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IMPROVING CUBA'S PROTECTED AREA SYSTEM FOR THE
CONSERVATION OF RARE SPECIES, LANDSCAPES AND EFFECTIVE
MANAGEMENT
Abstract: The article discusses the history and current state of the Cuba's
protected area system. On the example of the zoological reserve Delta del Cauto, a
program of landscape and ecological research was proposed and tested to preserve
biological diversity, rare species of flora and fauna, and natural landscapes within
protected natural areas.
Key words: protected natural areas, Cuba, professional competence, program
of landscape and ecological research, biological diversity, rare species.
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INFLUENCE OF SPACE WEATHER ON PRECIPITATION
NDUCED FLOODS -APPLYING OF SOLAR ACTIVITY TIME SERIES
IN THE PREDICTION OF PRECIPITATION-INDUCED FLOODS BY
USING THE MACHINE LEARNING

1. Introduction

Solar energy reaching the Earth varies on a wide range of time scales and
correlates with atmospheric parameters [1]. The effect on Earth depends on solar
activity intensity, the heliographic position of the eruptions, electromagnetic
characteristics of the solar wind, as well as the conditions in interplanetary space
[2,3]. However, it is difficult to estimate to which extent will influence the
environmental processes and climate. Although the general acceptance of the
existence of a link between the solar wind and the troposphere has not been achieved,
a series of papers investigating empirical relationships between solar activity and
climate variables have indicated the impact of the sun on climate. Veretenenko and
Thejll [4,5] revealed that Solar Proton Events, with energies above 90 MeV are
accompanied by the intensification of cyclonic activity at middle latitudes. According
to [6] during solar proton penetration into Earth's atmosphere precipitation intensity
in the territory of the former USSR increased by ~10%. Prikril et al. [7] revealed that
heavy precipitation causing floods and flash floods tend to occur within several days
of high-speed solar winds coming from the coronal hole. In [8] it is shown that slow
solar wind becomes stronger when the coronal hole or active region approaches the
geo-efficient position, while its effects on the Earth can be expected in 2-3 days.
According to [9] the maximum amount of precipitation occurs 14 days after the solar
wind is observed.

In this paper, we focused on establishing hidden dependencies between
precipitation-induced floods in the United Kingdom (UK) and the flows of particles
from the Sun based on 20 flood events in the UK from October 2001 to December
2019. To justify and also quantify the relationship we are advocating we used
Machine Learning Classification Predictive Modelling.

2. Materials and Methods

2.1. Data description

To test for a possible connection between precipitation-induced floods and solar
activity, we used several datasets and data sources. The output data were
precipitations in the flooded area in the period 10 days before and during each flood
event. The flood data used in this study were taken from the Emergency Events
Database Center for Research on the Epidemiology of Disasters (EM-DAT database)
[10]. For this analysis, 20 floods in the UK recorded in the EM-DAT database were
selected from the period 2001-2019. Of the 20 selected floods, 17 are of rain origin,
and the remaining 3 are not defined in detail. Input data were integral proton flux
(p/cs2-sec-ster), differential electron and proton flux (p/cs2-sec-ster), solar wind
characteristics (proton density (particles/cc), bulk speed (km/s), ion temperatures
(degrees K)), and daily solar F10.7 cm radio flux. The 5-minute data on integral
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proton flux and differential electron and proton flux was provided by the Advanced
Composition Explorer (ACE) Satellite [11]. Ranges for differential electron flux were

/ no peaks, - no data

38-53 keV, and 175-315 keV, while for differential proton flux were 47-65 keV, 47- *g xnig L o e ol . Sala
68 keV, 65-112 keV, 112-187 keV, 115-195 keV, 310-580 keV, 761-1220 keV, 795- 2 IR W L0} & i - i
1193 keV, 1060-1900 keV, and 1060-1910 keV. The data source for solar wind S

plasma data (3 per day) and 10.7 cm radio flux (1 per day) was the Laboratory for = r ALISNAA |\ & f‘fn S '2‘\ 3‘: 21258~ |~ i 8 Dﬁ
Atmospheric and Space Physics [12] at the University of Colorado Boulder (CU) for % T Norodd |s|e| |S|=iSie| 2|99 991

the period 2001-2004, and Space Weather Canada [13] for the period 2007-2019. ~ | B TanL T Talalaleolalalelmlelal lel«|zlllsl2

2.2 The impact of precipitation on the occurrence of floods 3 5 VHAdWAL |3~|%2I2 2 i o P4 oD R o P 4P P ALY P

To detect the influence of the amount of precipitation on the occurrence of floods, gl 2 NOI e A e e AP S
the design of superimposed epochs was used [14]. To examine whether and on which ‘g adaads Y1ngd g § ;o? E E i =l & o SV e
days there is a significant influence of the amount of precipitation on the occurrence o e o
of floods, a one-way analysis of variance was applied and presented in Table 1. From 2 ASH 006 =) ) ot ol e IR
Table 1 it can be concluded that there is a statistically significant difference between E 0201 = =
the amounts of precipitation during the observed days. 3 Pa" 01:;0; § E g 2 'i § E E 9 § :r; I e e

Table 1. The results of a one-way analysis of the variance of the amount of é AN €611 — Gl |
precipitation on the day when the flood occurred and during the ten days preceding it i R R e e [ S e
Sum of Squares | df Mean Square | F Sig. .§ % AN 0Z2T — 2“2 2|&I=|8|< S~ A I SES1=
Between Groups | 5018.900 10 501.890 11.665 0.000 S !.:' sis|sls|s|e| e |@ JREEE
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precipitation on each of the remaining days, Hochberg and Games-Howell posthoc s £ care
tests were applied. These tests were chosen considering that Levene's test showed that S| E \g = B R S T b A i 2
there is no equality of variances for the analyzed variables. The Hochberg and RS =y
Games-Howell tests revealed that the amount of precipitation on the day of the flood, § \Xa)l 211 —S9 "g ST Y 50K 01 [ ’ B g e R
as well as on the day preceding it, plays a significant role in the occurrence of floods. § g i s e s e p PR 1
Similar findings for the UK were reached by [15,16]. s F/\au 89—L¥ ||| |2 \EO ] R o o 5 b o

2.2 Preliminary processing of input data and correlation analysis g -

To obtain the final data set for each flood event, we firstly performed binary = F\e){ g9-1y |2 ol ( o0 O S | o (|| RSO R
classification on data. The positions of the peaks for the solar activity fields and § e
precipitations were determined programmatically ~ with  subsequent manual RN i R O TR VA 4 b B b SIS § = § Q 2 ~2iZ1z151g8e
verification. Then we made a correlation analysis between input factors and 2|8 £x B
precipitations to find independent functional dependencies for each flood event E & % ’=Pa“ ec— ge | 212|222 |5 ]% ]~ & ] ] P b IS N i‘il
separately. The results are shown in Table 2. i S S 5 5 e
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Machine Learning Classification Predictive Modelling is applied to try to g‘“‘é_ “ slg| T Is|s|els|s|e Slo|S|e S|e|e
establish an eventual link between input and output data. In this study, we considered 2z PR L o M N SlElalS= 8l = 31R1E
using the decision tree to allow clear understanding and justify the classification & pi] o o ey IR DR { et D] B P P P R K1 o e s
decision. The decision tree algorithm builds tree branches in a hierarchy approach. f A S O 1 O o P P P P PR R
Each branch uses the if-then rule and divides the data set into subsets based on the g TISI2IEIQIRIS 'é § 5 g :,; § § E 2 o § 3 5
most important characteristics. The main idea of the decision tree is to identify the E e e e o P g e e P 1) P8
characteristics that contain the most information about the target feature, and then g § § § § § § § § § § § § § § § § § HEES
divide the data set along with the values of these characteristics so that the values of =
the target characteristics in the resulting nodes are as clean as possible.
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The rules are learned consecutively using training data one by one. Every time
a rule is learned, the tuples that cover the rules are removed. The aim is to create a
model that predicts the value of the target variable by studying simple decision-
making rules derived from data characteristics. The main advantage of choosing
this method is the simplicity to understand and the ability to visualize the result.
On the other hand, the challenge for the implementation of the decision tree is the
attributes selection referring to identifying the feature that can be considered as the
root node at each level. The criterion for measuring the cleavage threshold was the
Gini index [17], an indicator of the inequality of the distribution of some value of
numbers. It calculates the probability of a specific feature that is classified
incorrectly when selected randomly. The strategy used to select the split in each
node is to find the best distribution.

2.4 Evaluation metrics

Classification predictive modeling algorithms are evaluated based on their
results. In this study, we used the metric called ‘accuracy’ to estimate the quality
of the fitted model. The accuracy of the model was determined by cross-
validation, according to which the training set was randomly divided into 3 parts
[18]. Each of these parts in turn acted as a test. That is, the classifier fitted three
times on 3 different data sets. For each case, the accuracy of the test and training
sets was calculated and averaged. The analysis of the values of these metrics made
it possible to assess the accuracy, adequacy, and availability of overfitting. It
means that the decision tree algorithm continues to go deeper and deeper to reduce
the training-set error but results in an increased test-set error. It further reduces the
accuracy of prediction in the model.

3. Results and Discussion

As can be seen from Figure 1, the most important classification features are

proton density, differential proton flux in the range of 310-580 keV, and ion
temperature.

class=p

Figure 1: The most important classification features in the forecasting of
precipitation model

Table 3 shows measures of the model accuracy for precipitation amount
causing floods forecasting. The model accuracy score with criterion Gini index is
higher than 0.7 in 85% of cases (17 of 20 floods). The lowest accuracy score of
0.25 was obtained for flood 2002_0463, for which no flood cause was listed in the
EM-DAT database.
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Table 3. Model accuracy measures for the forecasting of precipitation

E‘lo. Haod scxidvs:t?lcs;li;::i{m Aixatptupsset Ersining Test set score
events Gini index accuracy score set score
il 2001_0645 1.0000 0.8750 0.8750 1.0000
2! 2002_0463 0.2500 0.8571 0.8571 0.2500
3. 2002_0480 0.8000 1.0000 1.0000 0.8000
4. 2002_0774 0.8750 0.9286 0.9286 0.8750
S 2004_0423 0.8750 0.9286 0.9286 0.8750
6. 2007_0201 0.8750 0.9286 0.9286 0.8750
78 2007_0247 0.5714 0.8333 0.8333 0.5714
8. 2007_0278 0.8000 1.0000 1.0000 0.8000
9. 2008_0381 1.0000 1.0000 1.0000 1.0000
10. 2008_0055 0.8750 0.9286 0.9286 0.8750
191, 2009_0497 0.8000 1.0000 1.0000 0.8000
12. 2012_0446 0.8000 0.9000 0.9000 0.8000
137 2012_0488 0.0000 1.0000 1.0000 0.0000
14. 2012_0548 0.7500 1.0000 1.0000 0.7500
555 2012_0549 0.7500 1.0000 1.0000 0.7500
16. 2012_0552 0.6923 0.8800 0.8800 0.6923
1. 2013_0572 0.7143 0.9231 0.9231 0.7143
18. 2015_0561 1.0000 1.0000 1.0000 1.0000
19. 2017_0490 1.0000 1.0000 1.0000 1.0000
20. 2019 _0568 0.7500 1.0000 1.0000 0.7500

The potential explanation of the mechanism that could explain the considered
interaction in this paper was presented by several authors. According to [19] high-
energy particles that come to us from the Sun capture air masses by
hydrodynamics and directly affect atmospheric processes. If there is saturation
with moisture at the point of contact with air masses, clouds can form and
precipitation can occur, while the mechanism of precipitation formation is
explained by the principle of electron valence.

According to [19] the appearance of clouds and precipitation is conditioned
primarily by the electromagnetic characteristics of the solar wind, the location of
the Sun from which it is emitted, and its chemical structure. According to [19]
down-going atmospheric gravity waves can trigger the formation of a series of
convective cells which caused heavy precipitation and floods. Consistent with
these previously published results, the statistical results presented in this study
show that precipitation-induced flood events tend to follow arrivals of sudden
fluxes of solar-charged particles.

4. Conclusion

Even with the lack of an explanation of physical mechanisms, the
establishment of an appropriate hidden dependency relationship that allows
consideration of the impact of solar activity on environmental processes, such as
precipitation-induced flood events, represents a contribution to this area of
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research. Consistently with previously published results, this study, using the
Machine Learning Classification Predictive Modeling approach provided evidence
that precipitation-induced flood events in the UK tend to follow the outbreak of
solar wind. It is indicated that based on the detection of sudden fluxes of solar-
charged particles, it is possible to expect the occurrence of precipitation leading to
floods for up to several days in advance. It is found that the most important factors
for flood forecasting are proton density, differential proton flux in the range of
310-580 keV, and ion temperature. Research in this paper has shown that the
classification model is accurate and adequate to predict the appearance of
precipitation-induced floods.
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Abstract. This paper investigates hidden dependencies between the flow of
particles coming from the Sun and 20 flood events in the United Kingdom (UK).
The dataset analyzed in the study contains historical data covered on the daily
level for the period October 2001 — December 2019. Solar activity parameters
were used as model input, while rainfall data 10 days before and during each flood
event were used as model output. To determine the degree of randomness for the
time series of input and output parameters the correlation analysis has been
performed. Machine Learning Classification Predictive Modelling is then applied
to try to establish an eventual link between input and output data. Specifically, the
decision tree, as the machine learning approach is used. In addition, it is analyzed
the accuracy of classification models forecast. It is found that the most important
factors for flood forecasting are proton density, differential proton flux in the
range of 310-580 keV, and ion temperature. Research in this paper has shown that
the classification model is accurate and adequate to predict the appearance of
precipitation-induced precipitation.

Keywords: solar activity, precipitation, floods, machine learning, classification,
modeling




