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RESUMO

A América do Sul é um continente abundante em agua, abrigando as maiores bacias
hidrograficas e a maior floresta tropical do mundo, a floresta Amazonica. A Amazonia
desempenha um papel crucial no fornecimento de umidade para outras regifes do
continente por meio da evapotranspiracdo (ET). A ET é um indicador crucial do
funcionamento do ecossistema terrestre, interligando os ciclos da &gua, energia e carbono.
Devido ao grande desafio de obtencédo de informacdes de ET por medicdes in situ, 0 uso
de dados de sensoriamento remoto tem se mostrado uma grande alternativa para obter
estimativas desta varidvel. Com base em dados medidos e estimados por sensoriamento
remoto foi conduzido um estudo que visou analisar a dindmica, os padrdes e os controles
dos fluxos de agua e energia na América do Sul, buscando responder a trés questdes
principais: i) os dados de sensoriamento remoto podem fornecer informacGes precisas
sobre o balanco hidrico?; ii) como os fatores que controlam a ET variam em diferentes
biomas e condicGes de uso e cobertura do solo (LULC)?; e iii) os modelos de
sensoriamento remoto conseguem representar com acuracia os padrées de ET e das suas
componentes em diferentes condi¢cdes de LULC? Para responder a primeira pergunta
realizou-se uma andlise de balanco hidrico, na qual foi avaliada as incertezas das
estimativas de precipitacdo e ET usando medicGes in situ, e uma analise do quanto essas
incertezas podem ser afetadas devido ao efeito de escala das bacias analisadas. Os
resultados mostraram que devido as incertezas relacionadas com cada uma das
componentes estimadas por sensoriamento remoto ainda ndo é possivel alcangar o
fechamento do balango hidrico. No entanto, a abordagem demonstrou ser uma grande
alternativa para avaliar a dinamica dos fluxos de 4gua, de pequenas a grandes bacias,
especialmente naquelas onde a medicdo in situ ainda € escassa. Para buscar responder a
segunda pergunta analisou-se a influéncia dos fatores bidticos e abi6ticos no controle dos
processos de ET, por meio da andlise das condutancias de superficie e aerodindmica e do
fator de desacoplamento em 20 locais de monitoramento de fluxo na América do Sul. Por
meio desta analise verificou-se diferentes padrGes dos fluxos de calor latente (LE) e
sensivel (H), além de diferentes graus de importancia dos controles bioticos e abidticos
sobre o processo de ET e de acordo com as diferentes condi¢fes de LULC. Por fim, com
base em 11 locais de monitoramento de fluxo e quatro modelos de ET (MOD16, GLEAM,
PML e SSEBOP), analisou-se a acuracia destas estimativas na bacia amazobnica, e a
representacdo dos fluxos de ET em areas de floresta, pastagem e soja, na bacia do Tapajos.
Os resultados mostraram que a obtencdo de estimativas acuradas de ET ainda é um grande
desafio na bacia Amazonica, principalmente em locais imidos e sazonalmente inundados.
Discrepancias significativas entre os modelos e entre as medi¢bes foram encontradas,
sendo estas discrepancias ainda mais expressivas quando se analisou as componentes
individuais de ET. No entanto, os resultados deste estudo demonstraram que apesar de
cada modelo ndo apresentar um desempenho significativo em todas as condigdes
climéticas e de vegetacdo, estes apresentam em conjunto, uma grande oportunidade para
melhorar a acurdcia das estimativas de ET, propiciando um aprimoramento na
compreensdo dos impactos nos fluxos de agua e energia devido a atividades antropicas.
Deste modo, estes resultados enfatizam os potenciais e limitagdes das variaveis
hidrolégicos obtidas por sensoriamento remoto, especialmente para a ET, € como as
mudancas LULC podem modificar este fluxo na América do Sul.

Palavras-chave: evapotranspiragdo, sensoriamento remoto, eddy covariance, uso e
cobertura do solo.



ABSTRACT

South America is a water-abundant continent, home to the world's largest river basins and
rainforest, which plays a crucial role in providing moisture to other regions of the
continent through evapotranspiration (ET). ET is a crucial indicator of the earth's
ecosystem functioning, linking the water, energy, and carbon cycles. Due to the great
challenge of obtaining ET information based on in situ measurements, remote sensing
data has become a great opportunity to obtain ET estimations. Based on measurements
and estimations based on remote sensing data, this study aimed to evaluate the dynamics,
patterns and controls of water and energy fluxes in South America, seeking to answer
three main questions: i) can remote sensing data provide accurate information on the
water balance?; ii) how do the factors controlling ET vary across different biomes and
land use and land cover (LULC) conditions? and iii) can remote sensing models represent
accurately ET patterns and its components under different LULC conditions? To answer
the first question, we performed a water balance analysis, evaluating the uncertainties of
precipitation and ET estimations using in situ measurements, and conducting an analysis
to understand how much these uncertainties can be affected due to the basin’s scales. The
results showed that due to the uncertainties related to each of the variable from remote
sensing it is not yet possible to achieve the water balance closing. However, the approach
proved to be a great alternative to evaluate the dynamics of water fluxes from small to
large basins, especially in those where in situ measurement is still scarce. To seek to
answer the second question, we evaluated the influence of biotic and abiotic factors on
ET control processes, based on surface and aerodynamic conductances and the
decoupling factor, at 20 flux measurement sites in South America. Through this analysis,
different patterns of latent (LE) and sensible (H) heat fluxes were verified, and different
degrees of importance of biotic and abiotic controls on the ET process according to
different LULC conditions. Finally, based on 11 flux measurement sites and four ET
models (MOD16, GLEAM, PML and SSEBOP), we assessed the accuracy of ET
estimates in the Amazon basin, and the representation of ET fluxes in forest, pasture, and
soybean areas, in the Tapajos basin. The results showed that obtaining accurate ET
estimates is still a major challenge in the Amazon basin, especially in humid and
seasonally flooded sites. Significant discrepancies between the models and between
measurements were found, and these discrepancies were even more significant when
evaluated the individual ET components. However, even though each model did not
perform significantly under all climatic and vegetation conditions, they present together
a great opportunity to improve the accuracy of ET estimates, leading to an improved
understanding of the impacts on water and energy fluxes due to human activities. Thus,
these results demonstrate the potential and limitations of hydrological components
obtained by remote sensing, especially for ET, and how LULC changes may modify this
flux in South America.

Keywords: evapotranspiration, remote sensing, eddy covariance, land use and land cover.
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CHAPTER 1

1.1 Introduction

South America’'s landscape has been transformed in recent years, mainly due to
anthropogenic activities, such as the expansion of agricultural areas. Recent information
about the land use and land cover (LULC) from MapBiomas project (MapBiomas 2021)
showed that in Brazil, from 1985 to 2020, there was a loss of forest cover about 74 million
hectares, that is equivalent to a reduction of 12.8%, while agricultural areas increased
44.6% in the same period.

The LULC transformation has shown significant rates of deforestation across all biomes
in South America, including the Amazon Forest, the largest tropical forest in the world
(Cohen et al. 2007), that lost about 44.50 million hectares of forested areas between 1985-
2020 (MapBiomas, 2021) in Brazilian territory. Deforestation and anthropogenic
expansion areas (such as pasture and agriculture areas) are even more pronounced in the
transition area between Cerrado and Amazon biomes, in the south and eastern regions
(known as the arc of deforestation).

Several studies have linked changes in LULC with impacts on water availability, mainly
over the Amazon (but not limited to this biome), affecting rainfall regime (Wongchuig et
al. 2021), surface temperature (Loarie et al. 2011), occurrence of extreme events (such as
droughts) (Marengo 2014; Marengo et al. 2016; Nobre et al. 2016), changes in dry season
length (Costa and Pires 2010), in moisture recycling (Baker and Spracklen 2019; Dias et
al. 2015; Khand et al. 2017; Laipelt et al. 2020; de Oliveira et al. 2020; Panday et al. 2015;
von Randow et al. 2004; Wongchuig et al. 2021), in carbon dioxide (C0O,) concentrations,
and occurrence of fires (Aragéo et al. 2018).

The impacts observed in the water, energy, and carbon cycles due to landscape
modifications can be even further intensified in the face of scenarios projected by global
models that indicate increasing land surface temperature and changes in precipitation,
evapotranspiration (ET), and discharge, providing increase in flooding and drought
events in South America (Bréda et al. 2020; Fisher et al. 2017; Marengo 2014; Sorribas
et al. 2016).

Some methodologies have been proposed to monitor droughts (Anderson et al. 2011,
2016), and water resources management world-wide (ANA 2020; Melton et al. 2021),

considering ET as a key indicator of the interaction between the surface and the
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atmosphere. Variations in ET can influence precipitation, surface water availability and
C0, storage. For instance, changes in latent heat flux (LE), can impact sensible heat flux
(H), altering land surface temperature (Wang and Dickinson 2012; Zhang et al. 2016a).
In addition, CO, concentrations and water exchange can significantly be affected by
impacts on vegetation transpiration and soil evaporation processes (Davidson and Artaxo
2004).

Several initiatives have significantly contributed to improving our knowledge about the
processes involving water and energy exchanges, through flux measurement sites (Cabral
et al. 2015; Hasler and Avissar 2007; von Randow et al. 2004; Restrepo-Coupe et al.
2013, 2017, 2021b; a; da Rocha et al. 2009; Rubert et al. 2018; Souza et al. 2019; Timm
et al. 2014; Zimmer et al. 2016). However, the current flux measurement network does
not have a sufficient density to cover all the climate and vegetation heterogeneity that
exists in South America. To overcome this spatial coverage challenge, remote sensing,
and land surface models (LSMs) have been presented as a great alternative to obtain water
and energy fluxes estimates for large scales and long-term periods.

LSMs are based on biophysical and biogeochemical processes, estimating water and
energy fluxes at multiple temporal conditions, depending on observed atmospheric data
or coupled with climate models to estimations of variables under future climate change
scenarios (Getirana et al. 2014; Sorensson and Ruscica 2018).

Furthermore, based on land surface temperature and vegetation information, several
remote sensing models, from regional to global scale, have been proposed to estimate ET.
Some of them are based on vegetation index and physical equations, such as Penman-
Monteith (Monteith 1965; Penman 1948) and Priestley and Tayler (Priestley and Taylor
1972) (Martens et al. 2017; Miralles et al. 2011a; Mu et al. 2007, 2011; Zhang et al.
2016b, 2019). Other models are based on energy balance, and the simplified surface
energy balance (Allen et al. 2007; Bastiaanssen 1995; Senay et al. 2013).

Nevertheless, it is not trivial for these models to represent all physical processes related
to water and energy exchange. The accurate estimates are directly related to how much
we understand the patterns, drivers and ET controls over multiple conditions. Accurate
ET estimation is crucial to improve our understanding of the physical processes that
happen in the interaction between surface and atmosphere, across multiple LULC and
climate conditions. Many of the processes involving ET and its components
(transpiration, soil evaporation, and interception) have not yet been fully evaluated across
the heterogeneity of South America. For instance, some early vegetation models have
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shown ET limited by water availability in the central Amazon region, while measurement
sites have shown that ET in this region is not limited by water availability, but rather by
energy availability (Restrepo-Coupe et al. 2013). Estimates of ET from water balance
have reinforced these findings, showing that in the Amazon basin, neither rainfall nor
radiation alone can explain ET patterns, in this basin the water fluxes are driven by a
combination of energy and water availability (Maeda et al. 2017).

The literature has pointed to two important paths for ET-based science: i) improving our
understanding of ET processes based on measurement sites, and ii) improving our
understanding of how models represent these processes. These two points are crucial for
advancing ET-based science, providing high-quality information for climate change
prediction, extreme event monitoring, and water resource management.

Thus, this study aimed to evaluate the integration of several remote sensing products to
estimate the water cycle variables, mainly focusing on multiple ET models, and on the
extensive South American flux sites network, in order to understand i) can remote sensing
provide accurate water balance information for multiple basin scales?; ii) how do ET
controls range across different biomes and land use and land cover (LULC) conditions?;
and iii) can the remote sensing models represent accurately the patterns of ET and its

components at different LULC conditions?

1.2 Objectives

The main purpose of this study is to assess in an integrated approach, water, and energy
fluxes, based on remote sensing and flux measurements, evaluating their dynamics,
accuracy, patterns, drivers, and controls, at multiple scales and vegetation conditions in

South America.

Specifically, this study aims to:

1) Evaluate the remote sensing data to estimate water balance, assessing the
accuracy, uncertainties of terrestrial water storage and discharge based on water
balance, and the scale effect over the accuracy of the water balance estimations.

2) Assess patterns, drivers, ET controls to investigate how they can be impacted by
LULC changes.
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3) Evaluate the accuracy of remote sensing models and their ability to represent ET

and their component patterns over natural and anthropogenic vegetation types.

1.3 Thesis scope

This thesis is divided into six chapters. The first presents a general introduction,
emphasizing the importance of studies on the biosphere-atmosphere interaction in South
America. The second chapter presents a theorical revision, focusing on South America
hydrology, description of part of the South American measurement sites, revision of the
approaches of the main and freely available ET models based on remote sensing, a
revision of the accuracy of these models over global and South America sales, as well as,
an overview about the patterns, drivers and ET controls in South America. The following
chapters (3-5) seek to answer the specific objectives of the thesis, assessing the water
balance analysis by remote sensing, the impacts of LULC on ET drivers and controls
based on measurements of ET, and the remote sensing model’s performance to estimate
ET and how these models represent the LULC changes on ET and its components.

Finally, chapter 6 brings the final conclusions and perspectives of this study.
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CHAPTER 2

Theoretical revision

2.1 South America hydrology overview

South America is a continent abundant in freshwater availability, in forest coverage, and
is home of the largest basin in the world, the Amazon basin, covering about 40% of the
continent, with an area of approximately 6 million kmz, and contributing about 15 to 20%
of the total freshwater that goes to the ocean (~200,000 m3/s) (Bréda et al. 2020; Fassoni-
Andrade et al. 2021; Marengo et al. 2012; Salati et al. 1979; Salati and Vose 1984). South
America presents a huge diversity and complexity of hydrologic and climatic systems,
covering regions of low and mid latitudes, and a diversity of geographic regions, such as
Andes Mountains in the west coast, the Atacama Desert located in northern Chile in
addition to the vast regions containing water surfaces, such as Amazon basin (Reboita et
al. 2010). Figure 2.1 presents the major hydrological basins, Rivers, ET, and precipitation
mean annual rates in South America.

In the Amazon basin, the precipitation varies across the east-west and north-south
gradient, with higher precipitation rates in the north region (~3,000 mm/year), without a
defined dry season (Heerspink et al. 2020; Maeda et al. 2017), while lower rates (~1,500
mm/year) and longer dry season (4-5 months) are verified in the south region (Maeda et
al. 2017; da Rocha et al. 2009). These variations are mainly related to the intertropical
convergence zone (ITCZ), that depending on the period of the year, moves further north
or further south in the Amazon region, characterizing periods of less rainfall in mid-July
and more rainfall in mid-January (Reboita et al. 2010). However, in the northernmost
region of South America, and this includes the northern Amazon basin, is almost always
under the ITCZ influence, presenting high precipitation rates, and non-dry season (Villar
et al. 2009). Furthermore, through tropical forest in this basin, a significant amount of
precipitation is recycled through ET (49-65%) (Maeda et al. 2017), providing humidity
to the southern region in South America, especially the La Plata basin (Salati et al. 1979;
Satyamurty et al. 2013). As precipitation, ET also presents different magnitudes, patterns,

and controls in the Amazon basin. For example, in the Negro basin, in the north region,
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ET rates are around 1,600 mm/year?, in the southern region, at Madeira basin, ET rates
are around 1,200 mm/year?, and considering whole basin (Obidos station), mean annual
ET is about 1,400 mm/year'. When we consider the patterns and limiting factors in the
wetter basins (i.e. central and western Amazon regions), ET presents no defined
seasonality and is mostly limited by energy availability (Costa et al. 2010; Hasler and
Avissar 2007; Maeda et al. 2017; Restrepo-Coupe et al. 2013; da Rocha et al. 2009). On
the other hand, in the southern region, ET decreases over the dry season, and the process
is limited by water availability in this period (Costa et al. 2010; Hasler and Avissar 2007;
Maeda et al. 2017; da Rocha et al. 2009).

Another important basin in South America is the Orinoco basin, located on the border
between Venezuela and Brazil, covering an area of around one million of km? (Stokes et
al. 2018). This basin presents a mean annual discharge of about 33 thousand of m3/s
(Frappart et al. 2015; Gallay et al. 2019), and a length around 2,140 km from its source
at the Cerro Delgado Chalbaud in Sierra Parima to the Orinoco Delta (Gallay et al. 2019).
Orinoco basin is characterized by savanna forests, where the precipitation is mainly
influenced by ITCZ, with defined dry (November - April) and wet seasons (May -
October) (Arias et al. 2020).

La Plata basin is the second largest basin in South America, and the fifth largest basin in
the world, in terms of area, covering 3.2 million of km?, and five South American
countries (Argentina, Bolivia, Brazil, Paraguay and Uruguay) (Chen et al. 2010; Tucci
and Clarke 1998). This basin has three main tributaries, Paraguay, Parana, and Uruguay
Rivers, which present different water fluxes conditions and has a great importance in
terms of economy, since it is home to the largest hydroelectric power plants, and
important agricultural areas, in South America (Berbery and Barros 2002; Chen et al.
2010). The annual precipitation in the La Plata basin decreases from north to south, and
from east to west, reaching about 1,800 mm/year in the upper parts of both the Paraguay
and Parana River basins and around 200 mm/year along the western boundary of the basin
(Tucci and Clarke 1998).

The Paraguay basin is in one of the most densely populated regions of South America,
where agriculture and livestock is an important economic activity (Berbery and Barros
2002). A significant part of Paraguay basin is covered by one of the largest wetland areas

in the world, the Pantanal (Hamilton et al. 1996), that has a flat relief and mild slope,

! Evapotranspiration data from GLEAM model, considering the period between 2003-2014.
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resulting in very slow and large flooded areas, regulating the Paraguay streamflow (Tucci
and Clarke 1998). The Parana River basin is usually divided into three regions, Upper,
Middle, and Lower Parana sub-basins, with most River streamflow coming from the
upper and middle parts, with a small contribution from the lower sub-basins (Berbery and
Barros 2002). The smallest basin in the La Plata basin is the Uruguay River basin,
covering an area of around 365 thousand of km?2 in parts of Brazil, Uruguay, and
Argentina, with a mean flow of around 4,500 m®/s (Camilloni et al. 2013). This region is
under humid subtropical climate conditions, where the precipitation is well distributed
throughout the year, associated with the action of subtropical cyclonic vortices, cold
frontal systems, and the South Atlantic convergence zone (SACZ) (Filho et al. 2005;
Reboita et al. 2010). Precipitation in this region ranges from 1,050 to 1,750 mm/year,
with higher rates in southern Brazil on the border with Paraguay (1,750-2,100 mm/year)
(Reboita et al. 2010).

In these basins ET presents similar magnitude, ranging from 930 to 1,125 mm/year.
However, they present different limiting factors. For instance, in Paran& and Paraguay
basins ET present lower rates during the dry season due to the limited water availability
in this period, in the Uruguay basin, the lower ET is occurs during the winter (coincident
with the dry season in the Parand and Paraguay basins), due to the lesser radiation
incidence (Moreira et al. 2019).

Important hydrological basins border with the Amazon and La Plata basins, such as
Tocantins—Araguaia and Sdo Francisco. These basins are under Cerrado biome and
tropical wet—dry climate. Tocantins-Araguaia basin has a drainage area of 767 thousand
of km?, entirely within in Brazilian territory (Ho et al. 2015; Pelicice et al. 2021). The
Tocantins and Araguaia Rivers are the two main tributaries of this basin. The Tocantins
River has 1,960 km of extension, and the Araguaia River presents an extension of 1,670
km, and hosting along the middle of its course the Bananal Island, the largest wetland in
the Cerrado biome (Ho et al. 2015; de Oliveira Serréo et al. 2021; Progénio and Blanco
2020; Siqueira et al. 2018). In this region the precipitation presents characteristics dry and
wet seasons, with an annual an average of 1,869 mm/year, mainly occurring during the
austral summer (December-February), due to the moisture transport from the Atlantic
Ocean (Ciemer et al. 2018; Gan et al. 2004; dos Santos et al. 2022). As precipitation, ET
presents a defined seasonality pattern, with minimum rates during the dry season and
maximum along the wet season, mainly due to the water availability, presenting a mean

annual ET around 1,000 mm/year?.
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Sdo Francisco basin also covers large part of Cerrado, in addition to part of Caatinga
biome, under tropical and semi-arid climate conditions. This basin drains an area of 622
thousand of km2 with an annual mean discharge of 1,961 m®/s (Almagro et al. 2021;
Paredes-Trejo et al. 2021). Sdo Francisco River has a length of 2,696 km, from Serra da
Canastra, at Minas Gerais State until reach the Atlantic Ocean near Alagoas and Sergipe
States border (Paredes-Trejo et al. 2016, 2021). The annual precipitation varies across
different climatic conditions, reaching rates around >1500 mm/year in the lower and
middle sub-basins, while in the semi-arid region precipitation rates are less than 700
mm/year, with maximum rates during the summer/autumn and minimum in the winter,
comprising the driest Brazilian region (Borges et al. 2020; de Oliveira et al. 2021; Reboita
et al. 2010), where prevailing semi-arid conditions, strongly influence of the ITCZ (Filho
et al. 2005; Marengo et al. 2016). ET in this basin varies according to the water
availability, with higher rates when considering the lower and mid sub-basins (mainly in
the tropical climate region and Cerrado biome) (~930 mm/year?), and lower rates (~756
mm/year!) when we considering the whole basin (Traipu station), including the semi-arid

region (Caatinga biome).
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Figure 2.1 South America a) major hydrological basins, b) major Rivers, c) mean annual
evapotranspiration (ET) based on Operational Simplified Surface Energy Balance model

(SSEBOP) (Senay et al. 2013), and d) mean annual precipitation based on Climate



21

Hazards Group InfraRed Precipitation with Station data (CHIRPS) (Funk et al. 2015).
Mean annual ET and precipitation information was obtained from 2003 to 2017.
Hydrological information was obtained from Brazilian Water Agency (ANA)

(https://www.gov.br/ana/pt-br).

2.2 Evapotranspiration measurements

Through ET measurements crucial information about the patterns, drivers and ET
controls, was provided at local scales, covering multiples biomes and LULC conditions
in South America (Biudes et al. 2015; Borges et al. 2020; Costa et al. 2010; Diaz et al.
2019; Goncalves de Goncalves et al. 2013; de Oliveira et al. 2021; Restrepo-Coupe et al.
2021a; da Rocha et al. 2009; Rubert et al. 2018; Souza et al. 2019). However, due to the
cost and maintenance difficulties of the flux towers, there is a low density of coverage in
South America, as well as in other regions of the world, that do not cover all vegetation
and climate complexity. In South America, multiple initiatives have contributed to
advance of ET science through flux networks. Twenty two sites were used in this study
covering part of the South America are from: i) the Large-Scale Biosphere and
Atmosphere Experiment in the Amazon (LBA) program (Davidson and Artaxo 2004;
Gongalves de Gongalves et al. 2013; Keller et al. 2004; Restrepo-Coupe et al. 2021b;
Saleska et al. 2013), ii) AmeriFlux (Baldocchi et al. 2001), iii) Fluxnet (Pastorello et al.
2020), iv) Long-term Ecological Research in Pantanal (PELD) (Biudes et al. 2015), v)
South Brazilian Network of Surface Fluxes and Climate Change (Sulflux) (Roberti and
Acevedo 2012), and vi) National Observatory of Water and Carbon Dynamics in the
Caatinga Biome (ONDACBC) (Borges et al. 2020; de Oliveira et al. 2021). These
programs are intended to measure water flux, energy, and C0O, measurements, providing
studies about the interactions between terrestrial ecosystems and the atmosphere. Figure

2.2 presents the localization of these measurement sites across South America.
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Figure 2.2 Location of the sites in South America. South America biomes were adapted
from the Terrestrial Ecoregions of the World (Olson et al. 2001), and modified based on
Turchetto-Zolet et al. (2013).

The sites are located in a wide range of climate and biomes, mainly in Brazil. The Amazon
biome is covered by ten measurement sites, from west, east, and southwest region. The
westernmost site is in Peru, in a tropical peatland area, (Quistococha Forest Reserve -
QFR). The region is still few explored in terms of water, energy, and carbon fluxes,
representing important biophysical feedback about climate change. Peatlands are
important carbon and methane budgets ecosystems, which can be sensitive to
disturbances in natural cover land and become a major source of CO,, (Griffis et al. 2020).
The most eastern site is Guyaflux (GUY) in French Guiana, at tropical climatic
conditions, mainly driven by the north/south movement of the Inter-Tropical
Convergence Zone (ITCZ), and the dry period extending from August to November
(Bonal et al. 2008). In the central area, Manaus K34 (K34) is also in a humid tropical
climatic zone and has a three-month dry season (July—September) (da Rocha et al. 2009)
and has high precipitation rates (~2,400 mm/year). The easternmost sites, Santarém K67
(K67), Santarém K77 (K77), and Santerém K83 (K83) are near the confluence of the
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Tapajos and Amazon Rivers and have a four-month dry season (July—October) (da Rocha
et al. 2009; Saleska et al. 2003), and the annual precipitation rates is around 1,900
mm/year. K67 and K83 are two forested sites, however, K83 was selectively logged in
2001, removing only 5% of the aboveground biomass, creating a patchwork of intact
forest surrounding newly created gaps (Goulden et al. 2004). K77 is a cropland/pasture
site, approximately 500 ha field surrounded by tropical forest that was first used as pasture
field (~1990) to cattle grazing, and then, a rainfed cropland (rainfed rice and other crops),
after December 2001 (Sakai et al. 2004). However, after the harvest, in June 2002, the
field was not replanted (Restrepo-Coupe et al. 2013; Sakai et al. 2004).

In Southern Amazon Forest, we have four more sites (FNS, FSN, SIN and RJA), in a
transitional region between the Amazon and Cerrado biomes, presenting marked
precipitation seasonality and longer dry season. While Reserva Jaru (RJA) and Sinop
(SIN) are two tropical semi-deciduous forests, with longer dry season (from 4 to 5 month,
generally May to September) (Biudes et al. 2015; von Randow et al. 2004), Fazenda
Nossa Senhora (FNS), and Fazenda S&o Nicolau (FSN) are two pasture sites. FNS was
originally cleared in 1977 and consists of perennial grass, and in FSN, the forest was
converted to pasture in 1987, where the grass is similar to those dominant pasture grass
in FNS (Hasler and Avissar 2007).

At Pantanal biome there are two sites evaluated in this study, Northern Pantanal wetland
(NPW) and Fazenda Sao Bento (PAN). NPW is in a protected area known as Baia das
Pedras, located in the northern Pantanal, a region that is seasonally flooded (Dalmagro et
al. 2018). Floods typically reach the maximum flooding at March beginning, when
become an aquatic ecosystem, with peak flood levels typically not exceeding one meter
(Dalmagro et al. 2018, 2019). Whilst PAN is located to the south of the biome, in the
municipality of Corumba-MS, in a typical seasonally flooded area, consisting of grasses
and tree elements with a height of 8 to 10 meters (de Oliveira et al. 2006), where the
average annual precipitation showed lower values than in the north region, about 1,100
mm and the dry season between the months of April to September.

Cerrado is covered in this study by four sites. The biome is a savanna, which presents a
strong precipitation seasonality, where the wet season is usually from October to March,
and the dry season, from April to September (Sano et al. 2010). One site is in floodplain
area Tocantins-Javaés (BAN), in a native Cerrado area, located 1 km east the Javaés River
(Borma et al. 2009). The region has seasonal floods between the months of January and

March, when precipitation totals reach 300 mm/month, and last for about three to five
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months. The climate is predominantly humid tropical, and the dry season generally lasts
five months (May-September) (da Rocha et al. 2009). At native Cerrado there is one more
site, Brasilia (BRA), characterized by a xeromorphic, open-shrub savanna vegetation with
scattered shrubs and tree-like vegetation (defined as Cerrado Campo Sujo) (Santos et al.
2003). This site is in the Ecological Reserve of the Brazilian Institute of Geography and
Statistics (IBGE), 35 km south of Brasilia-DF. The region presents a strong seasonal
precipitation pattern, with a dry season from May to September, with practically no
precipitation from June to August, and a total annual precipitation of approximately 1,400
mm/year (Santos et al. 2003). Further south in the biome are two other sites, one in a
native Cerrado area, Pé-de-Gigante (PDG) (da Rocha et al. 2002), characterized by
pristine woodland savanna vegetation, and another is Usina Santa Elisa (USE), a cropland
site cultivated with rainfed sugarcane (Cabral et al. 2003). Both are in the state of Sdo
Paulo, region with a long dry season, from April to September and total annual
precipitation around 1,300 mm.

The driest biome studied here is Caatinga, one of the largest semiarid regions in South
America, covering a large area in Northeast Brazil, around 800,000 km? (IBGE 2004).
This region experiences a hot and dry climate, presenting average rainfall lower than
1,000 mm/year, markedly seasonal, causing longer dry period, high temperatures (23 to
27 °C), and lower relative humidity, usually below 50% (Menezes et al. 2012; de Oliveira
et al. 2012). Droughts are part of the natural climate variability in this region, mainly
affecting vulnerable populations, and providing risk of water scarcity and food security,
such as the 2012-2015 drought, which had significant impacts on agricultural production
in this region (Barbosa et al. 2019; Marengo et al. 2016). And, according to climate
change projections, this phenomenon is likely to continue occurring and intensifying in
the future (Marengo et al. 2016). This biome was assessed by two sites, with different
vegetation structures and densities: (i) Caatinga Campina Grande 1 (CCGL1), a pristine
Caatinga area with dense vegetation, and (ii) Caatinga Campina Grande 2 (CCG2), a
degraded Caatinga area with sparse vegetation and less than 2 m height (Borges et al.
2020).

It also evaluated sites in a subtropical condition, in Pampa biome, located in eastern side
of South America, covering parts of Argentina, Brazil, and Uruguay countries (Modernel
et al. 2016; Overbeck et al. 2007). In Brazil, Pampa biome occupies the southern region,
a transitional zone between tropical and temperate climates, with hot summers and cool

winters and no well-defined dry season (Overbeck et al. 2007). Thus, in this region, the
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climate is predominantly humid subtropical, with precipitation of around 1,600 mm/year,
distributed throughout the year, with an expressive thermal amplitude, where
temperatures are lower during the winter season, around 16 °C, and higher in the warmer
months, around 29 °C.

A mosaic of grassland and shrubland composes natural vegetation of this biome, which
are used to cattle, and agricultural production, highly influencing the economy and culture
of this region (Oliveira et al. 2017; Overbeck et al. 2007).

In this study, Pampa biome was evaluated through five sites, all in Rio Grande do Sul
state, Brazil. Two of them are in the natural grassland area, used to graze cattle, Santa
Maria (SMA), in the central region, and Pedras Altas (PAS), in the south (Rubert et al.
2018). The other three sites are in croplands areas, where Cachoeira do Sul (CAS) and
Paraiso do Sul (PRS) (Souza et al. 2019; Timm et al. 2014; Zimmer et al. 2016), are
irrigated rice sites, in the central region, and Cruz Alta (CRA) (Aguiar 2011), in the
northwest region, is cultivated with summer and winter crops (mainly soybeans in the
summer and wheat in the winter) in a rainfed system. Table 2.1 summarizes the
information on the flux measurement sites to be used in this study, as well as indicating
the references for each site, where more information can be found on instrumentation,

measurement procedures, and methods for gaps filling and data validation.

Table 2.1 Evapotranspiration measurements sites in South America.

Land Data

Site Name Biome Lat.(") Lon. (") o Reference
cover availability
Fazenda (von
FNS Nossa Amazon  -10.76 -62.35 Pasture Jl\ljlgrzggg; Randow et
Senhora al. 2004)
Fazenda (Priante-
FSN Sdo Amazon -9.85 -58.26 Pasture %?{22%%23— Filho et al.
Nicolau 2004)
Tropical Jan 2004— (Bonal et al.
GUY Guyaflux ~ Amazon 5.28 -52.92 forest Dec 2014 2008)
Tropical .
Manaus — ; Jan 2000- (de Aradjo
K34 K34 Amazon -2.60 -60.20 rf1um|d Sep 2006 et al. 2002)
orest
] Tropical
K67 Santarém — Amazon  -2.85 -54.95 humid Jun 2002 (Saleska et
K67 Jan 2006
forest al. 2003)
Pasture
. and rainfed (Sakai et al.
Santarém — Aug 2000—
K77 K77 Amazon -3.01 -54.53 cropland Nov 2005 2004)
(soybeans
and rice)
. Tropical
Santarém — . Jun 2000—
K83 K83 Amazon -3.01 -54.97 humid Mar 2004 (Goulden et

forest al. 2004)
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-11.41

-16.49

-19.56
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-15.93
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-7.27

-7.25

-30.27
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-29.74

-29.72

-73.31

-61.93

-55.32

-56.41

-57.01

-50.15

-47.87

-47.64

-48.11

-35.97

-35.95

-53.14

-53.66

-53.53
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-53.76

Tropical
peatland

Tropical
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Tropical
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savanna
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flooded)
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Jan 2018
Dec 2019

Jan 2000-
Nov 2002
May 2005—
Oct 2008

Dec 2013-
Jun 2017

Sep 2000-
Dec 2002

Oct 2003
Dec 2006

Jan 2011
Dec/2011

Jan 2001
Dec 2006

Jan 2001
Dec 2002

Jan 2013-
Sep/2017

Mar 2013
Feb/2017

Oct 2009
Mar/2015

Jan 2009—
Sep 2014

Sep 2013
Sep 2016

Oct 2003~
Mar 2004

Jan 2013
Dec 2016
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(Griffis et al.
2020)
(von
Randow et
al. 2004)
(Biudes et
al. 2015)

(Dalmagro
et al. 2018)

(de Oliveira
et al. 2006)

(Borma et
al. 2009)

(Santos et al.
2003)

(da Rocha et
al. 2002)

(Cabral et al.
2003)

(Borges et
al. 2020)

(Borges et
al. 2020)

(Souza et al.
2019)

(Aguiar
2011)

(Rubert et
al. 2018)

(Timm et al.
2014;
Zimmer et
al. 2016)

(Rubert et
al. 2018)
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2.3 Evapotranspiration models

ET is of significant importance to the terrestrial climate system, providing moisture to the
atmosphere, and plays a crucial role in linking water, energy, and carbon cycles (Fisher
et al. 2017; Jung et al. 2010). Studies have demonstrated that changes in land LULC can
alter the water exchange between the surface and the atmosphere, causing impacts over
precipitation, surface water availability, and Earth's surface temperature (Baker and
Spracklen 2019; Khand et al. 2017; de Oliveira et al. 2020; Vergopolan and Fisher 2016).
Since 1980s satellite images have become a valuable source of information to model ET.
Currently, there are a variety of models and approaches to estimate ET in multiple spatial
and temporal scales. The earliest method to estimate ET at large scale, based on remote
sensing was the surface energy balance (Zhang et al. 2016a). This approach allows us to
understand how the exchange of radiative, heat and moisture fluxes can affect the
biosphere (Bastiaanssen et al. 1998). This approach is described in Equation 2.1 account

net radiation (Rn) as a residual of LE, H and ground (G) heat fluxes.

R,=LE+H+G (2.1)

Bastiaanssen (1995) proposed the Surface Energy Balance Algorithm for Land (SEBAL)
to overcome most of the problems of the early surface energy balance models, which were
suitable for local and micro scales due to their dependence on local calibration and data.
This algorithm estimates the spatial variation of surface energy balance parameters
empirically, deriving H from remote sensing thermal infrared, and LE as a residual of
surface energy balance. H is determined as a function of temperature gradients, based on
maximum hot and cold pixels (Bastiaanssen et al. 1998; Zhang et al. 2016a). Therefore,
(Allen et al. 2007), based on SEBAL approach, proposed the Mapping ET at high
Resolution with Internalized Calibration (METRIC). This model improved the method to
select the hot and cold pixels and used an internally calibrated based on ET measurements
to reduce computational biases (Allen et al. 2007, 2011).

To overcome the computation challenge due to the selection of hot and cold pixels, to
determinate the temperature differential at SEBAL and METRIC models, Senay et al.
(2013) developed the Operational Simplified Surface Energy Balance (SSEBOP). The

model is based on simplified surface energy balance since it does not solve the energy
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balance equation completely. Based on this assumption, the formulation of the model is
more approximate of the psychrometric principle (Senay et al. 2013; Senay 2018). In the
SSEBOP approach, the psychrometric constant for the air is adapted to a comparable
constant for the surface, creating a unique surface psychrometric constant to a region and
day-of-year, simplifying the ET estimate, and providing operational applications (Senay
2018). Thus, land surface temperature from satellite images is used to estimate the
equivalent dry-bulb (Ts), and the wet-bulb (T'c) surface temperature, which is then used
to estimate ET fraction (Equation 2.2) (Senay 2018; Senay et al. 2020):

ETf =1—y5(Ts —Tc) (2.2)

where ET is the ET fraction, y° is the surface psychrometric constant based on the

aerodynamic properties of a dry-bare surface.
ET is computed based on Equation 2.3, as a product of ETy, ET reference (ET,), and a k

factor, used to scale the grass-reference ET to an alfalfa reference type (Senay et al. 2020).
ET = ET; x k * ET, (2.3)

Recently, (Senay et al. 2020) provided ET estimates from SSEBOP model on a global
scale, using land surface temperature data from Moderate Resolution Imaging
Spectroradiometer (MODIS) and meteorological data from Daymet/WorldClim and
Global Land Data Assimilation System (GLDAS). The data are available at 10 days,
monthly and yearly temporary scale and at 1km of spatial resolution.

Another physical approach was also formulated to represent the ET process by Penman
(1948) based on two terms: radiation and aerodynamic (Shuttleworth 2012). Since the
Penman equation was more related to calculating evaporation from open water, Monteith
(1965) added surface resistance terms in the equation. Therefore, the Penman-Monteith
equation (Equation 2.4) (Monteith and Unsworth 1990) becomes more consistent with

an estimate ET from vegetated surfaces.

VPD
A(Rn—G)'f'pCp?

A+ y(1+ :—2) (2.4)
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where VPD is the vapor pressure deficit, A is the slope of the vapor pressure curve, A is

the latent heat of evaporation, p is air density, C, is the specific heat capacity of air, y is

the psychrometric constant, and r,, and r;, are the aerodynamic and surface resistances.

Widely known and used by the scientific community, the MODIS Global
Evapotranspiration project (MOD16) was formulated by Mu et al. (2007, 2011) based on
Penman-Monteith equation, using the algorithm first proposed by Cleugh et al. (2007).
MODL16 calculates the total ET as the sum of water evaporation intercepted by the
canopy, canopy transpiration, and soil evaporation, partitioning available energy using
fractional cover (Mu et al. 2011). MOD16 estimates ET at the 8-day and monthly time-
scales, at a spatial resolution ranging from 500 m to 0.05°, the inputs include remote
sensing and global meteorological reanalysis data. The remote sensing inputs are derived
from MODIS, and include the land-cover classification, leaf area index (LAI), fraction of
photosynthetically active radiation, and albedo. The daily meteorological inputs include
shortwave incident radiation, air temperature, and specific humidity from the Global
Modeling and Assimilation Office (GMAQO) Modern-Era Retrospective Analysis for
Research and Applications (MERRA) reanalysis datasets, with have a spatial resolution
of 0.5° x 0.6°.

Another model based on Penman-Monteith equation is the Penman-Monteith-Leuning
Evapotranspiration (PML) (Gan et al. 2018; Zhang et al. 2016b, 2019). This approach
was formulated by Leuning et al. (2008) and Zhang et al. (2010) who developed
formulations to compute the canopy and soil water loss using a simple biophysical model
to calculate surface conductance and LAI. PML approach was improved to include
evaporation from precipitation interception by the canopy and coupled ET with gross
primary production (GPP) based on canopy conductance model (Gan et al. 2018; Zhang
et al. 2016b, 2019). The model uses data from MODIS, including LAI, albedo, and
emissivity, in addition to meteorological inputs derived from GLDAS.

To minimize the uncertainties in the aerodynamic and surface resistance estimates related
to Penman-Monteith approach, it was proposed the Priestley and Taylor equation
(Priestley and Taylor 1972) that use an empirical parameter to represent the aerodynamic

and surface resistances (Equation 2.5):

A(Rn—G)

AE =« v

(2.5)
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where « is the Priestley and Taylor parameter that is usually set as 1.26 to variety of well-
watered vegetated, and water surfaces (Fisher et al. 2009).

Based on Priestley and Taylor equation Fisher et al. (2008) developed the Priestley-
Taylor Jet Propulsion Laboratory model (PT-JPL), aiming to estimate the evaporative
flux on a global scale, using of approach eco-physiological constraints to reduce potential
ET estimates in actual ET, determined by relative humidity, VPD, and vegetation indexes.
Another remote sensing ET model based on this approach is the Global Land Surface
Evaporation: The Amsterdam Methodology (GLEAM) (Martens et al. 2017; Miralles et
al. 2011a). This model was designed to estimate terrestrial evaporative fluxes, and root-
zone soil moisture using maximum observations derived from remote sensing, at a spatial
resolution of 0.25° and a daily temporal resolution. GLEAM separates the terrestrial
components of ET into canopy transpiration, soil and open water evaporation,
interception loss, and sublimation. Each grid cell consists of four different fractions of
land cover: bare soil, sparse vegetation, dense vegetation, and open water. The
evaporative flux is computed separately for each cover fraction, and then aggregated at
the pixel scale. The Priestley—Taylor equation is used to calculate the potential ET and
then convert this to actual ET, according to the land cover and an evaporative stress factor,
the latter estimated from the root zone soil moisture and vegetation water content
(Martens et al. 2017; Miralles et al. 2011a, 2014).

The model requires minimal dependence on static fields of variables, proving reliable ET
estimates. In contrast to other models, a detailed module is used to estimate interception
loss, in addition coupling of the radiation-driven transpiration to the ground bio-physical
processes, and estimating soil evaporation separately (Martens et al. 2017; Miralles et al.
2011a).

These remote-sensing models can map ET at an unprecedented spatial and temporal
resolution, proving valuable information about variations of water exchange, seasonal
patterns, ET processes, and contribute to improve our understanding about the human
impact over energy and water cycles at a regional to global scales.

Energy balance models-based present as an advantage to estimate ET at finer spatial
resolution, providing valuable information about the impact of anthropogenic activities
on energy, water, and carbon cycles. Nevertheless, these models are mainly limited by

clear-sky conditions, since they are heavily dependent on land surface temperature
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information from remote sensing, which are only reliable for cloud-free conditions
(Zhang et al. 2016a). The requirement of clear sky conditions is a challenge to estimate
ET for longer time scales, especially when we are working with a finer resolution, such
as Landsat, which has a temporal resolution of 16 days, or in tropical regions, where the
wet season can be extended for longer time in some regions.

On the other hand, models based on vegetation index can estimate ET at long-term scale
and cover the most regions world-wide, providing information about the ET patterns,
drivers and limiting factors, from local to global regions. However, these models use
some static input data and parametrizations, which can add uncertainties in the
estimations. Furthermore, the uncertainties from meteorological reanalysis datasets can
also be one reason for errors and for discrepancies observed between different models
world-wide (Gomis-Cebolla et al. 2019; Melo et al. 2021; Michel et al. 2016; Miralles et
al. 2016; Talsma et al. 2018).

The spatial comparison between the main remote sensing models to estimate ET that are
freely available is shown in Figure 2.3. It worthy to note the spatial scale differences
between them, and the divergencies to inform the ET magnitudes. For instance, MOD16
and SSEBOP show more details over South America than GLEAM and PML. Higher
divergencies are observed mainly in the northeast region, central Brazilian region
(Cerrado biome), and in the northern Amazon. In chapter 5 we will return to this
discussion to bring the main reasons for the disagreement between the remote sensing
models to estimate ET. The summary of the advantages, limitations, and main references

of the ET models based on remote sensing are presented in Table 2.2,
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ET (mm/day)
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Figure 2.3 Remote sensing models estimating spatial evapotranspiration (ET), on daily
average, for 2003-2017 period, covering South America. a) Global Land Evaporation
Amsterdam Model (GLEAM) (Martens et al. 2017; Miralles et al. 2011a), b) MODIS
Global Evapotranspiration project (MOD16) (Mu et al. 2011), ¢) Penman-Monteith-
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Leuning Evapotranspiration (PML) (Gan et al. 2018; Zhang et al. 2016b, 2019), and d)
Operational Simplified Surface Energy Balance (SSEBOP) (Senay et al. 2013).



Table 2.2 Summary of evapotranspiration models evaluated in this study
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Spatial Temporal Main remote
Model Methods . . sensing Advantages Limitations References
Resolution Resolution -
drivers
Require clear-sky
SEBAL High spatial condition, dependent (Bastiaanssen
resolution, useful to of image domain, 1995)
Surface water management  sensibility of hot and
energy and anthropogenic  cold pixels selection,
balance impacts evaluation, do not distinguish
; (Allen et al.
METRIC less between soil
dependenton  dependent on parametrizations evaporation and 2007)
the satellite the satellite Land surface canopy transpiration
spatial temporal temperature Global coverage,
resolution resolution Ic_)w compIeX|_ty to Do not distinguish
N implementation, .
Simplify between soil
useful to water .
surface evaporation and (Senay et al.
SSEBOP management and L
energy . canopy transpiration, 2013)
anthropogenic
balance . . do not solve all energy
impacts evaluation,
. . balance terms
publicly available,
long period of data
Parametrization of
Leaf area index, surface conductance,
MOD16 Ifﬂegr:?;?i; 500 meters to 8 days, land cover, albedo, CJL?:)C&:I C;\);:ggfé use of static input (Mu et al. 2007,
0.05 degree monthly emissivity P Y ) data, requirement of 2011)
long period of data
measurement data for

calibration



PML

GLEAM

PT-JPL

Penman-
Monteith

Priestley-
Taylor

500 meters

0.25 degree

1 degree

8 days

daily,
monthly,
yearly

monthly

Global coverage,
publicly available,
long period of data,

couple ET and gross
primary production

Global coverage,
publicly available,
long period of data,
maximizes the use

of remote sensing

data

Leaf area index,
fraction of
photosynthetically
active radiation, land
cover, albedo

Vegetation cover
fraction, vegetation
optical dept, soil
moisture, precipitation

Global coverage,
low complexity to
implementation

Vegetation indexes

Simplification of
processes,
parameterization
schemes

Low spatial
resolution,
overestimate of water
stress

Many
ecophysiological,
parameterizations, low
spatial resolution

(Gan et al. 2018;
Zhang et al.
2016b, 2019)

(Martens et al.
2017; Miralles
et al. 2011a)

(Fisher et al.
2008)
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2.4 Uncertainties of evapotranspiration remote sensing models

Considering ET-based science, Fisher et al. (2017) emphasized that despite the significant
advances that have been made, more information about ET is still necessary to scientific
questions and challenges within Earth System Science can be fully resolved. An
important point highlighted was the need for refinements and improvement of ET
accuracy, in order to enable better management of water use, as well as provide more
accurate predictions of climate changes scenarios.

ET model uncertainties have been evaluated at different spatial scales, at multiple
measurement sites and basins world-wide (Elnashar et al. 2021; Khand et al. 2017; Kim
etal. 2012; McCabe et al. 2016; Melo et al. 2021; Michel et al. 2016; Miralles et al. 2016;
Ruhoff et al. 2013; Senay et al. 2020; Sorensson and Ruscica 2018; Souza et al. 2019;
Zhang et al. 2019).

At global scale, Elnashar et al. (2021); McCabe et al. (2016); Michel et al. (2016);
Miralles et al. (2016); Senay et al. (2020) and Zhang et al. (2019) conducted analyses
evaluating remotely sensed based ET estimates under different approaches against
measurement sites and basins across the globe.

Michel et al. (2016) evaluated four models, two of them based on Priestley and Taylor
approach (GLEAM and PT-JPL?), one based on Penman-Monteith equation (MOD16),
and one based on surface energy balance (Surface Energy Balance System - SEBS). It
was demonstrated that PT-JPL and GLEAM provided the best performance, when forced
by satellite or measurement sites data, and considering different temporal resolution (sub-
daily and daily). On the other hand, MOD16 and SEBS demonstrated a systematic under
and overestimation, respectively, across global sites. In addition, the authors inform that
all models provide better agreement on wet and moderately wet climate regime, since at
dry climate the models demonstrate a tendency to overestimate ET, mainly due to water
availability constraining.

Corroborating these findings, McCabe et al. (2016), who also evaluated ET models (PT-
JPL, MOD16, GLEAM and SEBS) against 45 globally distributed measurement sites,
showed that PT- JPL provided the highest overall statistical performance when compared
to the other models, followed by GLEAM. The authors also verified an underestimation

tendency in the MOD16 and an overestimation in the SEBS estimations. Furthermore, the

2 Priestly-Taylor Jet Propulsion Laboratory
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study demonstrated that when it is considered ET estimations to all globe, there is a
tendency to reduce the performance of all models, mainly due to a response to scale
mismatch and issues related to forcing quality. Also evaluating these same models (PT-
JPL, MOD16, GLEAM and SEBS), (Miralles et al. 2016) conducted an analysis of 837
globally distributed basins, intercomparing the performance of these models between
them, demonstrating that all models showed large dissimilarities over water stress and
drought conditions.

Other ET models have been still also evaluated in terms of accuracy. For instance, Zhang
et al. (2019), assessed PML model based on 95 measurement sites across the globe. The
main results demonstrated that PML presents a high accuracy when compared with the
measurements and outperforms most available ET models. Senay et al. (2020), evaluated
the performance of the SSEBOP using 12 measurement sites over six continents and
verified a reasonable performance of this model in capturing ET seasonality, despite the
model demonstrate regional biases.

At South America scale, Ruhoff et al. (2013) assessed MOD16 estimations based on two
measurement sites, at Cerrado biome, under natural land cover and agricultural area, and
based on basin scale. The results showed variations in the uncertainties of this model as
a function of scale, emphasizing that analyses at different spatial and temporal scales are
of great importance in the evaluation of ET estimates based on remote sensing.

Also based on a local scale, Souza et al. (2019) evaluated the MOD16 model at irrigated
cropland sites in Southern Brazil. The results informed an underestimation of the MOD16
in these sites, corroborating to the previous global studies. However, this study was also
demonstrated that ET from MOD16 has a significant divergence with the measurements
in terms of the main drivers. For instance, while the measurements showed higher
agreement between ET and net radiation, ET from the MOD16 yielded higher correlation
with LAI and fraction of photosynthetically active radiation.

Considering large scale of South America, S6rensson and Ruscica (2018) performed an
intercomparison between several ET estimations, based on reanalysis, land surface, and
remote sensing models, demonstrating that in dry regions the relative uncertainty of
annual mean ET is higher than energy-limited regions. Melo et al. (2021) who evaluated
a set of remote sensing models using 25 measurement sites over the continent showed
that the models seem to be unrelated to land-use, presenting some dependency on biome

and climate, since they performed better in wet and moderately wet environments.
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These studies reinforced that the different model approaches to estimate ET can imply in
divergency between the model estimations. Furthermore, it was demonstrated that model
uncertainties can vary with spatial scale and climate conditions and was indicated that
there is no single best performing model across all global biome types. In addition, despite
the uncertainties of the models, these studies demonstrated that ET estimations

reasonably agree with the measurement sites.

2.5 Evapotranspiration drivers and controls

ET is controlled by both physical and biophysical processes, ranging at multiple temporal
and spatial scales (Zhang et al. 2016a). Some studies reinforce that we need to improve
our understanding of the ET control in space and time to advance ET estimates and
improve climate models (Hutyra et al. 2007; Zhang et al. 2016a). Considering that water
is not a limiting factor, ET is primarily a function of available radiation to vaporize water.
However, other factors can also affect ET, such as (i) wind speed (u), (ii) vapor pressure
deficit (VPD), (iii) temperature, (iv) soil moisture (soil water availability), and (v)
vegetation conditions (Xu and Levy 2011).

The effects over the ET process are accounted in Penman-Monteith equation. Both, net
radiation, and surface-atmosphere interactions are considered in this equation, where net
radiation accounts for the ability of the surface in capturing incoming radiation (Pereira
2004). The surface-atmosphere interactions, that depends on the aerodynamic
characteristics of the surface express the conversion of sensible heat of the surrounding
air into latent heat, representing the effect of vegetation over ET (Fredlund et al. 2012;
Priante-Filho et al. 2004; Stewart 1989).

In South America, mainly in tropical rainforest, several studies have been assessing the
factors that can control ET. One of the first studies was conducted by Hasler and Avissar
(2007), who used eight measurement sites to evaluate spatial variability and ET patterns
over the Amazon basin. It was shown that ET patterns are consistently controlled by
radiation at equatorial sites (2°S—3°S), increasing during the dry season and decreasing
over the wet season. On the other hand, in the southern Amazon sites, (9°S to 11°S), no
clear seasonality was identified between ET and net radiation. In these sites, over the wet

season, it was verified a strong relationship between radiation and ET. However, during
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the dry season lower correlation coefficients were found with radiation, while ET seems
to be likely correlated with water stress during this period.

da Rocha et al. (2009), and Costa et al. (2010), who also evaluated measurement sites in
the Amazon, reinforced the Hasler and Avissar (2007) findings, showing that radiation is
the main driver of ET in wet equatorial sites, while in a transition region, between
Amazon/Cerrado the importance of biotic response to water stress increases.
Corroborating with these findings, Restrepo-Coupe et al. (2013) demonstrated that
photosynthetic activity at sites in central Amazonia is maintained or increased during the
dry season, implying that water availability is not a limiting factor, but rather net radiation
availability. Furthermore, Maeda et al. (2017) evaluated the seasonal patterns of ET and
its relationship with environmental factors, using the water balance approach, in five sub-
basins in the Amazon. The results showed that ET patterns differ in time and magnitude,
confirming findings based on flux measurement sites, and demonstrating that limiting
factors also vary across climatic gradients.

According to Biudes et al. (2015) and to Sanches et al. (2011), in Pantanal, a wetland
region, ET pattern is pronounced and largely attributable to seasonal variations in
radiation and soil water availability. In addition, despite the importance of these factors,
it was also suggested that ET decreasing over the dry season can be more related to
decreases in soil evaporation than reduction in tree transpiration, implying that there is a
significant resistance to water vapor exchange from stomatal closure as the dry season
progresses.

As demonstrated by these studies, the relative importance of water availability and
biophysical controls over ET increases from the North-South climatic and biome
gradients in South America, mainly over the dry season.

In Cerrado and Caatinga biomes, we can verify more clearly the vegetation control on ET
over the year. For instance, in Cerrado (Cabral et al. 2015; Rodrigues et al. 2014; Vourlitis
etal. 2002), and Caatinga biomes (Marques et al. 2020), during dry and transition seasons,
water exchange is mainly driver by water available, and controlled by vegetation,
indicating that biophysical factors have more relative importance on ET than physical
limitations, while, for Cerrado biome, in wet season, abiotic factors exert more relative
importance.

When we discussed subtropical biomes, such as Pampa in the South of Brazil, we verified

that water availability is not a limiting factor for water exchange, and ET is mainly
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determined by atmospheric forcing, as net radiation and VPD (Rubert et al. 2018).
However, as this biome is usually used to cattle grazing and to cultivation of agricultural
crops, it can be differently affected by these anthropic land uses. As related by Diaz et al.
(2019), who evaluated measurement site under cropland condition, the ET interannual
variability could is not entirely explain by the interannual variability of the atmospheric
conditions in this biome, suggesting the biophysical conditions may represent a more
significant influence on ET patterns. As commented by Restrepo-Coupe et al. (2013), and
von Randow et al. (2012) changes in land cover, such as conversion from forest to pasture
in the Amazon, exhibit energy flux patterns consistent with water limitations, while intact
forests do not present suffer water stress, and this replacement may affect the regional
water and flux cycles. These studies have demonstrated a substantial contribution in
advancing our knowledge of how environmental and biological factors can control ET,

clarifying the ET controls, as LULC are altered.
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CHAPTER 3

Assessment of terrestrial water balance using remote sensing data

in South America3

3.1 Introduction

Improve the knowledge of the earth's surface and atmosphere interactions is essential for
understanding how anthropogenic activities can affect the climate, as well as their
potential to impact the water cycle. One of the possibilities for assessing such dynamics
is the quantification of water and energy cycles. Estimates of water balance enable us to
understand water basins dynamics in relation to the changes they experience, which is
crucial in terms of water availability, extreme climatic events, such as droughts and
floods, water resources management (Reichert et al. 2017; Sahoo et al. 2011; Sheffield et
al. 2009).

Overall, the measurements of hydrological cycle components are not dense enough to
cover the large spatial that represent the surface heterogeneity, or to provide an
understanding of the water balance dynamics at larger spatial scales. Due to this,
particularly in developing countries, large-scale water balance estimation using in situ
measurements is still a challenge (Gao et al. 2010; Sheffield et al. 2009).

Remote sensing is a promising possibility for achieving water cycle component estimates
at different spatial and temporal resolutions, with the potential to provide data for regions
with low-density in situ measurements around the globe. For example, the number of
available rain gauges and measurement fluxes towers are not enough to reflect the surface
and atmospheric heterogeneity. Remote sensing has the advantage of being able to
provide observations of the earth’s surface and atmosphere, enabling analysis of the
scenarios that account for natural variability, LULC or climate changes (Gao et al. 2010).
Since the launch of the twin-satellites GRACE the Gravity Recovery and Climate
Experiment (GRACE), in 2002, it has been possible to use remote sensing data for water
balance estimations. Several studies have assessed the water balance from remote sensing
data in basins around the world (Azarderakhsh et al. 2011; Long et al. 2014; Maeda et al.

3 Published in the Journal of Hydroloy (2019).
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2017; Rodell et al. 2004, 2011; Sahoo et al. 2011; Sheffield et al. 2009; Swann and Koven
2017; Zhang et al. 2018)

Sheffield et al. (2009) presented one of the first attempts to apply remote sensing data to
water balance estimation, concluding that the water balance closure still could not be
purely achieved using remote sensing estimations, mainly due to problems with the
overestimation of precipitation and uncertainties in the GRACE terrestrial water storage
changes (TWSC) data. Other studies have also been devoted to water balance estimations
using remote sensing, but most have acknowledged that uncertainties in the hydrological
datasets’ are still a challenge for water balance assessment (Azarderakhsh et al. 2011;
Gao et al. 2010; Oliveira et al. 2014, Sheffield et al. 2009; Swann and Koven 2017; Zhang
et al. 2018). However, they have also agreed that such estimates offer significant
information on water cycles and can be useful to monitor extreme events and provide
valuable information to water resources management, particularly in regions where water
Is a limiting resource (Azarderakhsh et al. 2011; Sahoo et al. 2011). Some of these studies
have highlighted gaps that demand further examination. One of these is the water balance
closure (Gao et al. 2010; Sheffield et al. 2009). Pan et al. (2012), Sahoo et al. (2011), and
Zhang et al. (2018) proposed some data assimilation methods from various sources
(remote sensing, in situ measurements, reanalysis and land surface models) for the
purpose of evaluating the water balance closure. A dataset combining water cycle
variables from multiple sources, with the Climate Data Record, on a monthly scale, with
spatial resolution of 0.5° was developed by Zhang et al. (2018), aimed at providing
spatially and temporally consistent water-cycle variables, which can help the scientific
community to understand climate variability through water balance estimates.
Understanding the origin of uncertainties in remote sensing products and their spatial
variability is another critical issue that deserves further study. Investigation of the errors
that can exist in these products is important for achieving future water-cycle observation
missions with fewer errors regarding water balance closure (Gao et al. 2010; Penatti et al.
2015; Sahoo et al. 2011).

There is also a need for studies to evaluate remote sensing products in different climatic
regions and at different temporal scales, since most studies have evaluated basins in the
Northern Hemisphere (Long et al. 2014; Rodell et al. 2004; Senay et al. 2011; Sheffield
et al. 2009).
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Some basins have been studied in South America, including the Amazon basin
(Azarderakhsh et al. 2011; Swann and Koven 2017), in the Cerrado (Brazilian savannah)
and Pantanal (Brazilian tropical wetland) (Oliveira et al. 2014; Penatti et al. 2015) biomes.
South America is a freshwater-abundant continent, with several large-scale basins, such
as the Amazon and the La Plata. The discharge from the Amazon River contributes about
15-20% of the world's total discharge of fresh water to the ocean (Davidson and Artaxo
2004, Salati and Vose 1984), whilst the La Plata basins play an important role in South
American agriculture and hydroelectricity production (Chen et al. 2010; Popescu et al.
2012; Tundisi et al. 1998). On the other hand, this region has been affected by
hydrological extremes in recent years, such as the occurrence of droughts (2005 and 2010)
and floods (2009 and 2012) in the Amazon, and multiyear droughts in northeastern
(2012-2015) and southeastern (2014-2015) Brazil, which had significant effects on the
water supply (Marengo 2014; Marengo et al. 2016; Nobre et al. 2016).

Future projections by the Intergovernmental Panel on Climate Change suggest more
numerous occurrences of extreme hydrological events, which will mainly affect the
Amazon and northeastern regions, with a greater frequency, intensity, and duration of dry
seasons, and the occurrence of heavy rains in the southern region of Brazil (Fisher et al.
2017; Marengo 2014). In this context, remote sensing estimations of the terrestrial water
cycle become important tools for comprehensively understanding the water dynamics in
South America.

In this regard, we aimed to evaluate the water balance accuracy through different remote
sensing datasets, at multiple basin scales across South America, covering a wide range of
biomes and climatic conditions. The following scientific questions helped shape the
development of this research: 1) how consistent are precipitation and ET remote sensing
estimations over South America?; 2) do current remote sensing products provide
advances in TWSC and discharge derived from the water balance?; 3) how does scale
effect influence in the water balance closure accuracy?

Our methodology included an evaluation of each remote sensing dataset against observed
measurements. We then used the remote sensing estimations to calculate the TWSC as a
residual of the simplified water balance equation from small to large basins in South
America, including yet unevaluated basins (most of the previous studies cover well-
monitored basins in the Northern Hemisphere or only large basins in South America).

Finally, to understand the potential of remote sensing for evaluating the terrestrial water
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cycle, we assessed the uncertainties in the water balance using estimated errors for each

independent hydrological variable.

3.2 Dataset descriptions and methodological analysis

3.2.1 Study area

The water balance was evaluated in South America on a monthly time scale in 50 wide
basins, under a range of climatic regimes, for 2003 through 2014. The discharge stations
of Brazilian Water Agency (ANA) and Argentina Hydrological network (BDHI), the
basin areas, measurements sites used in the study and land-cover type for South America
are presented in Figure 3.1. Further information about the size, location, biome, and
climatic conditions of the basins are presented in Supplementary Information Table
SI3.1.
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Figure 3.1 Location of the measurement sites and the discharge stations used to evaluate
the water balance over different LULC conditions in South America.

The largest basins are concentrated in the Amazon region, the largest tropical rainforest
in the world, at around 7 million km2, and covering about 40% of South America.
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Recently, the Amazon basin was affected by extreme droughts in 2005 and 2010 (Lewis
et al. 2011; Marengo et al. 2008) and floods in 2009, 2012 and 2014, which caused
enormous social and economic losses (Azarderakhsh et al. 2011; Marengo 2014; Marengo
etal. 2012; Sena et al. 2012).

Some of the basins are in the heart of South America, in the Cerrado biome. The Cerrado
Is the second largest biome in South America, covering about 22% of Brazil, and is
extremely important for water resources availability, because it is the source area of
several large basins in Brazil (i.e., the S&o Francisco, which carries water to the semi-arid
region of northeastern Brazil). Cerrado also has great relevance regarding groundwater,
with a large area of the Guarani Aquifer system located in this biome (Oliveira et al.
2014). Furthermore, it is a hotspot for biodiversity, with many endemic species of fauna
and flora (Hunke et al. 2015; Oliveira et al. 2014; Sano et al. 2010).

Tropical and subtropical basins are in the La Plata basin, the second largest basin in South
America (after the Amazon), which covers Brazil, Argentina, Paraguay, Bolivia, and
Uruguay. This basin is highly populated and has great economic importance due to the
intensive agriculture and hydropower generation that occurs there; however, it has
recurrent problems with droughts, floods, and intensive water use (Chen et al. 2010). The
drought and flood events have caused severe economic and social losses here (Cavalcanti
et al. 2015; Pasquini and Depetris 2007), such as the droughts that occurred in 1999/2000,
2006 (Chen et al. 2010), and 2009 (Abelen et al. 2015) and the flood in 1982/1983, 1992,
1997/1998, 2002/2003, 2007 (Cavalcanti et al. 2015; Chen et al. 2010), and 2009/2010
(Abelen et al. 2015). One of the largest hydropower plants in the world (the Itaipu plant),
in terms of power generation, is located in this basin having a capacity of 14,000 MW,
being responsible for 20% of the hydropower energy consumed in Brazil and supplying
80% of the electricity consumed in Paraguay (Nébrega et al. 2011; Sperling 2012).

In southern, southeastern, and eastern Brazil, the available water resources are essential
for irrigation, urban water supply and for hydropower generation. Extensive crops of
irrigated rice are in the Uruguay and South Atlantic basins, representing around 70% of
Brazil's production (12.4% of Brazil's total area lies in the South Atlantic and 7.9% in the
Uruguay basins. These have a high demand for water (ANA 2015; CONAB 2015), thus
the largest consumption in these basins is for irrigation (66% in the South Atlantic and
82% in the Uruguay basin).
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3.2.2 Remote sensing dataset descriptions

Precipitation and ET datasets that were based on remote sensing estimations that were,
commonly used, well validated and available at the global scale were selected to assess
water balance in this study. For precipitation, we used the Tropical Rainfall Measuring
Mission (TRMM) and The Multi-Source Weighted-Ensemble Precipitation (MSWEP)
datasets, and for ET, we used MOD16 and GLEAM. We also used terrestrial water
storage changes from GRACE, available from 2002 to present. A basin average for each
remote sensing dataset was used to evaluate the terrestrial water balance in South

America.

3.2.2.1 Precipitation

We used two different satellite-based precipitation products: TRMM3B43 version 7
(Huffman et al. 2007) and MSWEP version 2.1 (Beck et al. 2017a). The first precipitation
dataset evaluated was that of the TRMM multi satellite precipitation analysis (TMPA),
used to estimate tropical and subtropical rainfall. The TMPA datasets combines multiple
satellite precipitation estimates and rain gauge measurements with a spatial resolution of
0.25° and 3-hourly, daily, and monthly temporal resolutions. The TRMM 3B43 dataset
extended from 50° N to 50° S and covered the period from January 1998 to the present
(Huffman et al. 2007, 2010). MSWEP, a global dataset with a spatial resolution of 0.1°
and 3-hourly, daily, and monthly temporal resolution, was specifically designed for
hydrological modeling (Beck et al. 2017a).The time-series extends from January 1979 to
present. MSWEP dataset merges several high-quality precipitation datasets, including
rain-gauge measurements, satellite observations, and reanalysis data, as a function of
timescale and location (Beck et al. 20173, 2019).

3.2.2.2 Evapotranspiration

Two global terrestrial ET datasets were used: MOD16 version 5 (Mu et al. 2011) and
GLEAM version 3.2 (Martens et al. 2017; Miralles et al. 2011a). Both ET estimations
were based on 8-day averages for computing uncertainties, and on monthly timescale for
computing the water balance. It was used MOD16 at 0.05°, and GLEAM at 0.25° of
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spatial resolution. Models approaches, main remote sensing data inputs, advantages, and

limitations of these models it was presented in the chapter 2.

3.2.2.3 Terrestrial water storage

The GRACE mission was launched in 2002, with the main purpose of mapping variations
in the Earth’s gravitational field by measuring the distance between two orbiting satellites
(Landerer and Swenson 2012; Swenson and Wahr 2006; Tapley et al. 2004). The
available GRACE data are anomalies relative to a time-mean baseline, and so TWSC can
be obtained as the time derivative of the anomalies (Long et al. 2014). Three different
research centers process GRACE data: the GeoForschungsZentrum (GFZ), the Center of
Space Research (CSR), University of Texas, and NASA Jet Propulsion Laboratory (JPL).
We used a simple average of the three different solutions (GFZ, CSR, and JPL) to reduce
the noise in the gravity field GRACE solutions (Sakumura et al. 2014). A summary of the
remote sensing dataset used to assess the terrestrial water balance in South America is

presented in Table 3.1.

Table 3.1. Summary of the remote sensing datasets used in this study for evaluating the

water balance in South America.

Data Spatial Temporal
availability resolution resolution
Precipitation

Dataset  Version Data source Reference

TEB“Z';\/' 7 1998 — 2019 0.25° monthly Mirador (";ﬁ‘_f‘;rgg%m
(Beck et al.
MSWEP 2.1 1979 — present 0.1° monthly GLOH20 2017a,
2019)
Evapotranspiration
Numerical
500 m 8-day Terradynamic (Mu et al.
MOD16 > 2001 — present 0.05° monthly Simulation 2011)
Group
(Martens et
o . al. 2017;
GLEAM 3.2 2003 -2020 0.25 daily GLEAM.eu .
Miralles et
al. 2011a)
Terrestrial water storage
R GRACE (Tapley et
GRACE 5 2002 - 2017 1 monthly Tellus al. 2004)

Land use and land cover

NASA Earth  (Friedl et al.

MCD12 6 2000 — 2016 500 m yearly Data 2010)
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3.2.3 Surface observations

3.2.3.1 River discharge measurements

To evaluate the water balance across 50 wide basins located in South America, we used
daily measurements discharge from the ANA and BDHI networks from 2003 to 2014.
We selected discharge stations with minimal failures during the period of study since we
did not ogap-fill the data. The respective datasets are available at

http://hidroweb.ana.gov.br/ and at http://bdhi.hidricosargentina.gob.ar/.

3.2.3.2 Precipitation measurements

We also used 265 and 42 rain gauges monthly precipitation measurements from the
Brazilian National Institute of Meteorology and BDHI network, respectively, to evaluate
accuracy of the remote sensing precipitation estimations (TRMM and MSWEP). As in
gauge measurements, we did not gap-fill in rain gauges, since we used a monthly temporal
data, provided by agencies, with minimal failure, from 2003 to 2014.

The respective datasets are available at http://www.inmet.gov.br/projetos/rede/pesquisa/
and at http://bdhi.hidricosargentina.gob.ar/.

3.2.3.3 Evapotranspiration measurements

ET uncertainties of MOD16 and GLEAM models were evaluated using 16 measurements
sites of the twenty-three presented in the chapter 2 (Table 2.2), covering a wide range of
LULC and climatic conditions in Brazil (Table 3.2).

The measurements sites are from LBA (Davidson and Artaxo 2004; Gongcalves de
Gongcalves et al. 2013; Keller et al. 2004; Restrepo-Coupe et al. 2021b; Saleska et al.
2013) and the Sulflux network (Roberti and Acevedo 2012).

The LBA is an international program that was created in 1993 and is a pioneer in studies
of interactions between terrestrial ecosystems and the atmosphere in a region of great
human and natural complexity important results from the program have been summarized
by Davidson et al. (2012) and Keller et al. (2009).The Sulflux network is a scientific and
interinstitutional cooperation, created in 2008 with the goal of establishing a network for

the continuous and extended-period measurement of water, energy and CO,, flux involved
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with interactions between the surface and atmosphere in the ecosystems of southern
Brazil, based on several experimental sites, located in different LULC conditions (Roberti
and Acevedo 2012). The measurements sites have been extensively described (see
references in Table 3.2), in terms of their environmental characteristics, the equipment
used, the measurement procedures, gap-filling methods, and data validation. We used 30-
minutes and daily measured LE to evaluate ET estimates. All datasets were evaluated in
terms of quality control, in order to remove spurious values, following methodology
described in Souza et al. (2019), Rubert et al. (2018), and in Diaz et al. (2019). In addition,
we excluded data for global radiation <10 and LE >100 W/m? at night and during the
occurrence of precipitation. To convert measured LE (W/m?) to ET (mm), we used
Equation 3.1 (Shuttleworth 2012). We did not gap-fill the data and to compute average

ET, we used a maximum gap of 25%, following Fisher et al. (2009).

ET = (3.1)
Table 3.2 Measurements sites used to evaluate ET uncertainties.
Site Name Biome Lat.(®) Lon.(") Land F)ata} . Reference
cover availability
Fazenda (von
FNS Nossa Amazon  -10.76 -62.35 Pasture J“ler;rZSggAj Randow et
Senhora al. 2004)
Tropical .
Manaus — i i ; Jan 2000- (de Aratjo
K34 K34 Amazon 2.60 60.20 t]lumld Sep 2006 et al. 2002)
orest
. Tropical
Ko7 ~ SAMAEM- Apason 285 5495 humid  UN20020 qheqkact
K67 Jan 2006
forest al. 2003)
Pasture
) and rainfed
Kyy ~ Santarem - Amazon  -3.01 -54.53 cropland Aug 2000 (Sakai et al.
K77 Nov 2005
(soybeans 2004)
and rice)
. Tropical
Kez ~ SAMAEM- Apason 301 5497 humid 2000 Gouigenet
K83 Mar 2004
forest al. 2004)
Tropical (von
RJA Reserva Amazon  -10.08 -61.93  semidecidu Jan 2000-Nov Randow et
Jaru 2002
ous forest al. 2004)
Fazenda Sep 2000 (de Oliveira
PAN S0 Bento Pantanal  -19.56 -57.01 Grassland Dec 2002 et al. 2006)
Woodland (Borma et
Javaés/ savanna Oct 2003-
BAN Tocantins Cerrado -9.82 -50.15 (seasonally Dec 2006 al. 2009)
flooded)
BRA  Brasilia  Cerrado  -15.93  -47.87 S((?Zr?]nnoa Jan 2011~ (Sagt(())gse)t .
: : P Dec 2011

sujo)



Reserva Pé

PDG de Gigante Cerrado  -21.61
USE Sarl;izig?isa Cerrado  -21.72
CAS ijf)hgﬁilra Pampa  -30.27
CRA Cruz Alta Pampa -28.60
PAS PAeﬂZS Pampa  -31.71
PRs ~ AS0dO  pyna 2074
Sul
SMA fﬂafﬂtiz Pampa -29.72

-47.64

-48.11

-53.14

-53.66

-53.53

-53.14

-53.76

Woodland
savanna

Cropland
(rainfed
sugarcane)
Cropland
(irrigated
rice)
Cropland
(rainfed
soybean
and wheat)

Natural
grassland

Cropland
(irrigated
rice)

Natural
grassland

Jan 2001
Dec 2006

Jan 2001
Dec 2002

Oct 2009
Mar 2015

Jan 2009—
Sep 2014

Sep 2013-Sep
2016

Oct 2003—
Mar 2004

Jan 2013
Dec 2016
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(da Rocha et
al. 2002)

(Cabral et al.
2003)

(Souza et al.
2019)

(Aguiar
2011)

(Rubert et
al. 2018)

(Timm et al.
2014;
Zimmer et
al. 2016)

(Rubert et
al. 2018)

3.2.4 Assessment of accuracy of the precipitation and evapotranspiration estimations

To assess the accuracy of the precipitation and ET estimations, we computed the scalar

non-probabilistic metrics, such as the coefficient of correlation (r) (Equation 3.2), bias
(Equation 3.3), the root mean squared error (RMSE) (Equation 3.4) and relative RMSE

(Equation 3.5), between the observed (Obs) and estimated (Est) data in time i.

i ,(0bs;—0bs)(Est;—Est)

Iz onsi-05572) B2 Bsti -0y

T =

bias = % i=1 (Est; — Obs;)

_ (ESti—ObSi)z
RMSE = \/Z?ﬂT
Relative RMSE (%) = =— x 100

where n is the sample number.

(3.2)

(3.3)

(3.4)

(3.5)
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3.2.5 Water balance and uncertainty analysis

To evaluate the water balance (Equation 3.6) from 2003 to 2014 in South America, we
used monthly average observations between two periods (Getirana et al. 2014; Oliveira
et al. 2014; Rodell et al. 2004, 2011; Sheffield et al. 2009).

ds _ Pa+pt P ETe4ny+ ETe  Quan+ Qt
dat 2 2 2

(3.6)

where S is the terrestrial water storage, P is precipitation, and Q is the basin discharge,
with all variables in mm/month. Each variable was cumulated at time t. As remote sensing
inputs, for precipitation, we used the TRMM and MSWEP datasets, whilst for ET we
used MOD16 and GLEAM. Considering that GRACE terrestrial water storage (TWS)
anomalies are given at irregularly-timed intervals, we computed these changes as the
difference between two GRACE points, representing the average change in terrestrial

water storage (Long et al. 2014; Oliveira et al. 2014) (Equation 3.7):

dS _ TWS _ TWSyp1—TWS; (3.7)
dat  dt At '

Uncertainties in the monthly estimates of the water balance were assessed by combining
the individual uncertainties for precipitation, ET, and discharge.

Assuming that the errors in these variables are independent and normally distributed, the
relative uncertainty was given by the quadrature sum of errors of each variable (Equation
3.8) (Long et al. 2014; Rodell et al. 2004, 2011; Senay et al. 2011; Sheffield et al. 2009).

VpP2+ vErET2 4+ v5Q?

(3.8)

v =
dsdt |P—ET—Q|

where v is the relative uncertainty for each component of the water balance. The water
balance uncertainty was computed at the 95% confidence interval as+v 44 -

The uncertainties in each component of the precipitation and ET estimations were
assessed as the standard deviation of the differences between observed and estimated data

at the 307 rain gauges and 16 measurements sites, respectively.
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At the basin level, the precipitation uncertainties were averaged using rain gauge stations
that were in each basin, whilst for ET, we computed the uncertainties for each LULC and
then averaged for each basin according to the percentage of area occupied by the land
cover class. We used MCD12Q1 of the 2008 as the reference for assessing LULC. For
discharge, we considered an uncertainty of 10%, as used by Rodell et al. (2011), and
double of the uncertainty, as used by Rodell et al. (2004). Some studies have considered
a 10-15% uncertainty approximation for discharge measurements to be reasonable
(Bjerklie et al. 2003; Coe et al. 2002).

We also computed the GRACE uncertainties for each basin. The GRACE anomalies data
have measurement and leakage errors. Measurement errors are associated with instrument
and loss signal retrieval errors, whilst leakage errors are related to the filtering process
(Landerer and Swenson 2012; Rodell et al. 2011) (Equation 3.9):

Total error = \/ Leakage error? + Measurement error? (3.9)

Since GRACE errors are correlated in nearby pixels, we computed the covariance as
specified at https://grace.jpl.nasa.gov/data/get-data/monthly-mass-grids-land/ (Maeda et
al. 2017; Rodell et al. 2011). Then, to compute errors in the TWSC we multiplied the
errors by V2 (Rodell et al. 2004, 2011).

To evaluate the water balance under distinct climatic conditions, we computed the runoff
coefficient (Qcoeff) for each basin. This is a dimensionless coefficient that relates the
amount of runoff to the amount of precipitation received (Guimberteau et al. 2013)
(Equation 3.10):

Qcoeff = % (3-10)

where Qand Pare average discharge and precipitation for 2003-2014.
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3.3 Results and discussion

3.3.1 Uncertainties in precipitation and ET estimations

We assessed the individual uncertainties of the precipitation and ET remote sensing
estimations to compute the water balance uncertainties, but, due to the spatial distribution
of the rain gauges and measurements sites, we only evaluated the water balance

uncertainties for 24 basins.

3.3.1.1 Uncertainties in Precipitation

Figure 3.2 shows the statistical metrics between the rain gauges and MSWEP and
TRMM. MSWEP precipitation yielded a slightly higher accuracy (71% of rain gauges
presented r > 0.90) than the TRMM estimations (around 60% of rain gauges presented r
> 0.90). For the RMSE, both precipitation dataset, generally presented more errors in the
Brazilian northeast (40 to 60%).

For TRMM, errors between 20 to 40% were verified in most rain gauges, whilst for
MSWEP, fewer errors (0 to 20%) were shown for the Amazon and southern Brazil.
MSWEP presented underestimations for 74% of the rain gauges, mainly in southern and
northeastern-coastal Brazil. In contrast, about 66% of rain the gauges assessed against
TRMM presented overestimations, southern, southeastern, and northeastern Brazil,
whilst on the northeastern coast of Brazil, TRMM underestimated the precipitation. These
results agree with Oliveira et al. (2014), who assessed the water balance in the Brazilian
Cerrado using precipitation from TRMM 3B42 (versions 6 and 7) and found
overestimations, mainly in the Southern and underestimations in the northeastern,
Brazilian Cerrado, with a lower bias for TRMM version 7. Rozante et al. (2010) also
verified underestimates on the east coast of the northeastern region of Brazil, attributing
this to the occurrence of warm clouds, and overestimates at the borders between

Argentina, Paraguay, and Brazil due cold top clouds.
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Figure 3.2 Statistical metrics between rain gauges and precipitation estimates (TRMM
and MSWEP) over South America for 2003-2014 period.

The precipitation uncertainties in MSWEP and TRMM presented similar results (Figure
3.3), with more than half of the rain gauges showing uncertainties of between 0 to 40%.
Overall, MSWERP yielded a mean uncertainty of about 37%, whilst for TRMM this value
was 39%.

More uncertainties were observed, mainly in northeastern Brazil Northeast, downstream
of the Parana River and in all rain gauges in Argentina, for both precipitation datasets.
These results demonstrated a relationship with the statistical metrics, indicating a
satisfactory performance for both the MSWEP and TRMM precipitation datasets. Our
results agree with those of Salio et al. (2015), who reported that rainfall estimates that
included microwave and infrared information that gave remarkable results, improved by
the incorporation of measured rainfall data into their calibration algorithms and, also with
those of Beck et al. (2017b), who assessed 22 precipitation datasets for the entire world
and verified that MSWEP version 2.0 demonstrated higher accuracy for all climate
conditions, when compared to other datasets with a higher performance, mainly attributed
to the incorporation of a daily rain-gauge correction scheme, whilst the other datasets
incorporated monthly rain-gauge presented inferior performance.
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A full statistical validation of MSWEP and TRMM are presented in Supplementary
Information Tables S13.2 and S13.3.

MSWEP TRMM

-—-\% Precipitation Uncertainty (%)  Basin Uncertainty (%)

Rain gauges [ 201025
® 0to20 251030
. 20to 40 30 to 35

o

40 to 60 35t0 40

60 to 80 40to 45

80 to 100 45 to 50
. =100

Figure 3.3 Precipitation uncertainty for MSWEP and TRMM estimations in South

America based on rain gauge measurements.

3.3.1.2 Uncertainties in Evapotranspiration

In contrast to other studies that have evaluated ET uncertainty using theoretical values or
ET model estimations (Azarderakhsh et al. 2011; Oliveira et al. 2014), we used 16
measurements sites from different LULC conditions. For each land cover type, we
computed the standard deviation of the difference between ET remote sensing estimations
and the sites, allowing the association of these uncertainties in 37 basins. Table 3.3 and
Figure 3.4 show the ET uncertainties at all sites and in selected basins. Overall, the
GLEAM ET presented lower uncertainties for mostly sites than MOD16 (Figure 3.4).
For GLEAM ET, a range of between ~16 and 33% was observed, yielding higher
accuracy for sites located in grassland (15.61%), followed by savanna and forest (18.54

and 18.67%, respectively),
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whilst lower accuracy was found in the sites covered by cropland/pasture, located in
Amazon and Pampa biomes (32.72 and 23.48%, respectively). For the MOD16 ET,
higher performance was verified over forest and savanna (22.14 and 24.78%,
respectively), and with lower accuracy for sites located on cropland/pasture and grassland
for all evaluated biomes, ranging from 30.22 to 55.93%. Our results are comparable to
those of Michel et al. (2016) and Khan et al. (2018) who evaluated ET estimations,
including MOD16 and GLEAM, based on measurements sites, and of (Liu et al. 2016)
who compared different ET products against the annual water balance ET estimates,
verifying a superior performance of GLEAM ET estimates, although they did not find a
significant discrepancy between the ET models evaluated.

Overall, these studies have emphasized that MOD16 underestimates ET, and GLEAM
performs relatively better than the other models (including MOD16), mainly due to the
detailed parameterization of interception losses (in tall and short vegetation) and the use
of microwave information, as presented by Miralles et al. (2011a; b) and Martens et al.
(2017).

Table 3.3. ET uncertainties calculated for the MOD16 and GLEAM estimations,

according to land-cover classification.

Biome Land cover Measurements Sites Uncertainties (%0)
MOD16 GLEAM
Amazon Tropical forest K34, K67, K83, RIA 22.14 18.67
Cropland/Pasture FNS, K77 55.93 32.72
Savanna BAN, BRA, PDG 24.78 18.54
Cerrado Cropland/Pasture USE 35.82 -
Grassland PAN 50.04 -
Cropland CAS, CRA, PRS 30.22 23.48
Pampa

Grassland PAS, SMA 36.77 15.61
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Figure 3.4 Evapotranspiration uncertainty for MOD16 and GLEAM models for selected

basins in South America based on flux measurement sites.

3.3.1.3 Uncertainties in the terrestrial water balance

The uncertainties in the TWSC and discharge for all combinations of the precipitation
and ET remote sensing datasets are presented in Figure 3.5.

For the TWSC, our results indicate uncertainties ranging between -44 and 96 mm/month
and medians of between -43 and 22 mm/month for the combinations of MSWEP
precipitation and GLEAM ET for most basins. On the other hand, the combination of
TRMM precipitation and MOD16 ET presented higher medians, ranging between -44 to
50 mm/month and uncertainties of between -38 to 112 mm/month. Overall, for MSWEP
precipitation and GLEAM ET, the median of the uncertainties ranged from -9 to 22
mm/month in the Tocantins, S&o Francisco, Parana, northeastern and eastern Atlantic
basins. In the Amazon, Uruguay, and South Atlantic basins, the median of uncertainties
ranged between -60 to -21 mm/month.

The results also showed that the lowest discharge uncertainties were observed for the

combination of MSWEP precipitation and GLEAM ET, where we observed a lower
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median and amplitude, followed by the combinations TRMM/GLEAM,
MSWEP/MOD16, and TRMM/MOD16.

For instance, at the Obidos station (Amazon basin), the median uncertainty was ~55
mm/month, ranging between ~39 and ~72 mm/month, using the combination of
MSWEP/GLEAM combination, whilst for TRMM/MOD16, the median uncertainty was
65 mm/month, ranging between 49 and 86 mm/month. These results demonstrate close
agreement with the results found for the MSWEP and GLEAM accuracy assessment,
when compared to the measured rainfall and ET, respectively, in different LULC and

climatic conditions.
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Figure 3.5 Uncertainties in terrestrial water storage changes and discharge inferred from
remote sensing. The inbox lines represent the median, the boxes represent the inter-
quartile range (IQR), the whiskers indicate variability outside the upper and lower

quartiles (1.51QR) and the red crosses represent the outliers.
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Several studies have evaluated the uncertainties of discharge and ET estimates from the
water balance perspective and the results are summarized in Table 3.4 (Azarderakhsh et
al. 2011; Long et al. 2014; Oliveira et al. 2014; Rodell et al. 2011; Sheffield et al. 2009).
Those references adopted discharge uncertainties ranging between 5 and 10% and
estimated the TWSC uncertainties in a similar way that we estimated ours. However, due
to precipitation and ET uncertainties, different methodologies were adopted. Some
studies computed the uncertainties in precipitation and ET through the difference between
remote sensing estimations and modeled data (Rodell et al. 2011; Sheffield et al. 2009)
or adopted uncertainties based on the literature (Azarderakhsh et al. 2011; Long et al.
2014; Maeda et al. 2017). We adopted the standard deviation of the difference between
the remote sensing estimations and the measured data. For ET, the uncertainty
assessments were mostly based on literature references (Azarderakhsh et al. 2011;
Oliveira et al. 2014) or were calculated using multiple ET datasets (Long et al., 2014).
There is still no agreement on the methodology for determining ET uncertainties because
it is still a challenge to obtain measured ET data at a consistent spatial and temporal scale.
In this study, for the first time, measurements sites were used to assess MOD16 and

GLEAM ET estimates, with a focus on water balance uncertainties.
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Table 3.4 Uncertainties in terrestrial water storage changes, and precipitation and ET estimations based on remote sensing, and uncertainties in

discharge based on water balance.
Study Local TWSC Q Precipitation ET Q Uncertainty ET Uncertainty
difference
. T 25 mm for a difference between in the upper and
(Shefzf(l)%lg)et al. M'SS'_SSE%pAbasm 750km kernel - precipitation data lower bounds of 2 90&]4n:7 da -
half width the RS-PM ' Y
ensemble
(Azarderakhsh et al. Obidos station - 0.47100.70 10% or 0.15 to 1to 1.19 mm/day 0.33t0 0.85
2011) Amazon basin mm/day 0.30 mm/day (GPCP) mm/day 1.17 mmiday i
(GRACE) ' (MOD16)
estimated as in
Tocantins basin this present 0 ~5% (TMPA and i i ~
(Rodell et al. 2011) study 10% CMAP) 2 mm/day
(GRACE)
5 mm/month
South central 20to 34 (LSM); 10-15
(Long et al. 2014) United States - mm/month 5% 15% (PRISM) mm/month - 20-30 mm/month
EUA (GRACE) (MODIS or
AVHRR)
Tocantins, ~600 mm/year
L Parand, and 2510 174 90 to 162 mm/year 6 to 262 ~600 mm/year
(Oliveira et al. 2014) S0 Francisco mm/year - (TRMM) mm/year -
basins (GRACE) (MOD16) ~450 mm/year
22.36% or 24.27
0
) mriz;ﬁgrft)hozféi\i?\/l) mm/month 61.18 mm/month mn?/lrgognth
Obidos station —  25.83 mm/month 10% or 9.85 (MOD16)
This stud Amazon basin (GRACE) mm/month 24.44% or 43.69 18.76% or 22.07
y mm/month mm/month 45.45 mm/month 52.72 mm/month
(MSWEP) (GLEAM)
0,
Tucurui station —  32.45 mm/month 10% or 3.36 28.46% or 39.97 24';?,”/});;;?{20 51.12 mm/month 53.55
(GRACE) mm/month mm/month (TRMM) (MOD16) ' mm/month

Tocantins basin



23.62% or 32.35 18.54% or 16.04 4931
mm/month mm/month 36.91 mm /month mm/rﬁonth
(MSWEP) (GLEAM)
24.78% 14.77 or
0,
Barra station - mri?;gfljr{(t)hoz'l?é.l\m\/l) mm/month 41.36 mm/month mrﬁ/zrﬁognth
SH0 Francisco 36.92 mm/month 10% or 1.38 (MOD16)
. (GRACE) mm/month 31.54% or 28.78 18.54% or 13.22
basin 47.81
mm/month mm/month 26.54 mm/month mm/month
(MSWEP) (GLEAM)
0,
31.94% or 41.15 24';%’;;&?{46 57.24 55.91
Slz;)tritgns_ag ;rc;az - m3/2|+15c?nth 10% or 3.19 mm/month (TRMM) (MOD16) mm/month mm/month
0 0,
basin (GRACE) mm/month 28.74% or 32.34 18.54% or 15.75 29.40 5124
mm/month mm/month mm/month mm/month
(MSWEP) (GLEAM)

61
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The results found in this study for the basins located in the Cerrado (Tocantins, Parana,
and S&o Francisco) are similar to the results presented by Oliveira et al. (2014) and Rodell
et al. (2011). For the combination MSWEP/GLEAM, we found lower discharge
uncertainties (36.91, 29.40, and 26.54 mm/month) than in Oliveira et al. (2014) (with the
use of TRMM/MOD16, they found 600, 600, and 450 mm/year), in the Tocantins, Parana
and Sao Francisco basins, respectively. Similar results were also observed the for ET
uncertainty in the Tocantins basin, where the combination TRMM/MOD16 and
MSWEP/GLEAM resulted in lower uncertainties (53.55 and 49.31 mm/month,
respectively) than those found by Rodell et al. (2011) (about 2 mm/day).

Azarderakhsh et al. (2011) evaluated different combinations of water balance by remote
sensing in 14 sub-basins located in the Amazon and found lower discharge uncertainties
for the combinations TRMM/MOD16 (uncertainties of 23%) and Global Precipitation
Climatology Project (GPCP)/MOD16 (uncertainties of 15%). In the Amazon basin from
Obidos station, for the combination of GPCP/MOD16, Azarderakhsh et al. (2011) found
discharge uncertainties of 1.17 mm/day (or 35.1 mm/month), whilst we found
uncertainties of 45.45mm/month, using the combination MSWEP/GLEAM.

Compared to other studies, our results demonstrate that the evaluation of water balance
uncertainties derives a strong influence from estimations of the individual uncertainties
of the inputs used. In in this context, the establishment of methods for estimating
uncertainties is of the utmost importance for improving our understanding of the
terrestrial water cycle.

As reported in other studies (Gao et al. 2010; Maeda et al. 2017; Oliveira et al. 2014;
Rodell et al. 2011; Sahoo et al. 2011; Sheffield et al. 2009; Zhang et al. 2018), we verified
that precipitation and TWSC are the main contributors to water balance total errors, but
overall, the highest errors are from the precipitation datasets. Higher uncertainties were
observed in precipitation than in ET. For instance, the average uncertainty in precipitation
ranged between 23 to 46% for TRMM and 20 to 45% for MSWEP, while the uncertainties
calculated against the measurement sites for the two ET models were between 22 and
33% for the MOD16, and lesser for GLEAM, with values ranging between 19 and 22%.
For the TWSC based on GRACE, the uncertainties are also lower than for precipitation,
ranging from 23 to 89 mm/month, for all evaluated basins. In addition, higher
uncertainties in precipitation were observed during the wet season, in agreement with
Maeda et al. (2017) and Zhang et al. (2018), who verified that the highest precipitation
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uncertainties are mainly due to the lack of in situ gauges in the region, such as in the
Amazon basin, and to an increase in precipitation measurement errors by remote sensing
products during the rainy season.

We calculated the imbalance as the difference between the TWSC from the water balance
and the TWSC from GRACE, as presented in Figure 3.6. A higher mean negative
imbalance was found in the Amazon basins, where there are high ET and discharge rates,
which are equivalent to, or greater than, the precipitation when summed. In the Tocantins
and S&o Francisco basins, similar imbalance values were verified, with the median being
close to 10 mm/month. Although the water balance closure has yet to be achieved using
the current remote sensing datasets, we verified a close agreement with previous studies
that merged multiple sources to close the water balance. For example, Sahoo et al. (2011)
merged precipitation and ET from multiple remote sensing datasets and found an
imbalance of between -70 a 50 mm/month in the Amazon basin. Using a similar
methodology, Pan et al. (2012) found mean imbalances close to zero, with values ranging
seasonally in the Amazon basin, whilst Zhang et al. (2018), using data assimilation
techniques, found a non-closure of -46 mm/year for the Amazon and 47 mm/year for the

Parana basins.
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Figure 3.6 Imbalance in terrestrial water storage change (TWSC water batance - TWSC

GRACE) at selected basins in South America.

3.3.2 Assessment of water balance dynamics

Considering the multiple basins in South America, in different climate conditions and at
different spatial scales, we determined whether the water balance accuracy and dynamics
would change as a result of basin-scale effect. Figure 3.7 shows a scatterplot of the
TWSC from GRACE and the remote-sensing-based water balance, grouped into small
(<100,000 km?), medium-sized (100,000 to 500,000 km?), and large (> 500,000 km?)

basins.
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Figure 3.7 Scatterplot between monthly GRACE terrestrial water storage changes and
remote sensing-based water balance over small basins (<100,000 km?) (a), medium basins
(from 100,000 to 500,000 km2) (b) and large basins (area > 500,000 km?) (c).

In the largest basins, we found the highest correlation coefficients (r = ~0.85 and ~0.89),
and RMSEs of around 58 and 42% for the medium-sized and large basins, respectively.
On the other hand, basins with areas of less than 100,000 km?2 presented a correlation
coefficient of about 0.64 and a RMSE of 130%.

The results for small basins can be explained by the growth GRACE errors inversely
proportional to area size, and this way, higher errors will be more pronounced in small
basins (Landerer and Swenson 2012; Scanlon et al. 2016). Our results agree with Rodell
et al. (2011) that evaluated ET from water balance in some global basins, verified higher
errors in water balance estimates over smaller basins and suggested that this fact can be
primarily explained by the growth of GRACE errors in small area. However, we also
found a good performance in the small basins, located predominantly under tropical wet-
dry and tropical monsoon climates (Bacabal — 25,500 km?, downstream - Mearim River,
Cantanhede — 49,900 km?, downstream - Itapecuru River and Peixe Gordo — 47,800 kmz2,
downstream - Jaguaribe River). These basins presented more accurate results for water
balance, showing a correlation coefficient of about 0.88 and RMSE of 62%, close to those
verified for medium-sized basins. In addition, medium-sized basins located in regions
with moist climates in southern of Brazil, (Garruchos — 116,000 kmz, upstream — Uruguay
River; Uruguaiana — 190,000 kmz2, downstream — Uruguay River) yielded correlation
coefficient of 0.56 and RMSE of 168%, with results similar to those found for the small
basins.

Although the results shown better performance in larger basins, they also show that a
basin's climatic conditions can influence the water balance accuracy, because medium-
sized under subtropical climates with weak seasonal precipitation had higher errors than

small basins in tropical climate.
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In this context, we also evaluated which hydrological conditions yielded the more
accurate results between measured discharge and that derived from the water balance.
Figure 3.8 presents scatterplots of the runoff coefficient, RMSE, and correlation

coefficient for discharge from the water balance.
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Figure 3.8 Scatterplot between runoff coefficient and RMSE in discharge (a) and between
runoff coefficient and correlation coefficient in discharge (b). Marker sizes represent

basins’ size (small, medium, and large).

In the Amazon basins, we found higher Qcoeff, ranging from 0.55 to 0.72, mainly in the
western, northwestern, and mainstream regions, with a RMSE in the discharge of ~39%,
except for some basins located in the southeastern region, where the RMSE was ~99%.
In the Tocantins and High Séo Francisco basins, we found Qcoeff of 0.27 and 0.25, and
RMSE of 132 and 194%, respectively, whilst for the Medium and Low Sdo Francisco
basins, characterized by semi-arid climate, Qcoeff lowered to 0.15 and the RMSE
increased to ~420%. For the other basins influenced by in semi-arid and arid climates,
such as the northeastern Atlantic basin in Brazil and the Salado River basin in Argentina,
with a Qcoef -0.06, we found a RMSE of more than 364%.

These results indicate that for semi-arid basins, discharge derived from the remote sensing
water balance presented lower accuracy, whilst in the other basins, influenced mainly by
tropical and subtropical climates, such as the Amazon, Parana, and Uruguay, higher
accuracy between the water balance and measured discharge were observed.

Overall, satisfactory water balance results were obtained for most of the evaluated basins
(76%) where both the GRACE TWSC and remote-sensing-based water balance showed

the same seasonal pattern of TWSC (Figure 3.9). Basins with large areas, located in
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predominantly tropical climate regions, with seasonal precipitation, yielded correlation
coefficients of around 0.89 and a RMSE around 48%. On the other hand, smaller basins,
mainly located in subtropical climatic regions, showed results with an average correlation
coefficient of around 0.52 and a RMSE of 164%.

Itapéua Station Obidos Station Barra do Sao Manuel Station Itaituba Station
Amazon Basin Amazon Basin Amazon Basin Amazon Basin
400 400 A0 400
o . 300 300 1 300 300+
8
5% 200 200 1 200 200
';g 100 100} 1 100 1007 =
2 — —_ —
g £ 0 o .&f ’ ° /\ =
"°°v -100} I 00 " -100¢ \ _—
Descarreto Station Tucurui Station Barao de Grajau Station Sao Francisco Station
Tocantins basin Tocantins basin Northeast Atlantic Basin Sao Francisco Basin
400 400 400 400
w . 300 300} 1 300 300
@ E
3% 200 200} 1 200 200
3 E 2 K‘ =
= £ 100 100} 100 100 2
SE = — = .
] B
FE ol N 0 /\\ A 0 0 — -
-100 -100+ 1 -100 -100F
Barra Station Traipu Station Itapebi Station Porto Sdo José Station
Sao Francisco Basin S&o Francisco Basin East Atlantic Basin Paranéa Basin
400 400 ————————— — 400 ———
. 300 300+ 1 300 300
£
3 g 200 200+ 1 200 200+
';é 100 / wnA-= é i’ 100 100
i} = — F =
SE o N I == — of g
100 100+ 1 -100 1001
Sao Francisco Station Porto Murtinho Station Uruguaiana Station Rio Pardo Station
Parana Basin Parané Basin Uruguay Basin South Atlantic Basin
400 400 40 400
w . 300 300+ 1 300 300+
@ E
3T 200 200 ] 200 200+
ZE o= — g [ = = ~— 0= —
-100 -100 | -100 -100
JFMAMJJASOND JFMAMUJJASOND JFMAMJJASOND JFMAMUJJASOND
SCGRAC:E SCWaler Balance PMSWEP ETGLEAM Qmea:.ured OWaler Balance

Figure 3.9. Seasonal water fluxes for South America basins. The shadow area represents

uncertainties in discharge water balance based on remote sensing datasets.

High accuracy between the remote-sensing-based water balance and the GRACE TWSCs
was found in the Amazon basins, which had predominantly tropical humid climates and
high water and energy availability throughout the year. The average precipitation was
around 123 to 249 mm/month, with pronounced seasonal cycles, related to the occurrence
of the monsoon system, and a water discharge of around 45 to 168 mm/month. Regarding
ET, the remote sensing estimations showed weak seasonal cycles, with values around 95
to 139 mm/month. Recently, (Maeda et al. 2017) assessed ET patterns across the Amazon
basin and observed variations in average ET values among several evaluated sub-basins.
In the Solimdes basin, the highest ET values were determined in the drier months
(September and October), whilst in the southern basins (Purus, Madeira and Tapajos), the

highest ET rates were found in the months with higher precipitation rates. According to
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these studies, the maximum ET rates did not correspond to the maximum precipitation
rates, nor to the maximum radiation, thus supporting the assumption that ET in the
Amazon is regulated by a balance of radiation, precipitation, and vegetation physiological
controls rather than exclusively limited by one of these factors (Restrepo-Coupe et al.
2013).

Tocantins, Sdo Francisco, and Parana basins are mainly in the Cerrado biome, with a
coverage of semi-decidual and decidual forests, seasonal precipitation, and ET rates, with
precipitation presenting maximum values in the summer and minimum values in the
winter (Reboita et al. 2010). da Rocha et al. (2009) found higher values over the wet
season and lower values over the dry season in transitional forests, floodplains, and in the
Cerrado woodlands. The authors attribute these values to the decline of photosynthesis
and to strong LAI seasonality, which consequently affect ET patterns that are probably
driven by soil moisture availability. In these basins, a moderate accuracy between the
remote-sensing-based and GRACE TWSC was found (average values for basins:
Tocantins r =0.92, RMSE = 41%; S&o Francisco r = 0.87, RMSE = 50%; Paranar =0.73,
RMSE = 120%), agreeing with (Oliveira et al. 2014) (Tocantins r = 0.93, S&o Francisco
r =0.91, Parana r = 0.87), indicating that GRACE estimations are capable to representing
water storage changes in the Cerrado basins, providing information about the seasonality
dynamics of the water balance.

Sun et al. (2016) evaluated drought events in the S&o Francisco basin and found that the
use of information on the TWS might be a good indicator of extreme water conditions,
such as droughts and flood occurrences. In this context, our results supports those of
previous studies (Oliveira et al. 2014; Sheffield et al. 2009; Sun et al. 2016), which
demonstrated the good GRACE TWSC agreement with the remote-sensing-based water
balance, our results to Cerrado basins demonstrate a precipitation decrease in the Sao
Francisco basin, at Traipu station, around 21% and 20%, in 2007 and 2012-2014,
respectively, when droughts were been recorded in the region (Paredes-Trejo et al. 2016;
Sun et al. 2016).

In the Uruguay basin at the Uruguaiana station (and other basins located in humid
subtropical climates), we found the smallest correlation coefficients, around 0.50,
between the TWSC from GRACE and the remote-sensing-based water balance, with a
RMSE of around 160%. In this region, precipitation was less seasonal (well distributed
during the year), with the highest values associated with cold frontal systems (Do
Nascimento et al. 2016; Reboita et al. 2010). As observed by Do Nascimento et al. (2016),
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in these basins, the highest ET values are not related to higher water availability, as in
Cerrado; here, precipitation is well distributed throughout the year, and ET rates are high
due to energy availability over the summer months (December to March). The GRACE
TWSC presented a less significant relationship with the remote-sensing-based water
balance in these basins, compared to those located in the Amazon, Tocantins, and the
northern/northeastern Atlantic that were evaluated previously. One explanation for this
may be basin size, these being generally small (~56,000 km?, on average) compared to
those in other regions with higher correlation coefficients (areas of ~664,000 km? and
even ~5 million km? basins), since GRACE errors are inversely proportional to area, and
the highest uncertainties are more pronounced in small basins (Landerer and Swenson
2012; Scanlon et al. 2016).

3.4 Conclusions

The results of this research demonstrate that TRMM and MSWEP precipitation present a
similar seasonal pattern in South American basins, with MSWEP yielding higher
accuracy and lower uncertainty values than TRMM. For ET uncertainty, we verified
higher correlation coefficients and lower RMSE for GLEAM for most sites. Then, we
found the lowest uncertainties for water balance for combination of MSWEP precipitation
and GLEAM ET estimations.

We found imbalances in the water balance for all these basins evaluated, which resulted
from individual errors in the remote sensing datasets. Even though we verified that the
water balance closure has not yet to be achieved. Our results demonstrate agreement with
previous studies that used merging techniques for multiple variable sources (in situ
observation, satellite remote sensing, land surface model, and reanalysis).

Better agreements between the TWSC from GRACE and the remote sensing water
balance were found for medium (100,000 to 500,000 km?) and large basins (> 500,000
km?). However, the climatic conditions are also important, since we found good results
in small basins, mainly influenced by tropical climates and worse results in medium-sizes
basins that experienced subtropical humid climates.

basins located in semi-arid regions presented the lowest runoff coefficient and the highest
discharge RMSE, indicating that high errors can be found for discharge calculated from

the water balance in basins under semi-arid conditions in South America.
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Finally, the water balance performance demonstrated satisfactory results for more than
half of the basins, where nearly 76% presented correlation coefficients of ~ 0.89 and
RMSE of ~48% between the TWSC from GRACE and the water balance. Lower
agreements were found in the southern Brazil basins, under a predominantly humid
subtropical climate. This region presents high precipitation rates all through the year, with
no defined dry or wet seasons. The results demonstrated that is still necessary to advance
the understanding of water balance dynamics under humid subtropical climate to
understand limitations on GRACE data use and water balance using on remote sensing in
these regions.

Although water balance closure using current remote sensing data, has not yet been
achieved, this study underscores some important information about water balance cycle
dynamics, related to the basin scale and climatic conditions, for multiple basins in South
America. These results reinforce the great potential of remote sensing data in hydrological

studies.
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CHAPTER 4

What controls evapotranspiration in South America? An

assessment of multiple climate and land cover conditions*

4.1 Introduction

LULC changes, including deforestation and cropland expansion, have historically
modified the landscape in South America (Gatti et al. 2021). In the Amazon, deforestation
rates decreased substantially until 2012, but since 2013, increases in deforestation in this
region have been recorded (Aguiar et al. 2016; Silva Junior et al. 2021). This is especially
true in recent years, when increases in deforestation have been observed, such as in the
year 2020, in which the deforestation area was the highest in a decade (Silva Junior et al.
2021).

In South America, not only the Amazon Forest is under anthropogenic pressure but also
are other biomes (savannas, grasslands, tropical dry forests, and others that make up the
landscape of South America), which have lost 58% of their natural vegetation (Salazar et
al. 2015). For instance, it is estimated that the Cerrado biome has already lost more than
half of its native vegetation because of cropland expansion (Polizel et al. 2021; Sano et
al. 2019), while in subtropical grasslands, in the Pampa biome, only 46% of the area is
still covered by native vegetation (MapBiomas 2021). In arid areas, such as the Caatinga
biome, more than 10% has experienced some environmental degradation (Mariano et al.
2018).

Deforestation, cropland expansion, and vegetation degradation can change surface—
atmosphere interactions, modifying how H and LE heat fluxes are partitioned and
changing the sensitivity to water stress (Borges et al. 2020; Duman et al. 2021; Khand et
al. 2017; Laipelt et al. 2020; de Oliveira et al. 2019, 2021; von Randow et al. 2004, 2012,
2020; Restrepo-Coupe et al. 2013, 2021a). The degree of surface—atmosphere interaction
can be assessed using the Jarvis and McNaughton decoupling factor () (Jarvis and
McNaughton 1986), which reflects the relative importance of biotic and abiotic control

over ET, depending on the degrees of aerodynamic (g,) and surface (g,) conductance

4 Submitted to Global Change Biology.
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(Jarvis and McNaughton 1986; Peng et al. 2019; Pereira 2004). These two important
factors, g, and g,, control the exchange of water vapor from stomata and leaf surfaces to
the atmosphere (Jarvis and McNaughton 1986; Monteith 1995). Tall vegetation canopies
are aerodynamically rough in comparison to short canopies. Consequently, tall canopies
are more efficient in shedding the energy they absorb, resulting in high g,, with higher
turbulence, and more efficient transfer of H and LE to the atmosphere (Monteith 1995).
The surface conductance g, reflects the control that vegetation exerts on the exchange of
water vapor with the atmosphere through stomatal openings and is affected mainly by
water vapor deficits, water availability in soil, photosynthetic capacity, CO,
concentration, and temperature (Jarvis 1976; Leuning 1995).

The degree of surface—atmosphere decoupling also reflects how different vegetation types
controls turbulent fluxes (De Kauwe et al. 2017). For instance, changes in vegetation
cover (e.g., deforestation, cropland expansion, or irrigation) can affect g, and gs,
consequently affecting turbulent fluxes (Chen et al. 2020; Jarvis and McNaughton 1986).
Changes in the LAI also affect g, and consequently turbulent heat transfer between the
surface and the atmosphere, especially LE (Chen et al. 2020). In addition, changes in the
biophysical properties of vegetation as a result of LULC changes are related to increases
in surface temperature (Duman et al. 2021).

In the Amazon, reported differences between ET rates for forested and pasture areas have
been attributed mainly to lower LAI and significant vegetation control in pastureland (von
Randow et al. 2012), while in Caatinga, deforestation has contributed to increased water
losses to the atmosphere and decreased vegetation potential to assimilate CO, (Borges et
al. 2020; de Oliveira et al. 2021). Furthermore, conversion from grassland to cropland in
the Pampa biome has reduced vegetation water use efficiency and C0O, assimilation (Diaz
et al. 2019).

To improve our understanding of the main drivers and ET controls across different
biomes and to understand the potential impacts of LULC changes in South America, it is
essential to use integrated and standardized assessments. Most recent studies on the
subject have been conducted using a single site or just few ones. No analysis has yet been
conducted based on multiple sites across South America, using the same method to
evaluate the main biotic and abiotic ET controls and environmental drivers, to assess

implications related to LULC change.
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To understand how ET patterns can be impacted by LULC change across multiple
biomes, we sought to answer two specific questions: i) what are the energy flux patterns
across multiple biomes and LULC conditions?; and ii) how do ET controls range across
different biomes and LULC conditions? To answer these questions, we evaluated the
energy fluxes, g,, g, and Q over different biome and LULC conditions (as described in
Section 4.3.1-4.3.4). We then assessed the main implications for energy fluxes and ET
controls by comparing natural vegetation and changes in LULC (as described in Sections
4.4.1-4.4.2). Finally, we present the conclusions of the main findings of the study
(Section 4.5).

4.2 Datasets and analysis method

4.2.1 Evapotranspiration measurement sites

We combined measurements from 20 flux measurement sites from the following research
programs: i) LBA (Davidson and Artaxo 2004; Gongalves de Gongalves et al. 2013;
Keller et al. 2004; Restrepo-Coupe et al. 2021b; Saleska et al. 2013), ii) Sulflux (Roberti
and Acevedo 2012), iii) AmeriFlux (Baldocchi et al. 2001), iv) Fluxnet (Pastorello et al.
2020), v) ONDACBC (Borges et al. 2020; de Oliveira et al. 2021), and vi) PELD Pantanal
(Biudes et al. 2015). Details of the sites were described in the chapter 2, and in Table
4.1 and in Figure 4.1 are provide details about the measurement sites and their locations.

Table 4.1. Flux sites measurements used to assess evapotranspiration seasonal controls

and drivers in South America.

Lat Lon Data
Site Name Biome (0)' (0)' Land cover  availabilit  Reference
y
Fazenda (von
FNS Nossa Amazon  -10.76  -62.35 Pasture J&grzgggg Randow et
Senhora al. 2004)
x (Priante-
FSN  Faendasio o0 085 5826 Pasture  MA20020 ool
Nicolau Oct 2003 2004)
Manaus — i i Tropical Jan 2000-  (de Aradjo
K34 K34 Amazon  -2.60  -60.20 idforest  Sep2006  etal. 2002)
Santarém — Tropical Jun 2002—
K67 K67 Amazon -2.85 -54.95 humid forest Jan 2006 (Saleska et
al. 2003)
. Pasture and (Sakai et al.
Santarém — : Aug 2000—
K77 K77 Amazon -3.01 -54.53 rainfed Nov 2005 2004)

cropland
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PRS

SMA

Santarém —
K83

Quistococha
Forest
Reserve

Reserva Jaru

Pantanal

Javaés/
Tocantins

Brasilia
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de Gigante

Usina Santa
Elisa

Campina
Grande 1

Campina
Grande 2

Cachoeira
do Sul

Cruz Alta

Pedras Altas

Paraiso do
Sul

Santa Maria

Amazon

Amazon

Amazon

Pantanal

Cerrado

Cerrado

Cerrado

Cerrado

Caatinga

Caatinga

Pampa

Pampa

Pampa

Pampa

Pampa

-3.01

-3.83

-10.08

-16.49

-9.82

-15.93

-21.61

-21.72

-7.27

-7.25

-30.27

-28.60

-31.71

-29.74

-29.72

-54.97

-73.31

-61.93

-56.41

-50.15

-47.87

-47.64

-48.11

-35.97

-35.95

-53.14

-53.66

-53.53

-53.14

-53.76

(soybean and
rice)

Tropical
humid forest

Tropical
peatland

Tropical
semideciduous
forest
Woodland
savanna
(seasonally
flooded)
Woodland
savanna
(seasonally
flooded)
Savanna
(campo sujo)

Woodland
savanna

Cropland
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sugarcane)

Dense
Caatinga

Sparse
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Cropland
(irrigated rice)

Cropland
(rainfed
soybean and
wheat)

Natural
grassland

Cropland
(irrigated rice)

Natural
grassland

Jun 2000-
Mar 2004

Jan 2018-
Dec 2019

Jan 2000—
Nov 2002

Dec 2013-
Jun 2017

Oct 2003—
Dec 2006

Jan 2011-
Dec 2011
Jan 2001
Dec 2006

Jan 2001
Dec 2002

Jan 2013
Sep 2017

Mar 2013—

Feb 2017

Oct 2009
Mar 2015

Jan 2009-
Sep 2014

Sep 2013
Sep 2016

Oct 2003-
Mar 2004

Jan 2013—
Dec 2016
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(Goulden et
al. 2004)

(Griffis et al.
2020)
(von
Randow et
al. 2004)

(Dalmagro
et al. 2018)

(Borma et
al. 2009)

(Santos et al.
2003)
(da Rocha et
al. 2002)

(Cabral et al.
2003)

(Borges et
al. 2020)

(Borges et
al. 2020)

(Souza et al.
2019)

(Aguiar
2011)

(Rubert et
al. 2018)

(Timm et al.
2014;
Zimmer et
al. 2016)

(Rubert et
al. 2018)
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Figure 4.1. Location of the Iu sites measurements in South America. South American
biomes were adapted from Terrestrial Ecoregions of the World (Olson et al. 2001) and
modified based on Turchetto-Zolet et al. (2013).

4.2.2 Data filtering and quality control

We used data from the LBA project with quality and analysis control (Gongalves de
Gongalves et al. 2013). However, all datasets were filtered to remove spurious values of
H and LE, applying the same method used by Souza et al. (2019) and Rubert et al. (2018).
This study was limited to the daytime period to avoid extreme conductance values and
dewfall conditions (Peng et al. 2019; Yebra et al. 2013; Zha et al. 2013). Thus, we
excluded data for which the following conditions applied: shortwave incident radiation
(Rg) <10 W/m? (when Rg measurements were missing, we used sunrise and sunset times
for data filtering), relative humidity (RH) > 95%, Rn-G <0 W/m?, LE <0 W/m? H <0
W/m2, and data collected during or within two days after precipitation events, to minimize
inclusion of evaporation of water intercepted (E;) by the canopy, following Peng et al.
(2019), Zha et al. (2013), and Wever et al. (2002). We used 30-minutes or hourly data
(depending on data availability) to compute daily fluxes. We did not gap-fill the data, and
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to compute daily fluxes, we used a maximum gap of 25%, following Fisher et al. (2009),

excluding a dataset when missing data exceeded this threshold.

4.2.3 Energy balance closure

The energy balance closure requires that the sum of turbulent fluxes (LE + H) be

equivalent to the available energy (Wilson et al. 2002) (Equation 4.1).

LE+H=Rn—G-S§ 4.1)

where S is the canopy storage heat flux, an important term for forest areas (Hasler and
Avissar 2007; Wilson et al. 2002). Non-closure of the energy balance has implications
for flux measurement analysis, especially when measured fluxes are compared with
estimated fluxes (Wilson et al. 2002). Therefore, we closed the energy balance using the
Bowen ratio (). This method has been widely used to force energy balance closure,
assuming that the eddy covariance system accurately measures 3 (Equation 4.2) and
distributing the residual of the available energy for both H and LE, preserving 3 and
conserving energy (Equations4. 3-4.4) (Hasler and Avissar 2007; Kustas et al. 1996; Shi
et al. 2008; Twine et al. 2000).

B=1% (4.2)
_ B (Rn-G -
H=r= (Rn—G=5) (4.3)
__ Rn-G-S
LE = =2 (4.4)

G is a fundamental part of the surface energy budget, typically representing 5-10% of Rn
for dense vegetation (van Huissteden 2020; Kustas and Norman 2000; Ogée et al. 2001).
However, under partial vegetation cover, G can account for more than 10% of Rn (Hasler
and Avissar 2007; Kustas and Norman 2000). Therefore, when G was missing, we used
5% of Rn for forest and woodland savanna sites and 10% for pasture, grassland, cropland,
and sites with partial vegetation cover (Hasler and Avissar 2007; van Huissteden 2020;
Kustas and Norman 2000; Ogée et al. 2001). As the canopy storage heat flux (S) can reach

approximately 5% (occasionally exceeding 10%) of Rn in the Amazon biome (Moore
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and Fisch 1986), we considered 5% of Rn for this term for the Amazon humid forest sites.

We neglected this term for pasture, cropland, and natural vegetation in other biomes.

4.2.4 Evapotranspiration control analysis

We assessed the influence of four environmental variables on the ET patterns: (i) Rn, (ii)
VPD, (ii) g4, and (iv) gs. Whereas Rn, VPD, and g, are related to abiotic factors and
control of ET, and g, provides information about the biophysical response of vegetation
to water stress (Costa et al. 2010).

ET was calculated as the ratio of LE with a closed energy balance and the A, at a daytime
scale, according to Shuttleworth (2012).

To evaluate the controls and drivers on the ET seasonal patterns, we used Rn and VPD
data measured at each site and computed g, and g based on filtered data (using LE
corrected with energy balance closure) at a daytime scale.

Values of g; were computed by inverting the Penman—Monteith equation (Equation 4.5):

gs = LEgq
s — A A VPD
]—/A—(]—/+1)LE+pCpgaT

(4.5)
where A is the available energy (Rn — G — S).

Values of g, were computed based on measurements of u and u,, according to da Rocha
et al. (2004), Peng et al. (2019), and Tan et al. (2019) (Equation 4.6). g, represents the
main control of the gas exchange, limiting the water transfer from the surface to the
atmosphere (Katsoulas and Kittas 2011; Roberts et al. 2005).

—=2+ = ln(j—z) + W — W] (4.6)

da Us

Y, and W, account for the effects of atmospheric stability on momentum and heat
transfer computed according to da Rocha et al. (2004), Peng et al. (2019), Tan et al.
(2019), and Verma (1989). z, and z, represent the aerodynamic and water vapor

roughness length, respectively, and k is the von Karman constant (0.41).

We also computed Q (Equation 4.7), which reflects the degree to which the atmosphere

near the surface canopy is decoupled from surrounding air conditions (Jarvis and
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McNaughton 1986). Q ranges between 0 and 1, depending on g, and g;. When g, is

much greater than g,, the ratio (%) tends toward zero and £ approaches 1, indicating that

canopy atmosphere conditions are fully decoupled from the surrounding air. On the other

hand, when g, is high and g, is low, the ratio (Z—“) tends toward 1 and Q approaches 0,
indicating full coupling between the canopy surface and the atmospheric conditions
(Jarvis and McNaughton 1986).

1+§

Q= —E.da 4.7
Y Gs

4.3. Results

4.3.1 Patterns of energy fluxes

Our results demonstrate that the energy fluxes patterns differ markedly between the
biomes and LULC in terms of the seasonal averages of Rn, H and LE and the ratios of 3,
LE/Rn, and H/Rn (Figure 4.2 and Table 4.2). For instance, two well-defined seasonal
patterns emerge from tropical humid forests in Amazon. At wetter sites (QRF, K34, K67,
and K83), LE peaks during the dry season and reaches its lowest levels in the wet season,
following Rn. The average LE /Rn yield rates higher than 0.6, with lower values of
(< 0.40) since most of the available energy is used to control ET. In the southern Amazon
(RJA), LE reaches its minimum at the beginning of the dry season and peaks during the
wet season. Another seasonal pattern was observed for cropland and pasture sites. At
these sites, LE decreases markedly during the dry season, while H increases, especially
at FSN and K77.

Seasonally flooded sites (BAN and NPW) also exhibit lower g values (0.32 and 0.38,
respectively), similar to those observed in the Amazon tropical humid forest. However,
LE at NPW decreases as the dry season progresses, while at BAN, LE reaches maximum
rates at the beginning of the dry season (June) and then decreases until the end of this
period (September), when the minimum LE is observed.

In Cerrado (at BRA), LE is not in phase with Rn. Whereas Rn reached minimum rates in
June, LE decreases from May to September, reaching minimum rates at the end of the dry

season. In contrast, at southern sites (PDG and USE), LE is positively correlated with Rn,
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indicating that the available energy drives LE. However, during the dry season >1 was
observed, indicating that most of the available energy is used to heat the atmosphere in
this period.

In the semiarid Caatinga (CCG1, and CCG2), H/Rn is higher than LE /Rn even during
the wet season, in contrast to other biomes. Furthermore, £ averages reach values higher
than 6 in both wet and dry seasons. The main reason for these high £ values is the limited
water supply, which limits ET, while Rn is mainly used to heat the atmosphere. In
contrast, in the subtropical humid Pampa (CAS, CRA, PAS, PRS, and SMA), throughout
most of the year, the available energy is partitioned to evaporate water (f < 1). LE rates
are lower during the autumn and winter and higher during the spring and summer, because

Rn is an important ET driver at these sites.
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Figure 4.2: Patterns of daytime average monthly energy fluxes, net radiation (Rn) and
sensible (H) and latent (LE) heat fluxes for sites listed in Table 4.1. Shaded areas indicate

the dry season (autumn/winter for sites located in the Pampa biome).
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Table 4.2. Annual and seasonal averages of Bowen ratio (f) and LE /Rn and H /Rn ratios.

B LE/Rn H/Rn
Site Dry/ Wet/ Dry/ Wet/ Dry/ Wet/
Year Winter  Summer Year Winter Summer Year Winter  Summer

Amazon
FNS 0.66 0.74 0.61 0.44 0.23 0.41 0.28 0.36 0.24
FSN 0.68 0.99 0.43 0.48 0.25 0.53 0.28 0.35 0.23
K34 0.40 0.45 0.40 0.59 0.26 0.59 0.23 0.24 0.23
K67 0.34 0.37 0.33 0.60 0.32 0.61 0.21 0.22 0.20
K77 1.02 1.56 0.81 0.53 0.23 0.59 0.31 0.44 0.26
K83 0.31 0.32 0.30 0.70 0.35 0.71 0.21 0.21 0.21
QFR 0.24 0.26 0.23 0.67 0.23 0.68 0.16 0.16 0.16
RJA 0.35 0.38 0.34 0.53 0.25 0.55 0.18 0.18 0.18

Pantanal
NPW 0.32 0.38 0.27 0.59 0.33 0.63 0.18 0.20 0.16

Cerrado
BAN 0.38 0.35 0.40 0.63 0.61 0.65 0.22 0.19 0.23
BRA 0.83 1.19 0.52 0.60 0.53 0.71 0.40 0.48 0.34
PDG 0.90 1.22 0.49 0.45 0.21 0.55 0.32 0.39 0.25
USE 0.92 1.00 0.85 0.43 0.23 0.45 0.33 0.34 0.31

Caatinga
CCaG1 6.06 7.72 4.16 0.16 0.13 0.22 0.42 0.43 0.40
CCG2 6.21 9.06 3.95 0.21 0.15 0.26 0.43 0.49 0.39

Pampa
CAS 0.41 0.53 0.38 0.69 0.47 0.78 0.20 0.12 0.21
CRA 0.51 0.44 0.56 0.91 1.06 0.79 0.37 0.40 0.34
PAS 0.61 0.77 0.44 0.47 0.29 0.51 0.26 0.31 0.22
PRS 0.46 0.60 0.21 0.46 0.25 0.50 0.18 0.22 0.10
SMA 0.80 1.01 0.59 0.51 0.31 0.50 0.32 0.35 0.28

4.3.2 Patterns of aerodynamic conductance

Different g, patterns were observed across South America because of differences in the
climates, biomes, and LULC conditions (Figure 4.3 and Table 4.3). At tropical sites
located in the equatorial region of the Amazon, our results exhibited two patterns
depending on the LULC: i) higher g, (44.54-63.21 mm/s) in tropical forests (K34, K67,
K67, K83, and QFR) and ii) lower g, (16 mm/s) where natural vegetation was replaced
by pasture/cropland (K77). Similar patterns were observed in the southern Amazon,
where g, for tropical semideciduous forest (RJA) was higher (42 mm/s) than for pasture
areas (FNS and FSN) (~20 mm/s). For seasonally flooded areas (BAN and NPW), we
obtained similar g, values (39.79-41.40 mm/s), while for the Cerrado biome, we verified
that in cropland (USE), g, was lower (29.85 mm/s) than in natural savanna vegetation
(BRA and PDG) (45.78 and 34.67 mm/s, respectively). Arid sites in the Caatinga biome
(CCG1and CCG2) also exhibited similar g, values (39.41 and 42.78 mm/s, respectively).
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Lower g, values (from 19.83 to 29.50 mm/s) were obtained for the Pampa biome (CAS,
CRA, PAS, PRS, and SMA), mainly because of the grassland and cropland predominance
which present lower canopies.

9. slightly varies from one season to another at most Amazon sites. However, at FNS, a
pasture site in the southern Amazon, during the dry season, g, was approximately 70%
higher than in other seasons. In contrast at FSN, also a pasture site, g, decreased by
approximately 2% during the dry season. At both sites, changes in canopy height are
related to cattle grazing, and canopy height changes affect surface roughness, which is a
key factor in g,. The only period during which g, was significantly higher during the
entire period for which data were available for the FNS site (1999-2002) was between
June and September 2001, the same period during which a greater canopy height due to
anthropogenic management was observed (Zanchi et al. 2009).

9. did not change significantly in the seasonally flooded Pantanal area (NPW), whereas
for natural LULC in Cerrado (BAN, BRA, and PDG), g, increased by approximately
14-16% during the dry season, and at the cropland site (USE) g, was approximately 37%
higher during the dry season. For pasture in the Amazon (K77) and for cropland in the
Cerrado (USE) biome, the pronounced g, increase is also related to the crop cycle, i.e.,
with the harvest occurring at the end of the dry season (Juarez 2004).

At CCG1 (dense Caatinga), a pronounced decrease (-12%) in g, was observed when the
dry season started (August), which could be related to leaf loss— even when wind speed
tends to increase, a decrease in the canopy could influence the g, pattern. However, at
CCG2 (sparse Caatinga), which has less leaf biomass throughout the year, the increase in
Ja during the dry season (17%) could be related to less significant leaf loss in this period
since the variation in the canopy height is not as significant as at CCG1.

Changes in g, of approximately 1-8% were observed for most Pampa sites (CAS, PAS,
PRS, and SMA); only at CRA (rainfed cropland) was g, lower (16%) lower during the
autumn/winter season. Furthermore, g, pattern at the cropland sites is coincident with the
crop cycle, since g, reaches maximum values in March/April and in October/November,
coincident with summer and winter cropland cycles at CRA, whereas at CAS and PRS

(irrigated cropland), higher g, values occur at the end of the growing season.
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Figure 4.3. Patterns of aerodynamic conductance (g,) at 20 South American
measurement sites. Shaded areas indicate the dry season or autumn/winter season for sites
located in the Pampa biome (CAS, CRA, PAS, PRS, and SMA).

4.3.3 Patterns of surface conductance

As with g,, gs exhibited different patterns across South America (Figure 4.4). For
instance, higher g values occurred in the Amazon (K34, K67, K83, QFR, and RJA) and
in croplands sites in the Pampa biome (CAS, CRA, PAS, PRS, and SMA), regions where
water availability is not a limiting ET factor (except in the southern Amazon region).
Hence, the surface resistance (defined as the inverse of the surface conductance) is lower.
In contrast, at sites located in regions that experience longer dry season, such as Cerrado
(BAN, BRA, PDG, and USE) and Caatinga (CCG1 and CCG2), g, is lower, since at these
locales, the canopy resistance to water exchange from the vegetation to the atmosphere is

higher, especially during the dry season.
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Furthermore, g, varies not only across sites in the South America but also with the
seasons and according to the LULC. Comparing the equatorial Amazon sites with forests
(K34, K67, K83, and QFR) and with cropland/pasture (K77), we verified that at forested
sites g, varies slightly over the year, decreasing by approximately 14-27% during the dry
season, while at K77, g, decreases by approximately 77% during the same period. This
illustrates that LULC changes can alter water vapor exchange. When we evaluated sites
in the southern Amazon, we found differences in g, for different LULC conditions.
Despite all sites in this region (FNS, FSN and RJA) exhibiting pronounced changes in g,
over the year (decreasing by approximately 26-59% during the dry season), higher
canopy conductance over forest than over pasture sites is significant. At seasonally
flooded sites (NPW and BAN), a similar g, reduction of approximately 28-38% was
observed during the dry season. According to (Asbjornsen et al. 2011), vegetation from
humid ecosystems, such as the vegetation in seasonally flooded regions, close their
stomata even in high-humidity conditions, in contrast to vegetation in arid environments
that supports extreme conditions of water stress.

The Cerrado sites with natural LULC (BRA and PDG) also demonstrated this increase in
vegetation control over the dry season (42-48%). At the cropland site in this biome
(USE), g, decreases by approximately 15% during the dry season. This pattern is
probably associated with the crop cycle: harvesting occurs mainly at the end of this period
(Juérez 2004).

While higher g, values were obtained for tropical and semideciduous forests, the lowest
g, values were obtained for Caatinga sites (CCG1 and CCG2), where we observed a
marked decrease in g, during the dry season (> 60%), demonstrating pronounced changes
from season to season. In contrast, when we evaluated humid subtropics sites, we noticed
that g, varied according to the crop cycle at CAS, CRA, and PRS, whereas at grassland
sites (PAS, and SMA), g, did not exhibit significant seasonal variability.
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Figure 4.4. Patterns of surface conductance (gs) at 20 South American measurement
sites. Shaded areas indicate the dry season or autumn/winter season for sites located in
the Pampa biome (CAS, CRA, PAS, PRS, and SMA).

4.3.4 Patterns of the Jarvis and McNaughton decoupling factor

Based on g, and g,, we assessed the vegetation—atmosphere interactions using the Jarvis
and McNaughton factor, which reflects the importance of atmosphere and vegetation
controls on ET. For sites in the Amazon (K34, K67, K83, QFR, and RJA), the Pampa
(CAS, CRA, PAS, PRS, and SMA), and seasonally flooded areas (NPW and BAN), we
obtained the highest Q values, ranging from 0.47 to 0.65 (Table 4.3). This implies that in
these ecosystem types, g, is of greater importance than g, in controlling water vapor
exchange. When we evaluated the relationship between ET and the main controls and
drivers (Rn, VPD, g,, and gg) presented in Figure 4.5, we observed that at these sites,

under normal conditions of adequate water availability, ET is mainly driven by Rn, and
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VPD, and controlled by g,, suggesting the greater importance of abiotic factors in
controlling ET.

As water availability decreases, the importance of g, control on ET increases. This pattern
is well represented mainly by arid sites in the Caatinga biome (CCG1 and CCG2), for
which we obtained the lowest Q values. For Cerrado sites (BRA and PDG) where there
is a longer dry season (lasting 6 months) (da Rocha et al., 2009), we obtained lower Q
values than those observed in humid areas. For these biomes (Caatinga and Cerrado), we
found a strong relationship between ET and g,. For the Caatinga biome, the relationship
between ET and g, was significantly stronger than the relationships between ET and
climate factors (Rn and VPD), suggesting a high degree of vegetation control over water

vapor exchange in this region.
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aerodynamic (g,) and surface (g5) conductance throughout the year and during dry and
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wet seasons (for sites located in the Pampa biome, we used autumn/winter and

spring/summer seasons). *Correlation is not significant at the 5% level.

Our results also demonstrated that Q varies not only among biomes but also over the
seasons, with these variations being more significant for sites with LULC changes
(Figure 4.6). For instance, forested sites (K34, K67, K83, QFR, and RJA) in the Amazon
slightly varies over the seasons, in contrast to cropland and pasture sites (FNS, FSN, and
K77), where Q exhibited pronounced seasonality, with values ranging from 0.62 to 0.69
during the wet season, being 26-33% lower in the dry season. Furthermore, at these sites,
the relationship between ET and g, was significant for the dry season (R? = 0.37-0.45),
contrasting to forested sites in the equatorial and southern Amazon regions, where ET is
mainly driven by abiotic factors (R2 ranging between 0.83-0.98 and 0.19-0.78 for Rn and
VPD, respectively).

Important results were also obtained by comparing Cerrado sites in natural vegetation
(BRA and PDG) with a cropland site (USE). At the sites in natural vegetation, g
exhibited a pronounced decrease over the dry season (25-41%), corroborating the
increase effect of vegetation on ET, due to decline in water availability during this period.
However, at USE (a cropland site), even during the wet season, the vegetation exerts
important control on water vapor exchange (R? = 0.18 at dry season and R? = 0.32 at wet
season), while at the natural vegetated sites the relationship between ET and g is
significant only during the dry season (R? = 0.27-044 during the dry season and R? = 0—
0.08 during the wet season).

When we assessed arid conditions at Caatinga biome sites, we verified that Q is lower
during both, the dry and wet seasons, with VPD and g, being the two factors that are
more related to ET. As mentioned previously, these sites also have different vegetation
density conditions, dense (CCG1) and sparse (CCG2). Despite ET being controlled
mainly by vegetation, our results demonstrated a higher relationship between ET and g,
(R? = 0.51) at sparse Caatinga than in dense vegetation (Rz = 0.35), suggesting that
vegetation conservation can influence ET vegetation controls in this region.

Pampa sites are characterized by cropland (CAS, CRA, and PRS) (irrigated and rainfed
systems) or grassland LULC conditions (PAS and SMA). For these sites, we obtained
higher Q values (0.51-0.70) over the seasons and a significant relationship between ET
and climate factors (R? = 0.68-0.92 for Rn and R? = 0.14-0.73 for VPD). However, for
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rainfed cropland (CRA), over the spring/summer season, we detected an increase in the
strength of the relationship between ET and g, (R? = 0.25), which suggests that during
this period, the vegetation exerts some control on ET, while at irrigated and natural land
cover (grassland) sites, the relationship between ET and g, is not significant.

A summary of the seasonal averages of g, g5, and Q is presented in Table 4.3, in addition

to the seasonal differences (%) in these factors.
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Table 4.3. Annual and interannual averages and dry season change (%) of aerodynamic conductance (g,), surface conductance (g,), and Jarvis

and McNaughton decoupling factor ().

g, (mm/s) g, (mm/s) Q
Site Dry/ Wet/ Dry season Dry/ Wet/ Dry season Dry/ Wet/ Dry season
Annual Winter Summer change (%) Annual Winter Summer change (%) Annual Winter Summer change (%)
Amazon
FNS 19.88 27.05 15.91 70 5.82 4.79 6.47 -26 0.56 0.45 0.63 -28
FSN 19.66 19.42 19.84 -2 8.33 4.62 11.36 -59 0.60 0.47 0.70 -32
K34 44.54 47.94 43.96 9 15.90 12.28 16.94 -27 0.58 0.53 0.60 -12
K67 63.21 64.76 62.40 4 19.46 16.47 21.10 -22 0.55 0.52 0.57 -8
K77 16.00 16.75 15.74 6 21.63 5.88 25.87 =77 0.61 0.48 0.65 -25
K83 63.43 65.77 61.84 6 13.85 12.44 14.95 -17 0.47 0.45 0.49 -9
QFR 48.17 49.43 47.96 3 24.65 21.57 25.16 -14 0.66 0.62 0.67 -8
RJIA 42.00 41.16 4251 -3 21.55 14.81 26.25 -44 0.64 0.58 0.68 -15
Pantanal
NPW 41.40 41.67 41.21 1 12.39 10.01 13.89 -28 0.55 0.50 059 -15
Cerrado
BAN 39.79 43.37 37.94 14 9.98 7.10 11.53 -38 0.51 0.43 0.55 -22
BRA 45.78 49.57 42.65 16 7.52 5.02 9.64 -48 0.39 0.29 0.48 -41
PDG 34.67 37.07 32.02 16 9.40 7.02 12.11 -42 0.48 0.39 0.58 -33
USE 29.85 35.01 25.50 37 6.35 5.81 6.80 -15 0.43 0.36 0.48 -25
Caatinga
CCaG1 39.41 36.91 42.19 -12 3.82 1.94 5.92 -67 0.18 0.13 0.23 -44
CCG2 42.78 46.62 39.81 17 4.97 2.68 6.75 -60 0.22 0.14 0.28 -49
Pampa
CAS 19.83 19.93 19.74 1 30.32 19.62 40.43 -51 0.70 0.62 0.78 -20
CRA 25.71 23.97 28.53 -16 13.61 13.96 13.02 7 0.53 0.50 0.56 -11
PAS 27.81 27.91 27.71 1 15.71 14,52 16.88 -14 0.60 0.55 0.66 -16
PRS 27.39 26.57 28.77 -8 20.60 16.09 28.17 -43 0.66 0.61 0.75 -20

SMA 29.50 28.65 30.36 -6 9.29 9.46 9.12 4 0.51 0.47 0.54 -11
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4.4. Discussion

4.4.1 How do energy fluxes range over multiple biomes and LULC conditions across

South America?

For the Amazon, our results demonstrated three different seasonal patterns of the energy
fluxes. In tropical humid forests in the equatorial region (2-3°S) (at K34, K67, K83, and
QFR), LE tends to follow Rn, whereas in the southwest Amazon (10°S) (at RJA), Rn
increases after the mid-dry season, and LE does not follow this seasonal pattern
(Restrepo-Coupe et al. 2021a), suggesting that ET is also controlled by biophysical
processes (Costa et al. 2010; da Rocha et al. 2009). A third pattern in the Amazon emerges
at sites where the LULC was changed due to deforestation or cropland/pasture expansion
(K77, FNS, and FSN). Because LULC changes can modify energy partitioning, a
significant increase in  from the wet to the dry season is observed. For instance, at K77,
B = 0.81 was observed during the wet season, reflecting pasture growing phenology.
However, {3 reached 1.56 over the dry season, indicating that during this season, H is the
dominant component of turbulent fluxes. In contrast to tropical humid forest sites, LE
decreases at cropland and pasture sites as the dry season progresses. This pattern is more
evident at some sites, where during (K77) or at the end (FNS) of the dry season, H is
higher than LE, since the highest LE rates occur during the wetter months, when the
canopy is present or when the bare soil is wet (Sakai et al. 2004).

Increases in H at the end of the dry season also occur at seasonally flooded sites (NPW
and BAN). At BAN, according to Borma et al. (2009), this pattern is due to decreasing
rates in precipitation and soil moisture and an increase in Rn. However, they observed
different seasonal patterns of LE: while LE is driven by Rn at NPW (16°S), decreasing
rates of LE at BAN (10°S) are not totally explained by Rn, where a decrease in free
surface water and soil moisture depletion could also drive LE (Borma et al. 2009).
Cerrado biome also exhibits different seasonal energy flux patterns depending on the
latitude. For instance, at PDG and USE (21°S), LE tends to follow Rn. This pattern was
also observed in previous research, illustrating the high relationship between available
energy exerts and ET (da Rocha et al. 2009). In contrast, at BRA (15°S), LE is not in

phase with Rn. At this site, LE decreases during the dry season despite the increase in
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insolation, and as the wet season begins, the available energy is dissipated as LE and H
decreases concurrently (Santos et al. 2003).

LE is also not in phase with Rn at CCG1 and CCG2 in Caatinga. LE follows the seasonal
precipitation pattern closely, and the only time when LE exceed H is at the end of the wet
season (Borges et al. 2020; Campos et al. 2019). In contrast, at Pampa sites (CAS, CRA,
PAS, PRS and SMA), a strong relationship exists between Rn and LE, with lower fluxes
during the autumn/winter and higher fluxes during the spring/summer. During most of
the year, the available energy is partitioned to evaporate water from the surface to the
atmosphere (B < 1). At these sites, the primary use of available energy is for LE, especially
during the growing season (Diaz et al. 2019; Rubert et al. 2018; Souza et al. 2019). In
addition, H does not vary substantially throughout the year, exhibiting maximum values

soon after the harvest, demonstrated by values of 8 > 1 in our results.

4.4.2 How different are ET drivers over multiple biomes and LULC conditions?

Ja 1S an important abiotic ET factor that controls the transfer of water vapor from the
surface to the atmosphere, while g is the main control that vegetation exerts on water
exchange from inside the leaf to the atmosphere (Jarvis and McNaughton 1986; Monteith
1965). g, is related to wind speed and canopy roughness, and g is related to VPD, water
availability, and photosynthetic capacity. Thus, changes in LULC, air humidity, and soil
proprieties can affect these factors, consequently affecting the magnitude of ET and
impacting the energy, water, and carbon cycles.

Our results demonstrate that g,, g, and Q exhibit different patterns and magnitudes
across multiple biomes and LULC conditions in South America. Several studies have
emphasized that in the Amazon, the conversion from forest to cropland or pasture reduces
ET rates and changes the energy partitioning into H and LE (Khand et al. 2017; Laipelt
et al. 2020; de Oliveira et al. 2019; von Randow et al. 2004, 2012, 2020). These
consequences result from tall forest being aerodynamically rougher than cropland or
pasture, and this conversion affects turbulent fluxes, which are higher for rough surfaces
than smooth surfaces (Bonan 2015). The replacement of the long root systems of forests
by the shorter root systems of crops and pasture also influences the water vapor exchange

since the shorter roots of agriculture/pasture may not reach the wetter layers of the soil
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during the dry season. Thus decreasing g, which decreases LE and increases H (Bonan
2008; von Randow et al. 2004).

Our analysis results confirm earlier findings for two regions in the Amazon (the central
and southern parts). The pattern of g, is high and without clear seasonality in humid
tropical forests, suggesting that turbulent activity and canopy roughness do not change
substantially over the seasons at forested central Amazon sites (K34, K67, K83, and
QFR). In contrast, in pasture and cropland sites (K77, FNS, and FNS), g, exhibits
different patterns throughout the year. Furthermore, g, slightly decreases during the dry
season at humid tropical forest sites (K34, K67, K83, and QFR), corroborating the
findings of (Restrepo-Coupe et al. 2021a), who observed that minimum values of g,
occurred mainly during the dry season in the east to central part and in the southern part
of the Amazon. They suggested that g, decreases while LE increases during the dry
season at equatorial forest sites, indicating a significant role of evaporation in this season.
However, pasture sites (FNS and FNS), cropland (K77), and semideciduous tropical
forest (RJA) exhibit pronounced g, decreases, suggesting a greater importance of
biophysical control on ET. This pattern occurs even in the central Amazon (K77), mainly
due to shallow root depth and water stress, leading vegetation to close its stomata to avoid
water loss to the environment (Costa et al. 2010; von Randow et al. 2012). Thus, for
similar climatic conditions within the same biome but under different LULC conditions,
Jq and g, are significantly lower at converted (K77) than at forested sites (K34, K67, and
K83), especially during the dry season, altering the decoupling between the surface and
the atmosphere.

At sites in natural vegetation in Pantanal (NPW), Cerrado (BAN, BRA, and PDG), and
Caatinga (CCG1 and CCG2), g, increases during the dry season because of the increased
frequency of cold front passages in central Brazil in this period (Borma et al. 2009; da
Rocha et al. 2002; Sanches et al. 2011), or because of the influence of the Intertropical
Convergence Zone (ITCZ) (dos Santos and Santos e Silva 2013). The variability in g, is
consistent with the seasonal decline in the soil water content and vegetation phenology
and increase in VPD, since during the dry season, the leaf senescence mechanism
responds to water stress, avoiding excessive loss of water by plants and hence reducing
ET rates (Cabral et al. 2015; Marques et al. 2020). However, for cropland (USE), the
importance of vegetation control on ET increases not only during the dry season, as in

natural vegetation in Cerrado, but also during the wet season. This suggests that while



92

sites under natural LULC exhibit increases in water exchange’s biophysical control
mainly during drier months, this control occurs during both seasons for the cropland.
Under arid conditions, at the sparse Caatinga site (CCG2), the relationship between ET
and g, is stronger than at the dense Caatinga site (CCG1), suggesting that vegetation
conservation can influence energy fluxes. Our results are consistent with those of de
Oliveira et al. (2021), who showed that for sparse cover conditions, the average surface
temperature is 3°C higher than in the dense Caatinga, probably due to the higher
percentage of bare soil absorbing more energy, increasing the surface temperature. In
addition, according to those researchers, deforestation contributes to the intensification
of soil water loss, since ET under sparse cover conditions accounts for an average of 90%
of the total annual precipitation, while under dense conditions this percentage is
lower (74%).

Our comparison of the main ET controls for the Pampa biome revealed pronounced
variability in g throughout the year at cropland sites (CAS, CRA, and PRS), while at
grassland (PAS and SMA), g, slightly varies. Findings for the cropland site in this biome
suggest that biophysical conditions might have a more significant influence over ET
interannual variability, since the atmospheric conditions do not entirely explain
interannual variability observed over five years (Diaz et al. 2019). For grassland sites in
the same biome, Rubert et al. (2018) suggested that strong ET pattern is mainly due to
Rn and VPD variability. Furthermore, those researchers found differences in ET
magnitudes for grasslands sites and suggested that these differences are likely to be
associated with vegetation biophysical control, corroborating our finding that

demonstrates differences in g, patterns and magnitudes for the grassland sites.

4.5 Conclusions

In answer to the two key questions posed earlier, our results demonstrate that there are
different energy flux patterns across South America. In wetter environments, where ET
is strongly related to the available energy, such as in tall forests in the Amazon, g, and
g are higher, and the decoupling factor is greater than 0.5 throughout the year. In
subtropical regions, the decoupling factor is also high, as in the Amazon, but because of
the surface roughness and vegetation canopy height, g, is not very high. In places where

precipitation is significantly seasonal, such as Cerrado and Pantanal, ET is significantly
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lower in the drier months, when the influence of vegetation control on ET processes
increase, whereas in arid regions, such as the Caatinga biome, the available energy is not
the main driver of ET, and the vegetation exerts an important control on water vapor
exchange between the surface and the atmosphere.

Our study results also underscore the fact that these patterns can be impacted by LULC
change. In the central Amazon region, at cropland sites, LE and H do not exhibit the same
available energy partitioning pattern as at forest sites. In addition, reductions in the
canopy height and roughness directly influence aerodynamic conductance and
consequently turbulent exchange fluxes. Changes in the patterns of energy fluxes and
aerodynamic and surface conductance were clear for humid sites in the Amazon and in
all biomes assessed here, whether at pasture, agricultural, or natural vegetation
degradation sites, as shown for the Caatinga biome.

Changes in LULC directly impact the main abiotic (such as aerodynamic conductance)
and biotic (surface conductance) controls, consequently affecting water vapor exchange
between the surface and the atmosphere. These impacts become especially important in
the face of current deforestation and cropland expansion scenarios in South America.
Given that we can observe direct impacts of LULC changes on the moisture exchange
between the surface and the atmosphere, how will these impacts be amplified over large
areas that experience LULC changes? It is crucial to answer this question in the future to
improve our understanding of how LULC changes can affect large areas in South

America.
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CHAPTER 5

How the remote sensing models represent evapotranspiration at

different land use and land cover conditions in the Amazon?s

5.1 Introduction

The Amazon rainforest is the largest tropical forest in the world and has a significant
influence on regional and global climate due to forest-atmosphere fluxes exchanges
(Cohen et al. 2007). Through the so-called “flying rivers” Amazon Forest recycle about
70% of the precipitation (Van Der Ent et al. 2010; Pearce 2020), being an important
source of moisture during the dry season in the La Plata basin, in South America
(Martinez and Dominguez 2014).

Despite the ecosystem importance of maintenance of forest vegetation, the Amazon
Forest has been subject of increased deforestation for half a century (Nobre et al. 2016),
especially in the south and eastern region, when the natural vegetation has been replaced
by pasture and farming uses. For instance, recent data from MapBiomas project (Souza
et al. 2020) inform that forest coverage decreased of around 445 thousand of km?2
(reduction around 12%), between 1985 and 2020, while pasture areas increased about
300%, and soybean areas, presented an increase of 7,500, during these 36 years.

These LULC transformation is especially significant to the so-called “arc deforestation”
region, in the southern and eastern Amazon. For example, only in Tapajos basin the forest
loss between 1985-2020 was around 89 thousand of km2, while the pasture areas increased
433% and soybean areas reached 786 kmz2 in 2020, an increase about 6,293%.

Several studies have been showed how the environmental changes in the Amazon are
impacting the hydrology and atmospheric circulation of the basin. These changes are
associated with significant energy fluxes partitioning modifications (Baker and Spracklen
2019; Dias et al. 2015; Khand et al. 2017; Laipelt et al. 2020; de Oliveira et al. 2020;
Panday et al. 2015; von Randow et al. 2004; Wongchuig et al. 2021), precipitation
(Wongchuig et al. 2021), in addition to an increase in river discharge (Costa et al. 2003;

5 Under internal review.
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Dias et al. 2015), dry season length (Costa and Pires 2010), and fire incidence and carbon
emissions (Aragéo et al. 2018).

However, these impacts are not fully understood in the Amazon, since is not trivial the
representation of the physical processes related in the surface and atmosphere
interactions. A great effort has been made to measure energy and water fluxes through
distinct approaches, mainly based on Bowen ratio (Biudes et al. 2015), and eddy
covariance sites (Baldocchi et al. 2001; Borges et al. 2020; Gongalves de Gongalves et al.
2013; Keller et al. 2004; de Oliveira et al. 2021; Pastorello et al. 2020; Restrepo-Coupe
et al. 2021b; Roberti and Acevedo 2012; Saleska et al. 2013). ET obtained through these
approaches is crucial to improve our knowledge of how environmental and biological
control and drive ET in several LULC and climate conditions worldwide (da Rocha et al.
2009). However, ET measurements do not have sufficient density to represent all climate
and vegetation cover heterogeneity in large scales. In the Amazon, we have only eight
public measurements towers, from the LBA project (Davidson and Artaxo 2004;
Gongalves de Gongalves et al. 2013; Keller et al. 2004; Restrepo-Coupe et al. 2021b;
Saleska et al. 2013), that cover mainly forested locals in the central region, while only
two of these towers cover pasture and agriculture sites.

To overcome this scale challenge, ET estimations based on remote sensing data have
become a dominant means to derive water and energy fluxes from local to global scale.
Using it with meteorological data, several models estimate ET in different spatial and
temporal resolutions.

Through remote sensing advent, many ET models have been proposed, mainly based on
MODIS sensor data (starting in 2000). One of the models widely used by the scientific
community is MOD16 (Mu et al. 2007, 2011), based on the Penman-Monteith approach
and on information from the vegetation index and meteorological data. The GLEAM
model (Martens et al. 2017; Miralles et al. 2011a), based on the Priestley and Taylor
equation, has also been extensively used, and has the proposal to use as much sensing
information as possible. Recently, PML (Gan et al. 2018; Zhang et al. 2016b, 2019) also
based on the Penman-Monteith approach, and SSEBOP based on simplified surface
energy balance (Senay et al. 2013, 2020) have become available to the scientific
community, further expanding the range of opportunities in remote sensing ET science.
These models have been freely available for use, covering the entire globe, for a long-
term period, offering a crucial source of information about large scale ET. Specifically,

regarding the Amazon basin-forest, these models have been allowed to characterize
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spatial and temporal ET patterns, to improve the knowledge about the drivers and limiting
factors on ET processes, showing that ET present different behaviors depending on
latitude and energy and water limitation (Fisher et al. 2017; Mao et al. 2015; Talsma et
al. 2018). A full and comprehensive revision of ET Amazon can be found in Fassoni-
Andrade et al. (2021).

Despite the valuable contribution of remote sensing models to characterize and to
understanding ET processes, several studies have been showing that ET estimations from
the models can substantially differ between them (Maeda et al. 2017; Melo et al. 2021,
Michel et al. 2016; Sérensson and Ruscica 2018; Talsma et al. 2018).

Recently, Fassoni-Andrade et al. (2021) emphasized that while most remote sensing
models agree with the ET measurements showing an increase in rates, during the dry
season (at northeastern Amazon), and in the central region, where equatorial wet areas
prevail, the models diverge to demonstrate the seasonal ET cycle. Melo et al. (2021)
showed that remote sensing can reasonably estimate ET despite the models informed
different tendency of overestimation and underestimation when compared to
measurements. Maeda et al. (2017) demonstrated that ET patterns in the Amazon differ
in time and magnitude, driven by a combination of energy and water availability, since
neither radiation nor precipitation alone could explain ET patterns.

Accurate and finer spatial and temporal ET estimates from remote sensing have been a
challenge and a great opportunity to overcome open scientific questions and applications
that heavy depended on fully ET understanding (Fisher et al. 2017). This is especially
true for the Amazon basin-forest system, where in face of climate change scenarios, large-
scale ET estimations are essential to provide high quality information about water use
and water stress among different land cover types and drought long-term monitoring, in
addition to improving how the LULC can impact water, energy and carbon cycles.

To improve models’ estimates is critical to understanding the ET process in a wide range
of LULC and climate, based on measurements, seeking to understand how the models are
representing these processes and what their potentials and limitations. Several studies
were conducted to evaluate the ET models’ performance, mainly at sites in the North
Hemisphere (Chen et al. 2016; Ershadi et al. 2015; McCabe et al. 2016; Michel et al.
2016; Mu et al. 2011; Xu et al. 2019), assessing, especially MOD16 and GLEAM, while
other models, mainly PML and SSEBOP, are not still extensively evaluated. In addition,

most studies have focused on the impact of these changes on total ET estimates, and
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analyses involving individual ET components remain unknown, largely because most
models do not provide this information. Assessing how transpiration, soil evaporation,
and loss interception are impacted due to LULC changes is important because
environmental changes conditions and/or vegetation conditions, can affect plant
phenology, water-use efficiency, the atmospheric demand vapor, and soil moisture,
impacting differently the ET components (Zhang et al. 2016b).

Given the importance of delving into the ET processes in the Amazon, a multi-model
analysis at tropical system is fundamental to understand how the models represent the
water fluxes exchange between the surface and the atmosphere at multiple LULC
condition, as well as providing an understanding of the accuracy of these models. In this
context, we proposed to extend the accuracy and ET pattern analyses in the Amazon
region, by incorporating data from wetter regions, fewer evaluated, such as the western
and northern regions, conducting an evaluation focusing on model performance according
to LULC. Furthermore, we also assessed the performance of ET models and its
components, over Tapajos basin, at forest, pasture, and soybeans areas.

To address these main purposes, we seek to answer two scientific questions: i) what is the
accuracy of the main freely available ET models to represent the ET patterns in a tropical
system?, and ii) can the remote sensing models represent the differences in LULC in the

total ET flux and in its components?

5.2 Data

5.2.1 Basin-Forest Amazon system

The Amazon basin was selected to evaluate the ET models’ accuracy and patterns. And,
due to anthropogenic pressure, with agricultural areas expansion, the Tapajos basin was
selected to assess the model’s performance to represent the LULC in the total ET flux
and its components. Figure 5.1 presents the localization of Amazon and Tapajés basins,
in South America, in addition to presenting the localization of the measurement sites used
to evaluate the accuracy and pattern representation from the remote sensing models.

The Amazon basin was evaluated, since this region is the place of the major tropical forest
in the world, and the largest hydrological basin covering about 6 million km?, spending

over seven countries, and hosting four of the ten largest Rivers in the world (Fassoni-
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Andrade et al. 2021; Marengo et al. 2012; Salati et al. 1979). The Amazon basin drains
about one-third of the land surface of South America, constituting around 15-20% of the
total freshwater flux on the globe (Salati et al. 1979; Salati and VVose 1984). Precipitation
varies spatially in the Amazon. Northern is the most humid region, where the annual
precipitation account 3,000 mm, without define dry season (Heerspink et al. 2020; Maeda
etal. 2017). On the other hand, in central region, the rainfall is about 2,000 mm/year with
a short dry season (~3 months, from August to October) (Maeda et al. 2017; da Rocha et
al. 2009). And, in the east and southern regions there is a longer dry period (4-5 months,
from August to November), with the lowest precipitation rates (1,500 mm/year) (Maeda
et al. 2017; da Rocha et al. 2009). As to precipitation, the ET also varies from the west to
east and north to south gradient, where based on water balance approach it was verified
that in the northeastern ET reaches the highest rates (~ 1497 mm/year), while in the
southeastern, there are the lowest rates (~ 986 mm/year), recycling through the forest
from 49 to 65% of the precipitation in the basin (Maeda et al. 2017).

The second part of this study was conducted at Tapajos basin, since this basin is an
important sub-basin in the Amazon, which has been suffering with anthropogenic
pressure, where significant part of forest has been replaced by pasture and soybeans areas
(Arias et al. 2018). The Tapajos basin is in the southeastern part of the Amazon basin,
covering 492,263 kmz2 (around 12.8% of the Amazon basin) and four Brazilian states
(Amazonas, Rondonia, Para, and Mato Grosso). The Tapajos River is the fifth largest
Amazon River tributary (1,880 km of length), contributing to 10.9% of Amazon discharge
(ANA 2011; MMA 2011; Mohor et al. 2015). The basin has a tropical climate, with
annual precipitation ranging from 1,600-1,800 in the southern, and 2,200-2,400 mm/year
in the central west. It presents longer rainy season extending from December to May, and
three months of dry season from June to August (ANA 2011; Arias et al. 2018). Cerrado
and tropical evergreen rainforest (Amazon biome) cover the basin from the south to the
north, respectively. The natural vegetation has been under anthropogenic pressure in the
last decade (~50 last years; Nobre et al. (2016)) due to the expansion of pasture and crop

areas.
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Figure 5.1. Location of the Amazon and Tapajos basins and part of measurement sites in
South America. South America biomes were adapted from the Terrestrial Ecoregions of
the World (Olson et al. 2001) and modified based on Turchetto-Zolet et al. (2013).

5.2.2 Evapotranspiration models

Four global and available ET models were used in this study. One of them is based on
simplified surface energy balance equation: SSEBOP (Senay et al. 2013, 2020); two are
based in the Penman-Monteith approach: MOD16 (Mu et al. 2007, 2011) and PML (Gan
et al. 2018; Zhang et al. 2016b, 2019); and the last one is based on the Priestley and
Taylor equation: GLEAM model (Martens et al. 2017; Miralles et al. 2011a). Detailed
information about models’ formulation and inputs source can be found in the models’
references presented in Table 5.1, and in chapter 2 is presented a comprehensive review
of these models.

Table 5.1 summarizes the characteristics of the models used and present the main
references of each model where the reader can find detailed information about the models’

formulation.
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Table 5.1: Summary of evapotranspiration models evaluated in this study

Remote
Model Methods Spatial Spatial sensing References
source
AIRS,
: CERES, (Martens et al.
%\)‘Eé{)‘f P“egg'ggg;;y'or 0.25 degree daily MODIS,  2017; Miralles et
e ESA-CCI, al. 2011a)
SMOS
Penman-
MOD16 Monteith 500 meters 8 days MODIS (Muetal. 2007,
(v. 6) 2011)
approach
PML Penma_n— (Gan et al. 2018;
. 2) Monteith 500 meters 8 days MODIS Zhang et al.
' approach 2019)
SSEBOP Surface energy (Senay et al.
(v. 4) balance 1 km 10 days MODIS 2013, 2020)

5.2.3 Amazon evapotranspiration measurement sites

A network of eleven measurement sites was used in this study, covering forest, pasture,

and cropland locals in the Amazon biome. The measurements sites are from: i) LBA

program (Davidson and Artaxo 2004; Gongalves de Gongalves et al. 2013; Keller et al.
2004; Restrepo-Coupe et al. 2021b; Saleska et al. 2013) ii) AmeriFlux (Baldocchi et al.
2001), iii) Fluxnet (Pastorello et al. 2020), and iv) PELD Pantanal (Biudes et al. 2015).

Figure 5.1 and Table 5.2 present the localization and summarized some information

about the measurement sites in the Amazon.

Table 5.2. The measurement sites.

Lat Lon Data
Site Name Biome (0)' (0)' Land cover availabilit  Reference
y
Fazenda (von
FNS Nossa Amazon -10.76  -62.35 Pasture ﬁgfggg; Randow et
Senhora al. 2004)
x (Priante-
FsN  Tezendasio .00 085 -58.26 Pasture  Mar2002= et
Nicolau Oct 2003 2004)
Manaus — i i Tropical Jan 2000-  (de Aradjo
K34 K34 Amazon — -2.60  -60.20 p,idforest  Sep2006 etal. 2002)
Santarém — Tropical Jun 2002—
K67 K67 Amazon -2.85 -54.95 humid forest Jan 2006 (Saleska et
al. 2003)
Pasture and
. rainfed (Sakai et al.
Santarém — Aug 2000—
K77 K77 Amazon -3.01 -54.53 cropland Nov 2005 2004)
(soybean and
rice)
Santarém — Tropical Jun 2000-
K83 K83 Amazon  -301  -5497 i forest  Mar 2004
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(da Rocha et

al. 2004)
Quistococha . g
QFR Forest Amazon -3.83 -73.31 Tergtri;]a(: Jggczggfg (Griffis et al.
Reserve P 2020)
Tropical Jan 2000 (von
RJA ReservaJaru  Amazon  -10.08 -61.93 semideciduous Randow et
Nov 2002
forest al. 2004)
Woodland (Borma et
Javaés/ savanna Oct 2003-
BAN Tocantins Cerrado  -9.82  -50.15 (seasonally Dec 2006 al. 2009)

flooded)

5.2.4 Land use and land cover data

In this study, we based our analysis on the LULC classes from MapBiomas project (Souza
et al. 2020). This project aims to provide high-quality and high resolution (30 meters)
information about the LULC in the Brazilian territory for each year since 1985, based on
Landsat imagery collection and the Random Forest algorithm. We used information from
collection 6, the latest one, covering the 2003-2017 period (available at

https://mapbiomas.org/).

5.3 Methods

5.3.1 Data filtering and quality control of evapotranspiration measurements

To assess the accuracy of remote sensing we used 30-minutes and/or hourly measured LE
data based on measurement sites. These data were filtered to remove spurious values,
following methodology describe in Souza et al. (2019), Rubert et al. (2018), and in (Diaz
et al. 2019). In addition, we did not gap-fill the measurement data and we used the latent
heat of evaporation to compute ET using LE data. In addition, we compute daily average

ET using a maximum gap of 25% Fisher et al. (2009).

5.3.2 Assessing remote sensing evapotranspiration models

As each of the remote sensing evapotranspiration models used in this study present a
different temporal scale, we standardized this temporal scale in order to provide the same
magnitude of temporal information. For the MOD16 and SSEBOP models that provide

ET data as an 8 and 10-day cumulative, respectively, the daily average ET was computed.
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In the GLEAM model ET data is already provided at a daily scale and PML provides the
data as an 8-day daily average, thus for these models no time scale adjustment was

required.

5.3.3 Evapotranspiration at different land use and land cover conditions

To evaluate how the models represent ET and its components, at different LULC, in a
region with several transformations in the last years, we assessed the Tapajos basin, in
order to understand if the ET models are influenced by these changes. Thus, we used
maps from the MapBiomas (Souza et al. 2020), to generate one-hundred points randomly
in each class (forest, pasture, and soybean), for each evaluated year, from 2003 until 2017.
To avoid great discrepancies between ET processes depending on biome (Cerrado and
Amazon), we restrict the analysis only to Amazon biome, in the Tapajos basin. Thus, we
evaluated the individual ET components under forest, pasture, and soybean areas, to
assess how the ET components (transpiration, soil evaporation, loss interception) are
influenced by different LULC. This analysis was only possibly to GLEAM and PML

models that make available the ET components separately.

5.3.4 Statistical analysis

To evaluate the accuracy and patterns of the models, compared to the ET measurements
we computed the correlation coefficient, RMSE and BIAS, considering all models at
average daily basis. In addition, was applied a mean test (t test), for three different

temporal conditions, annual, dry, and wet seasons.

5.4 Results

5.4.1 Patterns and accuracy of the remote sensing ET models over measurements sites in

the Amazon

ET patterns vary over a range of climatic and LULC conditions in the Amazon and among
the remote sensing models. Figure 5.2 presents ET patterns over Amazon measurements

sites and the Figure 5.3 presents the correlation coefficient, BIAS and RMSE, between
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the ET models and the measurements sites in whole Amazon. Detailed ET patterns are

also available at Supplementary Information (Figures S15.1-5.4).
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Figure 5.2: ET patterns at eleven measurement sites in the Amazon, through remote
sensing models (GLEAM, MOD16, PML, and SSEBOP), and measurement data (ET
measured). Shaded areas indicate the dry season. South American biomes were adapted
from the Terrestrial Ecoregions of the World (Olson et al. 2001), and modified based on
Turchetto-Zolet et al. (2013).
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Figure 5.3: Statistical metrics (correlation, BIAS, and RMSE) between the ET
measurements and estimations from the remote-sensing models (GLEAM, MOD16,
PML, and SSEBOP), in the Amazon. South American biomes were adapted from the
Terrestrial Ecoregions of the World (Olson et al. 2001) and modified based on Turchetto-
Zolet et al. (2013).

5.4.1.1 Forested sites in equatorial region

Forested sites at equatorial Amazon, mainly limited by energy (da Rocha et al., 2009),
was a challenge to the models to represent ET patterns, besides that, most of them showed
significant agreement with the measurements. For instance, GLEAM model showed weak
to moderate correlation coefficient (r from 0 to 0.35) with the measurements. The model

does not represent well ET patterns in most equatorial sites. At GUY, K67 and K83,
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GLEAM model shows a pronounced decrease in ET rates during dry season (August—
November), while the measurements show a non-significant reduction (GUY and K83),
or even an increase in this period (K67). In the most humid sites (K34 and QFR), GLEAM
does not capture the ET patterns (r = 0 at K34 and r = 0.16 at QFR). In addition, to all
these sites, the model underestimate ET rates (BIAS from -0.84 to -0.31 mm/day), except
at QFR (BIAS = 0.28 mm/day), and present RMSE higher than 0.87 mm/day.

Better agreement between the estimations and the measurements at equatorial Amazon
was found using MOD16 (r from 0.34 to 0.52). However, as was observed to the
GLEAM, MOD16 also underestimate the measurements, informing BIAS from -0.94 to
-0.46 mm/day to all sites, expect to QFR, where the model performed well (r = 0.52,
BIAS = 0.19 mm/day, and RMSE = 1.00 mm/day).

In addition, MOD16 demonstrates an increase in ET at the end of the rainy and at the
beginning of the dry season, even to those sites where the measurements inform a slight
variation between the seasons (GUY, K34, K67, and K83). However, for the wettest
region in the Amazon (QFR), MOD16 was the model that came closest to the ET pattern.
The performance of PML and SSEBOP at equatorial forested sites was also better than
GLEAM, showing moderate correlation coefficient with the measurements at all sites,
except to K67 and QFR, where both models presented poor statistical metrics (r from -
0.62 to 0.18, BIAS from -0.72 to 0.17 mm/day, and RMSE from 0.82 to 1.40 mm/day).
Following the other models, PML and SSEBOP underestimate ET rates in most central
Amazon, especially at GUY site. Furthermore, we verified that is still a challenge to these
models to capture ET patterns in this region. Despite these models capture the
maintenance or ET increase during dry season, it seems that they exaggerate to inform
the increase in ET rates (SSEBOP) or inform this increase even to locals where a slight

decrease occurs in this period (GUY).

5.4.1.2 Cropland/Pasture site in equatorial region

In contrast to the results found at equatorial forested sites, at cropland/pasture (K77) in
the same region, GLEAM showed the best performance to capture the ET pattern (r =
0.77). However, it is important highlighted that the GLEAM model has a lower spatial
resolution (0.25°), being a challenge to represent ET fluxes at tower scale and considering

LULC changes. Thus, it is possible that the model is representing the same pattern
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modeled for the forest sites in this region, shown by GUY, K67 and K83, with a decline
in ET flux during the less rainy months.

For MOD16, PML and SSEBOP models the representation of ET pattern in this
cropland/pasture site in this region was clearly a challenge (r from -0.31to 0.44). MOD16
shows a pronounced increase in ET rates during the dry season — same behavior captured
to forested sites in the same region — while the measurements inform a consistently
decrease over this period. The PML captured the ET decrease during the dry season,
however, underestimate the ET rates (BIAS = -0.95 mm/day), especially over the rainy
season. And the SSEBOP showed an opposite pattern from the measurements, showing a
pronounced decrease over the rainy season, and a consistent increase in the end of the dry
season (r = -0.31, RMSE = 2.24 mm/day and BIAS = -1.18 mm/day).

5.4.1.3 Tropical semideciduous forest sites in southern region

Divergent patterns were observed between the models to represent the ET at forested sites
in the southwestern Amazon region (RJA and SIN). GLEAM showed the worst
performance (r = 0.11 at RJA and r = -0.09) comparing to the other models. The model
shows a pronounced ET decreasing during the dry season, while the measurements
showed non-decreasing (RJA site), or a decreasing in the end of the dry and the in
beginning of the rainy (August—October) season (SIN). MOD16 also presented a poor
performance, especially to RJA, where the model seems to reproduce the pattern from the
tropical forest in the central Amazon, showing an increase in ET rates during the dry
season, in contrast to the measurements (r = -0.21). PML also present a poor statistical
metrics to these sites (r = 0.12 at RJA and r = -0.31 to SIN). In addition, the model
represents ET pattern similarly at both sites, with a decrease in ET from the beginning to
the middle of dry season, while increase rates are observed to end of this period. However,
in none of these sites, the measurements inform this pattern. When we evaluate SSEBOP
model, we verified a high underestimation at RJA (BIAS = -2.49 mm/day), and a poor
agreement with the measurements (r =-0.01 at RJIA and r = 0.27 at SIN). The model also
does not capture well ET pattern in these locals, showing a decreasing in the ET rates in
the middle of the dry season, while at RJA the ET do not demonstrate a clearly decline,

and at SIN, ET decrease as dry season progress.
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5.4.1.4 Pasture in southwestern Amazon

At pasture sites (FNS and FSN), in the southwestern Amazon, the measurements inform
higher ET rates over the rainy season (January - March), while lower ET is observed as
dry season progress (May—August). When we evaluate the models’ performance, we
verified that GLEAM captured well this pattern, demonstrating a pronounced decrease in
ET rates over the dry season, corroborating with the measurements. In addition, a
moderate relationship with the measurements (r = 0.33 at FNS and r = 0.60 at FSN), and
lower BIAS (-0.41 at FNS and 0.35 mm/day at FSN) was found to GLEAM model.

MOD16 and PML also performed better in these sites, capturing the ET patterns and
presented a lower BIAS when compared to GLEAM, especially to MOD16 (BIAS = 0.07
mm/day at FNS and BIAS = -0.05 mm/day at FNS). In contrast to these results, SSEBOP
did not represent the ET pattern. The model showed a negative correlation coefficient
with the measurements, and a higher RMSE (1.26 — 1.79 mm/day, at FNS and FSN,
respectively). Additionally, SSEBOP showed divergences in representing the ET pattern.
While at FNS, the model showed an overestimation in reduction of ET during the dry
period (BIAS = -1.40 mm/day), at FSN the model informed a maximum ET peak over
the dry season, contrasting to the measurements which inform minimal rates in this

period.

5.4.1.5 Seasonally flooded site

The last land cover condition evaluated is the seasonally flooded site located in a
transitional region between Amazon and Cerrado biomes. This site presents an ET pattern
with lower values over the rainy season and higher ET rates during the drier months. This
occurs since the water availability is not a limiting factor for ET, as in the central Amazon
region, because the seasonally flooded vegetation has access to the water in the soil during
the less rainy months (May - September) (Borma et al. 2009). Furthermore, ET reaches
the highest rates during the dry period as there is less cloud cover and consequently more
solar radiation.

Most models were unable to represent this pattern, showing negative correlation
coefficient with the measurements (r from -0.24 to -0.08), except to MOD16, the only
model that capture the ET pattern at BAN (r = 0.34). For example, GLEAM and PML
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showed a pronounced decreasing in ET over the dry season while the measurements
showed an increase over this period, and for SSEBOP, the ET in BAN almost do not

varies, presenting a slight increase in the end of the dry season.

5.4.2 Patterns of evapotranspiration at forest, pasture, and soybean areas in the Tapajos

basin

The distribution of ET values at forest, pasture, and soybean areas are presented in Figure
5.4 for each model evaluated in this study (GLEAM, MOD16, PML and SSEBOP). The
results show that median values of ET are lower in pasture and soybean than forest region,
for all models. ET is always higher in the forest followed by pasture and soybean. In
addition, higher variability was observed to pasture using MOD16, and to soybeans when
we evaluated PML and SSEBOP, while for GLEAM there is no great variability different

between the land cover types.
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Figure 5.4: Box plot of evapotranspiration for the forest, pasture, and soybean areas, to
the 2003-2017 period, and for the GLEAM, MOD16, PML and SSEBOP models. The
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(IQR), the vertical lines indicate variability outside the upper and lower quartiles

(1.5IQR), and the red crosses represent the outliers.

Previous studies demonstrated based on energy balance approach that the magnitudes of
the energy balance components and ET are related to the density of land cover, being that
at pasture and cropland areas, water limitation can affect more the ET processes than
forest areas (Khand et al. 2017; de Oliveira et al. 2017, 2019). When we evaluated the ET
variability, we verified that, except to GLEAM, the models suggesting that as lower cover
density vegetation as greater the ET dispersion, while for forest there is almost no ET
variability.

The results also showed that the annual average of ET values from pasture and soybeans
are statistically different, according to t test, from forest areas, at annual and dry season
basis (Tables S15.1 and S15.2). For GLEAM, MOD16 and PML models, at some years,
the difference between forest and pasture and/or soybean are not significantly (Table
S15.3). Furthermore, for these models, the average wet season ET at pasture and soybean
can be higher than forested areas, while for the SSEBOP, the ET at forested areas are
always higher than in pasture and soybeans (Table S15.1).

Is important to highlight that in this period (wet season), less radiation reach the surface
due to the higher cloud coverage, directly affecting the ET processes. In addition, during
the wet season, is when occur the growing crop season to soybean in this region (October-
January) (CONAB 2019), when the highest ET rates are expected for these land cover
type.

Our results also demonstrated that all models capture the reduce in ET rates during the
dry season, at pasture and soybean areas (Figure 5.5), demonstrating a more significant
ET decline in the end of dry season (August-September), and to a more pronounced ET
reduction to the soybean than to pasture areas. However, when we assessed ET in forested
areas, the models show significant disagreement between them. As dry season progress,
the GLEAM model informs a reduction in ET over forested areas that is not observed by
the other models (MOD16, PML, and SSEBOP). Despite the other models show an
increase in ET rates during the dry season, they diverge to inform the ET maximum peak.

Whilst MOD16 shows that ET reach the maximum rates in the middle of the dry season,
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PML and SSEBOP show higher ET values from the middle to the end of this period.
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dry season are represented by the shadowed areas.

5.4.3 Patterns of evapotranspiration components (transpiration, soil evaporation and loss

interception) at forest, pasture, and soybean areas in the Tapajds basin

ET components were evaluated only on the GLEAM and PML models, in which the
individual components are available separately. Figure 5.6 presents the ET component
distribution in terms of percentage, in forest, pasture, and soybean areas. A significant
disagreement between these models to estimate the ET individual components is
observed. For instance, while for GLEAM, model the transpiration is higher for soybean
areas (78%), followed by pasture (72%) and forest (71%), respectively. To PML, a
opposite scenario is observed, with higher transpiration to forested areas (81%) than to
pasture and soybeans (79 and 70%, respectively). However, both models agree with a
decrease in loss interception as decrease the canopy density, showing that pasture and
soybean areas present lower loss interception (from 9 to 14%) than forest (18-20%).
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Whilst, when we evaluated the soil evaporation component, the models presented
significant divergencies. While for GLEAM, the soil evaporation is almost similar in
pasture and soybean (14 and 13%), and lower to forested areas (9%), for PML for forested
areas this component is almost nonexistent in the total ET flux (1%) and is an import

component to soybean (21%) than to pasture areas (8%).
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Figure 5.6: Evapotranspiration components (transpiration, soil evaporation, and
interception) for the GLEAM and PML models (average over 2003-2017 period), in the

Tapajés basin.

When we evaluated ET components patterns, we verified that GLEAM model shows an
increase in the transpiration during the dry season at forest areas (Figure 5.7). At pasture
and soybean, the transpiration declines in the same period.

Furthermore, to forested areas, the soil evaporation component is higher over the wet
season, and declines during the dry season, as well as observed to other vegetation types.
However, when we evaluate the PML model, the soil evaporation is not significantly to
the total ET flux, and almost do not vary over the year. Thus, the model’s difference
between the ET increase or decreasing representation, over the dry season, is linked with

the model’s soil evaporation component estimation.
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Corroborating to our findings it was related that errors in soil evaporation estimate based
on GLEAM, is highly correlated with the MODA44B product, showing a clearly
underestimate the field measurements, mainly in areas under higher fraction of vegetation
and lower bare soil, attributing uncertainties to this component (Talsma et al. 2018).

On the other hand, the PML model showed significant variations between the soil
evaporation in function of the land cover types, showing a significant contribution to total
ET, mainly to soybean areas. Furthermore, to both land cover types (pasture and
soybean), the soil evaporation presents a seasonal behavior, decreasing the rates over the
dry season. For both models, the loss interception demonstrates a clear seasonality, with
a pronounced decrease during the dry season since there are lesser precipitation events in
this period. In addition, this ET component also demonstrate changes according to land

cover type, being lower as vegetation canopy density decrease.
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5.5 Discussion

5.5.1 How accuracy the remote sensing models estimate and ET pattern in the Amazon

basin?

Our results show divergencies between the models to represent the seasonal ET patterns
in Amazon, as demonstrated by other studies world-wide (Maeda et al. 2017; Mao et al.
2015; McCabe et al. 2016; Michel et al. 2016; Miralles et al. 2016). These disagreements
are even more significant when the individual ET components are evaluated (Miralles et
al. 2016; Talsma et al. 2018).

Some main reasons to the disagreement between the models have been discussed, mainly
related to input data and model structure (de Andrade et al. 2021; Chao et al. 2021; Chen
et al. 2016; Elnashar et al. 2021; Mao et al. 2015; McCabe et al. 2016; Michel et al. 2016;
Miralles et al. 2016; Senay et al. 2020; Talsma et al. 2018; Yin et al. 2020; Zhang et al.
2019). However, specifically over the Amazon basin, physical processes of the water
exchange between the surface and the atmosphere are not fully understood (Baker et al.
2021; Maeda et al. 2017). Covering the whole Amazon region, we have only few flux
measurements sites (only eight public flux towers are available), and the most of them do
not cover long-term period. The knowledge provides by these measurements’ sites are
essential to improve our knowledge about the patterns, drivers and ET controls in the
Amazon. Thus, the improvement of the models’ performance in the Amazon is also
dependent of how much we know about the ET processes, in each LULC, and climatic
conditions.

Specifically, about each model, some characteristics of input and assumption is worthy
to highlighted about their performance in the Amazon. When we evaluated GLEAM
model, three main patterns were observed: i) difficult to represent the maintenance and/or
increase in ET, at forested sites in the equatorial region, ii) overestimation in ET
decreasing at tropical semideciduous forest sites in the southwestern part, and iii) an
opposite pattern of measurements, to represent ET at seasonally flooded site in the
transitional region between the Amazon and Cerrado biomes. Except to QFR, the
GLEAM model underestimates the ET rates, especially during the dry season, probably
relate to overestimate water stress over the drier months (May—September).

Based on Priestley and Taylor approach, the GLEAM model computes both, transpiration
and soil evaporation constraining them by a multiplicative stress factor (Martens et al.
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2016; Miralles et al. 2011a). The stress factor to constrain soil evaporation is based on
multilayer soil model driven by observations of precipitation and updated through
assimilation of microwave surface soil moisture (Martens et al. 2016). As emphasized by
Liuetal. (2011) and Michel et al. (2016), microwave surface soil moisture presents higher
uncertainties at densely vegetated regions, such as Amazon tropical forest, due to the
attenuation of the microwave signal from the ground by the vegetation. Therefore, the
soil moisture can contribute to uncertainty to the GLEAM model in the equatorial region.
Additionally, even the model captures the increase in ET or maintenance over the dry
season, in equatorial sites, the decreasing in soil evaporation estimated to the model is
overestimated, contributing to the pronounced reduction of total ET in this period. Is also
important to highlight the low spatial resolution of the GLEAM (0.25°) that also
contribute to the discrepancies with the measurements, where daytime fluxes are typically
representative of a 2-3 km? (de Aradjo et al. 2002).

MOD16 model, do not exaggerate in the ET decreasing over the dry season at pasture and
(FNS and FSN) and tropical semideciduous forest sites (RJA and SIN), capturing well
the pattern in the seasonally flooded site (BAN), and agreeing to the measurements, to
represent the increase or maintenance of ET rates during the dry season, at equatorial sites
(GUY, K34, K67, K83 and QFR). However, as was verified to GLEAM, MOD16 also
underestimates the ET flux in most sites, mainly over the rainy season. In addition, the
model shows an increase in ET over the drier months, even in those sites when the ET
does not increase or in sites under pasture/cropland where the measurements show a
pronounced decrease in this period. According to Miralles et al. (2016) there is tendency
of the MOD16 to underestimate the ET flux in the tropics and subtropics may be due to
an overestimation of evaporative stress. Talsma et al. (2018) in agreement with the
mentioned study, emphasize that MOD16 strongly underestimates transpiration flux
when compared to the measurements. According to the authors, this behavior is mainly
due the use of fraction of absorbed photosynthetically active radiation (fAPAR) from
MODIS to driving the transpiration, since the underestimation is consistent across all land
cover types, and fAPAR is used to partition radiation, consequently, the accuracy of the
model might vary seasonally as phenology changes. Furthermore, the MOD16 relies
heavily on land cover type to calibration and parametrization, using a static LULC
product (MCD12Q1) as input (Mu et al. 2011), that have an overall accuracy of 73.6% in
the current collection (Sulla-Menashe et al. 2019). Thus, ET measurements can also be

affected if the LULC is not correctly mapped.
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PML model, corroborating with the GLEAM and MOD16, showed a tendency to
underestimate ET flux, especially over the dry season, and did not was able to capture ET
patterns at tropical semideciduous forest sites (RJA and SIN) and at seasonally flooded
sites (BAN). However, the model demonstrated a good performance at forested sites, in
the central Amazon (GUY, K34, K67, K83 and QFR), and in pasture sites, in the
southwestern region (FNS and FSN). Elnashar et al. (2021) evaluated multiple global ET
products and verified PML model showed the best agreement with the measurements,
informing a great performance over croplands, grasslands, forests, and humid areas. In
addition to that, Chao et al. (2021) evaluated PML over several basins in the United States
and verified that the model tends to overestimate ET under basins with lower ET rates (<
400 mm/year), and underestimates in basins with higher ET rates (> 800 mm/year),
corroborating to our findings.

Some uncertainties in the PML model were highlighted by Chao et al. (2021) and Zhang
et al. (2019), such as: i) the model simplifies the soil evaporation physical process; ii) the
uncertainty in LULC type from the MCD12Q1 product also influences parameterization
and accuracy of the model; and iii) specifically about the Amazon region, the model uses
only two measurements sites to calibrate the model.

The last model evaluated here is the SSEBOP, the only one that is based on a simplified
energy balance approach. The SSEBOP performs well at most forested sites in the central
Amazon, however, under cropland (K77), pasture (FNS and FSN), tropical
semideciduous forest (RJA and SIN), and at seasonally flooded site (BAN), the model
demonstrated a significant disagreement with the measurements. Overall, the model
showed a difficult to represent ET fluxes when water availability is an important factor
in ET processes. For example, at pasture sites, the model exaggerated in the ET decrease
during the dry season in FNS, and in FSN, showing an increase in ET in this same period,
in opposite to the measurements. At K77, a pasture/cropland site in the central Amazon,
the model also did not capture the ET pattern, as well as in RJA and SIN (forests) and
BAN (seasonally flooded) sites.

The model can be subject to biases because of various factors from the structure to input
sources. Most important forcing variable of the SSEBOP model is the land surface
temperature (Senay et al. 2020). The land surface temperature version used in this study
is from the MODIS (collection 6), with an accuracy better than 1°K (Duan et al. 2019).

However, it was demonstrated that errors around 0.35% in land surface temperature can
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lead to an ET SSEBOP error approximately of 20% (Chen et al. 2016). de Andrade et al.
(2021) evaluated the SSEBOP model at Urucuia Aquifer System in Brazil, and Chen et
al. (2016) assessed this model at multiple measurement sites in the United States. These
studies emphasized that a predefined differential temperature for cold and hot conditions
is a great advantage for this model, working well at a wide range of LULC, climate
conditions, and through time. However, minimization of uncertainties in ET reference,
equivalent dry-bulb temperature, and in the k factor, can significantly improve the ET
SSEBOP estimations.

Overall, after individually evaluating the performance of the main freely available remote
sensing-based models for estimating ET, it was found that it is still a challenge for these
models to accurately represent the magnitude of ET at different LULC conditions in the
Amazon, with all models consistently underestimating the measurements. Furthermore,
representing a system not constrained by water availability also proved to be one of the
reasons for capturing the ET pattern in the equatorial Amazon region. Especially for the
GLEAM, which showed pronounced reduction of ET rates in the dry season, or for the
MOD16 and SSEBOP which seem to exaggerate in representing the ET driven by
radiation, showing significant increase of ET rate in this period, even in sites, where ET
hardly varies or even slight decreases. Representing ET at agricultural/pasture locations
also proved to be a challenge for the models. The only one that was able to capture the
pattern at K77 was GLEAM, which could very well be representing the same pattern
observed at other nearby forested sites, and not in fact representing differently the LULC
type at this site. The ET pattern in the seasonal rainforest was also a reason for divergence
between the models and measurements. While GLEAM overestimated water stress at
these sites during the dry period, other models showed poor statistical metrics and a
tendency to significantly reduce ET rates. When seasonally flooded site was evaluated,
all models performed poorly, except for MOD16, which was the only one that was able
to capture the ET pattern at BAN. Finally, most models, seem to better represent pasture
locals, in water limited regions, probably due to the calibration of the water stress factor,

except for SSEBOP which showed negative correlation coefficients at these sites.
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5.5.2 How is the evapotranspiration flux and its components patterns at different LULC

in Tapajos basin?

When we evaluated these three vegetation types in the Tapajés basin (forest, pasture, and
soybean), we verified that all models indicate different ET magnitude dependent of the
land cover type, where ET at forested areas are always higher than in pasture and soybean
ones. As related by de Oliveira et al. (2017, 2019), and von Randow et al. (2004), the
lower ET at pasture or agricultural areas is mainly due to some reasons: i) the reduction
of root system, since pasture and cropland cannot reach deep layers in the soil as tall trees
in the Amazon Forest do during the dry period, ii) the decrease in the soil water storage
capacity, due to the animal and machinery trapping, reducing its porosity consequently
compacting the soil, iii) the decrease of roughness length, hence reducing the atmospheric
turbulence, and iv) the increase in albedo, mainly related to higher reflection and lesser
absorption of solar radiation from the pasture and cropland leaves, consequently, decrease
in Rn.

Nevertheless, the models disagree to represent the ET pattern at these different LULC
types. These findings it was observed when evaluate these models compared to the
measurement’s sites. GLEAM consistently indicate a decrease in ET over the dry season
at forested areas, emphasizing the water stress factor is might not calibrate to Amazon,
being difficult to this model an adequately represent the ET pattern in this region.

As we find to MOD16, PML and SSEBOP, it was demonstrated that at site scale, while
forested sites in the central Amazon do not present clear seasonality and tend to maintain
or increase ET during the dry season, at pasture and crops areas, ET presents a seasonal
behavior, decreasing during the dry season mainly in the southwestern Amazon sites
(Hasler and Avissar 2007; von Randow et al. 2004, 2012). The studies not only showed
large discrepancies in ET according to land cover type in the Amazon, but also showed
differences in the radiation balance and energy partition, over pasture/cropland and forest
areas. For example, based on measurement sites, it was observed that Rn in pasture is
lower than in forest due combination of the increase in reflected short-wave radiation and
the increase in long wave radiation loss. Consequently H is higher contributing the
decreasing in ET in pasture sites (von Randow et al. 2004). In addition, Restrepo-Coupe
etal. (2013) demonstrated that in contrast to common idea that water-limitation constrains

photosynthesis in the Amazon Forest, during the dry season at equatorial Amazon Forest,
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the levels of photosynthetic activity increase, in opposite to observed in the southern
region or in pasture and agricultural sites in the Amazon.

Reinforcing these findings, studies based on vegetation index models, demonstrated that
deforestation leads to ET and LAI decline, while warming and potential ET increases in
the Amazon (Baker and Spracklen 2019; Wongchuig et al. 2021; Wu et al. 2020).

The disagreement between the models to represent ET patterns is even more significant
when we evaluate the individual ET components. Theoretically, in adequate water and
climatic conditions, the greater vegetation covered the greater the number of stomata, and
consequently more water flux is transferred from the surface to the atmosphere through
plant transpiration. In dense canopy, more precipitation is intercepted by vegetation,
consequently, the water evaporation intercepted by the canopy increases. And finally, as
soil is covered by vegetation, less radiation reaches it, being soil evaporation lower. As
cover density decreases, decrease the quantity of leaf stomata, and consequently
transpiration, also the evaporation of water intercepted by the canopy, while increase the
land—atmosphere connection, increasing the soil evaporation. We verified that it is still a
challenge for the GLEAM to represent adequately this previously mentioned theoretical
behavior, especially for soil evaporation. While the was the model that most closely
captured the behavior mentioned, indicating a reduction in transpiration and loss
interception, combined with the increase in soil evaporation, as vegetation canopy density
decreases.

Many efforts have been made to evaluate the quality of the total ET flux of different
global models based on remote sensing, such as: i) MOD16, ii) GLEAM, iii) JPL, iv)
PML, v) SSEBOP, and others (Chao et al. 2021; Elnashar et al. 2021; Garcia et al. 2013;
Kim et al. 2012; Michel et al. 2016; Miralles et al. 2016; Ruhoff et al. 2013; Talsma et al.
2018). These studies have shown that models are able to estimate ET reasonably well,
agreeing to show a similar total evaporative flux. However, some studies have shown that
the individual components of ET diverge considerably between models (Melo et al. 2021,
Miralles et al. 2016; Talsma et al. 2018), as we verified here to forest, pasture, and
soybean areas in the Tapajés basin.

While Miralles et al. (2016) and Talsma et al. (2018) conducted an analysis of total ET
fluxes and its components worldwide, Melo et al. (2021) evaluated some remote-sensing

models over South America.
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As reinforced by Melo et al. (2021), the inconsistencies in the ET components, depending
on the approach, do not necessarily affect the total ET flux. For instance, in the GLEAM
case, as all components (transpiration, soil evaporation, and loss interception) are
independently estimated, the uncertainties in the estimations can contribute to uncertainty
in the total ET flux. However, the partitioning components estimations is unlikely to
influence the ET total flux, for models in which ET components are derived from the
estimates of a proxy value of the total ET flux, such as MOD16 and PML (Zhang et al.
2019).

The different models approach implies in divergencies between them to estimate total ET
flux, but mainly the ET components. Although these ET components divergencies do not
affect considerably the total ET flux in some models, accurate estimations of these
components are essential to improve our knowledge of the water and carbon cycles, and
their processes over multiple LULC and climate conditions, improving our ability to
manage and monitor carbon and water resources, mainly in future climatic change

scenarios.

5.6 Conclusions

The information provided by the measurements are essential to improve our knowledge
about the ET patterns, drivers, and controls. Thus, the improvement of the model’s
performance in the Amazon region is also dependent of how much we know about the
ET process, in each LULC, and climatic conditions.

Overall, the models evaluated here showed discrepancies between them and between the
measurements to represent the ET patterns in the Amazon and at different land cover
types in the Tapajos basin. However, they present together, a great opportunity to
hydrologic studies. For instance, while most models do not represent well the pattern in
the seasonal flooded site (BAN), the MOD16 captured the ET pattern in this site. At
pasture sites (FNS and FSN), GLEAM, MOD16 and PML were the best models to
represent the ET pattern. In addition, GLEAM came closer to the pattern for cropland
(K77), and SSEBOP represented well the ET at humid locals (GUY and K34).

At Tapajés basin, MOD16, PML and SSEBOP models demonstrated that the ET pattern
varies according to the vegetation type (forest, pasture, and soybean). And, while ET

components (transpiration, soil evaporation and loss interception) for GLEAM are unable
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to represent the differences at LULC condition, the PML model seems to reflect previous
finding based on ET measurements in the Amazon.

Additionally, the refinement of the spatial scale and more accurate information of LULC
also prove to be significant for improving ET patterns representation, since the models
do not seem to represent the ET at cropland/pasture site in the central Amazon. When we
evaluated each model at different LULC conditions, we observed that ET patterns
represented at seasonally flooded, cropland, and in a system where the water is not a
limiting factor, is still a challenge to the most global models.

Thus, is worthy to highlight the caution to assess ET in the Amazon, since the models
presenting divergencies in most LULC conditions, and the choice by the only one model
to assess the ET process can attribute uncertainties in the analysis. Despite the challenge
that still exist, remote sensing has been a crucial way to improve our understanding of the
water flux exchange between the surface and the atmosphere in the Amazon (Fassoni-
Andrade et al. 2021). Future remote sensing missions (McCabe et al. 2017; Sheffield et
al. 2018) and expansion of the sites network, in addition to continuous measurement over
the South America (Biudes et al. 2015; Borges et al. 2020; Goncalves de Gongalves et al.
2013; de Oliveira et al. 2021; Restrepo-Coupe et al. 2021b; Roberti and Acevedo 2012;
Saleska et al. 2013), are a unique opportunity to validation, calibration and consequently
the improve the ET estimations, providing high quality information that allowing us to

advance to ET-based science.
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CHAPTER 6

6.1 Final conclusions

The water and energy fluxes were assessed over South America through remote sensing
models and measurements, in order to investigate the performance of the main remote
sensing products to provide accurate information of the water fluxes dynamic.
Additionally, we focused on the ET measurements aiming to improve our understanding
about the patterns, drivers, and controls over multiple vegetation types and climate
conditions. Finally, we investigated the remote sensing model’s performance in
representing accurately the patterns of the total ET and its components.

Based on the first study we verified that the current remote sensing products were not
able to achieve the water balance closure in South America due to the uncertainties of the
individual components. Evaluating the water balance uncertainties, we observed that the
lowest uncertainties were found for combination of MSWEP precipitation and GLEAM
ET estimations. Furthermore, these uncertainties are influenced by basin scales and by
climatic conditions, since our results demonstrated better results for large basins and for
basins under tropical climate conditions.

Through the second study we verified that abiotic and biotic factors present different
importance in controlling ET according to land cover type and over the seasons of the
year. For instance, while in wetter environments the abiotic factors are the exerts main
control on ET, in arid regions and/or longer dry season, the importance of biotic factor
on ET processes increase. In addition, our results demonstrated that changes in LULC
can directly impact the main abiotic (such as aerodynamic conductance) and biotic
(surface conductance) controls, consequently affecting water vapor exchange between the
surface and the atmosphere.

Finally, the last study demonstrated that the models present lower accuracy at humid
regions, especially at seasonal flooded site, while in regions where the water availability
limiting ET the models performed better. When we evaluate the individual ET
components (transpiration, soil evaporation and loss interception), we verified higher
discrepancies between the models in representing the differences in the fluxes according
to the LULC condition. However, this study also demonstrated that despite the
discrepancies between the measurement sites and between the models, they are together

a great opportunity to achieve accurate ET estimations.
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6.2 Future perspectives

Lessons in this study point to future opportunities and open questions in ET-based science
to address. For instance, to advance on the understanding of ET processes and their
implications, it is crucial to ensure the maintenance and worldwide expansion of the
energy and water flux measurements network and the establishment of collaborative
networks. In addition, it is essential to focus on the development of uncertainty analysis
methods, as they provide valuable information about the reasons of the models’
uncertainty at different vegetation and climate conditions. Finally, we are facing a great
opportunity to develop a regional, or even global, model based on the estimates of the
current ET models, weighted by their uncertainties, that can provide robust water and
energy information.

Furthermore, remote sensing missions focusing on ET and photosynthetic activity, such
as ECOSTRESS and the Fluorescence Explorer mission, additionally with the
continuation of the Landsat temporal series, the visible infrared imaging radiometer suite
instrument (VIIRS) (MODIS successor), and GRACE-FO, are together with the increase
of cloud computation, a valuable opportunity to achieve two important open gaps in the
ET-based science, obtaining information for long-term periods, and for finer spatial
scales.

All the efforts that have been made in modeling and measuring water and energy fluxes
have been essential to improve our understanding about the ET processes and how they
may be impacted due to climate change and LULC changes. Since these impacts are
observed at a local scale, it is opportune to investigate how they can be amplified
considering large, modified areas, for long-term periods. Despite the limitations of the
models and remote sensing products assessed in this study, the information they have
been providing and will still provide to us, is a unique opportunity to advances in
hydrological science studies.
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Table SI13.1: Discharge stations and upstream basin areas used to assess the water balance.
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Countr Basin Name Code Lat Lon Upstream Area — River Biome Predominant climate
Y ©) ©) (km?) (IBGE/WWF) (Koppen)
Brazil Amazon StoPalode 41400000 345 -68.91 1,010,000 Solimaes/Amazon Amazon Equatorial/ Tropical
Olivenca as monsoon (Af/Am)

. Santo Ant6nio do Solimdes/Amazon Equatorial/ Tropical
Brazil Amazon Ica 11500000 -3.10 -67.93 1,130,000 as Amazon moonson (Af/Am)

. . Solim&es/Amazon Equatorial/ Tropical
Brazil Amazon Itapéua 13150000 -4.05 -63.02 1,780,000 as Amazon moonson (Af/Am)
Brazil Amazon Canutama 13880000 653  -64.38 236,000 Purus Amazon Equatorial/ Tropical

monsoon (Af/Am)
Brazil Amazon Serrinha 14420000 -0.48  -64.82 293,000 Negro Amazon Equatorial (Af)
Brazil Amazon Porto Velho 15400000 -8.74  -63.91 976,000 Madeira Amazon Tropical wet-dry/ Tropical

monsoon (Aw/Am)

. Fazenda Vista . Tropical wet-dry/ Tropical
Brazil Amazon Alegre 15860000 -4.89  -60.02 1,310,000 Madeira Amazon monsoon (Aw/Am)

. . 4,670,000 Solim6es/Amazon Equatorial/ Tropical
Brazil Amazon Obidos 17050001 -191  -5551 as Amazon mosoon (Af/Am)
Brazil Amazon BaradoSdo 47490009 733  -58.15 333,000 Tapajos Amazon/Cerrado Tropical wet-dry/ Tropical

Manuel monsoon (Aw/Am)
Brazil Amazon ltaituba 17730000  -427  -55.98 458,000 Tapajos Amazon/Cerrado Tropical wet-dry/ Tropical
monsoon (Aw/Am)
Brazil Amazon Boa Sorte 18460000  -6.73  -51.99 210,000 Xingu Amazon/Cerrado Tropical "E’;\t\;f)ry climate
Brazil Amazon Altamira 18850000  -321  -52.21 448,000 Xingu Amazon/Cerrado Tropical wet-dry/ Tropical
monsoon (Aw/Am)
Brazil Tocantins Miracemado  oy500000  .956  -48.38 185,000 Tocantins Cerrado Tropical wet-dry climate
Tocantins (Aw)
Brazil Tocantins Descarreto 23700000 -5.78  -47.46 297,000 Tocantins Cerrado Tropical VEIX[\;\?)W climate
Brazil Tocantins Luiz Alves 25950000 -13.20 -50.58 117,000 Araguaia Cerrado Tropical "E’;‘\;f)ry climate
Brazil Tocantins Conceicdodo  »7550000 826 -49.25 332,000 Araguaia Cerrado Tropical wet-dry climate
Araguaia (Aw)
Brazil Tocantins Tucurui 29700000 -3.75  -49.65 764,000 Tocantins Amazon/Cerrado Tropical wet-dry climate

(Aw)
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Ribeira do Iguape
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Table SI3.2: Statistical metrics between remote sensing and measured precipitation.

Number
Name Code RMSE BIAS of rain
gauges
TRMM__ MSWEP __TRMM___MSWEP___ TRMM__ MSWEP
Puerto 2606 0.87 0.88 47.44 40.96 1453 2.4 10
Pilcomayo
Ruta 3216 . - . . . : :
Provincial
Timbues 3316 0.90 0.91 41.29 33.88 726  -12.68 76
Sdo Paulode ;1 150000 . - . . . . .
Olivenca
Santo
Antbnio do 11500000 - - - - - - -
Ica
Itapéua 13150000  0.87 0.90 54.94 42.68 585  -14.64 7
Canutama 13880000 - - - - - - -
Serrinha 14420000 - - - - - - -
Porto Velho 15400000 - - - - - - -
Fazenda
Vista Alegre 15860000 i ) i i i i i
Obidos 17050001  0.88 0.90 53.86 42.60 308  -16.87 20
Bamgﬁe?ao 17430000  0.94 0.94 49.95 47.61 2.02 1.36 4
Itaituba 17730000  0.94 0.94 48.09 46.32 3.12 5.56
Boa Sorte 18460000 - - - - - - -
Altamira 18850000 - - - - - - -
Miracema o »,c00000 0,93 0.93 43.85 4159 654  -6.63 6
Tocantins
Descarreto 23700000  0.93 0.94 42.08 38.19 558  -8.15 8
Luiz Alves 25950000 - - - - - - -
Coneeicdo do 57500000 . - . . . . .
Araguaia
Tucurui 29700000  0.93 0.95 43.16 35.36 0.12 -4.93 15
Bacabal 33290000 - - - - - - -
Cantanhede 33680000 - - - - - - -
Bardode 34311000  0.89 0.92 4351 33.35 343 -0.72 5
Grajad
Teé‘:;'gf‘ " 34690000  0.90 0.91 38.53 3469 656  -051 9
Luzilandia ~ 34879500  0.91 0.92 37.02 32.68 755 -0.49 11
Peixe Gordo 36390000  0.92 0.93 32.81 32.26 033 -13.01 4
Pirapora 41135000  0.94 0.95 41.40 36.96 6.04 0.23 7
Cachoeirada 45915000 0.94 0.95 39.89 35.24 322 182 10
Manteiga
Sio Romdo 43200000  0.94 0.95 39.38 36.05 3.26 -2.67 14
5a0 44200000  0.95 0.96 39.03 35.29 403 172 15
Francisco
Barra 46998000  0.93 0.95 37.52 33.22 7.20 0.74 28
sanaMaria - 4a090000 .93 0.95 36.07 3195 626 0.9 32
da Boa Vista
Traipu 49660000  0.91 0.92 35.80 31.68 5.11 -3.04 38
Itapebi 54950000  0.95 0.96 30.43 27.79 8.95 0.09 6
Colatina 56994500  0.95 0.97 37.65 29.63 8.95 -1.10 4
UHE Porto
Primavera 63995080  0.93 0.95 40.83 34,14 735  -10.86 32
Barramento
POMoSi0 eas7s003 0.9 094 4048 3290 691  -1274 37
lvinhema 64617000 - - - - - - -
NovoPorto /92400 ) ) ) ) ) ) )

Taquara
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Balsa Santa ¢ 4830000 : - : . . . .
Maria
Estreito do 65986000 i ) i i i i i
Iguagu Novo
530 66810000  0.90 0.92 48.34 4251 1241 -180 6
Francisco
Porto 67100000  0.89 0.90 46.74 4099 1181  -4.30 8
Murtinho
Irai 74100000 091 0.94 35.94 25.29 1377 -22.73 7
Garruchos 75550000  0.90 0.92 38.13 28.33 1301 -21.36 10
Uruguaiana 77150000  0.90 0.91 39.25 3152 1403  -15.33 16
Eldorado 81380000 - - - - - - -
Registro 81683000 - - - - - - -
RioPardo 85900000  0.92 0.93 32.30 2557 1283  -25.29 4
Encantado 86720000 0.90 0.93 34.60 24.81 17.05  -18.13 4
Table S13.3: Precipitation and Evapotranspiration uncertainties calculated for basins in

South America.

Name Code Precipitation Uncertainty Evapotranspiration Number of
(%) Uncertainty (%) rain gauges
TRMM MSWEP MOD16 GLEAM
Puerto Pilcomayo 2606 45.82 41.88 31.03 18.54 10
Ruta Provincial 3216 - - - - -
Timbues 3316 4154 38.17 34.91 18.54 76
Séo Paulo de
Olivenca 11400000 - - 22.34 18.76 -
Santo Alggon'o 9 11500000 . : 22.32 18.74 .
Itapéua 13150000 28.61 24.94 18.72 7
Canutama 13880000 - - 22.14 18.67 -
Serrinha 14420000 - - 22.14 18.67 -
Porto Velho 15400000 - - 23.34 19.17 -
Fazenda Vista 5860000 . : 22.42 18.79 .
Alegre
Obidos 17050001 28.15 24.44 22.36 18.76 20
BarradoSdo 474540, 27.35 26.55 26.17 20.34 4
Manuel
Itaituba 17730000 26.36 25.95 24.65 19.71 5
Boa Sorte 18460000 - - 23.28 19.14 -
Altamira 18850000 - - 22.59 18.86 -
Miracema do 22500000 28.31 26.99 3455 18.54 6
Tocantins
Descarreto 23700000 27.09 24.94 34.12 18.54 8
Luiz Alves 25950000 - - 39.47 18.54 -
Coneeicdo do 57500000 - - 34.86 18.54 -
Araguaia
Tucurui 29700000 28.46 23.62 33.32 18.54 15
Bacabal 33290000 - - 26.95 18.54 -
Cantanhede 33680000 - - 26.12 18.54 -
Barfio de Grajai 34311000 38.36 29.40 29.09 18.54 5
Teresina - Chesf 34690000 41.73 39.98 - - 9
Luzilandia 34879500 41.49 37.84 - - 11
Peixe Gordo 36390000 43.68 44.70 - - 4
Pirapora 41135000 34.87 30.67 40.61 18.54 7
Cachoeira da 42210000 34.68 29.73 39.54 18.54 10
Manteiga
Sdo Romio 43200000 32.90 29.25 40.86 18.54 14
S#o Francisco 44200000 32.54 28.60 41.28 18.54 15
Barra 46998000 36.01 31.54 38.31 18.54 28
SantaMariada /00900 37.90 32.95 38.83 1854 32
Boa Vista
Traipu 49660000 42.10 37.65 40.08 18.54 38
Itapebi 54950000 37.20 34.73 27.90 18.54 6
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Table SI3.4: Statistical metrics between remote sensing and measured evapotranspiration at eddy covariance sites.

Site r RMSE (mm.day') Relative RMSE (%) BIAS (mm.day™?) Uncertainty (%) Number of samples
MOD16 GLEAM MOD16 GLEAM MOD16 GLEAM MOD16 GLEAM MOD16 GLEAM MOD16 GLEAM
BAN 0.58 0.49 1.24 0.79 35.62 22.81 -1.28 -0.24 36.50 23.65 84 82
BRA 0.88 0.93 0.53 0.45 15.92 13.54 -1.35 -0.98 17.18 18.44 39 39
CAS 0.79 0.93 0.71 0.39 18.94 11.49 -1.70 -0.81 30.72 17.06 14 13
CAX 0.55 - 0.28 - 8.07 - 0.55 - 27.42 - 5 -
CRA 0.74 0.80 0.82 0.81 26.03 26.04 -1.13 -0.31 32.33 29.12 68 65
FNS -0.31 - 1.29 - 59.41 - 0.77 - 70.73 - 51 -
K34 0.30 0.42 0.66 0.33 22.35 11.63 0.92 1.21 27.47 18.89 108 75
K67 0.21 -0.06 0.46 0.52 14.68 16.72 0.72 0.89 18.97 24.31 111 82
K77 0.07 0.53 0.44 0.63 16.45 23.73 0.95 1.05 41.12 32.72 199 118
K83 0.32 0.20 0.33 0.39 8.51 10.11 -0.03 -0.19 10.51 12.82 46 14
PAN 0.19 - 0.74 - 31.68 - -1.49 - 50.04 - 49 -
PAS 0.15 0.81 1.07 0.49 28.97 13.36 -1.63 0.10 32.52 13.64 27 26
PDG 0.83 0.95 0.47 0.29 17.72 11.44 0.24 -0.39 20.64 13.53 30 16
PRS 0.80 0.85 0.47 0.53 18.54 21.25 -0.87 -0.38 27.60 24.26 24 23
RJA 0.23 - 0.67 - 23.57 - 0.90 - 26.36 - 67 -
SMA 0.57 0.96 0.38 0.34 24.70 16.21 -0.46 0.58 41.02 17.58 33 32
USE 0.72 - 0.82 - 35.38 - -0.38 - 35.82 - 43 -
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Table SI3.5: Statistical metrics of remote sensing water balance.

Name Code P-ET-Qvs TWSC GRACE ET+ TWSC + Q vs P MSWEP P-TWSC - Qvs ET GLEAM P—-ET -TWSC vs Q measured
r_ RMSE __ BIAS r RMSE BIAS r RMSE _ BIAS r RMSE _ BIAS
Puerto Pilcomayo 2606 089  12.71 2.39 092 2521 -3.10 073 2489 3.0 0.23 2503 3.10
Ruta Provincial 3216 050  14.09 059 076 29.35 118 071 3024  -118 0.17 3015  -1.18
Timbues 3316 088 1246 186 092 2394 1.46 0.76 2385  -1.46 0.23 2382 146
Saglf\fe“r:gade 11400000 081  30.25 -59.79 086  36.19 59.65 005 3532  -50.65 0.63 3455  -59.65
Santo 'AI"Q‘;"”'O 9 11500000 0.80 3333  -6323 086 3592 62.82 041 3553  -62.82 0.66 3320  -6282
Itapéua 13150000 093 2286  -5422 086  31.80 54.74 027 3235 5474 0.75 3213 5474
Canutama 13880000 092 3174  -2609 095 3450 25.41 037 3415  -2541 0.79 3425  -2541
Serrinha 14420000 084 2628  -56.66  0.84  34.42 56.80 010 3838  -56.80 0.81 3759  -56.80
PortoVelho 15400000 091 2355  -2028 094 3152 20.45 048 3071  -2045 0.71 3171 -2045
Faz‘i‘l‘igr\g'ﬂa 15860000 096 2194  -2025 096  26.44 29.93 071 2753  -29.93 0.83 2766  -29.93
Obidos 17050001 096 1683  -37.96 093  24.15 38.25 022 2367  -3825 0.86 2296 -38.25
Bamgﬁe?ao 17430000 097 2504 5.63 0.95  41.49 -6.02 058 4226  6.02 0.83 3856  6.02
Itaituba 17730000 091 4856 866 094 4976 -14.47 035 5152 1447 0.64 3882 1447
Boa Sorte 18460000 093  34.73 4.79 0.94 46,01 -6.38 044 4613  6.38 0.63 4665 638
Altamira 18850000 091 3921 1067 093 4436 -10.63 0.34 4479 1063 0.62 4442 10.63
MT";‘CCaer:'t‘iansdo 22500000 093  27.74 1430 091 4741 -15.54 0.62 4966 1554 0.57 4756 1554
Descarreto 23700000 0.93 2552 6.55 093 4081 -7.83 066 4323  7.83 0.67 4048  7.83
LuizAlves 25950000 091  37.91 9.85 090 5235 -19.55 049 6140 1955 0.52 6065  19.55
COA”f;fJZ?adO 27500000 092  36.94 1572 092 4965 -15.73 047 4979 1573 0.54 5057  15.73
Tucurui 20700000 094 2820 1513 094  39.40 -14.02 058 3943 1402 0.64 3912 14.02
Bacabal 33200000 090 3209 1795 089 4119 -18.63 0.65 5007 1863 0.54 4650  18.63
Cantanhede 33680000 091 3081 2194 092 3503 -23.00 0.74 4606  23.00 0.76 3872 23.00
Bardo de GrajaGi 34311000 085  28.38 5.75 0.90 3451 -6.95 069 4029  6.95 0.39 3815 695
Teresina- Chesf 34690000  0.84  26.13 4.07 091 3273 -4.94 0.70 3478 494 0.36 338 494
Luzilandia 34879500  0.85  25.77 5.62 091 3239 -6.48 071 3419 648 0.38 3315 648
Peixe Gordo 36390000 083  27.22 1.43 088 3502 -2.09 0.75 3853  2.09 0.30 3848 209
Pirapora 41135000 085  37.11 0.57 087 5134 -1.84 057 5820 184 0.46 5815 184
Cachoeirada 4510000 086 32.77 2.16 088 5231 -3.54 054 5564  3.54 0.50 5405  3.54

Manteiga
Séo Romao 43200000 0.87 31.76 452 0.88 52.07 -5.92 0.55 55.81 5.92 0.52 54.21 5.92



Sédo Francisco
Barra
Santa Maria da
Boa Vista
Traipu
Itapebi
Colatina
UHE Porto
Primavera
Barramento
Porto Sao José
lvinhema
Novo Porto
Taquara
Balsa Santa Maria
Estreito do Iguagu
Novo
Sédo Francisco
Porto Murtinho
Irai
Garruchos
Uruguaiana
Eldorado
Registro
Rio Pardo
Encantado

44200000
46998000

48290000

49660000
54950000
56994500

63995080

64575003
64617000

64693000
64830000
65986000

66810000
67100000
74100000
75550000
77150000
81380000
81683000
85900000
86720000

0.88
0.89

0.89

0.87
0.80
0.82

0.90

0.91
0.66

0.49
0.43
0.61

0.94
0.93
0.53
0.53
0.59
0.41
0.46
0.54
0.44

30.93
25.27

23.43

22.30
29.54
36.08

2541

22.00
30.66

30.16
35.07
35.31

22.07
14.73
32.40
33.46
30.86
29.29
27.61
34.73
31.67

5.95
5.97

5.66

3.64
-6.07
-5.16

-4.14

-3.58
-4.75

-26.01
-25.00
-25.08

7.33
4.39
-22.01
-13.75
-10.56
-36.41
-41.83
-16.76
-28.19

0.88
0.87

0.88

0.88
0.85
0.87

0.90

0.92
0.76

0.74
0.74
0.57

0.90
0.91
0.63
0.62
0.58
0.68
0.68
0.57
0.60

51.62
46.06

39.44

36.01
45.36
49.63

38.36

32.77
39.77

37.68
41.47
43.96

36.40
28.21
39.26
42.18
43.46
39.98
36.44
43.32
43.57

-7.95
-7.20

-6.82

-4.93
2.87
2.95

341

2.49
391

25.72
24.88
26.85

-7.42
-4.86
22.71
14.53
12.26
35.78
42.32
17.51
29.09

0.56
0.62

0.69

0.68
0.56
0.55

0.67

0.71
0.41

0.28
0.19
0.21

0.72
0.74
0.30
0.23
0.25
0.36
0.43
0.25
0.39

55.21
49.25

42.29

37.78
48.77
58.51

42.19

36.01
48.38

41.37
4213
52.43

38.89
28.89
49.32
49.60
51.67
48.51
45.85
45.86
49.35

7.95
7.20

6.82

4.93
-2.87
-2.95

-3.41

-2.49
-3.91

-25.72
-24.88
-26.85

7.42
4.86
-22.71
-14.53
-12.26
-35.78
-42.32
-17.51
-29.09

0.53
0.21

0.11

0.13
0.32
0.62

0.51

0.43
0.29

0.64
0.66
0.52

0.21
0.26
0.70
0.66
0.56
0.52
0.49
0.61
0.68

53.49
49.27

4231

37.73
48.66
55.33

39.90

35.26
49.29

44.98
48.44
56.65

39.46
28.56
52.51
54.70
56.38
49.81
46.32
51.76
52.13

7.95
7.20

6.82

4.93
-2.87
-2.95

-3.41

-2.49
-3.91

-25.72
-24.88
-26.85

7.42
4.86
-22.71
-14.53
-12.26
-35.78
-42.32
-17.51
-29.09

167



168

Supplementary Information S5
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Figure SI15.1: GLEAM ET patterns at eleven measurements sites in the Amazon. Shaded

areas indicate the dry season.
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Figure S15.2: MOD16 ET patterns at eleven measurements sites in the Amazon. Shaded

areas indicate the dry season.
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Figure S15.3: PML ET patterns at eleven measurements sites in the Amazon. Shaded

areas indicate the dry season.
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Figure S15.4: SSEBOP ET patterns at eleven measurements sites in the Amazon. Shaded

areas indicate the dry season.

Table SI5.1: Annual average ET under forest, pasture, and soybean areas, for 2003-
2017 period.

GLEAM MOD16 PML SSEBOP
% 28 88 88 28 83 ¢33 28 83 ¢3 28 88
28 L8 2T 28 38 28 228 B2 2B 228 3T 22
ECECEIECESELELESELECE B
ELELEWERELE WEHE HEWE QE KE
2003 2.63 242 221 1.79 152 335 243 181

w W
© ©
~N ©
w w
N o
w G

2004 266 235 216 . 1.83 1.44 344 251 192
2005 247 222 210 391 312 186 296 155 327 242 175
2006 253 231 230 4.06 346 199 293 244 159 342 244 190
2007 256 232 219 400 343 195 3.06 252 159 345 254 178
2008 245 220 222 390 334 217 312 263 181 340 248 200
2009 259 235 245 413 370 263 313 272 206 338 257 210
2010 251 223 206 396 347 247 317 260 169 331 240 1.83
2011 261 223 215 394 332 238 310 247 177 335 235 197
2012 259 230 230 391 340 244 311 248 187 343 244 217
2013 256 227 226 400 3.63 260 3.02 247 182 338 248 208
2014 260 234 222 406 373 258 311 256 184 334 242 205
2015 257 232 241 410 358 273 323 263 213 336 222 210
2016 262 241 230 411 374 262 312 263 202 325 245 194
2017 249 230 222 391 350 262 3.08 254 199 333 236 2.08
All annual pasture and soybean averages are significantly different from forest averages, at the 0.05

significance level, according to the t test.
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Table S15.2: Dry season average ET under forest, pasture, and soybean areas, for 2003-
2017 period.

GLEAM MOD16 PML SSEBOP
=~ L~ %/‘\ -~ D~ %/-\ -~ D~ %r-\ -~ L~ %/-\
> 5> o> > 5> o> > 5> o> > 5> o>
58 %o S8 58 B3 €38 538 o 28 538 B3 £3
E o E p»E E o E »E E o & ¢ E E o E p»E
HE FE -E DEFE ~E LE FE HE HE HE R E
~ W~ LIJV — W~ LIJv — W~ LlJv vLuvLuv

2003 2.60 217 1.69 4.13 254 0.77 314 219 096 341 203 0.89
2004 2.70 217 170 410 287 101 311 222 099 351 219 116
2005 242 198 150 4.00 273 088 319 234 09 330 200 0.72
2006 2.48 2.08 1.82 422 298 099 322 237 107 345 195 0098
2007 248 205 155 405 280 090 334 244 105 357 216 0096
2008 246 2.00 1.72 423 293 134 334 246 117 343 209 125
2009 269 225 210 440 364 201 322 252 135 347 228 1.30
2010 241 191 141 404 294 143 340 250 110 340 2.06 0.95
2011 263 196 161 438 3.06 165 338 242 121 337 178 0.99
2012 257 212 189 419 318 184 329 238 136 350 209 155
2013 261 217 191 427 331 197 322 239 127 337 200 126
2014 268 226 187 448 363 205 335 255 139 341 204 118
2015 2.70 215 1.98 445 334 222 338 249 162 347 186 141
2016 2.60 2.20 1.77 427 338 176 325 251 142 330 205 1.19
2017 250 215 177 419 317 192 331 248 141 337 198 1.28
All dry season pasture and soybean averages are significantly different from forest averages, at the 0.05

significance level, according to the t test.
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Table S15.3: Wet season average ET under forest, pasture, and soybean areas, for 2003-
2017 period.

GLEAM MOD16 PML SSEBOP
29 22 S B2 22 82 5= 22 S8 < 89
83 23 83 83 23 8% 83 2z L3 83 23 83
S8 338 2T 638 3T T 638 2T 2T 68 BT T
LESE GE TESE QE TECE BELTESE BE
LE HE Eé wE L E Eé LE LHE Eé wE LE Eé
2003 2.65 2.60* 259* 3.87 351* 275 267 237 203 330 272 2.46
2004 2.63 248 248 385 357 261 270 235 1.85 3.40 274 2.46
2005 251 240 253* 3.83 3.48* 274 275 248% 209 326 272 2.48
2006 2.57 2.48* 265* 3.93 3.89* 290 2.67 251* 2.06 3.40 278 2.56

2007 2.62 251 265 395 4.00* 295 281 260* 208 337 280 237
2008 244 234 258 358 3.73* 3.00 292 279* 239 339 277 254
2009 253 242 270 388 3.75* 319 306 290* 272 331 278 2.67
2010 259 245 254* 388 3.96* 3.42* 297 270 222 324 265 245
2011 259 243 254 353 357 3.05 285 253 229 333 275 2.66
2012 260 244 260* 365 359* 298 294 257 233 338 269 262
2013 253 235 251* 376 392* 317 283 253 233 339 283 266
2014 254 240 247 369 3.83* 310 290 256 225 330 270 2.68
2015 248 245* 272 378 3.79* 319 310 276 260 3.27 248 2.60
2016 2.64 256* 267* 397 4.06* 341 301 273 257 321 273 247
2017 248 2.42* 254* 3.67 3.81* 329* 287 260 253 330 2.63 2.64
* Wet season pasture and soybean averages that are not significantly different from forest averages, at the

0.05 significance level, according to the t test.




