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The Iberian Peninsula is increasingly affected by more frequent and severe droughts (a trend closely linked
to climate change),highlighting the need for region-specific studies to assess impacts and guide adaptation
strategies. However, the spatio-temporal correlation of drought events across different regions remains poorly
understood, and there is a notable lack of methodologies specifically designed to explore these interconnected
patterns. This paper analyses precipitation trends and droughts in the Iberian Peninsula (IP) using Climate
Networks (CNs). The CN construction method proposed in Berezin et al. (2012) is applied to analyze Reanalysis
precipitation data, and to study their spatio-temporal stability and connection with droughts evolution in the IP.
The research results reveal two distinct sub-periods in which the precipitation trend behavior differs markedly
in the IP. A first period, comprising approximately the years 1940 to 1975, where the drought years are quite
anomalous with respect to average years, and a second period, from approximately 1975 onwards, where the
comparison of CNs reveals a clear trend to drier years, with lesser differences with drought years. This suggests
an intense desertification process in the IP in the last 40 years, consistent with alternative studies based on

hydrological processes characterization.

1. Introduction

Many natural, social or even biological systems can be described
and analyzed using the paradigm of Complex Networks (Albert and
Barabasi, 2002), i.e. networks where non-trivial topological features
may appear (Barabasi et al., 2016). In some networks describing natural
and social systems, the position of the nodes in the physical space
plays no role at all. However, there are other complex networks in
which nodes and links are embedded in a geometric space (Barthélemy,
2011). This type of network is usually called spatial network, and they
are characterized by their nodes being located in a space associated
with a metric, usually the Euclidean distance (Barthélemy, 2018).
Spatial networks applied to studying climate-related applications are
known as Climate Networks (CNs). CNs are the paradigm of spatial
networks since they were first introduced by Tsonis and Roebber in Tso-
nis and Roebber (2004). This paradigm has been profusely used to
model several phenomena and different inter-relationships in climate
and environmental-related systems (Tsonis et al., 2006; Hlinka et al.,
2013; Sun et al., 2023), including short-term and local or mesoscale
spatial relationships (Steinhaeuser et al., 2010; Chidean et al., 2015;
Charakopoulos et al., 2018; Mondal and Mishra, 2021), and also large
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or even global patterns of behavior or teleconnections in the climatic
system (Yamasaki et al., 2008; Zhou et al., 2015; Scafetta and Ouyang,
2019; Higuchi and Tozuka, 2022; Gao et al., 2023).

The CN paradigm has been intensively applied to study drought
(Muthuvel and Sivakumar, 2024) and precipitation-related problems
and patterns at very different scales (Schéddler and Breil, 2021). In
Rheinwalt et al. (2016), the precipitation spatial synchronization struc-
ture in Germany is analyzed as a regional climate network. In this case,
the similarity between two series at different locations is determined by
the number of synchronous extreme events occurrences. In Wolf and
Donner (2021), an analysis of the effects of event declustering on the
resulting functional CN properties describing spatio-temporal patterns
of heavy rainfall events is presented. South American monsoon season
data and event synchronization and coincidence analysis are used to
construct the CN. In Jha et al. (2022) CNs theoretic measures are
used to understand spatio-temporal properties of precipitation-driven
meteorological drought across India. Event synchronization is used as
a method to construct the drought CN and Standardized Precipitation
Index at an aggregated scale of 6 months (SPI-6) are the data used
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in this study. In Scarsoglio et al. (2013), the CN paradigm is used
to analyze the global spatial dynamics of annual precipitation over a
period of seventy years (1941-2010). In this case, the precipitation
CN is constructed as a correlation network, and possible links among
different related precipitation areas (nodes) are analyzed. In Boers et al.
(2013), CN is used to reveal spatial patterns of extreme rainfall events,
considering the South American Monsoon System. In Gonzalez II et al.
(2015) the mechanisms that drive western African Sahel summer rain-
fall variability are studied by using the paradigm of CN. Results showed
well known drivers such as El Nifio-Southern Oscillation (ENSO) and
also alternative putative links, such as North Atlantic Oscillation may
have influence in the Sahel rainfall patterns. In Boers et al. (2019) the
worldwide teleconnections of extreme precipitation events are studied
using the CN paradigm over high-resolution satellite data. The CN
methodology confirms Rossby waves as the physical mechanism behind
global teleconnection patterns in extreme precipitation events. Another
recent study on extreme precipitation episodes using CN methodology
can be found in Meroni and De Michele (2023). However, signifi-
cant research gaps remain in the spatio-temporal analysis of droughts
in the Iberian Peninsula using complex CNs based on precipitation
data. To date, no studies have applied this methodology specifically
to this region in a way that statistically differentiates the structure of
drought-related network properties—such as the distribution of link
strengths—between drought and non-drought years. Techniques like
the Kullback-Leibler divergence, used to quantify the dissimilarity
between probability distributions, have not been employed to analyze
such structural differences. Furthermore, there is a lack of statistical
evidence supporting differences in the occurrence of extreme events
between distinct time periods, despite growing concerns over climate-
induced shifts in drought behavior, especially in areas at high risk of
desertification.

In this paper, we apply the paradigm of CN to study and analyze
droughts in the Iberian Peninsula (IP) (Merino et al., 2015), based on
a Reanalysis precipitation data. Specifically, we use the methodology
proposed in Berezin et al. (2012) to construct and analyze CN from pre-
cipitation data, and study their spatio-temporal stability and connection
with droughts evolution in the area. The comparison among CNs con-
structed for different time subperiods reveals that droughts are fewer
anomalous events in the last 40 years (since around 1975) than in the
previous 40 years (period from 1940 to 1975), suggesting a progressive
trend to drier years and, therefore an ongoing desertification process in
the IP in the last 40 years period. These results fully agree with previous
analysis on precipitation and aridity trends in the IP (de Luis et al.,
2010; Paniagua et al., 2019), using alternative data and methods.

The main contributions of this study are as follows:

1. Application of Complex Network (CN) theory to analyze droughts
in the Iberian Peninsula using long-term, reanalysis-based pre-
cipitation data.

2. Implementation of the methodology proposed by Berezin et al.
(2012) to construct CNs from precipitation time series, enabling
the study of spatial and temporal connectivity in drought pat-
terns.

3. Spatio-temporal comparison across two distinct periods (1940-
1975 and 1975-2022), revealing a significant shift in network
behavior and indicating increased persistence and spatial coher-
ence of droughts in recent decades.

4. Evidence of a trend toward drier conditions since the mid-1970s,
supporting the hypothesis of an ongoing desertification process
in the Iberian Peninsula.

5. Validation of findings through consistency with previous studies
on precipitation and aridity trends in the region, demonstrating
the robustness and complementarity of CN-based methods with
conventional climate analysis approaches.
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The rest of the paper has been structured as follows: the next section
describes the data used and details the CN construction method applied.
Section 3 discusses the results obtained, including an analysis of CN
stability and the results related to drought evolution in the IP. Finally,
Section 4 closes the paper with some conclusions and remarks on the
results obtained in this work.

2. Data and methods
2.1. Precipitation data and pre-processing

Precipitation data from ERA5 Reanalysis (Hersbach et al., 2020),
in the period 1940 to 2022, at its highest temporal resolution, are
considered in this study to construct CNs at the IP. In turn, we use
a regular grid of 41 x 61 latitudes and longitudes, which covers the
whole IP, between 35° and 45° latitude and —10° and 5° longitude
(see Fig. 1). These data are used to construct one CN per year of study
(¥ = [1940, 1941, ...,2022]). The analysis of droughts in the IP is then
carried out with metrics from these CNs. This dataset was selected as
it is the only available precipitation database offering such high spatial
resolution and long-term temporal coverage over the Iberian Peninsula,
both essential for studying spatio-temporal drought patterns.

Note that before CN construction, precipitation data are processed
to follow a normalization procedure similar to that of the Standard
Precipitation Index (SPI), as follows:

- First, we separate the non-zero precipitation data ®!(h) from the
whole precipitation record @,(h), and compute the proportion p
of zeros in the series:

number of zeros in @,(h)

~ total number of data in @,(h) M

p

With the non-zero precipitation data <Dr1 (h), we estimate the pa-
rameters (a, #) of a Gamma distribution I'(«, f) with the maximum
likelihood method.

We generate then a precipitation probability vector transforming
the precipitation series as follows:

y(h)=p+ (1 —p)F (@,(h);a,p), (2)
where F (-; a, ) is the cumulative distribution function of I'(a, f):

x xa—lﬂae—ﬂx
F(x;a,p) = —— dx,
”“W.A T

x>0, a,f>0. 3)

Finally, we compute the normalized precipitation function ¥, (h)
from the previous precipitation probability vector y(h), by us-
ing the inverse of the standard Gaussian cumulative distribution

function:
w,(h) =G~ (y(h); 0, 1), “
where:
T2
G(x):/ e 2 dx. 5)
o \/5

2.2. Climate networks construction method

CNs are traditionally constructed using correlation between nodes,
i.e. in the model proposed in Tsonis and Roebber (2004), a network
contains an edge between two grid points if and only if the Pear-
son’s correlation between the time series at the two points exceeds
a given threshold. This type of network is called correlation network,
and it is one of the most popular types of CNs used in climate sci-
ence and related problems (Berezin et al., 2012; Steinhaeuser et al.,
2010; Ludescher et al., 2014). There are, however, other classes of
correlation networks, such as the lagged cross-correlation networks,
where also causal relationships can be established between variables
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Fig. 1. The regular grid considered in this study on the Iberian Peninsula.

at different locations (Charakopoulos et al.,, 2018; Fountalis et al.,
2018). Spatial correlation-based CN may not be appropriate to describe
extreme events, as pointed out in Rheinwalt et al. (2016), especially
when dealing with precipitation time series, where there are a large
number of Os in the series (no-precipitation values), and very few
significant values. Thus, some alternative definitions for CN have re-
cently been proposed to cope with these issues. For example, networks
defined based on Information Theory (Donges et al., 2009; Cornejo-
Bueno et al., 2020), which use concepts such as Mutual Information
to construct the network in such a way that they can capture linear
and nonlinear relationships between time series. Other CN construc-
tion mechanisms have been proposed, such as phase synchronization
networks (Yamasaki et al.,, 2009), which view the signals at each
point as oscillation and seek to measure the coupling between those
oscillations, event synchronization networks (Malik et al., 2012; Boers
et al.,, 2014), which define connections based on whether extreme
events at one point are regularly followed by extreme events at another
point, clustering techniques (Fountalis et al., 2014) or causal networks
(directed climate networks), which seek to identify potential cause—
effect relationships (Ebert-Uphoff and Deng, 2012b,a; Hlinka et al.,
2017).

This work formally defines the CN following the work in Berezin
et al. (2012), where a complete weighted graph G(V, E) is considered.
Here, the set V contains all nodes v, of the regular grid and E is the
set of edges/links. Since we use complete weighted graphs, CNs are
represented by the weighted matrix W, which collects the weights of
each link between nodes. The coefficients of this matrix (W,,) stand
for the strength of the link between nodes v, and v, in the CN. In our
problem, it is an indirect measure of the correlation of the normalized
precipitation record between nodes. Notice that when we determine the
weighted matrix W of the CN, we define the whole CN.

Each node v, € V has associated a normalized precipitation func-
tion ¥} (h) with the normalized precipitation records for each hour h
(ranging from 1 to 8760 = 365-24) of a set ¥ of N, years considered (in
this case from 1940 to 2022, see Section 2.2 for a complete description of
the dataset). We first remove from the normalized precipitation records

of each hour S the yearly average value of that hour to avoid seasonal
trend effects:

N,
wi(h) = ¥)i(h) - Ni Y @), Vo, €V, y €Y (6)
¥ j=1

where the number of years N, is set to 83 and E?’,y’(h) means the
normalized precipitation function of the node v, at the hour & of the
year y;. Once we remove the seasonality effects, we obtain ¥."(h) for
each node.

For each pair of sites v, and v, in the grid and each year y;, we
compute the absolute value of the normalized cross-covariance function
Ci i(z) as follows:

Vi Vi
. |Cov (# (). ¥} (h - 7))
! Std(¥;" (b)) Std(#," (h — 7))

‘E |2 =7 et =0 =7 (h = )] ‘ @

) \/E e -7 ap| B (@) h -0 -7 (- ’

where E[-], Cov[-] and Std[-] are the expected value, standard deviation
and covariance statistic operators, respectively. The normalized cross-
covariance function is defined in the range of hourly time delays = €
[—Tmaxs Tmax] fOr @ specific year y;, see Fig. 2 for a graphical example
for the C: "l(r) and the values involved.

Note that the correlation function estimation degenerates for values
close to the end of the ¥} (h), so we fix a z,,,, of 1440 hourly time
delays, which correspond to 2 months of delay. Also, observe that
Ci ",(1) is a non-negative function bounded by 1, so all those values of
7 where Ci }(7) is close to the unity refers to delays where normalized
precipitation signals propagate from one node to another.

To measure the significance of the correlation between nodes v, and
v;, we standardize the maximal observed correlation value by subtract-
ing the mean and dividing by the standard deviation. Therefore, we
define the strength of the link of the weighted matrix W as follows:

max{C(2)} - C,'(v)

= 8
! Std(C)'y (7)) ®
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Fig. 2. Example of cross-covariance function between two sites, representing the level of correlation within a time lag ranging from —r,

Wry; is calculated for each pair of nodes v, and v, we obtain the matrix
Wi called the weighted adjacency matrix or simply the weighted matrix
of the CN at year y;. The time shift at which Cry: j(0) is maximal is called
the link time delay, and is also collected to create the and link time delay
matrix, denoted as T7i, and calculated as follows:

Try,’ :argmrax{Cry”I(r)}. 9

As a result, we count on a weighted matrix W? and a link time delay
matrix T% per year y; € Y which we use to develop the normalized
precipitation-based spatio-temporal analysis of droughts in the IP.

Finally, let us note the main metric to compare CNs statistically
obtained: the Kullback-Leibler divergence (KLD). KLD has the following
expression:

P(x)
o)’

where P(x) and Q(x) will be the probability distributions estimated by
their corresponding histograms. The second distribution Q(x) use to be
a reference to compare as an overall average distribution along the
considered years, as it is our case.

Dg(PIIQ) = )} P(x)log 10)

xeX

3. Results

We analyze the evolution of droughts in the IP by constructing CN
over the normalized precipitation data, as shown in the previous sec-
tion. The analysis of the CN obtained (one per year) provides significant
information on the spatio-temporal evolution of precipitation over the
IP. First, note that we have previous knowledge of the years in which
there was a severe drought at the IP, within the data available:

S ={1944, 1945, 1946, 1979, 1980, 1981, 1982, 1983, 1991, 1992, 1993,
1994, 1995,2016,2017};

Following this notation, we can then define the years in which there
were not a drought as N' = {Y} — {S}. Fig. 3 shows the histograms of
the link strength (W,,) for years of drought and no drought, where some
differences can be appreciated in the distribution of W), for strengths
between 4 and 6, and in the maximum of the distribution.

\ \
0 500 1000

7 (hour)

and 7,

‘max max*

The first analysis we carry out consists of comparing the CNs
obtained for each year, with the CNs in years of drought (S), years
of no droughts (N'), and all the years considered in this study ().
In order to do this comparison, we obtain the Wlf ' distribution from
the corresponding CNs (histogram H (Wlf ")) for each year considered,
and the average distribution (histogram H (Wlf )) of Wlf (for the years
of drought), the distribution (histogram H (Wlf‘/ )) of Wlf‘/ (years of no
drought), and finally the distribution (histogram H (WI? )) (average of
all years). We then calculate the KLD between pairs of distributions, as
follows:

Dy (HW) || HW)) amn
Dy (HWH I HW) a2
Dy (HOV) | HWY)) (13)

Note that the KLD is, in this case, a good measure of how different
the CNs are compared (the larger the KLD, the more different the
distributions of link strengths, and therefore, the more different the
compared CNs). Fig. 4 shows the results obtained. These results reveal
two different behaviors up to 1975 and after 1975 (approximately).
As can be seen in the upper plot of this Fig. 4, up to 1975 the KLD
between CNs from years of drought and every year (Eq. (11), red line in
this plot), are the largest ones, showing substantial differences between
every year and the average distribution considering years of drought.
In these years, up to 1975, the KLD of the distributions considering all
years and no drought years are pretty similar (Egs. (12) and (13), black
and black lines in this plot, respectively), and always smaller than the
KLD considering every year and the years of drought. This fact can be
easily observed in the lower plot of Fig. 4 that shows the subtraction
of KLD pairs. It is easy to see that this fact points out that the CNs
for each year are more similar to CNs representing no drought years
than CNs representing drought years. However, this behavior changed
in advance from 1975. Then, it is possible to see that the KLD between
the distribution of link strength of the CNs for each year and those
averaging only drought years are much smaller and always under the
CNs obtained averaging no drought years. This means that, from 1975
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in advance, the CNs representing each year’s precipitation are more Fig. 5 shows the dependence of W), and T}, with the distance be-
similar to those representing drought years. In other words, the analysis tween nodes. In general, the dependence of W), with distance between
of these results suggests a continuous trend toward drier years from nodes considering all years of the study (Fig. 5(a), upper subfigure),
1975 in the IP, and this behavior is not found in decades previous to follows a typical exponential decay, already reported before (Berezin
1975. et al., 2012), whereas the dependence of T), with distance considering
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Fig. 5. Dependence of W, and T, with the distance between nodes.

all years of the study is shown in the lower subfigure of Fig. 5(a). It
is also significant here the difference in behavior between the period
1940-1975 and 1976-2022, as shown in Fig. 5(b). When consider-
ing the two subperiods, the upper subfigure shows the differences
in W, dependence. As can be seen, the links strength W), follows
a similar decay in both subperiods, but it is always stronger in the
subperiod 1976-2022, suggesting that the CNs formed in this subperiod
have stronger links and therefore are more robust than those in the
1940-1975 subperiod. This may suggest that the trend to drier years is
becoming stronger in the second subperiod. There are also significant
differences when analyzing the dependence of time delay 7,, plotted
in the lower subfigure of Fig. 5(b), with distance in both subperiods. In
this case, the differences are more appreciable between long-distance
nodes (from 200 km in advance), from which the average delay 7, is
quite different in both periods.

We finally analyze the clustering coefficient C/; for the CNs obtained
for each year (Boccaletti et al., 2006). Given a node v; of the graph
(V, E) and its associated neighborhood N; defined as:

N;={v;;le; € E}, 14

we compute the cluster coefficient associated with a node v; as follows:

#{e., ;| v,,v, € N;,e;, € E}
[i _ Jjk | J* Yk i*Cjk (1 5)
ki(k; = 1)
where # refers to the cardinal of a set and k; = #N,. The global cluster
coefficient is the mean of all these coefficients for all nodes v;:

N
Ci=+Yc,

Fig. 6 shows the clustering coefficient maps associated with a
drought and a generic non-drought year for both the earlier and more
recent periods (1940-1975 and 1975-2024 respectively). Specifically,
for the recent period (1975-2024), the figures show the spatial dis-
tribution of the clustering coefficient for the years 2016 and 2021,
corresponding to a drought year and a generic non-drought year
respectively, see Figs. 6(a) and 6(b). For the earlier period (1940-1975)
Figs. 6(c) and 6(d) show the corresponding clustering coefficient for a
drought year and a generic non-drought year, 1944 and 1950 respec-
tively. We observe that there is greater structural similarity between the
cluster coefficient distributions of a drought year (2016) and a generic
non-drought year (2021), see Figs. 6(a) and 6(b), than in the earlier
period (1940-1975), see Figs. 6(c) and 6(d). Extreme events such as
droughts are increasingly exhibiting structural patterns similar to those
of non-drought conditions. The 1944 drought year displays a more

(16)

uniform and smoother clustering coefficient profile than its counterpart
in 2016, whose distribution is more similar to that of non-drought
years.

Fig. 7 shows the results obtained. As can be seen, the CI of the CN
for the first period analyzed (1940-1975) is quite different to that for
the CNs of the second subperiod (1976-2022), where smaller values
for the CI are obtained in general. This makes stronger the suggestion
of a change in the precipitation regimens in the IP from around 1975,
which is detected by the CN analysis carried out.

Note that these results fully agree with the findings in de Luis
et al. (2010) which also detected a significant change in precipitation
regimens in the IP from 1975, using MOPREDAS (Monthly Precipitation
Database of Spain) (Gonzalez-Hidalgo et al., 2011). As also pointed
out in de Luis et al. (2010), the period from 1975 to date coincides
with the decades in which global warming has been more evident.
Following this analysis, the observed change in precipitation patterns
are consistent with a northward shift of the subtropical/tropical an-
ticyclone belt, leading to a general reduction in precipitation in the
IP (subtropicalization of the climate in the IP). Other works in the
literature have also detect changes associated with precipitation trend
in the IP, such as Paniagua et al. (2019), where the aridity (aridity
indexes involving precipitation and temperature) in the IP has been
studied, noting a significant change in aridity trend from the middle
70s, in many zones of the IP.

4. Conclusions

An analysis of precipitation trends and droughts in the Iberian
Peninsula (IP) has been carried out by applying the paradigm of Climate
Networks (CN) to normalized precipitation data in the reanalysis period
1940-2022. The complex CN constructed have been analyzed by setting
different groups of years, including drought years, no-drought years
and all the years in the period considered. A comparison of the CN
in these subgroups has shown a different trend in precipitation corre-
sponding with two subperiods, 1940-1975 and 1976-2022, with very
different behavior in terms of precipitation in the IP. We have shown
that in the second subperiod, there is a strong trend to drier years,
which suggests an (ongoing) desertification process in the IP, which has
been alternatively confirmed in other studies with different method-
ologies (de Luis et al., 2010; Paniagua et al., 2019). Note that this
ongoing desertification process has implications for water management,
agriculture, species distribution or climate change adaptation strategies
in the region, among other implications for natural and human systems.
Therefore, any methodology able to detect changes in desertification
processes can contribute to understand these impacts in the current
global climate change scenario.
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