SAO PAULO STATE UNIVERSITY — UNESP
JABOTICABAL CAMPUS

OBTAINING CARBON FEEDBACKS IN THE BIG DATA ERA:
A PERSPECTIVE TO CENTRAL-NORTH OF BRAZIL

Gustavo André de Araujo Santos

Agronomist

2020



SAO PAULO STATE UNIVERSITY — UNESP
JABOTICABAL CAMPUS

OBTAINING CARBON FEEDBACKS IN THE BIG DATA ERA:
A PERSPECTIVE TO CENTRAL-NORTH OF BRAZIL

Gustavo André de Araujo Santos
Advisor: Prof. Dr. Newton La Scala Jr

Co-Advisor: Prof. Dr. Carlos Antonio da Silva Junior

The thesis presented to the College of
Agricultural and Veterinarian Sciences -
UNESP, Jaboticabal Campus, as partial
fulfillment of the Doctor degree in Agronomy
(Soil Science).

2020



Santos, Gustavo André de Aradjo
S2370 OBTAINING CARBON FEEDBACKS IN THE BIG DATA
ERA: A PERSPECTIVE TO CENTRAL-NORTH OF BRAZIL
/ Gustavo André de Araudjo Santos. — — Jaboticabal, 2020
132 p. : tabs., fotos, mapas

Tese (doutorado) - Universidade Estadual Paulista
(Unesp), Faculdade de Ciéncias Agrarias e Veterinarias,
Jaboticabal

Orientador: Newton La Scala Jr

Coorientador: Carlos Antonio da Silva Junior

1. Carbon Cycle. 2. Climate Change. 3. MODIS. 4. OCO-
2. 5. SIF. |. Titulo.

Sistema de geracdo automatica de fichas catalogréaficas da Unesp. Biblioteca da Faculdade de
Ciéncias Agrarias e Veterinarias, Jaboticabal. Dados fornecidos pelo autor(a).



oo UNIVERSIDADE ESTADUAL PAULISTA

unesp

Campus de Jaboticabal
abolicabal

CERTIFICADO DE APROVAGCAO

TITULO DA TESE: OBTAINING CARBON FEEDBACKS IN THE BIG DATA ERA: A PERSPECTIVE TO
CENTRAL-NORTH OF BRAZIL

AUTOR: GUSTAVO ANDRE DE ARAUJO SANTOS
ORIENTADOR: NEWTON LA SCALA JUNIOR
COORIENTADOR: CARLOS ANTONIO DA SILVA JUNIOR

Aprovado como parte das exigéncias para obtengdo do Titulo de Doutor em AGRONOMIA (CIENCIA
DO SOLO), pela Comissdo Examinadora:

~

Prof. Dr. NEWTON LA SCALA JUNIOR (Participagao Virtual)
Departamento de Engenharia e Ciéncias Exatas (DECEXx) / FCAV / UNESP - Jaboticabal

Prof. Dr. ROGERIO TEIXEIRA DE FARIA (Participagao Virtual) o o
Departamento de Engenharia e Ciéncias Exatas (DECEXx) / FCAV / UNESP - Jaboticabal

Prof. Dr. CARLOS EDUARDO PELLEGRINO CERRI (Participacao Virtual) i b
Departamento de Ciéncia do Solo / ESALQ - USP - Piracicaba/SP o0, A

Prof. Dr. RAFAEL COLL DELGADO (Participagao Virtual) P L e
Departamento de Ciéncia do Solo-UFRRJ / Seropédica/RJ B

Prof. Dr. DANIEL DE BORTOLI TEIXEIRA (Participacao Virtual) Mo e
UNIMAR / Marilia/SP ot

Jaboticabal, 18 de dezembro de 2020

Faculdade de Ciéncias Agrarias e Veterinarias - Campus de Jaboticabal -
Via de Acesso Professor Paulo Donato Castellane, s/n, 14884900, Jaboticabal - S&o Paulo
https://www.fcav.unesp.br/#!/pos-graduacao/programas-pg/agronomia-ciencia-do-solo/CNPJ: 48.031.918/0012-87.



AUTHOR'S CURRICULUM DATA

GUSTAVO ANDRE DE ARAUJO SANTOS - Son of Magno Mansueto dos
Santos Araujo and Maria Lebnora de Araudjo, he was born in Imperatriz - MA, on
February 17, 1991. He attended minor elementary school at the Escola Municipal
Samaritana and the middle school at the Amaral Raposo State College, in that same
school he finished high school in 2008. In August 2010, he joined the Agronomy course
at the Center for Agrarian and Environmental Sciences of the Federal University of
Maranhdo (UFMA-CCAA) campus of Chapadinha. He was a scientific student fellow
in three projects. In September 2012, he began his international academic mobility
through the Ciéncias sem fronteiras program at the Instituto Superior de Agronomia in
Lisbon - Portugal, with a return in August 2013. In January 2016, he underwent banking
for monograph defense, approved as a bachelor's degree in Agronomy. In March 2016,
he started the Master's degree in Agronomy (Soil Science), at the Faculty of Agrarian
and Veterinary Sciences (FCAV-UNESP), Campus of Jaboticabal-SP. On July 17,
2017, he submitted to the Master's defense, approved as a Master in Agronomy (Soll
Science). In August 2017, he started his Ph.D. course in Agronomy (Soil Science) also
from FCAV-UNESP. In 2018 he attended the summer school in Data Science at the
International Centre for Theoretical Physics (ICTP) in Trieste, Italy, with UNESCO
support. In December 18, 2020, he submitted the doctoral thesis to an examination

panel, and received his Ph.D. degree in Agronomy (Soil Science) at UNESP/FCAV.



o ' vy v Ve . o / \ Ve Ve
Educacio néic transforma ¢ mundo, “Cducacio muda as | pessods, Dsoas

”
lreri (f’//’/ll?{/)ﬁl" 2 7)?,{(//?(/0’.

L@ 62{(/0 t%ifﬁ

! ((// o cannal /4(;&() lo budld a beller world without im, )/mlé/y/ the individuals. <?(’c
~ C
that (e//z(/, cach / (s el mwoé/m 1ié5 curn /77/9&/’0{1(7771(&/2/ a//m{ al the same lime,
Share a /ymw/fd/ /f@)bmzszéz/@f// ﬁ/’ all 4//4/24/1/?7, our //)mf//{f‘a/mf r///{y éa/g/ lo aid

) V4
thase lo whom we thinle we can be most ///jgf/([

%«b %{4’(8



| DEDICATE

To the greatest loves of my life, which are the force that moves my dreams, Maria
Lebnora and Magno Mansueto, my parents.

| OFFER
To Brazilian people, who with great effort contributed through their taxes in the

financing of my studies, it would not have been possible to get here without them.



ACKNOWLEDGMENTS

To my parents, Maria Leondra and Magno Mansueto, to had lived this dream with me,
for always believing in me, sometimes, much more than myself, for still supporting me,
for love, understanding, trust, and especially for the teachings you have given me for
life, you are the most influential teachers | have in life. My sister Debora Magda also,

for love and friendship.

To my family, my aunts Vania Maciel, Aline Araujo, Eline Aradjo and Poliana Araujo
for the love and affection every time | came back to Imperatriz, my beloved
grandmother Alice, a sweet person, an example of a woman and grandmother, my
maternal grandmother Débora Dantas (in memoriam) that although I did not know her,
she was essential for me, to be here today, to Luis Bandeira (in memoriam) and
Manoel André (in memoriam) my grandfathers, to my sweet uncle Raimundo Santos
for the affection, and finally, to my dear cousins and cousins Débora Luiza, Pamela

Maciel, Nicole, Thiago, Daniela, Karol, Salmo and Matheus.

To my dear advisor and mentor, Dr. Newton La Scala Janior, for his patience,
guidance, trust, support, friendship, for the coffees in the cafeteria and for the following
sentence at the beginning of my doctorate "Gustavo, who does a doctorate is not to be
limited". Thanks so much for contributing to my professional, personal, and intellectual

training. | will be eternally grateful to you for my training as a scientist.

To my co-advisor, Dr. Carlos Antonio da Silva Junior, to have received me so
fraternally in his laboratory at UNEMAT-SINOP and always being willing to ask all my
doubts, his contribution was indispensable. Thank you very much.

To the members who participated in my qualification exam: Dra. Teresa Cristina Tarlé
Pissarra and Dr. Alan Rodrigo Panosso.

To the examination panel members of the thesis defense: Dr. Carlos Eduardo
Pellegrino Cerri, Dr. Daniel De Bortoli Teixeira, Dr. Rafel Coll Delgado and Dr. Rogério

Teixeira Faria.



To the great friends, | made during graduate school at UNESP-FCAV and at the
Department of Exact Sciences, Thiago Aguas, Taynara Valeriano, Robson Medeiros,
Kamila Meneses, Katharine Batista, Aline Moreno, Valter Santos, Karita Almeida,
Washigton Pereira, Nayanne Lima, Paulo Alexandre, Maria Elisa, Deise Nogueira,
Stefany Souza, Jonas Junior, José Reinaldo, Romario Pimenta, Gabriela Almeida,
Welliny Rocha, Naum Collins, Jeferson Martins, Tatiana Santos, Beth Kazama and to

all the others who helped me during this period.

To my friends, brothers and sisters that life has given me Alex Bruno, Adalziza Neta,
Grazieli Brito, Ludhanna Veras, Camila Vieira, Francisca Farias, Rebekah Maria,
Sebastido Yattan, Larissa Portela, Joab Pedrosa, Mayanna Karla, Rosieli Silva,
Marcilene Ribeiro, Alice Véttel, Vanessa Rufino, Zaldy D. Catedrilla, Maria Leticia
Pacheco, Fernanda Francetto, Débora Boaventura, Emanuele Silva, Juliana Soares

and Ana Isa.

To the research Fcoz group members: Adriano Maltezo, Luciano Maria, Wanderson
Lucena and Daniel Costa. A special hug to Bruna Oliveira and Fernando Morais, who
have been with me since the beginning and today are great friends.

The Mara Regina Moitinho and Daniel De Bortoli Teixeira for all the teachings and

contributions in my academic background. | admire you very much.

To my students of scientific initiation, Felipe Facco, Luis Miguel, and Gabriel Scarabel,

| could learn a lot from you. Thank you!

To my colleagues at the GAAF (UNEMAT-SINOP), especially my friend Fernando
Rossi.

To my friends from NEURON Data Science and Atrtificial intelligence: Felipe Polo,
Leonardo, Samuel, Jhonatan Batista, Edvaldo, Vanessa, Ana Clara, Caué and

Professor Marcelo Botelho.

To the professors of the Department of Exact Sciences (For me it will be eternally the

department of exact sciences), Danisio Prado Munari, Amanda Liz Pacifico Manfrim,



Alan Rodrigo Panossos, Dilermando Perecin, Glauco de Souza Rolim, Euclides Braga
Malheiros, Jose Carlos Barbosa , Nelson José Peruzzi and to all employees of the
department: Maria José Servidone Trizolio (Zez€), Shirley Aparecida Martineli de
Sousa, Adriana Elisabete Takakura (Dri), Vanessa Sayury Souza and Carlos Alberto

Santa Capita (Carlao), thanks for the pleasant coexistence during my journey.

Thanks also at Universidade Estadual Paulista, Campus de Jaboticabal and Programa
de pds-graduacao em Agronomia (Ciéncia do Solo) for the opportunity to be able to

study his doctorate in one of the best programs in the country.

This study was financed in part by the Coordenacéo de Aperfeicoamento de Pessoal
de Nivel Superior (CAPES, Brazil) under the funding code 001.

The databases SCOPUS, ScienceDirect, WEB OF SCIENCE, SCIELO, and the
Periddico Capes facilitated the search for my literature review and understanding of
my results. To the Facebook group (Capes Fellows) for relaxed moments with the most

fun "memes" involving the academic world.

The UNESCO and the Abdus Salam International Centre for Theoretical Physics
(ICTP) for the opportunity to be in 2018 in the summer school of data science in Trieste,

Italy. And to my dear friends on this journey, Atul Saini and Ashok Rai.

To Paloma, a friend | discovered at the end of my PhD. Thanks for the fun times and
for giving lightness to my days.

And to all who contributed directly and indirectly to the conduct of my study.

And finally, why not me? Yes, to me, especially for never giving up my dreams and
believing that the impossible is also possible.



Xi

SUMMARY

Page
AB ST RA CT ettt ettt e e e e e e ettt e e e e e e e e e e e a bbb e e et e e e e e e e e a e rreaaaeeeeaann Xiv
LIST OF ABBREVIATIONS AND ACRONYMS ... XV
LIST OF FIGURES. .. .ot e e e e e e e e e e e e eaa s XVii
CHAPTER 1 — General conSiderations .......ccoooeieeiiiiiieeeeeeeeeeeeeeeeeeeeeeeeeeeeee e 20
L INTRODUCTION . ...ttt ettt e e e e e e et e e e e e e e e s s s bt e e e e e e e e s s anssnneeeeeeeaens 20
R I | ] 1 A 22
1.2.1 Specific goals and general hypothesis ..........ccccciiiiiiiiiiiiiiie 23
L3 LITERATURE REVIEW.......ccoiiiieeeee ettt 23
1.3.1 CarbON CYCIE ...uuuiiie et e e e e e 23
1.3.2 Carbon-climate-feedbacks.............ooouuuuiiiiii e 26
1.3.3 Climate change: A perspective in Brazil ............cccccccuiiiiiiiiiiiiiiiiiiiiiiinnene 27
1.3.4 Greenhouse gas measurements from Space..........cccoeeeeevvveiiiiiiiii e e e, 29
1.3.5 Big data era: The role of remote sensing on the carbon feedbacks ................. 33
N [ P 38

CHAPTER 2 - The role of the vegetation and the weather on the temporal
variability of XCO2 and SIF: A perspective to biomes and planted forest in Brazil

.................................................................................................................................. 46
F = 1S Y I 3 N PP 46
P20 1 4 o Yo LU o] 4 o o PO a7
2.2 Material and MethOdS .........oiiiii i e 49
2.2. 0 STUAY ATBA....euuii ettt e e et e e e e e e e e e e e e e e e 49
2.2.2 Big data remotely sensed acquisition and processing...........cccceeeeeeeeeeeevenvnnnnnn. 50
2.2.3 Platforms for data eXtraCtioN.............uuuiiiieeeiiiieiiiiee e e e e e e 51
2.2.3.1 Orbiting Carbon Observatory-2 (OCO-2)........ccoeeeeeiiiiieeeeeeeeeeeeeeeeeeeeeeeeee 53
2.2.3.2 Data extraction on the AppEEARS platform...........cccoeeiiiii 54
2.2.3.3 Weather data from NASA POWER ..o 54
2.2.3 Statistical @nalySiS ........cooeeieieeeeee e 55
2.3 RESUILS ..t 55
P2 S o U 1] [0 o PSP 67

2.4.1 Temporal variability for XCO2 ......ccoouiiiiiiiii e 67



2.4.2 Temporal variability Of SIF.........coooriiii e 68
2.5 CONCIUSIONS . 70
] (=T =T g o PR 71
CHAPTER 3 - Space-time variability of XCO2 and SIF from OCO-2: A case study
in the Mato Grosso State, Brazil .........ccccccuiiiiiiiiiiiiiiiiiiiaees 80
AB ST RA CT ettt e e e e e e ettt e e e e e e e e et re e e e e e e e e aannrrrrrraeaeaeeaans 80
G 200 I 1 14 oo ¥ o] 4 o ¥ o RS PPTR 81
3.2 Material and MethOdS .........ii i 82
Nt N (1 [0 V= - PR 82
3.2.2 Data aCqUISILION .......coeeeiiiiiie e e e e e e e e e e e e e e et e e e e e e e e e e enanaa s 83
3.2.2.1 Orbiting carbon observatory-2 (OCO-2) .......coooeveeieeiieieeeeeeeeee 84
3.2.3 Statistical analysis and temporal variation of data...............ccooeeeeeeeeeee e, 85
3.2.4 Spatial variability (ordinary Kriging).......cccoeeeeeeieeiiiiiiiee e 86
B 8 RESUILS oo 87
3.3.1 Temporal VArAtON.........ccoeeeeeeeeeeeeeee e 87
3.3.2 Spatial variability ... 88
I B ST o 1] [0 [T 91
S 5 CONCIUSIONS e 93
REIBIEINCES .. et eeaane 94

................................................................................................................................ 100
AB ST RA CT .ottt e e e e e ettt et e e e e e e s et r e e e e e e e e et raaaaeeeaaans 100
v/t 1 ] 4 o Yo 1¥ o3 4 Yo ] o P 101
4.2 Material and MethodS.......oooo i 103
.21 STUAY @I a...cciiiiiiiiiiiiiiee e 103
4.2.2 Remotely sensed and meteorological data...............ccooovvveiiiiiieeiiieeiiiicie e, 104
4.2.2.1 Orbiting Carbon Observatory-2 (OCO-2)........coiiiiiiiiiieeiiiiieeeeeie e 105
4.2.2.2 Meteorological data...........coovvviiiiiiiiiiiiii 106
4.2.2.3 MODIS data........ccooeeiiiiiiiiiiieieeee e 106
4.2.3 StatistiCal @NalYSIS .....cccuvuiiiiiiii e 107
4.2.3.1 Descriptive data statistics to hot MOmMeNts ...........ccccoeeeiiiiiiiiiiiiie e, 107

4.2.3.2 Hot Spot analysis (GetiS-Ord Gi*).......ccouvviiiiiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeee 108



4.2.3.3 XCO2 anomaly Model .........oouumuiiiiiiiiiieeie e 109
.3 RESUILS i 109
4.3.2 Hot and COId MOMEBNTS.......ccoiiiiiiiiiiie e 109
4.3.3 Spatial hot and cold spots to XCO2 and SIF 771 ........oouviiiiiiiiiiiieeeiee e 113
4.3.4 XCO2 AaNOMANIES ....coeviiiiiiiiiiiieieeee e 115
B 1Y o U357 o] o PP 116
N Ofo ] 1] [ U= o ] 1 119
] =T =T o o = SRR 120
CHAPTER 5 = Final remarksS ......ccoooieiiiiiie e 128

APPENDICES ... 130



Xiv

OBTAINING CARBON FEEDBACKS IN THE BIG DATA ERA: A PERSPECTIVE
TO CENTRAL-NORTH OF BRAZIL

ABSTRACT - With the emergence of the era of earth observation in high
resolution, remote sensing data's exponential growth has occurred in recent years.
Thus, it is possible to carry out studies to monitor the carbon cycle on a global and
regional scale, thus generating carbon feedback that can contribute to climate
governance and decision-making to mitigate the effects that cause climate change.
Therefore, this study was designed with the purpose of printing feedbacks related to
the carbon cycle using Big Data in earth observation using remote sensing and climatic
variables obtained by simulation models for the Central-North of Brazil, an important
region due to the presence of important biomes such as the Amazonia, Cerrado,
Pantanal and Atlantic Forest, besides being one of the most representative regions in
the advancement of Brazilian agribusiness. Three studies were carried separately for
the following sub-regions: Mato Grosso, Mato Grosso do Sul, and Eastern Amazonia.
For each region were discussed different problems. A time series was analyzed from
January 2015 to December 2018. The variables Xcoz, Solar-induced fluorescence at
757nm, and 771nm were extracted from Orbiting Carbon Observatory-2 -OCO-2. The
NDVI (MOD13A1), EVI (MOD13A1), and evapotranspiration (MOD16A2), data from
Moderate Resolution Imaging Spectroradiometer - MODIS and climate variables
(precipitation, wind speed, air temperature and relative humidity) as of Prediction of
Worldwide Energy Resources - NASA POWER. The data were submitted to
descriptive statistics, regression, correlation, temporal analysis and spatial
interpolation with the kriging method and hotspots. It was observed that both in biomes
and forest areas in Mato Grosso do Sul, the temporal variation of atmospheric CO:2
concentration is mainly governed by photosynthesis (SIFR2adj. = 0.07-0.55; p<0.05,
NDVIR2adj. = 0.18-0.63; p<0.05, and EVIR2ad]. = 0.20-0.49; p<0.05) and that
photosynthesis is positively related to evapotranspiration (R2adj. = 0.20-0.44; p<0.001)
and air temperature (R2adj. = 0.26-0.44; p<0.001). In Mato Grosso and Eastern
Amazonia, SIF was also an important variable in explaining the temporal variability of
Xcoz (r=-0.84; p<0.01). However, in these regions, this relationship is also observed
spatially. In general, the time variations of Xcoz in the north-central region of Brazil
varies between the dry and rainy periods, this was clear in all studies. As for the spatial
variation of Xcog, it varies according to the type of land use and the time of year. Given
the results presented in this work, it is clear that the use of big data from remote sensing
observations are valuable tools in understanding the carbon cycle since the
relationships observed in the intersection of these data generate results that are clearly
explained by the physical and biological processes around the soil-plant-atmosphere
system.

Keywords: Carbon cycle, Climate Change, MODIS, NASA POWER, OCO-2, SIF
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CHAPTER 1 — General considerations

1 INTRODUCTION

Between 1880 and 2012, the average temperature of the planet increased
around 0.85 °C. The increase in temperature observed in recent decades is mainly due
to increased greenhouse gas (GHG) emissions (Diffenbaugh et al., 2015; Medhaug et
al., 2017). The carbon dioxide CO2 concentrations have increased by about 40% since
the beginning of the industrial era. This exponential increase in CO2 emissions is due
to the burning of fossil fuels, deforestation and land-use change (Quéré et al., 2015;
Schimel et al., 2015). Given this perspective, numerous studies try to prospect the
responses of different regions of the planet under scenarios related to the climate
system (Parazoo et al., 2016; Silva Junior et al., 2020)

The soil-plant-atmosphere system is closely related to these scenarios since the
biogeochemical cycles of the leading gases responsible for the greenhouse effect pass
through the soil, plants and atmosphere, with particular attention to carbon and
nitrogen (Finzi et al., 2011). In addition to these, water is also a part of its cycle with in
the soil, therefore being a closed, complete and complex system (Seneviratne et al.,
2010). Thus, researchers have joined forces to try to understand how climate change
can interfere with the ecosystem, seeking alternatives that mitigate the effects of
climate change, especially in agriculture (La Scala et al., 2000; Santos et al., 2019;
Silva et al., 2019; Xavier et al., 2020).

It is important to emphasize that carbon plays a crucial role in the supply of
energy with in the soil-plant-atmosphere system through its cycle (Chapin, Matson,
2011). In this cycle, a series of feedback mechanisms are responsible for the carbon
response to the increase in the planet's temperature (NRC, 2003). There is evidence
that carbon feedbacks are sensitive to temperature, hydrological cycle and land-use
change (Goodwin et al., 2019; Williams et al., 2019). However, these sensitivities are
still uncertain due to the uncertainties related to other factors that also influence the
carbon cycle, such as nutrient availability like nitrogen (Goodwin, 2019). Besides, the

availability of data for significant studies again emerges as a limiting factor.
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On the other hand, as the development of technologies aimed at earth
observation, especially remote sensing through satellites, a quantity of massive data
related to the carbon cycle has been made available in recent decades (Chi et al.,
2016; Xu and Xiaoping, 2020), being possible to apply in various fields of science (Silva
Junior et al., 2020; Rossi and Santos, 2020; Taylor et al., 2021). The explosion in data
generation in the most diverse areas of knowledge has been called the big data era
(Chen et al., 2014). This expression is related to the volume, speed, and variety of
information produced by different sources in a short time (Lioutas, 2020). A large
amount of data generated today is only possible on account to the emergence of
technologies such as mobile devices, social networks, satellites, portable sensors,
weather stations and model applications for estimated data (Kamilaris et al., 2017,
Majumdar et al., 2017)

The advance in data generation has contributed to innovative discoveries in
various areas of knowledge in climate science, e.g., the variety and quantity of data
have states available in a way never seen before (Shannon, 2019). Furthermore,
climate science promises to be one of the largest data sources for data-driven research
(Faghmous & Kumar, 2014). According to these authors, it is estimated that in 2010
the available climate data had already reached the volume of 10 Petabyytes (1PB=
1.000TB). This number tends to increase exponentially to about 350 Petabytes by
2030. For example, The National Aeronautics and Space Administration (NASA) is
considered one of the most important institutions in data generation, being able to
generate 12.1TB of data daily through its active missions around Earth and space.
Besides, with advances in orbital sensors' development, NASA expects that some of
the space agency's missions can generate up to 24 TB a day (Shannon, 2019).

From this perspective, in 2014, NASA launched the Orbiting Carbon
Observatory-2 (OCO-2) (Annmarie Eldering et al., 2017). With the launch of the OCO-
2 spacecraft, NASA presented the world with an important tool regarding
understanding fundamental processes that act on the absorption and emission of CO..
However, OCO-2 was not the first satellite launched to measure atmospheric CO..
Before that, we had other soucers as the Scanning Imaging Absorption Spectrometer
for Atmospheric CHartographY from European Space Agency (SCIAMACHY-ESA)

were launched, both able to do this monitoring, but these missions were closed in 2012
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(Pan et al., 2021). NASA launched AURA in July 2004 with the Tropospheric Emission
Spectrometer (TES) with a better spatial resolution than AIRS and SCIAMACHY. The
Greenhouse Gases Observing Satellite (GOSAT) was launched in January 2009 by
Japanese national Aerospace (JAXA) to detect CO2 and CHas (Yokota et al., 2009;
Frankenberg et al., 2011). However, The OCO-2 was the first to provide the high
accuracy, resolution and coverage needed to observe regional carbon sources and
sinks. This is due to the OCO-2 ability to make about 16 million measurements each
cycle with orbit trails separated by less than 1.5 degrees longitude at the equator
(Eldering et al., 2017; Schwandner et al., 2017).

Two of the most important variables measured by OCO-2 are the carbon dioxide
(CO2) column-averaged dry-air mole fraction (Xcoz2) and Solar Induced Fluorescence
(SIF). Xcozis the average CO:2 concentration in a column that goes from the earth's
surface to the top of the atmosphere (Crisp et al., 2012). SIF is considered the most
modern in vegetation analysis via remote sensing because SIF is directly related to
photosynthesis's internal mechanisms (Xiao et al., 2019). In this sense, the SIF stands
out because it can indicate the photosynthetically active vegetation, unlike other more
traditional vegetation indicators such as NDVI, which detect only green leaves'
presence (Mohammed et al., 2019).

The understanding of carbon dynamics via remote sensing using various
sensors and OCO-2 data has been wide of the world (Gao et al., 2020; He et al., 2020).
Zhaleh Siabia et al. (2019) observed in Iran that both soil cover and vegetation cover
play essential roles in the spatial distribution of CO2 and the discovery of carbon dioxide
sources and sinks. In India, Chhabra and Gohel, (2019) also observed the importance
of vegetation and different soil cover types in controlling atmospheric CO:2

concentrations.

1.2 THESIS GOAL

Although Brazil, is a key part of the global carbon cycling, the use of OCO-2
data in conjunction with other data sources is little explored. Therefore, this study was
designed with the purpose of printing feedbacks related to the carbon cycle using Big

Data from earth observation using remote sensing and climatic variables obtained by
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simulation models for the Central-North of Brazil, an important region due to the
presence of important biomes such as the Amazonia, Cerrado, Pantanal and Atlantic
Forest, besides being one of the most representative regions in the advancement of

Brazilian agribusiness.

1.2.1 Specific goals and general hypothesis

The general hypothesis of this study is based on the association of temporal
and spatial variability of column-averaged of carbon dioxide in the atmosphere (Xco2)
and Solar Induced Fluorescence (SIF) the different types of land use and cover
(Brazilian biomes) and the intrinsic climatic conditions of each. Therefore, the specific
goals were: (1) Characterize the temporal variability of the carbon dioxide (COz2)
column-averaged dry-air mole fraction (Xcoz) and Solar Induced Fluorescence (SIF)
and its main control factors in biomes and planted forests with eucalyptus in the state
of Mato Grosso do Sul, Brazil with the use of remote sensing data (Chapter 2); (2)
Detect the seasonal spatial variability of Xcoz and SIF for the state of Mato Grosso,
Brazil, through Ordinary Kriging using OCO-2 data to find potential carbon sources and
sinks; and (3) Characterize the hot spots, hot moments, anomalies of column-averaged
of carbon dioxide in the atmosphere (Xcoz, ppm) and their interactions with climate and
vegetation indices in the eastern Amazonia using the Orbiting Carbon Observatory-2
(OCO-2) data from Nasa.

1.3 LITERATURE REVIEW

1.3.1 Carbon cycle

Carbon corresponds to ~50% of living beings' dry weight, therefore being one
of the most critical elements for terrestrial life due to its essentiality (Ussiri and Lal,
2017). Carbon is responsible for the flow of energy in various systems, such as

ecosystems, humans and even industrial systems (Andrén and Katterer, 2009). This
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is only possible thanks to plants' ability to transform solar energy into chemical energy
(Ryu et al., 2019).

An important fact is that carbon is an extremely dynamic element due to the
series of processes (biological, chemical and physical) behind its absorption (Chapin,
Matson, 2011). In this sense, carbon can be stored in the biosphere, its main reservoirs
being the atmosphere, oceans, soils, vegetation and lithosphere(Lal, 2004; Hutyra,
2014). It is important to note that each reservoir's capacity and the residence time vary
between them (Wallace and Hobbs, 2006) (Figure 1).

MAJOR CARBON RESERVOIRS IN THE EARTH SYSTEM

Reservoir Capacity Kg m2

Green part of the biosphere 0.2
Tree trunks and roots 1.2

inn l
Reservoir Capacity Kg m2 '

Soils and sediments 3

Reservoir Capacity Kg m?2

Ocean: dissolved CO, 15

Figure 4. Major carbon reservoirs in the Earth system and their present
capacities in units of kg m2.

Assuming the Earth as a system, the above components play the role of carbon
reservoirs because they are responsible for storing significant amounts of carbon. In
these reservoirs, any carbon movement between them is called carbon flux (Madani et
al., 2017; Piao et al., 2020; Qiu et al., 2020). Thus, in integrated systems, the flows join
the reservoirs creating carbon cycles and feedbacks.

When the carbon present in the atmosphere is used by photosynthesis, this
already characterizes a carbon cycle (Figure 2). In this cycle, plants transform solar

energy into chemical energy into organic carbon molecules that provide biochemical
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mechanisms underlying the evolution and use of environmental energy, the essential
attribute of life ( Chapin and Matson, 2011; Ussiri and Lal, 2017). On a global scale,
this process is responsible for transferring significant amounts of carbon between the
atmosphere and plants (Frankenberg et al., 2016; Ryu et al., 2019). Over the years,
plants complete their life cycle, and in the process of decomposition, carbon can return
to the atmosphere.

The energy that is fixed through photosynthesis is responsible for the growth of
plants that will later be consumed by animals and microorganisms (Andrén and
Katterer, 2009). For this reason, carbon constitutes half of the organic matter present
on Earth (Ussiri and Lal, 2017). However, photosynthesis may be limited by control
factors, factors that can also be called photosynthetic reagents and are they: light
energy, CO2, temperature, and nitrogen availability. Each of these plays an essential
role to photosynthesis to occur. In the case of nitrogen, it is responsible for producing

photosynthetic enzymes ( Chapin and Matson, 2011).
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Figure 5. A sub-cycle within the land carbon cycle.

Respiration is another important process within the carbon cycle (Hutyra, 2014;
Santos et al., 2019). In plants and other organisms, breathing is the chain responsible

for returning carbon to the atmosphere (Gonsamo and Chen, 2017). However, this
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occurs when plant cells use the sugars (carbohydrates) resulting from the
photosynthetic process to obtain energy in the plants. It is estimated that at least half
of the carbon absorbed by plants returns to the atmosphere. Concerning soil
respiration, this occurs through the decomposition of organic matter present in the soil
by microorganisms. Several studies point to soil moisture and temperature as
important control factors (Santos et al., 2019; Silva et al., 2019; Xavier et al., 2020).
Thus, it is observed the prominent role carbon has in ecosystems (biosphere),
climate and society. Thus, it is of fundamental importance that there is an
understanding of the main factors responsible for regulating the carbon cycle and the

exchanges between the biosphere and atmosphere.

1.3.2 Carbon-climate-feedbacks

Feedback is considered when a system's outputs are conducted back as links
of a cause-and-effect chain (Goodwin et al., 2019). Thus, a system capable of self-
recycling. In the climate change field of knowledge, feedback is essential for
understanding global warming (Sellers et al., 2018; Williams et al., 2019). This
understanding lies in the reasons for the increase or decrease caused by the feedback
processes of each climate force (Fu et al., 2020).

Knowing that feedback consists of a process in which changing the amount of
an element in a chain or cycle will change the amount of a second element, and this
change, in turn, changes the first. This feedback can be positive or negative; when
positive, there is an amplification in the change in the first quantity, so that negative
feedback acts on reduction (Quan et al., 2019).

Following the National Research Council-NRC (2003), feedback in the climate
system can amplify or dampen the system response as there is a change in climate
forces. Thus, they systematize the term feedback as the climatic system's interactions
between the variables that characterize the earth's surface, the ocean, and the
atmosphere. These authors also reinforce the need for more research efforts to
understand better and model climate feedback processes and improve the

interpretation of these feedback in climate change. For this to be possible, these efforts
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should not only be strengthened in the monitoring of traditional climatic variables
(precipitation and temperature) but also invariable ours that govern the feedback
processes, such as precipitation, wind, temperature, humidity, radiation balance at the
top of the atmosphere and on the surface, distribution of clouds, soil moisture,

terrestrial vegetation, atmospheric CO2 and others.

1.3.3 Climate change: A perspective in Brazil

Between the 1960s and 1990s, scientists began to understand what was going
on with the climate, as the planet was warming. Since then, discussions on climate
change have gained evidence. With the creation of the Intergovernmental Panel on
Climate Change (IPCC), climate reports have been released to help understand what
is happening with the climate through estimates and scientific findings. After the first
IPCC report in 1990, research in this area began to gain momentum worldwide (Figure
3).

30000

| Climate Change”

20000

15000

Documents

10000

5000

0 < *~ * * —0-000-0—00

1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010 2020
Years

Figure 6. Time series of articles indexed in journals in the base "SCOPUS" with the
term "climate change" (Search bean on 10/20/2020).

The increasing progress in the development of research focused on this area,
made possible to identify that the emission of greenhouse gases could be the main

responsible for the increase in the temperature of the planet due to the relationship
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with the growth in the burning of fossil fuels, deforestation of forests and land-use
change (Bergamaschi et al., 2018; Silva Junior et al., 2020; Rossi and Santos, 2020).

In a moment, the greenhouse effect is an important natural process for the
planet since it is responsible for keeping the planet's temperature stable. Without its
existence, the planet would be fully covered by ice (Schneider, 1988; Rodhe, 1990;
Schuur et al., 2015; Xu and Cui, 2021). The greenhouse effect is the combination of
three gases, the so-called greenhouse gases (GHG), which are carbon dioxide (CO2),
methane (CHa4) and nitrous oxide (N20), in addition to water vapor and fluorocarbons
(Oertel et al., 2016). These gases have different heating power and concentrations in
the atmosphere. The CH4 and N20 have a higher heating power than CO2; however,
60% of the greenhouse gases emitted into the atmosphere corresponding to COg,
making it the main gas responsible for the potential increase of the greenhouse effect
(IPCC, 2014).

Within this context, the scientific community treats the addition of gases in the
atmosphere as an "additional greenhouse effect”, which would potentiate the natural
greenhouse effect (Wang et al., 1976). Due to the complexity of this phenomenon,
researchers from all over the world try to understand how the gas exchange between
earth and atmosphere works, and what are the leading causes of the increased
concentration of these gases and possible sources of GHG sinks in the most diverse
regions of the world (Schwandner et al., 2017; Humphrey et al., 2018; Park et al., 2020;
Babbar et al., 2021)

Each region has different anthropogenic activities, almost always related to the
local economy, such as agriculture, industry, extractivism, and oil exploration. This is
believed to generate different regionalized impacts (Seneviratne et al., 2016). In Brazil,
agriculture deserves to be highlighted as one of the main economic activities since it
holds 23% to 24% of the national GDP, and in times of crisis, it was the sector that
grew the most in 2017, something around 14.5% (MAPA, 2017).

According to the IPCC, agriculture is responsible for issuing 20% of the total
GHG emissions in the world. In Brazil, for example, anthropogenic activities are linked
to agriculture. Cerri et al. (2007) frame Brazilian agriculture in a scenario where GHG
emissions correspond to 70% of the country's total. Brazilian agriculture is an important

phenomenon to be understood within climate change since, in addition to agricultural
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production, it involves problems related to biological and climatic diversity because
Brazil is a country of continental dimensions.

Although agriculture is an anthropogenic activity that plays an essential role in
GHG emissions, it will also be one of the most affected climate change activities. For
example, the increase in the temperature of the planet may change the spatial and
temporal distribution of rainfall, being able to increase the risks of summers in the
growing period of most crops (Ramanathan et al., 2001; Assad et al., 2008; Farhan et
al., 2020). In contrast, excess rain is also a reality, which can culminate in soil
degradation by erosion (Nearing et al., 2005; Serpa et al., 2015; Ciampalini et al.,
2020).

In Brazil, production demand has driven the opening of new agricultural
frontiers, which has resulted in deforestation and land-use changes. According to the
Brazilian Climate Change Panel, between 1990 and 2005, total emissions from
agriculture increased by 37%, equivalent to 114 megatons of COz.

Projections indicate that the increase in temperature in 3 °C will make soybean
production impossible in 50% of the territory of the state of Sdo Paulo, and with an
increase of 5.8 °C it is estimated a reduction of 70% of the planted area for the crop
throughout the country, since the corn crop would suffer less with these impacts, due
to its physiological characteristic, of C4 plants, which allows greater resistance to high
temperatures. However, an average increase of 5.8 °C in global temperature would
cause a decline of 5.1 million km? of the production area to 4.4 million km? (Assad et
al., 2008).

1.3.4 Greenhouse gas measurements from space

Understanding the global carbon cycle is essential in developing carbon
feedback projections. In this sense, remote sensing has played a key role in the last
five decades (Figure 4), thanks to developing techniques capable of quantifying carbon
flows and stock (Xiao et al., 2019). Due to the emergence of satellite observations of
the earth's surface, research has been developed in the search for understanding of
spatial patterns and temporal variability of carbon dynamics in ecosystems (Liu et al.,
2014; Merrick et al., 2019; Qiu et al., 2020). CO2 flows have been widely quantified
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using normalized difference vegetation index (NDVI) (Rahman et al.,, 2001) or
improved vegetation index (EVI) (Silva Junior et al., 2019), while carbon stocks are
measured through Gross Primary Production (GPP) (Zarco-Tejada et al., 2013; Rossi
and Santos, 2020).

Recently, scientists have joined forces to launch instruments capable of
providing measurements of greenhouse gas concentration globally via remote sensing
(Schwandner et al., 2017; Crisp and Eldering, 2018). With this, carbon flow models
can be improved and contribute to the search for responses related to carbon sources

and sinks in the atmosphere's biosphere and interaction.
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Figure 4. Milestones in remote sensing of the terrestrial C cycle (Adapted by Xiao et
al., 2019).

One way to measure CO:2 from space is through the sunlight reflected from the
earth's surface, so it is possible to quantify CO2 molecules along the path of light
between earth and atmosphere (Crisp et al., 2012). This measured CO: is termed as
the average molar fraction of dry air from the carbon dioxide column or Xcoz2. Japan's
Greenhouse Gases Observing Satellite (GOSAT) and the NASA Orbiting Carbon
Observatory-2 (OCO-2) use this method (Yokota et al., 2009; Annmarie Eldering et al.,
2017).

Despite the recent launch of OCO-2 in 2014, satellites capable of measuring

CO:2 in the atmosphere have been around for about two decades. In 2002, the
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Atmospheric Infrared Sounder from the National Aeronautics and Space
Administration (AIRS-NASA) Scanning Imaging Absorption spectroMeter for
Atmospheric CHartographY from European Space Agency (SCIAMACHY-ESA) were
launched, both able of doing this monitoring, but these missions were closed in 2012
(Pan et al., 2021). NASA launched AURA in July 2004 with the Tropospheric Emission
Spectrometer (TES) with a better spatial resolution than AIRS and SCIAMACHY. The
Greenhouse Gases Observing Satellite (GOSAT) was launched in January 2009 by
Japanese national Aerospace (JAXA) to detect CO2 and CHa (Yokota et al., 2009;
Frankenberg et al., 2011). The GOSAT can observe CO: at a spatial resolution of
10X10 km with a three-day return interval. NASA launched the OCO-2 in July 2014
with a spatial resolution of 1.29 x 2.25 km and a 16-day temporal (Crisp et al., 2017;
Schwandner et al., 2017). In December 2016, China launched the carbon satellite
(TANSAT) with a spatial and temporal resolution much like that of the OCO-2 (Liu et
al., 2018; Yang et al., 2018). In October 2018, JAXA launched GOSAT-2, delivering a
much more robust performance than GOSAT (Yoshida et al., 2019). In 2019, NASA
launched the OCO-3 that brought denser observations at sampling sites (Eldering et
al., 2019; Taylor et al., 2021).

Regarding the research developed with GOSAT data (Figure 5), from 2009 to
2021, 707 documents have already been published according to the search made in
the SCOPUS database on October 22, 2020. The country that presented the highest
number of published documents was Japan (executing country of the project) (Figure
5B), followed by the United States, China, and Germany. Unfortunately, Brazil does
not appear among the ten countries precisely because it has only four documents
published. In the field of research (Figure 5C), planetary sciences lead the ranking,
environmental and agricultural sciences are in seventh and 8th, representing 6.8 and

4.3% of all published documents.
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Figure 5. Documents indexed in journals in the base of SCOPUS with the term
"GOSAT" by year (A), country (B) and subject area (C) (Search bean on
11/10/2020).

For OCO-2, the number of published documents is even lower, only 353
documents (Figure 6A), with the USA the leader (Figure 6B), followed by China,

Germany, and Australia. Brazil once again does not appear in this search. As in

GOSAT, planetary sciences lead among research fields that use OCO-2 (Figure 6C),

environmental and agrarian sciences are in 6th and 7th, representing 7.3 and 6.7% in

total, respectively. In general, OCO-2 data have been more applied in environmental

and agricultural sciences compared to GOSAT.
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2" by year (A), country (B) and subject area (C) (Search bean on 10/20/2020).

Understand the carbon cycle in ecosystems is essential to make better

predictions regarding climate change in the future. In this respect, satellite data

emerges as an alternative and should be used more widely in the most diverse areas

of knowledge, especially in the environment and agriculture areas.

1.3.5 Big data era: The role of remote sensing on the carbon feedbacks

By the advancement of technology, access to computers, the internet, and
sensors available for access to the population, we have achieved an explosion in data

generation, never seen before. Especially in the last 20 years, there has been a huge

increase in data in the most diverse knowledge areas.

In the last decade, the industrial sector has been interested in the high potential

of big data use, and many government agencies have begun announcing big plans to

accelerate big data applications, such as the White House in the United States, which

250
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has invested more than $1 billion in the "Big Data Across the Federal Government"
program (WH, 2012). Besides, the scientific journals Nature and Science have
launched special editions to discuss big data challenges and impacts (NATURE, 2008;
Science, 2011). The era of big data has already arrived for all and is the new frontier
of innovation, productivity, and competitiveness (Majumdar et al., 2017; Sekhar et al.,
2018; Lioutas, 2020)

With satellite monitoring, weather stations, the growing increase in the
publication of scientific articles, the emergence of several platforms with open access
databases and the Internet of Things (loT) within the area of knowledge involving
agriculture and the environment, the era of big data is already a reality. It estimated
that investment in big data analysis applied to agriculture could generate profitability
on top of the harvest around 20 billion dollars annually (Bunge, 2014)

The definition of big data is still an abstract concept, but it can already be
characterized by five dimensions, which include volume, speed, variety, veracity, and
valorization, the well-known 5V's (Chen et al., 2014). However, an essential part in the
use of big data is related to the value of the knowledge generated, which will help in
decision making, increasing mainly profitability, whether financial, environmental, or
even in reducing the time to perform some activities, but all this is only possible if the
sources of the databases are reliable since with reliable data must have answers with
credibility.

Most databases built to study climate and greenhouse gas emissions comprise
a time series, especially those using satellite data (Liu, 2015; Ma et al., 2015; Huang
et al., 2018; Xu et al., 2020). The use of satellite databases is essential for studies
involving climate change and has already resulted in important scientific journals (Silva
Junior et al., 2020; C. Silva Junior et al., 2020; Huang et al., 2020; Peter and Messina,
2020)

As already mentioned in previous topics, remote sensing has emerged as an
important tool to understand the carbon cycle. Today, it is possible to map CO2 flows,
detect changing land use, and obtain carbon feedback through satellites. Table 1
shows a list of variables that can be obtained free of charge, which helps understand

the carbon cycle.
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Table 1. Variables and sources for obtaining open access data related to the carbon

cycle.
Group Variable Source Coverage
NDVI-EVI Global
LAI Global
> MODIS
) GPP Global
|_
|<£ NPP Global
I{IDJ SIF OCO-2/GOSAT Global
w
> Evapotranspiration MODIS/ SMAP
Xcoz Global
OCO-2/GOSAT
g Xcha Global
O]
Soil Moisture SMAP/ESA Global
Soil classes Global
Soil texture o Global
, SoilGrids
Soil Ph Global
Soil Organic Global
Soil Nitrogen Global
Land Use Change MapBiomas Brazil
Land Use LAPIG Brazil
% o Crop Production SIDRAS -IBGE Brazil
a2 Soybean lands SOJAMAPS Brazil
Land Use Change INPE Brazil
o , _ NASA POWER _
w Climate variables Global/Brazil
= INMET
<
L
=

The dynamics of vegetation has been observed for decades through the
calculation of spectral issues. The most famous indexes are the Normalized Difference
Vegetation Index (NDVI) (Rouse et al., 1973) and the Improved Vegetation Index (EVI)
(Huete et al., 1997). NDVI is calculated NDVI = (NIR + RED) / (NIR - RED) where RED

and NIR are the spectral reflectance in the visible red and near-infrared region of the
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https://smap.jpl.nasa.gov/
https://www.esa-soilmoisture-cci.org/
https://soilgrids.org/
https://mapbiomas.org/en
https://www.lapig.iesa.ufg.br/
https://sidra.ibge.gov.br/
http://pesquisa.unemat.br/gaaf/sojamaps/
http://www.inpe.br/
https://power.larc.nasa.gov/
http://portal.inmet.gov.br/
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photosynthetically active radiation spectrum, respectively (Francois et al., 2019). Other
data provided by MODIS, such as Area Foliar Lai Index, GPP, and NPP, are widely
used in the carbon cycle studies. Both the leaf area index (LAI) and the fraction of
photosynthetically active radiation absorbed by vegetation (fAPAR) can represent the
biophysically complimentary forms in the description of vegetation that covers the
earth's surface (Fan et al., 2019). The LAI consists of the one-sided green leaf area
per unit of soil area in the broadleaf canopy. MODIS also provides gross primary
production (GPP). In general, it represents carbon inputs into the ecosystem through
photosynthesis. Its application has been carried out in several studies to understand
the carbon cycle in adverse situations.

A significant advance in remote sensing was the recovery of sun-induced
chlorophyll fluorescence (SIF) (Francois et al., 2019; Xiao et al., 2019). Biologically,
within the leaves of plants, sunlight is absorbed by chloroplasts. After this process, the
absorbed energy can be used to conduct reactions that have as product glucose. When
the plant cannot use all the energy absorbed in glucose production, excess energy
needs to be released. This is usually done by heat dissipation or through the
fluorescence of sunlight (Frankenberg et al., 2014; Mohammed et al., 2019) (Figure 7).

SUN

Fluorescence
Photon ~1% Heat ~19%

Figure 7. Arrays of chlorophyll molecules bound to protein absorb and process solar
photons in plant leaves. A variable fraction (¢f, typically ~1%) of these leaks
back out as fluorescent photons. The absorbed photon can be lost as
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radiationless decay (Kd), re-emitted as a fluorescent photon (Kf), quenched
by NPQs (Kn), or used for photochemistry (Kp) (Frankenberg et al., 2013).

Unlike other spectral indices, SIF is related to the internal processes of
photosynthesis. Thus, it can indicate photosynthetically active vegetation, while NDVI
and EVI only detect the presence of green leaves. Fluorescence emitted under the
influence of sunlight has its peaks of 730-740nm (near-infrared) and another peak of
685-690nm (red spectral) (Mohammed et al., 2019). However, despite the peaks, SIF
can be detected between the 650-800nm bands. It is important to note that both

photosystem | and photosystem Il are detected in this spectrum range (Figure 8).

251 F1a0
. _/‘ \'\
£
c S '\
— / .
L 191 Fess 1 F k
v - , PSII \
£ 1.0- s \, ! \\
/ \_ ! AY
= 0.5 K
L K
‘/
0.0{ A
=)
[Vp]
[Ve]

Wavelength (nm)

Figure 8. Spectral detection of sun-induced chlorophyll fluorescence (Mohammed et
al., 2019).

After this, the potential and variability of the remote-sensing big data application
in environmental studies are clear. The scientific community should explore this
potential, mainly in developing countries where the recourses to make experimental
science are reduced. The feedback founded from this data could help make political
governance in climate change mitigation beyond developing the regional carbon

models.
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CHAPTER 2 - The role of the vegetation and the weather on the temporal
variability of Xcoz and SIF: A perspective to biomes and planted forest in Brazil

ABSTRACT - Understanding the dynamics of carbon for detecting sources and
sinks in large areas, especially in agricultural or forestry areas, is a challenge to be
overcome. Recently, remote sensing techniques have been an alternative in studies
aimed at evaluating carbon dynamics. The objective of this study was to characterize
the temporal variability of the carbon dioxide (CO2) column-averaged dry-air mole
fraction (Xcoz2) and Solar Induced Fluorescence (SIF) and its main control factors in
biomes and planted forests with eucalyptus in the state of Mato Grosso do Sul, Brazil
with the use of remote sensing data. A time series was analyzed from January 2015
to December 2018. The variables Xco2, Solar-induced fluorescence at 757nm and
771nm were extracted from OCO-2. The NDVI, EVI and evapotranspiration data from
MODIS and climate variables (precipitation, wind speed, air temperature and relative
humidity) as of NASA POWER platform. Data were submitted to regression,
correlation, and temporal analysis. In general, the Cerrado biome presents high Xco2
between the months of May to October. Similar behavior was observed for the
Pantanal. For the Atlantic Forest, this period extended from April to October, while for
the eucalyptus macro-region, it was the shortest period, from June to October. Inverse
variation to Xcoz was observed for SIF. SIF 757 averages were higher when compared
to SIF771. The factors that govern the temporal variability of Xcoz, SIF771, and NDVI
and EVI, were the variables that best represented a dependence in this process. The
only control factor that governs the temporal variability of SIF for all study areas is
evapotranspiration. However, NDVI, EVI and air temperature are also correlated with
SIF, but not in all biomes. Taking these results into account, it is concluded that the
carbon sinks (C) created by forests and ecosystems depend on the balance between
capturing C (via photosynthesis) and loss through breathing. This balance will vary
according to the relative effect of each of these processes' intrinsic environmental
factors.

Keywords: Carbon cycle, Climate change, Greenhouse gases, NDVI, OCO-2
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2.1 Introduction

With the advent of the industrial revolution in the early XIX century, significant
amounts of carbon dioxide (CO2) began to be emitted into the atmosphere (Xu and
Cui, 2021). According to observations made in Mauna Loa Observatory (Hawaii) by
the National Oceanic and Atmospheric Administration (NOAA), the atmospheric
concentration of CO2 has increased by about 100ppm in the last 80 years (NOAA,
2020). Human interference has been observed through global warming and climate
change (Shi et al., 2021; Xu et al., 2021). Change in rainfall, severe droughts and
extreme winds has been observed in various parts of the world (Ramanathan et al.,
2001; Farhan et al., 2020).

The effect of anthropogenic activities as a cause of climate change is
undeniable (Xie et al., 2020). Several studies point to the burning of fossil fuel (Gaulin
and Billon, 2020), land-use change (Ghahramani et al., 2020), deforestation (Junior et
al., 2020), forest fires (Silva Junior et al., 2020) and the use of synthetic fertilizers
(Pereira et al., 2020) as one of the main sources of emission of effect gases studies
GHG for the atmosphere.

The conservation of biomes is still the most efficient for carbon storage since
these environments are responsible for capturing an essential portion of the earth's
carbon (Jobbagy et al., 2000). Strategies for the conservation of ecosystems and the
fight against deforestation were widely discussed at COP21, including where Brazil
has committed to reducing emissions of greenhouse gases by 37% by 2025 and 43%
in 2030, and one of the main strategies and the fight against deforestation (Lebre and
Rovere, 2016).

Despite this, researchers have been looking for alternatives to mitigate or
compensate for greenhouse gas emissions (Ferez et al., 2015; de Aradjo Santos et
al., 2019). The use of alternatives such as no-tillage, agroforestry systems and planted
forests are efficient as agroecosystems can store significant amounts of carbon in plant
biomass and soil (Silva et al., 2019; Xavier et al., 2019; Santos et al., 2020). However,
it is worth mentioning that the use of these agroecosystems becomes efficient when

used to replace agricultural production systems or the recovery of degraded areas.
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The use of planted forests has also been presented as an alternative since it
prevents deforestation and can increase the soil's carbon stock (Resh et al., 2002;
Bhatta et al., 2018). Kumar et al. (2020) observed that in eucalyptus areas, soil carbon
stocks were 34.8% increase in 8 years of planting. These authors also observed a
total carbon stock (plant + soil) in an 8-year plantation of 114.1 a 118.8 Mg C ha™*. For
them, the use of eucalyptus reforestation offers a low-cost strategy for carbon
sequestration, in addition to increasing agricultural income.

With the use of remote sensing techniques, Leuning et al. (2005) observed that
annual carbon productivity of the 1060 g C m2 year in the typical year and 360 g C
m-2 year?! during the drought in eucalyptus forests in Australia. Recently with advances
in remote sensing techniques, studies have shown the variation of atmospheric CO2
concentration in different land uses, biomes, ecosystems and agricultural areas
(Falahatkar et al., 2017; Mousavi et al., 2017; Chhabra and Gohel, 2019). Several of
these studies have only become possible under to satellite launches such as Orbiting
Carbon Observatory-2 OCO-2 (Crisp et al., 2012), The Greenhouse Gases Observing
Satellite (GOSAT) (Yokota et al., 2009) and Scanning Imaging Absorption
spectroMeter for Atmospheric CHartographY (SCIAMACHY), among others (Pan et
al., 2021).

The use of these satellites has brought numerous advances in understanding
the carbon cycle at global and regional scales (Hakkarainen et al., 2016; Eldering et
al., 2017). This is due to important variables measured by these, such as the carbon
dioxide (CO2) column-averaged dry-air mole fraction (Xcoz) (Crisp et al., 2012) and
the Solar Induced Fluorescence (SIF) (Frankenberg et al., 2014). Xcozis the average
CO2 concentration in a column that goes from the earth's surface to the top of the
atmosphere (Crisp et al.,, 2012). SIF is considered the most modern in terms of
vegetation analysis via remote sensing because SIF is directly related to
photosynthesis's internal mechanisms (Xiao et al., 2019). In this sense, the SIF stands
out because it can indicate the photosynthetically active vegetation, unlike other more
traditional vegetation indicators such as NDVI, which detect only green leaves
presence (Mohammed et al., 2019).

Understanding the carbon cycle at regional scales is essential to make a political

climate decision. In this sense, sensing techniques emerge as an alternative that
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makes it possible to observe this more widely and often quickly. Therefore, knowing
the importance of biomes and agricultural production systems, such as forests planted
in cycling and carbon storage, our hypothesis is based on the different land uses
presenting varied temporal variation and control factors. That said, the objective of this
study was to characterize the temporal variability of the carbon dioxide (CO2z) column-
averaged dry-air mole fraction (Xcoz) and Solar Induced Fluorescence (SIF) and its
main control factors in biomes and planted forests with eucalyptus in the state of Mato
Grosso do Sul, Brazil with the use of remote sensing data.

2.2 Material and Methods

2.2.1 Study Area

The study was carried out for the state of Mato Grosso do Sul (20.7882° S,
51.7030° W) in the Midwest region of Brazil (Figure 1). The state is formed by the
Cerrado, Pantanal and Atlantic Forest biomes. It is also known as being the second
largest eucalyptus producer in Brazil. The climate is classified as tropical, being Aw
according to Képpen classification, the average temperature is 24. 2°C and annual

precipitation are 1241mm.
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Figure 1. Location of the state of Mato Grosso do Sul with their respective biomes and
the points with the presence of Eucalyptus.

2.2.2 Big data remotely sensed acquisition and processing

To reduce the difference between spatial and time resolutions between the
orbital sensors used in this study, a process was used, described in Figure 2, which
establishes a pattern in the acquisition of data from the coordinates obtained on the
OCO-2 platform. We emphasize that studies similar to ours, using satellites with
different resolutions, have been conducted by other research groups (Falahatkar et al.,
2017; Golkar et al., 2020).

Descriptive
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Area of interest
definition and

0CO-2 data Data gathering:
processing to | Vegetations index

define geographic and weather data
coordinates

Temporal
variability

Data

OCO-2 data Processing

acquisition

Correlation
and
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Figure 2. Flowchart of acquisition, processing and data analysis.
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2.2.3 Platforms for data extraction

The databases with the acquired variables and their respective resolutions are
presented in Tablel. We extracted the Xcoz, SIF 771, SIF 757, EVI, NDVI and other
variables from 2015 to 2018 (timescale with data provided by the OCO-2 when this

study was carried).



Table 1. Databases and spatial-temporal resolution of variables used in this study.
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Variable Data source Resolution - Reference
Temporal Spatial
CRISP et al., (2012)
Xcoz (ppm) 0CO0-2 16 days 27.75 km
Air Temperature at 2m (°C) (NASA/POWER) Daily 111 km
Air moisture (%) (NASA/POWER) Daily 111 km
Precipitation (mm) (NASA/POWER) Daily 111 km
] ] STACKHOUSE et al.,
Wind speed at 2m (m s?) (NASA/POWER) Daily 111 km (2015)
Wind speed at 10m (m s) (NASA/POWER) Daily 111 km
HUETE et al., (1997)
NDVI (0-1) MOD13C2 MODIS-TERRA 16 days 0.5 km
EVI (0-1) MOD13C2 MODIS-TERRA 16 days 0.5 km ROUSE etal., (1973)
MOD16A2.006 V6 MODIS-
ET (mm) TERRA 8 days 0.5 km
SIF 757 nm (Wm-2 srt ym-) 0CO-2 16 days 27.75 km FRANKE(Q(?EEQG etal.,
SIF 771 nm (Wm2 sr1 um-1) 0CO0-2 16 days 27.75 km
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2.2.3.1 Orbiting Carbon Observatory-2 (OCO-2)

The primary product delivered by the Orbiting Carbon Observatory-2 consists
of spatially resolved estimates of the column-averaged dry-air mole fraction. This
quantity, called Xco2z by members of the atmospheric carbon science community,
guantifies the average concentration of carbon dioxide in a column of dry air extending
from Earth's surface to the top of the atmosphere. Estimates of Xco2 derived by taking
the column'’s ratio integrated number densities of carbon dioxide and molecular oxygen
along the optical path between the Sun, the surface footprint, and the instrument, and
then multiplying these results by the column-averaged oxygen concentration (0.20935
microns). These carbon dioxide and oxygen number densities are estimated from high-
resolution spectra of reflected sunlight, collected by the Observatory's instrument at
wavelengths (colors) within the 0.765-micron molecular oxygen A-band and two
carbon dioxide bands centered at wavelengths near 1.61 and 2.06 microns. The
Orbiting Carbon Observatory-2 mission will produce four different levels of data
products for the user community that will provide comprehensive mission data results
(Crisp et al., 2012).

The OCO-2 SIF Lite files contain bias-corrected SIF (solar-induced
fluorescence) and other select fields aggregated as daily files. The OCO-2
spectrometer measures spectra in the O2A-band, with far-red SIF, retrieved at 757 and
771 nm based on the Fraunhofer lines' infilling at 13:36 local time with data
commencing on September 6, 2014 (Frankenberg et al., 2014).

We obtained SIF and Xcoz data from the OCO-2 Lite version (V7r) with 0.25°
Spatial grid resolution from the OCO-2 data archive maintained at NASA
(https://co2.jpl.nasa.gov/#mission=0CO-2). To make SIF data more realistic, we
deleted SIF values lower than 0.1 W m2 srt um, according to Guo et al. (2020). The
trend adjustment of the Xco2 data was made using the regression method (Gujarati
and Porter, 2011).
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2.2.3.2 Data extraction on the AppEEARS platform

This platform provides a simple and efficient way to access and transform
geospatial data from various NASA data files. AppEEARS
(https://lpdaacsvc.cr.usgs.gov/appeears/) allows users to obtain subsets of large
databases using spatial, time parameters. Two types of sample requests are available:
point samples by inserting geographic coordinates and area samples using vector
polygons. Sample requests sent to AppEEARS provide users with not only data values
but also associated quality data values.

To analyze vegetation behavior, the Enhanced Vegetation Index (EVI; Huete
et al., 1997) and NDVI (Normalized Difference Vegetation Index; Rouse et al., 1973).
The MODIS sensor data (Moderate Resolution Imaging Spectroradiometer) Product
MOD13Q1 Version 6 (H13V11) was used., with a spatial resolution of 500 m evaluated
every 16days. Data from the MODIS sensor allows a regular analysis of vegetation at
the global level, thanks to the speed and frequency in which the data is made available
(Huete et al., 2002).

2.2.3.3 Weather data from NASA POWER

The data of precipitation (mm), air temperature (°C), wind speed at 2m (m s™),
wind speed at 10m (m s), and air humidity at 2 m (%) were acquired through the
NASA Power platform (https://power.larc.nasa.gov) (Stackhouse et al., 2015). This
platform consists of a NASA project titled: World Energy Resource Forecast (POWER)
and has been started to improve the current renewable energy data set and create
new datasets from new satellite systems. The POWER project targets three user
communities: (1) Renewable Energy, (2) Sustainable Buildings and (3)
Agroclimatology. It compiles information from various data sources directly and those
derived from gridded data systems. The air temperature and relative humidity are
obtained from the Global Model and Assimilation Office (GEOS-4) system, and
precipitation data are obtained from the Global Precipitation Climate Project.
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2.2.3 Statistical analysis

The data were initially analyzed using descriptive statistics (mean, standard
deviation, minimum, maximum, and standard error). These parameters were used to
classify the temporal and spatial variability of the variables studied. Simultaneously,
the basic assumptions of variance and regression analyses, normality of errors and
homogeneity of variances were tested for all attributes evaluated. The assumptions of
homoscedasticity analysis and normality of the residues were tested by the Shapiro-
Wilk Tests, respectively, both at a 5% probability. Pearson correlation analyses (Eq. 1)
and linear regression (Eq. 2) were performed to understand the variation of Xco2 with
the other variables. Heatmaps were generated with month means and using the
Euclidean distance as the distance method, and this analysis was processed using the
package seaborn of the python language. The regressions were made only to variables

showed Pearson correlation = r -0.50 or 0.50.

_ im0 i-y)

T \/(xi—E)X\/(Yi—X)

where: xiare the observed values of the variable x is the mean of the variable X; yi

(Eqa.1)

is the observed values of the variable y is the mean of the variable y.

. 1-R?)x(n-1

R%adjusted = [1 _ Q7RO )] (Eq.2)
N—-k-1

where: N is the number of points in data sample; K is the number of independent

regressors, that is, the number of variables in the model, excluding the constant.

2.3 Results

The mean values and the temporal variation of Xcoz for the biomes and the
eucalyptus-producing macro-region of Mato Grosso do Sul, Brazil, are shown in Figure
3A and 3B. The means were the same for all study areas (Figure 3A). For the Cerrado

biome, the maximum average (401.13 + 0.38ppm) and minimum (395.66 = 0.37ppm)
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were observed in September 2017 and January 2018. In the Atlantic Forest, it was the
months of March (395.58 + 0.42ppm) and November (401.65 = 0.40ppm). For the
Pantanal, the minimum average was observed in January 2018 (395.12 + 0. 48ppm)
and the highest in July 2016 (401.19 + 0.22ppm). Finally, in the Eucalyptus fields, the
minimum average (395.38 = 0.97ppm) was in May 2015 and the maximum (401.20 +
0.38ppm) in June 2016.

In general, the Cerrado biome presents high Xco2 between the months of May
to October (Figure 3B). Similar behavior was observed for the Pantanal. For the
Atlantic Forest, this period extended from April to October, while for Eucalyptus fields,
a shorter period was observed, that stayed from June to October. Both the biomes and
the eucalyptus macro-region showed the beginning of the fall of Xcoz in October,
extending until February to March. Inverse behavior was observed for SIF (Figure 3 D
and 1F).
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Figure 3. boxplot graph with mean and temporal distribution of Xco2 (A and B), SIF
757 (C and D), and SIF 771 (E and F) for biomes and eucalyptus fields of



57

Mato Grosso do Sul, Brazil. Legend: (— internal) represents the second
quartile or median; (O) the first and third quartiles; (T and _) third and first

quartiles up to the upper and lower limits; (A) values of the means; (¢)

discrepancies (outliers).

The means of SIF 771 (Figure 3E) was higher when compared to SIF757 (Figure
3C). After observing the study areas, the Pantanal biome presented the lowest
averages for both SIF771 (0.94 + 0.02W m2 sr! ym) as for SIF757 (0.56 + 0.01W m-
2 sr ym™). The Atlantic Forest and the Eucalyptus fields presented the highest means
of SIF, being, 1. 07 + 0.03W m2 sr! m? (SIF771) and 0.63 + 0.01 W m? sr! um
(SIF757) for Atlantic forest and 1. 03 = 0. 03W m2 srt ym™ (SIF771), 0. 61 + 0. 02W
m-2 srlum (SIF757) for Eucalyptus fields. In the Cerrado the averages were 1.01 +
0. 06W m2 sr! ym? and 0. 58 + 0. 001 W m2 sr! ym* for SIF771 and SIF757,
respectively.

In the Cerrado biome, the minimum and maximum averages of SIF 757 ranged
from 0.37 £ 0.11W m2 sr! um™1to 0.94 £ 0.22W m2 sr! um for May 2015 and January
2017, respectively (Figure 3D). In the Atlantic Forest, the values of minimum and
maximum average were 0.26 + 0.08W m? sr! ym™ to 1.20 + 0.11W m? sr! ym7?in
April 2017 and December 2015. In the Pantanal, the minimum average (0.21 + 0.03W
m2 srt uym?') and the maximum (1.18 * 0.11W m2 sr! um™) were observed in
May 2015 and December 2016, respectively. In the Eucalyptus fields, the values of
0.20+0.11 W m?Zsrtumtto 1.19 + 0.09W m2 sr! um were recorded for June 2016
and January 2017 Figure 3 (C and D).

For SIF771, the maximum and minimum means were 0.57 + 0.05W m? sr! ym-
1t0 1.71 £ 0.12W m2 srt um? in July and February of 2016 in the Cerrado biome. To
the Atlantic Forest were 0.27 + 0.08 in June 2018 and 1.81 + 0.21W m™? sr! um? in
December 2015. In the Pantanal, the minimum and maximum means were 0.23 +
0.12W m2 sr!l um? e 1.63 + 0.34W m2 sr! um* May of 2015 and December of 2017.
In Eucalyptus fields, these values were 0.39 + 0.07 W m2 sr! um? and 2.24 + 0.72W
m2 srl um for July of 2017 and January of 2015, respectively (Figure 3E and F).

With the Heatmap of Pearson’s correlation matrix, it was observed as the

variables that correlated to Xco2 (Figure 4). For Cerrado, the significant correlations
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(p<0.05) were found of Xco2 with NDVI (-0.8), SIF 771 (-0.75) and EVI (-0.71). In the
Atlantic Forest, the variables that best correlated with XCO2 were WS10M (0.46), EVI
(-0.46), NDVI (-0.45), SIF 757 (-0.42) and SIF 771 (-0.41). In the Pantanal, the
correlations were observed to XCO2 with RH2M (-0.62), WS10M (0,57), EVI (-0.55),
WS2M (0.54), SIF 771 (-0,53) and SIF 757 (-0.46), while Eucalyptus fields, which was
observed with a significant correction with EVI (-0.67), SIF 771 (-0.45), RH2M (-0.53),
WS10M (0.62), WS2M (0.62) and NDVI (-0.66).
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Figure 4. Heatmap with correlation matrix for (A) Cerrado, (B) Atlantic Forest, (C)
Pantanal, and (D) Eucalyptus fields in the state of Mato Grosso do Sul.
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A linear regression analysis was performed to look the dependence between
Xcoz and the other variables. Only SIF771, NDVI and EVI showed significant results in
all areas studied (Figure 5). For SIF 771 the coefficient of determination adjusted
(R?ad).) were R2adj = 0.15; p<0.05, R2adj = 0.27; p<0.05, R2adj. = 0.55; p<0.05 and
R2adj. = 0.07; p<0.05 for Cerrado, Atlantic forest, Pantanal, and Eucalyptus fields,
respectively. For EVI were R2adj = 0.49 for the Cerrado, R2adj. = 0.20 for Atlantic forest,
R2adj = 0.29 for Pantanal and R2adj =0.44 for Eucalyptus fields. Finally, for NDVI the
values of R2adj were R2adj = 0.63, R?adj. = 0.18, R?ad] =0.26 e R2adj. = 0.46, for
Cerrado, Atlantic Forest, Pantanal, and Eucalyptus fields, respectively.
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Figure 5. Linear regression between Xcoz and SIF771 (A), EVI (B) and NDVI (C).

Among the SIF, the SIF771 was the one that best explained the variation of
Xcoz. For this reason, regression analysis between SIF771 (Figure 5A) with the other
variables was performed (Figure 6). According to, we observed that total
evapotranspiration was the only variable that explained the variability of SIF in all
biomes and eucalyptus fields (Figure 6A). The coefficient of determination was R2ad]
= 0.44, R2ad] =0.20, R2adj = 0.30 and R?adj = 0.32, for Cerrado, Atlantic Forest,
Pantanal and Eucalyptus, respectively. For NDVI was R2adj =0.42 in the Cerrado,
R2adj =0.22 for Pantanal and R2adj = 0.17 for the Eucalyptus fields. For the EVI, in the
Cerrado biome, the value was R2adj = 0.66, while for the Pantanal and e Eucalyptus

fields were R2adj = 0.62 and R2adj = 0.33, respectively. With air temperature, significant
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linear regression was only observed for Pantanal (R2adj =0.27), Atlantic forest (R2ad|
=0.26) and Eucalyptus fields (R2dj = 0.44).
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2.4 Discussion

2.4.1 Temporal variability for Xco2

The dynamics of CO:z in the atmosphere present variations, which in the
literature is reported as the Keeling curve (Keeling, 1958; Uprety and Cao, 2016; Pili
and Violanda, 2020). This curve demonstrates the periods of respiration and
absorption of CO2. When the curve is down, photosynthesis is the dominant agent, the
contrary means that the breathing of the ecosystem is more significant than
photosynthesis.

In this sense, ecosystems play a key role in global carbon cycling and the earth's
climate because they absorb and release CO:2 through photosynthesis and respiration,
respectively (Schimel et al., 2015). Terrestrial ecosystems have absorbed about 25 to
30% of anthropogenic CO2 emissions in the last five decades before 2010 (Le Quéré
et al., 2009). Much of this absorption occurs through carbon accumulation via
photosynthesis by forest biomass (Richard et al., 2011) and soils (de Aradjo Santos et
al., 2019; Xavier et al., 2019).

Several studies have pointed out the sensitivity of Xco2 to vegetation dynamics
and the change in photosynthetic rates (Mousavi et al., 2017; Morais Filho, 2018;
Chhabra and Gohel, 2019; Golkar et al., 2020). Morais Filho (2018), evaluating the
temporal variability of Xco2 under different agroecosystems in Brazil, it observed
negative relationships between Xco2 with NDVI and SIF in areas of soybean and
sugarcane production. Their results demonstrate the sensitivity of the temporal
variability of Xcoz regarding the type of cover since, in areas of agricultural production,
this change occurs frequently.

Chhabra and Gohel (2019) also observed a robust negative correction between
Xcoz2 and NDVI on different soil cover types. Thus, his study, just like ours, illustrates
the significant role of vegetation and different soil cover types in controlling
atmospheric concentrations of Xcoz. These authors also highlight the supporting role

of rainfall in this dynamic since water is one of the main fuels for photosynthesis.
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This relationship between the variation in atmospheric CO2 concentration with
rainfall regimes is reported by Wang et al. (2016). According to these authors, the
sensitivity of vegetation cover to precipitation can directly affect the variability of
atmospheric CO2. This sensitivity can be observed in our study by analyzing the
periods of increase in CO2 concentration, wherein the region with eucalyptus production
happened in a shorter period of 5 months. Another fact that deserves to be highlighted
is the beginning of the decrease in Xcoz, which was in October for the entire
independent state of the biome.

Eucalyptus cultivation is highly technical, with adequate soil management
issues (Rocha et al.,, 2019). Besides, eucalyptus can fetch water at great
depths(Dawson and Pate, 1996; Le Maitre et al., 2002) allows its high growth rates
and, consequently, high atmospheric carbon absorption. Some studies report the
impact of eucalyptus cultivation on carbon accumulation, whether in planted forests
(Yu et al., 2020) or integrated systems (Santos et al., 2020). According to Whitehead
and Beadle (2004), many eucalyptus species under a wide range of conditions to which
they are subjected may present the potential for high carbon absorption rates.

For Cerrado and Pantanal, Rossi and Santos (2020) observed similar values
regarding crude primary productivity (GPP) in these two biomes, indicating similarity in
carbon cycling. Despite presenting different behaviors regarding the hydrological cycle,
these two biomes are composed of large areas of native pastures, which give it some
similarity in carbon absorption. Rossi and Santos (2020) observed an increase in GPP
rates in these biomes from October. These findings corroborate with our findings that
indicate the decrease in Xcoz in the same month. It is worth noting that GPP and Xcoz
present inverse behaviors since GPP represents the absorption of CO2 by biomes. In
Pantanal, the results from Vourlitis et al. (2015) indicates that seasonally flooded
forests of the Pantanal are potentially large sinks for CO2 but strong sources for CHa,
especially during the flood pulse when anaerobic soil conditions concomitantly

enhance CH4 production and limit CO2 production.

2.4.2 Temporal variability of SIF

The use of solar-induced chlorophyll fluorescence to understand the

dynamics of terrestrial carbon via remote sensing is state of the art in this field of
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science (Xiao et al., 2019). This is because of the useful information on photosynthetic
activities that the SIF is offered (Mohammed et al., 2019). Within this scenario,
researchers have been joining forces to understand carbon dynamics in ecosystems
using SIF(Merrick et al., 2019; Gao et al., 2020).

The seasonal variability of SIF with NDVI and EVI provides information on
vegetation green, linked to the light interception canopy (Chhabra and Gohel, 2020).
EVIis a reflectance-based vegetation index widely used to indicate relative vegetables
and infer photosynthetic function (Huete et al., 2002). In summary, the vegetation
indices provide a more static view of vegetation activity when compared to SIF derived
from remote sensing since its sensitivity to environmental factors is as much as that of
the reflectance of the top of the canopy.

Several studies have reported positive linear correlations of SIF with EVI and
NDVI (Li et al., 2018; Wei et al., 2019; Qiu et al., 2020), corroborating our results.
Chhabra e Gohel (2020) founded Pearson correlation coefficients between SIF757
derived from OCO-2 and NDVI and EVI derived from MODIS of 0.63 and 0.72. Using
GOSAT SIF data. Frankenberg et al. (2011) reported plant fluorescence patterns
observed by GOSAT with GPP derived from MODIS and Normalized SIF with
vegetation indices such as NDVI, EVI and LAI. Therefore, it is observed that data from
the MODIS sensor, already widely used in the literature (de Oliveira Souza et al., 2018;
Rossi and Santos, 2020), are essential tools for understanding the dynamics of SIF.

In this study, SIF showed a correlation with evapotranspiration and air
temperature, and evapotranspiration was the only variable that presented a strong
relationship under all the studied environments. According to Maes et al. (2020), SIF
is closely linked to the transpiration of the ecosystem; they came to this fact because
they observed that the relationship between SIF and photosynthesis (GPP) is mainly
controlled by the biochemical properties of the leaf and plant structure and the SIF-T
ratio (transpiration) seems determined mainly by air temperature and intrinsic
efficiency of water use.

Gonsamo et al. (2019), evaluating the sensitivity of SIF to soil moisture, they
also observed a positive relationship between SIF and air temperature. According to
these authors, the day's temperature and duration are the main limiting factors of plant

growth during the beginning and end of the growing season in some latitudes. Besides,
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for arid and cultivated lands, the impact of temperature on photosynthetic activities is
manifested through soil moisture and steam pressure deficit, showing that air
temperature can also have adverse effects on photosynthesis. A positive correlation
between SIF and air temperature for Atlantic Forest was also observed. In this same
study, the authors also did not observe this relationship for the Pantanal biome.
According to Delgado et al. (2018) the Atlantic Forest regions have relevant capacity
of atmospheric carbon absorption. These authors also observed the highest values of
GPP in the rainy season, corroborating with our results related to SIF on the Atlantic

Forest.
2.5 Conclusions

In the State of Mato Grosso do Sul, in general, the periods of high CO:2
concentration are between April and June. Pantanal, Atlantic Forest, and Eucalyptus
fields show the beginning of Xco2 in October, extending until February/March. The
Eucalyptus fields have a shorter period (5 months) of high for Xcoz2on an annual scale.
Inverse behavior is observed for SIF to temporal variation. The Eucalyptus fields have
a photosynthetic activity like that of the Atlantic Forest.

Likely the factors that govern the temporal variability of Xco2, SIF771, together
with NDVI and EVI, were the variables that best represented a dependence in this
process and all variables that govern the temporal variability of Xcoz have an inverse
relationship. These observations were observed in Cerrado, Pantanal, Atlantic Forest,
and the eucalyptus fields. Thus, we could observe that this region's photosynthetic
activity plays a fundamental role in the absorption of atmospheric carbon.

The only control factor that governs the temporal variability of SIF for all study
areas is evapotranspiration. However, NDVI, EVI and air temperature are also
correlated with SIF, but not in all biomes. All these variables have positive relationships
with SIF. Therefore, it is evident that vegetation behavior's comparability about its
sensitivity to biotic and abiotic factors present in each ecosystem. Understanding such
relationships is essential in the search for carbon sinks. In this sense, we emphasize
that the carbon sinks created by forests and ecosystems depend on the balance

between capturing C (via photosynthesis) and loss through breathing. This balance will
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vary according to the intrinsic environmental factors' relative effect in each of these
processes (photosynthesis and respiration).

Finally, we reinforce that climate change and changes induced by the
disturbance of ecosystems can affect photosynthesis and respiration processes
differently and, therefore, resulting in the change in the balance of carbon exchange in
ecosystems. An unwanted reduction in carbon capture intensity by ecosystems and
forests will bring positive feedback in the carbon cycle, which results in the increased
greenhouse effect and worsening climate change.
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CHAPTER 3 — Space-time variability of Xcoz and SIF from OCO-2: A case study

in the Mato Grosso State, Brazil

ABSTRACT - The use of geostatistics in the analysis of space-time processes
is widely used in several knowledge areas. In recent years it has been applied to detect
space-time variability of atmospheric CO2 concentration in some parts of the world.
Thus, the objective with this study was to detect the seasonal spatial variability of Xco2
and SIF using Ordinary Kriging to Mato Grosso State, Brazil. The study comprises the
period from January 2015 to December 2018. Remote sensing data (Xcoz and SIF)
were collected on the OCO-2 platform. The dataset was separated into the dry and wet
season, and then submitted to descriptive statistical analysis and ordinary kriging's
spatial variability. The mean for Xco2 in the wet season ranged from 393.96 + 0.10 to
394.14 £ 0.10 ppm between 2015 and 2018, and no variation in the means of Xco2was
observed between these years for the dry period. In the wet season, the SIF was higher
about the dry period. A significant, more substantial negative relation (r=-0.84 p <0.01)
was observed between Xco2 and SIF. Higher Xco2 and SIF values were observed in
the state's northern region, under the Amazon biome. Therefore, we conclude that in
Mato Grosso, Brazil, the seasonal variability of Xcoz is positively related to Solar-
Induced chlorophyll Fluorescence (SIF). This indicates that under these regional
conditions, photosynthesis plays an essential role in this process. High values of SIF
and Xcoz under the Amazon may be indicating an imbalance. This means that the
rainforest may be releasing all the carbon it absorbs into the atmosphere.
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3.1 Introduction

The use of geostatistics in the analysis of the processes that evolve in space
and time is widely used in various areas of knowledge, such as medicine (Kleinschmidt
et al., 2000; Langkulsen et al., 2020), environmental sciences (Garcia-santos et al.,
2020; Wu et al., 2021), climatology (Haylock et al., 2008; Alvares et al., 2014),
hydrology (Rivas-tabares et al., 2020), agricultural sciences (Kazama et al. , 2020;
Morlin et al., 2020), soil science (La Scala Jr et al.,, 2000; Panosso et al., 2009;
Tercariol et al., 2016), social sciences (Luukkainen et al., 2020) and transport (Kumar
et al., 2020).

With the advance of remote sensing techniques in the detection of greenhouse
gas concentration (Yokota et al., 2009; Eldering et al., 2017; Schwandner et al., 2017),
studies using kriging techniques are essential in the mapping of CO2 and CHa
(Falahatkar et al., 2017; Liu et al., 2018; Mousavi and Falahatkar, 2020). Liu et al.
(2018) observed that the concentration of Xcoz is higher in winter and spring, and the
concentration of XcHa changed significantly with latitude in East Asia.

In Brazil, Kriging techniques are used in several areas of knowledge, especially
agricultural sciences (Moitinho et al., 2015; Tercariol et al., 2016) and climate (Alvares
et al., 2014). This method's application for mapping the atmospheric concentration of
CO2 and fluorescence of sun-induced chlorophyll is summarized in a few studies (He
et al., 2020).

The presence of the sun-induced chlorophyll fluorescence (SIF) is significant
In studies involving the variability of Xcoz2 (Meneses, 2018; Morais Filho, 2018) since
SIF carries useful information on photosynthetic activities. Thus, the understanding of
carbon dynamics in ecosystems has been explored in recent years (Gao et al., 2020;
Merrick et al., 2019; Mohammed et al., 2019).

Recent studies have shown the sensitivity of SIF to periods of drought (Castro
et al., 2020; Lee et al.,, 2013) and that this can affect the dynamics of CO:2 in the
atmosphere (Morais Filho, 2018). Therefore, this study was developed for Mato
Grosso, Brazil, due to its large territorial extension, which covers three national biomes
(Pantanal, Amazonia and Cerrado), which gives it special attention due to agricultural

expansion on these biomes. Knowing that ecosystems (biomes) play a fundamental
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role in carbon cycling, the objective with this study was to detect the seasonal spatial
variability of Xcoz and SIF for the state of Mato Grosso, Brazil, through Ordinary Kriging

using OCO-2 data to find potential carbon sources and sinks.

3.2 Material and Methods

3.2.1 Study area

The study was developed for the state of Mato Grosso (9°09'S — 61°19' W and
17°49' S — 53°19'W) located in the Midwest region of Brazil. The area occupies
92,547,100 ha, bordering the northern states of Para and Amazonas, to the south with
the state of Mato Grosso do Sul, to the east and west with the states of Goias,
Tocantins and with the states of Rondonia and Bolivia. The climate is classified as
tropical with concentrated rains in the summer period. The classification is Aw,
according to the classification of Kbppen and Geiger. The mean air temperature is 26.5
°C, and the annual precipitation is 2000 mm year* and may vary between the regions
of the state. The state is divided into three domains: the Amazonia, Cerrado and
Pantanal (Figure 1). The values of accumulated precipitation and average air

temperature for the study are presented in Figure 2.
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Figure 2. Temporal variation of accumulated precipitation (bars) and average air
temperature (lines) for the state of Mato Grosso, Brazil-based on data

extracted from the NASA/POWER platform (Stackhouse et al., 2015).

3.2.2 Data acquisition
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Data were obtained from January 2015 to December 2018 and after stratified in
the dry and rainy season. The dry season corresponds to April to September and the
rainy season from October to March. The database used to perform all the analyses
present in this article can be accessed at
https://github.com/gustavoanndre/OK_MT_XCO2_SIF. Those were treated following

the flowchart presented in Figure 3.

« Delimitation of the study area and data
acquisition on the OCO-2 platform.

* Treatment of OCO-2 data (Xco, and SIF).

« Data processing and statistical analysis.

 Results

Figure 3. Flowchart of the data acquisition and processing.

3.2.2.1 Orbiting carbon observatory-2 (OCO-2)

The primary product delivered by the Orbiting Carbon Observatory-2 consists
of spatially resolved estimates of the column-averaged dry-air mole fraction. This
quantity, called Xco2 by members of the atmospheric carbon science community,
quantifies the average concentration of carbon dioxide in a column of dry air extending
from Earth’s surface to the top of the atmosphere. Estimates of Xco2 derived by taking
the ratio of the column integrated number densities of carbon dioxide and molecular
oxygen along the optical path between the Sun, the surface footprint, and the
instrument, and then multiplying these results by the column-averaged oxygen
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concentration (0.20935). These carbon dioxide and oxygen number densities are
estimated from high-resolution spectra of reflected sunlight, collected by the
Observatory’s instrument at wavelengths (colors) within the 0.765-micron molecular
oxygen A-band and two carbon dioxide bands centered at wavelengths near 1.61 and
2.06 microns. The Orbiting Carbon Observatory-2 mission will produce four different
levels of data products for the user community that will provide comprehensive mission
data results. (CRISP et al., 2012).

The OCO-2 SIF Lite files contain bias-corrected SIF (solar-induced
fluorescence) and other select fields aggregated as daily files. The OCO-2
spectrometer measures spectra in the O2A-band, with far-red SIF, retrieved at 757 and
771 nm based on the infilling of the Fraunhofer lines at 13:36 local time with data
commencing on September 6, 2014 (Frankenberg et al., 2014).

We obtained SIF and Xcoz data from the OCO-2 Lite version (V7r) with 0.25°
Spatial grid resolution from the OCO-2 data archive maintained at NASA
(https://co2.jpl.nasa.gov/#mission=0CO-2). To make SIF771 data more realistic, we
deleted SIF values lower than 0.1 W m2 sr! um, according to Guo et al. (2020). The
trend adjustment of the Xco2 data was made using the regression method (Gujarati
and Porter, 2011).

3.2.3 Statistical analysis and temporal variation of data

Data used to consist of quarterly averages for each geographic coordinate
evaluated in the study area. The descriptive statistics (mean, standard error of the
mean, minimum, maximum, and Kurtosis) was used to classify the variability of the
variables. Simultaneously, the basic assumptions of the analysis of variance and
normality of errors and homogeneity of variances were tested for all variables
evaluated. Pearson correlation analysis (Eq. 1) was performed to understand the

variation of Xco2 with the SIF.

_ Zio im0 yi-y)

\/(xi_E)X\/(Yi—X)

(Eq.1)
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where: x; are the observed values of the variable x is the mean of the variable x; yiis
the observed values of the variable y is the mean of the variable y.

The code wused to perform this analysis can be accessed at
https://github.com/gustavoanndre/OK_MT_XCO2_SIF/blob/master/pearsoncorrelatio

n.

3.2.4 Spatial variability (ordinary kriging)

In this study, spherical, exponential and gaussian models were tested. The
choice of the model and parameters adjusted to the experimental variogram was based
on the residual sum of squares (RSS) and largest coefficient of determination (R?)
obtained during the adjustment of the theoretical model to the experimental variogram.

The spatial variability of the attributes evaluated was determined by calculating
and modeling the experimental variogram, based on the theory of regionalized
variables and the principles of an intrinsic hypothesis (ISAAKS and SRIVASTAVA,
1989). The variogram describes the spatial continuity of the variables as a function of

the distances between two locations, is estimated by:

() = g3 X Tty l2(x) — 2(x; + h)P? (Eq.02)

in which y (h) is the experimental semivariance for a separation distance h, z(xi) is the
property value at the point I, and N(h) is the number of pairs of points separated by
distance h. During the modeling of the experimental variogram, the coefficients of the
model are estimated: nugget effect (CO0), level (CO+C1), and range (a).

The Ordinary kriging (OK) estimation at the unsampled point x, is given by
Equation (3):

2(x0) =XM1 A Z (x) (Eq.03)

where Z(x,)is the OK estimation at the unsampled point x,, Z(x;) is the neighboring

value at the location x;, with i= 1, 2, ..., n, and A; is the weight of observations
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associated with the neighbouring values, which are estimated based on the adjusted
variogram.

The construction of spatial pattern maps interpolated by OK was performed
using GS* 9.0 (Gamma Design Software, LLC, Plainwell, Ml, USA)

3.3 Results

3.3.1 Temporal variation

The descriptive statistic for Xcozand SIF is presented in Table S1 (Appendices).
The average for Xco2 in the rainy season ranged from 393.96+0.10 ppm to
394.14+0.10ppm between 2015 and 2018 (Figure 4a). No considerable variation was
observed in the means of Xco2 between these years for the dry period. In general, the
variation of Xcoz between years was around 1 ppm. The median was close to the
average for all observed periods. The kurtosis values for Xcoz ranged from -0. 29 to
1.84.
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Figure 4. Temporal variation for Xcoz2 ppm and SIF to wet (a) and dry (b) period of Mato
Grosso State, Brazil.

The wet season presented higher values in the dry period (Figure 4). The
averages between 2015 and 2018 for SIF in the rainy season were 0.71 + 0.01 m™
srl umtand 0.77 + m2 sr! pm?. On the other hand, in the dry period were 0.47 +
0.01 m?sr!um?tand 0.50 +# 0.01 m?2sr!pum?. Like Xcoz2 the median presented
values close to the average for SIF. The kurtosis values were like those of Xco2, ranging
from -0.60 to 1.79 (Table 1).
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The Pearson correlation analysis was performed (Figure 5) to Xcoz2 with SIF
demonstrated the sensibility of Xco2 to photosynthetic activity through chlorophyll
fluorescence. A significant negative relationship was observed (p <0.01) SIF with a

correlation coefficient of the r=-0.84.
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Figure 5. Pearson correlation to Xco2 with SIF considering the averages of the dry
and rainy periods of each year studied (N=8).

3.3.2 Spatial variability

Regarding the parameters of the semivariograms (Table 2), the spherical model
was the one that best adjusted for most of the variables studied. The exponential model
adjusted better in both 2017 and the rainy season in 2018 for Xcoz2.

The estimated ranges from the models adjusted to the semivariograms for Xco2
in the dry period ranged from 0.783° to 1.483° for 2015 and 2017, respectively, while
in the rainy season, this variation was from 0.738° to 1,111° observed in the same
years of the dry periods. For the SIF, the years 2015 and 2018 presented the lowest
(0.56°) and the highest (1.328°) and range value in the dry period, respectively. In the
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rainy season, higher (0.926°) and lower (0.623°) reach value was for the years 2017
and 2018.

Table 2. Models, parameters of the estimated semivariograms, degree of spatial
variability, coefficient of determination, and the sum of squares of residues
for Xcoz, SIF757 e SIF 771, in the state of Mato Grosso, Brazil.

Target Model Patamar Alcance SDD?

CO CO0+Cl A CO/[CO0+C1] R2 RSS2
wet Xcoz Spherical 1.67 0.58 0.73 0.58 0.68 3.24

2015 SIF Spher!cal 0.05 0.42 0.74 0.42 0.72 1.45E%
dry Xcoz Spher!cal 0.86 0.55 0.78 0.55 0.62 0.18

SIF Spherical  0.01 0.38 0.56 0.38 0.26 2.87E%
wet Xco2 Spher@cal 1.34 0.60 0.75 0.60 0.83 0.61

2016 SIF Spher!cal 0.05 0.30 0.79 0.30 0.55 1.98E%4
dry Xco2 Spher!cal 0.96 0.50 0.94 0.50 0.53 0.24

SIF Spherical 0.02 0.44 0.80 0.44 0.5 1.47E%
wet Xcoz Expone_ntial 0.39 0.90 1.11 0.90 0.8 0.67

2017 SIF Spherlcgl 0.05 0.38 0.92 0.38 0.71 1.66E94
dry Xcoz Expone_ntlal 0.69 0.63 1.48 0.63 0.66 0.22

SIF Spherical 0.03 0.24 1.03 0.24 0.43 4.55E05
wet Xcoz Expongntial 0.88 0.75 0.77 0.75 0.54 2.03

2018 SIF Spher!cal 0.06 0.31 0.62 0.31 0.48 1.11E%4
dry Xco2 Spherical 0.99 0.48 1.14 0.48 0.48 0.33

SIF Spherical 0.03 0.23 1.32 0.23 0.27 151E%

Where: (1) degree of spatial dependence (strong with % < 25%, moderate with 25 to
75%, and weak >75%); (2) Sum of squares of waste.

The degree of spatial dependence (DSD) for Xcoz was higher concentrated in
the dry period for the years 2016 (0.83) and 2017 (0.80). For the other periods, the
DSD of Xco2 presented median values. In general, the SIF presented values of degree
of spatial dependence between 0.25 and 0.75.

Considering that the variables did not present high kurtosis values, the
distribution of data considered close to normal, and the geostatistical analysis was
performed. When analyzing the spatial distribution of Xcoz (Figure 6a) and SIF (Figure
6b), we observed that the variables presented uneven dynamics. The periods did not
present a predictable variation concerning the dynamics of hot spots and cold spots
between dry and rainy months. The variations between subsequent years also did not
demonstrate a defined pattern, varying independently for each year analyzed.

However, for the spatial variability of hot spots and cold spots of Xcoz, it was

observed that the southern region (Pantanal) of the state presented lower
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concentrations in most periods, and the north (Amazon) and center (Cerrado) of the
state presented higher concentrations during most of the years analyzed.

The values of SIF indicated a standardization over the years, evidenced by
the decrease in the color amplitude present in the maps, where the yellow and orange
shades (higher values) increased in the area over the years, and the shades of green
(higher values) decreased. The SIF showed intensely the yellow and orange shades
that were predominant at the end of the last year. However, there was a significant
presence of readings that turned green on the maps. The highest values of SIF were
concentrated in the northern region of Mato Grosso, while the lower value readings
were concentrated in the southeast region of the state map. This dynamic tended to
homogenize over the years, decreasing the variety of readings between the north and
south regions of the state.

PEaiadaddd il ~ PR il i | ~ PR e -~ P e e ~
4 S 4 N ’ \ ’ N
’ N \ ! v/ \
[} v ., \ 1 ! \
I 1 A o [ ! N SiF !
) (1) L (20151 wey) [ ! (2017 1 wet) !
! i s ‘T b /" Y sae '
| N o o [ | L pe i !
| (4] § ‘ [ | R !
) 1 ). e ) [ (! ] Ly |
1 1 { A | [ i " !
1 ] 3 - y [ " " Ry |
1 1 \ ’ [ " o . |
¢ =

| K] BN S [ ! 4 !
I B " )| 1 | ; . (! O |
) ) 61 60 59 58 57 % 55 54 53 2 M ] ® 61 00 55 58 57 66 55 54 53 52 51 il " 41 60 99 58 57 56 35 54 83 32 5 1
) 11 0.18 [ DO 125 Wm2sTpmT! : 390.5 [N MR 390 rem |1 0.18 [ PO 25 Wm2shum™
| W N 1 1 A !
| (- (zm?rd-y) ! : ’ N (Zﬂxﬁ?firy) :' : o (zoslrdm !
| i [ el ! S — ‘x 201t i Q,T__’g\f\i " 1
i . / AL T T T« (TP ; !
\ T . 1 1, wi. L) o A . !
' oA » | [ 7 o e / % 4 1
X : : T 4 . .}/ : Lo |: s { % B :
1 S ﬁ \e 1 . y

| 1 | o ¥ 1 - 1 » s |
[ \ TR e v 1 Sy !
' o1 40 39 30 57 56 55 54 B 2 51 T o1 50 59 58 57 55 53 54 23 @ I P 0 o e e 1
1 390.5 I 200 pom | 1ot SRNRNN—. 25 W2l L o0 I N 350 pom 1] o6 N O 125 Wm-2sr-1um-1 |
[ XC02 . f SIF 1 ¢ !

1 L ] 1 s \ XCo2 1 i SIF 1
Lo (2016 we) U (2016 / wet) N L (20181 wot) i & A T |

Ly . % . 1 - 1 2 -
[_— 4 { LA - Yoy 1! e !
Ri= hi 5 { [ b ‘ { !
A 2 .

I~ ’ ) L ) A by ' %\ |
' AR . ] / ] [ s 4 % l
1| e ’ ) y by T . ’ !
L 1 e : ' (L s o > :
1 '| e | !

[N " 1 1 I - . 1
1| fi = ! h i, | |
1 51 40 59 58 57 %6 56 54 53 52 51 55 54 & 52 51 1 " 61 w0 50 057 56 55 54 81 52 1 1 4
[EE T 399 1 125Wm=2s1pm=1 | 1 7 5% 85 54 53 82 & 1
s oo o] (- MESTIEMT 1 3005 NN N G99 || B 25 Wm2sTumet

XC02 SiF ! / !
)| 2 1] [ . \ xco2 n SIF !
| J-‘ﬂ_ (@016 dry) i @016 1dry) [ . s (2018 / dry) 1 (2018 dry) !
| 10 . b 3 & o ':-.T‘, 1 ¢ Y 1 \ o B 2 T . ! S— |
I 1 . q N . ! s - - 1! i !
| 8 ‘ ar . h."“ e | " ! : : L ‘ !
\ - 2 1 ~ 1 1 £ /| |

y & ! 1 | ‘ b

B2 2 - " y ! 1 1
R ) " X B [ s y I
% : o i ’ > | | II 5 & - 7 |
: f % i ‘l’/. ! [ | & 4 |
' ‘ i N ! o L 5 |
61 60 50 58 67 46 58 54 53 82 1 b 57 55 55 54 83 2 5 - L | I .St (. i

350 5 . 390 SRR 25V !

N L BRI, \ors MRS NN 25 W25/
~ -7 \ ’
______________ N N e

|




91

Figure 6. Spatial distribution of Xcoz (a) and SIF (b) in the state of Mato Grosso, Brazil
considering the seasons.

3.4 Discussion

The response of Xcoz and SIF to the dynamics of the rainfall regime was already
expected since, in studies of temporal variability, this response has already been
reported (MENESES, 2018; MORAIS FILHO, 2018). In our study, the correlation
between Xcoz and SIF was considered high according to Mukaka, (2012). This
demonstrates the relationship between Xcoz variation and photosynthetic activity. The
seasonal carbon balance in southern Amazonia, Parazoo et al. (2013) observed that
SIF is inversely correlated with Xcoz in southern Amazonia (r = -0.53), indicating,
according to the authors, that the increase in Xcoz variability is driven by changes
effects on gross primary productivity by vegetation.

The fluorescence of sun-induced chlorophyll (SIF) carries useful information on
photosynthetic activities. For this reason, SIF has been explored in the understanding
of carbon dynamics in ecosystems in recent years (Gao et al., 2020; Merrick et al.,
2019; Mohammed et al., 2019). When investigating the seasonal fluorescence patterns
of high-resolution of SIF to assess the extreme vulnerability to drought in the
Amazonian ecoregions, observed the variability of SIF in the Amazonian ecoregions.
These same authors found responses to SIF to drought on an ecoregional scale, which
indicates that there are different levels of drought resilience in the Amazon ecosystem
than currently. Analyzing three years of SIF data for vegetation classes within and
among the six Brazilian biomes showed that SIF satellite measurements can
distinguish important functions and phenological differences in vegetation classes and,
therefore, can improve our understanding of productivity seasonality in the tropics.

Regarding this seasonality, in the state of Mato Grosso, Rossi and Santos
(2020) observed that the variation of carbon assimilation (gross primary production) by
biomes in the state of Mato Grosso is governed by rain. Lee et al. (2013) and Castro
et al. (2020) also observed falls in photosynthetic activity during the dry season are
lower than during the rainy season. According to Lee et al. (2013), plants can maintain
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their chlorophyll content during the dry season but photosynthesize less due to
stomatic closure (except early in the morning, when soil water potentials had time to
recover).

Given the sensitivity of SIF to the canopy and rain dynamics, the highest values
of kurtosis compared to Xcoz are justified. The kurtosis index reflects the extent to
which the density of observations differs from the probability density of the normal
curve (Kots and Johnson, 1982). According to the values of asymmetry and shortness
between -2 and +2 are considered acceptable to prove the normal univariate
distribution (George & Mallery, 2010). Although the short for SIF values were higher
than Xcoz, the values of kurtosis were close to 0 and below -2/2, demonstrate the
normality of data. Liu et al. (2011) observed the same results.

The spherical, exponential, and Gaussian models are the ones that explain most
spatial phenomena, according to Yakamoto and Landim (2013). In our study, the
spheric and exponential models were best adjusted, especially the spheric models that
explained for all variables.

Less erratic phenomena without significant variations are best described by
spherical and Gaussian models (Isaaks and Srivatava 1989). According to Webster
and Oliver (2007), the spherical model seems the most obvious to describe the
variation in three-dimensional bodies; however, the spherical function is one of the
most used geostatistics models to two and three dimensions. As for the exponential
model, Isaacks and Srivatava (1989) claim that, just as the spherical is linear at very
short distances near the origin, however, it rises more abruptly and then flattens more
gradually.

For the mapping of Xco2, the application of spherical models was also made by
Liu et al. (2011); Zeng et al. (2012); Falahatkar et al. (2017). The spatial distribution
of the Xchsa also presented spherical models in a study based on Mousavi and
Falahatkar (2020). CO2 emissions in agricultural soils is a carbon source for the
atmosphere (Santos et al., 2019; Xavier et al., 2019). Within this perspective, studies
have been pointing out spherical and exponential models such as those that best map
the emission of CO2. For SIF, although there are studies using kriging in its spatial
interpolation (Tadic etal., 2015; Tadi¢ et al., 2017), the discussion of model adjustment

is not yet well infused.
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In addition to the adjustment of models, in geostatistics, the range (a) is an
essential parameter in the study of the semivariogram because it represents the
distance in which there is no spatial correlation between the points of the same variable
(Panosso et al., 2009).

Another critical parameter for geostatistics is the degree of spatial dependence
(DSD) according to the classification made by Cambardella et al. (1994). The DSD for
Xco2 was considered weak in the dry period for the years 2016 and 2017. For the other
periods, the DSD of Xcoz was considered moderate. The only variables that presented
strong DSD were the SIF in the dry period of 2018. In other periods, the SIF presented
a degree of moderate spatial dependence. Falahatkar et al. (2017), in a study
conducted for Iran with GOSAT data, found a degree of spatial dependence from 0.15
to 0.25 for Xcoz, considered strong. Liu et al. (2012) found a moderate degree of spatial
dependence for Xco2, corroborating our results.

According to Parazoo et al. (2013), the strong gradients in the annual exclusion,
duration of the dry season and type of vegetation caused a great deal of spatial
heterogeneity in the Amazon carbon cycle. Because of this spatial and temporal
variability, as a carbon exchange link on normal scales and continents, we should only
improve our understanding of the role of the Amazon in the global carbon cycle with
data acquisition on a broad temporal scale. In the study to Mato Grosso with the
objective to measure patterns of aboveground wood C stocks (Cw) and rates of wood
C storage (ACw) over a 7Y¢ period for Cerrado forests and woodlands of southern
Mato Grosso, Brazil, arrayed across hydrological and soil fertility gradients, the
Vourlitis et al. (2019) looked the Rates of wood C storage increased as nutrient
availability increased, and C storage declined during drought years for both seasonally

flooded and non-flooded forests and woodlands.

3.5 Conclusions

Our findings indicate that in the state of Mato Grosso, the seasonal variation of
Xcozis highly related to Solar-Induced chlorophyll Fluorescence (SIF). This shows that
photosynthesis is the most important key when looking for carbon uptake. The SIF is

responsive to the dry and rainy season, being the lowest values always observed in
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the dry season, thus being an essential variable in studies aimed at seeing the effects
of extreme droughts in Amazon, Cerrado, and Pantanal ecosystems. The difference of

Xcoz2 between the dry and rainy season for the state of Mato Grosso, Brazil, isup to 1

ppm.
The spatial distribution of Xco2 demonstrates that the southern region (Pantanal)

of the state presents lower concentrations in most periods, and the north (Amazon)
and center (Cerrado) of the state shows the higher concentrations during most of the

years studied.
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CHAPTER 4 - Hot spots and anomalies of CO2z over eastern Amazonia, Brazil

ABSTRACT - The easternmost part of the Amazonia, located in Maranh&o in
Brazil, has suffered major deforestation over the last years, which led to the
devastation of almost 80% of the original vegetation. Here we aim to characterize the
hot spots, hot moments, anomalies of column-averaged carbon dioxide in the
atmosphere (Xcoz, ppm) and their interactions with climate and vegetation indices in
eastern Amazonia using the Orbiting Carbon Observatory-2 (OCO-2) data from Nasa.
The study was carried out for Amazonia Oriental present in the state of Maranhé&o,
northeast Brazil. The variables Xco2, Solar-induced chlorophyll fluorescence at 757 nm
and 771 nm (SIF 757 and SIF 771, respectively) were extracted from OCO-2. The
NDVI data from MODIS and climate variables as of NASA POWER platform was used
to explain Xcoz variability. The study comprised the period from January 2015 to
December 2018. Data were submitted to regression, correlation, and temporal
analysis, identifying hot/cold moments and spatial hot/cold spots. In addition,
anomalies were calculated to identify CO2 potential sources and sinks. Temporal
changes indicate atmospheric Xcoz in the range from 362.2 to 403.4 ppm. Higher Xco2
values (hot moments) were concentrated from May to September, with some peaks in
December. The lower values (cold moments) were concentrated in November to April.
The SIF 771 W m?2 sr! um™ explained temporal changes of Xco2 in 58% (R?Adj. =
0.58; p < 0.001) and the precipitation into 27% (R?Adj. = 0.27; p < =0.001). The spatial
hot spots with 90% confidence were more representative in 2016. The Xcoz2 anomaly
(ppm) maximum and minimum were 6.19 ppm (source) and - 6.29 ppm (sink),
respectively. We conclude that the hot moments of Xco2 to the Eastern Amazon forest
are concentrated in the year's droughts season. The spatial hot spots of Xcoz and the
anomalies are also concentrated in the southern region and near Amazon forest
protected areas.

Keywords: Carbon Cycle; OCO-2, Climate-carbon-feedbacks; Tropical forest;
Remote sensing
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4.1 Introduction

Amazonia biome is a key part of the global carbon cycle (Longo et al., 2020). In
2000 the amount of carbon stored in its Amazon biomass was approximately 93 + 23
PgC (Malhi et al.,, 2006). In addition to the carbon cycle, Amazonia also plays a
significant role in the hydrological cycle, with significant precipitation effects
throughout South America (Ruiz-Vasquez et al., 2020). Recent estimations of
ecosystem services provided by the Amazonia rainforest reach the highest values from
US$ 56.72+10ha™! yr*to US$ 737 £ 134 hat yr! but are restricted to only 12% of
the remaining forest (Strand et al., 2018) having 8.8 M hectares.

Despite the numerous benefits provided by the intact Amazonia rainforest, this
does not deprive it of degradation. The Amazonia Rainforest has lost about 20% of its
native vegetation in recent decades (INPE, 2020). The effects of deforestation are
diverse, among them the loss of biodiversity (Barlow et al., 2016), reduction of
ecosystem services (Strand et al., 2018), increased incidence of diseases such as
malaria (Bauhoff and Busch, 2020), deregulation of rain cycles (Casagrande et al.,
2018), increase in periods of extreme droughts (Souza et al., 2019) and increased CO:
emissions into the atmosphere (Walker et al., 2020). In recent years, fires are the result
of uncontrolled deforestation (De Oliveira Silva et al., 2021), which mischaracterizes
the forest canopy resulting in an environment conducive to forest fires (Rossi and
Santos, 2020).

Some regions of Amazonia have already been quite deforested, as is the case
of the eastern Amazon in Maranhdo. In this region, about 74% of the Amazonia
rainforest has already been deforested, the remaining 23,967 km? unforested (Silva
Junior et al., 2020), having no more forest centers outside protected areas (Santos de
Lima et al., 2018). Such devastation directly impacts the effects that the Amazonia has
on the hydrological cycle and carbon dynamics (Longo et al., 2020). The effects of
deforestation under Amazonia have changed the functional structure (Silva Junior et
al., 2019; Sales et al., 2020). Using vegetation indexes to detect the change in land
use between the Amazonia and the Cerrado, Silva Junior et al. (2019) observed a new
frontier that delimits biomes transition is different from the official limit of the

government.
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Deforestation in Brazil is the leading sector associated with greenhouse gas
emissions. Changes in land use of Amazonia accounts for about 66.7% of carbon
emissions into the atmosphere during non-drought years, according to a study by
Aragéo et al. (2014) using mathematical modeling. These same authors point out that
drought-related carbon emissions from tree mortality and forest fires during extreme
drought events become critically important, contributing 48.3% of total emissions from
the Brazilian Amazonia.

In addition to models that estimate greenhouse gas (GHG) fluxes, remote
sensing emerges as essential ferments in understanding GHG dynamics (Esteves et
al., 2016). More recently, the scientific community has joined efforts into developing
satellites capable of measuring atmospheric GHG concentrations. Two significant
projects within this perspective are Greenhouse gases Observing Satellite- GOSAT
(Yokota et al., 2009) launched in 2009 by JAXA (Japan Aerospace Exploration
Agency) e o Orbiting Carbon Observatory-2 OCO-2 (Crisp et al., 2017) launched in
2014 by NASA. These satellites were developed to characterize sources and sinks
around the planet and fill some gaps related to the global carbon cycle.

Using OCO-2 data Patra et al. (2017) derived that during the 2014-2016 EI Nifio,
about 2-3 pentagrams of carbon from the Earth’s surface (land + ocean) were emitted
into the atmosphere. Some researchers have been using satellite data to estimate
emissions in forest fires (Guo et al., 2017, 2012; Villalobos et al., 2020) and others to
relate the dynamics of vegetation cover with the atmospheric concentration of
greenhouse gases (Falahatkar et al., 2017; Mousavi et al., 2017).

The data disposable from these platforms are essential to better understand the
regional or global carbon cycle, which is uncertain in the tropics, where land-use
change is a severe problem (Cox et al., 2000; Anderegg et al., 2015; Schimel et al.,
2015). Even knowing the importance of understanding the carbon cycle, the
characterization of potential carbon sources and sinks, and the advances in data use
from these satellites worldwide, studies in the Amazonia region using these satellite
data are practically non-existent.

This Eastern Amazonia region could be greatly impacted if protection policies
are not taken seriously about forest conservation. While the government does not

implement forest restoration policies, this region of the Amazon serves as a laboratory
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for studies aimed at predicting the impacts of deforestation for other forest regions, or
even for the biome as a whole, since the hostility to which the Eastern Amazon in
Maranhdo State has been submitted cannot be seen in other regions of the Amazon
biome. Therefore, knowing the importance of the Amazon in the global carbon cycle
and the scarcity of studies under the Amazonia areas that are highly deforested, our
study hypothesis is that climatological variables and photosynthetic activity influence
the hot moments of XCO2. Therefore, we aimed to identify the hot spots, hot moments,
anomalies of Xcoz and their interactions with climate and vegetation index in the

eastern Amazon using the OCO-2 data.

4.2 Material and Methods

4.2.1 Study area

The easternmost part of the Amazon biome reaches the State of Maranhao in
Brazil (Fig. 1). The Maranhense Amazon has 81,208.40 km? representing 24.46% of
the state territory (IBGE, 2002), in which it is located 62 municipalities. Climate
characterization was made by the climatic classification described by Thornwaite
(1948). For Imperatriz Subregion, the climate is sub-humid type C2. In Zé Doca, the
climate is humid type B1. For Turiagu and S&o Luis regions, the Climate is humid type
B2. All this information can be found at Martins e Oliveira (2011).
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Figure 1. Location of the Eastern Amazonia region in Maranhao State, Brazil.

4.2.2 Remotely sensed and meteorological data

The data of Xco2, SIF 757 and 771 from the OCO-2 system were obtained from
January 2015 to December 2018 and after stratified monthly. Those were treated

following the flowchart presented in Figure 2.
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Figure 2. Flowchart of the data acquisition and processing.

4.2.2.1 Orbiting Carbon Observatory-2 (OCO-2)

The primary product delivered by the Orbiting Carbon Observatory-2 consists of
spatially resolved estimates of the column-averaged dry air mole fraction. This
quantity, called Xco2z by members of the atmospheric carbon science community,
quantifies the average concentration of carbon dioxide in a column of dry air extending
from Earth’s surface to the top of the atmosphere. Estimates of Xco2 derived by taking
the ratio of the column integrated number densities of carbon dioxide and molecular
oxygen along the optical path between the Sun, the surface footprint, and the
instrument, and then multiplying these results by the column-averaged oxygen
concentration (0.20935-micron). These carbon dioxide and oxygen number densities
are estimated from high-resolution spectra of reflected sunlight, collected by the
Observatory’s instrument at wavelengths (colors) within the 0.765-micron molecular
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oxygen. A band and two carbon dioxide bands centered at wavelengths near 1.61 and
2.06 microns. The Orbiting Carbon Observatory-2 mission will produce four different
levels of data product for the user community that will provide comprehensive mission
data results (Crisp et al., 2012).

The OCO-2 SIF Lite files contain bias-corrected SIF (solar-induced
fluorescence) and other select fields aggregated as daily files. The OCO-2
spectrometer measures spectra in the O2A-band, with far-red SIF, retrieved at 757 and
771 nm based on the infilling of the Fraunhofer lines at 13:36 local time with data
commencing on September 6, 2014 (Frankenberg et al., 2014).

We obtained SIF and Xco2 data from the OCO-2 Lite version (V7r) with Spatial
grid resolution from the OCO-2 data archive maintained at NASA
(https://co2.jpl.nasa.gov/#mission=0CO-2). We deleted SIF values lower than 0.1 W
m2 srtum?, according to Guo et al. (2020). The temporal trend adjustment of the Xcoz
data was made using the regression method (Gujarati e Porter, 2011). For this reason,

after the adjustment, the Xcoz2 is the call of Xcozadjusted.

4.2.2.2 Meteorological data

The data of precipitation (mm), wind speed at 10m (m s1), wind direction and
air humidity at 2 m (%) were acquired through the NASA Power platform
(https://[power.larc.nasa.gov) (Stackhouse et al., 2015). This platform consists of a
NASA project titled: World Energy Resource Forecast (POWER) and has been started
to improve the current renewable energy data set and create new datasets from new
satellite systems. The POWER project targets three user communities: (1) Renewable
Energy, (2) Sustainable Buildings and (3) Agroclimatology. It compiles information from
various data sources directly and those derived from gridded data systems. The air
temperature and relative humidity are obtained from the Global Model and Assimilation
Office (GEOS-4) system, and precipitation data are obtained from the Global
Precipitation Climate Project.

4.2.2.3 MODIS data
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The NDVI (Normalized Difference Vegetation Index) was used; (Rouse et al.,
1973). We used data from the MODIS-Terra sensor-system (Moderate Resolution
Image Spectroradiometer) Product MOD13A1 with a spatial resolution of 500 m
evaluated every 16 days that were downloaded through Nasa AppEEARS platform
(https://lpdaacsvc.cr.usgs.gov/appeears/). Data were obtained for the same time
series as OCO-2 for tile h13v09. These data are generally used to evaluate vegetation
phenological aspects and detect land-use changes and land cover (Huete et al., 2002).
NDVI is known to be more sensitive to chlorophyll and other pigments responsible for
the absorption of solar radiation in the red band. (Gao et al., 2000; Huete et al., 2002).

NDVI values were calculated from the equation (Eq.1) described below:

NDV| = PMIR—PR (Eq.1)
pNIR+pR

where: pNIR and pR: reflectance in the spectral bands of near-infrared and red,

respectively.

4.2.3 Statistical analysis
4.2.3.1 Descriptive data statistics to hot moments

The data were initially analyzed using descriptive statistics (mean, standard
deviation, minimum, maximum, and standard error). These parameters were used to
classify the temporal and spatial variability of the variables studied. The assumptions
of homoscedasticity analysis and normality of the residues were tested by the Shapiro-
Wilk Tests, respectively, both at a 5% probability. Pearson correlation analyses (Eq. 2)
and linear regression (Eq. 3) were performed to understand the variation of Xcoz with

the other variables.

_ Zioi—0i-y)

T \/(xi_E)X\/(Yi—X)

where: xjare the observed values of the variable x is the mean of the variable Xx;

(Eq.2)

yiis the observed values of the variable y is the mean of the variable y.
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—R2Y\x (1N —
R?adjusted = [1 _a S_)kfr; 1)] (Eq.3)

where: N is the number of points in the data sample; K is the number of
independent regressors, that is, the number of variables in the model, excluding the
constant.

Code developed for data analyses is available at a public repository
(https://github.com/gustavoanndre/Eastern-Amazon_SANTOSETAL2020).

4.2.3.2 Hot Spot analysis (Getis-Ord Gi*)

The hot spot analysis tool calculates the Statistics of Getis-Ord Gi * (ORD and
GETIS 1992) for each feature in the dataset. The resulting z-scores and p-values
inform where resources with high or low values are spatially grouped. This tool works
by looking at each resource within the context of neighboring resources. A high-value
feature is interesting, but it may not be a statistically significant access point. To be a
statistically significant hot spot, a resource will have a high value and will be
surrounded by other features with high values. The local sum of a resource and its
neighbors is compared proportionally to the sum of all resources; when the local sum
is very different from the expected local sum, and when this difference is too large to

be the result of the random chance, a statistically significant result in z scores results.

The sample mean (X) and the variance of the sample (S) of variable X was

defined as:
- Z;.l=1xj
X = T (Eq. 4)
S — }}=1x]2 Y 2
=y — &) (Eq. 5)

Getis-Ord Gi * is given by:

y W.’.x._YZY,l: Wi i
G === =) (Eg. 6)
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where Gi * describes the spatial dependence of incident i on all n events, Xj is the
magnitude of variable X at the site of the j incident on tod the observations (n) (j can
be equal to i) and wij is the value of the weight between the event i and j representing
its spatial interrelationship. Usually, the wij is calculated based on the spatial concept
relationship and about d. So, it is often written as wij (d). The value of d (for example,
Cartesian distance) is a limit specified by the user. However, argument d can be
omitted depending on the spatial relationship specification. Gi* statistics may vary
depending on the selection of d (SONGCHITRUKSA and ZENG, 2010).

4.2.3.3 Xcozanomaly model

The anomaly model adopted (Eq.7) is based on the one described by
Hakkarainen et al. (2016), where anomaly values greater than zero is characterized as
carbon emission sources and, for values less than zero, is assigned as a source of
carbon absorption. These two characterizations are attributed to anthropic activities
such as burning fossil fuels, and when it comes to an emissions source and absorption
are attributed to biosphere activities such as forest growth and photosynthetic
activities.

XCO2 (anomaly) = XCO2 (observation) - XCO2 (total median) (Eq.7)

The calculation of the anomaly occurs by the difference between observation
and the daily median of observations. Considering that this study is at the regional
level, unlike the basic study that considers global data, there is not enough data to
follow the exact model, but it is possible to adapt it using the total median rather than
the daily rate. Adaptations in the anomaly model were also carried out by Labzovskii
et al. (2019).

4.3 Results

4.3.2 Hot and cold moments
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The temporal analysis indicates atmospheric Xcozadjusted in the range from
362.24 t0 403.38 ppm (Fig. 3a), with the annual averages of 393.13 + 0.11 ppm, 393.34
+ 0.10 ppm, 393.13 + 0.15 ppm and 393 + 0.14 ppm in 2015, 2016, 2017 and 2018,
respectively (Fig. 3b). Higher Xcozadjusted Values were concentrated from May to
September, with some increases in December. On the other hand, the lower values
were concentrated in November to April (Fig. 3c). Observing only the annual averages,
it was not possible to notice an increase in Xco2 adiusted OVer the years for this region,
but when observed the months and seasonal trends, it is seen hot and cold moments

for regional Xcoz2 adjusted.
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The correlation analysis was performed using the monthly averages of Xcoz,
vegetation spectral index and meteorological variables (Fig 4). The positive
correlations for Xcoz were founded with wind speed at 2 meters (r = 0.26; p <0.05) and
10 meters (r = 0.37; p<0.05) and wind direction at 50 meters (r = 0.41; p <0.05), these
relationships are considered medium to low correlated. Stronger and significant
(p<0.05) negative correlations were observed between Xco2 against SIF 757 (r= —
0.54), SIF771 (r = — 0.72) and precipitation (r = — 0.52).
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Figure 4. Heatmap of Pearson correlation matrix for Xcoz2 with SIF 757, SIF 771,
precipitation, wind speed at 2 meters, wind speed at 10 meters, relative
humidity at 2 meters, wind direction at 2 meters and NDVI for Amazon biome
in the Maranhao, State of Brazil.

Linear regression analysis was performed only with variables having higher r
value (Figure 5). Thus the SIF 771 (y=-6.559x+398.1) and 757 (y= -5.383x+395.86)
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W m2 srt um? explained changes of Xcoz in 58% (R?Adj. = 0.58; p =0.001) and 28%
(R?Adj. = 0.29 p; =0.001) (Fig 5a). The precipitation (y= -0.000173x +393.8) (Figure
5b) was able to explain the Xco2 by 27% (R?Adj. = 0.27 p=0.001).
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Figure 5. Linear regression analysis of Xco2 (ppm) with SIF 757 (W m2sr! um1), SIF
771 (W m?2 sr! um?) and precipitation (mm) for Amazon biome in the

Maranhao State of Brazil.
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4.3.3 Spatial hot and cold spots to Xcozand SIF 771

The hot spot analysis identified the higher and lower values of the Xco2 and SIF
771 clustering, with a z-score returned for each Xcozand SIF771 values in the dataset
in the statistical hot spot analysis. The positive z-scores occur, the larger the z-score
is, the clustering of high Xco2 and SIF values will be more intense. On the other hand,
the significant negative z-scores result in a more intense clustering of low values.

The spatial distribution of the Xcoz hot spots was concentrated in the south of
the region, more specifically in the southwest and southeast (Figure 6a), while SIF
hotspots were concentrated in the east of the region (Fig. 6b). In 2017, an inversion
was observed between Xcoz and SIF (Xcoz HOT SPOTS X SIF COLD SPOTS).
However, in general, Xco2 hot spots are usually shifted from SIF hotspots, not
overlapping. An important aspect is that the Xcoz hotspots were concentrated near an

indigenous and preserved natural forested area.
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Figure 6. Spatial hot and cold spots to Xcoz and SIF 771 for Amazon biome in the
Maranhao State of Brazil.
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The ratio of hot, cold, and non-significant spots of Xco2 and SIF were also

calculated (Figure 7). The number of non-significant spots was always more

representative in all years for the two variables. The years with more hot spots (99%
confidence) numbers were in 2018 with 6.87% to Xco2 and 5.12% to SIF. The hotspots

with 90% confidence were more representative in 2016, with 13.55% to Xco2 and

18.34% to SIF. About the cold spots, the points with 99% of confidence were more
evident in 2016, with 13.21% for Xco2 and 13.94 for SIF.
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4.3.4 Xco2 anomalies

The data of the Xco2 anomaly showed a normal distribution (Figure 8b). The
Xcoz anomaly (ppm) maximum and minimum were 6.19 and -6.29, respectively, during
all the years studied. Figure 8a presents the means of the Xco2 anomalies calculated
for the Amazon biome on the Maranh&o. The elevated values were observed in the
southwest and southeast of the studied area, while the lowest values were
concentrated in the north. Despite those different analyses, this spatial distribution is
quite similar, as observed in the hotspot’s analysis (Figure 8). This behavior is more
evident when observed in the Xcoz distribution on the latitude (Figure 8c). The south
region with higher latitude presents more and increased anomalies implying emissions

sources close to protected areas.
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4.4 Discussion

Xcoz from OCO-2 helps understand spatial and temporal changes of CO:2 in
regional scales (Eldering et al., 2017). According to Schwandner et al. (2017), this is
possible due to OCO-2 unprecedented kilometer-scale resolution, and high sensitivity
enables detection of CO2 from natural and anthropogenic localized emission sources.

Studies have been conducted at regional scales indicate how Xcoz varies,
and it is surface relations (Falahatkar et al., 2017; Golkar et al., 2020; Mousavi et al.,
2017). Our study detected the seasonal variability during the year, which is essential
as the Amazonia region has two seasons, dry and rainy. Hence, differently from what
happens in the northern hemisphere, in the Brazilian Amazonia, the climatic seasons
are not well defined as a function of mean temperatures (Levine et al., 2019).

In general, in Maranhdo, the wettest months are February, March and April,
while the driest months are July, August and September (UEMA, 2015). According to
Reschke et al. (2010), the highest rainfall indices occur in the north of the region in the
first quarter and the third quarter for the South region, generally speaking, according
to the authors, in the northern region of the study area is where annual rainfall totals
are concentrated.

Thus, when observing the dry and rainy season, we detected a relationship
between the temporal variation of precipitation and Xcoz. This is much more evident in
our study when we observe the correlation analyses (Fig.4) and regression (Fig. 5)
between Xcoz2 and precipitation. The negative correlation observed in our study
indicates that CO2 in the atmosphere decreases as precipitation increases. Work
carried by Wang et al. (2016); Chhabra and Gohel (2019); Golkar et al. (2020)
corroborate with our findings. Wang et al. (2016) reinforce that the sensitivity of the
growth rate of atmospheric CO2 about precipitation is always negative. The response
varies according to the type of soil cover since vegetation precipitation sensitivity could
affect the variability of atmospheric COz2.

Regarding vegetation, the sensitivity of Xcoz to photosynthetic activity was very
evident through the fluorescence of sun-induced chlorophyll (SIF). In summary, SIF
consists of the energy that escapes from the chlorophyll of the plant during

photosynthetic activity, with a wavelength ranging from 600 to 800nm (Baker, 2008).
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In this study, SIF at wavelengths 757 and 771nm were used. This negative relationship
observed between Xcoz and SIF was already expected since photosynthesis is the
main path responsible for the absorption of CO2 from the atmosphere. Some studies
have already identified a positive linear relationship between SIF and crude primary
production, which is an important variable in studies evaluating carbon dynamics
(Frankenberg et al., 2014; Guo et al., 2020; Qiu et al., 2020).

In studies conducted by Li et al. (2018) and Wei et al. (2019), a correlation of
SIF757 with GPP and NDVI was observed. Wei et al. (2019) attributed the fact that the
771mn band is farther from the peak emission in the SIF spectrum. In our study,
SIF757 also presented a better correlation with NDVI. However, for Xcoz, it was SIF771
that presented a better performance in regression analysis and correlation with
relation. A similar effect was also observed with precipitation. This indicates a higher
sensitivity of SIF771 to precipitation in our study region, sensitivity, and Xcoz2 and
precipitation.

Precipitation events are closely linked to El Nifio events (Almeida Silva et al.,
2020). In this sense, the powerful El Nifio of 2015-2016 had a significant impact on the
Earth's natural climate system, which affected the earth's ecosystem (Patra et al.,
2017). For this reason, the highest peak in the number of Xcoz hot spots in 2016 may
be related to El Nifio in 2015-2016. According to Liu et al. (2017), with respect to 2011-
2016, El Nifio in the pantropical biosphere released about 2.5 + 0.34 gigatons more
carbon into the atmosphere.

On a global scale for Patra et al. (2017), estimates were that El Nifio provided
an excessive release of COz into the atmosphere in the 2.23-2.55 PgC July 2015 to
June 2016 compared to the 2014 reference period. This excess flow of CO:2 into the
atmosphere is mainly due to the reduction in carbon absorption due to drought and, on
a smaller scale, by increasing biomass burning (Patra et al., 2017). Effects of El Nifio
on photosynthetic activity in the Amazon using SIF were also observed by Castro et
al. (2020).

As previously reported, some studies point to the effects of Xco2 anomalies with
El Nifio events. In our study, the anomaly of Xco2 was calculated for the entire period

studied, according to Wang et al. (2018). The higher density of positive anomaly
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values that indicate emission were concentrated to the south of the region and close
to reserve areas.

Carbon dioxide exchange has been measured directly over Amazon basin
showing contrasting values at dry (0.48 + 0.18 Pg Cyr-1) and wet (0.06 £ 0.1 Pg
Cyr-1) years (Gatti et al., 2014), suggesting a suppression of photosynthesis
during drought as the primary cause for the wet years sink neutralization, this effect
has been pointed as Amazon could become an carbon emitter instead of sinker,
due to fires and the suppression of net biome exchange by drought season.

Some studies have indicated the danger of deforestation in the Amazon in
this region (Celentano et al., 2017; Vedovato et al., 2016) has already lost more
than 75% of its original coverage. Recently, Silva Junior etal. (2020) warned that
the Maranhdo Amazon is on the verge of collapse, according to these authors,
almost half of all deforested areas in the region (36,060 km?) are considered a
hotspot of global restoration, however, secondary vegetation remains unprotected
and 8,294 km? were deforested between 2014 and 2018.

Deforestation is one of the main sources of CO:z emissions for the
atmosphere (Achard et al., 2013), especially in Brazil (Sanquetta et al., 2020). In
addition to deforestation, the Amazon has been suffering from recurrent fires that
only occur due to deforestation. For the region where this study was carried out,
the Amazon was clearly replaced by pasture and this is clear when observing the
results reported by Parente et al. (2019). Through the digital platform
(http://pastagem.org) made available by the authors, it was observed that for the
State of Maranhao, pasture is mainly concentrated in the Amazon region. Between
2015 and 2018 (our study period) the pasture areas went from 175.907.959 Ha

year! to 183.090.997 Ha?l year?®. Another important fact is about degraded
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pastures, they are concentrated further south of our study area, which
corroborates with our findings of anomalies and hot spots. The disturbance caused
by deforestation has increased the incidence of fires, which has as a consequence
the decrease in carbon assimilation by biomes present in the state of Mato Grosso,

among them, the Amazon (Rossi and Santos, 2020).

4.5 Conclusions
Our findings show that the hot moments of Xco2 to Eastern Amazonia in

Maranh&o, Brazil, are concentrated in May to September and with some peaks in
December. The cold moments indicating the decrease of Xcoz are from October to
April. The spatial distribution of Xco2 hot spots is concentrated in the south of the
region, while SIF hot spots are concentrated east of the Eastern Amazon of the
Maranhdo State. In most of the cases, Xcoz hot spots present where there are no
significant spots for SIF. The year 2016 stood out as the year with the highest peak of
hot spots of Xco2 coinciding with El Nifio. Like spatial hot spots, Xcoz anomalies are
also concentrated in the southern region and near Amazonia forest protected areas.

Knowing the uncertainties of the mechanisms governing carbon circulation in
the tropics (Cox et al., 2000; Anderegg et al., 2015; Schimel et al., 2015), our results
bring interesting conclusions in this aspect, once the, in the Eastern Amazon, the Xco2
presents significant sensitivity with photosynthetic activity through solar-induced
chlorophyll fluorescence (SIF771) and precipitation. Even the Xco2 presented
interesting responses to these variables. We emphasize that for future studies,
variables related to the hydrological cycle responsible for photosynthetic activity such
as soil moisture, relative air humidity and evapotranspiration can bring interesting
answers to understand the carbon cycle in very degraded ecosystems, such as the
Eastern Amazon of Maranhéo.

Finally, with the advancement of science in remote sensing detection of
greenhouse gas concentration, such as the Carbon Observatory 3 (OCO-3) launch,
more data from Xco2 and SIF have been collected around the planet, helping the
knowledge around the carbon cycle. Therefore, we reinforce that the use of this data

is more widespread and implemented by the scientific community to bring new
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“climate-carbon-feedbacks" that will help better understand the carbon cycle on a
global and regional scale. Such solutions are of paramount importance for mitigating

climate change and for generating a sustainable society.
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CHAPTER 5 - Final remarks

The increase in the planet's average temperature in recent decades is tied to
the increase in greenhouse gas concentration (GHG) resulting from anthropogenic
activities. Therefore, the evidence of the effects of human activities on climate is clear.
Given this worrying scenario, the development of research that points to mitigating and
adapting to climate change is essential for the survival of the planet.

In this sense, with the emergence of the era of earth observation in high
resolution, remote sensing data exponential growth has been occurring in recent years.
Given this, remote sensing data is part of the big data era. Thanks to this, monitoring
the environment on a large scale has become possible since research has been
developed with remote sensing data with different time scales, spatial and sensor
types. Many of these studies monitor environmental and atmospheric CO:2
concentrations on a global and regional scale.

In this study, several sources of data were used to obtain carbon feedback.
Thus, it was observed that both in biomes and forest areas in the state of Mato Grosso
do Sul, the temporal variation of atmospheric CO2 concentration is mainly governed by
photosynthesis (Solar induced chlorophyll fluorescence-SIF, NDVI, and EVI) and that
photosynthesis is positively related to evapotranspiration and air temperature. In Mato
Grosso and eastern Amazonia, SIF is also an important variable in explaining the
temporal variability of Xco2. However, in these regions, this relationship is also
observed spatially. In general, the time variations of Xcoz in the north-central region of
Brazil vary between the dry and rainy periods, this was clear in all studies. As for the
spatial variation of Xcog, it varies according to the type of land use and the time of year.

Knowing this dynamic of temporal variation of atmospheric CO:2 in time and
space is a powerful tool in decision-making in public policies focused on climate
change. Spatial interpolation techniques and the verification of "hot spots" and "hot
moments” can contribute to the construction of strategies aimed at mitigating CO:2
emissions in specific locations and periods.

Given the results presented in this work, it is clear that big data and remote

sensing are valuable tools in understanding the carbon cycle since the relationships
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observed in the intersection of these data generate results that are clearly explained
by the physical and biological processes around the soil-plant-atmosphere system.

In this respect, it is essential to emphasize that understanding these
relationships is essential in searching for carbon sources and sinks in the biosphere.
The search for the balance between carbon emission and absorption in the ecosystem
varies according to environmental factors that affect both photosynthesis (carbon
uptake) and carbon source.

It is worth stressing that climate change and changes induced by the
disturbance of ecosystems can affect photosynthesis processes and breathing
differently and, therefore, resulting in the change in the balance of carbon exchanges
in ecosystems. An unwanted reduction in carbon capture intensity by ecosystems and
forests will bring positive feedback to the carbon cycle, resulting in the increased
greenhouse effect and worsening climate change.

Finally, In the next years, new space missions with greenhouse gas monitoring
will be launched, such as MicroCarb from the French Government Space Agency and
the continuation of the GOSAT mission with the launch of GOSAT-3, both scheduled
to launch in 2021. In 2023, the launch of the Geostationary Carbon Cycle Observatory
(GeoCARB), his principal goal, will measure the carbon cycle. All of these missions will
complement those that already exist, such as OCO-2 / OCO-3, GOSAT-GOSTA-2,
SENTINEL-5, MODIS, Soil Moisture Active Passive (SMAP). For this reason, |
encourage my colleagues to make massive use of this data so that science can protect

society from the effects of climate change through technical strategies.
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APPENDIX A. Descriptive statistics for Xcoz (ppm) and SIF (W m2srt um1) in the rainy
and dry periods for the state of Mato Grosso, Brazil (CHAPTER 3).

Variable N Mean Median Minimum Maximum SD SE Kurtosis

2015 - Wet

Xco2 441 393.96 393.81 389.97 399.97 2.08 0.10 -0.05

SIF 421 0.71 0.71 0.01 1.45 0.30 0.01 -0.31
2015 - Dry

Xco2 611 395.20 395.16 390.14 39991 1.40 0.06 1.18

SIF 585 0.47 0.46 0.02 1.30 0.19 0.01 0.22
2016 - Wet

Xco2 506 394.85 394.67 390.18 399.97 192 0.09 -0.08

SIF 490 0.71 0.72 <0.01 1.45 0.30 0.01 -0.32
2016 - Dry

Xco2 656 395.76 395.77 390.26 39999 1.41 0.06 1.69

SIF 622 0.47 0.46 0.01 1.43 0.22 0.01 0.92
2017 - Wet

Xco2 398 394.03 393.94 389.99 39956 2.03 0.10 -0.23

SIF 370 0.74 0.75 0.01 1.43 0.30 0.02 -0.27
2017 - Dry

Xco2 581 394.78 394.73 389.99 400.01 1.42 0.06 1.66

SIF 547 0.49 0.49 0.03 1.34 0.22 0.01 1.18
2018 - Wet

Xco2 422 394.13 394.14 390.01 399.85 2.02 0.10 -0.29

SIF 392 0.77 0.79 <0.01 1.42 0.31 0.02 -0.44
2018 - Dry

Xco2 564 395.14 395.17 390.16 39991 1.36 0.06 1.84

SIF 540 0.50 0.49 <0.01 1.37 0.22 0.01 0.62

N= number of points; SD= standard deviation; SE= standard error of the mean.
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APPENDIX B. Land use cover to Amazonia rainforest of Maranhao, Brazil.



