasting system, they

put the system into perspective. Droughts are long, creeping phenomena that must be quantified on large temporal scales. A
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Table 1. Output variables of each prediction model used in this paper

Model/Method Short description Reference Spatial Scale

FUNCEME Seasonal

Forecast System

A 20 member ECHAM4.6 ensemble.

Atmospheric circulation model, initial

Roeckner et al. (1992)

approx. 2.8 degree lon-
gitude/latitude

SSTs persisted for 6 months. Initial
conditions of the atmosphere modeled
by AMIP-type run (starting in 1961).
AMIP run is forced by monthly ob-
served SSTs (NOAA Optimum Interpo-
lation SST V2).

ECMWF Seasonal A multimodel 15 member ensemble in-  e.g. Stockdale et al. (1998) approx. 0.7 degree lati-

Forecast System cluding ocean circulation. Initial condi- tude/longitude

tions coming from ERA Interim.

expanded downscaling ~ Simulates local events consistent with  Biirger (1996) network of monitoring

prevailing  atmospheric  circulation stations

while preserving local covariability
empirical quantile map-  Improves systematic biases throughout

e.g. Wetterhall et al. (2012) network of monitoring

the statistical distribution by mapping stations

ping
the empirical cumulative distributions
of the observed and modelled variable

weather pattern classifi-

Including pre-selection of variables, e.g. Murawski et al. (2016);

Philipp et al. (2007)

network of monitoring

cation variable combinations and spatial do- stations

main.

forecasting system should at least be able to improve the ability to predict well the onset of a drought given the previous months
rainfall deficit.

Regarding hydrological droughts, various hydrological drought indices (HDI) were reviewed and three were considered

suitable for this work. All other indices reviewed either a) require consumptive data for water use, which is impractical for

5 the given settings or b) focus on streamflow, which misses the most important features (ephemeral rivers, role of reservoirs) of

the hydrological system of Ceard and many other semi-arid regions. The indices chosen were the surface water supply index

(SWSI) as formulated in Doesken et al. (1991) with a weight of 0.5 for precipitation within the reservoir catchment and 0.5 for

reservoir volume; the regional reservoir volume divided by the maximum regional reservoir volume; and the monthly variation

of the regional reservoir volume. Drought events were here considered to be the periods that fall below the 30th percentile of

10 each index.
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2.6 Regression of Hydrological Drought indices

Forecasts of hydrological drought indices were obtained by searching and fitting a generalized linear model (GML) to obser-
vations of hydrological drought indices, using meteorological drought indeces as predictors. Model parsimony was enforced
by predictor selection comprising a heuristic search for the best Akaike information criterion (AIC) under the constraint of

checking the predictors for multi-collinearity.
2.7 Forecast Verification

At each level of Fig. 1, a verification of the forecast was performed. The first metric used to calculate forecast skill for
the hindcast period was the root mean square error (RMSE). RMSE was computed for each member, ensemble mean and
climatology. Climatology was considered the reference forecast (Wilks, 2005). The mean square error was computed for
monthly values in the forecast period (1981-2014, January-June) and averaged over the entire period. The root square of
this measure is the RMSE. It shows the capability of the model to correctly forecast monthly precipitation, but it does not
quantify the skill to predict particular events of water scarcity. January to June precipitation represents over 90% of the annual
precipitation in he Jaguaribe basin.

The other metric employed was the relative operating characteristic (ROC) skill score. The relative operating characteristic
(Wilks, 2005) was applied to each forecasted month with a threshold of —1 for defining an event. The respective hit rate and
false alarm rate (two concepts underlying the ROC diagram) refer to the above-mentioned event. The threshold —1 captures dry
spells of moderate to extreme magnitude. For precipitation a threshold based on the 30th percentile of the series of observed
monthly precipitation was used. The threshold for defining HDI drought events was based on the 30th percentile of the series
of observed monthly HDI.

ROC skill score was calculated as
ROCSS =2-AUC-1 (D

as in Wilks (2005), where AUC is the area under the ROC curve. The ROCSS can have values between —1 and 1, where

anything below zero means no skill. A ROCSS of 0 corresponds to the skill of a referrence random forecast.

3 Results and Discussion
3.1 Forecasting precipitation

The RMSE of the precipitation forecast are presented in Fig. 3. ECMWF ranks better than ECHAM, while EQM:ECMWF
results in the lowest RMSEs and XDS:ECHAM in the greatest. Still, the best results in terms of RMSE are comparable to the
climatology, meaning that there is limited skill in forecasting monthly precipitation. The spatial distribution of RMSE of the
ensemble mean in April shows a concentration of high RMSEs in the lower Jaguaribe catchment for EQM and in the Salgado

catchment for XDS.
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Figure 3. Root mean square error of the forecast of monthly precipitation. On the left panels, boxplots show the spread of the RMSE of each
model. The asterisks (*) shows the RMSE of the ensemble mean. The RMSE of using climatology as a forecasting product is given by the
grey dashed line. The four panels on the right show RMSE for each individual station for each model. Note that in general the ensemble

mean ranks better than the best of the ensemble members.

The ensemble mean of the forecast, shown by the asterisks in Fig. 3 as well as in other figures below, always displayed a
lower RMSE than any of the ensemble members. This happens because the ensemble mean “smoothes out unpredictable detail
and presents the more predictable elements of the forecast” (WMO) World Meteorological Organization, 2012). Despite its
usefulness, the ensemble mean is not entirely appropriate for predicting drought events. Ensemble means do not provide any
information on the probability of an extreme event.

Other than RMSE, which does not provide any information on the skill of extreme event forecasts, the ROCSS is explicitly
suited for that purpose, as shown in Fig. 4. The ROC curve is built based on the hit rate and false alarm rate of occurrence
of a predefined event. The variation of the ROCSS over time can be attributed to lead time (skill decreasing with increasing
lead time) and to low or no precipitation in the months before and after the rainy season. Months of typically low precipita-
tion showed poor ROCSS (Fig. 4: January, May, June). When comparing downscaling techniques and GCMs, EQM mostly
outperformed XDS, while the skill was less affected by using different GCMs.

To put our results into context, we could find three reports with a statement of verification concerning precipitation forecast

in Ceara. Castro et al. (2013) presents a RMSE of between 120 and 130 mm for the Sertdo Interior de Inhamuns, using an



Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2017-572 Hydrology and
Manuscript under review for journal Hydrol. Earth Syst. Sci. Earth System
Discussion started: 26 October 2017 Sciences
(© Author(s) 2017. CC BY 4.0 License.

Discussions

107 EQM: ECHAM EQM: ECMWF

0.5

0.0 AV“ A

-0.5

,//.
Oros

1.0

() o
5 05 T
Q <
Qo c
g |1t
= = =
< 004 &3
a O
Q
e 0.5
x ’ TTTTTT
1.0
()
2
3
0.5 4
>
AR
NG| &
N L]
0.0 4 —
EQM: ECHAM g
= EQM: ECMWF
XDS: ECHAM 3
~05 - DS: ECMWF

-0.2 0.0 0.2 0.4 0.6
ROC skill score

Figure 4. ROCSS of the forecast of monthly low precipitation event. On the left side the ROCSS is shown for each model/downscaling
combination and for the forecasting months averaged over the respective subcatchments. The four panels on the right show ROCSS averaged

over all forecasting months for each station.

g oo
5 -2
-4 4 —— measured ensemble members —— ensemble mean
T T T T
1980 1990 2000 2010

Figure 5. Time series presentation of the seasonal forecast of SPIo; in the Castanhdo subcatchment given by ECMWF:EQM. Only periods

from January to June are shown. the threshold “moderate drought event” is given by the grey dashed line.

empirical model with forecasts issued in January for the period February to June. Moura and Hastenrath (2004), with a forecast
issued in end of February for the period of March to June, i.e. with shorter lead-time than our work, shows a RMSE of 50 to

70 mm (Hastenrath and Greischar (1993) obtained similar results).
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Figure 6. Boxplots of the root mean square error of forecasted meteorological drought index. Asterisk (*) shows the RMSE of the ensemble
mean and box plots show the spread of the individual members. Note that in general the ensemble mean ranks better than the best of the

ensemble members.

3.2 Forecasting meteorological drought indices

A time series of seasonal MDI forecasts was plotted to illustrate the forecast spread given by model EQM:ECMWEF (Fig. 5).
The improvement provided by the ensemble mean, when compared to each member, is clearly visible. Also visible are several
observed events of moderate to severe drought (below the dashed grey line). The ensemble mean is able to forecast at least a
few of these events. The balance between hit rate and false alarm rate can be seen in the form of ROCSS in Fig. 7 below.

The RMSE of MDI forecasts is shown in Fig. 6. With the exception of the predictions produced by the WP approach
for SPIy;, the general ranking of the approaches is quite consistent among the three subbasins. As with precipitation, the
RMSE of SPIy; and SPEIj; generally does not differ from that of the climatology and is greatest for ECHAM and EQM.
EQM:ECMWF and XDS:ECMWEF show consistently lowest RMSE and XDS:ECMWEF performs better than the climatology.

For longer time scales, i.e. to the right of S P15 in Fig. 6, the WP approach shows notably poorer performance than the other
methods. A reason could be the way MDIs of longer time-scales are computed: when using GCM-downscaling approaches,
observed data has to be used for computing indices of longer time scales. Still, here all models except WP classification show

an improvement regarding climatology.

10
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Figure 7. Boxplots of the ROCSS of forecasted meteorological drought event based on an event of index lower than -1. The grey line shows

the result of the multimodel ensemble mean.

RMSE reflects the prediction skill for the whole range of the indices, including wet spells and dry spells/droughts. When
aiming primarily at forecasting drought events, this verification may be misleading. Nevertheless, this metric shows which
models are most appropriate for this domain and confirms the plausibility of the forecasting system also for wet years.

The ROCSS for the different months of the forecasting period shows a slightly different picture than the RMSE previously
presented. Fig. 7 shows ROCSS for time scales of 1, 12 and 36 months in three regions of the Jaguaribe river. For a time scale
of one month, there is no clear pattern concerning the relationship between lead time and skill for none of the forecasting
models. MDIs with time scales of 12 and 36 months show a clear decrease in skill with increasing lead time.

Contrary to the results for RMSE, EQM:ECHAM show comparably good ROCSS in forecasting SPIy1/SPFEIy; drought
events for January to May in all three regions. Still, the comparably low skill of the March forecast is problematic, March being
the month of greatest precipitation in most of the catchment. April features a maximum ROCSS for EQM:ECHAM within the
main months of the rainy season.

The good results of the S PI34/S P E I3 forecasts are not surprising, given that by definition they are computed with monthly
precipitation from the previous 36 months, where most of the contributing months are coming from past observations and not
within the forecast period. More interesting are the results for SPI12/SPFE]I; 5, in particular for June. Here, six wet months

contributing to the index are forecasted and the remaining six dry months (July to December of the previous year) come from
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Table 2. Regression used for predicting HDI from MDI. Only the predictant Reservoir Volume is shown. Reservoir Volume stands for regional

reservoir volume as a percentage of regional storage capacity.

Region Response Method Formula R?

Orés Reservoir Volume GLM, 2nd order 68.41 — 26.76SPEls¢ + 53.49SPIss — 29.34SPEI36SPI 2 — 0.64
9.98SPEI36SPI36 + 37.50SPI36SPI12

Castanhdo Reservoir Volume GLM, 2nd order ~ 58.88 + 12.61 * SPEI36 + 3.41 * SPl12 /SPEI 2 — 0.39

3.03SPlo1 SPI12 /SPEls6 + 7.68SPEIL12SPIs6 /SPEI36 +
0.85SPI12SPI36 /SPEI3,
Lower Jaguaribe  Reservoir Volume GLM, 2nd order ~ 31.43 4 16.31SPEI3s — 4.07SPI3; /SPEI; 0.49

observations. Since the variability of precipitation in July to December is very low (mostly close to zero), this index measures
well the skill of the forecasting system concerning long term droughts. Here, a greater differenciation is visible, in particular
EQM:ECHAM and EQM:ECMWEF standing out. WP:ECHAM also compares relatively well to other models.

The multi-model ensemble skill, shown by the gray line is generally close to the upper envelope formed by that of the
individual models. For SPEIj; in the months January to May (rainy season) the skill of the multi-model ensemble is always
positive and oscillates around 0.5. An interesting result is the improvement in skill when SPI; is replaced by SPEIy;. The
gray line, which shows the ROCSS for the multi-model ensemble, indicates an increase in skill during the rainy season.

In both RMSE and ROCSS, WP classification ranks comparably well for time scales of one month (SPIy/SPFEIy;), but
poorly for longer time scales. There are two methodological reasons for that. First, the variables for each WP classification
are selected from a pool of candidate variables according to their skill in predicting SPEI or SPI. The selected variables
are therefore different among different time scales of SPI/SPEI. In other words, the SPI/SPEI with longer time scales are not
predicted simply as an accumulation of previous SPI/SPEI states, but as a fundamentally distinct WP classification. The second
reason is that the EQM/XDS downscaled forecasts of SPI/SPEI of longer time scales (12 and 36 months) are based in part on
observed values, since they include data belonging to the period before the forecast issue time.

A similar forecast assessment has been reported by e.g. Dutra et al. (2013). Events were defined by a S P I3 lower than —1,
with a lead time of 3 months. ROCSS obtained were in the order of 0.6 for the Blue Nile, which is comparable with the results

presented in this paper, but much lower for other rivers e.g. Zambezi.
3.3 Forecasting hydrological drought indices

The GLM equations obtained and their respective R2 are shown in Table 2. Long scale MDIs (like SPI;5 or SPI5s) prevail as
predictors of HDI. This reflects the time scale of reservoir storage variations. At a given moment in time, the reservoir storage
reflects several months of inflow. Similarly, the effect of a month of high inflow in the reservoir storage level is likely to be

only residual, which is given by the comparably low factors associated to SPIy; and SPFEIy; in the Jaguaribe region Table 2.
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Figure 8. Root mean square error of the forecast of SWSI, regional reservoir volume and regional reservoir volume month-to-month variation.
The forecast period is January to June. Three regions are presented: Lower Jaguaribe, Orés and Castanh@o. The horizontal grey dashed line

shows the RMSE of the climatology.

Reservoir AReservoir
Swsl volume [%]  volume [%]

1.0 1 A-A 1 EQM: ECHAM
7 ® EQM: ECMWF
0.5 xm;"%‘ - g . n 0
RA :/ /aY A <]
0.0 ¢ | s | 244 | O
o _ . ] ]
5 0.5 TTTTT1 TTTTT1 TTTTT1
8 1.0 . ‘!\ A\A 7 XDS: ECHAM o
n m XDS: ECMWF
= o5+ A | DR |- £
= v > c
< | & ¢ A .(ﬁ\ £ o]
»n 0.0 s q Ay [
o _ _ ] a (@)
(o) 05 TTTTT1 TTTTT1 TTTTT1
m lo 1 7 7 'WP: ECHAM
= WP: ECMWF 8
05 l—s--A-}k. aacdak A ¢8
0.0 - = . |4 K -\:ZC S3
S
B o o o o el o o e o el o o
SQUAESAS SQESAS SQSSAS
FETLES  SETES PSS

Figure 9. ROCSS of the forecast of SWSI, regional reservoir volume and regional reservoir volume month-to-month variation. The forecast

months are January to June. Three regions are presented: Lower Jaguaribe, Ords and Castanhio.

The forecast of the three HDIs shows notable differences between downscaling techniques EQM/XDS and the WP classifica-
tion (Fig. 8). EQM/XDS have more ROC skill and lower RMSE. Notably, WP classification has lower RMSE when forecasting

13



10

15

20

Hydrol. Earth Syst. Sci. Discuss., https://doi.org/10.5194/hess-2017-572 Hydrology and
Manuscript under review for journal Hydrol. Earth Syst. Sci. Earth System
Discussion started: 26 October 2017 Sciences
(© Author(s) 2017. CC BY 4.0 License.

Discussions

Table 3. ROCSS of January-May multimodel ensemble forecast. The ensemble includes ECHAM and the ECMWF seasonal forecast model,
as well as the EQM and XDS downscaling techniques. The ROCSS are averaged over each region. Columns show different indices used
for the forecast: P is seasonal precipitation, SPIo; and SPEIy; are standardized precipitation indices with scale 1 month, and Reservoir

Volume stands for regional reservoir volume in percentage of regional storage capacity. The ROC refers to an event described in Sect. 2

) ROCSS
region
P SPIlyy SPFEIyy SPEIs  Reservoir Volume /A Reservoir Volume
Orés 0.24 0.28 0.61 0.93 0.59 0.11
Castanhdo 0.25 0.46 0.59 0.91 0.65 0.15
Lower Jaguaribe  0.33 0.28 0.53 0.90 0.42 0.11

reservoir volume change, which reflects the results found in Sect. 3.2, i.e. greater skill in forecasting SPIy; and SPFEIj; than
longer time scales.

Forecast quality is only weakly affected by different GCMs or downscaling techniques. SWSI and reservoir volume can be
forecasted with less error using the downscaling approach. The WP approach apparently ranks better when forecasting HDI
with high variation in short timescales as the monthly variation of the regional reservoir volume. This especially applies to
Or6s and lower Jaguaribe catchments. In the Castanhdo catchment the RMSE is similar for all approaches.

Again, WP classification considers by design only a range of discrete MDIs, which can affect RMSE. MDIs were limited
to nine values, of which -0.75, 0 and 0.75 are the closest to zero. The continuous values of MDI derived by downscaling are
problematic, because the multilinear regression also considers division by the meteorological drought index. When the MDI
are close to zero, outliers arise and skew the RMSE.

This latter issue affecting the RMSE of the hydrological drought index is not felt by the ROCSS, since it considers only the
distinction of an event between dry and not dry. The ROCSS shows small differences between GCMs or downscaling methods
(Fig. 9). Dry conditions can be most skillfully forecasted for the SWSI and the reservoir volume. The skill is mostly constant
during the season and differs between the regions mainly for the reservoir volume with very high skill for May and June in
Orés. Except for the reservoir volume in Orés, WP classification is least skillful in forecasting droughts.

We could not find reports on streamflow/reservoir forecasting systems for the region of Ceard stating ROCSS, RMSE or
other verification measure. Still, for other semi-arid regions of the world, similar skill values could be found in the literature.
Trambauer et al. (2015) forecasted events of standardized runoff index of 6 months lower than -0.5 with variable lead times.
Their best catchment point to a ROCSS of 0.7 with a lead time of 5 months. Seibert et al. (2017) forecasted events with a
standardized streamflow index (Vicente-Serrano et al., 2012) below -0.5, reporting ROCSS of 0 at the outlet of a large river

(the Limpopo in southern Africa) to close to 1 in its headwater catchments.
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3.4 Multimodel ensemble forecast

Finally, we present the skill score of the multimodel ensemble forecast in Table 3. Each type of index considered (precipitation,
meteorological drought index and hydrological drought index) is presented. Results of the WP classification were excluded
from the multimodel ensemble, because they contributed very negatively to the overall skill.

The forecasts of low precipitation events (given in column P), as well as the forecasts of drought defined by the SPIy;
show comparably low skill. Forecasts of SPFEIj; and reservoir storage show greatest skill. This points to a possible bias in
the forecasting that is compensated by introducing temperature in the equation of SPEL. Still it is possible to forecast events of
low relative reservoir storage with similar skill as for SPFE ;.

The good skill of the reservoir storage forecast is likely related to the long memory of the reservoir system. The forecasted
precipitation will affect the reservoir only marginally, since most of its storage is accumulated throughout several years. In
fact, the multilinear regression used for predicting reservoir storage employs as predictors SPFE 5 as well as other MDIs of
shorter time scales. In this sense, the reservoir storage forecast has less skill than would be expected, knowing that the skill of
SPFEI 5 was very high.

Since the SPFE1;5 forecasts are calculated based on a combination of past observed data and the forecasted months, it is
clear that the reservoir storage forecast is not a good indicator for streamflow. Reservoir inflow depends more on short time
scales and contrary to reservoir storage is not affected by interannual memory. Note the comparably lower skill of the reservoir
storage variation (between 0.11 and 0.15), a variable which is expected to closely reflect reservoir inflow.

Improvements in the skill of hydrological drought forecasting can still be obtained. Both reservoir storage’s and reservoir
inflow’s forecast skill showed considerable differences to the skills of the corresponding meteorological forecasts. The multi-
linear regression employed for estimating hydrological drought is likely the reason for such a drop in forecast skill. A way of

circumventing this multilinear regression would be to add a process-based hydrological model to the forecasting system.

4 Conclusions

The plausibility and skill of a set of drought forecasting models was presented. Different types of drought events were con-
sidered: a rainfall anomaly during the rainy season, standardized precipitation indices below a given threshold and anomalies
in regional reservoir storage. The forecast products considered were combinations of two models, ECHAM and the ECMWF
seasonal forecast, two downscaling techniques, XDS and EQM, and a weather pattern classification approach.

Each model provided an ensemble of predictions, so deterministic and probabilistic measures of skill could be used. Results
showed that models with little to no skill by a deterministic measure (RMSE) showed skill under a probabilistic skill score.
This underlines the importance of having at least one deterministic and one probabilistic measure of skill. The deterministic
measure also allowed the see the significant improvement introduced by the ensemble mean: the ensemble mean had in most
cases a greater root mean square error than the climatology. The RMSE of the ensemble mean however was comparable to
the climatology and in some cases lower. Still, no model had an RMSE that significantly departed from the RMSE of the

climatology.
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It was possible to provide a probabilistic forecast based on a multi-model ensemble. The probabilistic forecast was obtained
by binding all members of all models into one product. The skill of this forecast is given in Figs. 4, 7, 9, and Table 3. These
can be considered to be our best guess of a probabilistic drought forecast, since it is consistently among the best forecast
skills provided by the individual models. Individual members surpassed the multi-model ensemble skill only occasionally, for
particular combinations of regions, months and indices.

The skill of the hydrological drought forecast, namely the relative reservoir storage, was comparable to the skill of the
SPEIy forecast, around 0.6 for the regions of Castanhdo and Orés and 0.5 for lower Jaguaribe. The skill obtained for the
hydrological drought forecast is likely inflated by the long memory of the reservoir system and by the dependence on mete-
orological drought indices of long time scales. The hydrological drought index that most resembles streamflow, i.e. reservoir
storage variation, was forecasted with much lower skill. Improvements are expected by coupling a process-based hydrological
model to the seasonal forecasting system.

This work showed that a multimodel ensemble can forecast drought events of time scales relevant to water managers in
northeast Brazil with skill. But none or little skill could be found in the forecasts of the whole range of monthly precipitation
or drought indices (e.g. forecasting average years). Both this work and others here revisited showed that major steps forward

are needed in forecasting the rainy season in northeast Brazil.
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