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Network science allows the investigation of several complex systems. From a set of nodes
(vertices) and links (edges), it is possible to abstract the characteristics of these systems and
the interactions between their components, enabling, for example, the study of the dynamics of
meteorological systems via their time series on global [4], and local [2, 5] scales.

The climate networks generation process involves the transformation of spatiotemporal climate
data into networks. One possible way of transformation involves the extraction of a set of time
series with well-defined geographic positions that gives rise to the nodes of a complex network. The
next two steps are [4]: to evaluate the similarity between the pairs of time series (network nodes)
and to quantify the similarity thresholds that allow for connections (definition of a correlation
threshold). Considering the first step, some authors use Pearson Correlation [2, 5] and Mutual
Information [3]. Ferreira et al. [4] investigated 29 measures of similarity between global near-surface
air temperature series. The definition of a threshold, on the other hand, depends on the evaluation
of network metrics since very restrictive thresholds will only maintain the links between highly
correlated series (few links), and less restrictive thresholds will impair the identification of possible
patterns in the network [3].

The aim of this work is to analyze the networks generated from the same rainfall data used
by Ceron et al. [2] but using different ways to quantify the similarity between the series and,
consequently, build different networks. In addition to Pearson Correlation (PC), we investigate
Mutual Information (MI), Dynamic Time Warping (DTW)[1], and Event Synchronization (ES)[6].

Figure 1 presents an example of our process to build the meteorological network. On a reduced
scale, there is a grid with a spatial resolution of 1km. The overlapped points represent time series
with a time resolution of 1 hour. By testing the similarity between all pairs of time series, it is
possible to generate a network connecting the series whose similarity satisfies a threshold criterion.

The data used in this work have the same spatiotemporal resolution seen in Fig. 1. There
are 1755 time series containing 240 data points each. As the nodes represent the time series, the
networks have 1755 nodes; the threshold applied to each network seeks to maintain a link density
of 0.01, consistent with the PC network [2]. Our results show that the PC and the MI networks
share similar metrics, such as the average path length: 8.12 and 8.79; clustering coefficient: 0.59
and 0.54; number of components: 29 and 28 and size of the giant component: 1675 and 1660. The
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ES network presents a similar clustering coefficient of 0.58 but has a higher level of fragmentation
(121 components). The DTW network is the one with the lowest average path length (6.05) and
clustering (0.48), but it has the highest fragmentation (578 components). Ceron et al. [2] showed
that the community structures in the network and the land use (e.g., vegetation, farming, urban
area) in the region are correlated, which might be helpful when drawing disaster risk scenarios.
Thus, our next step is to assess the correlations between land use and community structures in
the obtained networks. We hope to use the constructed networks as a contribution to describe the
propagation behavior of the rainfall events analyzed here.
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Figure 1: The methodological approach used to construct climate networks.
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