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ABSTRACT

SILVA, Arthur Amaral e, D.Sc., Universidade Federal de Vigosa, March, 2025.
Spatio-Temporal Dynamics of Flying Rivers: Assessment of Precipitation
Model Effectiveness and Its Influence on the SACZ. Adviser: Italo Oliveira
Ferreira. Co-adviser: Leonardo Campos de Assis.

The Amazon Rainforest plays a fundamental role in regulating global and regional
climate patterns, sustaining one of the most complex hydrological cycles on the
planet. Its continuous evapotranspiration process generates atmospheric moisture,
which is essential for the formation of both local and distant rainfall, contributing to
moisture redistribution through the so-called "Flying Rivers." These large-scale
atmospheric moisture transport systems carry vast amounts of water vapor from the
Amazon Basin to other regions of South America, particularly southeastern Brazil,
ensuring the continuity of precipitation and influencing the regional hydrological
regime. However, increasing deforestation and climate change have significantly
disrupted this process, compromising the intensity and consistency of the Flying
Rivers and, consequently, altering precipitation patterns in southeastern Brazil. One
of the primary meteorological systems influenced by the Flying Rivers is the South
Atlantic Convergence Zone (SACZ), a key climatic phenomenon responsible for
rainfall distribution in southeastern Brazil, especially during the austral summer. The
SACZ is characterized by an extensive band of cloud cover and precipitation
stretching from the Amazon to the South Atlantic Ocean, regulating water availability,
agricultural productivity, and the frequency of extreme climate events such as
droughts and floods. Given this climatic interconnectivity, this study aims to assess
the variability of precipitation patterns associated with the SACZ and its relationship
with the Flying Rivers using advanced remote sensing techniques, climate modeling,
and statistical analysis. First, four widely used climate models were analyzed to
forecast precipitation, applying statistical approaches to a 20-year time series to
evaluate their accuracy against in situ measurements. Additionally, cluster analyses
were conducted to examine seasonal rainfall patterns across Brazil and assess the
influence of environmental and climatic factors—including temperature,
evapotranspiration, NDVI, and topography—on precipitation distribution. Finally, the
relationship between SACZ precipitation patterns and other atmospheric phenomena
was analyzed over a 21-year period to better understand atmospheric moisture
circulation dynamics and its hydrological impacts in Minas Gerais. The results
highlight the increasing vulnerability of southeastern Brazil to changes in moisture
transport patterns, with significant implications for



water resource management and climate adaptation strategies. The use of advanced
Big Data techniques and machine learning improved the predictive analysis of
precipitation patterns, reinforcing the importance of integrating satellite data with
ground-based measurements for effective climate monitoring.

Keywords: Amazon Rainforest; Flying Rivers; South Atlantic Convergence Zone

(SACZ); Climate Change; Remote Sensing; Precipitation Patterns; Climate
Modeling.



RESUMO

SILVA, Arthur Amaral e, D.Sc., Universidade Federal de Vigosa, marco de 2025.
Dinamica Espaco-Temporal dos Rios Voadores: Avaliacao da Eficacia dos
Modelos de Precipitacao e sua influéncia nas ZCAS. Orientador: Italo Oliveira
Ferreira. Coorientador: Leonardo Campos de Assis.

A Floresta Amazénica desempenha um papel fundamental na regulagcdo dos
padrdées climaticos globais e regionais, sendo responsavel por sustentar um dos
ciclos hidrolégicos mais complexos do planeta. Seu processo continuo de
evapotranspiracdo gera umidade atmosférica essencial para a formacao de chuvas
locais e distantes, contribuindo para a redistribuicdo de umidade através dos
chamados "Rios Voadores". Esses sistemas atmosféricos de transporte de vapor
d'agua deslocam grandes volumes de umidade da Bacia Amazénica para outras
regides da América do Sul, especialmente para o Sudeste do Brasil, garantindo a
manutencdo da precipitacido e influenciando o regime hidrolégico regional. No
entanto, o desmatamento, que tem levado a degradacao da floresta e as mudancas
climaticas tém afetado significativamente esse processo, comprometendo a
intensidade e regularidade dos Rios Voadores e, consequentemente, alterando os
padroes de precipitacdo no Sudeste brasileiro. Um dos principais sistemas
meteoroldgicos influenciados pelos Rios Voadores é a Zona de Convergéncia do
Atlantico Sul (ZCAS), um fenémeno climatico de grande importancia para a
distribuicao das chuvas no Sudeste, especialmente durante o verao austral. A ZCAS
€ caracterizada por uma extensa banda de nebulosidade e precipitacdo que se
estende da Amazénia ao Oceano Atlantico Sul, modulando a disponibilidade hidrica,
a produtividade agricola e a ocorréncia de eventos climaticos extremos, como secas
e enchentes. Diante dessa interconectividade climatica, o presente estudo teve como
objetivo avaliar os padrdes de precipitacdo associados a ZCAS e sua relagdo com os
Rios Voadores, utilizando técnicas avancadas de sensoriamento remoto, modelagem
climatica e anadlise estatistica. Primeiramente, foram analisados quatro modelos
climaticos amplamente utilizados para prever precipitacdo, aplicando abordagens
estatisticas a uma série temporal de 20 anos para avaliar sua precisdao em
comparagdo com medi¢ces in situ. Além disso, foram realizadas andlises de
agrupamento para investigar padrdes sazonais de chuva no Brasil, bem como a
influéncia de fatores ambientais e climaticos, como temperatura, evapotranspiragao,
NDVI e relevo, na distribuigdo das precipitagcdes. Por fim, a relagdo entre os padrdes
de precipitacao da ZCAS e outros fen6menos atmosféricos foi examinada em uma
escala temporal de 21 anos, buscando compreender a dindmica da circulacédo de
umidade



atmosférica e seus impactos hidrolégicos em Minas Gerais. Os resultados destacam
a crescente vulnerabilidade do Sudeste do Brasil as mudancas nos padrbes de
transporte de umidade, com implicacbes significativas para a gestdo de recursos
hidricos e estratégias de adaptacao climatica. O uso de técnicas avangadas de Big
Data e aprendizado de maquina permitiu aprimorar a analise preditiva dos padrdes
de precipitagédo, evidenciando a importancia da integragédo de dados de satélite e
medicbes terrestres para monitoramento climatico. Este estudo contribui para o
avanco do conhecimento sobre os impactos das mudancas na Floresta Amazdnica
na variabilidade climatica regional, reforcando a necessidade de politicas de
conservacao e mitigacao para garantir a sustentabilidade dos recursos hidricos e a
resiliéncia climatica no Brasil.

Palavras-chave: Floresta Amazédnica; Rios Voadores; Zona de Convergéncia do
Atlantico Sul (ZCAS); Mudancas Climaticas, Sensoriamento Remoto; Padrdes de
Precipitacdo; Modelagem Climatica.
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PRESENTATION

This proposal builds upon the master’s research titled “Anthropic Actions and the
Degradation of the Amazon Biome: Studies of Impacts and Soil Recovery”, developed by
the author. That study examined climate variability, changes in native vegetation, and the
degree of anthropization in the Legal Amazon and the Amazon biome over time,
associating these changes with the environmental impacts observed in the region. Based
on the findings and considering the intensifying effects of climate change, the need to
further investigate the consequences of changes in the Amazon biome beyond its
physical boundaries became evident.

Recent studies reinforce the critical role of the Amazon Forest in climate regulation,
particularly regarding rainfall patterns, through the atmospheric moisture transport
process known as the Flying Rivers. These moisture fluxes are essential for recharging
water resources such as the S&o Francisco River, which originates in the state of Minas
Gerais and is one of Brazil's most important watercourses. The degradation of the
Amazon's forest cover reduces the moisture available for transport, directly impacting
rainfall regularity in the Southeast and jeopardizing the region’s water availability.

In this context, the main objective of this proposal is to assess the influence of the
Flying Rivers on precipitation variability in Brazil, with an emphasis on the relationship
between Amazonian moisture transport and the dynamics of the South Atlantic
Convergence Zone (SACZ), through the use of climate models, statistical analyses, and
advanced meteorological monitoring techniques.

To achieve this, the research is structured into three chapters. Chapter one
evaluates widely used climate models for precipitation forecasting, applying statistical
methods to a 20-year monthly time series to analyze their performance in estimating the
spatiotemporal variability of rainfall compared to in situ measurements. Chapter two
conducts independent cluster analyses to investigate different aspects of rainfall
variability in Brazil—one based solely on rainfall station data, and the other integrating
biogeophysical and climatic variables to explore their influence on precipitation
distribution. Finally, chapter three analyzes the relationship between SACZ precipitation
patterns and other atmospheric phenomena over a 21-year daily time series, aiming to
understand how atmospheric moisture transport processes influence regional

hydrological behavior in Minas Gerais.
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By deepening the understanding of these processes, this research aims to
contribute to the development of more effective strategies for mitigating hydrological
impacts and adapting to climate change, providing insights to support environmental
conservation policies and the sustainable management of water resources in Minas

Gerais.
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1. GENERAL INTRODUCTION

The Amazon, the largest tropical rainforest in the world, plays a fundamental role
in regulating both global and regional climate patterns. Its dense vegetation, extensive
river systems, and continuous evapotranspiration processes sustain one of the most
significant hydrological cycles on the planet. Over recent decades, scientific research has
increasingly emphasized the critical relationship between forests and precipitation,
demonstrating that tree transpiration is one of the primary sources of atmospheric

moisture over continental areas (Jasechko et al., 2013).

The forest acts as a vast natural pump that absorbs groundwater, releases it into
the atmosphere as water vapor, and maintains high humidity levels in the region. This
process not only ensures local precipitation but also influences rainfall thousands of
kilometers away. Makarieva and Gorshkov (2007) proposed the “biotic pump” mechanism,
through which forests actively contribute to the formation of atmospheric pressure
gradients, facilitating the transport of moisture from the Amazon to other parts of South
America. Sheil and Murdiyarso (2009) expanded this concept by showing how forests
generate low-pressure zones that attract clouds and promote rainfall, thereby creating

their own climatic conditions.

Based on this understanding, the concept of “Flying Rivers” emerged, describing
large-scale atmospheric moisture transport systems responsible for transferring vast
amounts of water vapor from the Amazon Basin to southeastern Brazil and other regions.
Initially introduced by Salati et al. (1979) and later refined by Salati and Vose (1984),
Flying Rivers are analogous to terrestrial rivers, channeling moisture across great
distances. Arraut et al. (2012) highlighted the role of low-level jets in driving these
atmospheric moisture flows, emphasizing their importance as key hydro-meteorological
pathways. The Amazon Forest, through its high rates of evapotranspiration, generates
significant atmospheric moisture, which is transported westward by trade winds and then
redirected southward by the Andes Mountains, forming the Flying Rivers (Pearce, 2019).
The volume of water transported by this mechanism is estimated to be comparable to that
of the Amazon River itself, underscoring the forest’s vital role in maintaining South

America’s precipitation patterns (Pearce, 2020).

The significance of the Flying Rivers extends beyond the Amazon, as they provide

a substantial portion of the rainfall that sustains Brazil's agricultural regions and supplies

18



major urban centers such as S&o Paulo, Minas Gerais, and Rio de Janeiro (Monteiro &
Campelo, 2022). However, deforestation and climate change have increasingly disrupted
this delicate balance. The removal of large forested areas reduces the amount of moisture
available for transport, weakening the intensity and consistency of the Flying Rivers
(Nobre et al., 2016). As a result, southeastern Brazil has experienced increasing climate
variability, with more frequent prolonged droughts and irregular rainfall patterns (Zemp et
al., 2017). Weng et al. (2018) demonstrated a direct correlation between deforestation in
the Amazon and decreased precipitation in distant regions, reinforcing the urgent need
for conservation measures. Moreover, Nacur and Vartuli (2021) observed that changes
in the Amazonian hydrological cycle—driven by land use change—affect climate patterns

not only in Brazil but also in neighboring countries.

One of the meteorological systems most influenced by the Flying Rivers is the
South Atlantic Convergence Zone (SACZ). This quasi-stationary convective system plays
a crucial role in modulating rainfall distribution in southeastern Brazil, particularly during
the austral summer (Silva et al., 2019). Characterized by an extensive band of cloudiness
and precipitation stretching from the Amazon Basin to the South Atlantic Ocean, the
SACZ is a key component in regulating regional hydrological cycles, influencing water
availability, agricultural productivity, and the frequency of extreme weather events such
as floods and droughts (Filho et al., 2022). Despite its importance, forecasting SACZ
variability remains challenging due to complex interactions among atmospheric circulation

patterns, large-scale climate oscillations, and moisture transport processes.

The interdependence between SACZ dynamics and moisture transport from the
Amazon is a fundamental topic of study. Flying Rivers represent one of the main sources
of moisture for SACZ formation, enhancing convective activity and sustaining prolonged
rainfall episodes (Amaral e Silva et al., 2024). However, as deforestation continues to
reduce the volume of water vapor transported to southeastern Brazil, the SACZ has
become increasingly unstable. Studies by Costa et al. (2024) and Correia et al. (2024)
showed that reduced moisture transport from the Amazon is correlated with changes in
SACZ precipitation patterns, resulting in an increased frequency of hydro-meteorological
extremes such as severe droughts, catastrophic floods, flash floods, and rainfall-induced

landslides.
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Given this climatic interconnectivity, there is an urgent need for high-resolution
monitoring systems capable of capturing the complex factors that influence SACZ
variability and its hydrological implications. Recent advances in remote sensing
technologies and big data from satellite-based precipitation representations have
significantly improved the ability to analyze SACZ dynamics and their associated impacts
(Saddique et al.,, 2022). The integration of these datasets with ground-based
meteorological observations allows for a more comprehensive understanding of rainfall

variability and SACZ-driven precipitation patterns over long-term climatological scales.

Moreover, the growing availability of artificial intelligence (Al) techniques has
revolutionized climate research, enabling the processing of vast volumes of
meteorological data with high precision. Machine learning algorithms and cloud
computing platforms facilitate the identification of complex spatiotemporal patterns in
rainfall variability, enhancing real-time monitoring and predictive capabilities for extreme
precipitation events associated with the SACZ (Sondermann et al., 2022; Elmahal & Musa,
2023). These technological innovations have direct implications for water resource
management, disaster risk reduction, and climate adaptation planning in southeastern

Brazil.

In this context, the objectives of this study were to: (i) analyze the spatiotemporal
variability of rainfall using four precipitation models, applying statistical approaches to a
20-year monthly time series in order to evaluate their performance in estimating rainfall
variability compared to in situ measurements; (ii) assess seasonal rainfall patterns and
their relationship with the Flying Rivers, incorporating biogeophysical and climatic
variables to investigate different aspects of rainfall variability in Brazil, while also
presenting appropriate methodological tools and approaches that reinforce the influence
of these factors on precipitation distribution; and (iii) examine the relationship between
SACZ rainfall patterns and other atmospheric phenomena over a 21-year daily time series,
aiming to understand how atmospheric moisture transport processes influence regional

hydrological behavior in Minas Gerais.

This study contributes to a deeper understanding of rainfall variability and its
implications for climate risk management, reinforcing the importance of data-driven

approaches for monitoring and adapting to climate change in Brazil.
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2. HYPOTHESES

- The transport of moisture from the Amazon Rainforest plays a fundamental role in
sustaining the convective activity of the South Atlantic Convergence Zone (SACZ) and
shaping precipitation patterns in southeastern Brazil. Consequently, the increasing
anthropogenic degradation of the forest directly affects the spatiotemporal dynamics of

the SACZ and alters the hydrological cycle in the state of Minas Gerais..

3. OBJECTIVE

3.1.GENERAL OBJECTIVE
To assess the influence of the Flying Rivers on precipitation variability in Brazil, with
emphasis on the relationship between Amazonian moisture transport and SACZ

dynamics, and their impact on southeastern Brazil, particularly the state of Minas Gerais.

3.2.SPECIFIC OBJECTIVES
- To evaluate the performance of the CHIRPS, GLDAS, TerraClimate, and PERSIANN
precipitation datasets in representing rainfall patterns in regions influenced by Brazilian

Flying Rivers, by comparing satellite estimates with in situ observations.

- To investigate the spatial and temporal variability of precipitation in relation to
environmental and climatic factors, initially analyzing seasonal rainfall behavior within the
context of the Flying Rivers, and subsequently incorporating climatic (temperature),

hydrological (evapotranspiration), and biogeophysical (NDVI and topography) variables.

- To refine the characterization of SACZ variability and assess its socio-environmental
impacts in Minas Gerais, focusing on extreme precipitation events and their implications
for climate risk management, through the integration of satellite remote sensing, big data

analytics, and land use/land cover change analyses over time.
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4. CAPITULO I. Rainfall from Brazilian Flying Rivers: Evaluating the Effectiveness

of Precipitation Gridded Databases'

Abstract: The uneven global distribution of rainfall significantly impacts water resources
and environmental sustainability, emphasizing the need for reliable climate prediction
models. Accurate predictions are vital for sectors such as food security, urban planning,
and disaster management. Data from ground stations, radars, and satellites are essential,
despite challenges like instrumental errors. Satellites, with their comprehensive sensors,
are crucial for atmospheric observations, aiding in the prediction of large-scale climatic
events. Climate models such as CHIRPS, GLDAS, TerraClimate, and PERSIANN use
different approaches to analyze precipitation data, which is key to understanding its
spatial and temporal variability. This study evaluated (rainfall data) from these four climate
models over 20 years (within the Brazilian territory), focusing on the spatiotemporal
behavior of rainfall using statistical metrics such as R?, RMSE, and MAPE. The findings
showed that CHIRPS had the best performance (R* = 0.843; RMSE = 42.83; MAPE =
0.09%), excelling in both overall database and extreme event analyses. TerraClimate,
initially the lowest-performing model (R* = 0.413; RMSE = 91.56; MAPE = 0.23%),
improved significantly when combined with elevation through multiple linear regression
(MLR), achieving R? of 0.718, RMSE of 31.14, and MAPE of 9.56%. This made
TerraClimate a viable model for studying the Flying Rivers. The study highlights that
model selection should align with the specific characteristics of the area under
consideration, with CHIRPS being particularly suitable for the studied region. This
research enhances the understanding of the effectiveness of these models in estimating
rainfall compared to in-situ measurements, which is crucial for various applications. The
authors advocate for further studies to advance research on the Flying Rivers, their

significance, and the impacts of climate change on them.

Keywords: Amazon Rainforest, Precipitation Models, Statistical Analysis, Flying Rivers,

Remote Sensing.
' Versao publicada na revista International Journal of Climatology (Apéndice |)

4.1.Introduction

The link between forests and rainfall has become clearer in recent years. Initially,

tree transpiration was identified as the primary source of water in continental areas
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(Jasechko et al., 2013). Moreover, a mechanism by which forests pump water into the
atmosphere and sustain the moisture necessary for their survival was proposed by
Makarieva and Gorshkov (2007) and further elaborated by Sheil and Murdiyarso (2009).
This mechanism involves a reduction in atmospheric pressure at lower levels, which
draws clouds over forested regions. Additionally, forests release biogenic volatile organic
compounds that act as nuclei for water condensation. These processes result in the
production of vast amounts of atmospheric water in forested regions, essentially forming
“flying rivers” (Nobre, 2014).

The concept of the "Flying River," also known as "Aerial Rivers," was first defined
by Salati et al. (1979) and further by Salati and Vose (1984). It describes the aerial transfer
of water vapor from the Amazon rainforest to other regions. The term "aerial river" refers
to the preferential pathways of moisture flow, whether narrow or broad, due to the near-
perfect analogy with surface rivers (Arraut et al., 2012). According to Pearce (2019), flying
rivers travel across the globe, impacting rainfall over vast distances. Researches are
increasingly recognizing that forests play a crucial role in sustaining these rivers, making
the loss of moisture recycling due to deforestation an even more immediate threat than

global warming in many parts of the world.

The term "Flying Rivers" gained popularity in Brazil through Dr. José Marengo,
who used it to describe a meteorological phenomenon technically known as “low-level
jets.” These air currents carry water vapor across the Amazon and down the eastern slope
of the Andes, reaching various parts of Brazil and even as far as Northern Argentina. In
some cases, these air currents develop a core of particularly high speed, known as the
South American low-level jet (Arraut et al., 2012). In this context, flying rivers refer to a
phenomenon composed of various climatological events. These, combined with the
replenishment of air masses through the evapotranspiration of forests and their
components, as well as the evaporation of water bodies, create a water-laden air current
similar to terrestrial rivers. The Amazon flying river, for instance, is estimated to carry as

much water as the giant terrestrial river flowing below it (Pearce, 2020).

The abundant vegetation in the Amazon acts like a massive sponge, absorbing
water from the soil and transpiring it into the atmosphere through a process known as
evapotranspiration (Satyamurty et al., 2013). As water evaporates from the leaves, it

forms water vapor that rises into the atmosphere. This water vapor can travel great
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distances carried by prevailing winds. In the case of the Amazon, the moisture-laden air
masses can travel thousands of kilometers, influencing weather patterns and precipitation

in distant regions (Arraut et al., 2012).

When this moisture-laden air encounters cooler temperatures or reaches higher
altitudes, it condenses and forms clouds. These clouds eventually release the water as
precipitation, which can fall as rain or snow depending on the local climate conditions.
Thus, the water vapor transported from the Amazon rainforest contributes to rainfall in

areas far beyond the forest itself (Fetter et al., 2018).

However, the Flying River faces threats due to deforestation and climate change.
As large areas of the Amazon are cleared for agriculture, urbanization, and other
purposes, the capacity of the rainforest to generate and release water vapor into the
atmosphere is diminished. This not only affects local ecosystems but also disrupts

weather patterns in distant regions that depend on the Flying River for precipitation.

The irregular distribution of rainfall around the globe, coupled with its direct
influence on water resource availability and environmental sustainability, emphasizes the
importance of developing reliable and comprehensive approaches for predicting and
modeling these climatic events (Guofeng et al., 2017; Kumar et al., 2017). This type of
modeling plays a fundamental role in understanding climatic systems and in decision-
making across a wide range of sectors, essential for food and water security, natural
disaster management, urban planning, environmental conservation, energy generation,
and others (Rocha and Soares, 2015; Santos and Farias, 2017).

Among the primary data used to predict, understand, and analyze precipitation
patterns are those collected through ground-based weather stations, weather radars, and
satellites (Zhou et al., 2023). Ground-based weather stations are a fundamental source
of local and regional precipitation data, while radars and satellites provide information with
broader spatial coverage (Noh et al., 2009). Modern weather stations have employed
pluviographs (automatic gauges) to ensure the data recording with a quality standard over
the years. However, this poses a challenge for technicians as various pluviometric
instruments exhibit inherent errors in their functional systems, in addition to the influence
of meteorological variables such as wind, temperature, and variations in rainfall intensity,
among others (Kidd et al., 2017).
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Data collection from radars and satellites uses real-time information to anticipate
future climate behavior. The satellites are equipped with sensors capable of capturing
data in various parts of the electromagnetic spectrum, including visible light and infrared
bands, which play a crucial role in atmospheric observation (Moraes, 2022). The sensors
are especially useful for monitoring cloud cover and investigating complex atmospheric
phenomena. In the visible light range, satellites capture images during the day, while in
the near and mid-infrared, they detect thermal radiation, allowing observations even

during the night or in low-light conditions (Arejano et al., 2023).

This information is essential for weather forecasting and climate research,
assisting scientists in understanding climate patterns, such as sea surface temperature,
moisture distribution, cloud presence and movement, and precipitation intensity (Givati et
al., 2016; Ruggieri et al., 2021). It also helps measure the amount of precipitation in a
specific area and the formation and movement of storms, among other relevant data.
These observations are crucial for predicting large-scale weather systems, such as
hurricanes, cold fronts, and other significant meteorological events (Urzagasti et al., 2020).
Additionally, this data has applications in various other areas, including agriculture,

environmental monitoring, and natural disaster management (Oliveira et al., 2022).

It is noteworthy that the systems mentioned above have distinct approaches to
obtaining and analyzing precipitation data. The Climate Hazards Group InfraRed
Precipitation with Station data (CHIRPS) model, for example, stands out for combining
satellite information with data from weather stations, providing real-time high-resolution
estimates (Funk et al., 2015). GPM - Global Precipitation Measurement is a global mission
that uses advanced sensors for precise measurements worldwide (Smith et al., 2007).
The Tropical Rainfall Measuring Mission (TRMM) model, when active, focused on tropical
regions and used radar and microwave technology. The Global Land Data Assimilation
System (GLDAS) focuses on modeling land processes related to water (Kumar et al.,
2017; Guofeng et al., 2017). The TerraClimate model provides high-resolution global
climate data (Abatzoglou et al., 2018), while the Precipitation Estimation from Remotely
Sensed Information using Artificial Neural Networks- Climate Data Record (PERSIANN)

uses neural networks to estimate precipitation from satellite data (Sorooshian et al., 2000).

Precipitation intensity exhibits significant fluctuation in both space and time. Point

records obtained through rain gauges and remote sensing observations reveal that
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rainfall data varies on a spatial scale from a few meters to hundreds of kilometers,
generating a high degree of uncertainty in representing its variability (Trovati and Antonio,
2007). In this context, one way to analyze the quality of produced models is through the
use of statistical metrics that assist in verifying the fit of these models when compared to
observed in-situ values. An example of widely applied metrics in different studies is the
Coefficient of Determination (R?), Root Mean Square Error (RMSE), Mean Squared Error
(MSE), and Mean Absolute Percentage Error (MAPE).

Studying Flying Rivers presents a significant challenge and remains a relatively
underexplored topic in the literature. These air masses cover vast areas and exhibit
varying behaviors depending on their location, influenced by multiple external factors,
which complicates their study. The novelty of this work lies in the statistical analysis of
which climate model is best suited to study the extent of Flying Rivers. The study focuses
on the rainfall generated by this phenomenon, taking into account the diverse landscapes

that influence its recharge and utilizing data from 937 weather stations along its pathway.

Furthermore, specific studies such as the assessment of extreme events and the
association of rainfall occurrence with variables such as topography were also addressed
in this research. So, this paper primarily evaluated four commonly employed climate
models for predicting precipitation information using statistical approaches. Additionally,
the research utilized a 20-year time series on a monthly scale to evaluate the models'
performance in estimating the spatiotemporal behavior of rainfall compared to in-situ

measured information.

4.2. Methodology

The methodology for developing this research was divided into three stages:
study area, database collection and standardization, and mathematical background of

regression metrics (Figure 4.1).

26



Geospatial Data (Raster
Images) and Rainfall
Stations (Points)

RMSREZE I Statistical Metrics
a Selection
MAPE

Study Area Selection CHIRPS:

GLDAS;

TerraClimate;

Climate Models

: PERSIANN;
Selection

Data Base Acquisition

Multiple Linear
Regression

(MLR)
Data Base

Standardization

Data Base
Processing

Results Compilation

Best Rainfall
Model Selection

Figure 4.1. Flowchart of the applied methodology.

4.2.1. Study Area

The study area encompasses the trajectory of descending air masses from the

Amazon towards Southeast Brazil, known as "Flying Rivers" (Figure 4.2). The figure

displays the annual averages related to each data source used in this research. The

curved line corresponds to the alignment of the natural path of Flying Rivers.
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Figure 4.2. Location map of the study area.

The concept of " Tropospheric Rivers " was introduced in 1992 by Reginald Newell
and Nicholas Newell to describe atmospheric flows that transport large amounts of water
vapor, often surpassing the Amazon River's flow. The Amazon rainforest significantly
contributes to this phenomenon by maintaining high air moisture content and exporting
atmospheric rivers, leading to rain in distant regions during the southern hemisphere
summer (Nobre, 2015). Its significance was first highlighted in 1979 by Brazilian
agronomist Eneas Salati, who conducted studies on the isotopic composition of rainwater
from the Amazon Basin, showing that half of the Amazon's rainfall comes from the forest's
transpiration (Pearce, 2020). During meteorological investigations into the South
American Low-Level Jet winds traveling east to west across the Amazon, Salati and his
colleagues theorized that this jet carried much of the transpired moisture, which they
termed as “Flying Rivers”. The term “Atmospheric River” was later introduced to describe
filamentary structures in the vertically integrated moisture flow field responsible for intense
water transport. Nowadays, it is understood that these moisture flows globally, affecting
regions like the U.S., China, Pakistan, India, and the African Sahel (Newell et al., 1992;
Newell and Zhu, 1994; Zhu and Newell, 1998; Pearce, 2020).
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These Rivers in the Sky, present within Brazilian territory, cover an extensive area
stretching from the northern region of the Amazon to the far north of the southern region,
traversing the central-western, southeastern, and northeastern regions of the country
(Pearce, 2019). These atmospheric transport systems connect diverse biomes, allowing
interaction with vegetation of various characteristics, ranging from dense forests to
wetlands, while also traversing different land use types (Weng et al., 2018). Such a
trajectory encompasses ecosystems ranging from vast forests, exemplified by the
Amazon, to extensive areas dedicated to agriculture and pasture, predominantly found in
the central-western region of the country, and also reaches urban centers of significant
economic relevance, such as the metropolis of Sdo Paulo (Weng et al., 2018).

They are formed from the evaporation of water from the Atlantic Ocean brought
into the Amazon by the trade winds, characterized by their high humidity, resulting in the
high rainfall rate of the forest (Nacur and Vartuli, 2021). This air mass in Brazil covers the
Amazon and Pantanal biomes, influencing the Cerrado and parts of the Atlantic Forest
region (Monteiro and Campelo, 2022).

However, through their leaves, plants release this water back into the atmosphere
through transpiration, replenishing the moisture-laden winds, which then move westward
until they collide with the Andes Mountains. There, part of this water will replenish the
Amazon Basin itself. The remainder will flow south, providing rain to a significant portion
of the South American continent (Nacur and Vartuli, 2021).

Moreover, Flying Rivers can also affect the climate of other regions, such as North
America. Some of the transported moisture can be carried by the jet stream to the western
regions of the United States and Canada, influencing rainfall and snow patterns in these
areas (Monteiro and Campelo, 2022).

The vitality of the Amazon Rainforest is crucial for maintaining the volume of Flying
Rivers. Deforestation and climate change interfere with this process, negatively impacting
rainfall patterns in various regions. Therefore, understanding and protecting them is

essential for the Amazon region, global climate, and the world's water security.

4.2.2. Data Collection and Standardization

The database used in this work included point vector data from rainfall stations
(Agéncia Nacional de Aguas e Saneamento Basico - ANA), as well as rainfall models
provided by different providers such as the National Aeronautics and Space
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Administration (NASA), Climatology Lab, Climate Hazards Center, and National Centers

for Environmental Information (NCEI).

4.2.2.1. Acquisition of the Rainfall Stations Database

The data related to rainfall stations were acquired through the National Water
Agency - ANA. Its main objective is to implement and coordinate the shared and
integrated management of water resources and regulate access to water, promoting its
sustainable use (ANA, 2023).

With the assistance of the ANA Data Acquisition tool, an automatic download of
data from various rainfall stations was performed (Petry et al., 2021). The tool was
developed as part of the Large Basin Model (LBM) plugin for the Quantum GIS software.

The period of the studied time-series was defined according to the availability and
quality of the data presented by the rainfall stations. Thus, the study comprised data
existing between April 2000 and December 2019.

After acquiring rainfall data, they were filtered for subsequent insertion into the
statistical analyses performed. Initially, the "Operators" of the rainfall stations were filtered.
These organizations/companies/agencies are responsible for the station operation,
maintenance, and data collection. In this context, some of the stations within the study
area were operated by the Geological Research Company (CPRM), part of the Geological
Survey of Brazil (SGB), a public company linked to the Ministry of Mines and Energy, and
some from National Institute of Meteorology (INMET), an agency of the Ministry of
Agriculture and Livestock, which aims to add value to production in Brazil through
meteorological information, were used. CPRM and INMET were used as a limit due to the
reliability and availability of historical data.

Subsequently, the availability of data from 1.629 stations was verified. Thus, all
stations with a percentage greater than 20% of missing data were removed from the final
analyzed dataset. Then, all stations that met the previously mentioned requirements were
included in the final processing stage, totaling a sample of 998 rainfall stations. Finally,
the number of stations present per pixel was checked to avoid bias in the studied data.
Thus, a grid was constructed according to the cell size of the lowest resolution file, which
was crossed with station data using the Delete Identical command in ArcMap 10.3
software, randomly removing stations present in the same pixel, leaving only one sample
per pixel. Next, the presence of outliers was checked in the pluviometric models, mainly

referring to data recorded as -9999. At the end of the processing, the studied sample
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included 937 rainfall stations (Figure 4.3). The information on the rainfall stations is made
available in the Supplementary Material, as a table, as well as in the repository, in vector
format (.shp), available at the link provided in the “Data availability statement” section of

this manuscript.

I Amazonia
[ Caatinga
[ cerrado

| [ | Mata Atiantica i

[ | South America

Figure 4.3. a) Location of rainfall stations; b) Elevation (m) model of the Brazilian
relief; c) Biomes of Brazil.

As a way to fill in the missing data contained in the previously mentioned 20%, the
station data was interpolated across the entire study area. To achieve this, the Kriging
method was used, as previously done by Ananias et al. (2021) and Charles et al. (2022).
Subsequently extracted using the Nearest Neighbor Search (NNS) identification
technique.

The Near Neighborhood technique is a machine learning and data analysis method
that relies on the proximity between data points in a dataset to make predictions or
classifications (Roque et al., 2019). It is a simple and effective form of classification and
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regression, especially useful when dealing with high-dimensional problems or when

assumptions about data distribution are not made.

The two main approaches to building efficient NNS data structures are indexing
and sketching. Indexing aims to build a data structure that, given a query point, produces
a small subset of P (called the candidate set) that includes the desired neighbors
(RezaAbbasifard et al., 2014). In contrast, the goal of sketching is to calculate
compressed representations of points to allow for quickly calculating approximate
distances. Indexing and sketching can be combined to maximize overall performance
(Wang et al., 2016).

In this context, with the assistance of the Extract Values to Points tool in ArcMap
10.5 software, values were extracted based on the position of points associated with
rainfall stations and stored in the attribute table of the generated layer. Thus, a database

of 222,069 samples were generated.

4.2.2.2. Selection and Extraction of Gridded Data from Rainfall Models

Regarding rainfall models, as previously shown in Figure 4.1, the most widely
applied models in the current literature were selected, namely: Climate Hazards Group
InfraRed Precipitation with Station data — CHIRPS (Liu et al., 2019; Shen et al., 2020;
GHOZAT et al., 2021; Hsu et al., 2020; Lépez-Bermeo et al., 2022), TerraClimate (Neto
et al., 2022; Araghi et al., 2023; Hanchane et al., 2023; Araghi and Adamowski, 2024),
PERSIANN Climate Data Record (Santos et al., 2021; Saddique et al., 2021; Ray et al.,
2022; Nadeem et al., 2022), and Global Land Data Assimilation System — GLDAS (Chen
etal., 2020; Wang et al., 2021; Yan et al., 2022; Kuchak et al., 2023). Detailed information

about the selected models is provided in Table 4.1.

Table 4.1. Details of the precipitation gridded datasets.

Spatial

i References
Resolution

Source Description

GLDAS: Precipitation rate from satellite and ground-
based observational data, using advanced land surface
0.25° x 0.25° modeling and data assimilation techniques using
infrared sensors and physiographic predictions.
https://ldas.gsfc.nasa.gov/index.php/gldas

Monthly data from April
GLDAS NOAH 2000 to December 2019
v2.1 (237 months), represented

by 237 images.

Monthly data from April CHIRPS: Precipitation estimates derived from rain
2000 to December 2019 o o gauges and satellite observations using field station

CHIRPS v2.0 (237 months), represented 0.05%x0.05 data, infrared sensors, and physiographic predictions.
by 237 images. https://www.chc.ucsb.edu/data/chirps/
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Source Description

Spatial
Resolution

References

Monthly data from April
PERSIANN- 2000 to December 2019
CDR (237 months), represented

by 237 images.

Monthly data from April
2000 to December 2019

TerraClimate (237 months), represented

0.25°x 0.25°

~0.04° x 0.04°

PERSIANN: Precipitation estimation from remote
sensing information using artificial neural networks and
infrared sensors.

https://chrsdata.eng.uci.edu/

TerraClimate: Precipitation data derived from the
combination of high spatial resolution climatological
normals from the WorldClim dataset, with lower spatial
resolution, along with time-varying data from CRU Ts4.0

by 237 images. and the 55-year Japanese Reanalysis (JRA55).
https://www.climatologylab.org/terraclimate.html

After selecting the models, information was extracted so that rainfall data could be
individualized based on each of the 937 stations used. Thus, the point cloud related to
rainfall stations intersected with the acquired images from the previously mentioned
models, covering the entire study period. The data was extracted using the Nearest

Neighbor Search (NNS) identification technique, as explained in section 4.4.1.

4.2.2.3. Database Standardization
The data standardization involved using ArcMap 10.5 software, where all acquired
images were pre-processed so that each satellite was grouped chronologically, with a

unique reference system covering the entire study area.

Regarding pixel dimensions, they were kept according to the characteristics of
each satellite. Thus, the image resolution directly influenced data collection, allowing for
comparison not only of the periodicity and processing method of satellite images but also

of how the resolution of the images impacts the outcome of this research.

The database obtained after extracting the information was tabulated and entered

into Excel 2019 software, where all mathematical and statistical analysis was conducted.

In addition, for conducting the analyses using Multiple Linear Regression, the data
from the rain gauge stations and satellite models were normalized to generate the
Provisional Normals, which covers a period of less than 30 but equal to or greater than
10 years database. The normalization was calculated using Equation 1 (INMET, 2022):

Xk Kij
Xij = % (1)
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Where Xik is the observed value of variable X on day k, month i/, year j, and N is

the number of days in month /, year j, for which observations are available.

4.2.3. Mathematical Basis of Regression Metrics

The study employed three metrics to evaluate the analyzed datasets: the
coefficient of determination, Root Mean Square Error (RMSE), and Mean Absolute
Percentage Error (MAPE).

The coefficient of determination, commonly denoted as R? or r?, is the proportion
of variation in a variable (dependent or response variable) explained by other variables
(independent variables) in regression. It is a widely used measure to gauge the strength
of the relationship between these variables in regression (KASUYA, 2018). It is a widely
disseminated metric among authors and has been widely used over time. Miles (2005)
showed that R-squared statistics are derived from analyses based on the general linear
model (regression, ANOVA) and represent the proportion of variance between the
explanatory and predictor variables in the sample. Chicco et al. (2021) suggested using
R-squared statistics as a standard metric for evaluating regression analyses, which is

popular in any scientific domain.

The Root Mean Square Error (RMSE) is a used metric in statistics and machine
learning to measure the accuracy of a predictive model, typically a regression model. It
quantifies the difference between predicted values and the actual values of a dataset
(Hodson, 2022). RMSE has been applied as a statistical metric to measure the
performance of models in areas such as meteorology, air quality, climate research studies,
and geosciences (Chai and Draxler, 2014). This metric is commonly employed to assess
the discrepancy between model-generated predictions and truly observed values in the
real context. These values are evaluated in absolute units, corresponding to the same
units used for reference values. Individual discrepancies are often referred to as residuals,
and RMSE is used to summarize these residuals into a single measure of predictive
capability. The closer the RMSE value is to 0, the better the model fits the data (Santos
et al., 2021).

Finally, the Mean Absolute Percentage Error (MAPE) is a widely used error metric
for assessing the accuracy of predictions in statistical analyses, particularly in time series
forecasts and numerical data estimates (Kim and Kim, 2016). It quantifies the average
percentage discrepancies between actual values and estimates relative to the actual
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values. This metric is presented in percentage form, making it easy to interpret. A lower
magnitude MAPE indicates greater accuracy of predictions, reflecting lower percentage
discrepancies between estimates and actual values. This suggests that the forecasts are
more aligned with actual values, which is desirable in forecasting and estimation analysis
contexts (Mckenzi, 2011; Myttenaere et al., 2016).

4.2.4. Multiple Linear Regression (MLR)

The multiple linear regression (MLR) method relies on a regression equation that
demonstrates the straightforward connection between dependent and independent
variables. Widely regarded as a classic and popular approach, MLR serves as an effective
method for addressing statistical regression issues (Huien and Peter, 1997; Malik and
Kumar, 2015; Li et al., 2017; Tikhamarine et al. 2020). In multiple linear regression, a
model is formulated through a linear equation. In this equation, the coefficients assigned
to each independent variable measure the specific effect of that variable on the dependent
one, while considering the effects of other independent variables. This technique is widely
employed in various fields, such as social, economic, medical, and environmental

sciences, for data analysis and prediction (Aiken et al., 2012).
The MLR equation in matrix notation is as follows (Equation 2):

y=XB+e (2)
Where:

y: is the vector of dependent variable values to be estimated by the model.
B: is the vector of coefficients of the independent variables in matrix X.
e: is the vector of errors that cannot be explained by the model.

This linear system can be solved by the Least Squares Method (LSM), which in
matrix notation is (Equation 3):

B =&TX)"XTY) (3)
Where:

f: is the vector of estimated coefficients for the independent variables.
X: is the matrix of independent variables.
Y: is the vector of dependent variable values.

In this study, MLR was used to associate the elevation of the terrain with models
in which this variable is not present (TerraClimate and PERSIANN-CDR). Thus, it was
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possible to identify how terrain features, such as the presence of mountains, valleys,
among other landscapes, can modify rainfall patterns (orographic rainfall). Additionally, it
allows us to observe how the presence or absence of this variabl may impact the

produced model’s quality.

4.2.5. Results Compilation

After obtaining the results from applying the pre-defined metrics, the final phase of
the methodology involved evaluating and comparing these results for each of the
analyzed models. The model that demonstrated the best performance according to the
established metrics was selected, thereby identifying the most suitable climatic model for

the research involving the data type under consideration.

4.3.Results

4.3.1. Statistical Analysis of Rainfall Models

Among all the evaluated models, based on the data obtained from the 937
precipitation stations used in this study, the precipitation model provided by the Climate
Hazards Group InfraRed Precipitation with Station data — CHIRPS, showed the best
results, as can be seen in Figures 4.4-4.6 and Table 4.2. Moreover, by applying multiple
linear regression, it was possible to incorporate the effects of elevation into the models
that did not originally include this information. The results obtained from the MLR are also

available in Table 4.2.

Table 4.2. Statistical Analysis of the Models

Model R? RMSE MAPE

CHIRPS 0.843 42.83 0.09%

GLDAS 0.839 4517 0.11%

PERSIANN-CDR 0.671 74.57 0.17%

TerraClimate 0.413 91.56 0.23%
PERSIANN-CDR

with Elevation by 0.726 29.93 9.21%

MLR

TerraClimate with

Elevation by MLR 0.718 31.14 9.56%

Based on the applied statistical metrics from an isolated analysis, it can be
observed that the model provided by the CHIRPS system stood out positively in all
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analyses. Regarding the Coefficient of Determination R? (Figure 4.4), CHIRPS showed
an average of 0.843, followed by the GLDAS, PERSIANN-CDR, and TerraClimate models,
with values of 0.839, 0.671, and 0.413, respectively. This indicates the level of fit of the
models to the data collected in situ by each station. In this context, it was found that
CHIRPS has a higher explanatory power of the analyzed variable, providing a better

model fit.

The Root Mean-Square Error (RMSE) (Figure 4.5) assessed the absolute error of
the models. As it represents the standard deviation of the residuals (prediction errors),
RMSE measured their dispersion. In other words, the analysis identified how
concentrated the data were around the best-fit line. Thus, it was found that the CHIRPS
model had the lowest RMSE value (42.83). Similar to the Coefficient of Determination R?,
the second-best model in RMSE evaluation was GLDAS (45.17), followed by the
PERSIANN-CDR (74.57) and TerraClimate models (91.56).

Finally, based on the analysis of the Mean Absolute Percentage Error (MAPE),
Figure 4.6, the average accuracy of the model in percentage terms was determined. In
this metric, following the pattern of the others analyzed, the CHIRPS model exhibited
higher quality, with an error of 23.10%, followed by the models provided by GLDAS
(25.60%), PERSIANN-CDR (41.18%), and TerraClimate (53.41%).

The evaluation of observed data applied to the Brazilian region, specifically
concerning the hydrological cycle effects of the Flying Rivers, shows that the Climate
Hazards Group InfraRed Precipitation with Station data — CHIRPS stands out remarkably

compared to the other evaluated models

In contrast to this highlighted performance of CHIRPS, the TerraClimate model
presented the most unsatisfactory results within the study area. Additionally, the
PERSIANN Climate Data Record demonstrated significant inadequacies, failing to

capture relevant climate patterns.

On the other hand, it is noteworthy that GLDAS demonstrated better performance
than the PERSIANN Climate Data Record and TerraClimate, approaching the values
achieved by CHIRPS. However, CHIRPS remains the most appropriate and reliable

choice for climatic studies in the area delimited in this research.
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As for the analyses regarding the application of MLR, it was possible to verify that
the PERSIANN-CDR and TerraClimate models showed considerable improvements.
Especially the TerraClimate model, which started as an inadequate model for the study
in question, and became a database with sufficient quality for its application. Thus, it can
be observed that the region's physiography directly impacts the quality and accuracy of
the produced model. According to Table 4.2, the R? and RMSE metrics improved; on the
other hand, the MAPE values increased, demonstrating a greater amount of discrepant
data in the generated model. However, even with more discrepancies present in the
database, the data showed values closer to those provided by the rain gauge stations,

which increased the level of correlation between the observed and predicted data.
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Figure 4.4. Performance of climatic models in terms of the Coefficient of Determination

- R? metric; A) CHIRPS Model; B) PERSEIANN-CDR Model; C) GLDAS Model; D)

TerraClimate Model; E) Boxplot chart of data distribution.
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4.3.2. Analysis of models in the face of extreme weather events

To enhance the analysis of the conducted studies, the hydrological years of 2001-
2002, 2005, 2007-2008, 2010 and 2012/2017 (Lima and Magalhaes, 2018), marked by
high aridity indices and the largest droughts occurrences in the database period, was
examined. The main objective was to evaluate the model's predictive capacity in the face
of extreme climatic events. Thus, when analyzing the metrics during the selected period,
it was found that CHIRPS demonstrated the highest predictive quality, followed by the
models GLDAS, PERSIANN-CDR, and TerraClimate (Table 4.3), following the same

trend as the previous analysis.

Table 4.3. Analysis of models in response to the extreme events.

Months
Model Jan Feb Mar Apr May Jun Jul Aug Set Oct Nov Dec
CHIRPS 0.71 064 049 050 049 052 052 055 054 057 060 0.71
GLDAS 0.72 064 053 043 041 051 042 043 054 052 060 0.71

PERSIANN-CDR 043 045 032 036 033 040 034 038 044 032 0.31 046

TerraClimate 0.06 0.07 0.10 0.10 0.08 0.10 0.07 0.07 0.06 0.10 0.06 0.07

Coefficient of Determination - R?

4.4.Discussion

According to the obtained results, it is possible to observe a pattern in the
distribution of the evaluated metric values based on the position of the selected
precipitation stations. The central-west region, the northwest of the southeast region, and
the southern Bahia exhibit a more homogeneous distribution than other regions, such as
the south of northern region and the coastal strip (Figures 4.4 - 4.6). These variations in
distribution may be associated with various factors, ranging from physiographic issues to

the production method of precipitation models.

As this research focuses on precipitation data, climatic and geographical factors
significantly impact the observed data collected by precipitation stations. Orographic rains
are examples of variables that can cause modifications in the precipitation regime. This
type of rain occurs due to the uplift of moist air over a geographical barrier, such as
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mountains. When moist air is forced to rise over a geographical elevation, it cools,

condenses, and forms clouds, resulting in rainfall (Sanches et al., 2023).

The rainfall distribution in Brazil displays notable diversity influenced by the vast
territorial expanse and varied geographical characteristics. The amplitude of these
climatic variations is evidenced by distinct rainfall patterns in various country areas, each

with its peculiarities (Fetter et al., 2018).

In the North, especially in the Amazon region, a regular and abundant rainfall
distribution throughout the year is observed, vital for maintaining the tropical forest and
local ecosystems (Barni et al., 2020). However, contrasting with this humidity, the
Northeast faces a semiarid climate characterized by scarce and irregular rainfall, leading
to frequent periods of drought, notably in the northeastern hinterlands (Rocha et al., 2021,
Silva et al., 2021).

The Central-West Region, occupied by the Cerrado, experiences a seasonal
rainfall pattern, with a rainy season during the summer and a dry season in the winter.
These rains are of great importance for agriculture in the region, sustaining the production
of essential crops (Confessor et al., 2022). In the Southeast, the presence of the Serra
do Mar along the coast results in orographic rains, especially in areas of Sdo Paulo, Rio
de Janeiro, and parts of Minas Gerais, contributing to a regular rainfall regime and of great
importance for water supply to large bodies like the Sdo Francisco River and the

Cantareira System (Brasiliense et al., 2020).

In regions like the Pantanal, located in the Central-West, a floodplain whose
ecosystem is directly affected by seasonal rains, orographic rains are crucial for
maintaining biodiversity (Maia et al., 2023). Additionally, in the Chapada Diamantina,
located in Bahia, orographic rains are common, resulting from the uplift of moist air over
the mountains, being a vital phenomenon for local water balance and, consequently, the

region's ecological diversity (Oliveira et al., 2020).

The effects of orographic rains can be seen in various studies. For example,
Aderaldo and Nery (2022) assessed the effects of relief configuration on local climate and
its impacts on the desertification process in the Inhamuns nucleus, Ceara, Brazil. The
authors concluded that this process in the region is amplified due to the influence of relief
and climate interaction. In another study, Nascimento and Vale (2019) evaluated the
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relationship between rainfall distribution and relief in an 18.8 km transect between Fundéo
and Santa Teresa municipalities in Espirito Santo during the hydrological year 2015/2016.
From a topoclimatic perspective, the authors highlighted the study area's climatic
individuality, especially regarding local orography. Thus, it was concluded that the location
morphology and geographical characteristics impose an uneven distribution of

precipitation.

Based on the studied period, 2000 to 2019, it is important to highlight major drought
events such as the ones in 2001-2002, 2005, 2007-2008, 2010 and 2012/2017 (Lima and
Magalhaes, 2018). The 2015 drought in Brazil was a climatic event that affected several
country regions. Several states faced intense drought conditions, causing significant
impacts on agriculture, water resources, and the lives of local communities. Among the
most affected regions were the Northeast and part of the Southeast (Aquino and
Nascimento, 2020). In other study, Cunha et al. (2019) evaluated drought events in Brazil
from 2011 to 2019. During this period, the authors verified that Brazil experienced some
of the most severe droughts in decades, impacting various regions, being most severe
and widespread between the years 2011 and 2017. These droughts led to water crises
that affected multiple economic sectors and the population, and also increased the

number of fires due to the heightened risk under dry and warm conditions.

In the Northeast, the drought was particularly severe and prolonged, leading to a
water crisis affecting millions. Water reservoirs reached critical levels, hindering water
supply for various uses. Lack of rainfall also affected crops, contributing to economic and
social problems in the region. In the Southeast, especially in Sdo Paulo, a lack of rainfall
led to a significant water crisis. Reservoir levels, such as the Cantareira System,
plummeted, affecting the water supply in the metropolitan region (Braga and Molion,
2018).

Among the factors that contributed to exacerbating the drought situation in 2015,
the El Nifio climate event, climatic anomalies generating irregular atmospheric patterns,
and physiographic differences between the affected regions, among others, can be
highlighted (Marengo et al., 2016).

Based on the concepts and studies mentioned earlier, it can be observed that
geographic conditions directly influence rainfall distribution, causing significant variation
in the data observed by the stations according to their location. Thus, based on Figure
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4.3, it can be verified that the stations used in this study are distributed within different
geographic conditions, directly influencing the identified rainfall intensity. Based on the
data behavior, it can be affirmed that the metrics showed homogeneity mainly in similar
physiographic regions. When present in more geographically rugged areas or with
pronounced relief differences, predicted data tended to show discrepancies compared to

observed data.

The effects of terrain on the formation and distribution of rainfall, as well as on the
quality of the analyzed models, become even clearer when we consider the application
of Multiple Linear Regression (MLR) to rainfall models that do not originally account for
this variable. Table 4.2 shows that the datasets from PERSIANN-CDR and TerraClimate
significantly improve when MLR is applied, making both models applicable to the study of

the region in analysis.

Regarding TerraClimate, which exhibited the lowest metrics values among those
analyzed, other studies have similarly classified it as having low applicability. Saicharan
and Rangaswamy (2023) investigated the suitability of CHIRPS, CRU, GLDAS, GPM,
PERSIANN-CDR, SM2RAIN, and TerraClimate for rainfall measurement in India. Using
skill metrics (y, RMSE, NSE, RSR, and PBIAS), they assessed the suitability of each
dataset at the pixel level and concluded that TerraClimate had the lowest performance
among all datasets. Arias and Barriga (2022) analyzed the accuracy of CHIRPS and
TerraClimate over 36 years of rainfall data at monthly, seasonal, and annual scales in a
region with complex terrain. They found that the CHIRPS dataset demonstrated the best

accuracy and performance across monthly, annual, and seasonal time scales.

Based on the above, it is clear that TerraClimate has low applicability in areas with
significant terrain variation. However, when adjusted, the model becomes highly
applicable, which is of great importance to the scientific community, especially

considering the extensive data availability that this model provides.

In addition to the effects of relief, maritime influences also play a role. For this
variable, regions near oceans and seas receive more rainfall than regions located inland
due to higher oceanic water evaporation (Dantas, 2009). In these areas, moist air coming
from the ocean encounters features that act as a natural barrier, being forced to rise and,
consequently, cool, forming loaded clouds. This process is responsible for regular rainfall
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in these areas, contributing significantly to the water supply for various cities and local

ecosystems (Nascimento and Vale, 2019).

In a study conducted by Salton et al. (2021), which aimed to analyze various
aspects of drought periods in the state of Parang, it was observed that the lowest aridity
indices are found in the vicinity of the Serra do Mar. This phenomenon can be attributed
to a series of factors influencing precipitation patterns in the region. Local topography,
maritime breeze, inland waters, and thermal contrasts between the land surface and the
ocean stand out among these factors. The occurrence of orographic rains in the region
results from air currents moving perpendicular to the relief on a synoptic scale, especially
from the east and southeast directions, and the influence of maritime breeze manifesting
in the late afternoon and early evening. These atmospheric phenomena play a crucial role
in mitigating the effects of drought, ensuring a regular supply of moisture to the area near

the Serra do Mar.

In more recent studies, Veiga et al. (2022) assessed the influence of three El Nifio
events on rainfall distribution in different physical spaces of Rio de Janeiro. The authors
identified that rainfall concentration is due to favorable controlling factors such as relief,
maritimity, and vegetation. The authors state that regions where precipitation stations are
located and which are influenced by maritimity tend to present higher average rainfall
values. Terassi and Galvani (2022) analyzed predominant atmospheric characteristics.
They established climate types responsible for rainfall genesis by applying the Spatial
Synoptic Classification (SCC) in Castro, Curitiba, and Paranagua, in the eastern state of
Parana, Brazil. From the study, it was possible to identify that the climate types that act
in these cities are related to maritimity, in the case of Paranagua, and associated with

extratropical atmospheric systems in Castro and Curitiba.

According to the above, and observing Figures 4.4-4.6, it is noted that stations
closer to the coastal region of the Southeast, Northeast, and the Northeast of the Northern
region show greater heterogeneity in the mean values of R?, RMSE, and MAPE. This
effect can be attributed to the region's climatic variation caused by the presence of
oceanic masses, increasing the amplitude of observed data and interfering with the
adjustment of predicted data. Additionally, such variations become even more disparate
due to rainfall in these regions that are not measured by satellites due to their respective

temporal resolutions. Thus, once brought by the oceans and affected by local relief, air
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masses precipitate, and these data are captured by precipitation stations but not by

satellites, causing discrepancies in observed and predicted monthly averages.

The farther from the coast, the greater the temperature range; with lower humidity
concentration in the air, there tends to be drier weather in warmer months (Santos and
Moraes, 2016). In this sense, air masses formed over the oceans are characterized by
high humidity, which results in different precipitation levels when combined with
topography and vegetation. Rain closer to the ocean does not exhibit the same behavior

observed inland the continent.

In line with the previously mentioned factors, the vegetation cover of the study area
also directly impacts rainfall distribution and, consequently, data collection. Studies
demonstrate that rainfall is directly altered by latitudinal variation. Generally, areas near
the Equator experience higher precipitation than other areas, such as poles and
temperate regions. This is due to higher evaporation provided by the increased incidence
of sunlight in the equatorial region. Regardless of the season, equatorial zones receive
more solar heat. This establishes the following relationship between climate and latitudes:

the lower the latitude, the higher the temperatures (Pavéao, 2017).

According to Khan and Ul Hasan (2017), temperature directly affects
evapotranspiration, increasing its rate with rising heat. On the other hand, high
evapotranspiration rates impact rainfall, elevating this variable (Hanif et al., 2013). The
Equator represents the hottest zone, where temperatures reach high values. In this area,
evapotranspiration tends to increase due to heat; consequently, rainfall follows the same
trend (Allen et al., 2016).

In this context, it can be affirmed that the different vegetation covers present in
each biome, according to their robustness, contribute differently to water recharge (Britto
et al., 2019). Thus, due to the stations' location within the study area, they exhibit
variations in their data due to rainfall intensity according to evapotranspiration levels. As
observed, various factors can cause changes in precipitation conditions. So, the
combination of these factors can directly interfere with observed data, according to their

characteristics, generating errors in predicted data.

Based on the analysis of Table 4.1, it is evident that the employed models show
variations in the resolutions used, giving them different levels of detailed information
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according to the specific characteristics of each model. Spatial resolution in satellite
images refers to the ability to distinguish minutiae on the Earth's surface. This measure
is quantified in terms of pixel size. The smaller the pixel size, the higher the spatial
resolution, implying the ability to discern more precise and subtle details in the captured

image (Zanotta et al., 2019).

Thus, in addition to the information extraction method discussed in section 4.4.2,
the size of the studied sample and the extent of the study area, it was observed that the
information detailing observed data directly impacted their quality in the study in question.
It was found that higher resolutions, and consequently more detail richness, showed

higher levels of fit between observed and predicted data.

In the study by Costa et al. (2019), the authors aimed to analyze monthly
precipitation data from the CHIRPS product and verify its similarity to meteorological
station data from the Weather Forecast and Climate Studies Center (CPTEC) of the
National Institute for Space Research (INPE) and the National Institute of Meteorology
(INMET) for the Brazilian territory. The study found that, CHIRPS estimates, linearly
adjusted with INMET/CPTEC data, showed a more pronounced agreement. In a more
recent study, Santos et al. (2020) evaluated seven rain estimation methods using different
approaches with the aid of statistical analyses. The focus was on the long term, using 30
years of monthly scale data to verify the method's performance in estimating the spatial-
temporal behavior of rainfall compared to in situ measured data from meteorological
stations. The authors concluded that CHIRPS showed higher quality among all the

analyzed models.

Regarding the study by Santos et al. (2020), the authors addressed a smaller study
area with a sample of 560 precipitation stations, concluding that CHIRPS stands out
among the other models. Although extensive, the Semiarid region does not present
significant physiographic and atmospheric differences compared to the area covered by
the Flying Rivers. Thus, the homogeneity of the region and its dimension contributed to a
smaller disparity in the database and, consequently, a greater fit between observed and
predicted data. In this context, it can be verified that the dimension of the areas and the
sample size did not interfere with the quality of CHIRPS. So, demonstrating that its
applicability maintained a high standard of quality.
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Araghi and Adamwski (2024) analyzed 30 gridded precipitation datasets in a study
conducted across Iran. The authors concluded that gridded precipitation datasets based
solely on climate model outputs or satellite observations were not reliable alternatives to
measured precipitation. However, incorporating weather station measurements into the
production of gridded precipitation datasets significantly improved the accuracy of the
final product, as seen with the multi-source datasets. So, they observed that TerraClimate
was suggested over CHIRPS. The difference in results between this study and the one
made by Araghi and Adamwski (2024) is attributed to the fact that TerraClimate was used
in its original format, without incorporating any variable that would contribute to its
improvement, causing CHIRPS to be identified as the superior gridded dataset, while
TerraClimate was classified as the worse model. This is due to CHIRPS model
incorporates corrections based on physiographic predictions, which provide greater
accuracy in estimating rainfall data in the Flying Rivers context. The impact of
physiographic characteristics on model quality becomes even clearer when we compare

the data presented in Table 4.2.

Another point to be emphasized is the method of extracting information from
satellite images. In the work of Santos et al. (2020), the authors used the "point-pixel"
extraction method, where, according to the position of the point related to the studied
precipitation station, the value of the pixel to which it is related is extracted. On the other
hand, Costa et al. (2019) interpolated, through the Kriging technique, station data
generating raster files that were compared to the studied hydrological models. However,
as a way to expand the boundaries of knowledge of the present research, the authors
used the Near Neighborhood technique, where a classification of the data is carried out
so that each sample from a data set, evaluating its distance concerning the nearest

neighbors, receives the value mostly present in its surroundings.

Based on the obtained results, it is possible to observe that, regardless of the
extraction method, CHIRPS exhibited higher quality in this and the previously mentioned

studies due to the resolution and the data production process.

Based on Table 4.1, CHIRPS has higher spatial resolution, with a smaller pixel
size, consequently possessing greater information detailing. In addition, this dataset uses
rainfall station data and includes terrain characterization, allowing for greater accuracy in

information production. Regarding GLDAS, one of the lowest resolution datasets, due to
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its processing, which also includes physiography, it achieves an acceptable quality
compared to PERSIANN-CDR and TerraClimate. The contribution of correction through
physiography during dataset processing is clear, as GLDAS and PERSIANN-CDR have
the same spatial resolution. Still, the latter does not include terrain for adjusting the

collected data.

In this sense, it is clear that the model’s spatial resolution, combined with the
sample size, its spatial distribution, and the method of extracting the required information,
directly impacts the quality of the data due to the level of action of external factors and

their effects on the information collection process.

While it is acknowledged that all four evaluated models demonstrate quality and
find widespread use in global studies, their applicability is contingent upon the specific
characteristics of the research. Nonetheless, the investigation of Flying Rivers presents
a formidable challenge and remains relatively unexplored in the literature. The vast
coverage of these air masses and their complex behaviors, influenced by location-specific
exogenous factors, hinder our understanding of their dynamics. Therefore, CHIRPS
emerges as the most suitable model due to its information extraction method and the

sample size.

4.5.Conclusion

From the analyses conducted in this study, the results indicated that among the
considered models, the Climate Hazards Group InfraRed Precipitation with Station data
— CHIRPS exhibits the highest quality of fit to observed data, followed by the Global Land
Data Assimilation System — GLDAS, PERSIANN Climate Data Record, and TerraClimate,

respectively. The same results could be seen when analyzing extreme events of drought.

The authors could conclude that, even with lower resolution, the generalization of
the GLDAS model leads to few errors in producing predicted information. This occurs
because this dataset's data are processed and corrected alongside local physiography
and terrestrial data. Thus, despite having lower quality than CHIRPS, GLDAS would not
be a database to be excluded from use in studies of this nature. Additionally, it was
observed that the area extent and the sample spatial distribution also directly impact the
fit between observed and predicted data, as different variables causing modifications in

precipitation data become more prominent.

50



Finally, it is understood that all four evaluated models exhibit quality and are widely
used in studies around the world, with their applicability linked to the characteristics of the
specific research. Thus, the novelty of this study lies in its statistical analysis aimed at
identifying the optimal climatic model for studying the extent of Flying Rivers, considering
the diverse landscapes affecting their recharge. Leveraging data from 937 weather
stations along their trajectory further enhances the robustness of the analysis.
Furthermore, by including the relief variable in models that did not originally use it, a great
improvement in the quality of these models was observed. This caused PERSIANN-CDR
to achieve more adequate values in the R? and RMSE metrics, and TerraClimate evolved

from an inadequate base to a high-quality model for the study of Flying Rivers.

The authors acknowledge that this study faces limitations due to the database used.
The extensive reach of the Flying Rivers leads to a scarcity of climate study-compatible
data periods, as well as implications arising from the different biomes in which the rainfall
stations are located. Furthermore, the varied terrain physiography directly influences local
climatic conditions, adding complexity to the interpretation process. In light of these
challenges, further research applying others gridded databases and variables that
significantly influences the outcomes of the employed models, as well as studies focused
on the seasonal zones to better understand the impacts of each region of Brazil on rainfall

formation, we recommend to broaden the scope of findings from this study.
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5. CAPITULO II. Multivariate Statistical Analysis of Rainfall Variability in Brazil:

Assessing Climatic and Environmental Drivers of Precipitation

Abstract: This study combines Principal Component Analysis (PCA) and Cluster
Analysis (CLARA) to analyze rainfall dynamics and its interactions with environmental
and climatic variables. Understanding these relationships is crucial for monitoring
hydrological patterns, predicting weather variability, and assessing climate change
impacts. Rainfall distribution is shaped by atmospheric moisture transport, land surface
characteristics, and broader climate systems, highlighting the complexity of precipitation
patterns at regional and global scales. PCA was applied to reduce dimensionality and
identify dominant climatic variables influencing precipitation patterns, including
temperature, evapotranspiration, NDVI, and relief. The results indicate that rainfall
dominates seasonal variability, explaining 43.93% of the variance in January and 41.97%
in February, highlighting its role in wet-season dynamics. NDVI and evapotranspiration
account for 26-30% of the variance in Dim.2, highlighting their influence on vegetation
and moisture recycling. During the dry season, temperature emerges as a primary
controlling factor, peaking at 34.13% variance in March and becoming inversely
correlated with precipitation. The CLARA cluster analysis classified 921 rainfall stations
into distinct seasonal groupings, revealing dynamic monthly transitions. Group 1,
characterized by low/moderate rainfall and NDVI, remains stable throughout the year,
whereas Group 2 dominates wet periods, exhibiting high NDVI (>0.7) and
evapotranspiration (>0.4 mm/day). Group 3 represents arid zones with low precipitation
(830—75 mm) and high temperatures (>28°C), particularly prominent in July and August.
The findings highlight the influence of topography, with orographic effects enhancing
precipitation in elevated areas. This study also emphasizes the impact of Amazon
deforestation, disrupting moisture transport and reducing precipitation in southeastern
Brazil. The weakening of the Flying Rivers threatens regional water security, reinforcing
the need for sustainable land-use policies. By integrating multivariate statistical methods,
this research provides quantitative insights into rainfall variability, aiding climate resilience

strategies for agriculture and water management in South America.

Keywords: Principal Component Analysis (PCA), Cluster Analysis, Flying Rivers,
Climate Change, Environmental Variables, Precipitation Patterns.
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5.1.Introduction

Understanding the dynamics of rainfall and its interaction with environmental and
climatic variables is essential for monitoring hydrological patterns, predicting weather
variability, and assessing the impacts of climate change. Rainfall distribution is influenced
by multiple factors, including atmospheric moisture transport, land surface characteristics,

and regional and global climate systems.

In South America, the Flying Rivers play a crucial role in shaping precipitation
patterns, acting as major conduits for atmospheric moisture transported from the Amazon
Basin to other regions, such as the Brazilian Southeast (Pearce, 2019; Monteiro &
Campelo, 2022). This phenomenon begins with the evaporation of Atlantic Ocean waters,
which, upon reaching the Amazon, is augmented by evapotranspiration from the dense
rainforest canopy. This continuous recycling of moisture generates humid air masses that
are transported westward by trade winds and then redirected southward by the Andes
Mountains (Nobre et al., 2016).

These atmospheric rivers contribute significantly to the annual rainfall received in
Brazil’s agricultural heartlands and major urban centers, such as Sdo Paulo and Rio de
Janeiro. However, deforestation and climate change have disrupted this delicate balance,
leading to reduced rainfall, prolonged droughts, and increased climatic variability (Weng
et al., 2018; Nacur & Vartuli, 2021). The weakening of the Amazon’s hydrological cycle
has been directly linked to declining precipitation in southeastern Brazil, highlighting the
urgency of understanding the spatial and temporal patterns of rainfall formation (Zemp
et al., 2017).

To understand these spatial and temporal rainfall patterns, Cluster Analysis has
emerged as a powerful tool in climate and environmental studies, allowing the
classification of rainfall stations based on precipitation trends and their interaction with
environmental factors (Gupta et al., 2021). By grouping similar meteorological stations,
cluster analysis enables the identification of underlying patterns, seasonality, and regional
differences in precipitation regimes. Among the various clustering algorithms available,
CLARA (Clustering Large Applications) has been widely recognized for its efficiency in
handling large datasets. CLARA is an extension of the Partitioning Around Medoids (PAM)
algorithm and is specifically designed to improve computational efficiency in large-scale

clustering tasks (Kaufman and Rousseeuw, 1991). Unlike traditional clustering methods,
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which may struggle with high-dimensional data, CLARA selects representative subsets of
the dataset, applies PAM clustering, and then generalizes the results to the entire dataset.
This approach ensures robust clustering performance while maintaining computational
feasibility, making CLARA particularly useful for environmental and meteorological
applications (Schubert & Rousseeaw, 2019; Harb et al., 2024).

Following Cluster, the Principal Component Analysis (PCA) has become a
fundamental tool in meteorology and environmental sciences. PCA is a widely used
technique for reducing the dimensionality of large datasets while retaining the most
significant variance in the data (Jollife and Cadima, 2016). By transforming correlated
variables into a smaller set of uncorrelated principal components (PCs), PCA helps
identify dominant climatic and environmental factors that influence rainfall variability
(Lever et al., 2017). This method is particularly valuable in climate research, where
multiple variables, such as temperature, evapotranspiration, vegetation indices (NDVI),
and relief, interact in complex ways to shape precipitation patterns. PCA enables
researchers to detect relationships among climatic drivers, assess seasonal fluctuations,
and improve clustering accuracy by reducing noise and redundancy in the dataset
(Altman and Krzywinski, 2015).

By integrating PCA with CLARA, this study aims to provide a comprehensive
understanding of the spatial and temporal variability of rainfall in relation to environmental
and climatic drivers, thereby improving climate monitoring efforts. PCA enables the
extraction of key components from large climate datasets, which are then used to optimize
clustering accuracy. This integration ensures that the most relevant variables contribute
to the clustering process, reducing dimensionality while preserving essential information

about rainfall patterns.

So, this research conducted two independent cluster analyses to examine different
aspects of rainfall variability in Brazil. The first analysis focused exclusively on rainfall
data, aiming to classify precipitation stations based on seasonal behavior and their
alignment with Flying Rivers pathways. The second analysis incorporated additional
environmental and climatic variables, including temperature, evapotranspiration, NDVI,
and relief, to explore their influence on rainfall formation and distribution. To improve the
accuracy and interpretability of the results, Principal Component Analysis (PCA) was

applied. This step reduced data dimensionality while preserving the most significant
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variance, ensuring that only the most influential variables were used, optimizing the

identification of distinct rainfall regimes and their environmental drivers.

By adopting a multivariate statistical approach, this study provides new insights
into the complex interactions between precipitation, temperature, vegetation dynamics,
and water balance processes across Brazil. These findings contribute to climate
monitoring, water resource management, and sustainable land-use planning, offering
valuable data-driven strategies to mitigate the impacts of climate change on regional

hydrological cycles.

5.2. Methodology

The methodology for developing the research in question was divided into four
stages: study area definition, database collection, data pre-processing and data base

processing (Cluster and PCA Analysis) (Figure 5.1).

(:::;tudy area definitio;:::>

\

Environmental,
Climatic &

Physical Database

variables acquisition

\J

Data
Data pre-processing standardization &
normalization
)
\_/
Database
processing
PCA Analysis Cluster
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Group Analysis Seasonal Analysis

Figure 5.1. Methodological flowchart.
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5.2.1. Study Area Definition

The study area covers the Brazilian territory, focusing on the regions monitored by
the rainfall stations selected for this research (Figure 5.2). It is worth noting that, in order
to more accurately analyze the interconnection of rainfall events between the Amazon

region and the Southeast, mediated by the Flying Rivers, the main area of interest in this

study is properly highlighted in Figure 5.2B.
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Figure 5.2. A) Rain gauge stations distributed in the study area; B) Focal study area.

The focal study area encompasses the region influenced by the Flying Rivers,
atmospheric moisture transport systems spanning Brazil. These "Rivers in the Sky"
extend from the northern Amazon to the southernmost regions, crossing the central-
western, southeastern, and northeastern parts of the country (Pearce, 2019). These
systems connect diverse biomes, facilitating interactions between various vegetation
types, from dense forests to wetlands, and traversing multiple land uses (Weng et al.,
2018). Their trajectory includes ecosystems ranging from the vast Amazon rainforest to
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extensive agricultural and pasturelands, particularly in the central-western region, and

urban centers of economic significance, such as Sdo Paulo (Weng et al., 2018).

Flying Rivers originate from the evaporation of Atlantic Ocean waters, transported
into the Amazon by trade winds, resulting in the high humidity and substantial rainfall
characteristic of the forest (Nacur and Vartuli, 2021). These air masses influence the
Amazon and Pantanal biomes, impacting the Cerrado and sections of the Atlantic Forest
(Monteiro and Campelo, 2022).

Additionally, Flying Rivers contribute to climatic patterns beyond South America.
Some of the transported moisture reaches North America via the jet stream, affecting
precipitation and snowfall in the western United States and Canada (Amaral e Silva et al.,
2024).

The integrity of the Amazon Rainforest is crucial for sustaining the volume of Flying Rivers.
Deforestation and climate change disrupt this system, altering rainfall patterns across
multiple regions. Consequently, preserving these atmospheric rivers is vital for regional

ecosystems, global climate stability, and water security.

5.2.2. Data acquisition

The detailed database applied in this research can be found in Table 5.1.

Table 5.1. Details of the gridded datasets.

Database Resolution Description \ Source
Global Land Data Assimilation System
- GLDAS: Evapotranspiration rate that
expresses the amount of water lost

Evapotranspiration from a unit area of surface per unit
time.
Monthly data from April
2000 to December Global Land Data Assimilation System
0.25° x 0.25° 2019 (237 months), - GLDAS: Average temperature of the
represented by 237 Earth's surface. The actual
images. temperature of the surface, and it can
be considerably different than the air
Temperature
temperature above the surface,
particularly in warm, sunny conditions.
Monthly data from April | CHIRPS:  Precipitation  estimates
2000 to December derived from rain gauges and satellite
Rainfall 0.05° x 0.05° 2019 (237 months), observations using field station data,
represented by 237 infrared sensors, and physiographic
images. predictions.
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Database | Resolution Description \ Source

MOD13C2 Version 6: The Normalized
Difference Vegetation Index (NDVI) is
referred to as the global monitoring of

Normalized . e .
. . vegetation conditions and are used in
Difference Vegetation ) .
products displaying land cover and
Index (NDVI)
land cover changes.
Shuttle Radar Topography Mission -
. . SRTM: digital elevation dataset
High-resolution global . .
toboaraphic database obtained through radar interferometry
ﬂ%rﬁ’ ngrua oty || conducted by NASA and the National
Relief 30x30m Y ' Geospatial-Intelligence Agency (NGA)

created by the Space
Shuttle Endeavour
mission.

in collaboration with the German and
Italian space agencies.

Regarding rainfall data, it was obtained from the Climate Hazards Center through
the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS), one of the
most widely applied models in climate studies (Liu et al., 2019; Shen et al., 2020; Ghozat
etal., 2021; Hsu et al., 2021; Lopez-Bermeo et al., 2022). Furthermore, a study by Amaral
e Silva et al. (2024) highlighted that CHIRPS stands out among freely available

precipitation datasets due to its robust preprocessing methodology.

Temperature and evapotranspiration data were obtained from the GLDAS.
Developed by NASA’s Goddard Space Flight Center (GSFC) in collaboration with the
National Oceanic and Atmospheric Administration (NOAA), GLDAS is a land surface
modeling system designed to assimilate satellite and ground-based observational data
into land surface models (LSMs). This system enables the generation of global-scale
simulations of land surface conditions with high spatial and temporal resolution in near

real-time.

The NDVI and relief data were obtained from the Moderate Resolution Imaging
Spectroradiometer (MODIS) and the Shuttle Radar Topography Mission (SRTM),
respectively, both made available by the National Aeronautics and Space Administration
(NASA). The MODIS vegetation index, produced at 16-day intervals and at multiple
spatial resolutions, enables consistent spatial and temporal monitoring of vegetation
canopy greenness. This index reflects a combination of leaf area, chlorophyll content, and
canopy structure, making it a valuable tool for analyzing vegetation dynamics (Didan,
2021). The SRTM mission, conducted in February 2000 aboard the Space Shuttle
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Endeavour, aimed to generate a high-resolution global digital elevation model (DEM).
Using radar interferometry, the mission mapped over 80% of Earth's land surface,
covering latitudes from 60°N to 56°S, with unprecedented accuracy in topographic

representation.

Finally, rainfall station data were obtained from the National Water Agency (ANA),
whose primary mission is to implement and coordinate the integrated and shared
management of water resources, regulate access to water, and promote its sustainable
use (ANA, 2023). To facilitate data collection, the ANA Data Acquisition tool was used to
automatically download precipitation records from multiple rainfall stations (Petry et al.,
2021). This tool was developed as part of the Large Basin Model (LBM) plugin for
Quantum GIS (QGIS), enhancing the efficiency of hydrological data retrieval and analysis.

So, 921 stations were used.

5.2.3. Data preprocessing

The data standardization process was carried out using ArcMap 10.5, where all
acquired images were preprocessed to ensure that each satellite dataset was
chronologically organized and aligned within a single geographical reference system

covering the entire study area.

Pixel dimensions were preserved according to the specifications of each satellite,
ensuring that image resolution remained consistent with the original data source. This
approach allowed for a comparative analysis of satellite image periodicity, processing

methods, and the impact of resolution on data collection and research outcomes.

The Nearest Neighbor Search (NNS) techniqgue was employed to extract
information from satellite data. NNS is a widely used machine learning and data analysis
method that identifies patterns based on the proximity of data points, such as rainfall
stations, within a dataset. This technique is particularly effective for classification and
regression tasks, especially in high-dimensional spaces or when no prior assumptions

about data distribution are made (Roque et al., 2019).

Efficient NNS data structures are typically constructed using two primary
approaches: indexing and sketching. Indexing involves creating a structured dataset that,
for any given query point, generates a small candidate set P containing potential nearest

neighbors (RezaAbbasifard et al., 2014). Conversely, sketching focuses on computing
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compressed representations of data points, allowing for rapid approximation of distances.
These two methods can be integrated to optimize computational performance (Wang et
al., 2016).

In this study, the Extract Values to Points tool in ArcMap 10.5 was utilized to extract
values based on the spatial positions of rainfall stations. The extracted data was
subsequently stored in the attribute table of the generated layer, facilitating further

analysis.

Regarding data normalization, it used the data.Normalization function, part of the
clusterSim package in R, rescaling the values to a range from 0 to 1. This function offers
various methods to normalize data, which is essential for preparing datasets for analysis.
The normalization adjusts the values of numeric variables to a common scale, without
distorting differences in the ranges of values (Walesiak, 2016). This process ensures that
each variable contributes equally to the analysis and prevents variables with larger ranges
from dominating the results. This research used the Log Transformation method, reducing

the impact of outliers.

Furthermore, to facilitate the analysis, the Provisional Normals for each variable
was calculated. This process applies to datasets spanning at least 10 years but fewer

than 30 years. The process was performed using Equation 1 (INMET, 2022):

Xy = (™)
Where Xijxk is the observed value of variable X on day k, month /, year j, and N is

the number of days in month /, year j, for which observations are available.

5.2.4. Database processing
To achieve the study's objectives, data processing was carried out using Principal

Component Analysis (PCA) and Cluster Analysis.

5.2.41. Principal Components Analysis (PCA)

According to Lever et al. (2017), Principal Component Analysis (PCA) reduces
data by projecting it into lower dimensions, called principal components (PCs), to provide
the best summary using a limited number of components. The first PC is selected to
minimize the distance between the data and its projection, maximizing variance. The

second PC is chosen similarly but must be uncorrelated with the first. This process
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maximizes the correlation between the data and its projection and is akin to performing

linear regression (Altman and Krzywinski, 2015).

However, PCA has limitations, such as assuming linear data structures, which may
overlook highly correlated patterns, as all PCs are uncorrelated (Altman and Krzywinski,
2015). The scale of variables can also affect results, making it crucial to adjust the scale
based on prior knowledge. When applied correctly, PCA is a powerful tool for identifying

key variables and outliers in data (Lever et al., 2017).

Before conducting PCA, several R packages are essential for analysis and
visualization. The ggplot2 package is used to create various data visualizations, including
scatter plots and bar charts. The factoextra package offers specialized functions for
visualizing PCA results, such as scree plots, biplots, and variable contribution plots.
Additionally, the dplyr package can be utilized for data manipulation, though its use is

optional.

To execute PCA, these packages were installed and loaded in RStudio, providing
the necessary tools for both computing PCA and generating insightful visual
representations of the results. The prcomp() function in R is the most commonly used
method for performing PCA, as it computes principal components while automatically
centering and scaling the data when specified. The output provides key information,
including the standard deviation of each principal component, the proportion of variance
explained by each component, and the cumulative variance retained (Narvaez-Montoya
et al., 2023). In addition to the coefficients, the original variables are linked to the principal
components (PCs) through loadings, which range from -1 to 1 and represent each
variable's contribution to a given component. Loadings close to -1 or 1 indicate a strong
negative or positive influence, respectively, while values near 0 suggest minimal impact
(Jollife and Cadima, 2016).

Determining the optimal number of principal components to retain requires
analyzing the cumulative variance explained. A general guideline is to keep components
that collectively account for at least 70-80% of the total variance (Jolliffe & Cadima, 2016).
By examining the cumulative variance, users can decide whether to retain only the first
few principal components or include additional ones based on their contribution to
variance explanation. In this study, the analysis focused on the first four principal
components derived from the PCA processing.
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5.2.4.2. Cluster Analysis
Cluster analysis is a widely used technique in data science and statistics to group
similar observations based on certain characteristics. Among the various clustering
algorithms available, CLARA (Clustering Large Applications) is particularly effective for
handling large datasets (Kaufman and Rousseeuw, 1991). It is an extension of the
Partitioning Around Medoids (PAM) algorithm and is designed to improve computational

efficiency when clustering large datasets in RStudio (Kaufman and Rousseeuw, 1987).

CLARA works by selecting a sample of the data, applying the PAM algorithm, and
using the medoids (central points of clusters) to classify the rest of the dataset (Schubert
and Rousseeuw, 2019). The key idea behind this method is that instead of clustering the
entire dataset at once, it randomly selects a subset (sample) of observations, applies
clustering on the sample, and then assigns the remaining data points based on their
similarity to the obtained clusters (Harb et al., 2024). By repeating this process multiple
times with different samples, CLARA improves clustering quality while maintaining

computational efficiency.

To perform CLARA clustering in R, several packages are required to provide the
necessary functions for implementation and visualization. Each package plays a specific
role in executing and interpreting the clustering process. The cluster package is the
primary package for CLARA and other clustering algorithms. It contains the clara()
function, which executes the CLARA algorithm and provides clustering results based on

medoids rather than centroids (Kassambara, 2017).

When performing clustering analysis in RStudio, two key challenges arise:
determining whether the dataset has a natural cluster structure and identifying the optimal
number of clusters. To address these issues, the Hopkins statistic and fviz_nbclust

function from the factoextra package are commonly used.

The Hopkins statistic measures the clustering tendency of a dataset by comparing
the distribution of actual data points with randomly generated points (Wright, 2022). The
value of the statistic ranges between 0 and 1: values close to 1 indicate that the data has
a strong cluster structure, values close to 0 suggest that the data is randomly distributed,
making clustering less meaningful, while values around 0.5 indicate no clear clustering
tendency (Hopkins and Skellam, 1954). The dataset used in this research obtained a
Hopkins statistic value of 0.802, indicating a strong clustering tendency.
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Concerning to the optimal number of clusters. The fviz_nbclust function assists in
this process by offering different statistical methods for estimating the ideal number of
clusters. Among the most commonly used methods is the Elbow Method, Silhouette
Method and the Gap Statistic, the last one compares the performance of the clustering
model with a randomly generated dataset, helping to determine the optimal number of
clusters (Amato et al., 2019). This study applied the Gap Statistic method to grouping
database containing climatic (Rainfall, Temperature and Evapotranspiration) and
biogeophysical (NDVI and Relief) variables, identifying an optimal clustering solution with
six groups (Figure 5.3).

Optimal number of clusters
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Number of clusters k

Figure 5.3. Optimal number of clusters.

This study included two cluster analyses. The first considered only rainfall data,
aiming to identify the seasonal behavior of the rainfall stations, with a focus on the path
covered by Flying Rivers. The second analysis incorporated environmental, climatic, and

physical variables to understand the interaction between these factors and rainfall
formation.
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5.3.Results

5.3.1. The interrelationship between climatic and environmental variables
and their impact on climate behavior
The Principal Component Analysis (PCA) illustrated in the figures elucidates the
relationships among the variables Rainfall, Temperature, Evapotranspiration, and NDVI
throughout the year. Each principal component captures a proportion of the variance in
the dataset, with the contributions of each variable varying across months. This analysis
reveals seasonal patterns and interactions among climatic and environmental factors.
Figure 5.4 presents the PCA analysis for the months of January to June, whereas Figure

5.5 illustrates the analysis for the months of July to December.
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Figure 5.4. Principal Component Analysis illustrating variable contributions by month: A)
January; B) February; C) March; D) April; E) May; and F) June.
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Figure 5.5. Principal Component Analysis illustrating variable contributions by month: A)
July; B) August; C) September; D) October; E) November; and F) December.

The Principal Component Analysis (PCA) revealed key seasonal interactions
among vegetation activity (NDVI), evapotranspiration, temperature, and rainfall, which
collectively shape atmospheric moisture flux and the formation of Flying Rivers—airborne
moisture flows that redistribute water across vast distances. These moisture transport
systems are primarily sustained by evapotranspiration from forested regions, which
recharge the atmosphere with water vapor and influence precipitation patterns.

During January and February (Figures 5.4A and 5.4B), NDVI (0.81, 0.76) and
Evapotranspiration (0.82, 0.80) dominate Dim.1, highlighting strong vegetation-driven
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moisture flux. Temperature (-0.64, -0.68) negatively correlates, indicating that higher
temperatures reduce soil moisture retention and vegetation cover. Meanwhile, Rainfall
(0.99, 1.00) emerges as an independent climatic driver in Dim.2, showing its seasonal
variability. This period marks the early accumulation of atmospheric moisture, as forests
and other vegetated landscapes release large amounts of water vapor into the lower

atmosphere, fueling the initial phase of Flying River development.

As the wet season progresses into March and April (Figures 5.4C and 5.4D), NDVI
(0.84, -0.12) and Evapotranspiration (0.66, 0.81) remain dominant on Dim.1, while
Temperature (-0.47, 0.85) transitions from a weak negative to a strong positive influence.
This shift suggests that rising temperatures now enhance evapotranspiration, increasing
atmospheric water vapor content. Rainfall (0.68, 0.91) in Dim.2 gains importance,
reflecting stronger seasonal interactions between precipitation and warming. These
conditions indicate a peak phase of moisture cycling, where water vapor is continuously
replenished and transported by prevailing winds, intensifying the long-distance movement

of the air masses.

During May and June (Figures 5.4E and 5.4F), the peak evapotranspiration period
is evident as Temperature (0.90, 0.83) and Evapotranspiration (0.91, 0.93) dominate
Dim.1, reinforcing warming-driven moisture release. NDVI (0.11, 0.76) remains
secondary, suggesting a stabilization of vegetation activity. Meanwhile, Rainfall (0.76,
0.95) continues as an independent driver in Dim.2, showing that precipitation responds
more to seasonal climatic conditions than to local vegetation cycles during this time of the
year. This period marks the maximum recharge of Flying Rivers, where extensive
evapotranspiration ensures a steady flow of moisture into the atmosphere. The
transported water vapor sustains precipitation in remote regions, including agricultural

areas and semi-arid zones that rely on these atmospheric moisture pathways.

As the dry season approaches in July and August (Figures 5.5A and 5.5B),
Evapotranspiration (0.93, 0.92) remains the strongest factor in Dim.1, with NDVI (0.70,
0.85) and Temperature (0.71, 0.33) indicating a sustained but slightly reduced moisture
contribution. Rainfall (0.98, 0.71) in Dim.2 continues its role as an independent driver,
while Dim.3, for July, captures an inverse relationship between Temperature (0.63) and
NDVI (-0.67), suggesting that warming begins to stress vegetation, gradually reducing its

water cycling efficiency. During this period, Flying Rivers reach their farthest extent,
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delivering precipitation to areas far from their moisture source, maintaining critical

hydrological balance in downwind regions.

Regarding September and October (Figures 5.5C and 5.5D), NDVI (0.91, 0.87)
and Evapotranspiration (0.91, 0.86) remain dominant in Dim.1, indicating that residual
moisture cycling persists despite the approaching dry conditions. However, a notable shift
occurs in October, as Rainfall (-0.43) becomes negatively correlated with Dim.1, marking
a decoupling of precipitation from vegetation-driven moisture flux. Temperature (0.84,
0.86) gains dominance in Dim.2, reinforcing its role in drying out landscapes. Dim.3
captures Rainfall (0.75) and Temperature (-0.49), illustrating the seasonal redistribution
of atmospheric moisture. This shift signals the weakening of the Flying River system, as

reduced evapotranspiration leads to decreased atmospheric moisture availability.

By November and December (Figures 5.5E and 5.5F), the effects of declining
evapotranspiration and increasing temperature-induced drying become more evident.
NDVI (0.83, 0.76) and Evapotranspiration (0.83, 0.83) continue to define Dim.1, but
Temperature (-0.68) in December confirms its inverse relationship with vegetation indices.
Rainfall (0.69, 0.96) remains independent in Dim.2, indicating that precipitation is now
less reliant on vegetation-driven moisture input. This period marks the final stage of the
Flying River cycle, where water vapor transport weakens, and precipitation patterns
become more irregular. By the end of the year, atmospheric moisture flux stabilizes at

lower levels, waiting for the next cycle of vegetation-driven recharge.

To further explore these interrelationships, we incorporated relief into the PCA as
a physical environmental variable (Figures 5.6 and 5.7). This enhancement enabled a
comprehensive evaluation of the extent to which other variables contribute to rainfall
formation and their proportional relationships across months. The inclusion of relief is
particularly relevant due to its influence on orographic rain, where moist air is forced to
rise over elevated terrain, leading to cooling, condensation, and increased precipitation

on windward slopes, while often causing drier conditions on leeward sides.
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Figure 5.7. Correlation of variables through Principal Component Analysis (PCA) by
month: A) July; B) August; C) September; D) October; E) November; and F) December.

The Principal Component Analysis (PCA) correlation circle plots for each month

provided valuable insights into the relationships among key environmental variables:
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Rainfall, Temperature, NDVI (Normalized Difference Vegetation Index),
Evapotranspiration, and Relief. The direction and length of the arrows in the PCA plots
indicate the strength and correlation of each variable with the principal components
(Dim.1 and Dim.2), revealing seasonal trends and underlying climatic and ecological

interactions.

Concerning to January and February (Figures 5.6A and 5.6B), during these months,
Dim.1 (explaining over 40% of the variance) groups NDVI, Evapotranspiration, and Relief,
indicating that topography strongly shapes vegetation and moisture availability. Rainfall
aligns with Dim.2 (around 25%), acting as an independent driver, while Temperature
negatively correlates with NDVI and Evapotranspiration, reducing moisture retention and

affecting the atmospheric moisture flows (“flying rivers”).

By March (Figure 5.6C), Dim.1 explains less variance, suggesting higher
environmental variability, indicating a certain independence between the variables, which
characterizes a transitional period in the rainfall regime. Rainfall and Temperature shift to
Dim.2, becoming more influential as seasonal climatic drivers, while NDVI and
Evapotranspiration remain correlated on Dim.1. This shift often reflects more frequent or
variable rainfall events, as well as changing temperature patterns that can alter the
direction and strength of moisture-laden air masses, such as the Flying Rivers. April
(Figure 5.6D) sees a resurgence in Dim.1’s explanatory power, with NDVI and
Evapotranspiration still tightly linked, and Rainfall and Temperature now more evenly
spread along Dim.2. This balance underscores the interplay between precipitation and
warming trends in shaping large-scale airflows and the atmospheric transport of water

vapor.

In May (Figure 5.6E), Temperature begins to correlate positively with NDVI and
Evapotranspiration on Dim.1, revealing a warming-driven increase in vegetation and
moisture transfer to the atmosphere. Rainfall shifts slightly further along Dim.2,
underscoring its seasonal independence. Regarding June (Figure 5.6F), Dim.1 reaches
its peak explanatory power as NDVI, Evapotranspiration, and Temperature form a robust
cluster, emphasizing the major contribution of vegetation-driven water vapor to Flying

Rivers recharge.

July (Figure 5.7A) maintains a strong NDVI-Evapotranspiration loading on Dim.1,
with Rainfall and Temperature dominating Dim.2, reflecting temperature’s role in
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modulating precipitation patterns. In August (Figure 5.7B), this split remains consistent:
vegetation-driven moisture continues on Dim.1, while rainfall persists as an independent

driver in Dim.2, supporting stable seasonal moisture flows across the landscape.

For September (Figure 5.7C), Dim.1 and Dim.2 become more balanced, as
Temperature joins Rainfall in shaping seasonal dynamics on Dim.2. Meanwhile, NDVI
and Evapotranspiration stay on Dim.1, emphasizing their steady response to climatic
conditions that support atmospheric moisture transport. By October (Figure 5.7D), the
correlation patterns persist: NDVI and Evapotranspiration remain primary on Dim.1, while

Rainfall and Temperature drive changes on Dim.2.

Throughout November (Figure 5.7E), NDVI and Evapotranspiration, continue their
positive correlation on Dim.1, highlighting vegetation’s persistent role in water cycling,
while Temperature presents a negative correlation with those variables. Rainfall
strengthens its position on Dim.2, reflecting seasonal independence from relief
characteristics. In December (Figure 5.7F), NDVI and Evapotranspiration remain
dominant on Dim.1, and Rainfall stays the most independent factor, with Temperature
inversely related to vegetation activity, a pattern that closes the annual cycle of moisture

flows powering the Flying Rivers.

5.3.2. Cluster-based evaluation of rainfall stations: integrating climatic and
environmental variables

The cluster analysis provided a comprehensive overview of the interaction

between climatic and environmental variables across months, highlighting distinct

patterns within each cluster (Figure 5.8).
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The yearly dynamics of rainfall station groups, as illustrated in Figures 5.8A to 5.8M,
reveal a continuous interplay of climatic and environmental factors, with notable variations
in rainfall, NDVI, temperature, and evapotranspiration shaping the characteristics of the
clusters. It is important to highlight that the groups, based on the monthly characteristics
of the variables, exhibit different distributions within the biomes, thus presenting distinctive

hydrological characteristics.

Cluster 1 consistently represents regions with moderate rainfall, temperature, and
NDVI, maintaining stability throughout the year and reflecting areas of steady vegetation
and mild climatic conditions. In contrast, Cluster 2 emerges as the dominant group during
wetter periods, characterized by high NDVI and evapotranspiration, which signify dense
vegetation and active ecological processes. Cluster 3, on the other hand, consistently
represents arid regions with low rainfall and NDVI, coupled with higher temperatures and

sparse vegetation.

In January (Figure 5.8A), Group 3 dominates, indicating a prevalence of stations
with moderate rainfall and vegetation, while Group 2, with its high NDVI and
evapotranspiration, captures densely vegetated areas. As February progresses (Figure
5.8B), Group 5 expands significantly, and Group 3 continues to reflect moderate rainfall
regions, though Groups 1 and 6 decline, showing less vegetation and climatic activity. By
March (Figure 5.8C), transitional zones emerge with Group 5 maintaining prominence,
but a decline in Groups 3 and 6 signals a reduction in the stations. It is important to
highlight that in the months of February and March, Group 4, which is predominant in the
Atlantic Forest biome, experiences a significant increase in the number of stations. This
phenomenon demonstrates the close interrelationship between climatic, biogeophysical

factors and the hydrological regime of this biome.

The patterns shift in April (Figure 5.8D), with a decline in Groups 2 and 5, reflecting
areas with decreasing NDVI and rainfall. Group 1, aligning with Group 6, increasing
values, while Cluster 3 continues to reflect arid areas. May (Figure 5.8E) marks the peak
of ecological activity, with Groups 4 and 6 dominating achieving high rainfall and NDVI,
signifying vibrant vegetation. Group 3 regains prominence by June (Figure 5.8F),

reflecting seasonal shifts toward moderate rainfall and steady vegetation.

During the second half of the year, the dominance of different groups highlights
changing environmental conditions. In July (Figure 5.8G), Groups 3 and 6 dominate,
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reflecting stable vegetation and regions with significant NDVI and evapotranspiration. By
August (Figure 5.8H), Group 5 gains prominence, showcasing high NDVI and rainfall,
while Group 3 remains associated with sparse vegetation and drier conditions, typical for
this latitude at this time of year. In September (Figure 5.8l), Group 5 sustains its
dominance, aligning with high NDVI and rainfall, while Group 1 resurges slightly, reflecting

consistent vegetation and climate.

The final quarter of the year sees Group 6, the Atlantic Forest region, emerge as
the dominant group in October (Figure 5.8J), continuing through November and
December (Figure 5.8K), with Group 5, covering mainly the Pantanal, maintaining
significant contributions. By December (Figure 5.8L), Groups 3 regain prominence,
reflecting the return of moderate and wetter conditions, while Group 5 slightly declines.
Throughout this period, Cluster 2 remains stable with moderate rainfall and NDVI, Cluster
3 highlights dense vegetation and ecological activity, Cluster 4 presents a drastic decline
representing a decrease in precipitation and reflecting drier conditions, and Cluster 1

persists in representing arid areas with sparse vegetation.

The ribbon graph (Figure 5.8M) encapsulates these monthly transitions, illustrating
the dynamic interplay between rainfall, NDVI, temperature, and evapotranspiration.
Based on the hydrological patterns (Figure 5.10) in the southeast and northern regions,
Groups 3 and 5 prevail during drier, vegetative periods, while Group 6 becomes more
prominent in wetter months. This dynamic underscore the resilience and adaptability of
vegetation and water-use processes to seasonal climatic variations. These patterns
underscore the temporal variability of rainfall station characteristics and the complex
interactions among climatic and environmental factors, offering valuable insights into

regional and seasonal dynamics.

The cluster analysis focused on the seasonality of rainfall stations (Figure 5.9)
reveals distinct seasonal patterns of precipitation, which directly influence atmospheric air
mass behavior and the recharge of Flying Rivers. The results show two major groups:
Cluster 1 (yellow), representing stations with lower precipitation (< 455 mm), and Cluster
2 (blue), indicating regions with higher rainfall (> 455 mm). These classifications highlight
the shifting balance between moisture-laden air masses and drier conditions, which

govern the seasonal cycle of atmospheric moisture transport.
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During the rainy season from January to March (Figure 5.9 A-C), most stations fall
into Cluster 2, with higher precipitation concentrated in southern and central regions. This
period marks the peak of moisture availability, where vegetation-driven
evapotranspiration enriches the atmosphere with water vapor, fueling the formation of
Flying Rivers. The prevalence of high-rainfall zones reflects intense convective activity
and large-scale atmospheric circulation, which transport moisture-laden air to distant

regions, supporting rainfall far from the original sources.

By April (Figure 5.9D), a transitional period begins, as the number of Cluster 1 (low
rainfall) stations increases, particularly in northern regions. This shift indicates the initial
weakening of moisture recycling, as rainfall declines and atmospheric moisture transport
starts to diminish. Despite this, Cluster 2 stations still experience significant precipitation,
with an average rainfall of 330 mm, compared to only 91 mm in Cluster 1, emphasizing

the continued role of remaining moisture sources in maintaining the water vapor pathways.

From May to July (Figure 5.9 E-G), dry season conditions intensify, leading to the
expansion of Cluster 1 across most regions. The reduction in high-precipitation areas
signifies lower evapotranspiration rates, decreasing the amount of atmospheric moisture
available for transport. Although localized pockets of Cluster 2 persist, particularly in the
northern and southern regions, the overall decline in rainfall suggests that moisture
transport processes have weakened, limiting the Flying River’s ability to sustain long-
distance precipitation. This seasonal drying trend corresponds to a reduction in

convection and cloud formation, further restricting atmospheric moisture flux.

In August and September (Figures 5.9H and 5.91), the atmospheric moisture cycle
begins to recover, as Cluster 2 gradually expands. By September, a significant number
of stations return to the high-precipitation category, indicating the progressive reactivation
of the Flying River system. This shift corresponds to strengthening convective activity and
renewed moisture recycling, allowing for the redistribution of atmospheric water vapor as

the next rainy season approaches.

As the wet season progresses into October in the southeast (Figure 5.9J), Cluster
2 remains dominant, with a slight increase in Cluster 1 stations. This shift occurs as the
dry season sets in across the northeast and parts of the northern region. The
strengthening of high-precipitation zones signals the seasonal growth of moisture
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transport networks, as vegetation enters a phase of high evapotranspiration, increasing

the replenishment of airborne moisture.

In November (Figure 5.9K), Cluster 2 expands significantly, reaching 779 stations,
while Cluster 1 decreases to 142 stations. This shift highlights the intensification of
moisture transport, as more regions experience high precipitation levels. The dominance
of Cluster 2 indicates that evapotranspiration-driven moisture cycling has regained
strength, reinforcing the role of atmospheric circulation in distributing rainfall across

broader areas.

By December (Figure 5.9L), Cluster 2 remains predominant, with 586 stations,
compared to 335 in Cluster 1. This pattern confirms that the Flying River system has fully
recharged, supplying abundant moisture to support widespread rainfall across the region.
The strong presence of high-rainfall stations suggests that vegetation-driven
evapotranspiration is at its seasonal peak, sustaining the atmospheric moisture flux

necessary for long-distance transport.

The cluster analysis highlights the seasonal cycle of atmospheric moisture
transport, shaping rainfall distribution throughout the year. In summary, from January to
March, Cluster 2 dominates, reflecting peak of activity, where evapotranspiration-driven
moisture transport sustains widespread rainfall. Between April and July, Cluster 1
expands, indicating weakening moisture transport as evapotranspiration declines and
atmospheric moisture diminishes. From August to December, Cluster 2 resurges, marking
the reactivation of Flying Rivers, restoring atmospheric moisture cycling, and ensuring
widespread precipitation. These findings underscore the vital role of forests in sustaining
atmospheric moisture flux, essential for hydrological stability, climate resilience, and

water resource management.
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5.4.Discussion

To facilitate the understanding of the hydrological behavior of Brazilian biomes,
Figure 5.10 has been included to support the analysis and discussion of the results
obtained.

Climatological Normals of the Amazon Biome

Climatological Normals of the Caatinga Biome
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The Principal Component Analysis (PCA) results provide valuable insights into the
interrelationships among key environmental variables—NDVI, Rainfall, Temperature,
Evapotranspiration, and Relief—and their seasonal impacts on climate behavior (Jolliffe
& Cadima, 2016). These interactions play a critical role in shaping atmospheric moisture
flux and the development of large-scale moisture transport systems, such as the Flying

Rivers, which redistribute water across vast distances.

During the early months of the year (January and February), NDVI and
Evapotranspiration exhibit strong loadings on the first principal component (Dim.1),
indicating the dominance of vegetation-driven moisture flux in the atmospheric water cycle.
This is consistent with previous studies demonstrating that evapotranspiration from
forested regions significantly contributes to atmospheric humidity, which in turn influences
precipitation patterns (Salati & Vose, 1984; Amaral e Silva et al., 2020). Rainfall, on the
other hand, appears as an independent driver (in Dim.2), emphasizing its seasonal
variability and relatively autonomous behavior during this period. Concurrently,
temperature negatively correlates with both NDVI and Evapotranspiration, suggesting
that higher temperatures lead to increased soil moisture loss and reduced vegetation

water retention (Poveda et al., 2014)

As the wet season progresses into March and April, in biomes such as the Cerrado
and Caatinga, the interaction between NDVI, Evapotranspiration, and Rainfall becomes
more pronounced. The positive correlation of temperature with these variables suggests
that warming enhances evapotranspiration, increasing atmospheric moisture availability
and precipitation potential. This aligns with findings that temperature-driven
evapotranspiration plays a crucial role in sustaining the hydrological cycle, particularly in
tropical and subtropical regions (van der Ent et al., 2010). Rainfall's growing influence (on
Dim.2) and further reinforces the dynamic relationship between temperature and
precipitation during these transitional months, when moisture cycling reaches its peak

intensity.

By May and June, the dominance of Temperature and Evapotranspiration (in Dim.1)
reflects the peak period of atmospheric moisture recharge, particularly in the Amazon
biome as the dry season begins. This phase is characterized by high temperatures and
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increased evapotranspiration (D'Acunha et al., 2024), which play a crucial role in
replenishing the Flying Rivers. NDVI, while still relevant, appears to stabilize, suggesting
that vegetation activity has reached a steady state. Rainfall continues as an independent
factor (in Dim.2), reflecting its responsiveness to seasonal climatic conditions rather than
direct vegetation cycles. This period coincides with the maximum development of the
Flying Rivers, as evapotranspiration-driven moisture input fuels long-distance
atmospheric water transport, benefiting downwind agricultural and semiarid regions
(Zemp et al., 2014).

As the dry season intensifies in July and August in Amazonia, Evapotranspiration
remains a dominant factor, though NDVI and Temperature suggest a gradual decline in
vegetation-driven moisture cycling. Rainfall remains independent (in Dim.2), while a new
inverse relationship between Temperature and NDVI emerges (in Dim.3). This finding
suggests that increased temperatures begin to stress vegetation, reducing its water
cycling efficiency (Emmerichs et al.,, 2024). These observations are consistent with
studies indicating that prolonged dry-season warming can weaken vegetation resilience,
limiting its role in atmospheric moisture recycling (Malhi et al., 2008). The farthest extent
of the Flying Rivers is reached during this time, sustaining precipitation in remote regions,
such as the interior of the Cerrado, in the westernmost part of the biome, before

atmospheric moisture flux begins to decline.

During September and October, NDVI and evapotranspiration remain dominant in
Dimension 1. However, the emergence of a negative correlation between rainfall and
these variables in October suggests a decoupling of precipitation from vegetation-driven
moisture flux. This shift marks the weakening of the Flying River system, as
evapotranspiration rates decline and atmospheric moisture transport slows down
(Gimeno-Sotelo et al.,, 2024). Meanwhile, Temperature gains dominance (Dim.2),
reinforcing its role in accelerating landscape drying. This seasonal redistribution of
atmospheric moisture aligns with researches showing that temperature increases during
the late dry season contributing to delayed rainfall onset and intensifying drought
conditions (Fu et al., 2013; Zhou and Shi, 2024).
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By November and December, declining Evapotranspiration and increasing
Temperature-induced drying effects become more evident. NDVI and Evapotranspiration
still define these months (Dim.1), but a strong inverse relationship between Temperature
and vegetation indices in December confirms the seasonal impact of warming on plant
water availability. Rainfall, meanwhile, remains independent (in Dim.2), suggesting that
precipitation events are less dependent on local vegetation-driven moisture input during
this period (Theeuwen et al., 2023). These findings align with literature indicating that
seasonal shifts in evapotranspiration and precipitation regimes regulate the annual cycle
of atmospheric moisture flux, with critical implications for regional water security (Ellison
et al., 2017).

The inclusion of Relief in the PCA provided further insights into the role of
topography in shaping climate interactions. The strong clustering of NDVI,
Evapotranspiration, and Relief (in Dim.1) during January and February highlights how
topographic variation influences vegetation distribution and moisture availability. This
pattern is particularly relevant in montane and hilly landscapes, where elevation-driven
climatic gradients modulate temperature and precipitation, thereby affecting
evapotranspiration rates and water fluxes (Li et al., 2024). The shifting influence of
Rainfall and Temperature (on Dim.2) throughout the year reflects the seasonal variability
in atmospheric moisture sources and transport mechanisms, reinforcing the importance

of considering elevation in hydrological and climatic models.

Overall, the PCA analysis underscores the dynamic nature of climate-vegetation
interactions and the pivotal role of evapotranspiration in sustaining atmospheric moisture
transport. The findings corroborate with existing research on the influence of land cover
on regional precipitation patterns, demonstrating that changes in vegetation structure and
temperature regimes can significantly impact the hydrological cycle (Amaral e Silva et al.,
2020; Pratap and Markonis, 2022). Understanding these relationships is crucial for
predicting future climate variability and developing strategies to mitigate the impacts of

deforestation and land-use change on regional water balance.

Regarding cluster analysis, it was conducted to integrate climatic and
environmental variables (e.g., rainfall, NDVI, temperature, and evapotranspiration),
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facilitating a nuanced examination of the temporal and spatial dynamics across rainfall
stations. Clustering techniques are extensively used in climatology to classify
atmospheric and oceanic states, thus revealing underlying structures in the climate
system (Wilks, 2011). In this study, clustering enabled the identification of coherent station
groupings based on precipitation seasonality, representing a geographically defined area,
offering insights into how climatic-environmental-physical interactions evolve throughout

the year.

Group 1 consistently represents regions with moderate rainfall, temperature, and
NDVI, indicative of stable vegetation and relatively mild climatic conditions, this group is
more prevalent in the Amazon biome, the southwestern Cerrado, and the northern region
of the Caatinga. Such stability often reflects ecosystems capable of maintaining
hydrological and thermal balance. Regarding the rain gauge stations located in the
Amazon and Pantanal biomes, which are predominantly found in Group 2, these biomes
experience wetter periods marked by high NDVI values and elevated evapotranspiration
rates. This pattern highlights robust plant growth driven by plentiful water resources,
consistent with findings that link elevated evapotranspiration fluxes to dense vegetation
cover (Zhang et al., 2001; Zheng et al., 2024). Group 3, in contrast, characterizes more
arid regions or seasons featuring low rainfall, high temperatures, and sparse vegetation,
posing challenges related to water scarcity and thermal stress on plant communities
(Huang et al., 2022).

The hydrological cycles in Brazil exhibit considerable regional variation due to
differences in biome characteristics, atmospheric circulation patterns, and seasonal
climatic conditions (Souza and Medeiros, 2024). A key driver of seasonal moisture
conveyance in South America is the Flying Rivers phenomenon, wherein vast air currents
transport water vapor from the Amazon Basin to remote parts of the continent (Salati &
Vose, 1984; World Economic Forum, 2024). The Amazon rainforest, via substantial
transpiration, plays a critical role in sustaining this aerial moisture corridor. However,
deforestation disrupts these processes, diminishing transpiration and altering
atmospheric circulation pathways—a development that can lead to reduced precipitation

in regions historically reliant on these moisture flows (Nobrega, 2014).
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Monthly analyses reveal dynamic shifts in cluster memberships. For instance, in
January, Group 3 prevails, suggesting moderate rainfall conditions in the Southeast and
Central-West regions of Brazil, which characterize the rainy season in the Pantanal and
Atlantic Forest biomes. By March (the end of the wet season), the emergence of Group
4, predominantly in the southwestern Cerrado biome and southern Amazon, signifies
accelerated vegetation growth driven by early seasonal precipitation in these biomes.
(Smith and Boers, 2023). Mid-year observations (around July) indicate climatic
stabilization, dominated by Groups 3 and 6, which correspond to the Atlantic Forest,
southern Cerrado, and Pantanal biomes, although significant temperature fluctuations
persist. (Miranda et al., 2024), This period is hydrologically characterized by dry

conditions with sporadic rainfall in the southeastern region.

By September, renewed precipitation fosters a temporary rise in Group 5, which
corresponds to the core regions of the Cerrado and Atlantic Forest biomes, where the
rainy season begins. In contrast, vegetation responses in October appear dampened, as
this group becomes more representative of the Caatinga, possibly due to prolonged
dryness (Figure 5.10) or reduced soil moisture retention (Zheng et al., 2024). These
findings, visually consolidated in ribbon graph analyses, underscore the intricate interplay
among rainfall, NDVI, temperature, and evapotranspiration in shaping the seasonal

climate mosaic.

Focusing on the seasonality of rainfall stations, the cluster analysis identified
stations with lower precipitation (Group 1) versus those with higher precipitation (Group
2), reflecting regional and temporal climatic discrepancies. In March, for example, stations
in Group 1 register an average precipitation of approximately 75 mm (ranging between
30 mm and 200 mm), whereas stations in Group 2 exhibit substantially higher rainfall,
mainly in Cerrado, Pampa and Caatinga biomes (Figure 5.10), averaging 290 mm and
peaking at 650 mm (Miller et al., 2021). These fluctuations underscore the need for
adaptive water resource management strategies that anticipate short-term climatic shifts

and their impact on water availability.

Brazil’'s climatic regimes, heavily influenced by both atmospheric circulation
patterns and geographic factors, manifest pronounced wet and dry seasons. During the
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wet season (November to May) in the Amazon, underpinned by the South American
Monsoon System (SAMS), during which Flying Rivers enhance precipitation in
southeastern Brazil (Marengo et al., 2024), elevated evapotranspiration rates contribute
significantly to atmospheric moisture. This moisture is transported southward, enhancing
rainfall in the Cerrado and southeastern Brazil. The increased precipitation during this
period supports agricultural productivity and ecosystem resilience (Flach et al., 2021).
However, as the dry season begins in June, evapotranspiration continues to play a role
in atmospheric moisture flux despite reduced rainfall. This persistent moisture export
supports precipitation in more distant regions, underscoring the biome's hydrological

influence beyond its geographic boundaries (Versieux and Costa, 2024).

The Cerrado biome, characterized by its pronounced wet and dry seasons, serves
as both a recipient and contributor to atmospheric moisture transport. During the rainy
season (March to August), moisture input from the Amazon enhances precipitation,
promoting vegetation growth and evapotranspiration (Hofmann et al., 2021). In turn, the
evapotranspiration process contributes to localized atmospheric moisture recycling. As
the dry season intensifies, soil moisture depletion leads to reduced vegetation activity and
evapotranspiration, contributing to a decline in atmospheric moisture flux and influencing

rainfall patterns in adjacent regions (Xu et al., 2022).

Interactions between the Amazon Rainforest and Brazil's southeastern and
southern regions underscore the regional importance of moisture transport and
atmospheric feedbacks. Studies indicate that while moderate forest clearing (up to ~55—
60% within 28-km grid cells) can initially augment local rainfall, extensive deforestation
ultimately depletes precipitation levels through reduced moisture recycling and altered
circulation (Zemp et al., 2017). This relationship can be observed when analyzing the
hydrological behavior of the biomes that cover the Amazon and southeastern Brazil in
Figure 5.10. Such disruptions to the Flying Rivers have profound socio-economic
implications, including threats to agricultural productivity, hydropower generation, and

urban water security (Lovejoy and Nobre, 2019).

The Pantanal and Caatinga biomes also experience hydrological cycles influenced
by broader climatic processes. This biome, as a lowland wetland system, depends on
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rainfall patterns from the surrounding highland areas and moisture inputs from the
Amazon (Lazaro et al., 2020; Marques et al., 2021). Seasonal flooding during the wet
season supports diverse ecosystems, while dry season moisture deficits expose the
biome to increased drought risks (Furtak and Wolinska, 2023). The Caatinga,
characterized by its semiarid climate, receives moisture primarily through episodic rainfall
events during the wet season, driven by atmospheric dynamics linked to the Intertropical
Convergence Zone (ZCIT) (Utida et al., 2023). Prolonged dry periods in the Caatinga
highlight the biome's vulnerability to climate variability and the importance of moisture

inputs from adjacent regions.

Another critical system shaping rainfall variability is the South Atlantic
Convergence Zone (ZCAS), generated by moisture convergence between the South
Atlantic High and the continental thermal low-pressure center (Carvalho et al., 2004). The
intensity and position of the ZCAS exhibit strong seasonality, particularly in austral
summer, modulated by oceanic and terrestrial thermal gradients. Variations in ZCAS
intensity can differentially influence rainfall in northern Argentina, southern Brazil, and

central-east Brazil, highlighting the need for integrated regional-scale analyses.

Climate change is projected to exacerbate existing vulnerabilities within these
interconnected systems. Rising temperatures and shifting precipitation patterns may push
portions of the Amazon rainforest toward a drier savanna-like state, with cascading
repercussions for both local ecosystems and distant regions reliant on Amazon-derived
moisture (Strand et al., 2018). Consequently, land management practices, climate
adaptation policies, and global mitigation efforts are paramount to sustaining the
hydrological balance and ecosystem services provided by the Amazon Basin (Nobre,
2014).

In summary, the rainfall patterns of the Amazon and southeastern/southern Brazil
are intricately linked through atmospheric moisture transport and regional climate
systems, as can be seen in Figures 5.9 and 5.10. Deforestation and climate change pose
significant threats to these patterns, underscoring the need for sustainable land
management and climate mitigation efforts to preserve the hydrological balance across

these interconnected regions.
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5.5.Conclusion

This study provides a comprehensive assessment of rainfall variability in Brazil,
incorporating multivariate statistical techniques to analyze its interactions with climatic
and environmental factors. The application of PCA identified dominant variables
influencing precipitation patterns, revealing a strong correlation between rainfall, NDVI,
and evapotranspiration during wet months, while temperature emerged as a key driver in
drier periods. The integration of relief data further demonstrated the role of orographic
effects in modulating precipitation distribution, reinforcing previous studies on topographic

influence on rainfall.

The CLARA cluster analysis effectively categorized rainfall stations into distinct
seasonal and environmental groupings, illustrating the dynamic nature of rainfall
seasonality. Areas with high NDVI and evapotranspiration were linked to elevated
precipitation levels, highlighting the essential role of vegetation in moisture recycling and
climate regulation. Conversely, arid zones, characterized by lower NDVI and higher
temperatures, exhibited reduced precipitation and increased vulnerability to climatic

stress.

One of the most significant findings of this research is the influence of the Flying
Rivers phenomenon in transporting Amazonian moisture to southeastern Brazil. The
study underscores how deforestation and land-use changes are disrupting this
hydrological cycle, leading to decreased precipitation and heightened climatic instability.
These disruptions pose severe risks to agriculture, water security, and energy production,

necessitating urgent mitigation efforts.

By leveraging PCA and CLARA clustering, this study contributes valuable insights
for climate monitoring, sustainable water resource management, and policy formulation,
while also providing a methodological framework for spatiotemporal analysis of climatic
variables (rainfall, temperature, and evapotranspiration) and biogeophysical factors
(NDVI and topography). The findings emphasize the importance of preserving the
Amazon Rainforest to sustain regional and continental hydrological balance. Future
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research should focus on long-term climate modeling and predictive analytics to enhance

adaptive strategies against climate change-induced rainfall variability.
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6. CAPITULO IIl. From Drought to Flood: The Role of SACZ and Land-Use Change

in Shaping Extreme Rainfall Patterns in Minas Gerais

Abstract: This study analyzes the spatial-temporal variability of extreme precipitation
events associated with the South Atlantic Convergence Zone (SACZ) across the state of
Minas Gerais, Brazil, over the 2004-2024 period. By integrating satellite-based rainfall
datasets (CHIRPS), historical precipitation records, and land cover classifications, the
research provides a comprehensive assessment of how SACZ activity has influenced
regional hydroclimatic dynamics, with particular emphasis on the interplay between
extreme rainfall, land-use changes, and socio-environmental vulnerability. The results
reveal a pronounced spatial concentration of SACZ-related anomalies along a northeast—
southwest corridor, notably affecting mesoregions such as Zona da Mata, Vale do Rio
Doce, Jequitinhonha, Triangulo Mineiro/Alto Paranaiba, and the Metropolitan Region of
Belo Horizonte. These regions are characterized by intense anthropogenic land use,
including urban expansion, deforestation, and agricultural intensification, which have
diminished hydrological buffering capacity and increased exposure to flood events,
landslides, and infrastructure collapse. The study also identifies strong interannual
variability in SACZ behavior linked to large-scale climate modes, especially ENSO phases.
La Nifa episodes correspond to a reduction in SACZ intensity and prolonged droughts
(e.g., 2007, 2012, 2017), while ElI Niho phases (e.g., 2008, 2011, 2016) enhance
convective rainfall and extreme precipitation. Additionally, high-pressure anomalies and
atmospheric blocking patterns exacerbate these conditions by modulating moisture
transport. Notably, mesoregions with greater preservation of natural vegetation, such as
portions of Norte de Minas, demonstrated more resilient hydrological responses,
highlighting the role of land cover in mitigating climate extremes. The findings underscore
the urgent need for integrated climate adaptation strategies that combine early warning
systems, sustainable land management, and investments in resilient infrastructure. This
study contributes to a growing body of knowledge supporting regional planning and
disaster risk reduction in the face of escalating climate variability across southeastern

Brazil.
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6.1.Introduction

The South Atlantic Convergence Zone (SACZ) is a fundamental meteorological
system that exerts a significant influence on the climate of South America, particularly
southeastern Brazil. It is characterized as a quasi-stationary convective band associated
with the convergence of moisture-laden air masses from the Amazon Basin and the South
Atlantic Ocean, resulting in prolonged and intense rainfall during the austral summer
(Silva et al., 2019). The variability of SACZ activity plays a crucial role in modulating
regional hydrological regimes, impacting water resource availability, agricultural
productivity, and the occurrence of extreme weather events such as floods and droughts
(Filho et al., 2022). However, despite its importance, the spatiotemporal characterization
of SACZ remains a challenge due to the dynamic interactions between atmospheric

circulation patterns, large-scale climate variability, and moisture transport mechanisms.

A critical component of SACZ-related precipitation is the "Flying Rivers"
phenomenon, which describes the transport of Amazonian moisture to southeastern
Brazil through low-level jet streams, particularly the South American Low-Level Jet
(SALLJ) (Amaral e Silva et al., 2024). This moisture transport process is vital for
sustaining precipitation patterns in Minas Gerais and surrounding areas, as it enhances
convective activity and reinforces the persistence of SACZ events (Silva et al., 2019;
Amaral e Silva et al., 2024).

However, deforestation and land-use changes in the Amazon have been linked to
disruptions in this moisture transport mechanism, leading to modifications in rainfall
distribution and an increased frequency of extreme hydrometeorological events, including
severe droughts and catastrophic flooding (Costa et al., 2024; Correia et al., 2024). Given
these concerns, an improved understanding of the relationship between SACZ activity,
moisture transport processes, and external anthropogenic influences is essential for

refining climate models and informing sustainable adaptation strategies.

107



The El Nifio-Southern Oscillation (ENSO) also plays a significant role in SACZ
variability, modulating seasonal precipitation trends across southeastern Brazil. Previous
studies have shown that El Nifio conditions tend to enhance SACZ activity, leading to
increased precipitation and a higher frequency of extreme rainfall events (Barreiro, 2024;
Pedreira Junior et al., 2020). Conversely, La Nifia phases are typically associated with
weakened SACZ intensity and below-average precipitation, exacerbating drought
conditions (Verdan & Silva, 2022). Additionally, the interaction between ENSO and other
large-scale climate oscillations, such as the Atlantic Multidecadal Oscillation (AMO) and
the South Atlantic Subtropical High (SASH), further complicates precipitation predictability
in the region (Marengo et al., 2020; Maia et al., 2022). These climatic interactions
underscore the necessity of high-resolution monitoring systems that can capture the

complex drivers of SACZ behavior and their hydrological implications.

Recent advancements in remote sensing and satellite-based precipitation datasets
have provided new opportunities for analyzing SACZ dynamics and their associated
impacts (Saddique et al., 2022). Studies have demonstrated the efficacy of gridded
precipitation products, such as CHIRPS (Climate Hazards Group InfraRed Precipitation
with Stations), PERSIANN (Precipitation Estimation from Remotely Sensed Information
using Artificial Neural Networks), and TerraClimate, in capturing precipitation variability
across South America (Arias & Barriga, 2022; Du et al., 2024).

These datasets, when integrated with ground-based rainfall measurements, allow
for a more comprehensive spatiotemporal assessment of SACZ-driven precipitation
patterns and their long-term climatological trends. However, challenges remain in the
validation and calibration of satellite-derived precipitation estimates, particularly in regions
with complex topography and highly variable rainfall regimes (L6pez-Bermeo et al., 2022;
Nadeem et al., 2022).

While CHIRPS has been found to perform well in humid environments, it has
shown limitations in accurately representing rainfall totals in semi-arid regions,
necessitating bias correction techniques to improve its reliability (Araghi & Adamowski,
2024). Similarly, PERSIANN datasets, despite their ability to detect extreme rainfall
events, require post-processing adjustments to align with in situ observations (Freitas et
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al., 2022). Integrating multiple precipitation sources through advanced data assimilation
techniques offers a promising avenue for enhancing the accuracy and applicability of

SACZ rainfall estimates in climate risk assessments.

The growing availability of Big Data analytics in climatology has further transformed
the study of atmospheric processes, enabling the processing of vast meteorological
datasets with unprecedented precision. Machine learning algorithms and cloud computing
frameworks facilitate the identification of complex spatiotemporal patterns in precipitation
trends, improving real-time monitoring and predictive capabilities for SACZ-related events
(Sondermann et al., 2022; Elmahal & Musa, 2023). This technological advancement has
significant implications for water resource management, disaster risk reduction, and
climate adaptation planning in southeastern Brazil. By leveraging large-scale satellite
datasets and advanced computational techniques, researchers can enhance the
forecasting of extreme rainfall and drought events, ultimately strengthening regional
climate resilience (Funk et al., 2015; RezaAbbasifard et al., 2014).

In this context, this study aims to bridge a critical knowledge gap by integrating
satellite remote sensing, Big Data analytics, and land coverage observations to refine the
characterization of SACZ variability in Minas Gerais. By investigating the socio-
environmental impacts of SACZ dynamics, this research will contribute to a deeper

understanding of precipitation variability and its implications for climate risk management.

Furthermore, the study explored the interrelationship between SACZ precipitation
patterns and other atmospheric events, in a 21-years’ time series, shedding light on how
atmospheric moisture transport processes influence regional hydrology. As climate
change continues to disrupt atmospheric circulation patterns, developing robust data-
driven approaches for climate monitoring and adaptation becomes increasingly
imperative. This research represents a significant step toward improving the predictive
capabilities of SACZ-related precipitation models and fostering an evidence-based

approach to climate resilience in southeastern Brazil.
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6.2. Methodology

The methodology for developing the research in question was divided into five
stages: study area definition, database acquisition, data pre-processing, database

processing (rainfall data evaluation) and results interpretation (Figure 6.1).
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Figure 6.1. Methodological flowchart.

6.2.1. Study Area Definition
The study area encompasses Minas Gerais, a vast and ecologically diverse state in
southeastern Brazil (Figure 6.2). This area serves as a crucial region for studying rainfall due
to its varied physiography, hydrological significance, and substantial population. Its
topography is characterized by mountain ranges, plateaus, and valleys, which significantly
influence local and regional climate patterns (Aquino et al., 2012). One of its most important
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hydrological features is the Sdo Francisco River, which originates in the Serra da Canastra
Mountain range at an elevation of approximately 730 meters above sea level (Correia Filho et
al., 2022). This river extends over 2,914 kilometers and plays a vital role in supplying water
for agriculture, industry, and hydroelectric power generation. The Sdo Francisco River Basin,
covers about 639,219 square kilometers, encompasses 37% of Minas Gerais’ territory, further

emphasizing the state's importance in Brazil’s water cycle (Oliveira et al., 2023).
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Figure 6.2. Study area Location.

Minas Gerais exhibits significant climatic variation due to its diverse topography.
The state experiences a range of climatic conditions, from tropical in lower elevations to
temperate in higher altitudes (Sondermann et al., 2022). Annual rainfall varies
considerably, from approximately 600 millimeters in semi-arid regions to around 1,400
millimeters in wetter areas such as the Serra da Canastra. The rainy season generally
extends from October to March and is heavily influenced by the South Atlantic
Convergence Zone (SACZ), which plays a central role in modulating precipitation patterns
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(Freitas et al., 2022). Studies have revealed that rainfall distribution in Minas Gerais is
highly heterogeneous, with precipitation zones forming distinct clusters across the region.
This spatial variability is crucial for understanding water availability, managing agriculture,

and predicting hydrological responses to climate change and extreme weather events.

The vegetation of Minas Gerais is diverse, reflecting the state's varied climate and
topography. The Cerrado biome dominates the central and western regions,
characterized by savanna-like vegetation with deep-rooted plants adapted to seasonal
rainfall variations (Nunes et al., 2022). In contrast, the Atlantic Forest biome, which once
covered vast areas of the state, is now fragmented due to urban expansion, agriculture,
and deforestation. This biome is one of the most biodiverse in the world and plays a crucial
role in water regulation, as its dense vegetation helps maintain soil moisture and reduce
runoff (Lembi et al., 2020). The northern parts of the state transition into the Caatinga
biome, a semi-arid ecosystem with drought-resistant vegetation adapted to prolonged dry

periods.

Water consumption in Minas Gerais is highly dependent on rainfall distribution and
the availability of surface and groundwater resources. The state's water demand is driven
primarily by agriculture, which accounts for approximately 70% of total water usage,
followed by domestic consumption (15%) and industrial activities (10%) (Carvalho et al.,
2024). Irrigation is particularly intensive in the western and northern regions of the state,
where rainfall is lower, and water resources must be carefully managed. The Séao
Francisco River and its tributaries provide crucial water for agricultural production, which
includes crops such as coffee, soybeans, and sugarcane. However, prolonged droughts
and increasing water demand have led to periodic water shortages, highlighting the need
for sustainable water management practices, improved irrigation techniques, and
investments in water storage infrastructure (Silva et al., 2018). Groundwater resources
also play a significant role in supplying water for both urban and rural areas, but over-
extraction has led to concerns about aquifer depletion and water quality deterioration
(Sajjad et al., 2023).

Minas Gerais' diverse landscape, climatic variability, and hydrological importance

make it a vital region for rainfall studies in Brazil. The state's role in national water security
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and energy production underscores the importance of continuous research to better
understand precipitation patterns and mitigate the impacts of climate change. By
integrating scientific knowledge with policy and management strategies, Minas Gerais
can serve as a model for sustainable water resource management in regions facing

similar environmental and socio-economic challenges.

6.2.2. Database Acquisition

To carry out this research, the database shown in Table 6.1 was used.

Table 6.1. Key characteristics and sources of the database

Data Source Period Description

CHIRPS v2.0 is a high-resolution, quasi-
global rainfall dataset covering latitudes 50°S
to 50°N from 1981 to the present. It combines

Climate Hazards Group
InfraRed Precipitation

Daily Rainfall . . 2004 - 2024 0.05° resolution satellite imagery with in-situ
with Station data . : . :
station data to create gridded rainfall time
(CHIRPS) . . .
series, aiding in trend analysis and drought
monitoring.
- . Subdivision of the State of Minas Gerais that
. . Brazilian Institute of . .
Minas Gerais . brings together several municipalities in a
. Geography and Statistics 2023 - . . .
Mesoregions (IBGE) geographic area with economic and social
similarities.
MapBiomas operates collaboratively,
Land Use and el e B 2003 - 2023 bringing together institutions specialized in

Occupation different biomes and cross-cutting themes to
generate data on land use.
Monitoring and forecasting of weather and
. . climate, issuance of severe weather
. . National Institute of \ \
Climatic Data - warnings, and the development of various
Meteorology . . .
products to support agriculture, including

research and innovation.

Regarding rainfall data, it was sourced from the Climate Hazards Center through
the Climate Hazards Group InfraRed Precipitation with Station Data (CHIRPS), a widely
utilized dataset in climate studies (Funk et al., 2015; Paredes-Trejo et al., 2017; Du et al.,
2024). The study utilized daily rainfall data spanning from 2004 to 2024, covering a total

of 21 years and comprising information from 7,670 days.

The vector data for the study area encompassed both the region’s boundaries and
the subdivision of its mesoregions. Minas Gerais is traditionally divided into 12
mesoregions, which group municipalities based on similar socio-economic and physical

characteristics (Caetano et al., 2017). The study of mesoregions is particularly important
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for assessing water availability, agricultural conditions, and economic opportunities
across Minas Gerais. Different regions experience distinct challenges, with some areas
benefiting from abundant water resources while others face persistent scarcity (Rodrigues
et al.,, 2020). For example, the Triangulo Mineiro region enjoys ample water supply,
facilitating large-scale farming, whereas the Jequitinhonha and Norte de Minas regions
struggle with drought and limited water access (Correia et al., 2024). This variability
underscores the importance of mesoregional analysis as a tool for researchers and
policymakers aiming to enhance environmental sustainability, optimize water
management, and promote balanced regional development strategies throughout the

state.

Regarding land use and land cover data, it was obtained from the MapBiomas
platform (https://brasil.mapbiomas.org/). This platform is a crucial tool for environmental
monitoring and land-use analysis in Brazil. By integrating big data, artificial intelligence,
and remote sensing technologies, MapBiomas enables comprehensive tracking of
ecological transformations, supporting conservation efforts and informing public policies
(Souza et al., 2020). For this study, land use and cover transition data from 2004 to 2023,
the latest year available on the platform, were analyzed. This dataset was used to identify
land-use variations across the state of Minas Gerais and the Amazon Rainforest, and to
assess their correlation with the impacts of extreme rainfall events observed in this

research.

Finally, climate data from the National Institute of Meteorology (INMET),
specifically the Standardized Precipitation Index (SPI), were used not only to validate the
information obtained after processing but also to enable a visual analysis of climate
behavior in the region throughout the study period. INMET plays a crucial role in
promoting and coordinating activities focused on generating accurate and relevant
meteorological data. Its mission is to mitigate climate risks, support the sustainable
development of the agricultural sector, enhance environmental conservation, and ensure

the safety of Brazilian society (Musah et al., 2022).

114



6.2.3. Data base pre-processing and processing

Once the database was acquired, the next step involved pre-processing, which
consists of organizing and standardizing the dataset before proceeding with further
analyses. This phase was carried out using ArcMap 10.5, RStudio, and Excel 2019, each

serving specific functions in data processing and refinement.

The pre-processing stage began with the development of a routine algorithm in
RStudio and Phyton to automate key procedures, including data acquisition, filtering of
relevant information, and graphical representation of results. The first step involved
designing an algorithm to access the CHIRPS v2.0 online database through the links
provided by the platform. This algorithm facilitated the download of 7,670 files,
corresponding to each day in the studied time series. Consequently, satellite imagery was
obtained for the period spanning January 1, 2004, to December 31, 2024, marking the

beginning of the Big Data construction process.

Following data acquisition, a second script was implemented to extract the study
area using a vector mask and reproject the dataset. For this step, the terra and sf
packages in R were employed, ensuring that the raster datasets were clipped to the
region of interest and aligned with the appropriate coordinate reference system (CRS)
(Bivand, 2022). This transformation was performed using the project() function from the
terra package, which converted the raster to a well-defined spatial reference system
(Elmahal and Musa, 2023). Reprojection is a critical step, as it ensures spatial consistency,
precise distance measurements, and seamless integration of datasets from various

sources, thus improving the reliability of subsequent analyses (Nogueira, 2024).

The next step involved defining the precipitation data collection points. Since rain
gauge stations do not provide full coverage across the state of Minas Gerais, a grid of
points was generated based on the centroids of the pixels encompassing the state,
resulting in a total of 18,651 data collection points. This approach enabled a spatial-
temporal assessment of the occurrence patterns of SACZ events. This process is
particularly crucial for regional studies and hydrological modeling, where accurate spatial

representation is essential.
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The following phase involved extracting information from the rainfall raster datasets.
To achieve this, the Nearest Neighbor Search (NNS) technique was applied to extract
satellite-derived values. NNS is a widely used machine learning and data analysis method
that identifies patterns based on the proximity of data points within a dataset, such as
rainfall stations. This method is particularly effective for classification and regression tasks,
especially when dealing with high-dimensional spaces or datasets where prior

assumptions about data distribution are not feasible (Roque et al., 2019).

Efficient NNS data structures are typically constructed using two primary
approaches: indexing and sketching. Indexing involves structuring the dataset to generate
a small candidate set (P) of potential nearest neighbors for any given query point
(RezaAbbasifard et al., 2014). On the other hand, sketching focuses on computing
compressed representations of data points, allowing for the rapid approximation of
distances. These two methods can be integrated to optimize computational performance

and enhance data retrieval efficiency (Wang et al., 2016).

In this study, the Extract Values to Points tool in ArcMap 10.5 was employed to
extract raster values based on the precipitation data collection points. The extracted data
was then stored in csv. archives, enabling further analyses. This approach ensured a
robust and methodologically extraction process, enhancing the reliability of rainfall data

for subsequent hydrological and climatological studies.

With the dataset compiled, the next step involved identifying South Atlantic
Convergence Zone (SACZ) events. According to Carvalho et al. (2004), SACZ is
characterized by a persistent band of cloudiness and precipitation oriented in a northwest-
southeast direction, extending from the southern and southeastern Amazon region to the
southwestern South Atlantic Ocean. This meteorological system is a major driver of
prolonged rainfall periods, often leading to extreme precipitation events that can trigger
floods and landslides (Seluchi & Chou, 2009; Reboita et al., 2017).

To systematically identify significant SACZ extreme events, the criteria established
by Cardoso et al. (2020) regarding intensity and persistence were applied. According to
their definition, Persistent Rainfall (PR) is characterized by the occurrence of daily
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accumulated exceeding 100 mm for at least four consecutive days within the dataset. By
applying this criterion, it was possible to detect and analyze the most significant SACZ-

related extreme rainfall events during the study period.

6.2.4. Results Interpretation

After obtaining all post-processed data, the results were analyzed and interpreted
through the construction of graphs, maps, and tables to facilitate visualization and
comprehension. The graphical representations were developed in Phyton environment
and RStudio using the ggplot2 package, which is widely recognized for its efficiency in
data visualization. The ggplot2 package, developed by Hadley Wickham, is based on the
Grammar of Graphics framework, which allows for a structured and layered approach to
plot construction (Wickham, 2016). This methodology enables the systematic addition of

graphical elements, improving the clarity and interpretability of complex datasets.

The ArcMap 10.5 software was also employed for mapping the obtained results,
enabling a spatial analysis of the information. This geospatial approach allowed for a more
precise interpretation of the dataset, particularly in identifying regional patterns and

variations in precipitation events.

Additionally, tables constructed in Excel 2019, in conjunction with data processing
in RStudio, facilitated data filtering and the identification of extreme events. The
integration of these tools ensured a comprehensive assessment of the dataset, improving

the accuracy of event classification and trend analysis.

In this context, all results were analyzed collectively, allowing for the identification
of all SACZ events that occurred within the studied time series, as well as those that
exhibited extreme characteristics. This combined approach provided a robust framework

for evaluating the impact and persistence of SACZ-related precipitation patterns.

6.3.Results

Based on the applied methodology, it was possible to obtain relevant information
on the interrelationship between deforestation in the Amazon biome and rainfall formation
in the state of Minas Gerais. In addition, the approach enabled the analysis of the
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spatiotemporal dynamics of the South Atlantic Convergence Zone (SACZ) in the state, as

well as its socio-economic and environmental impacts.

6.3.1. Amazon Vegetation and Rainfall in MG (2003-2024)
Figure 6.3 offers a comprehensive visualization of the interdependent dynamics

between deforestation in the Amazon biome and annual precipitation patterns in the state
of Minas Gerais.
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Figure 6.3. Amazon Vegetation and Rainfall in MG (2003—-2024).

Three key variables are represented: the remaining native vegetation in the
Amazon (green line), the annual rainfall observed in Minas Gerais (blue line), and the
extent of anthropized—i.e., deforested—areas within the Amazon biome (grey bars). The
temporal alignment of these variables enables an exploratory assessment of how land-

use change in the Amazon influences hydrometeorological conditions in southeastern
Brazil.

Throughout the two-decade timespan analyzed, there is a clear and progressive
decline in the remaining Amazonian vegetation cover, highlighting the persistent advance
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of deforestation. This decline is mirrored by a concomitant increase in the anthropized
area, with more pronounced surges occurring after 2010. The annual rainfall series in
Minas Gerais, in turn, exhibits high interannual variability, yet certain patterns suggest a
delayed response to forest loss in the Amazon. Specifically, years of intensified
deforestation are frequently followed by significant reductions in rainfall during the
subsequent year. Notable examples include the periods 2006—2007, 2013-2014, 2020—-
2021 and 2022-2023. The year 2014, which registers the lowest rainfall in the entire
series, follows a peak in deforestation in 2013, coinciding with a severe drought

historically recorded in southeastern Brazil.

This temporal lag reinforces the hypothesis of a causative link mediated by
atmospheric moisture recycling mechanisms. The removal of forest cover reduces
evapotranspiration and disrupts the flow of humid air masses—phenomena often referred
to as “flying rivers"—which are responsible for transporting moisture from the Amazon
Basin to central and southeastern Brazil. The data suggest that large-scale deforestation
compromises this mechanism, leading to decreased rainfall and potentially exacerbating

water scarcity and socio-environmental vulnerabilities in downstream regions.

Interestingly, periods of relative stabilization or deceleration in deforestation—such
as those preceding 2010 and 2024—appear to be associated with partial recovery in
precipitation levels. Although this does not establish causality, it points toward a potential
for hydrological resilience when forest degradation is mitigated, further underscoring the

role of the Amazon biome in regulating regional climate systems.

In conclusion, the graph presents strong indicative evidence of a spatiotemporal
teleconnection between Amazonian deforestation and rainfall variability in Minas Gerais.
The observed lagged effects align with theoretical and empirical studies on biosphere-
atmosphere interactions, reinforcing the urgency of forest conservation as a strategy not
only for biodiversity protection but also for maintaining climatic and hydrological stability
across Brazil. These findings highlight the need for integrated, cross-regional
environmental policies that address the systemic impacts of deforestation beyond local
or biome-specific scales.
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6.3.2. Spatiotemporal analysis of the impacts of SACZ events in Minas
Gerais

The spatial distribution of extreme rainfall events associated with the South Atlantic

Convergence Zone across the state of Minas Gerais, based on a consolidated rainfall

database from the hydrological years 2004 to 2023, reveals a highly uneven pattern of

occurrence (Figure 6.4). These events were concentrated in specific mesoregions,

particularly where geomorphological vulnerability intersects with intense land use and

occupation.

120



- CAMPO DAS VERTENTES
High : 301
CENTRAL MINEIRA I vorre oe Minas [ vae pomucur .
- JEQUITINHONHA OESTE DE MINAS VALE DO RIO DOCE Lowi : 100
E METROPOLITANA DE BELO HORIZONTE D SULISUDOESTE DE MINAS - ZONA DA MATA

- NOROESTE DE MINAS - TRIANGULO MINEIRO/ALTO PARAMAIBA RAINFALL INTENSITY

Figure 6.4. Spatial distribution of extreme SACZ-related rainfall events across the
mesoregions of Minas Gerais during the following hydrological years: A) 2004—2005; B)
2005-2006; C) 2006—2007; D) 2008-2009; E) 2009-2010; F) 2010-2011; G) 2011-
2012; H) 2015-2016; 1) 2017-2018; J) 2019-2020; K) 2021-2022; L) 2022—-2023.
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The regions most affected in terms of frequency and rainfall magnitude were the
Zona da Mata, Vale do Rio Doce, Jequitinhonha, Triangulo Mineiro/Alto Paranaiba, and
the Metropolitan Region of Belo Horizonte. Most events occurred between November and
March, following the seasonal activity of the SACZ. Spatially, the concentration of extreme
events forms a northeast—southwest arc across the state, particularly along mountainous

corridors and densely inhabited urban zones.

In the Zona da Mata, the convergence of topographic complexity and dense human
occupation has amplified the impacts of SACZ events over the decades. Historical
records confirm that cities such as Cataguases, Muriaé, Ponte Nova, and Juiz de Fora
experienced some of the most catastrophic flood events in Minas Gerais. For instance, in
January 2005, the Pomba River overflowed in Cataguases, displacing over 400 residents.
These impacts align with rainfall events in the dataset exceeding 120 mm in a single day,
confirming the SACZ's role in triggering such disasters. The presence of urban
infrastructure along riverbanks and steep slopes has significantly increased hydrological

sensitivity to these convective systems.

In the Vale do Rio Doce, several SACZ events caused severe socio-environmental
damage, particularly in Coronel Fabriciano and Ipatinga. In January 2020, continuous
rainfall led to a major flood of the Piracicaba River, resulting in over 500 people being
displaced. The rainfall records for this region reveal multiple occurrences with
accumulations above 150 mm, often within urbanized catchments. The classification of
this region as predominantly “antropic” in land-use mapping reflects widespread
urbanization and deforestation, which reduce infiltration and exacerbate surface runoff

and landslide risk.

The Jequitinhonha mesoregion exhibited the highest cumulative rainfall values in
the dataset, surpassing one million millimeters over the 20-year period. Towns like Padre
Paraiso, Araguai, and Monte Formoso experienced floods, infrastructure collapse, and
mass displacements. In January 2022 alone, rainfall in the region led to the overflow of
the Jucurugu River and the collapse of a dam in Crisolita. Several of these municipalities

appear in the historical reports of emergency declarations and federal assistance. Notably,
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this region faces a dual vulnerability: frequent SACZ activity and high socio-economic

fragility, which limits disaster response capacity.

The Metropolitan Region of Belo Horizonte is a critical hotspot for SACZ-induced
disasters. In January 2020, the city recorded over 935 mm of rainfall—its highest monthly
total since the beginning of monitoring—resulting in over 70 fatalities and thousands of
displaced people. In just 24 hours (23—24 January), 171.8 mm of rain fell, overwhelming
the city's drainage systems. These volumes are well reflected in the rainfall database,
confirming the role of SACZ events in overwhelming infrastructure in highly urbanized

settings.

The Tridangulo Mineiro/Alto Paranaiba mesoregion exhibited substantial exposure
to SACZ-driven rainfall extremes throughout the analyzed period. Municipalities such as
Uberaba, Uberlandia, Patos de Minas, and Monte Carmelo were repeatedly affected by
high-impact hydrometeorological events. A notable example occurred in March 2024,
when Monte Carmelo recorded over 90 mm of rainfall within just 12 hours, triggering flash
floods and disrupting urban mobility. These intense precipitation episodes align with
pronounced spikes in the SACZ event database, reflecting the mesoregion’s positioning
along moisture convergence corridors. While the region does not exhibit the same
topographic steepness as others like Zona da Mata or Jequitinhonha, its rapid urban
expansion, soil compaction from agriculture, and significant loss of vegetative cover have

critically diminished its hydrological buffering capacity.

Land cover analysis reinforces this trend. The natural vegetation area in Triangulo
Mineiro/Alto Paranaiba has declined steadily over the last two decades, while anthropic
land use - primarily linked to intensive agriculture, pasture, and urban development - has
increased. This shift amplifies surface runoff, accelerates drainage system saturation, and
increases the vulnerability of both urban and rural communities to SACZ-triggered flash
flooding. Moreover, many urban centers in the region have expanded over former
floodplains or in proximity to drainage channels, compounding the risk of urban inundation
even under moderate rainfall intensities. The recurrence of these events highlights the

need for stronger integration between urban planning, watershed management, and
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climate risk mitigation strategies in this economically strategic yet environmentally

sensitive mesoregion.

The integration of the rainfall database with the mesoregion reference and the
historical disaster narratives makes evident the spatial signature of the SACZ in Minas
Gerais. Not only does the spatial distribution of SACZ events align with areas of high
rainfall accumulation and recurring flood impacts, but there is also a clear relationship
with anthropogenic land use. Mesoregions classified as predominantly anthropic
consistently show both higher frequency of extreme events and significantly worse
impacts. For example, the Central Mineira region recorded events with more than 200
mm, and recurrent overflow of urban creeks in Curvelo and Bom Despacho, despite

moderate rainfall levels.

This relationship is further supported by the analysis of land cover dynamics
illustrated in Figures 6.5 and 6.6, which depict the annual variation in anthropic and
natural land use across all mesoregions from 2004 to 2023. The figures reveal a
consistent trend of increasing anthropic area—characterized by urban expansion and
agricultural use—at the expense of natural vegetation. In mesoregions such as Central
Mineira, Metropolitana de Belo Horizonte, Zona da Mata, and Vale do Rio Doce, the
reduction in natural cover was particularly pronounced, with the anthropic area exceeding
natural vegetation from the earliest years in the series and continuing to grow steadily.
This land transformation trend aligns with the spatial clusters of extreme SACZ events
and correlates with greater socio-environmental impacts observed in these regions.
Conversely, mesoregions like Vale do Mucuri, Noroeste de Minas, and Norte de Minas,
where natural cover remains proportionally higher and relatively stable, exhibit a lower
frequency and intensity of SACZ-related disasters. These areas demonstrate greater
hydrological resilience, even when exposed to high rainfall, highlighting the buffering

effect of preserved ecosystems.

Taken together, these results emphasize that the intensity and recurrence of SACZ
impacts in Minas Gerais are not solely determined by atmospheric forcing but are strongly
modulated by land cover patterns and territorial occupation. The progressive
anthropization of landscapes not only reduces natural water absorption and amplifies
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surface runoff but also places human settlements in increasingly vulnerable positions.
This reinforces the need for integrated land use planning, ecosystem preservation, and

climate adaptation policies that consider both climatic and territorial drivers of risk.
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Land cover per Year and Class by Mesoregion (2004—-2023) (2)
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6.4.Discussion

The precipitation patterns observed in southeastern Brazil between 2004 and
2024 reveal significant interannual variability driven by multiple large-scale climatic
mechanisms, including the South Atlantic Convergence Zone (SACZ), the El Nifo-
Southern Oscillation (ENSO), and subtropical high-pressure systems. These climatic
drivers shape both seasonal and long-term hydrological trends, influencing regional water
availability, agricultural productivity, and ecosystem stability. The analysis of precipitation
levels over this period reveals a succession of alternating wet and dry years, with notable
declines in annual precipitation during certain periods, leading to hydrological stress and
drought conditions. These fluctuations underscore the region’s increasing hydroclimatic

sensitivity to both natural variability and anthropogenic pressures (Marengo et al., 2020).

The SACZ, a primary modulator of summer rainfall in southeastern Brazil, played
a crucial role throughout the study period. It sustains prolonged convective activity during
the austral summer by channeling moisture from the Amazon and the South Atlantic. The
variability of the SACZ is closely linked to ENSO phases—La Nina years tend to weaken
the SACZ, while El Nifo years can intensify it (Carvalho et al., 2004; Verdan & Silva,
2022). This relationship was evident in the exceptionally dry years of 2007, 2012, and
2017, all of which coincided with La Nifa phases and featured suppressed convective
activity (Gushchina et al., 2020). Conversely, SACZ-intensified years such as 2008, 2011,
and 2020 were marked by above-average precipitation, often leading to floods and

landslides.

The regionalized analysis of SACZ impacts in Minas Gerais shows pronounced
spatial disparities in precipitation extremes and their socio-environmental consequences.
The mesoregions of Zona da Mata, Vale do Rio Doce, Jequitinhonha, Tridngulo
Mineiro/Alto Paranaiba, and the Metropolitan Region of Belo Horizonte exhibited the
highest concentration of extreme rainfall events. These areas were also among those with
the most intense human land use, according to Figures 5 and 6. Notably, regions with
high anthropogenic land cover experienced more severe hydrological impacts, such as
urban floods, landslides, and disruptions to infrastructure, reinforcing the connection

between land-use change and vulnerability to extreme weather (Banjara et al., 2024).
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In the Zona da Mata, flood-prone cities like Cataguases and Muriaé suffered
severe damage during major SACZ events, such as in January 2005. The concurrence
of steep topography, dense urbanization, and SACZ-induced downpours created
conditions conducive to riverine flooding (Li et al., 2024). Likewise, in Vale do Rio Doce,
urbanized municipalities such as Ipatinga and Coronel Fabriciano were repeatedly
affected by flooding during SACZ-active years. The bar plots of land cover reveal that
these mesoregions are predominantly classified as "antropic," which reflects
deforestation and impermeabilization that exacerbate runoff and reduce infiltration

capacity.

Concerning to the Jequitinhonha mesoregion, despite having a lower density of
urban development, exhibited the highest cumulative rainfall values and one of the most
severe SACZ impacts. Its dual vulnerability, frequent SACZ episodes and socio-economic
fragility, was evident in the catastrophic floods and infrastructure failures recorded in 2022.
Events such as the overflow of the Jucurucu River and the collapse of a dam in Crisolita
underscore the region's limited capacity for disaster response and highlight the role of

climatic extremes in magnifying existing vulnerabilities.

The Metropolitan Region of Belo Horizonte presented some of the most severe
cases of SACZ-related flooding. The historic rainfall in January 2020, which exceeded
935 mm in a single month, led to widespread fatalities and infrastructural collapse. Given
this region’s extensive urban sprawl and impervious surface coverage, even moderate
rainfall accumulations can overwhelm drainage systems (Dalagnol et al., 2022). Figures
5 and 6 further corroborate that this mesoregion is dominated by anthropogenic land

cover, making it highly susceptible to SACZ-induced hydrometeorological hazards.

In the Tridngulo Mineiro/Alto Paranaiba region, cities such as Uberaba,
Uberlandia, and Patos de Minas experienced recurrent flood events. The March 2024
storm in Monte Carmelo, where over 90 mm of rain fell in 12 hours, exemplifies this trend.
While this region is partly agricultural and less urbanized than Belo Horizonte, land cover
analyses show a predominance of antropic classification, indicating significant
deforestation and cropland expansion (Sanches et al., 2017). These land-use changes

129



have degraded the region’s hydrological buffering capacity, thereby intensifying the
impact of SACZ events.

Climatic teleconnections continue to play a dominant role in modulating SACZ
behavior. ENSO phases have induced both wet and dry anomalies across southeastern
Brazil, often mediated by the Pacific South American (PSA) pattern, the Southern Annular
Mode (SAM), and the Atlantic Multidecadal Oscillation (AMO). For instance, the droughts
of 2012 and 2017 were associated with La Nifia and intensified SASH activity, which
inhibited moisture transport and deep convection (Marengo et al., 2013; Correia et al.,
2024). On the other hand, El Nifio events in 2011 and 2016 coincided with enhanced
SACZ persistence and widespread flooding, particularly in North and Northeast Minas

Gerais.

The severe droughts of 2012 and 2015 also underscore the cumulative impacts
of atmospheric blocking and high-pressure anomalies over the South Atlantic. The
SASH’s intensification during these years curtailed precipitation over southeastern Brazil,
affecting not only surface water resources but also groundwater recharge and agricultural
productivity (Silva et al., 2018). In contrast, years with strong SACZ activity, such as 2008
and 2020, provided hydrological relief but triggered destructive floods, landslides, and

urban disruption.

As noted in Figure 4, the spatial recurrence of SACZ-related events follows a
northeast-southwest corridor of precipitation anomalies, which coincides with densely
populated and environmentally degraded regions. This spatial signature is critical for
understanding regional vulnerability. In particular, mesoregions with a higher proportion
of natural land cover, such as parts of Norte de Minas, demonstrated a relatively buffered
hydrological response, suggesting that natural vegetation plays a key role in mitigating

extreme rainfall impacts (Alavipanah et al., 2015).

An apparent decline in SACZ activity in 2023 may indicate the onset of a new dry
phase, though longer-term monitoring is needed to confirm this trend. However,
projections suggest that climate change will likely amplify hydrometeorological extremes,

leading to both more frequent droughts and more intense rainfall events (Sondermann et
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al., 2022). These findings emphasize the need for adaptive water governance, regional
planning that accounts for climate variability, and the integration of land-use policy with

hydrological risk management.

Future efforts should prioritize investments in early warning systems, restoration
of natural vegetation buffers, and climate-resilient infrastructure—particularly in SACZ-
prone mesoregions. Advances in remote sensing and high-resolution climate modeling
will be critical for forecasting SACZ dynamics and supporting real-time decision-making
(Amaral e Silva et al., 2024). The convergence of hydroclimatic data, land use
classification, and disaster records offers a robust foundation for targeted interventions

aimed at reducing vulnerability to SACZ-related extremes in Minas Gerais and beyond.

6.5.Conclusion

The analysis of precipitation patterns and SACZ-related extreme rainfall events
from 2004 to 2024 reveals a complex and spatially uneven hydroclimatic regime across
southeastern Brazil, with Minas Gerais standing out as a hotspot for both climatic
variability and socio-environmental vulnerability. The interplay between large-scale
atmospheric drivers, particularly the SACZ, ENSO phases, and the South Atlantic
Subtropical High, and local land cover configurations critically shapes regional

precipitation dynamics, drought frequency, and flood risk.

Findings from this study underscore that SACZ variability is not only influenced by
ocean-atmosphere interactions, such as El Nifio and La Nifa events, but also by regional
feedbacks including land-use change and geomorphological exposure. Mesoregions with
high proportions of anthropogenic land cover, such as the Zona da Mata, Vale do Rio
Doce, and the Metropolitan Region of Belo Horizonte, experienced both higher frequency
and severity of SACZ-related impacts, including recurrent urban flooding, landslides, and
infrastructure collapse. In contrast, regions with a predominance of natural vegetation,
such as parts of Norte de Minas, demonstrated greater hydrological resilience for
equivalent precipitation totals, highlighting the buffering capacity of preserved

ecosystems.
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The regionalization of extreme events further revealed the northeast-southwest
corridor as a spatial axis of SACZ influence, where convective systems persistently
interact with topographic and urban features. The Triangulo Mineiro/Alto Paranaiba
region, for example, exemplifies how agricultural expansion and loss of vegetative cover
diminish hydrological buffering, rendering the area increasingly susceptible to flash floods
during SACZ peaks. Similarly, the Jequitinhonha Valley demonstrates how high rainfall
accumulation, combined with socio-economic fragility, amplifies disaster impacts even in

less urbanized settings.

These results point to the urgent need to integrate climate diagnostics with land
management policies. Satellite-derived datasets, such as CHIRPS, proved instrumental
in identifying spatial patterns of precipitation variability and filling observational gaps
across complex terrains. Combined with land use classification and disaster reporting,

they form a powerful toolset for targeting adaptive interventions.

Looking forward, climate change projections indicate an increase in the intensity
and irregularity of SACZ behavior, with potential delays in onset, shifts in duration, and
heightened rainfall extremes. Therefore, enhancing climate resilience in Minas Gerais
requires a multifaceted strategy: investing in real-time monitoring systems, restoring
ecological buffers, strengthening urban drainage infrastructure, and aligning territorial
planning with hydroclimatic risk assessments. This study reinforces that managing SACZ-
related hydrological extremes demands not only atmospheric science but also

coordinated land governance and infrastructure adaptation.
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7. GENERAL CONCLUSIONS

This research represents a significant advance in understanding climate variability
in Brazil, with a focus on the Flying Rivers and the South Atlantic Convergence Zone
(SACZ). Through the use of statistical methodologies, remote sensing, and artificial
intelligence, the study analyzed the interaction between atmospheric and hydrological
systems, with an emphasis on precipitation in southeastern Brazil, particularly in the state
of Minas Gerais. Multivariate analysis of precipitation data revealed that factors such as
temperature, evapotranspiration, and vegetation cover significantly influence rainfall
distribution in the Flying Rivers region. The Amazon Forest plays a crucial role in moisture
recycling and water vapor transport, and its degradation is directly associated with
reduced rainfall in agricultural and urban areas of the Southeast, thereby increasing water
vulnerability and the frequency of extreme events. A strong correlation was also identified
between SACZ variability and global climate phenomena such as El Nifio and La NiAa.
During El Nifio, SACZ activity intensifies, resulting in heavier rainfall, whereas La Nifna
weakens its activity, prolonging droughts and raising the risk of water crises. These
findings underscore the need for accurate predictive models to support water resource
management and climate adaptation policies. The comparison between rain gauge
measurements and satellite-based precipitation estimates showed that models such as
CHIRPS, PERSIANN, and TerraClimate provide broader spatial coverage and stronger
predictive capability than traditional monitoring networks. Integrating these technologies
enhances the monitoring of extreme climate events and supports effective disaster
mitigation strategies. Finally, the study emphasizes the importance of preserving the
Amazon Forest for Brazil’s climate stability and the need for public policies that strengthen
water resilience. Continuous improvement in climate modeling techniques and the
expansion of meteorological monitoring networks are essential for bolstering climate

resilience and ensuring the country’s water security in the coming decades.
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8. SUGGESTIONS FOR FUTURE RESEARCH

Future studies may enhance the understanding of climate variability in Brazil by
refining predictive models for the South Atlantic Convergence Zone (SACZ) and extreme
precipitation events. The use of machine learning and artificial intelligence can improve
forecast accuracy, while the integration of satellite data and statistical modeling may
increase the reliability of predictions concerning the intensity and duration of such events.
Furthermore, analyzing the impacts of deforestation on moisture recycling and
atmospheric transport by the Flying Rivers is crucial, as deforestation has been shown to
reduce precipitation in distant regions. Numerical simulations can be employed to
evaluate scenarios of forest conservation and restoration, providing guidance for more

effective environmental policies.

Additionally, future research could focus on monitoring extreme
hydrometeorological events—such as floods and droughts—through remote sensing and
geospatial modeling, aiming to identify vulnerable areas and support climate impact
mitigation. The relationship between SACZ variability and agricultural productivity also
warrants investigation, given that shifts in rainfall patterns may jeopardize food security.
Another important research direction involves examining the role of public policies in
managing water and climate resources, assessing strategies such as resilient
infrastructure, water reserve systems, and adaptive urban planning. Moreover, the
correlation between SACZ frequency and public health could be explored by analyzing

how extreme weather events influence the spread of tropical and respiratory diseases.

The continuation of these research efforts will contribute to advancing scientific
knowledge and developing effective strategies for environmental, water, and agricultural
management, thereby strengthening Brazil’'s climate resilience in the face of global

change.
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ABSTRACT

The uneven plobal distribufion of rainfzil significantly impacts water resources and eovironmental sestainability, emphasising
the meed for reltable climate prediciion models. Accurate predictions are vital for sectors such as food security, orban planning
and disaster managemenl Data from pround stations. raders and salellites are esseniial, despite challenges Hke Instromental ee-
mows. Satellites, with thetr comprehensie sensoms, are croctal for atmospheric observations: atding in the prediction of large-scale
climatic events. Climate models such as CHIRPS, GLOAS, TerraClimate, and PERSLAN N use differenl approaches io analyse
precipitation data, which & bey fo understsnding 1t spatis] and temporal vartability. This sudy evaluzted (Rmfsll dats) from
these four cliimate models over 20years (within the Brazilan terrifory), focustng on the spatiotempora behaviour of ratnfall
using statistical metrics such as 22, RMSE, snd MAPE. The findings showed thal CHIRPS had the best performance {E"=0.843;
RMSE=421.E1; MAPE={L09E), txcellimg in bath wmﬂﬁtﬂmu&dnﬁmmtmﬂwﬁfmﬂmﬂghﬂiﬂhﬂuhﬂ-
performing model (R7=0.413; RMSE =01.56; MAPE=0.23%), tmproved stenificantly when combined with elevation through
multiple mear regression (MLR), achieving £ of 0,718, RMSE of 3114, and M APE of 9.56%. This mude TerraClimate a viahle
model for studying the Flying Bivers. The study hightiphts that modef selection should alipn with the spectfic characteristics
of the area under constderation, with CHIRPS belng particularty suftable for the studied reglon. This research enhances the
understanding of the effectiveness of these mindels n estimating rainfall compared to tn sty measurements, which Is cructal for
warioas applications. The acthors advocate for ferther studles to advance research on Lhe Fiying Rivers, thelr sipnificance, snd
the tmpacts of climste change on them.

1 | Introduction

The link betwien forests and rainfall has become clearer tn
recent years. Initially, tree transplration was identified as
the primary source of water In continenial areas {Fasechko
et al. 2013). Moreover, @ mechanlsm by which foresis pomp
water into the atmosphere and sostain the molsture nec-
essary for their survival was proposed by Makadeva and

Gorshkov (2007) and further elsborated by Shetl and
Murdiyarse (200%). This mechanism Involves 2 reduction in
atmospheric pressare al lower levels, which draws cloods over
forested reglons. Additsonally, forests release biogenic vwlatile
orpanic compounds that act as maclel for water condensation.
These processes resull in the prodoction of vast amounts of
atmospheric water in forested reglons, essentlally forming
‘flying rivers” {Nobre 2014a).
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