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Abstract

The increasing volume of data in the area of environmental sciences needs
analysis and interpretation. Among the challenges generated by this “data
deluge”, the development of efficient strategies for the knowledge discovery is
an important issue. Here, statistical and tools from computational intelligence
are applied to analyze large data sets from meteorology and climate sciences.
Our approach allows a geographical mapping of the statistical property to be
easily interpreted by meteorologists. Our data analysis comprises two main
steps of knowledge extraction, applied successively in order to reduce the
complexity from the original data set. The goal is to identify a much smaller
subset of climatic variables that might still be able to describe or even predict
the probability of occurrence of an extreme event. The first step applies a
class comparison technique: p-value estimation. The second step consists of a
decision tree (DT) configured from the data available and the p-value analy-
sis. The DT is used as a predictive model, identifying the most statistically
significant climate variables of the precipitation intensity. The methodology is
employed to the study the climatic causes of an extreme precipitation events
occurred in Alagoas and Pernambuco States (Brazil) at June/2010.

Keywords
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1. Introduction

The states of Alagoas (AL) and Pernambuco (PE), Brazil, have suffered from 17
to 19 June 2010 a strong flood that caused deaths and several material damages
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(destruction of roads, bridges, and houses). More than 30 municipalities of the
two states declared emergency. From the Damage Assessment Report prepared
by the Civil Defence, the tragedy resulted in 24 deaths, 38,030 displaced, 20,962
homeless, and damage and material losses estimated at 971 million dollars. The
flood represented a huge loss socio-economic for these poor cities. Figure 1
shows the tragedy location of the tragedy, the destroyed bridge and conse-
quences in buildings located in Palmares (PE) are shown.

Tragedies like these were analysed in previous studies [1] [2] where Data
Mining (DM) methodologies were employed. The current paper employs the
same methodology used in previous research [1] [2], with focus on data science
application in extreme weather events. The previous study used Data Mining
(DM) techniques in the analysis of two severe events: deep drought and extreme
rainfall.

Drought and heavy rainfall are two examples of “severe weather”. However,
they are events that differ in time and space scales. Droughts are events charac-
terized for enduring long periods (months or years) and reach a large geographic
area. Conversely, heavy rainfall phenomena act over much shorter period, and
the breadth of heavy rainfall is much shorter. Thus, the action of the public au-
thority is more critical and necessary in extreme rainfall events, in the sense of
mobilizing resources and support actions to the population, requiring almost
immediate decision/action (almost “real time”) from the decision makers (civil
defence).

In the previous paper [3], we have studied the extreme precipitation located in
one of the most critical regions in Brazil: Itajai Valley in the State of Santa Ca-
tarina. Here, the investigation is performed in the northeast region of the Brazil,
where are placed the territories of the states of Pernambuco and Alagoas.

The methodology is implemented for each distinct phenomenon, according to
the affected region. In this context, the most relevant climatological variables are
identified by DM tools. The variable selection depends on the study area(affected

m Most affected areas by the flood
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Figure 1. Affected area by the AL-PE flood—adapted from BBC News (Portuguese)—see
also accessing the link:
http://www.bbc.com/portuguese/noticias/2010/06/100622chuvasnordesteebc.shtml.
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site), type of event (drought or rainfall), and the period or season of the episode
(1] [2] [3].

For the analysis of the extreme events above mentioned, DM techniques were
used. DM is part of more general process of Knowledge Discovery in Databases
(KDD). KDD is the process of analysing data from different perspectives and
summarizing it into useful information [4].

Our DM approach comprises two steps of knowledge extraction. The first step
uses statistical analysis based on p-value computation with two goals: estimate
the probability of some attribute linked with the extreme event, and secondly the
complexity reduction of the original dataset [1] [2] [3]. The identification of a
smaller subset of climatic variables may simplify the understanding of the event
under study. The cited statistical evaluation performs a class comparison tech-
nique tool to analyse large data set. The p-value is computed for different mete-
orological variable at different location. Therefore, a p-value map associated to
different variables can show where a certain meteorological value has a stronger
link to the event. The second step consists to design of a Decision Tree (DT).

The most influential attributes are used as a predictive DT model.

2. Schemes for Data Analysis

Data mining is a recent technology that potentially identifies the most important
information in databases. It is apart of a larger process of KDD. Data mining can
embraces statistical analysis and modeling techniques to find useful patterns and
relationships. Generally, DM is the process of analysing data and summarizing it
into useful information. DM algorithms are focused on associations, clustering,
classification, regression, sequential patterns, and time series forecasting for
many applications. The DM approach comprises the two cited steps of knowl-
edge extraction: class-comparison (p-value), and decision tree. These methods
are applied successively to reduce the complexity of the original dataset and
identify a much smaller subset of climatic variables that may explain the event
being studied and a tool as an event identifier—the Decision Tree.

In these two methods it is necessary to define one bias (threshold) for the cal-
culation of p-values, and for the construction of decision trees (more details be-
low). This bias is defined differently in case of rain and drought. Moreover, the
parameters used in the heavy rainfall analysis for the region of Santa Catarina in
[2] [3] does not apply to the study region (Alagoas, Pernambuco) of Northeast

Brazil.

2.1. Statistical Analysis: p-Value

The statistical analysis is carried out employing a class-comparison method that
compares two or more pre-defined classes of time-series of climatic grid box
values. The objective is to determine which variables in the data set behave dif-
ferently across pre-defined classes of precipitation. There are several methods for

checking whether differences in variable values are statistically significant [5].
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The F-test is a generalization of the well-known t-test, which measures the dis-
tance between two samples in units of standard deviation. T-test can be used to
determine if two sets of data are significantly different from each other.

The computed t-test is converted into probabilities, known as p-values. The
p-value is the probability of obtaining a result equal to or “more extreme” than
what was actually observed, assuming that the model is true. In this context, the
p-value is the probability that one would observe under the null hypothesis a
t-test as large as or larger than the one computed from the data.

Permutations methods, not making Gaussian assumptions, are commonly
used for computing p-values [5] [6]. After calculating t-test scores for each vari-
able, the class labels of different classes are randomly permuted. So, considering
two classes J, and J,, a random J, of the samples are temporarily labelled as class
1, and the remaining J, samples are labelled as class 2. Using these temporary la-
bels, a new t-test score is calculated, say t*. The labels are then reshuffle many
times again, with a t* being computed at each permutation. The p-value from
the permutation t-test is computed.

If the p-value is smaller or equal than a threshold, then the assumption is ac-
ceptable, otherwise, if the p-value is greater than the threshold, then assumption
can be considered false. The user defines the threshold. Therefore, small p-values

are linked with larger statistical significance.

2.2. Classifier from the Artificial Intelligence

There are several classifiers based on Artificial Intelligence (AI). The DT classi-
fier is a “divide-to-conquer” approach to the problem of learning from a set of
independent instances, leading naturally to a style of data representation [7].
DTs are tree-like recursive structures made of leafs, labelled with a class value,
and test nodes with two or more outcomes, each linked to a sub-tree. The DT
algorithm construction consists of a collection of training cases, each having a
tuple of values for a fixed set of attributes (independent variables) and a class at-
tribute (dependent variable). The aim is to generate a map that relates an attrib-
ute value to a given class.

Among the free approachable algorithms, here the J4.8 algorithm is applied,
which is WEKA’s implementation of the decision tree learner [7] [8]. Most algo-
rithms attempt to build the smallest trees without loss of predictive power. To
this end, the J4.8 algorithm relies on a partition heuristic that maximizes the in-
formation gain ratio, the amount of information generated by testing a specific
attribute. This approach allows attributes identification with the greatest dis-
crimination power among classes, and select those that will generate a tree that is
both simple and efficient.

The information gain is measured in terms Shannon’s entropy reduction. The
quantities of the form H(S) play a central role in information theory as measures

of information, choice and uncertainty [7] [8] [9] [10]:

H(S)=-Y_, p(x)log{p()} (1)

DOI: 10.4236/ajcc.2018.73025

423 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2018.73025

H. M. Ruivo et al.

where Sis a given data set, xis the set of classes in S, p(x) is the proportion of

the number of elements in class x to the number of elements in S. Information

Gain (/G) is the measure of the difference in entropy from before to after the
data set Sis split on an attribute 4 [11]:

1G(4.5)=H(5)~F, ., p()H (1) @

Being 7'is the subset created from splitting set S by attribute A such that §=

IET' .
3. Results

Class-comparison method is applied to determine which climatological variables
in the dataset behave differently across pre-defined classes of precipitation in-
tensity. Decision trees are configured using climatological variables with the
smallest p-values. The DT aim is of generate a map relating an attribute value to
a given class. Coherent patterns, meaning low p-values (darker areas), indicate
high probability for the attributes to be associated with the meteorological event
under consideration—in our study: intense rainfall.

The data set used in this study comprises 16,530 time series of surface- and
pressure-level atmospheric field with spatial resolution of 0.25° x 0.25°. The
dataset were extracted from ECMWF [12] at 12UTC. The climatological vari-
ables of surface used in the analysis were: sea surface temperature, and geopo-
tential height. Completing the database, the following variables were used: air
temperature at 2 m, and air temperature, specific humidity, omega, meridional
and zonal wind at pressure levels: 925 hPa, 850 hPa, 700 hPa, 600 hPa, 500 hPa,
300 hPa. Gridded data cover a region delimited by latitudes 11°S and 6°S, and
longitudes 33" W and 38" W. Since the episode of extreme rainfall is an event of
duration from one hour up to some days, pentad-averaged anomalies (average
on 5 days) were used over the period January 2000 up to December 2010.

Precipitation data is an average of five measurement stations from the Na-
tional Institute of Meteorology (INMet: Instituto Nacional de Meteorolo-
gia—Brasilia (DF), Brazil): Surubim (PE), Arcoverde (PE), Garanhus (PE), Re-
cife Curado (PE); Palmeira dos Indios (AL). The precipitation pentad anomaly
series is shown in Figure 2. Peaks of precipitation close to 15 mm or greater can

be considered as extreme events.

Results with Statistical Analysis: p-Value

For classification purposes, the precipitation series is divided into classes. The
pentads of the time series were divided in three classes of precipitation intensity:
strong, moderate, and light rainfall. The standard t-test was applied, as recom-
mended for applications with two classes: “strong” (precipitation greater than 5),
and “moderate” (precipitation between 0 and 5). The red dot points in figures
indicate de location of the INMet stations.

Regions with darker shades indicate the grid parameters with lower p-values.

Figure 3 shows a dense dark area of low p-values for air temperature at 2 m and
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Figure 2. Precipitation pentad anomaly (INMET) at 122UTC—average 5 seasons—2000-2010.
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Figure 3. p-values field for air temperature at 2 m and 925 hPa in AL-PE flood.

300 hPa. Low p-value area of Specific Humidity at 925 hPa and 300 hPa is dis-
played in Figure 4.

Very cold temperature on the top of clouds (Air Temperature at 300 hPa) and
high moisture were cited in [13] as relevant factors for precipitation. It was also
observed high values of sea surface temperatures in most of the Equatorial At-
lantic, particularly near the coast of the Northeast (NE) Brazilian region, con-
tributing with the intensification of the convergence of moisture flux over the

coast [13] [14]. This can be seen in Figure 5 that shows low p-values in sea
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Figure 4. p-values field for specific humidity 925 and 300 hPain AL-PE flood.
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Figure 5. p-values field for sea surface temperature in AL-PE flood.

surface temperature in the North Atlantic. It can be seen in Figure 6 low
p-values of omega (upward motion) for both the affected area and the North
Atlantic Ocean.

Figure 7 shows a low p-value area of zonal and meridional wind on North
part of the map. The wind fields correspond to anomalies averaged over the June

15 up to 19, 2010, the period of most intense precipitation.
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Figure 6. p-values field for Omega at 700 and 300 hPain AL-PE flood.
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Figure 7. p-values field for zonal and meridional winds at 925 hPain AL-PE flood.

The decision tree was designed with the help of J4.8 algorithm. The DT con-
figuration was computed with the 16 different climatological variables, consid-
ering 5 different coordinates for each variable, with smallest p-values, perform-

ing 80 attributes. For the DT classifier, the precipitation time series were divided
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in two classes: “light” (values below 3), and “strong” (values above 3). The train-
ing set comprised data from the year 2000 up to 2006. The years from 2007 up to
2010 were used to evaluate the DT performance. As a predictor, the DT was able
to identify the extreme rainfall occurred in 2010 July (Figure 8).
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Figure 8. Decision Tree (DT) using training set from 2000 up to 2006, and test set: from 2007 up to 2010.
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4. Conclusions

In this study, two techniques for data mining were used to investigate the cli-
matic variables linked to the extreme rainfall events which occurred in Pernam-
buco and Alagoas States (Brazil) in the year 2010. The class-comparison meth-
odology (p-value) was able to identify the most relevant variables. In addition,
the scheme was also significant for size reduction of the original data set: from
the order of thousands of attributes to a few tenths. A geographical mappinf of
p-values become the interpretation an easier way for specialists, pointing out
climatological variable directly related to the extreme event. The decision trees
trained with the reduced dataset computed from the results of the class-comparison
previous step were able to correctly classify the cases of extreme rainfall in 2010
for the analysed region in the Brazil.

Overall, the applied data mining procedure has shown to be a promising ap-
proach in the investigation of climatic extreme events and the extraction of

knowledge from large and complex data sets.
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