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POTENTIAL IMPACT OF THIS RESEARCH

This work aims to support Brazil’s challenging mission to meet the goals
set in its Nationally Determined Contribution (NDC) and at the 27th United
Nations Climate Change Conference (COP27), including: reducing greenhouse
gas (GHG) emissions by 37% by 2025 and 43% by 2030 (compared to 2005
levels); restoring at least 12 million hectares of degraded land by 2030; and
achieving carbon neutrality by 2050. These targets align directly with the United
Nations Sustainable Development Goal (SDG) 13 — Climate Action.

The study emphasizes the integration of social, environmental, and
economic dimensions of research in accordance with the SDGs, highlighting how
technologies focused on climate resilience and mitigation can positively impact
the plant-soil-atmosphere carbon cycle in Brazilian biomes. Environmentally, the
work is especially aligned with SDG 12 (Responsible Consumption and
Production) and SDG 13 (Climate Action); socially, with SDG 2 (Zero Hunger and
Sustainable Agriculture); and economically, with SDG 8 (Decent Work and

Economic Growth).

By advancing understanding of how public policies influence the adoption
of sustainable land-use practices, this work contributes to strengthening
responsible and productive systems. These efforts not only enhance climate
resilience and reduce GHG emissions but also improve the profitability and

scalability of agroecosystems.
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DYNAMICS AND CONTROL OF CO2 EMISSION CYCLES IN HEAT WAVES IN
NORTHERN EUROPE AND IN THE DIFFERENT BIOMES OF BRAZIL: CLIMATE
RESILIENCE AND MITIGATION MECHANISMS

ABSTRACT: Climate change has been intensifying extreme events, such as
heatwaves, which directly impact carbon cycles and ecosystem stability. At the
same time, there is growing concern about the rise in global temperatures and its
effects on soil carbon stocks, especially in tropical and subtropical regions. In this
context, this thesis aimed to assess the effects of heatwaves on carbon dioxide
emissions in temperate forests in Europe and to investigate the factors that
control soil carbon stocks and atmospheric carbon dioxide concentrations in the
main Brazilian biomes. The first study was conducted in northern Europe, where
data on atmospheric carbon dioxide concentration, carbon fluxes between the
ecosystem and the atmosphere, vegetation growth variables, soil moisture and
temperature, as well as climate parameters such as air temperature, wind, and
precipitation, were analyzed. The analyses integrated satellite data, remote
sensing products, and field measurements from micrometeorological towers. The
second study was carried out in the Cerrado, Caatinga, Atlantic Forest, and
Pampa biomes, using climate data, soil attributes, and vegetation indicators,
combined with geoprocessing tools and multivariate statistical modeling. The
results of the first study indicated that heatwaves significantly increased carbon
dioxide emissions, mainly due to the increase in microbial respiration in the soil,
while the photosynthetic capacity of vegetation remained active and, in some
cases, even increased. In the second study, the average annual temperature
stood out as the main factor associated with the reduction of soil carbon stocks,
highlighting that the advancement of global warming may compromise the ability
of Brazilian soils to act as carbon sinks. These findings reinforce the urgent need
to adopt mitigation strategies such as sustainable intensification, conservation-
oriented soil management, restoration of degraded areas, and the
implementation of nature-based solutions, contributing to the resilience of
productive systems and the fight against climate change.

Keywords: Climate change; Carbon dioxide emissions; Soil carbon stock;
Heatwaves; Mitigation; Climate resilience.
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DINAMICA E CONTROLE DOS CICLOS DE EMISSAO DE CO, DURANTE
ONDAS DE CALOR NO NORTE DA EUROPA E NOS DIFERENTES BIOMAS
DO BRASIL: MECANISMOS DE RESILIENCIA CLIMATICA E MITIGAGAO

RESUMO: As mudancgas climaticas vém intensificando eventos extremos, como
as ondas de calor, que impactam diretamente os ciclos de carbono e a
estabilidade dos ecossistemas. Simultaneamente, existe uma crescente
preocupagao com o aumento da temperatura global e seus efeitos sobre os
estoques de carbono no solo, especialmente em regides tropicais e subtropicais.
Diante desse cenario, esta tese teve como objetivo avaliar os efeitos das ondas
de calor sobre as emissdes de dioxido de carbono em florestas temperadas na
Europa e investigar os fatores que controlam os estoques de carbono no solo e
as concentragdes atmosféricas de didxido de carbono nos principais biomas do
Brasil. O primeiro estudo foi conduzido na regiao norte da Europa, onde foram
analisados dados de concentracado atmosférica de didxido de carbono, fluxos de
carbono entre o ecossistema e a atmosfera, variaveis relacionadas ao
crescimento da vegetacao, umidade e temperatura do solo, além de parametros
climaticos como temperatura do ar, vento e precipitagdo. As analises integraram
dados de satélites, sensores remotos e medigdes de campo em torres
micrometeorologicas. O segundo estudo foi realizado nos biomas Cerrado,
Caatinga, Mata Atlantica e Pampa, utilizando dados climaticos, atributos do solo
e indicadores de vegetacdo, combinados com ferramentas de
geoprocessamento € modelagem estatistica multivariada. Os resultados do
primeiro estudo indicaram que as ondas de calor aumentaram significativamente
as emissdes de didéxido de carbono, principalmente em fungdo do aumento da
respiracdo microbiana do solo, enquanto a capacidade fotossintética da
vegetagcdo permaneceu ativa e, em alguns casos, até aumentou. No segundo
estudo, a temperatura média anual se destacou como o principal fator associado
a reducao dos estoques de carbono no solo, evidenciando que o avanco do
aquecimento global pode comprometer a capacidade dos solos brasileiros de
atuar como sumidouros de carbono. Os resultados reforcam a necessidade
urgente de adocdo de estratégias de mitigacdo, como a intensificacdo
sustentavel, o manejo conservacionista do solo, a restauracédo de areas
degradadas e a implementagao de solugdes baseadas na natureza, contribuindo
para a resiliéncia dos sistemas produtivos e o enfrentamento das mudangas
climaticas.

Palavras-chave: Mudancas climaticas; xCO2; Estoque de carbono no solo;
Ondas de calor; Mitigagéo; Resiliéncia climatica
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CHAPTER 1 - GENERAL CONSIDERATIONS

Chapter 1 presented the general structure of this thesis, briefly
describing each of the subsequent chapters. In general, this work aims to explore
the complexities of climate change, addressing not only its impacts and
challenges but also the resilience and mitigation strategies that can be
implemented to confront and adapt to these changes. This thesis discusses two
major themes related to climate change: heatwaves in Europe and their impact
on heterotrophic respiration in temperate ecosystems (1" article); and controlling
variables, resilience, and climate mitigation in four major Brazilian biomes -

Cerrado, Caatinga, Atlantic Forest, and Pampa (2"¢ article).

Chapter 2 is dedicated to the contextualization and literature review of
the concepts involved in climate change, its impacts on natural and human
ecosystems on Earth, as well as mechanisms for climate mitigation and
resilience. In this context, it addresses how human activities - particularly land-
use change, deforestation, and agriculture - have contributed to the increase in
greenhouse gases in the atmosphere, intensifying the global warming
phenomenon. Additionally, resilience and adaptation mechanisms are highlighted
as essential to enhance the capacity to absorb shocks and stresses caused by
climate change, alongside methods aimed at preventing the intensification of

emissions.

Chapter 3 presents the first article proposed in this thesis, entitled:
"Heatwaves and the Feedback Cycle with Climate Change: Influence of
Heatwaves on CO, Emissions in Northern European Forest Ecosystems".
Climate feedback is a process in which an initial change in the climate system
generates effects that can amplify (positive feedback) or attenuate (negative
feedback) that initial change. In the context of the carbon cycle, for example,
rising temperatures can intensify soil respiration, releasing more CO, into the
atmosphere, which in turn contributes to further warming, characterizing positive
feedback. Thus, this article analyzes the impact of the 2021 European heatwaves
on atmospheric CO, concentrations. The results show that these events

intensified soil respiration due to the metabolic acceleration of soil microbiota,

1



increasing CO, emissions. The hypothesis that thermal stress would reduce plant
photosynthesis was rejected, as greater photosynthetic activity was observed
during the heatwaves. The analyses compared atmospheric CO, concentrations
(xCO,) before and during the heatwaves, using a time series from January 2015
to December 2021, with heatwave-free periods (2015 and 2017) selected as the

baseline.

Chapter 4 investigates the main factors influencing CO, emissions and
soil organic carbon (SOC) stocks, as well as risk zones for SOC under future
climate scenarios in the Brazilian biomes of the Atlantic Forest, Cerrado,
Caatinga, and Pampa. The analysis used atmospheric CO, data from 2015 to
2019 and SOC stocks, applying methods such as Kriging and Stepwise
regression. The results highlighted temperature as the most influential variable in
atmospheric CO, changes across all biomes, revealing its role in both emissions
and SOC stabilization. Additionally, an increase of 1.5°C above pre-industrial
temperatures, as projected by the Intergovernmental Panel on Climate Change
(IPCC), may lead to significant soil CO, release into the atmosphere, impacting
national resilience and mitigation efforts. In the studied biomes, a significant
portion of the territory is already exposed to high temperatures, emphasizing the

urgency of protecting the carbon already sequestered.

Chapter 5 seeks to consolidate the observations developed in the two
previous articles, emphasizing the need for actions and public policies to address
future climate challenges. This chapter highlights sustainable agricultural
practices that promote soil health, such as livestock—forest integration systems,
which are strong allies in combating climate change, among other relevant

strategies and approaches within this context.



CHAPTER 2 - CLIMATE CHANGE AND GREENHOUSE GAS EMISSIONS:
PERSPECTIVES FOR CLIMATE RESILIENCE AND MITIGATION

1. Literature review

1.1.Climate change, impacts on society and control mechanisms

Climate change refers to significant and long-term shifts in global or
regional climate patterns (IPCC, 2021). These changes alter global climate
averages over time and may redefine climate conditions on smaller, continental,
or regional scales (IPCC, 2022a). Widely recognized by the scientific community,
climate change is considered one of the most pressing environmental, economic,

and social challenges faced by humanity today (IPCC, 2022b).

Although climate shifts can result from natural or anthropogenic factors,
human-driven causes are the most concerning, particularly because they are, in
theory, under societal control (MASSON-DELMOTTE et al., 2021). The most
impactful human activity is the emission of greenhouse gases (GHGs) from the
use of non-renewable energy sources, especially fossil fuel combustion (Smith et
al., 2008).

Burning coal, oil, and natural gas, along with deforestation and biomass
burning for agriculture, releases large amounts of carbon dioxide (CO,), methane
(CH,), and nitrous oxide (N,O) into the atmosphere (IPCC, 2017). These gases
trap heat, contributing to rising global temperatures (IPCC 2017, 2022a, b).

Before the Industrial Revolution, atmospheric CO, concentrations
remained relatively stable at around 280 parts per million (ppm) (KEELING et al.,
1976; HOWE, 2015). However, industrialization and shifts in agricultural
production, particularly during the Green Revolution, led to a sharp increase in
these levels (SMITH et al.,, 2008; RUANE et al., 2018), with current CO,
concentrations exceeding 415 ppm, levels unseen in millions of years (KEELING
et al., 1976; HOWE, 2015).

Future projections under continued emissions scenarios suggest CO,
levels may reach alarming values by the end of the 21st century (IPCC, 2022b),
potentially driving global temperature increases of 1.5 °C or more. Such changes

are expected to intensify extreme weather events and pose severe risks to



ecosystems, economies, and communities worldwide (SENAPATI et al., 2013;
RUANE et al., 2018; ARORA, 2019).

1.2.Nature-based solutions (NBS) and the agriculture paradigm

Over the past decade, atmospheric concentrations of greenhouse gases
(GHGs) have reached record levels, with CO,, CH,, and N,O exceeding pre-
industrial levels by 144%, 256%, and 121%, respectively (IPCC, 2021).
Agriculture significantly contributes to global carbon emissions, accounting for
approximately 11% of CO,, 47% of CH,, and 58% of N,O emissions (IPCC,
2021). Additionally, land-use change, and deforestation contribute around 20%

of total global emissions.

Unlike sectors such as Waste, Industry, or Energy, Agriculture and Land-
Use Change can also be part of Nature-Based Solutions (NBS) - strategies that
integrate restoration, protection, and climate resilience actions (BLANCO-
CANQUI and LAL, 2004; REICHSTEIN et al., 2013; AZEVEDO et al., 2018;
O’HOGAIN and MCCARTON, 2018). According to Seddon et al., (2021), NBS
must (1) complement, not replace, the phase-out of fossil fuels; (2) include
diverse ecosystems; (3) involve Indigenous Peoples and local communities in
their design and implementation; and (4) ensure measurable biodiversity

benefits.

NBS aim to reduce GHG emissions and enhance carbon removal and
storage by leveraging natural processes. One of the most promising NBS is soil,
which can store large amounts of atmospheric CO, as soil organic carbon (SOC).
BOSSIO et al., (2020) estimate that soil carbon accounts for 25% of the total NBS
mitigation potential - around 23.8 Gt CO,-equivalent per year - 40% from

protecting existing soil carbon and 60% from restoring depleted stocks.

In terms of mitigation potential, soil carbon represents 9% in forests, 72%
in wetlands, and 47% in agriculture and pasture systems. Therefore, protecting
existing SOC and restoring degraded soils is essential for sustainable carbon
sequestration and combating land degradation and desertification (BOSSIO et
al., 2020; CONCEICAO et al., 2017).



In addition to sustainable land management practices, broader climate
mitigation strategies have been developed to support global efforts to reduce
greenhouse gas emissions. International agreements such as the Paris
Agreement establish frameworks for national commitments to limit global
warming and promote carbon neutrality (BRAZIL, 2022). Mechanisms such as
carbon markets and the growing corporate participation in initiatives such as the
Science Based Targets Initiative (SBTi) demonstrate the private sector's
commitment to aligning corporate climate goals with the latest climate science
(ZILBER; KOGA, 2011).

In conclusion, agriculture is a key strategy for atmospheric CO,
sequestration. SOC naturally stores CO, and CH, and can act as a carbon sink
when properly managed (BOSSIO et al., 2020). Protecting and restoring soil
organic matter enhances agricultural productivity, resilience, and adaptation,
while also providing broad ecological benefits (BOSSIO et al., 2020;
CONCEICAO et al., 2017).

1.3. Definition and mechanisms of climate resilience

Historically, most greenhouse gas (GHG) emissions driving climate
change have originated from developed countries due to industrialization based
on non-renewable energy sources (KEELING et al., 1976; HOWE 2015; KENEA
et al., 2021). However, addressing climate change requires global cooperation,

as its effects transcend political boundaries (IPCC, 2022b).

To meet the 1.5°C target by the end of the century, an additional
reduction of 28 gigatons of CO,-equivalent emissions per year is needed by 2030,
demanding deep transformations in global production systems (JEWELL and
CHERP, 2020). Regardless of mitigation success, it is essential to monitor,
predict, and manage climate change impacts to minimize environmental and
societal harm (ARORA, 2019).

Climate change has increased the frequency and intensity of extreme
weather events, including heatwaves, heavy rainfall, and prolonged droughts
(IPCC, 2022b, GERDOL et al., 2008). Regional shifts in precipitation patterns are
also occurring, especially near the equator (SENAPATI et al., 2013). These
trends underscore the importance of adaptation and climate resilience.



Climate resilience refers to the ability of systems - whether communities,
ecosystems, economies, or infrastructure - to anticipate, adapt to, and recover
from climate-related disturbances. It involves both preventive actions to reduce
vulnerability and reactive strategies for rapid recovery, ensuring long-term
sustainability (C2ES, 2019; SEDDON et al., 2021).

Agriculture is particularly vulnerable, with temperature and rainfall
changes affecting crop yields, pests, and disease dynamics (SENAPATI et al.,
2013; ARORA, 2019). Continuous monitoring using satellites, weather stations,
and sensors is critical to detect shifts in climate and track extreme events in real
time (IPCC, 2022c).

Advanced climate models are vital for forecasting natural disasters and
informing early warning systems, which can save lives, reduce economic losses,
and guide public policy (IPCC, 2022c). Governments play a key role in
implementing climate-resilient policies, long-term adaptation plans, and
investments in sustainable infrastructure (JEWELL and CHERP, 2020; IPCC,
2023).

At regional and local levels, communities and governments must tailor
these strategies to local needs by identifying vulnerable areas, developing
emergency plans, and reinforcing infrastructure - such as drainage systems and
levees - to withstand extreme events (JEWELL and CHERP, 2020).

1.4. Definition and mitigation mechanisms for greenhouse gas
emissions

To stabilize or reverse climate projections for the end of the 21st century,
especially the 1.5 °C target, significant public and private investment is needed
to develop and implement technologies that remove carbon dioxide from the
atmosphere or reduce emissions from various sectors (IPCC, 2022a). However,
carbon removal technologies have not yet reached the scale or cost-
effectiveness required for meaningful climate impact (O’HOGAIN and
MCCARTON, 2018; JEWELL and CHERP, 2020). This underscores the
importance of Nature-Based Solutions (NBS) and the mitigation of emissions
from already established processes (SEDDON et al., 2021).



Key sectors in developing countries, such as agriculture, energy, and
mining are among the largest GHG emitters while being central to economic
growth (JEWELL and CHERP, 2020). Thus, these countries face the challenge
of decarbonizing rapidly growing economies without compromising development.
Studies indicate that current consumption patterns exceed Earth's natural
capacity - if everyone lived like the average American, five planets would be

needed to sustain global demand (LIN et al., 2021).

Climate mitigation, therefore, is essential - not only to adapt to but also
to prevent further climate deterioration (IPCC, 2022b). Mitigation refers to
strategies that reduce or limit GHG emissions, including voluntary carbon markets
and regulated emissions targets established under Article 6 of the Paris

Agreement.

To date, GHG reduction remains the most effective mitigation strategy.
Public, private, and non-governmental institutions are actively implementing
mitigation measures in support of countries’ Nationally Determined Contributions
(NDCs). Environmental policies promoting sustainable agriculture, forest
restoration, and regulated carbon markets are critical, especially in countries like
Brazil, Colombia, and Costa Rica (ZILBER and KOGA, 2011; CAIADO et al.,
2017).

However, developing nations often face financial, technological, and
institutional barriers to implementing these policies effectively (CONCEICAO et
al., 2017; COSTA et al., 2018). Brazil’s NDC under the Paris Agreement commits
to reducing total GHG emissions by 37% by 2025 and 43% by 2030 (based on
2005 levels), and aims for net-zero emissions by 2060, potentially anticipating
this goal based on global carbon market mechanisms (GIANETTI and FERREIRA
FILHO, 2021).

Sustainable land management and conservation practices not only
reduce emissions but also strengthen ecosystem and community resilience to
climate impacts (BOSSIO et al., 2020; CAMPOS et al., 2022). This study
therefore aimed to support the effective design of public policies by identifying
vulnerable areas and directing resources towards carbon-rich ecosystems
(Chapter 4).



Furthermore, in the global effort toward decarbonization and ecosystem
protection, this study highlighted positive feedback loops between European
heatwaves and increased CO, emissions from temperate ecosystems (Chapter
3). These findings emphasize how climate instability can accelerate soil organic
carbon losses, intensifying atmospheric CO, levels and reinforcing global

warming.

Thus, as a hypothesis, this work understands that the increase in
temperature, intensified by extreme events such as heat waves, accelerates
biogeochemical processes that increase soil CO, emissions and reduce organic
carbon stocks, compromising ecosystem resilience and hindering climate

mitigation efforts, especially in tropical and subtropical biomes.

Therefore, this research aimed to investigate the effects of climate
change on CO, emissions and soil organic carbon stocks, considering extreme
events (heat waves) in temperate ecosystems and the variables controlling
climate resilience in Brazilian biomes, with a view to proposing mitigation and

adaptation strategies.



CHAPTER 3 - THE INFLUENCE OF HEAT WAVES ON CO,
CONCENTRATIONS IN THE NORTHERN EUROPEAN FOREST
ECOSYSTEM: THE POSITIVE FEEDBACK CYCLE WITH CLIMATE
CHANGE

Abstract: Heat waves in Europe have become common in recent years, in terms of
frequency, magnitude and intensity. The objectives of this work are: i) to compare the
concentration of CO2 in the atmospheric column (xCO-), before and during the heat
wave in European forest ecosystems, and ii) to understand the vegetative and soil
variables that were most impacted by the heat stress period. This study used years 2015
and 2017 as the baseline (non-heatwave period) and the year 2021 as the heatwave
period. The most significant result was the statistical confirmation that higher
atmospheric CO2 concentrations were observed during the heat wave than in normal
times. During the heatwave period, the xCO, increased by 1.59 ppm compared to the
baseline. Daily variation peaked at +4.3 ppm (July 10) and dipped to —5.0 ppm (July 5),
with positive anomalies prevailing between late June and mid-July, the beginning of
thermal stress. In contrast, the baseline showed more frequent negative values during
the period, indicating greater atmospheric CO, removal., Linear regression analyses
revealed that xCO, responses varied by period. HR exhibited the strongest relationship
during the heatwave (R? = 0.32), suggesting that increased HR was associated with
higher xCO, levels. These results reinforce evidence that heat waves intensify the
carbon cycle imbalance in terrestrial ecosystems, acting as triggers for positive climate
feedbacks. The 1.59 ppm increase in XxCO, during the heat wave, combined with the
predominance of positive values during the period, suggests that such extreme events
compromise the capacity of ecosystems to act as carbon sinks, temporarily transforming
them into sources of CO, to the atmosphere.

Keywords: Heatwave; xCO,; Carbon NEE; Heterotrophic Respiration; LST Amplitude;
Soil Respiration

1. Introduction

The burning of fossil fuels, deforestation, and other industrial practices
contribute to the accumulation of greenhouse gases (GHGs) in the atmosphere,
particularly carbon dioxide (CO,), methane (CH4), and nitrous oxide (N20)
(IPCC, 2017, 2021, 2022). These gases trap heat in the atmosphere, causing
global warming (IPCC, 2017). According to the Intergovernmental Panel on
Climate Change (IPCC), the levels of CO,, CH4, and N20 have increased by
144%, 256%, and 121% above pre-industrial levels, respectively (IPCC, 2021).

The effects of climate change include more frequent and intense extreme
weather events, such as rising sea levels and changes in precipitation patterns
(IPCC, 2017). Heat waves may also become more identifiable and frequent in
this context of climate instability (AUDET et al., 2017; LHOTKA,; KYSELY, 2022;
RUSSO; SILLMANN; FISCHER, 2015).



In Europe, severe heat waves have been observed 12 times just this
century (IBEBUCHI; ABU, 2023; LHOTKA; KYSELY, 2022; RUSSO; SILLMANN;
FISCHER, 2015). A heat wave is characterized by a prolonged period of
exceptionally high temperatures compared to the climatological averages for the
region and time of year (LHOTKA; KYSELY, 2022). Some authors have
highlighted a Positive Climate Feedback effect between climate change and heat
waves (KERR; OCHSNER, 2020; YAN et al., 2022).

The stress caused by intense heat waves affects the cycle and emission
of GHGs in forests, wetlands, agriculture, and other ecosystems, directly resulting
in higher emissions of these gases (GERDOL; BRAGAZZA; BRANCALEONI,
2008; HUMBORG et al, 2019; LHOTKA; KYSELY, 2022). Given their
proportions, these emissions can increase GHG concentrations in the
atmosphere, worsening the current scenario (KERR; OCHSNER, 2020; NEVE;
PANNIER; HOFMAN, 1996; WANG et al., 2016).

High temperatures have a considerable impact on the respiration of
temperate climate ecosystems, affecting the biogeochemical processes that
control the release of CO, from the soil to the atmosphere (LIAN et al., 2023;
REICHSTEIN et al., 2005, 2013; TANG et al., 2020). In this sense, the soil also
plays a crucial role in storing and stabilizing the CO, removed from the
atmosphere by plant photosynthesis (BALL et al., 1997; CAMPOS; CERRI;
SCALA JR, 2022; FIGUEIREDO et al., 2017; MARIA et al., 2023).

The increase in soil respiration caused by intense and prolonged heat
accelerates microbial activity in the soil (NEVE; PANNIER; HOFMAN, 1996). The
metabolism of microorganisms through the decomposition of organic matter,
bacteria, and fungi can transform organic carbon stored in the soil over decades
or centuries into a flux of CO, to the atmosphere (FIGUEIREDO et al., 2017;
NEVE; PANNIER; HOFMAN, 1996).

It is worth noting that this process intensifies as the ecosystem warms,
thus increasing soil respiration rates (BLANCO-CANQUI; LAL, 2004; SIERRA,
2001). The stability rate of protected organic carbon in the soil is also impacted
(NEVE; PANNIER; HOFMAN, 1996). The exposure of carbon due to different

forms of stress results in changes in the quantity and quality of organic residues,
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making them more available to soil microbiology and consequently accelerating
the mineralization of organic matter (GMACH et al., 2020; NEVE; PANNIER;
HOFMAN, 1996; WANG; CAJA; GOMEZ, 2018).

In this context, remote sensing played a key role in this study by providing
consistent and spatially integrated data on environmental variables that influence
atmospheric CO,. Satellite-derived indicators allowed the detection of ecosystem
responses to heatwaves, supporting the identification of carbon-climate
feedbacks that would be difficult to capture with field measurements alone
(BOHNISCH; FELSCHE; LUDWIG, 2023; HAKKARAINEN; IALONGO;
TAMMINEN, 2016; KRASNOVA et al., 2022).

Building on this ability of remote sensing to reveal large-scale ecosystem
responses, the present study used satellite data to investigate how extreme
weather events, particularly heatwaves, affect the carbon cycle. This approach
allowed the formulation of a guiding research question focused on quantifying the
atmospheric impact of these events over time and space, especially in high-

latitude forest ecosystems that play a critical role in global carbon regulation.

This way, recognizing that climate change can lead to more severe heat
waves and vice versa, this study sought to quantify the impact of the most severe
heat wave of the last 10 years on the Subarctic climate forest of Sweden and
Finland (LHOTKA; KYSELY, 2022). Thus, the motivating question of this work
was: Is it possible to detect, through remote sensing tools, changes in
atmospheric CO, concentration (xCO, ppm) during a severe heat wave in Europe

compared to normal times (Baseline)?

As a hypothesis, this work posited that: i) more intense heat waves result
in reduced plant photosynthesis, impacting atmospheric CO, accumulation; and
i) such events also intensify soil and vegetation respiration, again impacting
atmospheric CO, accumulation. Therefore, two objectives were established for
this study: i) to compare the CO, concentration in the atmospheric column (xCO,)
before and during the heat wave in European ecosystems, based on years
outside heat waves; and ii) to understand and characterize the control variables
for this ecosystem, responsible for removing and supplying CO, concentrations

to the atmosphere.
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2. Materials and Methods

2.1. Study Areas

To determine the study area, the European land use and land cover map
was utilized (https://www.copernicus.eu/en), focusing especially on latitudes
between 60° and 70°, aiming to isolate homogeneous areas in this region. The
selection also aimed to identify regions that had experienced both high incidences
of heat waves and periods completely without any interference from these
climatic events (LHOTKA; KYSELY, 2022). Thus, the forest vegetation of
Sweden and Finland was isolated as the study area, as represented in Figure 1.

40 EU Fotést Sweteh!| |0
Word Map——7~

7 Torey
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Land Cover(100m v3.0.1 2019)
Bl Mo data

| Shrubs

| Herbaceous vegetation
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I Permancnt water bodies
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I Closcd forest, evergreen needle leal
- Closed forest, deciduous broad leal
- Closed forest, mixed

I Closed forest, unknown

B Open forest, evergreen needle leaf
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Open sea

Figure 1: Study area at the European and local level, with land use classified according to
Copernicus Global Land Operations “Vegetation and Energy”.

The forest vegetation of Sweden and Finland, with around 489.478 km?
(49 million hectares), is predominantly characterized by boreal forests. According
to the Kdppen classification, the region is identified as having a Subarctic climate
(Cfc) (CUI; LIANG; WANG, 2021). This climate is characterized by long, cold
winters and short, relatively mild summers (CUI; LIANG; WANG, 2021).
general, the predominant climate classification in Sweden and Finland is the cold
temperate climate (CUI; LIANG; WANG, 2021).
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Regarding the soil in the region, there are predominantly five classes:
Podzols, Histosols, Gleysols, Cambisols, and organic soils (HENGL et al., 2017;
SOILGRIDS250M2.0, 2022). All the identified soil classes generally contain a
high proportion of organic matter in storage and decomposition processes,
typically found in wet or waterlogged areas (HENGL et al., 2014; POGGIO et al.,
2017).

2.2, Characterizing Heat Waves and Baseline

To enable the comparisons proposed by this study, it was necessary to
also separate regions free from periods of heat wave events. Thus, the study
sought to compare periods of normal climatic conditions with periods identified
with heat waves according to Lhotka and Kysely (2022). By isolating a region
affected by an intense and prolonged heat wave, it became possible to observe
the adverse effects of these events on vegetation, which is the objective of this

study.

Additionally, it is worth noting that the temporal scope adopted by the
study, between 2015 and 2021, was chosen due to the availability of xCO, data
from NASA's OCO-2, which began being recorded at the end of 2014. Moreover,
the year 2021 was selected as the last year of the series as it coincides with the

last year characterized by Lhotka and Kysely (2022).

As illustrated in Figure 2 and described by Lhotka and Kysely (2022), the
years 2015 and 2017 were used as the baseline because the study area did not
experience heat waves during these years. On the other hand, the year 2021 was
chosen to determine the heat wave period, as it recorded a severe and
continuous 60-day heat wave affecting the studied ecosystem (LHOTKA;
KYSELY, 2022).
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Figure 2: Overview and flow of ideas for determining the Baseline and Heatwave periods, based
on Lhotka and Kysely (2022).

As a criterion for establishing the baseline (times of normality), it was
necessary to identify and isolate years in which the region studied here was not
impacted by heat waves (LHOTKA; KYSELY, 2022). Similarly, to determine the
heat wave period, an interval was sought in which the area continuously

experienced high-intensity heat).

2.2.1. Definition of Heat Wave for this Study: Heatwave

This work did not seek to determine the period of the heat wave. This
study used a heat wave determined according to standards adopted and
described by Lhotka and Kysely (2022), who identified 60 days of heat wave over
Europe in the summer of 2021, with persistent hot and dry air masses capable of
causing extremely high temperatures over the study region (LHOTKA; KYSELY,
2022; RUSSO; SILLMANN; FISCHER, 2015). Therefore, knowing the critical
period of this event, this study analyzed the complete historical series
characterized as a heat wave that occurred from June 18 to August 19, 2021
(LHOTKA; KYSELY, 2022).

Additionally, it is worth noting that after defining 2021 as the heat wave
period to be analyzed in this study, it was decided to adopt the 60 days of heat
wave that occurred that year as the reference interval to determine the periods
completely without heat waves for the study region, understood in this work as
the baseline (LHOTKA; KYSELY, 2022).
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2.2.2. Definition of Baseline for this Study: Baseline

The baseline in this study was established as periods completely without
heat wave events, that is, periods of climatic normality. To determine this period,
the standard adopted was from June 18 to August 19, 2021, exactly the same
days of the year when the heat waves occurred in the study area. Similarly, using
the characterization developed by Lhotka and Kysely (2022), this study
determined June 18 to August 19, 2015, and June 18 to August 19, 2017, as the
baseline scenarios completely without heat waves, to develop the comparisons

proposed by the work.

2.3. Data Collection, Resolution, and Other Attributes

This study sought to collect data capable of explaining the behavior of
atmospheric CO, and control variables inside and outside heat waves in Europe;
thus, the data were classified into four large groups of variables: carbon variables,
vegetation, soil, and climate. Table 1 organizes the groups of variables,
respective units of measurement, data collection sources and tools, as well as

the spatial and temporal resolutions of each studied variable.

Table 1: Studied variables classified into four groups: Carbon, Vegetative, Soil, and
Climatic.

Spatial Temporal

Variable Unit Sources Tools Resolution Resolution
(km) (Days)

Carbon
xCO, ppm NASA 0CO0-2 3x3 16
Carbon NEE' gCm=2day’ AppEEARS SPL4CMDL-006 9x9 1
HR? gCm=2day’ AppEEARS SPLACMDL-006 9x9 1
Vegetative
LAI® m?m- AppEEARS MCD15A3H-061 0.5x0.5
Fpar* % AppEEARS MCD15A2H-061 0.5x0.5
Borned Area Days AppEEARS MCD64A1.061 0.5x0.5 30
Solo
SSM®at5cm
depth m3*m-3 AppEEARS SPLASMGP-006 9.0x9.0 1
LST® Amplitude °C AppEEARS MOD11A1-061 1.0x1.0 8
LST® Day °C AppEEARS MOD11A1-061 1.0x1.0 8
LST® Night °C AppEEARS MOD11A1-061 1.0x1.0 8
Climaticas
RH’ % NASA Power TERRA-2 22,4x55,7 1
Precipitation mm day”’ NASA Power TERRA-2 22,4 x 55,7 1
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Temp.,a2m °C NASA Power TERRA-2 22,4x55,7 1
Max. Temp.8 at

2m °C NASA Power TERRA-2 22,4 x 55,7 1
Min. Temp. 8 at
2m °C NASA Power TERRA-2 22,4 x 55,7 1
Range Temp®a
2m °C NASA Power TERRA-2 22,4 x 55,7 1
Wind at 10 m ms”’ NASA Power TERRA-2 22,4x 55,7 1

1 - Carbon Net Ecosystem Exchange; 2 - Heterotrophic Respiration; 3 - Leaf Area Index; 4 - Fraction
Photosynthetically Active Radiation; 5 - Surface Soil Moisture; 6 - Land Surface Temperature; 7 - Relative
Humidity; and 8 - Temperature.

Such an organization of variables aimed to facilitate the understanding
between variables that seek to directly understand atmospheric CO,, carbon
group variables, and control variables from the vegetation, soil, and climate
groups. Vegetative variables are essential because, during photosynthesis,
atmospheric CO. is captured by plant leaves and used in the synthesis of sugars,

which is important for understanding the control variables of atmospheric CO,.

In order to characterize the chemical and physical attributes of the study
area, five random sampling points were selected, representing the two most
prevalent soil groups in the region. All details were shown in table 2. The data
presented in the table were obtained from the SoilGrids platform, which provides
detailed global information on soil properties.

Table 2: Physicochemical Characteristics of the Predominant Soils in the Study Area (30
cm).

CEC

Longitude Latitude Depth Gic:;:)s SOC  Clay Sand Silt (at pH 7) WF:t-Ier
t/ha g/kg g/kg g/kg mmol(c)kg
25.2182 63.8866 82 121 568 311 181 5.2
24.4464 68.2635 56 108 564 328 216 5
22.7759 68.6754 30cm Cambisols 75 71 615 314 213 5.1
14.001 62.2137 58 68 549 383 158 5.1
19.2146 67.0967 77 72 545 383 201 4.9
20.224 64.3431 63 72 577 351 200 4.8
25.0522 65.9035 81 125 542 333 210 4.9
27.310 64.5267 30cm  Podzols 99 66 686 248 211 5
20.2977 64.6919 65 73 590 337 190 4.8
27.5855 64.6185 62 60 637 303 163 4.8

CEC: Cation exchange capacity
SOC: Soil organic carbon stock

Each point corresponds to the 30 cm depth layer, allowing for a precise

comparison of edaphic characteristics. This approach provides a consistent basis
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for contextualizing the interrelationships between climate, plant, and soil - key

aspects for understanding the impacts of heat waves in the region.

2.4. Data Collection and Geospatial Standardization of Data Collection

2.4.1. xCO;,, Average Concentrations of CO; in the Atmospheric Column

The variable xCO, represents the concentration of carbon dioxide (CO,)
in the atmospheric column, expressed in parts per million (ppm). This data was
obtained from NASA's OCO-2 (Orbiting Carbon Observatory-2) mission (O'DELL
et al.,, 2012). The xCO, is determined by the satellite using infrared imaging
spectrometer sensors capable of detecting infrared radiation emitted by the Sun
and reflected by the Earth (Crisp et al., 2012; O’Dell et al., 2012; Saunois et al.,
2016). The temporal resolution, or satellite revisit time, provided by OCO-2 is 16
days, and the spatial resolution is approximately 3 x 3 km (O’'DELL et al., 2012;
SOMKUTI et al., 2021).

It is important to highlight that the xCO, variable was determined as a
key parameter for collecting control variables data, being responsible for defining
the geographic center for collecting other variables. The centroid is the central
point of data collection made by the sensor on board the satellite. Therefore, the
xCO, collection point, i.e. its latitude and longitude, was adopted as the default
collection point for all other variables (MARGHANY; HASHIM, 2009).

This approach was necessary to increase the reliability of the data
collection process, ensuring that the variables collected subsequently were
directly at the same collection location determined by OCO-2 (CAMPQOS; CERRI;
SCALA JR, 2022). Furthermore, it is important to highlight that the xCO, data
were corrected from the linear global accumulation trend, allowing a consistent

comparison of the 2015 and 2017 concentrations with those recorded in 2021.

Furthermore, to ensure that comparisons between years reflected local
ecosystem dynamics rather than the global trend of increasing atmospheric CO,
concentrations, linear regression was applied to remove the global accumulation
signal from the xCO, dataset. This allowed for the correction to isolate interannual
variability specifically associated with heatwave conditions, enabling a more

accurate comparison between the reference years (2015 and 2017) and the
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heatwave year (2021). The same approach was used in articles such as
CAMPOS et al. (2022); da COSTA et al. (2021); MORAIS FILHO et al. (2021);
and SOUZA et al. (2025).

2.4.2. Net Ecosystem Exchange of Carbon (Carbon NEE)

The Carbon Net Ecosystem Exchange (NEE) refers to the net exchange
of carbon between an ecosystem and the atmosphere (Lian et al., 2023),
quantifying the difference between the amount of CO, absorbed by the
ecosystem through gross primary production (GPP), and the amount released
through plant (autotrophic) and non-plant (heterotrophic) respiration, as
highlighted in Figure 3A (CHAPIN et al., 2006; HINKO-NAJERA et al., 2017).

The Carbon NEE (Level-4 L4, SPLACMDL) provides daily global grid
estimates of the net CO, exchange through a terrestrial carbon flux model based
on satellite data (ZHANG et al., 2023). Generally, Carbon NEE is calculated from
four main steps: direct measurement of atmospheric CO,; modeling and
simulation; incorporation of meteorological and soil data; and analysis of net
carbon exchange (CHAPIN et al., 2006).

Figure 3A was created to schematize the Carbon NEE variable and the
factors capable of influencing CO, exchange, focusing especially on vertical
carbon fluxes. Equation 1 represents the gas exchanges shown in Figure 3.
Equation 1 was adapted from Chapin et al., (2006), and Hinko-Najera et al.,
(2017), considering CO, exchanges between the ecosystem and atmosphere, for

the interaction between vegetation, soil, and the atmosphere.

NEE = GPP -HR - AR eq.1

Where: NEE is the net ecosystem exchange of carbon; GPP is the Gross Primary Production;
HR represents heterotrophic respiration; and AR represents ecosystem autotrophic respiration.

In relation to the CO, removals highlighted in Equation 1, GPP (Gross
Primary Productivity) refers to the total amount of carbon fixed by plant
photosynthesis (ZHANG et al., 2018). Regarding emissions, HR (heterotrophic
respiration) refers to the amount of carbon released by the soil due to microbial
respiration and the decomposition of organic matter (CHAPIN et al., 2006). For
emissions, AR (autotrophic respiration) refers to the respiration of the plants

themselves (CHAPIN et al., 2006). The balance between emissions and
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removals produces Carbon NEE, representing the net carbon exchange between
the ecosystem and the atmosphere (GERDOL; BRAGAZZA; BRANCALEONI,
2008).

2.4.3. Heterotrophic Respiration (HR)

The Heterotrophic Respiration (HR) variable represents the amount of
CO, released by the metabolic processes of heterotrophic organisms, such as
microorganisms, fungi, and animals, during their metabolic respiration,
particularly in the decomposition of organic matter in the soil (YAN et al., 2022).
To calculate this variable, NASA uses computational models, through
observational data, temperature, air humidity, soil type, and other factors, to

predict heterotrophic respiration on a global scale (KONINGS et al., 2019).

2.4.4. Vegetative Variables

LAl (Leaf Area Index) and FPAR (Fraction of Photosynthetically Active
Radiation) are available on NASA's AppEEARS platform (AppEEARS, 2022),
and are determined from remote sensing data collected by satellites such as
MODIS (Moderate Resolution Imaging Spectroradiometer) aboard the Terra and

Aqua satellites.

LAl is calculated using a combination of algorithms and models that use
the spectral characteristics of vegetation observed in satellite images (REEVES
et al., 2003). LAI represents the total leaf surface area per unit of land area,
expressed in m?)m? (CLEUGH et al., 2007; MYNENI et al.,, 2022). The
calculations consider the light reflected by the leaves, and after being validated
and calibrated with field data, the results are made available (MAJASALMI et al.,
2015; REEVES et al., 2003).

FPAR, in turn, is a measure of the amount of photosynthetically active
solar radiation absorbed by vegetation in a given area and period (MYNENI et
al., 2019). This variable is calculated from reflectances measured in different
bands of the red (RED) and near-infrared (NIR) bands (SELLERS et al., 1997;
YANG et al., 2006; ZHU et al., 2010). The result is a measure of the fraction of
photosynthetically active radiation absorbed by vegetation in a given area
(SELLERS et al., 1997).
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2.4.5. Soil Variables
The Soil Moisture (SPL4SMGP-006) variable is a product of NASA's Soill

Moisture Active Passive (SMAP) mission. Soil moisture represents the amount of
water present in the soil, expressed in m*¥m®* (MARIA et al.,, 2023). The
SPL4SMGP-006 product uses data collected by the SMAP L-band radiometer
instrument, which measures microwave radiation emitted by the Earth's surface
(MARIA et al., 2023).

The Land Surface Temperature (LST) variable, for day, night, and
amplitude, is expressed in °C and calculated from Thermal Infrared Spectral (TIR)
measurements (MUTIIBWA; STRACHAN; ALBRIGHT, 2015) taken by MODIS-
EARTH (APPEEARS, 2022). The Land Surface Temperature and Emissivity
(LSTandE) (APPEEARS, 2022) is obtained in 1 km pixels by the split-window
algorithm, and the MOD11A2 product provides land surface temperature and

emissivity (https://Ipdaac.usgs.gov/products/mod11a2v006/).

The LST Amplitude is the difference between LST for Day and Night, as
presented in Equation 2. This equation was developed to describe how the

variable was determined and calculated by Campos et al., (2022).

LST Amplitude = LST Day — LST Night eq.2

Where: LST Day is the Land Surface Temperature during the day; and LST Night is the Land
Surface Temperature during the night.

In the algorithm, surface emissivity is estimated based on land cover
types, air temperature, and water vapor column (WAN, Z., S. HOOK, 2015). For
both daytime and nighttime LST, emissivity is retrieved from observations in
seven TIR (Thermal Infrared) bands (FREITAS et al., 2013; WAN, Z., S. HOOK,
2015). LST represents the balance between vegetation and bare soil
temperatures, also influenced by soil moisture, vegetation cover, and albedo
(FREITAS et al., 2013; MUTIIBWA; STRACHAN; ALBRIGHT, 2015; WAN, Z., S.
HOOK, 2015).

2.4.6. Climatic Characteristics

The variables determined as Relative Humidity (RH), Precipitation, and
Temperature at 2 meters (maximum, minimum, and range) available on the

NASA POWER platform are determined through a combination of observational
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atmospheric data (CHOUDHURY, 1987; HUMPHREY et al., 1996; TODD et al.,
2001).

For Relative Humidity and Precipitation, meteorological satellites provide
images used to monitor atmospheric moisture and cloud patterns, estimating
these variables in different regions of the world. These data are compared and
corrected based on data from Ground Meteorological Stations, providing direct
measurements of relative humidity and precipitation in specific locations
(FAIRALL et al., 2003; HUFFMAN et al., 2007; HUMPHREY et al., 1996; TODD
et al., 2001).

Atmospheric temperature data are collected from globally distributed
ground meteorological stations (CHOUDHURY, 1987). Besides direct
observations, atmospheric models are used to fill gaps in observational data and
to provide temperature estimates in locations without meteorological stations
(CHOUDHURY, 1987). Temperature estimates are validated using comparisons
with independent observational data from meteorological stations
(CHOUDHURY, 1987; DA COSTA et al., 2023; DORIGO et al., 2013; MORAIS
FILHO et al., 2021).

2.4.7. Wind Speed
The Wind Speed variable at 10 meters from the NASA POWER platform

(https://power.larc.nasa.gov/) is calculated using atmospheric models and
meteorological observation data (NASA, 2023). This tool uses high-resolution
global atmospheric models based on variables such as temperature, pressure,
humidity, and air movement (ZHANG et al., 2018). These models are verified and
validated using observational data, including data from ground meteorological
stations, ocean buoys, weather balloons, and satellites (MORAIS FILHO et al.,
2021; NASA, 2023; ZHANG et al., 2018).

2.4.8. Fire Occurrence

The Burned Area product (MCD64A1) from NASA characterizes changes
in vegetation structure due to forest fires (APPEEARS, 2022). The MCD64A1 is
a product of the MODIS sensor, providing information on the globally burned

area. The algorithm analyzes daily changes in surface reflectance to locate rapid
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changes and detect the approximate date of the fire, mapping the spatial extent

of recent fires.

In this study, to help detect the start and end dates of any fire
occurrences, the variables ‘First_Day’ and ‘Last_Day’ were also used. Therefore,
to ensure that the data analyzed in this study were not affected by fires, a survey
of the total burned area in the study region during the investigated heat wave
period was conducted. It is worth noting that no forest fires were recorded in the

study area during the analyzed period.

2.5. Data Treatment and Statistical Analyses

2.5.1. Comparing Atmospheric xCO, for Heatwave and Baseline

To develop the analyses characterizing the comparisons proposed by
this work between Heatwave and Baseline, Equation 3 was developed, which
compares the average normality period (baseline) with the studied heatwave

period.

XCO; peita = XCO3 observed (Heatwaves; 2021) — XC O3 baseline (daily averages) eq.3

Where: xCO, Delta refers to the carbon dioxide concentrations in the atmospheric column; xCO,
Observed represents the values observed during the 60-day period characterized as a heat wave
in 2021; and xCO, Baseline represents the average of the values observed during the normal
periods in 2015 and 2017.

The daily heat wave data minus the average daily baseline data over the
studied area were able to demonstrate how much higher the atmospheric CO,
concentration was during the heat wave compared to normal times. More details
about these observations are presented in the results section and discussed in

the discussion section.

It is important to note that the environmental variables were not observed
simultaneously on all days, and some datasets contained missing values
throughout the study period. For the purpose of the time series analysis
presented in this section, these missing values were removed to ensure the

consistency and reliability of the plotted data.

It is worth highlighting that the innovative aspect of this study lies in the
adaptation of a comparative anomaly-based approach, commonly applied in

climatological studies, to assess atmospheric CO, concentrations (xCO,) during
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heatwave events. By constructing a daily delta metric (A xCO,) between the 2021
heatwave and the reference years (2015 and 2017), this method allows a
standardized and temporally consistent analysis of xCO, dynamics. Although
inspired by approaches used in studies of temperature and precipitation
anomalies, its application to satellite-derived xCO, data represents a novel

contribution to climate science.

2.5.2. Descriptive Statistics and Hypothesis Testing: Student’s t-test and
Wilcoxon-Mann-Whitney Test

Descriptive statistics were calculated for two distinct data groups:
Baseline data, represented by the average daily observations from 2015 and
2017, and Heatwave data, consisting of the observations from 2021.
The statistical summary included maximum, minimum, median, mean, and the

first and third quartiles for each variable in both periods.

Hypothesis tests were applied to assess the significance of differences
between the baseline and heat wave periods. Before performing these tests, the
normality of the data distribution was assessed using the Shapiro-Wilk test.
Based on the results, when normality was confirmed, the Student's t-test was
used to compare the means between the two groups. On the other hand, when
normality was not observed, the Wilcoxon-Mann-Whitney test was applied as a

nonparametric alternative to compare the medians.

This adaptive approach ensured that the appropriate statistical test was
used for each variable, depending on the distributional characteristics of the data,

thus increasing the robustness and validity of the comparative analysis.

2.5.3. Stepwise Analysis Combined with Principal Component Analysis (PCA)

In this study, Principal Component Analysis (PCA) was used in
combination with Stepwise regression analysis to address multicollinearity and
optimize the selection of explanatory variables. Multicollinearity occurs when two
or more independent variables exhibit strong linear relationships, which can

compromise the reliability and interpretability of regression models.

Before performing PCA, all variables were standardized to ensure that

the analysis was not biased by differences in units or magnitudes. This
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transformation allowed a fair comparison between variables expressed on
different scales (e.g., °C, ppm, m?/m?), preserving the structure of the data and

eliminating scale effects.

PCA is a dimensionality reduction technique that transforms the original
variables into a smaller set of uncorrelated components, preserving most of the
variability of the data. Stepwise regression, in turn, is a variable selection method
that iteratively adds or removes predictors based on statistical criteria, identifying

the variables that best explain the dependent variable.

After removing highly collinear variables, identified in the PCA by the
proximity and orientation of their vectors, the stepwise procedure was applied.
This allowed the identification of the climate, vegetation and soil variables most

relevant to explaining the behavior of the dependent variable, xCO,.

3. Results

3.1. Results on Atmospheric xCO, for Heatwave and Baseline

The Figure 3 was developed using Equation 3. This analysis aimed to
establish a comparative relationship between the atmospheric xCO, (ppm)

values observed during the heat wave period and the normal period (baseline).
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Figure 3: Column CO, concentrations in the atmospheric (xCO:) for Baseline and Heatwave periods, based on the application of Equation 2: where A shows
a Boxplot and data distribution; and B shows the temporal distribution of the data during the studied heatwave (2021).
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The temporal distribution of the data further highlights the disparity in
comparison, as most of the time series values are higher than those of the
baseline (Fig. 3 B). Frequent peaks of high xCO, concentration can also be
observed, with a few moments of lower concentration than the baseline, such as
on June 29 and July 6, where the values reached -2.8 ppm and -5.0 ppm,

respectively.

3.2. Hypothesis Testing

In this study, Table 3 sought to associate descriptive statistics and
hypothesis tests for the pair of variables analyzed. This analysis allowed us to
understand the variability of the data and supported the choice of the most
appropriate inferential tests. To conduct the hypothesis tests, the normal
distribution of the data was assessed using the Shapiro-Wilk test and histogram
distribution.

Table 3: Descriptive statistics, data distribution characteristics and hypothesis testing
(Student's t-test and Mann-Whitney test) for unprocessed data.

Group and Unit Class Skew- Kurto-

Variables Min Median Mean Max  SD ness sis p-value®#*

Carbon

xCO, ppm Bl 396.8 4058 405.1 412.8 263 -046 -0.37 ot
ppm  Hw 396.7 407.5 4072 4146 2.29

Carbon gCm-

NEE Sday! Bl 288 -050 -046 257 078 013 -0.54 -
JOM Hw 277 043 040 315 1.05
ay

HR? gé]m_} Bl 059 131 134 215 026 012 -0.69
Cr‘:‘_ t-test
gd " Hw 073 159 158 232 0.31
ay

Vegetation

LAl m2m2 Bl 010 180 189 690 114 095 143
m2m2  Hw 010 220 230 680 1.17

Fpar % BI 005 069 066 097 018 -098 1.16 U test
% Hw 006 074 072 097 0.14

Soil

Soil 011 032 039 076 018 116 -0.35

Moisture m3m3 Bl ' ' ' ' ' ' ' U test
mém3  Hw 010 031 037 077 0.8

LST

Amplitude °C " 1874 790 7.79 2910 3.86 -0.16  0.97 et
°C Hw  -18.04 838 825 3032 3.73

LSTDay  °C BI 817 1779 1763 3459 3.83 009 0.1 Ctost
°C Hw 389 2177 2170 3509 4.87
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LST Night °C BI -13.17  9.89 9.84 2293 3.00 0.08 0.54 test

°C Hw 619 1361 1346 2573 4.15

Climate

RHat2m % BI 5365 83.34 8296 97.72 6.88 -0.21 -0.38 ot
% Hw 53.18 80.53 80.90 98.61 7.52
mm

Precipitation day’ B 000 156 349 67.83 506 3.80 27.03 et
mm 000 1.02 339 10637 6.13
day Hw

Temperature

ot 2m oG Bl 257 1280 1273 2275 243 041 046 ot
°C Hw 597 1495 1526 24.99 3.45

Max.

Temperature 458 16.33 1623 2823 291 036 042

at 2m °C BI t-test
°C Hw 851 18.79 19.07 30.34 4.01

Min.

Temperature 0.07 8.70 8.63 1853 247 0.29 0.17

at 2m °C BI t-test
°c Hw 129 1071 10.88 21.13 3.19

Range

Temperature 076 748 7.60 1654 221 023 -0.06

at 2m °C BI t-test
°C Hw 109 812 819 17.88 240

Wind at 10m ms' Bl 049 191 200 7.04 068 109 201 20.05
ms'  Hw 062 188 203 742 075 P>

1 - Carbon Net Ecosystem Exchange; 2 - Heterotrophic Respiration; 3 - significant for Student's
t-test; 4 -significant for Mann-Whitney test (U test); Bl — Baseline; Hw — Heatwave; SD — Standard
Deviation.

Based on these tests, when the data presented a normal distribution, the
Student's t-test was used for comparisons between groups; when normality was
violated, the Mann-Whitney test (U test) was applied. In addition, for model
performance evaluation, an RMSE below 2 gC m™ d™' was considered
satisfactory for NEE, while an RMSE below 1 gC m™ d™" was considered

satisfactory for RH.

3.3. Temporal and linear regression analyses of atmospheric xCO, and
control variables for baseline and heatwave

Figure 4 was created to provide a general overview of the data behavior
within the studied time series. To facilitate visualization of the maximum and
minimum points, a dashed line representing the overall average of the data was
added. For xCO, during the normal and heatwave periods, the following
concentrations were recorded: the maximum values were observed on June 24
(409.7 ppm), June 27 (409.5 ppm), July 1 (409.15 ppm), July 18 (407.26 ppm),
and July 24 (406.85 ppm).
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Linear regression analysis was used in this work to describe the
predictive capacity for the heatwave and baseline periods. As shown in Figure 5,
no statistical difference was observed for both periods studied only for the

variables: Fpar; LST Amplitude; and temperature range.

Another important factor was the inversion of the regression line trends
for the variables: Carbon NEE; HR; LAI; Fpar; LST Temperature; Precipitation;
Temperature; maximum temperature and temperature range. However, except
for the variable Precipitation, all results showed significance for only one period,
either heatwave or baseline. It is worth noting that environmental variables were
not observed simultaneously on all days, and some data sets presented missing
values throughout the analyzed period. Additionally, the black line (Figure 4),
represents the overall mean of the time series, calculated independently of data
classification, that is, it reflects the average across both the baseline and

heatwave periods.
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Figure 4: Comparison between the daily mean of baseline (red) and heatwave (blue) time series and the overall mean (black line) for the Carbon, Vegetation
and Soil data classes.
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The relationship between xCO, and Carbon NEE was found to be
significant only for the baseline period, indicating a linear growth trend, with a
coefficient of determination (R?) of 0.084 and a p-value of less than 0.01. For the
variables HR and LAI during the heatwave, both showed statistical significance
and an increasing trend line, with R? of 0.32 and p < 0.001 for HR, and R? of 0.65
and p < 0.001 for LAI. Regarding the SSM variable, a negative relationship with
xCO, was observed for both the baseline and heatwave periods, both statistically

significant, with p-values less than 0.01 and 0.001, respectively.

3.4. Stepwise Models for Selecting Variables Capable of Explaining xCO,
Baseline, and xCO, Heatwave

Principal Component Analysis (PCA) was used in this work to exclude
variables that present collinearity, in order not to compromise the accuracy of the
subsequent Stepwise analysis. The main conclusion of this analysis was to
identify the variables xCO,, LST Day, relative humidity, and Minimum
Temperature. These variables were excluded from the set of independent
variables for the Stepwise analysis, in order to avoid collinearity. A total
explanatory capacity of 61.5% of the data variance, with the first principal
component (Dim1) explaining 41.1% of the data variance, while the second
(Dim2) explained 20.4%.

Table 4: Best subset regression for the Stepwise model, excluding xCO, (ppm), HR, and
Carbon NEE as independent variables.

Variable Predictive Parameters

Dependent Number of  Adj.
Independent Variables R? MSEP
xCO, Baseline SSM; Fredipitation; o311 0.99  0.01
par
SSM; LST Night;
xCO, Heatwave Range 04/11 0.99 0.004

Temperature; Fpar

MSEP: Mean Squared Error of Prediction
SSM: Surface Soil Moisture

For modeling xCO, behavior during the Baseline, the model used 3 out
of 11 independent variables: SSM, Precipitation, and Fpar, with an adjusted R?
of 0.99, MSEP of 0.01, and FPE of 0.009. Additionally, for xCO, during the
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Heatwave, the model used 4 out of 11 independent variables, with an R? of 0.99,
MSEP of 0.004, and FPE of 0.001.

4. Discussion

4.1. How Does Heterotrophic Respiration Explain Higher Atmospheric CO,
Concentrations During Heatwaves?

To understand the atmospheric CO, concentrations during the periods
studied, it was important to determine if any fire outbreaks at the location,
especially during the heatwave, could have influenced the data. It is noteworthy
that no fire outbreaks were observed during the heatwave period studied here,

increasing the reliability of the developed relationships.

This verification was crucial because, as demonstrated by Maria et al.,
(2023) in their study of the influence of fires on atmospheric CH4 (methane)
concentration and xCO, anomalies, forest and agricultural fires can significantly
impact the composition of atmospheric CO,, as well as other greenhouse gases
(GHGs).

Another important verification conducted by the study to enable analyses
of the heatwaves' impact on the ecosystem was understanding wind speed during
the studied periods, both for normal (baseline) and heatwave periods. Studies by
Mousavi and Falahatkar (2020) and Siabi et al., (2019) highlighted the effects of
wind on CO, concentrations in different land uses in Iran. It is noteworthy that no
statistical differences were observed between wind speeds within and outside the
heatwave period, increasing the reliability of the relationships developed in this

work.

Wind can influence atmospheric xCO, values, especially by dispersing
CO, emitted by the studied ecosystem or bringing gases from other locations
(MOUSAVI; FALAHATKAR, 2020). Besides unwanted effects on the data, wind
speed also influences gas exchanges between the atmosphere and vegetation,
as it can increase the rate of CO, exchange between plants and the atmosphere,
affecting atmospheric xCO, (CAMPOS; CERRI; SCALA JR, 2022).

Campos et al., (2022); da Costa et al., (2021) and Morais Filho et al.,

(2021), highlighted important statistical mechanisms, also used in this work, as
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ways to control and reduce wind effects on xCO, data. Data volume, comparative
time series, and data standardization mechanisms, such as outlier treatment, are
important tools for better understanding and accuracy of observed xCO, data
(CAMPOS; CERRI; SCALA JR, 2022; DA COSTA et al., 2023; MOUSAVI;
FALAHATKAR, 2020).

As described at different points in this work, determining periods of
normality and heatwaves, and their respective locations of occurrence, was
based on the descriptor periods (LHOTKA; KYSELY, 2022). This work by Lhotka
and Kysely (2022) is based on a long historical series of climatic parameters to
determine heatwave periods. Data such as precipitation, temperature, and
maximum temperature, among others, determine two important factors:
magnitude and intensity of the heatwave (LHOTKA; KYSELY, 2022).

According to the authors, magnitude represents the overall severity of a
given heatwave, considering its duration, affected area, and normalized
temperature anomaly (LHOTKA; KYSELY, 2022). Additionally, the intensity of a
heatwave was calculated by the authors as the magnitude divided by the duration
of the wave, thus highlighting short-duration events with large positive maximum
temperature anomalies (LHOTKA; KYSELY, 2022). Moreover, the magnitude of
the heatwave was also calculated separately for each of the nine regions studied.
Thus, according to Lhotka and Kysely (2022), the heatwave was attributed to
regions where the magnitude was greater than the average calculated across all

regions.

In agreement with Lhotka and Kysely (2022), high temperatures and
lower precipitation levels were also observed during heatwave periods compared
to normal periods. Even using different databases, the data confirmed the
observations made by Lhotka and Kysely (2022). Additionally, it was possible to
observe in the time series and in the statistical hypothesis tests that the climatic
variables were significantly higher within the heatwave. These patterns align with
past extreme heat events documented in previous studies on heatwaves in
Europe (IBEBUCHI; ABU, 2023; LHOTKA; KYSELY, 2022; RUSSO; SILLMANN;
FISCHER, 2015).
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The relationship established from equation 3 allowed us to understand
that xCO, was higher during the heatwave period compared to the baseline
period. The values organized in boxplots show that during the heatwave period,
there was an average of 1.59 ppm more CO, in the atmosphere. Observing the
time series, this assertion becomes even more evident, as during much of the
studied period, xCO, values were significantly higher compared to the baseline
period, with peaks reaching 4.3 ppm and 4.8 ppm on July 11 and July 26,
respectively. Significant removal peaks were also observed, such as on June 29

and July 6, when values reached -2.8 ppm and -5.0 ppm, respectively.

One explanation for the observed removal values during the heatwave is
the significant capacity of the studied ecosystem to enhance vegetative variables
during the heatwave compared to the baseline. According to the hypothesis tests,
a difference between the normal and heatwave periods was observed, with higher
Fpar and LAl values during the heatwave. This aspect highlights the idea that
higher temperatures over the ecosystem during the heatwave produced a positive

effect by intensifying vegetation's ability to capture atmospheric CO,.

An inverse observation was made by da Costa et al., (2021), who found
an inversely proportional relationship between higher temperature values and LAI
(Leaf Area Index), SIF (Solar-Induced Fluorescence), and consequently xCO, in
tropical agricultural production systems. Thus, under these conditions, high
temperatures negatively impact vegetation's photosynthetic capacity, making it
less able to capture CO, from the atmosphere; consequently, higher xCO, values
were observed (DA COSTA et al., 2021; MORAIS FILHO et al., 2021). Therefore,
contrary to what was observed in tropical climates, the temperate ecosystem
focused on this study demonstrated an enhanced photosynthetic capacity under

higher temperatures produced by the heatwave.

The linear regression developed for xCO, and LAI for the studied periods
showed that, despite being higher for hypothesis tests, the relationship was
significant only for the heatwave period, with the highlight of this result being the
positive relationship between the variables. In general, as observed in classical
studies on the subject (HOWE, 2015; KEELING; BACASTOW; BAINBRIDGE,
1976; KENEA et al., 2021), an increase in leaf area directly impacts the system's
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photosynthetic capacity to remove CO, from the atmosphere, demonstrating a
negative relationship. However, for this study, a significant positive relationship
was observed for the heat wave, where even with the increase in leaf area, the
vegetation did not show a strong impact on xCO, values (KEELING;
BACASTOW; BAINBRIDGE, 1976; MARIA et al., 2023).

Analyzing the linear regression results between HR and atmospheric
xCO,, significance was observed only during the heatwave period, with a positive
trend in the regression line's slope. This indicates that only during the heatwave
was there a significant impact of soil respiration on atmospheric CO,
concentrations, suggesting that an increase in heterotrophic respiration is
associated with higher xCO, values during the heatwave (KERR; OCHSNER,
2020; NEVE; PANNIER; HOFMAN, 1996; WANG et al., 2016).

These results highlight that, in terms of emission balance, the studied
ecosystem became more efficient in removing CO, during the heatwave (HINKO-
NAJERA et al., 2017; ZHANG et al., 2023). However, this CO, capture was not
sufficient to result in a negative emission balance, as the system's HR was
significantly more intense in emitting CO, during the heatwave compared to the
baseline (KERR; OCHSNER, 2020; TANG et al., 2020; WANG; CAIl; SANTOSO,
2021; YAN et al., 2022).

The variable capable of expanding knowledge regarding this effect is
Carbon NEE. For the hypothesis test, Carbon NEE was negative in both study
classes, especially because the study period was during the summer, the season
responsible for the highest CO, removals from the atmosphere (CAMPOS;
CERRI; SCALA JR, 2022; HOWE, 2015; KEELING; BACASTOW; BAINBRIDGE,
1976; SMITH et al., 2019). Additionally, statistical significance and a positive
relationship between Carbon NEE and xCO, were observed; therefore, the more
positive NEE is, the higher the atmospheric CO, concentration (GOMES;
ARAUJO, 2018; HINKO-NAJERA et al., 2017).

A positive Carbon NEE refers to the net balance of CO, exchanges
between the ecosystem and the atmosphere over a certain period (HINKO-
NAJERA et al., 2017; ZHANG et al., 2023). When Carbon NEE is positive, it

means that the ecosystem is releasing more CO, into the atmosphere than it is
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absorbing, acting as a CO, source (HINKO-NAJERA et al., 2017; LIAN et al.,
2023; REICHSTEIN et al., 2005; ZHANG et al., 2023).

The main indication capable of explaining more positive Carbon NEE
values during heatwaves is soil microbial respiration and vegetation autotrophic
respiration when not photosynthesizing (REICHSTEIN et al., 2005; TANG et al.,
2020). In general, high Carbon NEE values are usually associated with situations
where the respiration and organic matter decomposition rate, represented in this
work by the HR variable, exceeds the rate of photosynthetic CO, capture
(CHAPIN et al., 2006; HINKO-NAJERA et al., 2017).

4.2. Positive Feedback and Practical Implications of the Accepted
Hypothesis in This Study

The results presented here allow us to reject the first hypothesis of this
study, which suggested that the heatwave could: i) cause a reduction in plant
photosynthesis due to thermal stress, resulting in higher xCO, values in the
atmosphere. Thus, this hypothesis was discarded based on the results of
statistical analyses and the reviewed scientific literature, as they indicated that
vegetation actually increased its photosynthetic capacity, resulting in the removal

of CO, from the atmosphere.

On the other hand, it is also important to argue the confirmation of the
second hypothesis of this study, which posited that the heatwave would: ii)
intensify soil respiration due to the metabolic acceleration of its microbiology,
resulting in higher xCO, values in the atmosphere. Thus, even with the positive
response of vegetation during the heatwave, it was possible to observe higher
xCO, levels compared to normal periods, demonstrating this to be the main factor
for understanding atmospheric CO, concentrations during heatwave events in
temperate natural ecosystems (AUDET et al., 2017; HUMBORG et al., 2019;
KWON et al., 2021).

These results highlight a positive feedback effect between the ecosystem
under heatwaves and climate change (AN et al., 2022; HUMBORG et al., 2019;
KRASNOVA et al., 2022; WOODALL et al., 2012). In terms of emission balance,
the studied ecosystem became more efficient in removing CO, during the

heatwave; however, this CO, capture was not greater than the emissions caused
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by the system's heterotrophic respiration (YAN et al., 2022). Therefore, overall,
the atmospheric CO, capture driven by higher temperatures was not sufficient to
make the net emissions balance negative, especially since the high temperatures

also increased CO, emissions caused by soil heterotrophic respiration.

Positive feedback is especially concerning for this ecosystem because,
as observed in this study, its soils are large carbon organic storage reservoirs
(HENGL et al., 2017; SOILGRIDS250M2.0, 2022). According to data from the
SoilGrids250m2.0 (2022) platform, the estimated average carbon stocks in the
region range between 65 and 95 tons per hectare, values higher than those
observed in tropical forests, such as the Amazon, where average estimates range
between 40 and 70 tons per hectare (BOSSIO et al., 2020; HENGL et al., 2014,
2017; POGGIO et al., 2017).

These characteristics indicate that in temperate ecosystems, the effect
of positive feedback caused by high temperatures can be more compromising for
soil organic carbon stocks (DAVIDSON; JANSSENS, 2006; NEVE; PANNIER;
HOFMAN, 1996; WANG et al., 2016). Generally, temperate forests tend to have
more carbon stocks in the soil than tropical forests, especially due to the recurrent
lower temperatures in their formation, which reduce microbial activity in the soil
in the long term, producing a slower rate of organic matter decomposition and
consequently accumulation (BOSSIO et al.,, 2020; DAVIDSON; JANSSENS,
2006; LUYSSAERT et al., 2007; METCALF et al., 2011).

In higher carbon stocks, small losses of soil organic carbon can mean
significant amounts of CO, released into the atmosphere (BOSSIO et al., 2020;
DAVIDSON and JANSSENS, 2006). The results of the linear regression between
xCO, and HR, significant and positive only for the heatwave period, as well as
the greater participation of temperature variables in the Stepwise model to explain
xCO, during the heatwave period, highlight the impacts of high temperatures on
this temperate climate ecosystem. Therefore, the impact of heatwaves on the
reductions of soil organic carbon stocks in temperate ecosystems with abundant
stocks becomes especially concerning (BOSSIO et al., 2020; DAVIDSON;
JANSSENS, 2006; LUYSSAERT et al., 2007).
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Thus, it is evident that healthy ecosystems can act as carbon sinks,
removing CO, from the atmosphere, while those affected by climate change can
become sources of CO,, contributing to the increase in atmospheric
concentrations of this greenhouse gas and consequently intensifying climate
instability (WOODALL et al., 2012). Similarly, the opposite is also true: the more
unstable the climate, the more intense and frequent heatwaves will be, resulting
in an even more significant loss of ecosystem carbon (WOODALL et al., 2012).
This positive feedback between climate change and CO, emissions from
stressed ecosystems, especially in temperate ecosystems, underscores the
importance of mitigation and adaptation measures to address the long-term
challenges of climate change (WOODALL et al., 2012; ZEMP et al., 2017).

5. Conclusion

The results of this study offer a clear perspective on the effects of
heatwaves on the analyzed ecosystem. Firstly, we statistically confirmed that
during the heatwave, there was a notable increase in atmospheric CO,
concentrations (xCO,) compared to normal periods. This finding highlights the
ecosystem's sensitivity to climate change, especially regarding the intensification

of thermal stress.

During the heatwave period, the mean atmospheric CO, concentration
increased by 1.59 ppm compared to the baseline period. The daily variation of
xCO, showed marked fluctuations over time, with positive peaks of up to +4.3
ppm (July 10) and decreases of up to —5.0 ppm (July 5). Overall, positive values
predominated during the heatwave, especially between late June and mid-July,
suggesting higher CO, emissions or lower CO, sequestration during this period.
During the baseline period, values tended to be more negative, indicating a

dominance of CO, removal processes from the atmosphere.

Linear regression analyses indicated that xCO, was highly dependent on
the analyzed period. Heterotrophic respiration (HR) showed the strongest
relationship during the heatwave (R? = 0.32), indicating that increases in RH were

associated with higher atmospheric xCO, concentrations.
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Despite the significant increase in photosynthetic activity and leaf area,
as indicated by LAI and Fpar during the heatwave, the data revealed a negative
carbon balance, with CO, emissions exceeding atmospheric uptake. This finding
suggests a positive feedback mechanism in which thermal stress enhances
heterotrophic respiration and limits carbon sequestration efficiency, contributing

to elevated atmospheric CO, concentrations and amplifying climatic instability.

It is noteworthy that, due to the large carbon reserves stored in the soil
of these ecosystems and the high rate of heterotrophic respiration observed
during the heatwave, temperate forest ecosystems may be even more vulnerable
to the effects of increasing temperature than other types of ecosystems. This
finding highlights the importance of a deep understanding of the interactions

between climate, soil, and vegetation under these conditions.

Ultimately, the central conclusion of this study is that, while heatwaves
can trigger adaptive physiological responses in plants, such as increased
photosynthetic activity, they also exacerbate imbalances in the carbon cycle,
resulting in net emissions that are higher than absorptions. This emphasizes the
critical importance of understanding and mitigating the effects of climate change
on this ecosystem to minimize negative impacts on the atmosphere and global

atmospheric carbon balance.
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CHAPTER 4 - SPATIAL VARIABILITY OF ATMOSPHERIC CO,, SOIL
CARBON STOCKS AND CONTROL VARIABLES IN THE CERRADO,
ATLANTIC FOREST, CAATINGA AND PAMPA BIOMES OF BRAZIL

Abstract: Agriculture, land-use change, and deforestation are responsible for
over 70% of CO,-equivalent emissions in Brazil. Agriculture holds an ambiguous
position in the context of climate change: while it is impacted by climate-related
events, it also has the potential to act as a mitigation mechanism through carbon
sequestration. This study aimed to: (i) identify the main factors influencing
atmospheric CO, emissions and soil organic carbon (SOC) stocks in Brazilian
biomes - Atlantic Forest, Cerrado, Caatinga, and Pampa; and (ii) map priority
areas for emission control and mitigation, as well as for climate resilience
strategies. Time series data (2015-2019) of xCO, and environmental variables
were analyzed. Results indicated that temperature was the primary factor
associated with xCO, variations across all biomes. Surface temperature
amplitude, influenced by temperature and land use, was also relevant, especially
in the Cerrado. Considering the projected 1.5°C increase in global average
temperature, the results enabled the identification of carbon risk zones in soils
already storing carbon, encompassing approximately 35% of the Caatinga, 24%
of the Cerrado, 15.9% of the Atlantic Forest, and 20.3% of the Pampa. These risk
zones concentrate between 15% and 26.5% of the total carbon stored in the
studied biomes. These findings highlight the urgent need for strategies to protect
already sequestered carbon and to strengthen regional climate resilience,
preventing soil organic carbon from being released into the atmosphere as CO,.

Keywords: Emissions mitigation; Climate resilience; Sustainable agriculture;
Decarbonization; Carbon capture

1. Introduction

Global greenhouse gas (GHG) emissions continue to rise rapidly,
reaching 36.3 billion tons of CO, in 2022 (FRIEDLINGSTEIN et al., 2022; IPCC,
2022, 2021). These emissions drive global warming and lead to extreme events
and biodiversity loss (GERDOL et al., 2008; IPCC, 2017; SESSO et al., 2023).
Although agriculture is vulnerable to climate change, it can also play a mitigating
role (HOWE, 2015; KEELING et al., 1976) through atmospheric CO, capture and

sustainable soil management.

Practices such as crop rotation, no-till farming, and regenerative
agriculture contribute to reducing CH, and N,O emissions (CAMPOS et al., 2022;
WEBB et al., 2016; TUNNICLIFFE et al., 2020), while also promoting soil carbon
stabilization, the main terrestrial carbon reservoir (BAUMGARTNER et al., 2021;
GHELLER et al., 2019). On the other hand, unsustainable agricultural practices
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accelerate the mineralization of organic matter and the release of stored soil
organic carbon as CO, into the atmosphere (NEVE et al., 1996; FIGUEIREDO et
al., 2017).

Given the vastness and ecological diversity of Brazilian biomes, remote
sensing emerges as a strategic tool to map vulnerabilities and opportunities
related to land use, vegetation, and soil carbon across the country (CAMPOS et
al., 2022; MARIA et al., 2023). Combined with statistical tools, it allows the
identification of spatial and temporal patterns of carbon sequestration and
emission, offering scientific support for mitigation and adaptation policies to
climate change (MOUSAVI et al., 2017; YU et al., 2019).

Thus, the guiding question of this study was: which are the key climate
variables and soil characteristics, evaluated at a large scale for each biome, that

most influence atmospheric CO, concentrations and soil organic carbon stocks?

As working hypotheses, this study proposed: (i) to identify and describe
the behavior of important environmental variables that control atmospheric CO,
concentrations and SOC stocks in the studied biomes; and (ii) to visualize and
characterize spatial patterns of climate, vegetation and soil within the biomes,

providing valuable insights to map areas of greater climate vulnerability.

Therefore, the objectives of this study were: (i) to investigate the main
drivers of atmospheric CO, emissions and soil carbon stocks in the Atlantic
Forest, Cerrado, Caatinga, and Pampa biomes; and (ii) to map and identify
potential zones of climate vulnerability, as well as priority areas for mitigation and

climate resilience strategies.

2. Materials and Methods

2.1.Study Area

Brazil has different biomes, each with particular characteristics of
vegetation, climate, soil and biodiversity. Figure 6 sought to highlight the entire
Brazilian territory and its political division into states, also highlighting the four

biomes focused on in this work: Cerrado, Caatinga, Atlantic Forest and Pampa.
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Figure 6: Brazil and the respective biomes studied: Atlantic Forest, Cerrado, Caatinga and
Pampa.

According to the Koppen classification, the Cerrado has a seasonal
tropical climate, with a rainy season between November and April and a dry
season from May to October, and average annual temperatures above 22°C
(ALVARES et al., 2013; BECK et al., 2018; MACENA et al., 2008; NASCIMENTO
et al., 2021). The Caatinga has a semi-arid climate, with scarce and irregular
rainfall, a prolonged dry season, and average temperatures above 25°C
(ALVARES et al., 2013; FRANCISCO et al., 2020).

The Atlantic Forest has humid tropical and subtropical climates, with
rainfall well distributed throughout the year and temperatures generally above
20°C, varying according to latitude and altitude (ALVARES et al., 2013;
CARDOSO, 2016; BUYSSE et al., 2013). The Pampa has a humid subtropical
climate, with well-defined seasons, mild summers (~22°C) and cold winters, with
averages below 18°C (ALVARES et al., 2013; BECK et al., 2018; IBGE, 2020).
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2.2.Data collection and variables studied

2.2.1. Determination of Carbon variables: xCO_, ppm and Soil Organic
Carbon (mean of 0 - 30cm t ha')

The variable xCO, (ppm) represents the average column concentrations
of atmospheric CO,, collected in this study over a complete 5-year time series,
from January 2015 to December 2019. The xCO, data were obtained from
NASA’s OCO-2 (Orbiting Carbon Observatory-2) satellite (CRISP et al., 2012;
O’DELL et al., 2012), available through the platform:

https://search.earthdata.nasa.gov/Search. The data were corrected for the global

trend of increasing CO,, and the spatial distribution maps were generated using

geo-statistical Kriging analysis based on pixel-specific values.

Soil carbon stock (mean 0-30 cm, t ha™) was obtained from the
SoilGrids250m 2.0 platform (htips://soilgrids.org/). The data are provided as
maps with a spatial resolution of 250 meters (SOILGRIDS250m2.0, 2022).

According to Poggio et al., (2017), these maps were developed using machine

learning models, primarily Logistic Regression and Random Forest (HENGL et
al., 2017).

The input data used by researchers to train these models are based on
real-world datasets published by the scientific community over time, consisting of
approximately 110.000 field observations collected globally (COOPER et al.,
2005; HENGL et al., 2014; POGGIO et al., 2017).

2.2.2. Determination of vegetative variables: SIF (Wm2 sr’ um), NDVI,
and LAl (m? m2)

The SIF (Solar-Induced Fluorescence) variable is a measure of the
radiation emitted by chlorophyll in plants during photosynthesis (YU et al., 2019).
This variable was collected from the NASA OCO-2 service (SIABI et al., 2019).
The algorithm used to determine this variable takes into account the intensity and
spectral distribution of incident solar radiation, and spectral characteristics of
radiation reflected by the Earth's surface (SHEKHAR et al., 2020; SIABI et al.,
2019; YU et al., 2019).
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In this work, the SIF (W m=2 sr™" um™') was processed from the removal
of negative values, and subsequently the correction analysis, equation 4,

proposed by Yu et al., (2019), was Applied:

SIF757+1.5 SIF771
SIF = . eq.4

Where: SIF (W m™2 sr™' um™) represents the Solar-Induced Chlorophyll Fluorescence;
SIF 757 refers to the solar-induced chlorophyll fluorescence at 757 nm; and SIF 771
refers to the solar-induced chlorophyll fluorescence at 771 nm.

The Normalized Difference Vegetation Index (NDVI) and Leaf Area Index
(LAI) were obtained from NASA’s AppEEARS platform (APPEEARS, 2022), and
are derived from remote sensing data collected by satellites such as MODIS
(Moderate Resolution Imaging Spectroradiometer) onboard the Terra and Aqua
satellites (HOTT et al.,, 2019; HUETE et al., 2002; MURADYAN et al., 2019;
YANG et al., 2006).

NDVI is calculated using the red and near-infrared (NIR) spectral bands
from the MODIS sensor (NAGLER et al., 2007). NDVI values range from -1 to 1,
where values close to 1 indicate areas with high densities of healthy vegetation,
and values near 0 indicate bare soil or sparse vegetation cover (HOTT et al.,
2019).

LAl is calculated from spectral characteristics of vegetation captured by
satellite imagery, representing the total leaf surface area per unit of ground area
(CLEUGH et al., 2007; MYNENI et al., 2019). The algorithms account for light
absorption by leaves, canopy geometry, and light interaction with the land
surface, and are later validated using field data collected from multiple regions
around the world (HOTT et al., 2019; HUETE et al., 2002; MURADYAN et al.,
2019; YANG et al., 2006).

2.2.3. Determination of Climate Variables

For the Climatic variable group, precipitation (mean/annual) and 2-meter
air temperature (mean/annual) were obtained from the NASA POWER platform
(“NASA POWER,” 2023), and were determined based on a combination of
observational data and atmospheric models (CHOUDHURY, 1987; HUMPHREY
et al., 1996; TODD et al., 2001).
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Soil variables, including Soil Moisture Active Passive (SMAP) and Land
Surface Temperature Amplitude (LST Amplitude), were collected from NASA'’s
AppEEARS platform (APPEEARS, 2022). These variables provide estimates of
surface soil moisture on a global grid (DORIGO et al., 2013; MARIA et al., 2023)
and soil thermal amplitude, calculated based on land surface temperature during
the day (LST Day) and night (LST Night) (CAMPOS et al., 2022; FREITAS et al.,
2013; MUTIIBWA et al., 2015).

LST Amplitude (°C) is derived from measurements made by Infrared
Spectral Thermometers (IST) (MUTIIBWA et al.,, 2015), based on MODIS-
EARTH data (APPEEARS, 2022). For its calculation, land surface temperatures
during the day (LST Day) and night (LST Night) were recorded (ZHANG et al.,
2014), and processed using the equation proposed by CAMPOS et al., (2022).

LST ampiitude C° = (LST pay ce = LST nNightce) / n eq.5

Onde: LST Day é a Temperatura da Superficie Terrestre durante a; LST Night € a Temperatura
da Superficie Terrestre durante a noite; e n € o niUmero de coletas mensais.

Such processing made it possible to obtain an average for each data
collection point throughout the entire time series, capturing the variation in local
soil temperature while summarizing the measurements over time (CAMPOS et
al., 2022).

2.2.4. Standardization procedures for variables: First Group
(spatiotemporal) and Second Group (only spatial)

The variables, along with their respective sources and characteristics,
are summarized in Table 5. In general, this study employed two distinct groups
of variables: the first group included variables with both spatial and temporal
resolution, represented by vegetative, climatic, and soil variables, while the
second group was composed of a single variable with only spatial resolution,
namely the soil carbon stock data provided by the SoilGrids250m2.0 platform
(SOILGRIDS250M2.0, 2022).

The spatial resolution of satellite data (latitude and longitude) for the
xCO, variable was used as the standard reference for collecting all other

variables from the first group. This procedure was adopted to standardize the
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different spatial resolutions among the variables analyzed (CAMPOS et al.,
2022).

The first group of variables was processed to convert its spatio-temporal
characteristics into a dataset with purely spatial dimensions. This transformation
involved processing xCO,, climate, vegetation, and soil data into annual means
for each satellite-derived latitude and longitude coordinate, which were then

processed using kriging.

These annual means were used to summarize the 5-year time series into
annual averages at each satellite sampling point, while the kriging interpolation
was used to homogenize the data into uniformly sized pixels. As a result, all
variables, both from the first and second groups, were standardized in terms of
their spatial dimension.

Table 5: Source, Temporal and spatial resolution of the variables studied: Carbon,
Climate and Vegetation variables

Spatial Temporal
Variables Group Data Source Resolution Resolution
(km?) (days)
Carbon
1 xCO, (ppm) NASA OCO-2 1.0x2.25 16
2 Stoskorganic cabon (U soiiGrids250m 0.25x0.29 -
a'0-30cm)
Vegetative
1 SIF (Wm=2sr'm) 0CO-2 1.0x2.25 16
1 NDVI AppEEARS 0.5x0.5 16
1 LAl (m? m2) AppEEARS 0.5x0.5 8
Climate
1 Temperature (°C) NASA Power 1.1x1.1 30
1 Precipitation (mm) NASA Power 1.1x1.1 30
Soil
1 LST Amplitude (°C) AppEEARS 1.0x1.0 8
1 SMAP (m3m-3) NASA Power 9.0x9.0 30

Figure 7 illustrates the data processing workflow used for generating the
kriging maps and subsequently collecting standardized data. Group 1, consisting
of spatio-temporal variables, included SMAP, LST Amplitude, precipitation,
temperature, LAI, NDVI, and SIF. In contrast, Group 2, containing a purely spatial
variable, includes data on soil organic carbon stock from SOILGRIDS 250M 2.0.
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Figure 7: Data processing flow and pairing of Group 1 and 2 maps.

Before conducting the statistical analyses, the assumptions of normality,
homoscedasticity and skewness were tested to ensure the reliability of the

results.
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2.2.5. Flowchart and Statistical Data Analysis

To analyze xCO, and all other variables, normality tests,
homoscedasticity tests, and histogram evaluations were performed for all
variables studied (CAMPOS et al., 2008; MCNAMARA, 2019; WANG et al,,
2018). Data analysis and geoprocessing were conducted using R software
version 4.0.4 (MCNAMARA, 2019) and QGIS 3.26.1 (QGIS 3.26.1, 2022),

respectively.

Spatiotemporal data input: Variables with Sendisl dntn eyt Yanbiss
2 SRS with spatial distribution (Soil
spatiotemporal distribution Carbon Stock - SCS)

Organization of geographic data collection points based 9
the xCO2 variable Collection of Soil Carbon
1 Stock data from the
Data collection of control variables at the same S011Grids250m 2.0 platform,

collection point as xCO2 for the 2015 to 2020 time
series (NASA OCO-2, AppEEARS, and NASA
POWER)

already processed.

( SCS Map - Biomes, Brazil )

¥
l—( Pixel-by-pixel data collection between Kriging and SoilGrids variables )—I
|

Descriptive statistical analysis, Spearman correlation, Principal Component Analysis
(PCA), by biomes

Annual Average by
Geographic Collection
Point

Krigage

Figure 8: Flowchart for data collection and processing: approaches, preparation, treatment and
statistical manipulation

Regarding data processing, outliers were suspended for the
development of kriging in order to preserve the spatial integrity of the original
information. However, for Spearman's statistical analysis, these extreme values
were excluded using the interquartile range (IGR) identification method to ensure

the robustness of the statistical analyses (WANG et al., 2018).

2.3. Geostatistical Analysis Using Ordinary Kriging

In this study, ordinary kriging, a geostatistical regression method, was

employed to analyze the spatial dependence of environmental variables in the
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Cerrado, Atlantic Forest, and administrative regions of Minas Gerais biomes.
Ordinary kriging is a spatial interpolation technique that estimates unknown
values at unsampled locations based on the spatial correlation structure of the
observed data (PEREIRA et al., 2004).

To model spatial dependence, we constructed experimental
semivariograms (CAMPOS et al., 2008; VIEIRA et al., 1983). The degree of
spatial dependence (SD) was classified according to the criteria proposed by
Cambardella et al. (1994): strong (0—-25%), moderate (25-75%) and weak (75—
100%).

Three theoretical semivariogram models, spherical, exponential and
Gaussian, were tested and fitted to the data, allowing an accurate spatial
representation and interpretation of the underlying spatial structure
(CAMBARDELLA et al.,, 1994; CAMPOS et al., 2008; PEREIRA et al., 2004;
SILVA et al., 2007).

2.4.2.5.3. Stepwise Analysis Combined with Principal Component

Analysis (PCA)

Principal Component Analysis (PCA) was used in combination with
Stepwise regression analysis to address multicollinearity and optimize the
selection of explanatory variables. Multicollinearity occurs when two or more
independent variables present strong linear relationships, which can compromise
the reliability and interpretability of regression models. Before performing PCA,
all variables were standardized to ensure that the analysis was not biased by

differences in units or magnitudes.

After removing highly collinear variables, identified in PCA by the
proximity and orientation of their vectors, it was possible to identify the most
relevant climate, vegetation and soil variables to explain the behavior of the
dependent variable, xCO, and SOC.

Stepwise regression, in turn, is a variable selection method that iteratively
adds or removes predictors based on statistical criteria, allowing the identification

of the variables that best explain the dependent variable of interest for this work.
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2.5.Determining Soil Carbon Risk Zones in Future Scenarios of Global
+1.5°C Mean Rise

According to the Sixth Assessment Report of the IPCC (Working Group
1), global warming of +1.5 °C is projected to be reached or exceeded within the
next two decades, anticipating the impacts of climate change (IPCC, 2022b). In
this context, mapping areas with high soil organic carbon (SOC) stocks that are
already exposed to elevated temperatures is strategic for guiding resilience,

adaptation, and climate mitigation actions.

The scenarios were defined based on the interaction among
environmental variables selected through Stepwise regression and Spearman
correlation analyses, which showed significant direct or inverse relationships with
SOC stocks.

Thus, for each biome, risk zones were defined as the set of pixels
considering: (i) variables selected by Stepwise that are directly proportional to
SOC with values above the fourth quartile; and (ii) variables selected by Stepwise
that are inversely proportional to SOC with values below the second quartile.
Simultaneously, to simulate the warming projected by the IPCC, mean
temperature was included as an additional risk criterion whenever its values
exceeded the fourth quartile, regardless of the direction of its correlation with
SOC.

In this way, the risk zones represent regions where environmental
conditions significantly favor the persistence of soil organic carbon, but which are
already subjected to high temperatures within the context of each biome.
Considering the projected average warming of +1.5 °C, these areas are likely to
experience even greater thermal pressure, potentially compromising the stability

of the currently stored SOC.

For each biome, the SOC was treated as a dependent variable, and its
relationship with the main independent environmental variables. The direction of
the correlation (direct or inverse) between the SOC and each variable was

established based on Sperman correlation analysis.

To define the risk thresholds, a classification based on quantiles was

applied. Variables positively correlated with the SOC were considered at risk
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when below the 2" quartile, while variables negatively correlated with the SOC
were considered critical when projected above the 4" quartile in the warming
scenario. Each simulation reflects the climatic thresholds under which the stability

of the SOC may be compromised for each biome.

On the other hand, in the case of air temperature, although the correlation
with soil organic carbon (SOC) was inversely proportional, meaning that higher
temperatures tend to be associated with lower SOC stocks, it was decided to
simulate its impact using values above the 4th quartile. This methodological
decision was made to reflect worst-case scenario projections, consistent with a

+1.5°C increase in global mean temperature, as indicated by the IPCC.

Thus, it was possible to identify areas with high concentrations of SOC,
which coexist side by side with environmental indicators capable of helping to
preserve the amount of carbon already present in the soil, but which have also
been experiencing temperatures above the 4th quartile. Therefore, in conditions
of +1.5°C, these areas will be directly impacted, as their exposure to even higher

temperatures will increase even further.

3. Results

3.1. Geostatistical analysis by Kriging on the Cerrado, Caatinga,
Atlantic Forest and Pampa

Table 6 presents descriptive statistics for the variables studied, prior to
the geostatistical Kriging processing. Such analyses allow us to summarize and

describe the main characteristics of a set of data studied in each biome.

Table 6: Descriptive statistics of the studied variables segmented according to the
biomes studied, before the geostatistical Kriging processing.

Variable Unit mean SD! SE?2 Median Man® Max*
Pampa
367,8
xCO, ppm 400,11 3,30 0,050 400,60 5 413,14
SIF Wm=2sr-! ym 0,79 0,83 0,014 0,58 0,00 10,43
NDVI - 0,63 0,14 0,002 0,65 0,00 0,94
LAl m2 m-2 1,51 1,11 0,018 1,32 0,00 6,75
Temp. °C 18,79 0,85 0,111 18,79 17,42 20,76
Precip. mm 121,74 12,40 1,610 123,24 97,86 144,70
LSTAmp. °C 14,51 1,53 0,064 14,31 11,53 19,49
SMAP m3 m3 0,72 0,05 0,006 0,74 0,58 0,79
Caatinga
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xCO,

SIF
NDVI
LAI
Temp.
Precip.

LSTAmp.

SMAP

XCOZ

SIF
NDVI
LAI
Temp.
Precip.

LSTAmp.

SMAP

xCO,

SIF
NDVI
LAl
Temp.
Precip.

LSTAmp.

SMAP

ppm 401,25 2,63
Wm=2sr-! ym™ 0,57 0,52
- 0,48 0,18
m2 m-2 1,27 0,80
°C 26,60 1,43
mm 46,42 11,62
°C 22,04 1,70
m3 m3 0,53 0,08
Mata Atlantica
ppm 399,95 3,97
Wm=2sr-t ym-* 0,92 1,08
- 0,66 0,15
m2 m2 2,23 1,51
°C 21,81 2,44
mm 99,98 23,35
°C 10,41 3,69
m3 m-3 0,64 0,08
Cerrado
ppm 401,26 3,05
Wm=2sr-t ym-* 0,73 0,82
- 0,61 0,09
m2 m-2 1,72 0,94
°C 25,80 2,02
mm 82,66 15,07
°C 12,50 4,75
m3 m3 0,54 0,11

0,020

0,004
0,001
0,006
0,093
0,759
0,033
0,005

0,031

0,008
0,001
0,011
0,131
1,260
0,029
0,004

0,017

0,005
0,001
0,005
0,082
0,612
0,027
0,004

401,40

0,45
0,45
1,05
26,91
44,48
22,08
0,54

400,59

0,67
0,69
1,82
22,03
97,47
9,94
0,65

401,63

0,56

0,61

1,55
25,66
85,11
11,77
0,56

379,4
2
0,00
0,00
0,00
22,01
21,08
14,33
0,25

361,8
2
0,00
0,00
0,00
15,81
44,75
0,00
0,44

354,6
4
0,00
0,05
0,00
19,58
40,31
0,00
0,30

415,32

20,81
0,92
6,40

29,13

79,25

27,28
0,65

416,96

36,34
0,93
6,92

26,58

147,58

35,60
0,82

415,82

32,02
0,91
6,70

29,28

127,04

41,37

0,72

1 - Standard Deviation; 2 — Standard Error; 3 — Minimum; 4 — Maximum

Table 7 presents the results obtained from semivariogram modeling for

Kriging analysis and also shows the spatial dependence of the variables within

each biome. In Kriging analysis, the Nugget/Sill ratio indicates the proportion

between the minimum spatial variation (Nugget) and the total variance (Sill),

representing the fraction of spatial variation not explained by the model
(CAMBARDELLA et al., 1994). A high ratio therefore suggests a poor model fit to
the data, while a low ratio indicates a good fit (CAMBARDELLA et al., 1994).

Table 7: Kriging analysis for xCO, (ppm) and other control variables, based on
georeferenced averages of the collected data.

Nugg Contribution Level Sweep Nugget%

i 1
Variable et (Co) (C1) (Co*C1) (km) Col(Co*Ci) SD Model
Pampa
xCO, 1,50 0,50 2,00 150 75% Low Exp.
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SIF 0,60 0,10 0,70 500 86% Low Exp.

NDVI 0,01 0,01 0,02 500 59% Moderate Exp.
LAI 0,80 0,40 1,20 100 67% Moderate Exp.
Temp. 0,10 0,20 0,30 200 33% Moderate Gau.
Precip. 5,00 150,00 200,00 120 25% Hight Sph.
LSTAmp 0,70 1,00 1,70 90 41% Moderate Exp.
SMAP 0,001 0,001 0,002 150 33% Moderate Gau.
Caatinga

xCO, 6,00 1,00 7,00 100 86% Low Exp.
SIF 0,25 0,05 0,30 200 83% Low Exp.
NDVI 0,03 0,01 0,03 200 83% Low Sph
LAI 0,50 0,10 0,60 100 83% Low Exp.
Temp. 0,20 1,00 1,20 200 17% Hight Gau
Precip. 20,00 130,00 150,00 200 13% Hight Sph.
LSTAmp

. 1,40 1,60 3,00 200 47% Moderate Exp.
SMAP 0,002 0,004 0,006 200 33% Moderate Sph.

Mata Atlantica

xCO, 15,00 1,00 16,00 500 94% Low Sph.
SIF 1,00 0,50 1,50 150 67% Moderate sph
NDVI 0,02 0,01 0,02 500 75% Low Exp.
LAI 1,50 1,00 2,50 500 60% Moderate Gau
Temp. 0,50 1,50 2,00 500 25% Hight Exp.
Precip. 10,00 140,00 150,00 500 07% Hight Exp.
LSTAmp

i 10,00 5,00 15,00 900 67% Moderate Sph.
SMAP 0,001 0,003 0,004 500 25% Hight Sph.

Cerrado

xCO, 8,00 1,00 9,00 500 89% Low Sph.
SIF 0,60 0,20 0,80 100 75% Low Gau.
NDVI 0,01 0,00 0,01 200 80% Low Exp.
LAI 0,60 0,20 0,80 250 75% Low Exp.
Temp. 0,20 1,00 1,20 400 17% Hight Sph.
Precip. 20,00 130,00 150,00 500 13% Hight Sph.
LSTAmp

) 20,00 5,00 25,00 150 80% Low Exp.
SMAP 0,002 0,008 0,010 500 20% Hight Sph

1 - Spatial Dependency

Figures 8 show maps generated by kriging. The colors represent interquartile
ranges of xCO, concentration and the other variables studied. For xCO,, the
minimum class (dark blue) indicated values below 397 ppm, while the maximum

class (dark red) presented values above 403 ppm.
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Figure 8. Maps generated from the interpolation of mean values of xCO, (ppm), SIF (Wm™2 sr™
pm~), NDVI, LAl (m? m~2), LST Amplitude (°C), Precipitation (mm), Temperature (°C), and SMAP
(m®*m™3).

Figures 8 show the spatial variation of environmental variables. For SIF,
NDVI, and LAI, the lowest classes (dark blue) had mean values below 0.4 Wm™
srt um™, 0.4, and 1.4 m?/m?, respectively, while the highest classes (dark red)
exceeded 1.0, 0.7, and 3.9. LST Amplitude ranged from less than 7.2°C to more
than 13.8°C; precipitation from less than 45.8 mm to more than 120.2 mm;
temperature from less than 17.8°C to more than 26.2°C; and SMAP from less

than 0.4 m3/m3 to more than 0.7 m3/m3.

Figures 9 were developed to individually represent the statistical
spatialization derived from Kriging for all variables and biomes analyzed. These
maps were created to visualize the specific nuances of each biome. To achieve

this, a color classification method based on interquartile differences was adopted.

In the Caatinga biome, xCO, values ranged from 400.72 to 402.39 ppm.
SIF fluctuated from <0.43 to >0.62 Wm™ sr™* ym~", NDVI from <0.45 to >0.55,
and LAI from <1.08 to >1.51. LST Amplitude ranged between 10.56°C and
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12.65°C, while temperature varied from 37.14°C to 51.82°C. Precipitation ranged
from 25.35 to 27.58 mm, and SMAP from 0.47 to 0.59 m3/m3.
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Figure 9: Geospatialization by Kriging for mean values per satellite collection point, for the
Caatinga and Cerrado Biomes. For the Caatinga biome: (A) xCO,, (B) SIF (Solar-Induced
Fluorescence), (C) NDVI (Normalized Difference Vegetation Index), (D) LAl (Leaf Area Index),
(E) LST Amplitude (Land Surface Temperature Amplitude), (F) Precipitation, (G) Temperature at
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2 meters, and (H) Root Zone Wetness. For the Cerrado biome: (1) xCO,, (J) SIF (Solar-Induced
Fluorescence), (K) NDVI, (L) LAI, (M) LST Amplitude, (N) Precipitation, (O) Temperature at 2
meters, and (P) Root Zone Wetness.
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Figure10: Geospatialization by Kriging for mean values per satellite collection point, for the
Atlantic Forest and Pampa Biomes. For the  Atlantic Forest biome:
(A) xCO,, (B) SIF (Solar-Induced Fluorescence), (C) NDVI (Normalized Difference Vegetation
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Index), (D) LAI (Leaf Area Index), (E) LST Amplitude (Land Surface Temperature Amplitude), (F)
Temperature at 2m, (G) Precipitation, and (H) Root Zone Wetness. For the Pampa biome:
() xCOg, (J) SIF, (K) NDVI, (L) LAI, (M) LST Amplitude, (N) Temperature at 2m, (O) Precipitation,
and (P) Root Zone Wetness.

In the Cerrado biome, xCO, values ranged from <400.85 to >402.36 ppm.
SIF fluctuated between 0.67 and >0.86 Wm™ sr™* um™', NDVI from <0.57 to
>0.64, and LAI from <1.55 to >1.84 m?/m?. LST Amplitude varied from 9.89°C to
12.57°C, and temperature from 70.11°C to 95.37°C. Precipitation ranged from
24.23 to 27.98 mm, and SMAP from 0.43 to 0.56 m3/m?.

In the Atlantic Forest biome, xCO, ranged from <399.71 to >400.78 ppm.
SIF fluctuated between <0.85 and >0.96 Wm™2 sr™" um™', NDVI from <0.60 to
>0.72, and LAI from <1.63 to >2.91 m?*/m2. LST Amplitude varied from 8.91°C to
11.48°C, while temperature ranged from 19.85°C to 24.36°C. Precipitation
ranged from 65.23 to 126.25 mm, and SMAP from 0.56 to 0.70 m3/m3.

In the Pampa biome, xCO, ranged from <399.84 to >401.02 ppm. SIF
fluctuated between 0.68 and >0.87 Wm™2 sr™* ym™", NDVI from <0.57 to >0.66,
and LAl from <1.37 to >1.82 m*m2. LST Amplitude varied from 9.04°C to
11.68°C, while temperature ranged from 18.15°C to 19.61°C. Precipitation varied
from 111.39 to 127.30 mm, and SMAP from 0.703 to 0.748 m3/m3.

Figure 11 was developed to assist in visualizing the amounts of soil
organic carbon stocks, color-coded and classified according to each biome. The
data aimed to map the spatial variation of carbon stocks across the Cerrado,

Caatinga, Atlantic Forest, and Pampa biomes in Brazil.
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Figure 11: Soil carbon stock map, organized by colors according to the difference between
quarts, for data provided by the platform (SoilGrids250m2.0, 2022).

Soil carbon stocks varied among biomes, with the Atlantic Forest
standing out for presenting the greatest range between classes (40 to 73t ha™,
33 t ha™), and the Pampa showing the smallest variation (51 to 65t ha™; 14 t
ha™"), but with the highest absolute values. In the Cerrado, stocks ranged from
34 to 49 t ha™, while in the Caatinga, they ranged from 23 to 38 t ha™.

The correlation analysis was performed using pixel-level data generated
after the geospatialization of the variables. The results are shown in Figure 10,
aiming to identify whether there is an association between the variables, as well
as the direction and strength of this association. xCO, showed a moderate
negative correlation with SMAP (-0.37), SIF (—-0.54), and precipitation (-0.36).
Temperature exhibited a strong positive correlation with xCO, (0.62), suggesting

that increased temperatures favor higher atmospheric CO, concentrations.
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Figure 92: Spearman correlation analysis, developed with the pixel values produced from the
spatialization of the variables studied.

SOC showed a strong negative correlation with temperature (-0.76) and
a positive correlation with precipitation (0.76). Vegetation-related variables were
also positively correlated with SOC, such as SIF (0.68) and LAI (0.60). xCO, had
a moderate negative correlation (—0.46). Among the soil-related variables, SMAP
showed a moderate positive correlation (0.54), while LST Amplitude had a

moderate negative correlation (—0.34).

Figure 13 shows the results of the Principal Component Analysis (PCA),
which was used to assess multicollinearity among variables and improve the
Stepwise model fitting. The first two components explained 69.0% of the total
data variance, with 54.3% attributed to Dim1 and 14.7% to Dim2, adequately

representing the data structure in two dimensions.
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Figure 13: Principal Component Analysis with data after Kriging.

The PCA analysis, combined with Spearman correlation, indicated
collinearity among SIF, SOC, and precipitation. To avoid interference in the
Stepwise regression, SIF and precipitation were excluded from the model, while

SOC was retained as it is the central variable of interest in this study.

Stepwise analysis was used to identify, for each biome, the most relevant
independent variables in explaining the dependent variables xCO, and SOC,

allowing for the selection of predictors with greater statistical effectiveness.

Table 8: Results of the Stepwise analysis for each biome studied, as well as the set.

Variables Parameters
Dependent Independent N° Variables R? Adj.R? AIC
All biomes
Temperature; LSTAmMp;
xCO, SMAP 3/5 0.40 0,4 0.60
SOC Temperature; SMAP; LAI 3/5 0.69 0.69 0.30
Cerrado
xCO, Temperature; LSTAmp; 2/5 0.39 0.39 0.60
soc Temperature; LSTAmp; 4/5 069 069 030

SMAP; LAI

Caatinga
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Temperature; LSTAmp;

xCO, SMAP 3/5 0.40 0.40 0.60
SOC Temperature; SMAP; LAI 3/5 0.70 0.70 0.30
Atlantic Forest
xCO, Temperature 1/5 0.39 0.39 0.60
SOC Temperature; LAI 2/5 0.68 0.68 0.31
Pampa
xCO, Temperature; LSTAmMp 2/5 0.39 0.39 0.60
SOC Temperature; SMAP; LAI 3/5 0.69 0.69 0.30

SMAP — Soil Moisture Accounting Procedure; LAI - Leaf Area Index; LSTAmp — Land Surface Temperature
Amplitude.

In the combined analysis of all biomes (Brazil), xCO, was best explained
by three variables (Temperature, LST Amplitude, and SMAP), with R? = 0.40. For
SOC, the model included Temperature, SMAP, and LAI, with RZ = 0.69. In the
Cerrado, xCO, was explained by Temperature and LST Amplitude (R? = 0.39),
while SOC required four variables (Temperature, LST Amplitude, SMAP, and
LAI), maintaining R? = 0.69.

In the Caatinga, xCO, was modeled by three variables (Temperature,
LST Amplitude, and SMAP), with R? = 0.40, and SOC by Temperature, SMAP,
and LAI (R? = 0.70). In the Atlantic Forest, xCO, had Temperature as the sole
predictor (R? = 0.39), and SOC was explained by Temperature and LAl (R? =
0.68). Finally, in the Pampa, xCO, was explained by Temperature and LST
Amplitude (R? = 0.39), while SOC was modeled by Temperature, SMAP, and LAI

(R? = 0.69), a pattern similar to that observed in the other biomes.

3.2.Determining Soil Carbon Risk Zones in Future Scenarios of Global
+1.5°C Mean Rise

Table 8 was developed to characterize the scenarios projected by the
IPCC involving a +1.5°C temperature increase. These scenarios, in turn, indicate
areas potentially vulnerable to climate change, with a focus on soil organic carbon
in the 0—-30 cm layer.
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Table 9: Soil Carbon Risk Zones under Future Scenarios of +1.5°C Global Mean Rise.

Variable Selection
Correlation trend reference  Simulation Unit
Dependent Independent quartile (Q)
Cerrado
. . +15°C > 26,64 0
SOC Temperature; Inversely proportional (IPCC) C
LSTAmp; Inversely proportional <2°Q <9,89 °C
SMAP; Directly proportional >4°Q > 0,59 m3 m3
LAI Directly proportional >4°Q >1,77 m?2 m-2
Caatinga
SOC Temperature; Inversely proportional *1.5°C > 27,09 °C
’ (IPCC) ’
SMAP; Directly proportional >4°Q > 0,56 m3 m-3
LAI Directly proportional >4°Q >1,08 m?2 m-2
Atlantic Forest
SOC Temperature; Inversely proportional *1.5°C > 23,24 °C
’ (IPCC) ’
LAI Directly proportional >4°Q >2.23 m?2 m-2
Pampa
SOC Temperature; Inversely proportional *15°C > 19,01 °C
p ; y prop (IPCC) ;
SMAP; Directly proportional >4°Q >0,70 m3 m-3
LAI Directly proportional >4°Q > 1,66 m?2 m2

SMAP — Soil Moisture Accounting Procedure; LAI - Leaf Area Index; LSTAmp — Land Surface Temperature
Amplitude.

The risk zone was therefore defined by the overlap of these criteria,
reflecting areas with high carbon stocks and favorable conditions for carbon
preservation, but that are currently exposed to high temperatures and are likely

to face even more adverse thermal conditions in the near future.

4. Discussion

41.What are the main variables responsible for coordinating
atmospheric CO, concentrations (xCO, ppm) and carbon stocks in
the edaphoclimatic particularities of each biome in Brazil?

This study investigated the main factors influencing average atmospheric
CO, concentrations (xCO,) and soil organic carbon stocks (SOC, 0-30 cm)
across four Brazilian biomes: Atlantic Forest, Cerrado, Caatinga, and Pampa.

The analysis integrated remote sensing data and statistical methods (Spearman
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correlation, PCA, and Stepwise regression) to identify the key environmental

drivers of these variables.

Temperature emerged as the most relevant factor, showing a negative
correlation with SOC (-0.74) and a positive correlation with xCO, (0.62),
reinforcing its influence on carbon emission and sequestration processes
(DAVIDSON and JANSSENS, 2006; CHEN et al., 2021). LST Amplitude also
stood out, particularly in the Cerrado, indicating that thermal variations in the soil
directly affect the stability of organic carbon by influencing microbial activity and
soil respiration (CAMPOS et al., 2022; YOUNESZADEH et al., 2015).

Vegetative variables such as SIF, NDVI, and LAl showed negative
correlations with xCO,, suggesting that increased photosynthetic activity helps
reduce atmospheric CO, concentrations (SHEKHAR et al., 2020; ZHANG et al.,
2016). This pattern is consistent with the seasonal dynamics of CO, described

by KEELING et al., (1976), with higher carbon sequestration during the summer.

Soil moisture (SMAP) and precipitation also correlated positively with
SOC and negatively with xCO,, emphasizing the role of water in regulating
photosynthesis and soil respiration (KONINGS et al., 2019; YAN et al., 2022).
However, CO, emissions from soil respiration did not exceed plant carbon
uptake, particularly under tropical conditions, as reported by CAMPOS et al.,
(2022) and MORAIS FILHO et al., (2021).

Stepwise analysis revealed temperature as the most effective variable in
explaining both xCO, and SOC across all biomes. LST Amplitude also emerged
as an important predictor in all biomes except the Atlantic Forest, where
temperature alone explained 40% of the xCO, variation (R* = 0.40). These
findings highlight the central role of temperature in carbon dynamics in tropical
ecosystems (NEVE et al., 1996; WANG et al., 2016).

High SOC values were associated with lower soil thermal amplitudes,
indicating that carbon-rich soils function as natural thermal insulators, retaining
more moisture and stabilizing temperature (ACERO and GONZALEZ-ASENSIO,
2018; AMOOH et al., 2015). Additionally, the high specific heat of water retained
in soils with higher carbon content contributes to reducing thermal fluctuations
(GOMES and CLAVICO, 2005; MALONE et al., 2009).
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The positive relationship between SOC and SMAP, and the negative
relationship between SMAP and LST Amplitude, further reinforce the role of sail
carbon in maintaining moisture and protecting against thermal stress (CHENG et
al., 2021). This contributes to the stability of soil aggregates, reducing the
availability of carbon for microbial decomposition (CHAPLOT and COOPER,
2015; CHENG et al., 2021).

Vegetation also plays a crucial role in both CO, capture and soil
protection. Systems with high vegetation density promote shading, reduce
evaporation, and enhance soil water and thermal retention (FREITAS et al., 2013;
ANKENBAUER and LOHEIDE, 2017). Soils with higher SOC provide better
physical and chemical conditions, supporting plant growth and consequently
atmospheric CO, sequestration (AMOOH et al., 2015; MORARU and TEODOR,
2005).

These mechanisms are reflected in the inverse correlation between SOC
and xCO, (-0.46), suggesting that areas with higher soil carbon stocks also have
greater capacity to remove CO, from the atmosphere (MOITINHO et al., 2015;
CAMPOS et al., 2022). Moreover, integrated agricultural systems and healthy
forests can enhance this effect by promoting shading, reducing thermal stress,
and lowering soil respiration (CONCEICAO et al., 2017; GIL et al., 2016).

In summary, temperature emerged as the main controlling variable for
xCO, and SOC across all analyzed biomes, underscoring its critical influence on
carbon emission and sequestration processes. These results highlight the
importance of sustainable management strategies, soil and vegetation
conservation, and the use of remote sensing for environmental monitoring and

national-scale planning.

Given IPCC (2022b) projections indicating a +1.5°C temperature
increase in the coming decades, identifying areas with high SOC under thermal
risk becomes essential.,, Regions already exhibiting temperatures above the
fourth quartile, combined with high carbon stocks, should be prioritized for climate
mitigation and resilience actions (ZEMP et al., 2017; WOODALL et al., 2012).
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4.2.Priority areas for resilience mechanisms, CO, emissions mitigation
and soil carbon stock protection

Based on the PCA, Stepwise, and Spearman correlation analyses,
regions with high potential for soil organic carbon accumulation were identified,
yet already exposed to elevated temperatures. This suggests an increasing
climate risk under the +1.5°C scenario projected by the IPCC (2022b, 2022c,
2023). Figure 15 illustrates zones with favorable conditions for the accumulation
and maintenance of soil carbon stocks, but which are already experiencing high

temperatures.
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Figure 10: Soil carbon stock map (Soilgrids 250m 2.0), and in light red priority zones in each
biome for adaptation and mitigation strategies.

The preservation of areas with high SOC is strategic, as carbon-rich soils

contribute to thermal stability, water retention, and improved vegetative
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performance (AMOOH et al., 2015; MALONE et al., 2009), thereby enhancing
photosynthesis and atmospheric CO, removal (SHEKHAR et al., 2020).
However, if these same areas are exposed to high temperatures, they may lose
their carbon stocks to the atmosphere as CO, through various mechanisms
(IPCC, 2022a, 2022b).

Global warming directly impacts agriculture by reducing productivity,
increasing evaporation, and intensifying pests and diseases (RUANE et al.,2018;
IPCC, 2022b). C3 crops are particularly vulnerable to heat stress, whereas C4
crops tend to be more resilient (SILVEIRA and PEREZ, 2014). Moreover, soil
degradation and aggregate instability, both intensified by high temperatures,
compromise SOC stability (GMACH et al., 2020; WANG et al., 2016).

Climate resilience refers to the capacity to absorb, adapt, and transform
in response to the impacts of climate change. Mitigation strategies include both
emission reductions (e.g., sustainable land management, fire control) and carbon
removals through vegetation and soil sequestration (ARORA, 2019; IPCC,
2022c). This study provides technical insights to support public policies and local
actions aimed at promoting the sustainability of Brazilian biomes in the face of

global climate change.

Table 9 presents a comparison of soil organic carbon stocks (tha™, mean
0-30 cm) obtained from the SoilGrids250m 2.0 platform, between Brazilian
biomes and the risk zones identified in the analysis developed in this study. Table
10 supported the quantification of SOC in tons per hectare, providing a clear
overview of each biome’s and each risk zone’s capacity to sequester carbon.

Table 10: Characterization of risk zones compared to the carbon stock potential of each
biome (Soilgrids250m 2.0).

. Stock Organic Carbon t ha™' (Mean 0 - 30cm) Area

Biomes and

Risk Zone Min Median Mean Max (millil:\n:ons) Ca:’)/t:on km? %

Caatinga 10 30 30.63 111 419,7 100 844,453 100
Zone A 10 25 25.55 111 69,9 16.7 201,555 23.9
Zone B 16 23 23.6 46 12,3 29 44,846 53
ZoneC 21 39 39.08 82 25,9 6.2 49,126 5.8

Total Zone 108,2 258 295,528 35.0

Pampa 30 58 58.31 130 159,8 100 176,496 100.0
ZoneA 30 58 57.63 85 32,2 20.2 28,534 16.2
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Zone B 41 54 5543 91 7.7 438 7,249
Total Zone 39,9 25.0 35,782
Cerrado 13 41 4135 158 1279.4 100 2,036,448
Zone A 21 35 3516 72 43.9 3.4 78,197
Zone B 22 43 4422 123 277.9 217 392794
ZoneC 20 43 4448 85 16,7 13 23,581
Total Zone 338,6 265 494,572
ﬁgf‘e’:t'c 14 51 5520 221 9341 100 1,110,182
Zone A 22 47 4856 116 102,3 110 131,795
Zone B 27 49 5182 121 37,5 4.0 45,245
Total Zone 139,9 150 177,040

4.1
20.3

100.0
3.8
19.3
1.2
243

100

11.9
4.1
15.9

Soil organic carbon accounts for approximately 25% of the potential of
nature-based climate solutions, with an estimated mitigation potential of 23.8
GtCO.eq/year, 40% through the protection of existing stocks and 60% through
the restoration of degraded soils (BOSSIO et al., 2020). Its importance is
especially notable in agricultural and pasture lands (47%) and wetlands (72%).
Protecting current stocks and preventing their loss is essential for climate change
mitigation (DAVIDSON and JANSSENS, 2006; FIGUEIREDO et al., 2017).

In this study, the Pampa biome presented the highest average SOC
concentration (58.3 t ha™), followed by the Atlantic Forest (55.2 t ha™), Cerrado
(41.3 t ha™), and Caatinga (30.6 t ha™), consistent with MAPBIOMAS (2022)
data. In the Cerrado, about 22% of the total SOC (278 Mt C) is located in thermal
risk zones, which could represent a potential release of 1.2 GtCO,eq if lost. In
the Caatinga, 17% of its SOC is at risk, which could result in emissions of up to
397 MtCO.eq. The Atlantic Forest and Pampa, with 11% and 20% of their stocks
at risk, could release between 515 and 147 MtCO.eq, respectively, if 10% of SOC

in those areas were to be mineralized.

These potential losses are significant, considering that the land-use
change and agriculture sectors are already the largest contributors to emissions
in Brazil, accounting for 46% and 26% of total emissions, respectively (SEEG,
2022). Furthermore, the advancement of desertification in regions such as

northern Cerrado and Caatinga exacerbates the risk of degradation
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(TOMASELLA et al., 2018), compromising the ability of these ecosystems to

function as carbon sinks.

Therefore, the zones mapped in this study require urgent attention for soil
conservation, degradation prevention, and climate adaptation strategies to
ensure the stability of carbon stocks and the resilience of Brazilian biomes in the
face of climate change (AMOOH et al., 2015; CAMPOS et al., 2022; CHIA and
LIM, 2022).

5. Conclusion

5.1.xCO; (ppm) and SOC (t ha-1 mean 0-30cm) and control variables
for Brazilian biomes.

Temperature was the main explanatory variable for xCO, variations
across all biomes, reinforcing its central role in carbon dynamics. Higher
vegetation indices (SIF, NDVI, and LAIl) were also associated with lower
atmospheric CO, concentrations, highlighting the importance of vegetation in

capturing this greenhouse gas.

LST Amplitude stood out in the Cerrado, revealing that soils with high
carbon content exhibit lower thermal variation and greater moisture retention, key
factors for climate resilience. This study underscores the need for integrated
management strategies, such as the conservation of vegetated areas and the

adoption of integrated agricultural systems.

5.2.Risk zones and climate resilience and mitigation mechanisms

According to the IPCC, a 1.5 °C increase in global average temperature
poses a significant risk of releasing SOC as CO,. In the Caatinga, 35% of the
territory, where 25.8% of the SOC is concentrated, already experiences
temperatures above the fourth quartile. In the Cerrado, this condition affects 24%
of the area, which holds 26.5% of the stored carbon. In the Atlantic Forest, 15.9%
of the territory (15% of SOC), and in the Pampa, 20.3% of the area (25% of SOC),

are also under elevated thermal risk.

These data highlight the urgency of biome-specific strategies focused on
SOC conservation, sustainable soil and vegetation management, and public
policies that integrate both adaptation and mitigation. Such measures are
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essential to preserve biodiversity, maintain agricultural productivity, and prevent
CO, emissions, thereby safeguarding climate resilience and the country’s carbon

footprint.
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CHAPTER 5 - FINAL CONSIDERATIONS

1. Future perspectives: Heatwaves

To address the positive feedback effect between heatwaves and CO,
emissions from thermally stressed ecosystems, it is crucial to implement effective
control mechanisms. First, it is essential to expand monitoring and research on
the relationship between heatwaves and CO, emissions in order to anticipate and

mitigate future impacts resulting from this feedback loop.

The protection of ecosystems such as forests and agriculture ecosystem
are fundamental to enhancing the resilience of these systems and their capacity
to sequester and store carbon. Furthermore, public policies must be established
to reduce greenhouse gas emissions by promoting sustainable forest

management practices.

2, Future perspectives: xCO,, SOC and Priority Zones

As society faces the consequences of climate change, the development
and implementation of public policies focused on this issue become crucial, not
only to mitigate the impacts, but also to promote resilience to the approaching
extreme climate events. Brazil, with its vast natural resources and diverse

biomes, plays an important role in atmospheric CO, removals on the global stage.

In Brazil, a country with immense natural wealth across different biomes,
nature-based solutions (NBS) offer significant potential to promote sustainability
and climate resilience. In this context, such solutions serve as mechanisms
capable of optimizing ecosystem processes and services to address regional

social, economic, and environmental challenges.

3. Maintenance of Soil Carbon Stocks

Soil plays a central role in this context. Its capacity to store carbon cannot be
overlooked, making it a key attribute in the fight against climate change. Policies
that promote sustainable agricultural practices, such as conservation and
regenerative agriculture, supported by crop rotation and integrated management
of soil physical, chemical, and biological properties, can help maintain or increase
existing carbon stocks. Furthermore, reforestation with native species and the
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restoration of degraded areas, especially pastures under the current Brazilian

context, are essential strategies that should be expanded.
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