HYDROLOGICAL PROCESSES

Hydrol. Process. 28, 1009-1024 (2014)

Published online 17 December 2012 in Wiley Online Library
(wileyonlinelibrary.com) DOI: 10.1002/hyp.9641

Spring drought prediction based on winter NAO and global

SST in Portugal

Joao Filipe Santos,'* Maria Manuela Portela and Inmaculada Pulido-Calvo®

' Dpto. Engenharia, ESTIG, Instituto Politécnico de Beja, Rua Afonso I, Portugal
2 Dpto. Engenharia Civil, SHRH, Instituto Superior Técnico (Lisboa), Portugal, Avda. Rovisco Pais, Lisboa, Portugal

3 Dpto. Ciencias Agroforestales, Escuela Técnica Superior de Ingenieria, Campus La Rdbida, Universidad de Huelva, Palos de la Frontera (Huelva), Spain

Abstract:

The aim of this paper is to test the ability of neural network approaches to hindcast the spring standardized precipitation index on
a 6-month time scale (SPI6) in Portugal, based on winter large-scale climatic indices. For this purpose, the linkage of the spring
SPI time series with the winter North Atlantic Oscillation (NAO) and the sea surface temperature (SST) was investigated by
means of maps of the correlation coefficient for the period from October 1910 to September 2004. The results indicate that the
winter NAO is a good predictor for the SPI6 of the spring (SPI6 finishing in April, May and June, SPI6,p, SPI6y,, and
SPI6june, respectively) for the northern, central and southern regions of Portugal. The winter SST1 (area of the Mediterranean
Sea) must only be considered for the northern region, and the winter SST3 (area of the North Atlantic between Iberia and North
America) only for the southern region. Spatial maps of predictive SPI6 for April, May and June were created and validated. The
neural models explained more than 81% of the total variance for the SPI6ap; and SPI6y,, and more than 64% of the total
variance for the SP16y,,.. Probability maps were also developed considering the values predicted by the neural methods for the
spring months and all drought categories (moderate, severe and extreme). These maps indicating the probability of droughts can

provide valuable support for the integrated planning and management of water resources throughout Portugal.
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INTRODUCTION

In recent years, the seasonal forecast of hydroclimatological
conditions has become an important scientific issue (Trigo
et al., 2004; Rimbu et al., 2004, 2005; Gamiz-Fortis et al.,
2008a,b; Ionita et al., 2008; Gamiz-Fortis et al., 2010).
Compared with others of the most recurrent extreme events
such as floods and hurricanes, drought is recognized as a
phenomenon with adverse impacts that can potentially be
effectively mitigated (Di Mauro et al., 2008). In fact, the
consequences of drought take a long time to be perceived by
socio-economic systems, in line with the fact that they tend
to evolve slowly. An effective monitoring and forecasting
system, able to promptly identify the onset of a drought and
to follow its spatio-temporal evolution, represents one of the
main prerequisites for implementing a successful mitigation
strategy (Rossi, 2003).

Among the several climate variables that could be used to
characterize droughts, precipitation is recognized as a key
indicator of the occurrence and of the persistence of
drought conditions (Lloyd-Hughes, 2002). According to
Santos et al. (2005), precipitation is a primary variable in
most hydrological models. Under the Mediterranean-
type climatic conditions that prevail in Portugal, winter
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precipitation is one of the main factors in the water budgets
of the hydrological cycle. Moreover, winter precipitation
amounts play a key role in triggering drought episodes
because, although natural and socio-economic systems
are already prepared to cope with the Mediterranean
summer dryness, they are not prepared for a lack of
winter precipitation.

The North Atlantic Oscillation (NAO) has important
connections with several climate variables and consequently
with drought phenomena across Europe. This is clear from
many studies including those of Hurrell and Van Loon
(1997), Qian et al. (2000a,b), Hurrell et al. (2001), Trigo
et al. (2002) and, more recently, Lépez-Moreno et al.
(2007) and Vicente-Serrano et al. (2011). Significant lag-
correlation between drought patterns and the NAO
suggests that it can be used as a potential predictor of
European drought patterns on interannual time scales
(Ionita et al., 2010).

Correlations between sea surface temperature (SST) and
drought patterns across Europe have been recently explored
in Ionita et al. (2010). On interannual time scales, these
authors identified patterns of drought variability, which
were strongly correlated with SST patterns from previous
periods (years). According to the same authors, the time lag
between drought and SST anomaly patterns can provide
valuable information for the prediction of droughts over
Europe on interannual time scales. For the USA, Wu and
Kinter (2008) also show that drought could be linked to
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anomalous SST. Hoerling and Kumar (2003) demonstrated
the important contribution of persistent cold SST in the
Tropical Eastern Pacific and warm SST in the Tropical
Western Pacific-Indian Ocean to the 1998-2003 drought
spanning from USA, to southern Europe and southwestern
Asia. Schubert et al. (2004a,b) indicated the primary cause
of the persistent drought in the USA in the 1930s was the
anomalous tropical SST.

Climate conditions that vary on seasonal, interannual, and
decadal time scales have a considerable influence in the
availability of water and consequently on drought condi-
tions. On seasonal time scales, Gamiz-Fortis et al. (2010)
shown that anomalous atmospheric and oceanic conditions
are often linked with seasonal variations in the precipitation
and temperature (e.g. Dettinger and Diaz, 2000; Cullen
etal.,2002; Trigo et al., 2004; Karabork et al., 2005; Lépez-
Moreno et al., 2007; Lépez-Moreno and Vicente-Serrano,
2008) and could, therefore, trigger drought phenomena
and consequently variations in streamflow and reservoir
storage. According to Gdamiz-Fortis et al. (2010), the
performance of the medium to long-range forecasts is
associated with the introduction of predictors that represent
the slow varying components of the climate system such as
sea ice, snow cover, soil moisture, SSTs and major oceanic
and atmospheric circulation patterns such as the El Nifio—
Southern Oscillation (ENSO), the NAO in Europe and the
PNA in North America. Specifically, teleconnection
patterns such as the NAO have a particularly strong impact
on winter precipitation in the Iberian Peninsula which leads
most of the studies of river flow prediction in that season
(Trigo et al., 2004; Gamiz-Fortis et al., 2008a,b).

In the present study, the objective is to hindcast drought
phenomena in Portuguese territory. Hindcasting is a way of
testing or validating a model, by running it for a past time
period and comparing results with observations. Due to the
climate characteristics of Western Iberia, it is particularly
important to ascertain whether hindcasting is sufficiently
accurate when applied in early spring. In fact, the
precipitation regime in the region is characterized by a
primary peak in autumn and a secondary one in spring and
by the absence of precipitation in summer (Martin et al.,
2004), which means once drought conditions develop in
early spring they will continue at least until October
(beginning of the rainy season and of the hydrological year).
According to Lloyd-Hughes (2002), spring is found to be
the most predictable season for European precipitation
and consequently for drought. Results from an empirical
model have shown that up to 35% of the variance in the
springtime standardized precipitation index (SPI) over the
region, can be predicted using a combination of data on
the ENSO, local North Atlantic SST forcing and SPI from
previous periods. Some other authors, such as Garcia-
Herrera et al. (2007), have also noted the importance of the
lack of spring precipitation, in the understanding of the
spatial extent of droughts and of their socio-economic
impacts, as observed in the 2004/2005 drought. Further-
more, in contrast to the 2004/2005 event, in some other
historical droughts studied by Garcia-Herrera et al. (2007)
there was recovery during spring months.
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The index proposed herein for drought evaluation and
hindcasting is the SPI (McKee et al., 1993), which we
have already used in other studies (Santos et al., 2010,
2011, 2012) and has been widely applied in research in
this field. Several authors have proposed methods to
forecast or to assess the probable evolution of SPI
(Cancelliere et al., 2005; Bordi et al., 2005; Moreira
et al., 2006; Cancelliere et al., 2007a,b). Despite such
efforts, to predict when a drought is likely to begin or to
come to an end is still a difficult task (Cordery and
McCall, 2000a,b). In this paper, our aim was to show that
the consideration of external predictors in a hindcasting
model, such as the NAO and SST, can potentially lead to
improved prediction performance, as well as extending
the time horizon of the prediction.

The analysis present used sequences of variables with
values changing over time (multivariate time series). Various
models have been proposed to deal with the random
behaviour of such time series (Bras and Rodriguez-Iturbe,
1985). The most popular and widely used ones include
simple and multiple linear regressions, autoregressive (AR),
autoregressive moving average (ARMA) and autoregressive
integrated moving average (ARIMA) models, and artificial
neural network (ANN) models. As in Mishra and Desai
(2006), Kim and Valdés (2003) and, more recently, Dastorani
and Afkhami (2011), we used well-known ANN models for
the hindcasting model for droughts.

The novelty of this work is that it explores the impact
of large-scale predictors (SST) and major oceanic and
atmospheric circulation patterns (NAO) on the spatial and
temporal variability of drought-related fields in mainland
Portugal, and it quantitatively assesses the capability of
the models including these variables to hindcast droughts
based on a new concept of probability maps for extreme
drought events.

This paper is organized into four sections. With the
background provided by this introductory section, we
progress to the second section, which examines the
materials and methodologies applied. After identifying the
study area and the datasets used, the second section proceeds
to a general description of the ANN models applied, with the
analysis, based on maps of linear correlation, of the response
of droughts to external (atmospheric and oceanographic)
drivers and a description of the accuracy measures used for
the model validation. It also addresses the uncertainty in the
neural network predictions based on a new concept of
probability maps for drought events. In the third section, the
results are presented and discussed. Finally, conclusions are
drawn and future research proposed in the fourth section.

MATERIALS AND METHODS

Study area and data synthesis

The research was focused on Portugal, a European
country located in the western part of the Iberian Peninsula,
spanning both Atlantic and Mediterranean climatic zones.
The mean annual precipitation varies from more than
3000 mm, in the north-western region, to less than 400 mm,
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in the southern region, following a complex spatial pattern
(N-S/E-W), closely connected with the topography, one of
the most influential factors in the precipitation distribution.
As the water availability decreases the hydrological regime
(both over the year and between years) becomes more
irregular (Portela and Quintela, 2006), and this makes the
prediction of droughts an important issue for the water
resources management, namely, in the semi-arid central and
southern regions of the country.

In Santos et al. (2010), the general spatial pattern of
droughts in Portugal was identified using the SPI computed
on the basis of 94 years of monthly precipitation records
(from October 1910 to September 2004) at 144 rain gauges
located as illustrated in Figure 1. These authors demon-
strated that Portugal can be considered in terms of three
well-defined sub-regions or clusters with different patterns
of drought, as represented in Figure 1: the north (cluster 1,
CL1), the centre (cluster 2, CL2) and the south (cluster 3,
CL3) of Portugal. There are 56, 53 and 35 rain gauges
located in each of these sub-regions, respectively.

The present article contains the results from the
application of ANN models with several predictors to
hindcast droughts in the same three sub-regions for the
spring months of April, May and June (AMJ). The ANN
models were applied to each rain gauge in each region.
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Figure 1. Spatial drought patterns in mainland Portugal using SPI. Map

showing the three regions previously identified by cluster analysis (Santos

et al., 2010). The dots represent the location of the 144 rain gauges used
for the drought analysis.
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The drought information data to be hindcast was the
6-month SPI time series (SPI6), which quantifies the
precipitation deficit on a 6-month time scale. Only the SPI
indices for the spring months, which can really anticipate
drought conditions under the climate conditions of mainland
Portugal, are predicted: that is, SPI6 for the 6-month period
finishing in April, May and June, SPI641, SP16y,y and
SPI6yyye, respectively. WE chose to focus on SPI6 since the
6-month time scale provides a useful monitoring tool for
agricultural drought assessment. According to Wilhite
(2005), some water managers may prefer an indicator that
responds quickly to short-term anomalies, such as the SPI3,
to take early action to reduce drought impacts, whereas other
water managers may prefer an indicator with greater
stability and persistence, such as the SPI12, to avoid
frequent invoking and revoking of drought-related mea-
sures. In the present study, the intermediate indicator was
chosen, SPI6, with the aim of providing insights to both
SPI3 and SPI12. Mo et al. (2009) stated that the SPI6 can be
very effective in addressing the precipitation over distinct
seasons and in identifying medium-term trends in precipi-
tation and is still considered more sensitive to conditions at
that scale than other indices (e.g. the Palmer Index).

Another issue is that in Portugal, some important economic
activities are particularly prone to drought phenomena, such
as non-irrigated agriculture (mainly cereals), where short
SPI temporal scales such as the SPI6, indicative of
agricultural drought, are more relevant. At the same time,
an increase in tourism and irrigation have considerably
raised the demand for water (in particular, in the southern
drier regions), making water restrictions and economic
losses of irrigated land due to hydrological droughts
(established from a previous agricultural drought situation)
more damaging to the economy and society (Vicente-
Serrano, 2006; Pulido-Calvo et al., 2012).

The predictors used were the global SST taken from the
Extended Reconstructed SST v3b dataset developed by the
National Oceanic and Atmospheric Administration’s
National Climatic Data Center (Smith et al., 2007; Xue
et al., 2003) obtained from the Royal Netherlands Meteoro-
logical Institute (KNMI) Climate Explorer website. The
spatial coverage used for SST fields was calculated based
on two of the areas previously identified in the study of
Gémiz-Fortis et al. (2010) and on the Mediterranean
Sea. Specifically, the three main areas considered were:
one covering the Mediterranean Sea — SST1 (37°E-7°W;
31°N-47°N); one close to Brazil, in the south-western
Atlantic Ocean — SST2 (35°W-25°W; 15°S-10°S); and the
North Atlantic between Iberia and North America — SST3
(45°W-25°W; 38°N-42°N). The SST monthly time series
were obtained by averaging the cells within each of these
regions (each cell with 2 x 2° steps). Then, the winter SST
fields were generated by normalizing the average monthly
SST (January, February and March - JFM) by its mean and
standard deviation for the period 1910/11-2003/04.

Gémiz-Fortis et al. (2008a,b) showed that a temporal
autumn SST pattern, geographically representative of
the same Atlantic region that was considered in the
present study, is statistically significant correlated with
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the winter streamflow series at three key Portuguese
watersheds. That study motivated us to consider the global
STT as a predictor variable in the drought analysis.

Because the NAO is one of the main modes of
atmospheric circulation that determines the climate of
Europe (Hurrell et al., 2003), we also decided to include
this index as a predictor to assess whether its wintertime
behaviour could be used to predict drought for the
subsequent spring season. The NAO is recognized
throughout the entire year in Europe, although it also shows
important seasonal variability, which has led several authors
to study the effect of NAO on droughts in the Iberian
Peninsula including Zorita et al. (1992), Rodriguez-Puebla
et al. (1998), Martin-Vide and Fernandez (2001), Trigo and
Palutikof (2001), Trigo et al. (2004) and Xoplaki et al.
(2004). The NAO has a greater intensity and spatial
coverage especially during winter (Hurrell e al., 2003),
with a known pattern of positive NAO phases being linked
with dry conditions affecting southern Europe and increased
precipitation affecting northern Europe (e.g. Hurrell and
Van Loon, 1997; Trigo et al., 2002; Hurrell et al., 2003; and
Silva et al., 2012). The opposite pattern occurs during
negative phases. Therefore, we used winter data (December,
January and February), but we also included March in the
winter NAO index to take into account early spring
precipitation, which is very important in Portugal. The
dataset selected here for the period from October 1910 to
September 2004 was the NAO index as defined by Jones
et al. (1997). For winter, the difference between the
normalized sea level pressure over Gibraltar (in the
southwest of the Iberian Peninsula) and that over Reykjavik
(Iceland) is a useful indicator of the strength of the NAO
(http://www.cru.uea.ac.uk/cru/data/vinther/nao1821.txt;
Vinther et al., 2003. In the present paper, the NAO index
used was the one calculated based on the two aforemen-
tioned locations, instead of considering one of the dipoles as
Lisbon or Ponta Delgada in the Azores. This choice was
influenced by the fact that Jones et al. (1997) state that the
choice of Gibraltar appears to better represent the southern
part of the NAO dipole than other commonly used stations,
such as Lisbon or Ponta Delgada. Furthermore, the
conclusions of Hurrell (1995) and Jones et al. (2003) are
extremely relevant for the purpose of this study, namely that
the southwest European location used to calculate the NAO
correlated slightly better with rain gauge precipitation series
across Europe than information from the Azores used to
calculate the NAO index.

Neural approaches — general procedure

Drought prediction plays an important role in the
mitigation of several types of impact on water resources
systems. Traditionally, statistical models have been used for
hydrological drought forecasting based on time series
methods. Models such as simple/multiple regression and
ARMA techniques are typical statistical time series methods
for forecasting. However, because they are basically linear
models assuming that data are stationary and have a limited
ability to capture non-stationarities and non-linearities in
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hydrological data, we have considered an alternative and
more robust approach, namely an ANN model. As stated by
the ASCE Task Committee on Application of Artificial
Neural Networks in Hydrology (2000a,b) and confirmed by
several authors (e.g. Dawson and Wilby, 1998; Ni et al.,
2002; Kim and Valdés, 2003; Mishra and Desai, 20006;
Mishra et al., 2007; Jain and Kumar, 2007; Pulido-Calvo
et al., 2012), ANNs have shown great ability in modelling
and hindcasting non-linear and non-stationary time series in
hydrology and water resources engineering because of their
innate nonlinear property and flexibility for modelling.

The most widely studied and used ANN models involve
multilayer feed-forward networks or multilayer perceptrons
(MLP; Rumelhart et al., 1986; Senthil-Kumar er al., 2005).
Some authors such as Mutlu ez al. (2008) have also obtained
better results with MLP than other types of ANN like radial
basis functions (RBF).

In the present study, MLP models were used. These
models ‘learn’ in an iterative way, the data provided being to
the neural network multiple times until a pre-determined
error level (calculated as the sum of the squared errors) is
reached; each iteration is called an ‘epoch’. These
supervised ANNs allow the analysis of complex datasets
and the assessment of non-linear relationships between
dependent and independent variables. Detailed descriptions
of multilayer perceptron ANNs have been given by Hsu
et al. (1995), ASCE (2000a,b), Shrestha et al. (2005),
Gutiérrez-Estrada et al. (2007), and Pulido-Calvo and
Portela (2007). In particular, there are many methods for
calibrating and training the ANNSs; in this study, the standard
back-propagation algorithm was used.

In this study, the ANN modelling scheme adopted was
individual ANN calibration and validation for each of the
rain gauge dataset, in each of the cluster regions (in total
144 ANN models for mainland Portugal) with drought
information to be hindcasted (SPI6 for April, May and
June). Prior to the calibration of any ANN, the SPI6 time
series at each rain gauge was divided into two subsets: the
test subset, TS, and the CSS subset, the latter comprising
the calibration subset [CS] and the selected subset [SS].
The CSS subset included 75% of the data at each rain
gauge of Figure 1 (68 years) and the TS subset the other
25% of the data (14 years). At each rain gauge we left the
last 4 years of data (2001 to 2004) to run the validated
individual ANN models in operational mode to produce
and SPI6 spring maps for such years.

The best method to ensure that overtraining does not
occur is to regularly monitor (at the end of each epoch)
the sum of the square errors for both the CS and the SS
subsets (internal validation). It is normal that the sum of
the square errors for the CS subset decreases continuously
with training. Eventually, however, this process may be
forcing the neural network to fit the noise in the CS
subset. To avoid this problem, training is paused at the
end of each epoch and the sum of the square errors of the
SS subset is calculated. When this sum begins to increase,
training must be stopped and the weights of the epoch
which provided the minimum error for the SS subset
should be tested with the TS subset. This last step is also

Hydrol. Process. 28, 1009-1024 (2014)


http://www.cru.uea.ac.uk/cru/data/vinther/nao1821.txt;

SPRING DROUGHT PREDICTION

known as the generalization or external validation phase.
Iyer and Rhinehart (1999) recommend repeating this
process at least 30 times for each model. In this study, the
process was repeated 100 times for each rain gauge to
choose the best network.

The selection of the input variables from those available is
a fundamental issue in ANN modelling (Bowden et al.,
2005; Shrestha et al., 2005; May et al., 2008; Fernando
et al., 2009). For calibration and validation phases, the
objective is to select input variables that explain the highest
percentage of the variance. Selection of inappropriate input
variables may cause undesirable effects such as the naive
effect (i.e., outputs provided by the model for each period
are systematically very close to values observed in the
previous time periods), the presence of more local optima,
and extreme difficulties in extracting physical meaning
from the calibrated models. To overcome these problems, in
the present study, linear relations between possible
candidate inputs were previously assessed (via spatial linear
correlation maps) and some of them were standardized
before being incorporated into the MLP models.

The cumulative precipitation until March at each of the
144 rain gauges shown in Figure 1 was included as the main
predictor of each spring SPI6. For that purpose, each
cumulative precipitation series was normalized. For SPI6 i1,
SPI6y,y and SPI6y,,., the period considered in the
computation of the normalized cumulative precipitation was
from November to March, December to March and January
to March, respectively. The outputs of the models are the
spring SPI6 values also for each of the rain gauges.

Within the external predictors considered, the SSTs were
also normalized, as previously stated, and the NAO index is
itself normalized, the data being normally distributed as in
the case of the SPIL.

Artificial neural networks with one and two hidden
layers were then assessed; in each case, 5—50 neurons
(5,6,7,...,50) were tested. The sigmoid activation function
was used in hidden neurons and the linear activation
function was used in output neurons. To achieve one of the
objectives of the study, we tested 100 ANN models for each
rain gauge and for each SPI6 spring month to be predicted.
For validation purposes, these models were then analysed
based on error measures in order to identify the best model at
each rain gauge and time series.

Neural networks can actually perform a number of
regression and/or classification tasks simultaneously,
although commonly each network performs only one.
Accordingly, in most cases the network will have a single
output variable, although in the case of many-state
classification problems, this may correspond to a number
of output units (the post-processing stage takes care of the
mapping from output units to output variables). In the
present study, we had intended to build a multivariate
output network. However, the consideration of single
networks with multiple output variables was found to lead
to ‘cross-talk’ (i.e. hidden neurons experiencing difficulty
learning, since they are attempting to model at least two
functions at once), and the best results were obtained with
the training of separate networks for each output (SPI6 pyi,
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SPI6y., and SPI6y,,.) at each rain gauge. Problems
with ‘cross-talk’ have been reported in other studies,
including those of MacGregor and Gerstein (1991) and
Craven et al. (1996).

Spatial linear correlation maps between spring SP16
months and potential predictors

In seasonal hindcasting, the aim is to predict the spatial
and temporal distribution of drought conditions a few
months in advance. Even though the detailed dynamical
evolution of atmospheric systems is not predictable for
those time scales, some of their statistical features and
main temporal patterns can be forecast.

To the best of our knowledge, no previous studies have
addressed the impact of large-scale modes of atmospheric
circulation and ocean conditions (e.g. NAO, ENSO, SOI,
SST fields, etc.) on the spatial and temporal variability of
drought-related fields in Portugal. Authors such as
Sousa et al. (2011) have studied the potential links
between some large-scale patterns and the inter-annual
variability of self-calibrating Palmer Drought Severity
Index (scPDSI) series and Trigo et al. (2006) carried out a
comprehensive assessment of their impact on the
Mediterranean precipitation and temperature fields. Specif-
ically, the impact of the winter NAO on the occurrence of
drought over Europe has been analysed in Lépez-Moreno
and Vicente-Serrano (2008), and Trigo et al. (2006)
demonstrated that the magnitude of the average SPI
anomalies is noticeably different for the positive and
negative phases of the NAO, indicating an asymmetric
response of droughts to the NAO.

To understand how the SSTs and one of the most
important large-scale mode of atmospheric circulation (the
NAO), here identified as external predictors, best describe
the spring SPI6 fields, spatial linear correlation maps for
mainland Portugal were obtained between each one of the
spring SPI6 time series (SPI6pyi, SPI6y,y and SPI6y,.)
and each one of the external predictors (SST1, SST2,
SST3 and NAO). This analysis provided a basis on which
to select input variables from among those available.
This selection process is one of the major steps in

/N
A=Tr-SPI6

A Xres X
|

Figure 2. Probability of SPI6,, being less than a specific drought threshold
(Tr) based on the normal distribution of the residuals
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developing a satisfactory hindcasting model as the
input variables determine the structure of the model and
affect its results; it is also the first step before training and
validating an ANN (Bowden et al., 2005; Shrestha et al.,
2005; May et al., 2008; Fernando et al., 2009; Pulido-Calvo
et al., 2012).

Accuracy measures

To select the best ANN at each rain gauge and for each
SPI6 to hindcast, four accuracy measures were used in the
external validation: the square root of the mean square

Table I. Drought categories according to the standardized
precipitation index values (Agnew, 2000)

Non-exceedance

probability SPI Drought category
0.05 >1.65 Extremely wet
0.10 >1.28 Severely wet

0.20 >0.84 Moderately wet
0.60 >-0.84 and <0.84 Normal

0.20 <-0.84 Moderate drought
0.10 <-1.28 Severe drought
0.05 <-1.65 Extreme drought

I (SPI64r — NAO)
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B o04s-
B 0.40-
B 035
B 0.30-
P 025-
[ 020-

0.15--0.10
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-0.35
-0.30
-0.25
-0.20
-0.15

s
T (SPI6api — SST2)

0.00-0.05

0.05-0.10

0.10-0.15
[ 015-020
i 020-0.25
P 025-0.30
P 030-0.35
B 035-0.40
I 040-0.45
B 0.45-0.50

Figure 3. Maps of the linear correlation coefficient, r, between spring SPI6 months and each one of the external predictors: previous winter NAO and
SST (SST1, SST2 and SST3). Period from October 1910 to September 2004
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error (RMSE); the correlation coefficient (r); the efficiency
coefficients (E; and E,); and the persistence index (PI)
(Nash and Sutcliffe, 1970; Kitanidis and Bras, 1980;
Legates and McCabe, 1999; Pulido-Calvo and Portela,
2007). It is advisable to use the RMSE to quantify the error
in the same units as the variables (in this case dimensionless
SPI values). The square root of the mean square error
(RMSE) is given by:

N
3 (SPI6,, — SPI6,,)’
i=1

RMSE = D

N
where SPI6,, is the observed SPI6 time series at month m;
SPI 6,,, 1s the hindcast SPI6 time series at month m; and N is
the total number of observations of the validation set.
The coefficient of efficiency E; is used to assess how
well the hindcast values of SPI6 are similar to the
observed SPI6 pattern. E; is given by the following:

N ~ .

> |spr6,, — SPI6,|
E=10-5 2)

> " |spr6,, — SPi6f

i=1

I (SPI6y — SST1)

000-005
005-0.10
010-0.15

[ 015-020

[ 020-025

P 025-030

B 030-035

B 035-0.40

B 0<0-045

B 045-050

t (SPI6ay — SST3)

B 05--045
B -0.45--04
B 04--035
B 035--03
P 03--025
P 025--02
0 02--015
<0.15--0.1
0.1--0.05
-0.05-0
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The sensitivity to outliers, due to the squaring of the
difference terms, is reflected in E,. The measure E; (here
called the modified coefficient of efficiency) reduces the
effect of the squared terms. A value of zero for E,
indicates that the observed mean is as good predictor as
the hindcast SPI6, whereas negative values indicate that
the observed mean is a better predictor than the hindcast
pattern (Legates and McCabe, 1999). For a good match,
the values of R* and of E; should be close to one.

Lastly, the PI used to evaluate the performance of the
models is given by (Kitanidis and Bras, 1980):

(SPI6,, — SPI6,,)’

M=

1

PI=1

3)
(SPI6,, — SPI6,,.-1)*

-

i=1

where SPI6,,; is the observed SPI value at the time
step m-L and L is the lag time. In our calculations, L
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was set equal to one (only one year delay). A PI value of
one reflects a perfect fit between observed and hindcast
temporal patterns, and a value of zero is equivalent to
saying that the model is no better than a ‘naive’ model.

Uncertainty of neural models

To address the likelihood of the predictions given by
each of the best ANNs models, for each of the rain gauges
and spring SPI6 hindcast month, probability maps were
generated based on the distribution of the residuals of the
best ANN model. The residuals are defined as the SPI6
ANN hindcast estimates minus the SPI6 indices derived
from the observations. At each rain gauge and for each
time series, the residuals should be a random variable that
is approximately normally distributed (i.e. the skewness
coefficient is not significantly different from zero) with a
null mean (Demyanov et al., 1998). To check the
hypothesis of normality of the residuals, the test of
Snedecor and Cochran (Snedecor and Cochran, 1989)

1.00 T T T T T —r T
R IR :
lsd 1L T LT DV SN
ol ol e alh Y YA e,
0-95 1o M T TR Y e TR ‘?q'_‘ﬁ‘; Prec(NDJFM) - SPI6,,,, (#)
P b L RV g
'.'*’ :-"- li‘.lil i ‘l .ri'lﬁ ?.Jwi [ ]
r 0.90- >;--.n ?wi. 1'_’-* ‘hi" - b Prec(DJFM) - SPI6,,, (M)
'R IR AT P
s ',i,’_' ; :-l alal .| Prec(Fm) - P16, (+)
i m i i s
5 5 : ! ; ! i
Cluster 1 Cluster 2 Cluster 3

Figure 4. Correlation plot between spring SPI6 months and the normalized

cumulative precipitation from November to March — Prec(NDJFM) — for

SPI6April, from December to March — Prec(DJFM) — for SPI6May and from January to March — Prec(JEM) — for SPI6June. Dots are the different rain
gauges in each cluster (total of 144 rain gauges).

Table II. Means of the accuracy measures for the best artificial neural networks in each region and for each spring SPI6 month

SPI6April
Mean accuracy measure
ANN architecture Region RMSE r E; E, PI
3:3-(1t09)-1: 1 CL1 0.292 0.960 0.749 0915 0.961
2:2-(1t09)-1:1 CL2 0.210 0.977 0.811 0.953 0.975
3:3-(1t09)-1:1 CL3 0.250 0.975 0.786 0.946 0.972
SPI6y .y
ANN architecture Region Mean accuracy measure
RMSE r El E2 PI
3:3-(1t09)-1:1 CL1 0.418 0.898 0.550 0.789 0.900
2:2-(1t09)-1:1 CL2 0411 0.900 0.576 0.802 0.908
3:3-(1t09)-1:1 CL3 0.415 0.924 0.642 0.849 0.921
SPI6;,y
ANN architecture Region Mean accuracy measure
RMSE r El E2 PI
3:3-(1t09)-1:1 CL1 0.460 0.828 0.434 0.667 0.828
2:2-(1t09)-1:1 CL2 0.517 0.780 0.367 0.596 0.791
3:3-(1t09) - 1: 1 CL3 0.548 0.796 0.393 0.623 0.772

Copyright © 2012 John Wiley & Sons, Ltd.
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was applied to each time series of residuals. According to
that test, the hypothesis that the sample X is coming
from a population with a normal distribution or,
equivalently, the hypothesis that the skewness of X is
not significantly different from zero, is rejected with the where @ is the normal distribution function, @' the
level of confidence n=1-0, where a is the significance respective inverse normal distribution, N the sample size
level, when: and Ca the sample skewness coefficient.

Ca,

W > ¢ (1—a/2) )

Table III. Time series of the residuals in each region. Average of the mean of the residuals and results from the Snedecor and Cochran
test for each spring SPI6 month

Region
X,0s—residuals- CL1 CL2 CL3
SPI6 A prit 0.003 0.004 -0.001
SPI6psay 0.016 0.018 0.000
SPI6jype 0.019 0.000 -0.015
Snedecor and Cochran test (a0 =5%) - residuals - [% non normal] Region (number of rain gauges)
CL1 (56) CL2 (53) CL3 (35)

SPI64 it 14.29 7.55 2.86
SPI6ysay 25.00 13.21 2.86
SPI6;yne 17.86 7.55 20.00

Historical SP16

Hindcast SPI16

Legend

b I 5t0-165
[ -165t0-128
[J-128t0-084
[Josatooss
[osato128
I 1 25t0 165

Figure 5. Historical and hindcast maps of SPI6 for the spring months: a) April, SPI64pri1; b) May, SPI6y,y; and ¢) June, SPI6y,. of 2002 (see Table I for
the drought categories)

Copyright © 2012 John Wiley & Sons, Ltd. Hydrol. Process. 28, 1009-1024 (2014)
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Probability maps for drought events

The generation of probability maps took into account
the assumption of the normal distribution of the
residuals at each rain gauge and for each spring SPI6
months. For each hindcast series, SPI6m, the probability
of non-exceedance with respect to a specific drought
category threshold, Tr, is given by ®(Z), where ®
denotes the cumulative normal distribution function and
Z the value of the standard normal variate given by
(Figure 2):

(Tr-SPI6,,) — Xes

Z= 5
S}’ES ( )

where X,.; and S,.._are the mean and standard deviation
of the residuals time series.

For each SPI6,, ®(Z) gives the probability of having an
SPI6,, less than (or equal to) Tr, P (SPI6, <Tr),
according to the statistical characteristics of the residuals.
The value of the drought threshold, Tr, was set on the
basis of the drought categories proposed by Agnew
(2000), presented in Table L.

Historical SP16

Hindcast SP16

41
vy
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RESULTS AND DISCUSSION

Selection of the input variables

The approach developed to hindcast the spring SPI6
months in Mainland Portugal used data on large-scale
climatic fluctuations (NAO index) and sea surface tempera-
tures (SST1 to SST3). To analyse the correlation between
spring SPI6 time series (SPI6 s pii, SPI6y .y and SPI6y,,) and
both the large-scale climatic index and sea surface tempera-
tures, spatial correlation maps, such as those exemplified in
Figure 3, were obtained for the period from October 1910 to
September 2004 considered in the analysis. Since the spatial
correlation patterns are similar for the three SPI6 spring
months, only the correlation maps for SPI6 5,y are presented.

Figure 3 shows that the strength of the correlation was
weak to moderate across most of the maps, with some values
being statistically significant. According to Yevjevich
(1972), for samples such as those analysed with 94 elements
(years), linear correlations of 0.19 are significant at a
confidence level of 5%.

The analysis indicates that NAO winter series are
negatively correlated with spring SPI6 months, the best
correlation values being obtained for central and southern
regions (cluster 2 and 3). The ocean temperature anomaly

Legend

B 50165
[ -1.65t0-128
[ J128to-0s4
[Josstooss
[ ossto1.28
B 125t 165

Figure 6. Historical and hindcast maps of SPI6 for the spring months: a) April, SPI6 opyi1; b) May, SPI6yy,y; and ¢) June, SPI6y,,. of 2004 (see Table I for
the drought categories)

Copyright © 2012 John Wiley & Sons, Ltd.
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SST1 presents positive correlation in the northern region
(cluster 1), the highest values being around 0.5. The
correlations between SST2 and any of the SPI6 time
series (SPI6 oy, SPI6y,y and SP16y,,.) were always very
weak and not statistically significant. Accordingly, the
external predictor SST2 was excluded from further
analysis. For the SST3, significant negative correlations
were obtained mainly in the coastal southern region, but
with acceptable values for the entire southern region.
The results indicate that significant and stable indices
such as the NAO, SST1 and SST3 can be potential external
predictors for the hindcasting of SPI6 for April, May and
June. In line with where the highest correlation coefficients

J. F. SANTOS, M. M. PORTELA AND I. PULIDO-CALVO

were obtained, NAO was considered a potential predictor
for the northern, central and southern region; while SST1
was only considered for the north and SST3 for the south.
Based on these assumptions, multiple ANN multilayer
perceptron hindcast models have been developed.

Since the precipitation is the most important trigger
for drought monitoring and prediction, and is the only
variable used to calculate SPI6, its reliability as a
predictor was also assessed. The predictive variables
related to the precipitation at each rain gauge were the
normalized cumulative precipitation from November to
March (NDJEM), from December to March (DJFM)
and from January to March (JFM) for SPI6 o ,.i1, SPI6y,y and

Legend
P(SPI6=<Tr) (%)

[Jo-20

[ 20 - 40
[Jao-s0
[ 60 - 80
[ 80 - 100

Figure 7. Probability maps for different drought thresholds, Tr, based on the predicted values of SPI6 for the spring months of: a) April, SPI6 op; b)
May, SPI6yy,y; and c) June, SPI6y,,. of 2002

Copyright © 2012 John Wiley & Sons, Ltd.
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SPI6y,,e, respectively. The precipitation months adopted as
inputs for the hindcast spring SPI6 values are those
considered in the SPI calculation, but until March, since
the records in this last month of the winter period may play a
significant anticipatory role in the hindcasting procedure.

The correlation coefficients between each one of the
previous predictive variables and the respective SPI6 time
series in the 144 rain gauges are plotted in Figure 4.

Figure 4 shows that stronger correlations are achieved
for SPI6 A, with the respective standardized cumulative
precipitation (NDJFM), followed by SPI16y,, (DJFM) and
by SPI6j,,. JFM).

1019

Validation of neural approaches: comparison of observed
and hindcast maps (spatial and temporal distributions) of
spring droughts

Table II reports the means of the accuracy measures of
the best ANNS for the rain gauges included in each region
of Figure 1. These results are quite good, especially for
SPI6 A prir- In fact, for this spring drought index and for the
central region (CL2), we found the lowest RMSE value
(0.21), and the highest correlation r coefficient (0.98)
while the measures E;, E, and PI are the closest to one
(0.81, 0.95 and 0.98, respectively).

Legend
P(SPI6=<Tr) (%)

[Jo-20

[ 20-40
[ao-s0
[ 60 - 80
[ 80 - 100

Figure 8. Probability maps for different drought thresholds, Tr, based on the predicted values of SPI6 for the spring months of: a) April, SPI6y,y;
b) May, SPI6yay; and c) June, SPI6y,,. of 2004

Copyright © 2012 John Wiley & Sons, Ltd.
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In general terms, for a higher lag time in the hindcast the
ANN fit the data progressively less well; this is noticeable
when comparing the results of Table II sequentially for
SPI6 A pril, SPI6Nay and SPI6j,.. In fact, the means of the
accuracy measures for SPI6y,,. are worse than those for the
other two spring months (SPI6p and SPI6y,y). Never-
theless, the values obtained for SP16;,, are still statistically
reasonably good (RMSE <0.55; r>0.78; E;>0.37;
E, > 0.60; PI > 0.77).

According to Table III, the average of the mean of the
residuals (X, ) for the ANNs in each region is nearly 0,
which is consistent with the normality assumption.
Moreover, the distribution of the residuals was tested and
found to be slightly skewed in only a few rain gauges; this
fact also supports the assumption of symmetry and
consequently of normality. The results of the Snedecor
and Cochran test for normality at a significance level of 0.05
are also included in Table III. They show that cluster 1
(CL1) has the highest percentage of time series with non-
normal residuals, with the hypothesis of normality rejected
in one quarter of the rain gauges, for SPI6yz,y.

In this study, the drought hindcast multi-model
approach was also addressed in a probabilistic sense
with the goal of providing a quantitative assessment of
the hindcast uncertainty and also because a ‘reliable’
probabilistic forecast enables more effective drought
mitigation strategies to be adopted. Moye et al. (1988),
for example, developed a probability distribution to
predict the expected number of droughts with pre-
specified duration, and the mean drought length over
the desired time period based on the rudiments of
run theory.

Figures 5 and 6 show the maps of the hindcast values
of SPI6 for the spring months of 2002 and 2004
generated by the best ANN at each rain gauge. Those
years were selected to exemplify the results achieved as
they suffered the most severe drought events. Of the four
years in the validation period, 2002 was a spring drought
year that particularly affected the north coast, with clear
recovery in terms of the drought areal extent and
intensity between April and June. In 2004, a year with
a generalized spring drought affecting the inland areas,
the inverse occurred: the intensity and areal extent of the
drought increased from April to June. Furthermore, in
2002, the areas most affected were the northern coast
and an inland region near the border with Spain, while in
2004 the drought started in the north eastern part of
Portugal and progressively expanded towards the west
and south.

For April 2002, the estimates of the best ANN produce
a pattern similar to the observed data. The performance is,
however, significantly poorer in April 2004. It is
relevant to note that, especially in the year 2004, the
hindcast capabilities of the models are progressively less
good for 2 and 3 months lag time (May and June,
respectively). Figures 5 and 6 clearly indicate that the
ANNs underestimate the extreme drought areas not
being capable of reproducing the areal extent of the
historical droughts.

Copyright © 2012 John Wiley & Sons, Ltd.
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Validation of neural approaches: probability maps of spatial
and temporal distributions of spring droughts

Probability maps were also developed considering the
values predicted by the neural approaches for the spring
months of 2002 and 2004 (Figures 7 and 8). Each map
represents the probability of having a drought of intensity
equal to or more severe than a given threshold. The
thresholds, Tr, considered were -0.84, -1.28 and -1.65
(drought categories of moderate, severe and extreme,
respectively; Table I).

For the years of 2002 and 2004 and for the threshold of
-0.84, the maps obtained based on the estimates of
SPI6 A1 indicate regions where the probability of having
a drought with SPI less than or equal to -0.84 is very high
and this is consistent with what really occurred (historical
maps of Figures 5 and 6 based on the rainfall records).
Despite the fact that this predictive capacity decreases as
the lag time increases (SPI6y;, and SPI6y,,.) and
especially for the spring of 2002, it still highlights the
region that experienced drought. Further, as the threshold
decreases towards more severe drought conditions, the
probabilities of having droughts are less high. Neverthe-
less, they always identify the regions in which drought
conditions did, in fact, develop.

Maps of the probability of drought events, such as
those in Figures 7 and 8 can act as a fundamental support
tool in drought forecasting and, consequently, in the
integrated planning and management of water resources
throughout a country or a region. The proposal of
decision making under scenarios such as changes in the
amount of water supplied, in water transfers between
watersheds, in the reliability of the distributions systems,
in hydropower production, and so on, could well benefit
from the predictions obtained by this type of models
several months in advance.

CONCLUSIONS

One of the most important steps in developing a satisfactory
hindcasting model is the selection of the input variables.
These variables determine the structure of the hindcasting
model and affect its results. In the present study, the
hindcasting structure developed for spring SPI6 months in
mainland Portugal was based on neural approaches (ANN
modelling) and incorporated information on large-scale
climatic fluctuations (NAO index) and sea surface tempera-
tures (SST1 and SST3). The presence of an influence of
winter the NAO on spring SPI6 months was assessed with
correlation analysis, for each of the main drought areas
previously identified for mainland Portugal (north, centre
and south), and we observed significant correlations at a
95% confidence interval. The NAO has been widely used to
predict drought conditions with a high degree of reliability
(e.g. Cordery and McCall, 2000a,b; Rodwell, 2003),
although, Lépez-Moreno and Vicente-Serrano, 2008,
demonstrated considerable instability in the influence of
positive and negative phases of the NAO on Europe-wide
droughts that still needs to be further investigated.

Hydrol. Process. 28, 1009-1024 (2014)
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According to the latter authors, this instability complicates
the prediction and management of droughts based solely on
the wintertime NAO index. This comment is consistent with
our results since our effective modelling is not based
uniquely on the NAO and, at the same time, backs the
synergetic approach adopted here, with two external
variables being added to the hindcast process.

The sea surface temperatures (SST1 and SST3) from
some of the selected locations were also found to have
different but significant correlations with spring SPI6
months regarding the drought area and the month to
predict. This analysis of possible relations between
different SSTs locations and spring SPI6 months,
conducted in the first part of the paper, had the objective
of testing this new forecasting tool, since SST patterns
can induce different rainfall patterns and hence different
drought patterns. Several forecasting models have been
explored considering the associations between precipita-
tion and lagged SST for different regions of the Atlantic
area of Europe including those of Philips and McGregor
(2002); Philips and Thorpe (2006); and Lorenzo et al.
(2010). The latter authors demonstrated that the Pacific
Ocean SST could be a suitable variable to forecast spring
rainfall anomalies in NW Iberian Peninsula for the period
1951-2006.

Several other regions of the world have been analysed
based on methodologies similar to the one considered
here for hindcasting drought. In Iran, Jamshidi et al.
(2011) applied MLPs to forecast values of SPI at five
synoptic stations. MLPs were built to permit one month
lead time forecasting using four different input vectors.
Models were constructed by importing antecedent SPI
values with one, two, three and four month time lags
and antecedent precipitation with one and two month
time lags. Additionally, antecedent NAO and Southern
Oscillation Index (SOI) values with one month time lag
were also considered. For Sicily (Italy), Cutore et al.
(2009) used ANNSs to forecast drought situations based on
the Palmer Drought Index and have extended the models
in order to include other indices, such as NAO and
European Blocking (EB). For Iran, Jamshidi et al. (2011)
noticed that the addition of NAO and SOI values as input
variables to the MLPs, improved the prediction efficiency
of their models, while for Sicily the results of Cutore
et al. (2009) also indicate good improvements in terms of
the correlation in the forecasting model between the
prediction for winter and autumn months obtained when
the NAO index and, especially, the EB index were
considered. In the latter region and contrary to our results,
the model behaved differently for the spring and summer
predictions since they noticed no significant improvements
in terms of model predictive capability with the introduction
of the climatic indices as input variables. In this case, we
believe that the poor performance of those models for the
spring and summer months are mainly explained by the
less significant influence of the winter NAO on Sicily,
recognized by the weakness of the correlation between
the NAO and the PDSI for the aforementioned season
(Cutore et al., 2009). Others authors have also noticed some

Copyright © 2012 John Wiley & Sons, Ltd.
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instability in the influence of the NAO signal when they
tried to estimate drought class transition probabilities in
southern Italy (Di Mauro et al.,, 2008). This was not a
problem for our region since the Iberian Peninsula (Portugal
and Spain) is one of the European areas recognized to the
most strongly affected by the NAO (Lépez-Moreno and
Vicente-Serrano, 2008).

The results we achieved were based on time lags
between the predictors and the hindcast variable that
were different to the lags used in all the previous studies
cited. In our opinion, this underlines the need to
investigate the effect of the lag-time between the winter
NAO and SST in different locations with the spring SPI at
several time scales. Some clues can be used as a starting
point, such as the results of a study for southern Europe
by Trigo et al. (2004), which documented a lag time of
2-3 months in the response of river discharge to NAO
positive and negative phases in the Atlantic basins of the
Iberian Peninsula. The literature indicates features
common to all forecasting models, namely the fact that
the prediction efficiency for higher SPI time scales is
increasingly better than for the lower SPI time scales and
that the consideration of different hydrological zones does
not influence final results. These aspects need to be
clarified in our case.

Furthermore, the methodology applied in this study
followed some of the recommendations of Kurnik (2009):
that drought forecasting should be done with probabilistic
approach and that an integrated drought forecasting
methodology is also necessary, using both hydrological
indicators (e.g. soil moisture, low flows, etc.) and
meteorological indicators (e.g. SPI, PDSI, etc.). This latter
recommendation needs to be addressed in further research.

Water managers and agricultural activities could strongly
benefit from a forecasting system that could provide a
probabilistic estimate a few months in advance, spring being
the most sensitive season for drought analysis. Long
historical SPI time series are essential components of a
reliable forecasting model, as they are what make it possible
to achieve good fits with ANN models.

The disadvantage of using statistical models to forecast is
the possible non-stationary nature of the historical correla-
tions among global variables (e.g. SSTs and NAO) and
regional climate (e.g. SPI6) due to climate change.
Regarding the present study, further research should be
conducted to improve our understanding of such historical
relations and patterns. From the historical record, we know
that climate is inherently variable. We also know that
anomalies of precipitation and temperature may last from
several months to several decades. How long they last
depends on air—sea interactions, soil moisture and land
surface processes, topography, internal dynamics, and the
accumulated influence of dynamically unstable synoptic
weather systems at the global scale. On the other hand, the
potential for improved drought predictions in the near future
differs by region, season, and climatic regime.

The less good performance of the multiple models of
ANNS, especially in the spring of 2004, could be related to
the fact that this was an extreme drought year. It is

Hydrol. Process. 28, 1009-1024 (2014)
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recognized that the ANNSs are not very good at reproducing
extreme values even if they were present to some extent in
the historical time series with which the ANN model was
calibrated. Notably, Dawdson and Wilby (1998) and
Campolo et al. (1999) suggested that underestimation in
neural network models could be attributed to a lack of
information provided to the network. Others, such as
Karunanithi et al. (1994), suggested promisingly that
including more extreme values patterns in the training data
sets could alleviate the problem. Regarding our work, these
aspects need further research.
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