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Atmospheric forecasting and predictability are important to promote adaption and mitigation measures
in order to minimize drought impacts. This study estimates hybrid (statistical-dynamical) long-range
forecasts of the regional drought index SPI (3-months) over homogeneous regions from mainland
Portugal, based on forecasts from the UKMO operational forecasting system, with lead-times up to
6 months. ERA-Interim reanalysis data is used for the purpose of building a set of SPI predictors integrat-
ing recent past information prior to the forecast launching. Then, the advantage of combining predictors
with both dynamical and statistical background in the prediction of drought conditions at different lags is
evaluated. A two-step hybridization procedure is performed, in which both forecasted and observed
500 hPa geopotential height fields are subjected to a PCA in order to use forecasted PCs and persistent
PCs as predictors. A second hybridization step consists on a statistical/hybrid downscaling to the regional
SPI, based on regression techniques, after the pre-selection of the statistically significant predictors. The
SPI forecasts and the added value of combining dynamical and statistical methods are evaluated in
cross-validation mode, using the R?> and binary event scores. Results are obtained for the four seasons
and it was found that winter is the most predictable season, and that most of the predictive power is
on the large-scale fields from past observations. The hybridization improves the downscaling based on
the forecasted PCs, since they provide complementary information (though modest) beyond that of
persistent PCs. These findings provide clues about the predictability of the SPI, particularly in Portugal,
and may contribute to the predictability of crops yields and to some guidance on users (such as farmers)
decision making process.
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1. Introduction enhance the occurrence of droughts and promote the need for
drought forecast (either seasonal and climatic), in order to prevent
the mentioned impacts.

The predictability of the atmospheric seasonal variability (e.g.

Drought episodes in the Iberian Peninsula (IP) have become
more frequent and severe (Vicente-Serrano et al., 2014; Sousa

et al., 2011), causing several consequences on the socioeconomic
and ecological sectors, and leading to major impacts on vegetation
(Vicente-Serrano et al., 2013; Gouveia et al, 2012, 2009;
Vicente-Serrano, 2007). Extreme episodes, such as the recent
2011-2012, 2004-2005 droughts at Iberia (Trigo et al., 2013;
Garcia-Herrera et al., 2007) and the heatwave of 2003 in Europe
(Trigo et al., 2005) can seriously affect the agricultural and the
hydrologic activities, conditioning the crops and, consequently,
requiring adaptation and mitigation measures often entailing high
costs. A tendency towards a drier Mediterranean during the 21st
century (Giorgi and Lionello, 2008) and the strong variability of
the precipitation regime in the IP (Esteban-Parra et al., 1998)
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Brankovic et al., 1994; e.g. Van den Dool, 1994) has many potential
applications, in particular those related to risk management due to
drought conditions. Pr ions on nal time-

low-frequency variability of the atmosphere, since the major part
of the atmospheric variability show variations on long time scales
(seasons and years), which can be predictable to some extent. One

of the most important of these low-frequency modes in Europe is
the North Atlantic Oscillation (NAO), the dominant mode of winter
climate variability over the North Atlantic-European (NAE) region
(e.g. Hurrel, 1995), which plays the most important role in precip-
itation variability over Iberia (Trigo et al., 2004; Rodriguez-Puebla
et al.,, 2001; Pires and Perdigdo, 2007). Nevertheless, despite the
much lower forecast skill over extratropics than in tropical regions
(e.g. Rowell, 1998; Zhu et al., 2014) it is not negligible, and
large-scale features has long been regarded as more predictable
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than small scales (Van den Dool and Saha, 1990). In a simple way,
low-frequency modes can be interpreted as sources of predictabil-
ity or “windows of opportunity” of potential predictability: the
ability to predict well the low-frequency modes, may lead to a
good prediction of the regional features, such as droughts.

Long-range forecasts in Europe have been carried out by many
operational meteorological centers, such as the European Center
for Medium-Range Weather Forecast (ECMWEF), the UK Met
Office (UKMO) and the Météo-France. Dynamical predictions sys-
tems are widely used for long-range forecasts (e.g. Doblas-Reyes
et al., 2009; Vitart et al., 2007), as well as statistical approaches
(e.g. Folland et al., 2012; Morid et al., 2007). Given the availability
of producing forecasts based on both dynamical and statistical sys-
tems, the hybrid combination of statistical and dynamical methods
emerged as a commonly and useful approach for long-range fore-
casts in order to take advantage of both approaches using, for
instance: probabilistic forecasting based on Gaussian distribution
and deterministic forecasting (Déqué and Stroe, 1994), Bayesian
joint probability (BJP) (Peng et al., 2014), space-time principal
components (ST-PCs) (Vautard et al., 1996; Sarda et al., 1996) -
obtained from the Multi-Singular Spectrum Analysis (MSSA) -
regression-based models (Kim and Webster, 2010), and
Maximum Covariance Analysis (MCA) (Coelho et al., 2006).

A hybrid approach that has been followed relies in a two-step
procedure, in which the predictors are first numerically forecasted
and then statistically processed, and finally used to empirically
estimate the predict and (e.g. Pires, 1996; Sarda et al., 1996).
Recently, using the most recent seasonal Integrated Forecast
Systems (IFS) from the EMCWEF, Vitart (2014) have shown that
the skill of the NAO monthly forecasts have been improving, which
is particularly interesting given the importance of this index for the
precipitation variability over the NAE region. One of the goals of
this work is to take advantage of the skill of the dynamical models
in forecasting the low-frequency modes (Peng et al., 2014; Kim
et al., 2012), using the first leading Principal Components (PCs) of
dynamical seasonal forecasts of the geopotential at 500 hPa
(first-step of the hybrid procedure), and then perform a statistical
downscaling of those predictors to the regional scale, based on
regression techniques (second-step of the hybrid procedure). The
first-step of the hybrid procedure also includes the PCs of prior
(forecasting initialization date) observations of geopotential, gath-
ering a pool of predictors from both dynamical and statistical back-
grounds. The influence of each predictor is here assessed, and the
added value of hybridizing dynamical and statistical based predic-
tors is evaluated.

Besides the NAO, evidence is found that other main
low-frequency modes are linked to the precipitation regime over
IP, which is marked by a strong variability enhance the occurrence
of droughts (Esteban-Parra et al., 1998), for instance: the
Scandinavian Pattern (SCAND) and the East-Atlantic pattern (EA)
(e.g. Rodriguez-Puebla et al, 1998); the East-Atlantic/West
Russian Pattern (EA/WR) (Vicente-Serrano and Lépez-Moreno,
2006); which suggests possible drought predictive skills of these
teleconnection patterns. Another source of predictability is the
influence, though weaker, of the El Nifio-Southern Oscillation phe-
nomenon (ENSO) on precipitation (e.g. deCastro et al., 2006;
Vicente-Serrano, 2005; Pozo-Vazquez et al., 2001;
Rodriguez-Puebla et al., 1998).

An important tool when analyzing drought conditions are the
drought indices, which allows for the assignment of different
degrees of intensity, duration and spatial extent of droughts.
Vicente-Serrano (2005) has discussed the influence of El Nifio
and La Nifia events on droughts in the IP using the Standardized
Precipitation Index (SPI), developed by McKee et al. (1993), which
is based on a probabilistic approach of the precipitation. Another
widely employed drought index is the Palmer Drought Severity

Index (PDSI), developed by Palmer (1965) which, besides precipita-
tion, is based on the soil water budget. More recently,
Vicente-Serrano et al. (2010) has formulated an index that seeks
the combined influence of precipitation and evapotranspiration:
the Standardized Precipitation Evaporation Index (SPEI).

The present work aims to contribute to the assessment and
improvement of the seasonal predictability of the SPI at a time
scale of 3-months (predictand) in the mainland Portugal (western
Iberia), with lead-times up to 6 months, based on hybridization
techniques. Coelho et al. (2006) has developed a single integrated
forecast of seasonal of rainfall that gathers prediction information
from three dynamical systems and an empirical model. More
recently, Coelho and Costa (2010) discusses the challenges of inte-
grating seasonal forecasts to help the end user managing process.
Similarly, the present study also intends to contribute to an
improved understanding of the relevance of combining dynamical
and statistical techniques in the prediction of droughts over the
Portuguese territory, in order to provide some guidance on users
(such as farmers) decision making process.

In Section 2 the data and the applied methodology is described,
focusing on the two-step hybridization procedure, the selection of
the best predictors and the formulation of the statistical downscal-
ing. In Section 3 the results of the forecasts (statistical and hybrid)
of the drought index are evaluated according to the lead-time, sea-
son and region. A discussion and conclusions follow in Section 4.

2. Data and methods description
2.1. Regional drought index

In this study the Standard Precipitation Index (SPI) is computed
based on monthly precipitation time series, providing a measure of
anomalies in precipitation (McKee et al., 1993). In order to consider
homogeneous climate regions for the computation of regional SPI
time-series, the recent high-resolution (0.2° x 0.2°) gridded data-
set PT02 developed by Belo-Pereira et al. (2011) is considered.
This new dataset based on a dense network of observed data over
Portugal (several hundred stations) is a rather good representation
of the precipitation regime over Portugal, resulting from the inter-
polation of observations using the ordinary kriging method, after
quality control and homogenization steps.

In this study a Principal Component Analysis (PCA) (Hannachi
et al., 2007 and references therein) and a subsequent varimax rota-
tion is applied to the PT02 dataset to search for independent cli-
mate sub-regions (Fig. 1). The eigenvalues and eigenvectors are
computed from the correlation matrix of the monthly precipitation
anomalies with respect to annual cycle. The spatial orthogonal pat-
terns (Empirical Orthogonal Functions (EOFs)) given by the eigen-
vectors, are proportional to the correlation between the monthly
precipitation anomalies and the corresponding principal compo-
nent time series. The first three modes explain much of the vari-
ance fraction (83%) of the precipitation anomalies field, which
are retained under orthogonal rotation of the standardized PCs.
The varimax orthogonal rotation of the three leading standardized
PCs gives three independent sub-regions according to the zero
loading lines of the second and third rotated EOFs (REOFs)
(Figs. 1 and 2). The zero loading lines from the three REOFs (includ-
ing the first REOF) would give approximately four regions, however
the possible north-eastern region (defined by the first REOF) would
be rather small than the other regions and therefore we decided to
include it into the north-western region.

While the second REOF indicates the south as a distinct
sub-region (hereafter Region 3), coinciding with the driest areas
in Portugal, the third REOF points out the north-western region
(hereafter Region 1) as a separate climate sub-region, comprising
the regions with more cumulative precipitation in Portugal. As a
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Fig. 1. Varimax REOFs of the monthly precipitation anomalies from the PT02 dataset during 1987-2003. The zero loading lines indicate the regionalization criterion for
subsequently regional SPI (3-months) computation. The respective explained variance fraction is indicated in parenthesis.
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Fig. 2. The three homogeneous regions representation and the respective regional SPI (3-months) computed based on the cumulative precipitation over the north-western

(Region 1), the centred (Region 2) and the southern regions (Region 3).

result of the division of these two sub-regions, comes other region
on the center (hereafter Region 2) suggesting a different regime of
precipitation variability. Recent studies based of the spatial rotated
loadings of drought indices (e.g. Raziei et al., 2014; Martins et al.,
2012) have also found the north-western and the southern
Portugal as dissimilar regions of drought spatial variability.

The regional SPI is computed based on the cumulative precipi-
tationvoverrtherthreerhomogenoustregions (Fig. 2). One of the
advantages of using SPI is that it is a drought index based only
on precipitation, and it is more useful than precipitation alone
for spatial analysis of droughts, since it compares the precipitation
with the average and variance of each location for which the index
is calculated. The R Package available at http://sac.csic.es/spei
(Vicente-Serrano et al., 2010) is used to compute SPI, which allows
for computing SPI at different time scales. For the time scale of
3 months used in this study, the SPI is considered an agricultural
drought index, while for longer time scales like 12 months, the
SPI should be considered as a hydrological drought index

(Vicente-Serrano, 2006). Hereafter, the SPI refers always to the last
month of the correspondent time scale (e.g. SPI of December refers
to trimester OND)

2.2. Dynamical system data and past observations

In order to build predictors for forecasting the regional SPI, this
study uses monthly'meansof geopotential’heightat’500'hPa (here-
after referred as z500) from the UKMO forecasting system (ECMWF
data arquive), which provides ensemble means (monthly means
averaged over all the ensemble members) since 1987 with
lead-times up to 6 months, to be used here.

Monthly ERA-Interim reanalysis of the z500 field from the fore-
casting initialization date is considered for the purpose of build SPI
predictors integrating recent past information prior to the forecast
launching. For example, a 1 month lead forecast for the SPI of
December is initialized on 1 November, whereas 2 month lead
forecast for December is initialized on 1 October. For each
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December forecast, we use here 6 prior corresponding reanalysis
values, covering the forecast lead-times from 1 to 6 months.
ERA-Interim reanalysis uses input observations, so reanalysis data
is considered as past observations, since it corresponds to what is
known before the forecast. The common period 1987-2003
(16 years) between the data from the UKMO forecasting system
and the PTO2 is used for all data sets considered in this study.

2.3. Two-step hybridization procedure

This study estimates hybrid (statistical-dynamical) predictions
of the regional drought index SPI. A key concept of the present
methodology is the concept of hybridization, here considered as
the combination of predictors of different kinds: the dynamical
forecasts and the past observations. A two-step hybridization pro-
cedure is adopted: the first-step concerns the application of PCA to
the output dynamical forecasting system and also to past observa-
tions, in order to build the pool of predictors (PCs) from both
dynamical and statistical backgrounds. The second-step regards
the statistical downscaling of the predictors, taking the SPI as the
predictand, using Multiple Linear Regression (MLR) models. An
overview of the main steps of the applied hybridization methodol-
ogy is resumed in the Fig. 3. The hybridization procedure starts
from the forecasts and past observations of the main modes of
atmospheric circulation, taking the regional drought index SPI as
the variable to predict. Then the significant predictors are selected
and the MLR models are established.

2.4. First-step (low-frequency modes computation)
The main modes of atmospheric circulation are computed using

PCA of the z500 seasonal (3-months) anomalies over the North
Atlantic-European (NAE) region (25°-55°N, 80°W-40°E). The

anomalies are computed by removing the seasonal component
derived by Seasonal-Trend decomposition based on Loess (STL), a
procedure implemented in the R-package stl. The STL algorithm
enables the seasonal component to change in time (smoothing
parameter of 365days in this case), and is based on
locally-weighted regression, or loess (Cleveland et al., 1990), which
is a robust method that allows STL to perform rather well even in
the cases of extreme observations and/or outliers.

The PCs obtained based on the forecasts of z500 (forecasted PCs
hereafter) are obtained by projecting the z500 forecasted field of
each lead-time onto the EOFs from the reanalysis data of the
respective forecast validation date. We adopt this procedure rather
than using EOFs obtained from model runs, necessarily affected by
model biases. The forecasted PCs are performed independently for
3-months winter (DJF), 3-months spring (MAM), 3-months sum-
mer (JJA) and 3-months autumn (SON). For example, a 1-month
lead-time forecast of z500 for 3-months winter is projected onto
the EOFs from the reanalysis during the 3-months winter (DJF),
and a 2-month lead-time forecast of z500 for 3-months spring
are projected onto the EOFs from the reanalysis during the
3-months spring (MAM).

For each lead-time, a benchmark empirical PC is given by the
‘persistence’, i.e. the observed PCs at the date of initialization of
the forecast (persistent PCs hereafter). For example, to the
1-month lead-time forecasted PCs of DJF, it corresponds the persis-
tent PCs based on the reanalysis of NDJ.

Based on the examination of the number of PCs (forecasted and
persistent) that explain approximately over 50% of the z500 total
variance (explained variance depends on the season and on the
lead-time that is considered), the first four persistent PCs and the
first four forecasted PCs are retained. Those variance-leading PCs
have in general a large-scale and low-frequency signature leading
to some potential predictability.

Data input PTO2' o ERA-Interim . UKMO .
(monthly precipitation) (monthly geopotentital) (monthly geopotentital)
!
PCA rotation
Homogeneous climate
regions
! ! !
Predictand
Drought index
SPIt+i (3-months)
| Step 1 PCA PCA projection
Predictors Predictors
Atmospheric Atmospheric circulation Atmospheric circulation
circulation ‘persistent PCs’ “forecasted PCs’
2500t z500t+i

I

Select significant predictors for 90% confidence level |

l

| Step 2 | I Multiple Linear Regression Analysis |
Model | Formula
Statistical Model 0 (M0) | SPI,; = £(z500,)
downscaling Model 1 (M1) | SPI,; = £(z500,,;)
Hybrid Model 01 (HMO01) SPLy = £2500:2000,)
|
I Cross-validation 3-fold |
i

| Data output

Statistical-dynamical SPI predicted time-series |

Fig. 3. Schematic view of the applied hybridization technique. The functional dependency of the MLR models are shown in the Step 2, where i is the lead-time forecast month
and t is the forecasting initialization date and f Ordinary Linear Regression of arguments.
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The first mode of variability based on reanalysis in winter (DJF),
spring (MAM), summer (JJA) and autumn (SON) is rather similar to
the NAO pattern of circulation. In order to illustrate the persistence
predictors, we show in Fig. 4 (right panel) the first four EOFs of
z500 anomalies in NDJ (used to compute the winter 1-month
lead-time persistence forecasts). There, the first mode projects
partly in the negative-phase NAO pattern. The second mode is
associated with a high central pressure extending from the
American coast up to Europe west coast and also partly projecting
on the NAO. This mode has a strong negative correlation with the
precipitation in Portugal (see Table 1) (Trigo et al., 2004).The third
and fourth modes represent less important modes, associated to
longitudinally distributed dipoles over the NAE region.

2.5. Selection of predictors

For each region, lead-time and season, there are eight possible
predictors (first four forecasted PCs and first four persistent PCs).
Only the statistically significant predictors (for a 90% confidence
level) are selected, based on the criterion of the statistical signifi-
cance of the correlations between the predictors (x) and the predic-
tand (y). The sampling correlations relying on an effective sample
size N5 (number of degrees of freedom) have variance given by
Eq. (1) and are approximately Gaussian distributed (von Storch
and Zwiers, 1999).

1

varfcor(x, y)y,.,| = Nes — 3 B
ess

PC1 projection DJF (1-month lead-time)

1985 1990 1995 2000 2005
PC2 projection DJF (1-month lead-time)

4 . ’ " .
1985 1990 1995 2000 2005
PC3 projection DJF (1-month lead-time)

-02}

04 - : - ;
1985 1990 1995 2000 2005

PC4 projection DJF (1-month lead-time)
0.4

02
0
-0.2

-04 : v
1985 1990 1995 2000 2005

In order to compute the N, of the validation sample to enter in
the significance threshold formula of correlation, we suppose that
outcomes on different years are independent, hence
Ness = Ness/year x Nyears where Nyears = 16 is the number of years
from the study period. For each year and validated season, there
are N, =3 realizations/year corresponding to monthly-delayed
SPI (3-months) (e.g. in winter we use SPI (3-months) ending in
December, January and February (DJF)) that are partially correlated
due to temporal overlapping. For the N,/year (Eq. (2)) we estimate
it for the predictand (y) (Zieba, 2010) through the auto-correlation
function at lags of 1 and 2 months as

Nrea
- ; @)

142 Z(Nrea - i)Nr_e]apy(i)

i=1

Ness/year =

where p,(1)=0.90 and p,(1)=0.84 for the winter SPI, leading to
Ness =16 * 1.12~18. Therefore, by taking two-sided confidence
intervals, the minimum value for which the correlation is significant
at 90% confidence level, under the null hypothesis of uncorrelated x
and y, is 0.41 given by the Eq. (3):

o5y, (3)

C % — k]
T Nes - 3

where qgs4 is the quantile 95% of the standard Gaussian probability
density function (pdf). The other seasons give slightly larger Ness
(due to shorter SPI memory) and smaller Cooy values, thus we keep
the conservative threshold 0.41 for the pre-selection of predictors.
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Fig. 4. Illustration of predictors used in 1-month lead-time in winter. Left: First four forecasted PCs based on the UKMO forecasts of 1-month lead-time z500 during the 3-
months winter (DJF), i.e. 3 times per year. Right: First four EOFs, based on the past observations from the date of the initialization of the forecasts of 1-month lead-time z500

during the 3-months winter (NDJ).
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Table 1
Correlation coefficients between the predictors and the predictands at each homogeneous region (1, 2 and 3), season (DJF, MAM. JJA and SON), and lead-time. PC: Principal Components; PR]: Principal components projections. For a 90%
confidence level, correlations above 0.41 are statically significant (absolute values in bold*).
Region PC1 PC2 PC3 PC4 PRJ]1  PRJ2 PR]3  PRJ4 Region PC1 PC2 PC3 PC4  PRJ1 PR]2 PR3 PRj4
1-month Winter 1 0.08 -0.79* -0.03 -023 -0.08 -046° -0.11 -0.08 4-monthlead-time  Winter 1 0.06 021 -034 -0.02 009 -0.29 0 -0.32
lead-
time
2 024 -0.74° -0.05 -0.26 0.02 -048" -0.05 -0.04 2 0.08 0.17 -0.38 -0.01 014 -0.23 0.08 -0.30
3 035 -0.62° -0.08 -0.22 0.10 -045" 0.03 -0.02 3 0.08 0.14 -039 -0.04 014 -0.25 0.15 -0.29
Spring 1 0.11 025 -0.62" 0.11 0.10 -0.52* 0.22 0.14 Spring 1 0.02 -0.30 005 -0.03 -021 -0.02 -0.14 0.13
2 0.16 028 -0.57° -0.03 015 -0.51" 0.12 0.06 2 003 -0.18 -0.03 -006 -014 -0.12 -0.12 0.13
3 0.16 035 -041" -0.09 0.09 -0.33 0.04 0.17 3 0.1 -0.05 -0.03 -0.14 -016 -0.12 -0.17 0.07
Summer 1 -0.15 -0.05 -041* 0.15 0.01 -0.08 -0.09 0.11 Summer 1 0.15 -0.36 0.17 0.15 -0.05 0.09 -0.09 -0.03
2 -0.12 -0.05 -039 0.17 002 -0.05 -0.1 0.06 2 016 -0.32 0.13 0.13 0.01 0.06 -0.1 —-0.05
3 -0.24 001 -0.34 0.13 016 -0.14 -0.05 0.06 3 002 -0.27 0.28 0.06 -0.05 0.16 -0.14 -0.06
Autumn 1 -0.09 -0.11 0.01 017 -020 -0.12 -0.03 0.25 Autumn 1 -0.06 0.1 -0.05 -0.11 0.21 022 -021 -0.08
2 -0.08 -0.07 0.07 032 -031 -0.16 0.06 0.2 2 -0.03 -0.1 -0.13 -0.03 0.19 024 -0.19 -0.06
3 -0.02 -0.04 0.11 037 -03 -0.1 0.16 0.09 3 -0.01 -0.04 -0.11 0.01 0.17 023 -0.14 -0.01
2-month Winter 1 0.14 -0.56" 0.06 0.10 002 -024 -0.08 -0.03 1 -0.56* -0.01 -0.04 -0.05 004 -0.15 -006 -0.37
lead-
time
2 026 -049° -0.02 0.15 012 -024 -0.01 -0.01 5-month lead-time  Winter 2 -0.52* -0.04 -005 -0.12 009 -0.08 0 -0.34
3 037 -040 -0.07 0.22 017 -0.25 0.07 -0.04 3 -0.51" 0 -0.06 -0.13 005 -0.1 0.08 -0.34
Spring 1 -024 -0.13 -046* -0.14 -0.03 -0.09 0.25 0.14 Spring 1 -0.16  -0.23 0.09 0.14 -032 -0.02 -0.07 0.1
2 -026 -024 -033 -0.15 -0.03 -0.14 0.28 0.16 2 -0.07 -0.17 0.07 0.13 -040 -0.16 -0.02 0.14
3 -012 -037 -019 -0.13 -0.01 -0.17 0.26 0.16 3 005 -0.07 0.03 0.14 -042* -0.15 -0.1 0.22
Summer 1 —-0.01 0.12 -0.66" -0.10 027 -0.17 -0.02 0.16 Summer 1 0.14 0.2 0.17 0.08 -004 -0.11 -0.06 -0.04
2 0.02 0.19 -0.63" -0.08 026 -0.13 -0.10 0.10 2 0.20 0.19 0.16 0.01 0 -0.24 0.04 -0.05
3 0.13 033 -0.60° -0.13 034 -026 -0.10 0.02 3 0.14 0.16 03 002 -014 -0.14 017 -0.17
Autumn 1 0.06 -0.04 -0.07 0.11 -0.04 0 —0.08 0.04 Autumn 1 -0.06 -02 -012 -0.23 0.17 0.09 -002 -0.09
2 0.01 -0.15 -0.05 0.09 -0.02 -0.01 0.05 0.01 2 005 -0.16 -0.16 -0.28 019 -0.02 0.08 0.01
3 -0.05 -0.12 -0.03 0.07 -0.06 —0.02 0.09 -0.03 3 0 -0.1 -0.11 -0.14 0.15 -0.06 0.08 0.05
3-month Winter 1 0 -0.09 -0.03 0.20 001 -0.09 -0.01 -0.15 6-month lead-time  Winter 1 0.38 004 -016 -0.15 -024 -0.24 026 -0.28
lead-
time
2 -0.01 -0.07 -0.06 0.16 005 -0.03 -0.02 -0.11 2 0.42* 003 -0.09 -02 -017 -0.14 030 -0.20
3 -0.04 -0.05 -0.1 0.14 008 -0.01 -0.02 -0.11 3 0.46* 004 -0.05 -0.19 -0.17 -0.06 032 -0.14
Spring 1 021 -014 -0.21 0.12 0.29 0.03 0.08 -0.27 Spring 1 013 -0.14 018 -0.03 -0.18 0.09 -0.06 -0.02
2 019 -0.1 -0.18 0.04 0.24 0.05 0.08 -0.2 2 0 -0.24 004 -0.04 -0.20 0.06 0.05 -0.09
3 0.08 -0.07 -0.05 -0.04 0.11 0.11 0.03 -0.03 3 -0.16 -0.13 -0.07 0 -0.2 0.08 -0.03 -0.08
Summer 1 -0.23 0.04 015 -0.07 021 -0.02 0.27 0.24 Summer 1 -0.03 011 -0.02 0.04 0.08 -0.07 0.08 0.12
2 -0.18 -0.01 0.15 -0.06 022 -0.02 0.24 0.19 2 0.05 0.07 0.02 0.13 005 -0.09 0.12 0.07
3 -0.14 0.11 0.07 0.05 0.31 0.08 0.30 0.25 3 0.09 0.08 0.13 0.08 0.17  -0.01 0.07 0.14
Autumn 1 013 -0.15 011 -0.03 -0.15 -022 -0.15 0.33 Autumn 1 -0.16 -0.13 -0.07 -0.07 0.18  -0.09 0.09 0.06
2 0.15 -0.19 0.11 0.07 -021 -0.2 -0.2 0.44* 2 -0.11 -0.11 -0.08 0.13 019 -0.12 0.15 0.04
3 0.15 -0.19 006 -0.06 -020 -0.14 -0.13 0.36 3 004 -0.15 -0.08 0.15 0.1 -0.2 0.16 -0.02
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The purpose of this approach is to not include noisy or useless pre-
dictors in the regression models whose presence would degrade the
scores evaluated in validation mode.

2.6. Second-step (statistical downscaling)

For each considered homogeneous region, season and
lead-time, a statistical downscaling is performed based on MLR
models, during the period 1987-2003, taking each regional SPI
time series as predictands. Fig. 3 (on the Step 2) resumes the func-
tional dependency of the MLR models based on ordinary least
squares. The Model 0 (MO) is performed based on the persistent
PCs, regarded as a statistical downscaling of the past observations.
The next model Model1 (M1) is based on the UKMO-forecasted PCs
denoted as a statistical downscaling of the dynamical forecasts. As
a next step, MLR models are established combining predictors from
both statistical and dynamical backgrounds. Hybrid Model 01
(HMO01) combines the predictors from MO and M1, considered as
a hybrid downscaling (statistical-dynamical) based on the PCs
forecasts of z500 and the observed PCs of z500 from the forecasting
initialization date.

2.7. Lead-times of forecast
In this work statistical-dynamical forecasts of droughts are
defined as forecasts of the regional drought index SPI. The forecasts

of SPI are performed for the 3-months winter (DJF), 3-months

Winter season view
Lead-time

spring (MAM), 3-months summer (JJA) and 3-months autumn
(SON). Fig. 5 shows a scheme of the forecasting times regarding
the winter season, as an example (the same is true for spring, sum-
mer and autumn). The lead-time of forecast is defined as the time
interval between the dynamical forecast initialization date (cross)
and the forecast validation date (black letter) (see lower panel of
Fig. 5). The forecast validation dates after a month from the fore-
cast initialization are designated as 1-month lead, and so forth
up to 6-month lead.

The monthly view of Fig. 5 shows that each month of the pre-
dictand is computed with the same lead-time, for example: the
1-month lead-time winter consists of a December predicted from
November, a January predicted from December, and a February
predicted from January. This definition was adopted to simplify
the integration of data from the past: looking at the seasonal view
considering the 1-month lead-time, to each DJF forecast validation
period there is a corresponding one month delay ND] forecast ini-
tialization period (dates of the predictors based on observations).
The most conventional definition assumes that the 1-month
lead-time winter consists of a December predicted from
November, a January predicted from November, and a February
predicted from November.

Fig. 5 also illustrates the time-scale of 3-months of the SPI, i.e.
the SPI memory (white), and the past observations contents (dark
gray shadow). In effect, considering the SPI memory of 3-months,
the 1-month and 2-month lead-times entail an ‘overlap’ of infor-
mation when taking into account the observations of the past on

Forecast initialization

6-month X X X
5-month e x
4-month 0 X
3-month X X
2-month x x X
1-month 28 23 x
D J F
Forecast period -
A
l Target Month !
Lead-time
6-month K
S5-month
4-month o
3-month <
2-month K
1-month x
M s
Target month -
x Forecast initialization D = December
J = January
Past observation F = February

SPI time-scale (3-months)

M = December, January or February

Fig. 5. Scheme of the forecasting lead-times for the winter months as an example (the same is true for the spring and autumn). The dynamical forecast initialization date is
denoted as a red cross, and the forecast validation months (effective time of forecasting) are denoted in black letters. The memory of the drought index SPI is represented as a
light gray shadow and the past observations contents as a dark gray shadow. In the top is illustrated a scheme of the lead-times during the winter period, and in the bottom is

illustrated the same lead-times of each target month contained in the forecast period.
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the monthly view. Looking at the seasonal view (from the point of
view of score evaluation), the memory of a DJF SPI dates back to
October (memory of December), which implies that there is an
‘overlap’ until the 5-month lead-time on the MLR models. This
‘overlap’ should improve the forecasting skill at the shorter
lead-times, if it had been used all observed precipitation prior to
the forecasting initialization time (corresponding to the
time-scale of the SPI) as additional predictors (persistent precipita-
tion). In this study, the large-scale predictors with knowledge from
the past only refer to the date of initialization of the dynamical
forecasts.

2.8. Forecast evaluation

The forecasts and the added value of combining dynamical and
statistical methods are evaluated in cross-validation mode, in
order to obtain unbiased forecasting scores by removing eventual
over-fitting associated to the MLR models, occurring when the
same data is used for the fit and for the performance assessment.
The basic idea of the cross-validation techniques is to discard part
of the data for the MLR model fit, and test the models performance
on the data not considered on the fit. In this study the k-fold
cross-validation (Wilks, 2006) is used, dividing the data into k sub-
sets (k = 3), forming a partition of the total available period. In each
validation, k—1 subsets are used to the fit (the training set), and the
leaved out subset is used for prediction (the validation set), ensur-
ing that every subset is used for training and is validated
independently.

The forecasting skill is assessed in terms of cross-validated coef-
ficient of determination (R?), assessing how well a MLR model per-
forms based on information not considered on the model fit. The
models performance regarding the occurrence of droughts
(SPI<0) is assessed in terms of contingency tables and associated
standard scores: Proportion Correct (PCo), False Alarm Ratio
(FAR) and Hit Ratio (HR) (Wilks, 2006). The fraction of forecast
occasions that correctly anticipate an event (drought, SPI <0) or
not an event (rainfall, SPI > 0) equally is assessed by the PC score.
The hit rate (HR) regards only the correct forecasts of the event
of interest (drought), while the ratio of false alarm (FAR) evaluates
the number of wrong forecasts of droughts.

3. Results
3.1. Statistical significant predictors

The assessment of the statistical significant predictors is pre-
sented in Table 1. Generally, winter in extratropics is the season
with the largest potential predictability (e.g. Rowell, 1998;
Davies et al., 1997) and displays noteworthy correlation values
between predictors and predictands according to Table 1.

Relatively to the persistent PCs during winter, the second mode
displays statistically significant correlations at 1, 2, 5 and 6-month
lead-times, ranging from 0.79 (1-month lead-time) to 0.42
(6-month lead-time). The results suggest that during winter higher
predictive power occur at 1-month lead-time and decrease until 3
and 4-month lead-times, recovering predictability at the 5-month
lead-time.

During spring and summer, the third persistent PC also displays
statistically significant correlations at 1 and 2-month lead-time. In
particular at 2-month lead-time, Table 1 suggests more pre-
dictability during summer rather than in winter. On the other
hand, during autumn there are not significant correlations using
the low-frequency modes based on past observations (persistent
PCs). Generally, the north-western region (Region 1), more

correlated with the NAO index, records the highest correlation val-
ues in all seasons at each lead-time, except for the 6-month
lead-time.

In respect to the low-frequency modes based on dynamical
forecasts (M1), the winter (Regions 1, 2 and 3) and spring
(Regions 1 and 2) display the highest correlation values using the
second mode, only at 1-month lead-time. According to the crite-
rion for the selection of significant predictors adopted here, the
5-month lead-time spring forecasts (Regions 3) also displays sig-
nificant correlation coefficients. The single case in which the
autumn season meets the test of significance is the 3-month
lead-time forecasts based on the fourth forecasted PC (Region 2).

3.2. Forecasting skill scores

The overall performance of the cross-validation of the MLR
models (Step 2) is shown in Table 2 in terms of coefficient of deter-
mination (R?), for the four seasons, the six lead-times and the three
homogeneous regions over the Portugal territory. After the crite-
rion of selection of the predictors, the statistical model with the
most number of candidate cases is the MO based on the persistent
PCs, followed by M01 and HMO1. Winter is the season that is
mostly represented in Table 2, suggesting a greater potential for
predictability. Hybrid  (statistical-dynamical) downscaling
(HMO01) is evaluated during winter (regions 1, 2 and 3) and spring
(regions 1 and 2) at 1-month lead-time (Table 2). Generally, the
cross-validated R? indicates a good performance of the hybrid
model HMO1 and the statistical model MO. The predictive perfor-
mance deteriorates substantially using the model M01 based on
the forecasted PCs.

Table 2 shows that the winter (1-month lead-time) is the most
predictable season, reaching 52.21% of explained variance by the
MO1 (region 1), indicating the influence of the second mode of
the atmospheric circulation during the previous NDJ. A slight
improvement is found at regions 2 and 3 during winter by the
HMO1 over the MO, similarly to regions 1 and 2 during spring.
The downscaling during spring is assessed at 1-month lead-time,
reaching 37.7% of explained variance at the region 1. The perfor-
mance of MO during spring indicates the influence of the third
mode of atmospheric circulation during the previous trimester
FMA. Generally the hybridization enhances the seasonal forecast-
ing skill when the performance of each predictor is rather similar
and complementary, thus improving the prediction ability when
considered together. When the performance of persistence is
already rather good separately, hybridization does not improve
the forecasting due to the poor performance of forecasted PCs as
predictors.

At 2-month lead-time the cross-validated R? during winter is
reduced to less than half of the explained percentage at 1-month
lead-time, and absent at 3 and 4-month lead-time. However, at
5-month lead-time, a recovery in forecast skill is verified, also in
accordance to Table 1, indicating the influence of atmospheric cir-
culation during JAS in the winter ahead. The lack of significant
scores at 3, 4 and 6-month lead-time during winter is associated
to the values of correlation with the predictand very close to the
threshold value (Table 1). At the 2-month lead time the summer
season displays an over performance rather than in 1-month
lead-time. This fact suggests the influence of AM] predictors in
the following summer SPL

Generally, the predictive performance significantly improves
from the south to the north during the winter (except for the
6-month lead-time), spring and summer. The absence of regression
models in Table 2 during the autumn season is in agreement to
Table 1, similar to the spring and summer seasons for longer
lead-times.
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Table 2

Percentage skill scores in terms of cross-validated R? (%) of 1, 2 and 3-month lead-times, using the possible MLR models for the three regions during the winter, spring, summer
and autumn. White cells for a (Season/Region/Lag) display at least one model with positive score, with the best model marked bold*.

Region MO M1 HMO1 Region MO M1 HMO1
1-month lead-time Winter 1 52.21* 13.04 51.09 4-month lead-time Winter 1
2 39.87 16.45 40.12* 2
3 15.52 9.11 16.55* 3
Spring 1 34.64 19.92 37.70* Spring 1
2 25.60 22.01 31.85* 2
3 24.49 3
Summer 1 —-2.40 Summer 1
2 2
3 3
Autumn 1 Autumn 1
2 2
3 3
2-month lead-time Winter 1 17.70 5-month lead-time Winter 1 27.57
2 11.31 2 23.67
3 3 17.22
Spring 1 5.68 Spring 1
2 2
3 3
Summer 1 41.14 Summer 1
2 36.37 2
3 33.75 3 -19.23
Autumn 1 Autumn 1
2 2
1 3
3-month lead-time Winter 1 6-month lead-time Winter 1
2 2 3.58
3 3 7.44
Spring 1 Spring 1
2 2
3 3
Summer 1 Summer 1
2 2
3 3
Autumn 1 Autumn 1
2 8.88 2
3 3
Table 3
Winter (1-month lead-time) contingency tables and standard scores for drought identification: PC (Proportion Correct), FAR (False Alarm Ratio) and HR (Hit Ratio).
Winter
1-month lead-time
Region 1 Region 2 Region 3
Drought observed Drought observed Drought observed
MO Yes No MO Yes No MO Yes No
Yes 0.38 0.17 Yes 0.42 0.21 Yes 0.44 0.17
No 0.17 0.38 No 0.10 0.38 No 0.15 0.33
PC=0.75 FAR = 0.31 HR =0.69 PC=0.79 FAR =0.33 HR =0.80 PC=0.78 FAR =0.28 HR=0.75
MO1 Yes No MO1 Yes No MO1 Yes No
Yes 0.27 0.38 Yes 0.35 0.33 Yes 0.35 0.33
No 0.17 0.38 No 0.13 0.35 No 0.15 0.33
PC =0.65 FAR = 0.58 HR =0.62 PC=0.71 FAR = 0.48 HR =0.74 PC=0.69 FAR = 0.48 HR=0.71
HMO1 Yes No HMO1 Yes No HMO1 Yes No
Yes 0.38 0.17 Yes 0.46 0.13 Yes 0.41 0.21
No 0.23 0.31 No 0.13 0.35 No 0.15 0.33
PC=0.69 FAR = 0.31 HR=0.62 PC=0.81 FAR = 0.21 HR=0.79 PC=0.75 FAR =0.33 HR =0.74

The winter (1-month lead-time) forecast skill is also evaluated
in Table 3 by a 2 x 2 contingency table and standard scores for
drought identification, here considered as SPI values smaller than
zero. Here, we restrict the analysis to the above case since it is
the only one allowing the comparison of scores among different
regions and models. We use the PCo score as a measure of correct
forecasts of drought event and nonevent. For a random experi-
ment, PCo is a random variable derived from a binomial pdf with

Ness ~ 18 (see Section 2.5), hence its average is E(PCo)=p =0.50
and its standard deviation is

6(PCO) = /(1 — p)/Negs ~ 0.12 (4)

The PCo pdf is asymptotically Gaussian, therefore, since the 95%
probability interval of a Gaussian pdf is ~[—2 stds, 2 stds], we get
PCo significant at the 95% confidence level if PCo¢[p — 20(PCo),
p +20(PCo)] ~[0.26, 0.74], i.e. the PCo is 95%-statistically
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Fig. 6. Winter (1-month lead-time) SPI predicted time-series based on MO (top row), M1 (center row) and HMO1 (bottom row) against observations for the three regions,

from left to right.

significant if it is higher than 74%. From Table 3, the PCo of MO,
based on persistence reaches the significant values of 75%, 79%
and 78% respectively in regions 1, 2 and 3. The hit rate (HR) indi-
cates 69%, 80% 75% of drought events (SPI < 0) correctly forecasted
by the MO, in regions 1, 2 and 3 respectively. In region 2, the hybrid
model HMO1 shows the smaller rate of false alarm (FAR) and the
highest PC, whereas all scores are substantially declined by the
M1 based on the forecasted PCs.

Scatter plots in Fig. 6 show the forecasted SPI time-series plot-
ted against the observations during winter (1-month lead-time).
The second row plots, regarding the M1 illustrate the distribution
of the realizations which are highly concentrated around the xx
axis, indicating a negative bias of the forecasted SPI (and precipita-
tion) variance for the UKMO forecasts. The distributions of scatter
points using the MO (first top row) and the hybrid model HMO1
(bottom row) are very similar (due to the small weight given to
UKMO outcomes). Furthermore, they have not the biases of the
dynamical model but are unable to significantly predict the outlier
values of SPI.

4. Discussion and conclusions

In a climate change context, the impacts of droughts in several
sectors have become a major concern over the last decades.
Drought episodes in the Iberian Peninsula (IP) have become more
frequent and the need to predictand prevent drought impacts has
been increasing. The regional monthly drought index SPI
(3-month) from 1987 to 2003 is considered here as the variable
to predict (predictand) over the Portugal territory, where three
regions (1-north, 2-central, 3-south) are evaluated during winter,
spring, summer and autumn. Each month of the predictand is

computed with the same lead-time (see Section 2.3), what may
not be as practical for the end user applications, but it provides
clues about the predictability of the drought index, and the addi-
tional value of the two-step hybridization procedure.

A high resolution precipitation gridded dataset (PT02) was used
here, which enables to consider homogeneous climatic by means of
a rotated PCA, to guarantee they have not internal precipitation
variability. High resolution precipitation data is essential to further
improve climate simulations and e.g. hydrological applications,
given the strong dependency of precipitation on orography and a
variety of precipitation regimes in the IP (Belo-Pereira et al., 2011).

An added effort to bring together dynamical seasonal forecasts
and statistical methods has come up to address the shortcomings
associated to forecasting skills. In order to improve seasonal
drought forecasts over Portugal, a two-step hybrid downscaling
approach based on statistical-dynamical techniques is presented.
This work purposes a two-step hybrid scheme combining dynam-
ical model forecasts and past observations as predictors on a statis-
tical downscaling approach. The performed statistical/hybrid
downscaling is based on MLR models, which are widely used,
standing out for their modest computing requirements and easy
implementation.

The pre-selection of the statistically significant predictors lead
to 28 downscaling models with a positive validation score, consid-
ering all seasons, lead-times and regions altogether. At the same
time, in comparison with the downscaling performed over the
training period (without cross-validation, not shown), the
explained variance (R?) of the drought index is smaller, however
more accurate, given the overcoming of the problems associated
to over-fitting.

A source of predictability over Europe is the influence of the
persistent atmospheric circulation patterns. One of the goals of this
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study is to take advantage of the skill of the dynamical models in
forecasting the low-frequency variability, and enhance the fore-
casting skill with the additional value of the most recent reanalysis
from ECMWF (ERA-Interim) in representing large-scale features.
The second (in winter) and third (in spring) persistent PCs of
2500 and the second forecasted PC (in both seasons) are the most
correlated low-frequency modes of variability at the shorter
lead-time (1 month). It would be expected that the first mode of
variability exhibited the strongest connection to the drought index
because it is commonly linked to NAO, particularly during winter.
However, the use of three months and not an average value of the
season for the PCA may be capturing the pattern that is more asso-
ciated with precipitation in other modes.

Results suggest that winter is very predictable, particularly for
the shorter lead-time (1-month lead-time). The model M1 rather
deteriorates the predictive ability and the hybrid model HMO1
exhibit skill scores very similar to that of the MO (Table 2).
However, a very slight improvement is found by the hybrid model
HMO1 upon the statistical downscaling based on the past MO
(Table 2). The rate of hit a drought event displays the more accu-
rate forecasts using the MO and the rate of false alarm is substan-
tially discreditable based on the M1 (Table 3). The results propose
that the knowledge of the recent past displays the predominant
effect, mainly for the shorter lead-time. These findings suggest that
the use of the dynamical model forecasts can lead to inaccuracies
in the drought index forecasting skill assessment, showing the
added value of the integration of past information from reanalysis
on the dynamical forecasts.

The persistent PCs which exhibit more influence in winter (DJF)
at 1, 2 and 5-month lead-times, are the second mode during ND]
and OND (1 and 2-month lead-times respectively), and the first
mode during JAS (5-month lead-time) (see Fig. 5 and Table 2).
Part of this influence between DJF and the 1 and 2-month
lead-times is related to the here used intrinsic memory of
3-months of SPI predictand, which reflects the influence of the pre-
vious atmospheric circulation on agricultural droughts in Portugal.
In addition, the results suggests that previous summer and previ-
ous early autumn predictors are potential predictors of winter
SPI (here 5-month lead-time).

Generally, the predictive performance significantly improves
from the region 3 (south) to the region 1 (north) (Table 2), suggest-
ing a dependency in latitude. The region comprising the areas with
more cumulative precipitation in Portugal features the best skill
scores, reaching more than 50% of explained variance during win-
ter (1-month lead-time) using MO and HMOT1 (Table 2).

Taking together the results suggest that both purely statistical
downscaling based on the persistent PCs (M0) and hybrid down-
scaling (HMO1) are adequate for estimating the regional SPI
(3-months), although the predictive power of the large-scale fields
based on past observations (persistence) stands out. The results
add substantial information on the use of seasonal predictions
for regional drought predictability, in particular in Portugal, and
may contribute to the predictability of crops yields.
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