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Abstract

Mato Grosso, a huge province in Brazil's Central-West, is one of South America's most
environmentally diverse and dynamic regions. Mato Grosso is currently recognized as a key target
for climate and environmental change study, owing to its massive forests, including portions of the
Amazon, Cerrado, and Pantanal biomes, as well as its extensive biodiversity. Over the last few
decades, this region has seen significant anthropogenic pressures from agricultural growth,
logging, and other land-use activities, contributing to deforestation, habitat loss, and changes in
hydrological cycles. These changes are critical in shaping regional and global climate systems,
demanding thorough, data-driven research to understand these dynamics better and promote
sustainable management approaches.

The Amazon rainforest's distinctive ecosystem is threatened by new difficulties posed by climate
change and increased wildfire occurrences, particularly in Brazil's Mato Grosso. This study
explores the relationships between forest cover dynamics, precipitation patterns, and wildfire burn
area over 20 years, from 2002 to 2021. This study will utilize NASA's Vegetation Continuous
Fields (VCF) dataset to explore variations in tree cover percentage throughout Mato Grosso,
contrasting these with yearly precipitation figures from the Integrated Multi-satellite Retrievals for
GPM (IMERG) dataset and the Burn Area data derived from NASA's Terra and Aqua satellites
(MCD64AL1 Version 6). The research seeks to explore the impact of variations in rainfall on forest
coverage and its role in increasing wildfire risk, especially during prolonged droughts or severe
dry periods.

The findings reveal a pronounced correlation between decreased precipitation and increased
wildfire incidents, particularly during extended dry periods. Specifically, the analysis indicates that
years with lower rainfall corresponded with substantial reductions in forest cover and heightened
fire activity. This relationship underscores the vulnerability of the Amazon rainforest to climate
variability, illustrating how prolonged drought conditions can exacerbate forest degradation and
increase fire risks.

By elucidating these dynamics, this study contributes valuable insights into the climate resilience
of the Amazon ecosystem. The results highlight the critical need for informed policymaking and
conservation strategies aimed at mitigating the impacts of climate change on this vital region.
Ultimately, this research aims to enhance understanding of how climatic factors influence forest
health and fire susceptibility, providing a foundation for future studies and interventions focused
on preserving biodiversity and ecological integrity in Mato Grosso.
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Analyzing the Interplay Between Wildfire Burn Areas, Precipitation
Patterns, and Tree Cover Change: A Study in Mato Grosso, Brazil
(2002-2021)

CHAPTER 1 - INTRODUCTION

1. Background —

It is undeniable that climate change is a significant issue currently affecting our daily lives and the
environments in which we live. Likewise, the frequency of wildfires is on the rise, with their
severity escalating significantly as a result of climate change. Over time, we have witnessed
unparalleled wildfires wreaking havoc around the globe. The Amazon Rainforest is one of the
areas most affected by fires.

Research on the effects of climate change on ecosystems and agriculture has become crucial,
especially in regions like Mato Grosso, Brazil, where various biomes coincide with intensive
farming methods. This study investigates the intricate connections among changes in tree cover
percentages (VCF), rainfall trends, and instances of wildfires in Mato Grosso from 2002 to 2021.

Recent research has brought attention to the major obstacles that the ecosystems and agricultural
systems of Mato Grosso are facing as a result of climate change and human activities. Leite-Filho
et al. (2024) discovered a concerning pattern of reduced rainfall amounts and briefer rainy periods
in Mato Grosso, with forecasts showing a potential escalation of these trends. These alterations
present significant risks to the ecosystems and intensive agriculture in the area.

Research by Gil et al. (2018) highlights the significance of comprehending these dynamics,
focusing on the trade-offs in agricultural intensification strategies in Mato Grosso. Their research
highlighted the intricate relationship between food production, greenhouse gas emissions, and
climate resilience in various farming systems.

Pobocikova et al. (2021) researched rainfall modelling in the Pantanal of Mato Grosso do Sul
within the scope of climate change impacts, highlighting the importance of precipitation patterns
in influencing environmental conditions. This study offers valuable information on statistical
techniques for studying rainfall data, which will guide the precipitation analysis approach. Based
on data from earlier studies, there has been a notable rise in the number of fires compared to
previous years, leading to investigations into the causes. This increase has been impacted by
climate change.

The Amazon region has a long history of wildfires, but the recent increase in their occurrence and
strength has sparked worries. The Rainforest Foundation US has noted a 14.26% rise in Amazon
fires from January to June 2023, in contrast to the equivalent period in 2022. In just this year, fires
destroyed 3.6 million acres (1.45 million hectares), up from last year's 3.1 million acres (1.27
million hectares). Thus, it is crucial to comprehend the impact of climate change on the Amazon
forests and their vulnerability to fires to address this intricate problem.



Dubreuil et al. (2011) have documented the effect of changes in land cover on the local climate in
the Alta Floresta area of Mato Grosso. Their study displays the intricate connections between
deforestation and local climate variations, underscoring the importance of comprehensive research
that considers various environmental factors.

With these research findings and the urgent environmental issues in Mato Grosso, this thesis seeks
to investigate the connections between changes in tree cover percentages (VCF) , rainfall trends,
and the extent of wildfires from 2002 to 2021. This study aims to conduct a thorough examination
of the environmental transformations in the area through the use of NASA's Vegetation Continuous
Fields (VCF) dataset, IMERG precipitation data, and the MCD64A1 Burn Area product.

As the impacts of climate change persist on tropical ecosystems, research like this becomes more
crucial. This research seeks to add to the expanding knowledge base on environmental dynamics
in a key region of South America by connecting remote sensing data, climate trends, and on-the-
ground observations.

2. Problem statement —

The Amazon rainforest, especially in Mato Grosso, Brazil, is experiencing unprecedented
challenges because of the intricate combination of climate change, deforestation, and rising
incidences of wildfires. These factors are bringing about major changes in forest cover dynamics
and precipitation patterns, which may result in lasting ecological and climatic effects.

Furthermore, Oliveira et al. (2024) analyzed the variations in reference evapotranspiration over
space and time using global climate models, highlighting the possible changes in hydrological
patterns under different climate change scenarios. Brando et al. (2020) emphasize the importance
of understanding the interactions between climate change, deforestation, and fire in the Amazon,
highlighting the potential for positive feedback that could accelerate forest degradation.

Additionally, Marengo et al. (2018) stress the need for improved monitoring and understanding of
precipitation patterns in the Amazon, as changes in rainfall regimes can have significant impacts
on forest resilience and fire susceptibility.

Even though past research has looked into these topics individually, it is crucial to conduct a
comprehensive analysis that brings together the changes in tree cover percentages (VCF),
precipitation trends, and areas affected by wildfires for a prolonged period. This research aims to
address these knowledge gaps by conducting an integrated analysis of forest cover dynamics,
precipitation patterns, and wildfire burn areas in Mato Grosso over 20 years, from 2002 to 2021.



3. Purpose and research questions —

Purpose:

The primary purpose of this study is to investigate the relationships between forest cover

dynamics, precipitation patterns, and wildfire burn areas in Mato Grosso, Brazil, over the 20-year
period from 2002 to 2021.

Research Questions:

The purpose of this research is to address the following questions:

a. What are the spatial patterns of changes in Mato Grosso's tree cover percentages (VCF) ,
focusing on tree cover percentage and tree cover percentage change, from 2002 to 2021?
How do these patterns relate to burned area distribution?

b. How do precipitation patterns and trends in Mato Grosso evolve from 2002 to 2021, and
how do these trends vary with burned area?

c. What connections exist between Mato Grosso's wildfire burn areas, precipitation patterns,
and changes in VCF?

Anticipated Results —

Forest Cover Dynamics: This investigation anticipates the identification of major shifts
in the tree cover of Mato Grosso from 2002 to 2021, with an emphasis on the percentage
of trees and the change in VCF. The Vegetation Continuous Fields (VCF) dataset is utilized
to examine alterations in tree cover percentages throughout time.

Precipitation Trends: The research utilizes the Integrated Multi-satellite Retrievals for
GPM (IMERG) dataset to analyze long-term trends and anomalies in precipitation in Mato
Grosso from 2002 to 2021. Changes in rainfall distribution throughout the dry season, as
well as their possible relationship with wildfire occurrences, will be studied in detail. These
findings will help us better understand the relationship between climatic conditions and
burned-area dynamics.

Correlation between the variables: The study seeks to understand the links between
wildfire burn areas, precipitation patterns, and forest cover dynamics. This study aims to
demonstrate how variations in precipitation and VCF percentage correlate with the extent
and frequency of burned areas through spatial and temporal analyses, providing a
comprehensive understanding of the interconnection of these critical variables in the
context of Mato Grosso's ecosystems.



The research seeks to identify connections between changes in tree coverage, patterns of rainfall,
and the extent of land devastated by fires. This involves understanding the connection between
changes in VCF and variations in precipitation patterns, and how they are interlinked. This research
aims to create meaningful spatial analysis using GIS tools such as ArcGIS Pro and QGIS. These
evaluations will lead to the creation of scatterplots displaying the spread of alterations in tree cover
percentages (VCF), rainfall trends, and areas impacted by wildfires in Mato Grosso during the
specified period.

CHAPTER 2 - LITERATURE REVIEW

4. Introduction —

The Amazon rainforest, which plays a vital role in maintaining global climate balance and
biodiversity, has seen a worrying rise in the frequency and intensity of wildfires since the early
2000s. This detailed literature review explores the intricate relationship between precipitation
patterns and fire patterns, and their impact on forest coverage in Amazonia, specifically in Mato
Grosso.

4.1. Bioclimatic Relationships Between Climatic Regimes and Fire Regimes in Amazonia-

Bioclimatic conditions, such as seasonal drought and inter-annual precipitation variations, have a
significant impact on fire dynamics in the Amazon rainforest. Research consistently shows that El
Nifio incidents, defined by warmer and drier conditions, dramatically increase fire activity in the
Amazon due to greater forest sensitivity to ignition and spread. (Septer, 2024)

4.1.1 The Role of Precipitation in Regulating Fire Activity

Rainfall patterns play a crucial role in influencing fire behaviour in the Amazon region.
Elevated moisture levels and regular downpours usually serve as natural obstacles to the
spread of fires, helping to protect the biome from extensive wildfires. On the other hand,
changes in seasonal rainfall, especially in the dry season, can disturb this equilibrium.

Aragio et al. (2018) demonstrated the significant impact of the duration and severity of the
dry season on the level of fire occurrence. As precipitation decreases, materials like leaf
litter, woody debris, and undergrowth dry up and become extremely easy to catch fire. This
is particularly noticeable in the southern Amazon region, where extended periods of
drought are frequent. In Mato Grosso, the boundary area between the Amazon and Cerrado
increases the dangers because the Cerrado's semi-deciduous vegetation is inherently more
susceptible to fires.

The South American Monsoon System (SAMS) has a significant impact on precipitation
patterns. Delays in monsoon commencement or cutbacks in rainy season rainfall worsen



dry season conditions. Marengo et al. (2018) discovered that altered SAMS dynamics are
becoming more common as global warming causes longer dry seasons and increased fire
vulnerability.

4.1.2 El Niiio impacts on wildfire spread -

El Nifio occurrences have a significant impact on determining fire patterns in the Amazon.
In El Nifio years, the Amazon encounters reduced rainfall and increased temperatures,
especially in eastern and central areas. These circumstances result in:

e Rising levels of fire intensity.
e Bigger fire sizes
¢ Quicker rates of fire spreading.

The El Nifio Southern Oscillation (ENSO) disrupts airflow, causing reduced precipitation
and increased temperatures. Chen et al. (2011) discovered that these circumstances elevate
the risk of fires, particularly in the eastern and southern regions of the Amazon. The severe
El Nifio in 2015-2016 caused historic droughts and led to more than 4.2 million hectares
of forests being destroyed by wildfires.

Fonseca et al. (2019) found that the joint impact of El Nifio's direct effects and human
activities led to a notable rise in fire activity in Roraima, Brazil between 2015 and 2016.
When considering fluctuations from one year to the next, it is crucial to recognize external
factors like the El Nifio phenomenon. Currently, the Amazon is undergoing an El Nifio
year, resulting in a dry climate and higher chances of wildfires occurring (NOAA
Climate.gov, 2023).

Jiménez-Muiioz et al. (2016) have also highlighted that ENSO events not only exacerbate
droughts but also extend the dry season, creating ideal conditions for wildfires to propagate.
In Mato Grosso, the impact is severe due to agriculture and scattered forests leading to
additional fire starters.

Recognizing that short-term variations, such as those affected by El Nifo, can have an
impact on the occurrence of wildfires is important. To fully grasp the situation, it is essential
to examine longer-term trends spanning multiple decades, offering a more precise
representation of climate-related changes (IPCC, 2021).

4.1.3 How Drought is Interrelated to Fire Vulnerability —

The Amazon rainforest's increased susceptibility to fires is caused by drought. El Nifio,
which is defined by warm temperatures and little precipitation, has been associated with a
higher risk of wildfires.



According to Aragdo et al. (2018), severe droughts brought on by climate change are
increasing fire activity in the Amazon. Their research demonstrates how vulnerable the
Amazon ecosystem is to climate change and emphasizes the possibility of interrelated
feedback loops between fire, drought, and climate change.

According to Singh and Zhu (2021), the connection between drought and susceptibility to

fire is intricate and has many distinct aspects —

¢ Reduced soil moisture: Drought conditions lead to decreased soil moisture, which
increases the flammability of forest vegetation and litter.

e Vegetation stress: Prolonged drought causes physiological stress in plants, making
them more susceptible to fire damage.

e Fuel accumulation: Dry conditions can lead to the accumulation of dead plant material,
providing additional fuel for fires.

e Increased fire spread: Drought-stressed vegetation and dry conditions allow fires to
spread more rapidly and cover larger areas.

Climate model simulations have played a vital role in comprehending and forecasting the
link between drought and susceptibility to fires. For example, NASA utilizes the GEOS
S2S forecast model to anticipate fire hazards several weeks and months ahead by
considering drought conditions. (Mann et al., 2016)

Brando et al. (2020) discovered that drought-induced stress enhanced fire danger,
especially in areas with anthropogenic pressures like as deforestation and agricultural
growth.

Droughts have disproportionately afflicted Mato Grosso, which is located on the Amazon's
southern fringe. The state's agricultural boundaries contribute to widespread deforestation,
aggravating local climate change. Silva Junior et al. (2019) found that deforestation
impacts local hydrological cycles, resulting in lower rainfall and prolonged dry periods.

Research by Alencar et al. (2015) further supports this relationship, showing that drought
years in the Amazon are associated with a significant increase in fire occurrence and
intensity. Their study, which focused on the Brazilian Amazon, including Mato Grosso,
found that fire incidence could increase by up to 36% during severe drought years
compared to non-drought years.

4.1.4 Anthropogenic Influences on Fire Dynamics —

Anthropogenic influences on fire dynamics in the Amazon rainforest are complex and
multifaceted, frequently interacting with and exacerbating environmental elements to
generate conditions that promote increased fire activity. Understanding these human-driven
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impacts is critical for establishing effective fire management methods, especially as climate
change contributes to previously existing vulnerabilities in the region.

Deforestation and agricultural development are the chief anthropogenic causes of fire in
the Amazon. Extensive cow ranching is the major source of deforestation, accounting for
over 80% of current forest loss in the region (WWF, 2020). This deforestation not only
directly contributes to fire risk but also emits substantial amounts of carbon into the
atmosphere, accounting for 3.4% of current global emissions. Agricultural activities,
specifically the increase in soybean farming, worsen deforestation and the chances of fires.
(WWF, 2020)

The interconnection between deforestation and rainfall patterns is intricate. Studies show
that a reduction of up to 55-60% in forests within 28 km of grid cells can initially boost
rainfall, but exceeding this threshold will drastically decrease precipitation. The correlation
changes based on size, with bigger regions having lower thresholds for harmful effects on
rainfall. Extensive deforestation can cause a decrease in rainfall, which may result in large
financial losses for the agricultural industry, surpassing the immediate benefits of
converting land (Leite-Filho et al., 2021).

According to a study by Cano-Crespo et al. (2015), land-use changes and agricultural
expansion in Mato Grosso combine with climate conditions to raise the risk of fire. They
found that deforested areas are more prone to fire, particularly in arid years, underscoring
the intricate relationship between climate and human activity in determining fire regimes.

This idea is further supported by research by Barlow et al. (2020), which demonstrates how
human-induced landscape fragmentation in the Amazon makes forests more susceptible to
fires caused by climate change. Deforestation-created forest edges are especially
vulnerable to fires during drought years, according to their study, which included data from
Mato Grosso. Furthermore, a study by Longo et al. (2020) highlighted the cascading effects
of increased burning on forest resilience. They found that fire-affected forests are more
susceptible to future disturbances, creating a positive feedback loop that could accelerate
forest loss and degradation.

4.1.5. Causality in the Relationship Between Fires and Forest Degradation

Understanding the causal relationship between fires and forest degradation is inherently
complex, as these phenomena are often intertwined both spatially and temporally. Fires are
a significant driver of forest degradation, leading to tree mortality, altered vegetation
structure, and increased vulnerability to further disturbances. Conversely, degraded
forests—characterized by reduced canopy cover and accumulated dry biomass—are more
susceptible to ignition and fire spread. This bidirectional relationship complicates the task
of disentangling causality when examining the interplay between fire activity and forest
dynamics. For instance, while fires can directly cause forest loss, pre-existing degradation
often creates conditions that facilitate fire spread, highlighting the cyclical nature of these
interactions (Brando et al., 2020; Marengo et al., 2018). Land-use practices further
complicate this causality. In regions like Mato Grosso, land managers frequently use fire
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as a tool for deforestation and agricultural expansion. This anthropogenic influence blurs
the line between natural and human-induced drivers of forest degradation. Intentional
burning for land clearing establishes a direct causal link between land conversion and fire
activity. Moreover, fires in degraded forests can accelerate the conversion of these lands
into non-forest uses, perpetuating a feedback loop of degradation and land-use change (Gil
et al., 2018). The temporal overlap of fire occurrences with pre-existing degradation also
complicates causal inference; areas affected by fires may experience prolonged
degradation due to diminished ecological resilience. To address these complexities,
researchers must adopt a nuanced approach that considers both direct and indirect causal
pathways. Employing spatial and temporal analyses, such as time-lagged correlations and
multivariate regression models, can help unravel the relative contributions of fire and
degradation to forest dynamics. Additionally, recognizing the role of socioeconomic
factors—such as land tenure systems and agricultural incentives—is critical for
understanding the broader context in which these interactions occur (Leite-Filho et al.,
2024; Pobocikova et al., 2021). Acknowledging the bidirectional causality between fires
and forest degradation is essential for producing accurate insights that inform conservation
practices and land management strategies.

4.2 Methodological Approaches in Climate-Fire Research —

To provide thorough insights into fire dynamics and their climatic drivers, research into the
bioclimatic relationships between climate and fire regimes in the Amazon uses a range of
advanced methodological approaches, including statistical analyses, climate modelling,
and remote sensing.

4.2.1 Remote Sensing for Fire Monitoring and Tree Cover Percentages (VCF) Changes —

Remote sensing holds significance in climate-fire research because it allows for detailed
tracking of fire occurrences and changes in plant growth in the Amazon rainforest. Since
2002, NASA's Terra and Aqua satellites' Moderate Resolution Imaging Spectroradiometer
(MODIS) has played a vital part in locating fires by monitoring heat sources daily. This
capability allows for the rapid identification of current fires as well as the detailed analysis
of fire trends over time (Morton et al., 2013; Glad, 2023).

To track changes in forest density, the MODIS Vegetation Continuous Fields (VCF) dataset
provides useful information on forest cover through a percentage tree cover layer (Hansen
et al., 2013; Global Forest Change Project, 2023). This product has proved crucial to
understanding how fire affects the composition of forests, especially in areas like the
Amazon that are prone to fire. With monthly estimates at a spatial resolution of 500 meters,
the MODIS Burned Area Product (MCD64A1) is a widely used tool for burned area
analysis. Researchers can identify regions where fire frequency and intensity are increasing
by using this data set to examine the temporal and spatial patterns of fire (Rahayu Adzhar
et al., 2022)These studies are essential for figuring out how human activity and climatic
variability affect fire trends.



4.2.2

4.2.3

The integration of MODIS and Landsat datasets improved the study of tree cover
percentages (VCF) change. The Global Forest Change project uses this interface to provide
annual updates on forest loss and growth at a 30-meter level. This higher resolution,
acquired by mass processing of Landsat archives, allows researchers to track forest area
and change on a global scale more precisely than MODIS alone (Hansen et al., 2013).

Analyzing Precipitation Changes —

The IMERG product from NASA is frequently utilized to study how changes in
precipitation, which strongly influences fire behaviour, impact fire activity. IMERG offers
detailed worldwide precipitation estimations, including daily, monthly, and half-hourly
data at 0.1-degree spatial resolution. The temporal consistency and spatial accuracy of the
resource make it valuable for studying the variability of rainfall and its connection to fire
patterns (Huffman et al., 2019). This dataset has proven to be extraordinarily successful in
detecting rainfall shortages in the dry season, which are strongly associated with increased
fire dangers in the Amazon.

Spatial Analysis of Fire Activity —

Spatial analysis techniques like hotspot analysis and kernel density estimation (KDE) are
used to display and measure the spatial pattern of fire incidents. Hotspot analysis detects
clusters of fire activity with high-intensity levels, indicating concentrated areas of burning.
In the same way, KDE has been utilized to track fire hotspots using MODIS fire data,
assisting in identifying areas with consistent or rising fire occurrences (Radeloff et al.,
2015). These spatial techniques allow researchers to link fire patterns with various climatic
factors and changes in land use, providing a thorough comprehension of the factors that
impact fire frequencies.

4.3 Causal Inference Analysis in Climate-Fire Research —

Causal inference analysis has emerged as a robust tool in environmental research, enabling the
disentanglement of complex interactions between variables in ways traditional correlational
methods cannot. This approach, particularly in fire ecology and climate change research, aligns
with the current trend of examining how precipitation, vegetation cover dynamics, and fire activity
are interconnected. The use of causal inference to analyze the association between precipitation
and burnt area, while accounting for vegetation parameters, contributes to the developing body of
research.

4.3.1 Theoretical Foundations —

The potential outcomes framework, also known as the Rubin Causal Model, forms the
cornerstone of modern causal inference in climate-fire research. This approach defines
causal effects in terms of counterfactual outcomes, allowing researchers to estimate the
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4.3.2

4.3.3

effect of an intervention or exposure on an outcome of interest (Magliocca et al., 2023). In
the context of fire ecology, this framework enables the estimation of burned areas under
different precipitation scenarios while controlling for vegetation factors. Directed Acyclic
Graphs (DAGs) have become increasingly popular for visualizing causal relationships
between variables in environmental research. Segura-Garcia et al. (2024) employed DAGs
in their study of human-climate-fire interactions in the Cerrado region, using them to
inform covariate selection and model design. This approach helps researchers map
complex causal pathways in fire-climate systems, allowing for more precise identification
of confounding variables and potential intervention points.

Applications in Climate-Fire Research

Recent studies have applied causal inference methods to questions related to wildfires and
climate, providing valuable insights:

1. Climate-Fire Relationships: Qu et al. (2023) used a causal inference approach to
evaluate the influence of top-down weather and bottom-up fuel precursors on
wildfires globally. They found that top-down dominance on wildfires is more
widespread than bottom-up dominance, accounting for 73.3% and 26.7% of
regions, respectively. This finding supports the focus on precipitation as a key
driver of burned areas while also accounting for vegetation factors.

2. Human-Climate-Fire Interactions: Segura-Garcia et al. (2024) employed a causal
inference framework and Bayesian approach to study how human presence in the
landscape regulates the effects of climate on burned areas in the Cerrado region.
Their work highlights the potential for expanding analyses to include anthropogenic
influences in fire-climate research.

3. Spatial Causal Analysis: Larsen et al. (2022) proposed a framework for estimating
fire-contributed PM2.5 using a novel causal inference approach that accounts for
spatial correlation. Their use of Bayesian spatial models to address spatial
dependencies in fire-related data suggests potential avenues for incorporating
spatial autocorrelation into causal inference analyses of fire dynamics.

Methodological Considerations —

When applying causal inference methods to fire ecology, several important considerations
emerge:

1. Spatial Autocorrelation: Larsen et al. (2022) addressed the challenge of spatial
interference in estimating wildfire-attributed PM2.5 concentrations. Similar
considerations may be necessary when analyzing burned area data, particularly at
fine spatial resolutions.

2. Time Lags: Diaz et al. (2022) used convergent cross-mapping techniques to infer
causal relations in long-term ecological data, highlighting the importance of
considering temporal lags in environmental systems. Incorporating lagged effects
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of precipitation on burned areas could reveal important causal pathways in fire-
climate analyses.

3. Confounding Factors: Pearce et al. (2019) discuss the challenges of making causal
inferences in environmental epidemiology, emphasizing the need to account for
multiple interacting factors. Careful consideration of potential confounders, such
as vegetation dynamics and human activities, is crucial for robust causal inference
in fire-climate research.

4. Model Validation: Qu et al. (2023) stress the importance of using interpretable
machine learning models that can be validated against the physical understanding
of fire processes. Ensuring that causal inference results align with established
ecological principles strengthens the validity and applicability of research findings.

In short, causal inference analysis offers a powerful approach to understanding the complex
relationships between climate factors, vegetation dynamics, and fire occurrences. By
leveraging techniques such as the potential outcomes framework, DAGs, and spatial causal
analysis, researchers can gain deeper insights into the drivers of wildfire activity and their
interactions with climate systems. As the field continues to evolve, integrating these
methods with traditional ecological approaches and addressing methodological challenges
will be crucial for advancing our understanding of fire-climate dynamics in a changing
world.

Conclusion

This literature review highlights the complex interaction between climate regimes, anthropogenic
effects, and fire dynamics in the Amazon rainforest, with a focus on Mato Grosso. Fire patterns
are influenced by bioclimatic phenomena such as precipitation variability, El Nifio occurrences,
and lengthy droughts. Human activities such as deforestation and agricultural development
typically worsen these causes. The methodological techniques examined, which include remote
sensing, spatial analysis, and climate modelling, causal inference analysis emphasize the important
instruments required to comprehend these processes. To decrease fire risks, preserve forest
resilience, and maintain the Amazon's essential biological and climatic services, it is necessary to
implement coordinated measures to address the compounding effects of climate change and
human-driven disturbances.

CHAPTER 3 - METHODOLOGY

5. Methodology
5.1 Study Area —

This study focuses on the Amazon extent of Mato Grosso, a state situated in the Central-West
region of Brazil. Mato Grosso is home to three major biomes: the Amazon Rainforest, the Cerrado
savanna, and the Pantanal wetlands, each contributing to the state's rich biodiversity and complex
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environmental dynamics. The Amazon portion of Mato Grosso, which is the central focus of this
research, spans approximately 480,215 km?, accounting for 53.6% of the state's total area.

Mato Grosso's strategic location on the southern fringe of the Amazon, often referred to as the
"Arc of Deforestation," is critical for studying the interplay between deforestation, precipitation
variability, and wildfire events in the context of climate change (Fearnside, 2005). The region has
been under significant anthropogenic pressure, primarily due to agricultural expansion, logging,
and other land-use changes, leading to considerable deforestation, habitat fragmentation, and
alterations to regional hydrological cycles (Nepstad et al., 2006).

The Amazon portion of Mato Grosso is particularly sensitive to climatic variations driven by the
South American Monsoon System (SAMS) and the El Nifio-Southern Oscillation (ENSO), which
exacerbate the region's vulnerability to extreme weather events (Marengo et al., 2012). These
climatic influences provide a unique opportunity to study how global climate patterns shape local
ecosystems and fire regimes. Moreover, the region's ecological significance extends beyond its
borders, as it plays a crucial role in both Brazil's agricultural production and global ecological
systems, such as carbon sequestration and biodiversity maintenance (Cerri et al., 2019).

The findings from this study focused on the Amazon extent of Mato Grosso, hold global relevance
by shedding light on the impacts of land-use change on tropical ecosystems. These insights can
inform conservation efforts and guide sustainable land management strategies that are essential for
maintaining ecological balance in the face of increasing anthropogenic pressures and climate
change.

MATO GROSSO
G 1 1 1
-, BRAZIL
T ~ 10°0'0"S
Cerrado
“| Landscapes Cerradao - 15°0'0"S
Forest
% P— Pantanal
- Wetland

T T T

60°0'0"W 55°0'0"W. 50°0'0"W.

Figure 1. Map of Mato Grosso with its three main biomes: Amazon forest, Cerrado/Cerradao and the
Pantanal wetland (Instituto Brasileiro de Geografia e Estatisticas (IBGE), (Lathuilliere et al., 2014)
https.//iopscience.iop.org/article/10.1088/1748-9326/9/7/074001#erl497183bib28 )
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5.2 RESEARCH DESIGN -

The study focuses on how changes in tree cover percentages (VCF) , precipitation levels, and
wildfire regions in Mato Grosso, Brazil, are interconnected throughout 20 years (2002-2021). This
study utilizes geospatial technologies and remote sensing data to identify geographical and
temporal trends and understand the impact of climate change on environmental change. Here,
Vegetation Continuous Fields (VCF) data, IMERG precipitation data, and MCD64A1 Burn Area
data are used to obtain insight into the ecological and climatic changes occurring in Mato Grosso.
The combination of these data sources enables a detailed study of environmental changes and
their effects on the region's ecosystems.

The study design includes a range of spatial and statistical analysis techniques to investigate the
temporal and spatial trends of changes in tree cover percentages (VCF) , variability in
precipitation, and occurrences of wildfires. Correlation analysis methods like Spearman’s Rank
Correlation Coefficient will be calculated to show the bi-variate relation between the variables
used in this study. Causal inference analysis will also be used to estimate the effect of precipitation
on burned areas using the other variables as confounding variables. Moreover, spatial overlay
methods will be utilized to evaluate the connections between changes in tree cover percentages
(VCF) and precipitation distributions using QGIS and ArcGIS Pro software. Through the use of
geospatial methods in Geographic Information Systems (GIS), the research seeks to reveal trends
in forest deterioration linked to decreased rainfall and increased wildfire occurrences. This
comprehensive method offers essential information on the resilience of Mato Grosso's Amazon
ecosystems, adding to overall knowledge of how climate change affects tropical forests.

5.2.1 Detailed Explanation of Data Processing Workflow

Step 1: Zonal Statistics for Summarizing Raster Data

In the initial step of the workflow, Zonal Statistics was used to summarize the values of a
specific input raster (e.g., burned area) for each unique 10-km pixel of an IMERG
precipitation raster. The IMERG precipitation raster acts as the "zonal raster," where each
10-km pixel represents a unique zone. The value raster, such as the burned area data, is
summarized within these zones based on predefined statistics (e.g., sum, mean). Each zone
in the zonal raster can be uniquely identified using values such as a random unique integer
assigned to each 10-km pixel.

This step ensures that the spatial resolution of all raster datasets is standardized to match

the 10-km pixel resolution of the IMERG data, enabling a uniform spatial framework for
subsequent analyses.
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Step 2: Conversion to Point Vector File

After summarizing the burned area and other raster data at the 10-km resolution using
Zonal Statistics, the next step involves converting the zonal raster (from Step 1) into a point
vector file. This conversion is performed so that each point represents the centroid of a 10-
km pixel and assumes the unique zonal value from the original zonal raster. Each point
thus serves as a spatial reference for the data summarized in Step 1.

Step 3: Extracting Multi-values to Points

Once the 10-km zonal raster is converted into a point vector file, the Extract Multi-Values
to Points tool in ArcGIS Pro integrates additional raster datasets into the point vector's
attribute table. This tool extracts values from all 10-km raster datasets (e.g., burned area,
vegetation continuous fields (VCF), and precipitation) and populates the point vector's
attribute table with these values.

This step effectively creates a tabular database where each point corresponds to a unique
10-km pixel and contains attributes for all summarized raster values. This database serves
as a cohesive and spatially aligned dataset that integrates all variables at the same resolution
and spatial reference which will be crucial for this research.

One key advantage of this workflow is that it eliminates potential spatial misalignment issues that
may arise when working with overlapping datasets of different origins. By using the IMERG
raster as the zonal raster and aligning all datasets to its 10-km grid, the final vector tabular
database ensures consistency in spatial representation, thus facilitating accurate analysis and
interpretation.

5.3 DATA COLLECTION —

The data required for this research is collected from established remote sensing datasets and
spatial databases to guarantee accuracy and authenticity. The three primary datasets to examine
the relationship between wildfire burn areas, precipitation patterns, and tree cover percentages
(VCF) loss in Mato Grosso, Brazil, from 2002 to 2021: NASA's Vegetation Continuous Fields
(VCF), the Integrated Multi-satellite Retrievals for GPM (IMERG), and the MCD64A1 Burn Area
product. Each dataset contains valuable information for understanding the region's complicated
environmental dynamics. The shapefiles of administrative and biome boundaries were acquired
from the Brazilian Institute of Geography and Statistics (IBGE), from which the Mato Grosso
region’s shapefile was generated.
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5.3.1 MODIS Vegetation Continuous Fields (VCF) Product (MOD44B)—

https://e4ftl01.cr.usgs.cov/IMOLT/MOD44B.061

The MOD44B Vegetation Continuous Fields (VFC) dataset is an essential tool for monitoring
worldwide forest coverage as gradations of three ground cover components: percent tree
cover, percent non-tree cover, and percent non-vegetated (bare). It offers annual estimates of
tree cover percentage with a spatial resolution of 250 meters(m) pixel resolution, with a sub-
pixel depiction of percent cover about the three ground cover components. The VCF product
is generated by using a machine-learning-based regression tree algorithm to estimate the
percentage cover of vegetative life forms in each pixel by combining MODIS Terra and Aqua
reflectance data. (Hansen et al., 2003; DiMiceli et al., 2015).

To enhance accuracy, the annual VCF output integrates Terra observations with ancillary data,
such as climate variables, terrain metrics, and ecoregion classifications, which have been
shown to improve predictions of vegetation cover (Song et al., 2018). Unlike categorical land
cover classifications, the VCF dataset's ability to depict subtle gradations in cover makes it
particularly valuable for research on deforestation trends, habitat fragmentation, and
ecosystem resilience (Hansen et al., 2013).

Nevertheless, certain limitations are inherent to the VCF dataset. For example, the accuracy
of tree cover estimates varies by biome, with reduced reliability in complex forest ecosystems
such as tropical rainforests (Sexton et al., 2013). Additionally, cloud cover and atmospheric
disturbances can introduce noise into reflectance data, potentially reducing the reliability of
annual outputs. Despite these challenges, the MOD44B dataset remains an invaluable resource
for large-scale ecological studies, offering insights into vegetation dynamics over the last two
decades (DiMiceli et al., 2015).

The Vegetation Continuous Fields (VCF) dataset, available in Hierarchical Data Format (HD
F), includes extensive information on the proportion of tree cover, non-tree vegetation, and
non-vegetated regions. The raster layers displaying tree cover percentages were extracted
using QGIS. The methodology included importing the HDF data into QGIS and manually
extracting each year's tree cover raster layer from 2002 to 2022. QGIS facilitates seamless
retrieval of all datasets embedded within the HDF files without requiring additional
preprocessing. After extraction, the raster files were systematically organized into folders
for effective data management and accessibility.

Subsequently, the annual VCF raster datasets were imported into ArcGIS Pro, where they were
clipped to the boundary of the Mato Grosso study area using a shapefile. This clipping process
ensured a focused spatial extent for analysis, providing refined datasets for visualizing forest
cover dynamics and calculating forest loss across the study period. These preprocessed
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datasets form the foundation for examining long-term tree cover percentages (VCF) trends in
relation to other variables, such as precipitation and burned area.

5.3.2 Integrated Multi-Satellite Retrievals for GPM (IMERG) —
https://arthurhouhttps.pps.cosdis.nasa.gov/

The precipitation data utilized in this study are derived from NASA's Integrated Multi-Satellite
Retrievals for GPM (IMERG) product, offering global precipitation estimates at high spatial
and temporal resolutions. IMERG combines and intercalibrates satellite observations from
passive microwave sensors, infrared (IR) satellite estimates, precipitation gauge analyses, and
other sources to create seamless precipitation records spanning the Tropical Rainfall
Measuring Mission (TRMM) and Global Precipitation Measurement (GPM) eras (Huffman et
al., 2020).

IMERG data have a spatial resolution of 0.1 degrees (approximately 10 km) and a temporal
resolution of 30-minute intervals, making them highly suitable for detailed climatological
studies. The IMERG "Final Run" product is particularly recommended for research purposes
due to its retrospective integration of monthly gauge data, which enhances the accuracy of
precipitation estimates by reducing systematic errors (NASA GPM, 2022).

The IMERG Final Run dataset is a monthly product that aggregates precipitation data by
scaling precipitation values to reflect monthly totals. Precipitation values are scaled by a factor
of 10 (0.1 mm) for 30-minute and 1-day files, while monthly files use a scaling factor of 1,000
(0.001 mm) to reflect finer precision. Each monthly dataset is stored in folders corresponding
to the first day of the month. The Final Run employs a geographically variable ratio multiplier
to adjust half-hourly precipitation estimates within a month, ensuring that these estimates are
consistent with gauge-calibrated monthly totals. The "ratio multiplier" is essentially a scaling
factor that aligns high-resolution satellite data with aggregated gauge observations, thereby
improving accuracy and reducing bias in the final precipitation products (Tan et al., 2019).

IMERG data are especially valuable for regions like Mato Grosso, where ground-based
weather station coverage is sparse. The high spatial and temporal resolutions of the dataset
enable detailed examinations of precipitation timing, intensity, and seasonal trends, which are
critical for understanding the relationship between rainfall deficits and fire risks. The
consistency and reliability of the IMERG Final Run product make it an indispensable tool for
investigating precipitation dynamics and their ecological implications in tropical regions.

In this study, temporally aggregated monthly IMERG data from the Final Run product were
used to analyze precipitation trends during the dry months (July through October) from 2002
to 2021. This temporal aggregation simplifies the analysis of spatiotemporal precipitation
patterns while retaining critical seasonal variability. The focus on the dry season aligns with
the heightened wildfire risks associated with reduced rainfall during this period.
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5.3.2.1 Data Extraction and Processing Using Python in ArcGIS Pro-

Python scripting was used to automate the extraction of precipitation data from the HDF5
data obtained from IMERG. IMERG data, initially in HDF5 format, required preprocessing
to make it compatible with geospatial analyses. The HDFS5 files were converted into GeoTIFF
format while embedding spatial coordinates (latitude and longitude). The following Python
script, utilizing the GDAL library, was employed to extract the precipitation sub-dataset and
assign proper geospatial information:

from osgeo import gdal, osr

Wopa

4 # Specify the path to your HDFS file
hdf_file = r"2:/#research_c/Precipitation data/3B-M0.MS.MRE.3IMERG.22221081-5088840-E235955,081,VAT7E HDFS"

5

&

7 # Define the name of the output file

2 output_file = r"1:/#research_c/Precipitation/precipitation_2e22_with_coords.tif"
[+

1@ # Open the HDFS file and access the precipitation subdataset
11 ds = gdal.Ccpen('HDFS:"{}"://arid/precipitation:a’.format(hdf_file))

13 # Check if the dataset was successfully opened
14~ if ds is None:

15 print("Error: Unable to open the MDFS dataset.™)

16- else:

17 # Get the raster size (rows and columns)

18 cols = ds.Rasterxsize

19 rows = ds.Rasterysize

28

21 # Define the GeocTransform {example for global grid in WG584)

22 # Here, we assume a global grid with 8.1 degree resclution

23 # Adjust these values according to the actual geospatial extent and reselution of your data
24 gec_transform = (@.2, 8.1, 9.8, %0.8, 2.9, -2.1)

25 #(top-left corner x, pixel width, rotation, top-left cormer y, rotation, pixel height)
26

27 # set the GeoTransform

28 ds.setGeeTransform{gec_transform)

29

3@ # Define the projection (WGS 84 - EPSG:4326)

31 projection = osr.SpatialReference()

32 projection. ImportFromERSG(4326) # WGS 24

33

34 # set the projection

35 ds.cetProjection(projection. ExportTowkt(})

36

37 # Export the precipitation layer as a GeoTIFF

38 gdal.Translate(output_file, ds)

39

48 print{"Export complete with proper coordinates. The file is saved as:", output_file)

Fig 2—The Python script is used to extract the precipitation subset from IMERG HDF5 data.

This script performed the following tasks:
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- Opened the IMERG HDFS5 file and accessed the "precipitation” sub-dataset.

- Defined geospatial attributes, including the WGS84 coordinate system (EPSG:4326)
and a 0.1° resolution global grid.

- Exported the precipitation data to a GeoTIFF file, ensuring compatibility with ArcGIS
Pro and other GIS platforms.

After converting the monthly IMERG precipitation data for the dry season (July to
October) from 2002 to 2021 into GeoTIFF format, the data were aggregated into annual
data to align with the temporal resolution of the other datasets. The IMERG precipitation
raster was used to produce a "zonal raster," where each 10-km pixel represents a unique
zone. The other datasets such as the burned area data, were summarized within these zones
based on predefined statistics (e.g., sum, mean). Each zone in the zonal raster can be
uniquely identified using values such as a random unique integer assigned to each 10-km
pixel. This step ensures that the spatial resolution of all raster datasets was standardized
to match the 10-km pixel resolution of the IMERG data, enabling a uniform spatial
framework for accurate analyses.

This step effectively creates a tabular database where each point corresponds to a unique
10-km pixel and contains attributes for all summarized raster values. This database serves
as a cohesive and spatially aligned dataset that integrates all variables at the same
resolution and spatial reference.

5.3.3 MODIS Burned Area Product (MCD64A1)- https://e4ftl01.cr.usgs.gov/MOTA/
https://doi.org/10.5067/MODIS/MCD64A1.061

The MODIS MCD64A1 product, developed using the Collection 6 algorithm, provides
global burned-area data with a spatial resolution of 500 meters and a temporal resolution
of daily detections aggregated into monthly files. This product identifies burned regions
by detecting thermal anomalies (current fire hotspots) and spectral anomalies (changes in
surface reflectance) using MODIS sensors aboard the Terra and Aqua satellites (Giglio et
al., 2018). The dual approach ensures robust detection of burned areas by leveraging both
thermal signals and post-fire surface changes.

The MCD64A1 mapping process combines 500m MODIS Surface Reflectance data with
1km MODIS active fire observations. A fire-sensitive vegetation index (VI), calculated
using MODIS shortwave infrared reflectance bands 5 and 7, serves as the basis for burn
detection thresholds. The VI is sensitive to burned land, highlighting spectral anomalies
indicative of fire scars (Giglio et al., 2018). Temporal texture measures further enhance
burn detection by distinguishing between burned and unburned surfaces. The algorithm
assigns an ordinal day of the calendar year to burned pixels, while unburned, missing data,
and water pixels are assigned specific values.
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The term "composite data" refers to the aggregated dataset that incorporates both active
fire observations and spectral reflectance data. This integration improves burn detection
accuracy by combining multiple data sources (Giglio et al., 2018).

Collection Granule

Characteristic Description Characteristic Description
Collection Combined MODIS Number of Science Dataset (SDS) Layers 5

DOl 10.5067/MODISMCDBE4A1.061 Columns/Rows 2400 x 2400
File Size ~2.08 MB Pixel Size 500 m
Temporal Resolution Monthly

Temporal Extent 2000-11-01 to Present

Spatial Extent Global

Coordinate System Sinusoidal

Datum NIA

File Format HDF-EOS

Geographic Dimensions 1200 km x 1200 km

Fig 3— MODIS MCD 644 dataset specifications

One limitation of the MCD64A1 product is its tendency to underestimate burned areas,
especially in regions with low-intensity fires or small fire events that may not produce
significant thermal or spectral anomalies. Studies such as Randerson et al. (2012) have
highlighted the contribution of small fires to total burned areas, while Gaveau et al. (2021)
suggest that higher-resolution datasets, like Sentinel-2, may offer improved detection in
complex fire regimes. The term "complex fire regimes" refers to regions where fire
characteristics, such as frequency, intensity, and seasonality, vary significantly due to
ecological and climatic factors. The precision of MCD64A1 varies with regional
vegetation categories, cloudiness, and thick canopies that may hide thermal signals.
Despite these difficulties, the dataset continues to be a fundamental resource for
worldwide fire monitoring.

For this study, the MCD64A 1 data were aggregated into quasi-annual burned areas for the
dry season (July—October). This approach simplifies the analysis by treating pixels burned
more than once within the same season as "burned," without distinguishing between single
and multiple burn events. Thus, the values considered of burned area per annum in this
study are binary: a pixel is classified as either burned or unburned (Melchiorre &
Boschetti, 2018).

The MCD64A1 dataset, with its monthly resolution, provides data on whether a given
pixel was burned within a specific month and includes an estimated burning date. (LP
DAAC MCD64A1) This granularity introduces the possibility of a pixel being classified
as burned more than once within a year, particularly during the dry season. However, for
this study, the quasi-annual burned area aggregated for the dry season (July—October) does
not account for instances of repeated burning within the same season.
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In this study, A binary classification approach for burned areas was adopted, categorizing
pixels as either burned or unburned within each annual dry season, regardless of the
frequency of burn events. This methodological decision was primarily driven by the
observed patterns in the data and the scale of the analysis. To illustrate the rationale behind
this approach, a preliminary analysis of burn frequency was conducted for three
representative years across the study period (2002, 2010, and 2020). The results are
presented in Table 1.

Burned Burned Burned > Burned >
Once Once (%) Once Once (%)

72,318 99.62% 274 0.38%

79,988 99.89% 85 0%

47,768 99.83% 83 Q173

Table 1: Comparison of Single and Multiple Burn Events in Mato Grosso (July-October)

As evident from Table 1, the incidence of multiple burn events within a single dry season
is remarkably low compared to single burn events. In 2002, which showed the highest
proportion of multiple burns, only 0.38% of burned pixels experienced more than one burn
event. This percentage decreased further in subsequent years, with 2010 and 2020 showing
even lower proportions at 0.11% and 0.17%, respectively.

To statistically contextualize these findings, the mean percentage of multiple burn events
was calculated across the three sample years:

(0.38% + 0.11% + 0.17%) / 3 =0.22%

This indicates that, on average, only 0.22% of burned pixels experienced multiple burn
events within a single dry season. Given the extremely low occurrence of multiple burn
events and considering the analysis is conducted at a 10-km pixel resolution, the impact
of not differentiating between single and multiple burns is likely to be negligible on the
overall results. The coarser resolution of the analysis further mitigates the potential
influence of these rare multiple burn events, as they are effectively absorbed into the
broader spatial patterns that were examined.

Moreover, the research objectives focus on understanding the broader spatial and temporal
trends of fire activity across Mato Grosso, rather than the nuanced dynamics of repeated
burns within individual 500-meter pixels. The binary classification approach aligns well

20



with these objectives, providing a clear and consistent measure of fire presence across the
landscape.

In conclusion, the simplification of data by not accounting for repeated burning also allows
for a more straightforward interpretation of results and facilitates comparisons across the
study area. This method aligns with numerous extensive fire investigations utilizing
MODIS-derived products, which have likewise concentrated on yearly or seasonal burned
regions without directly considering repeated burning. (Melchiorre & Boschetti, 2018)
(Andela et al., 2017) This justifies the methodological choice to employ a binary
classification of burned areas, which simplifies the analysis while maintaining the
integrity and relevance of the findings to the research questions.

Future research could explore repeated burning using finer spatial and temporal
resolutions, leveraging MCD64A1’s daily detection capabilities or higher-resolution data
sources like Sentinel-2 (Andela et al., 2017; Gaveau et al., 2021). Such studies could
provide a more detailed understanding of burn intensity and its implications, addressing
the limitations of the current approach.

5.3.3.1 Data Preparation And Pre-Processing —

Burn Area Data were obtained for the dry months (July—October) annually from 2002 to
2021 for Mato Grosso. Since the analysis focuses mainly on the dry season therefore
Burned area data from July to October were extracted from the MCD64A 1 dataset one by
one.

e Clipping the Raster to Mato Grosso:

The downloaded global burned area dataset was clipped to the boundaries of the Mato
Grosso region shapefile. This ensured that the analysis was geographically focused on
the study area.

e Sorting and merging of the 4-month Burn Data :

The burned area data for July to October were obtained from the MCD64A1 dataset for
each year from 2002 to 2021. The data for each year was manually obtained to guarantee
that the study was based exclusively on wildfire activity during the target months. The
data for each year's July, August, September, and October months were merged into a
single raster layer. Through this procedure, a comprehensive annual dataset that
represented the whole area burnt during the dry season for each year was produced,
which could then be used for further spatial and temporal analysis.

e Reprojecting Data into proper coordinates :
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All the rasters were reprojected to a consistent coordinate reference system (WGS 1984
UTM) to ensure they were spatially compatible with each other for smoother and error-
free analysis.

e Summarizing the burned area data to the 10 km pixel:

After summarizing the burned area data at the 10-km pixel resolution using Zonal
Statistics into the zonal raster (created using the IMERG precipitation raster). This
process harmonizes the spatial scale and alignment of the diverse datasets, producing a
unified vector tabular database that ensures consistency in spatial representation, thus
facilitating accurate analysis and interpretation.

Below there are two maps showing the burned area map of the Mato Grosso - years
2007 and 2010, which have the highest and the second highest amount of burned areas.

Burned Areas of the Amazon extent of Mato Grosso, 2007

e

Bl Burned areas

Burned Areas of the Amazon extent of Mato Grosso, 2010

e ad

Bl Burned areas

Fig 4 — Maps showing the burned areas in the Mato Grosso Region of 2007 and 2010
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5.3.4 Mato Grosso Shapefile — https://www.ibge.gov.br/

Shapefiles delineating the boundaries of Mato Grosso’s administrative regions and biomes
were obtained from the Brazilian Institute of Geography and Statistics (IBGE). The Mato
Grosso shapefile facilitated defining the study area accurately, simplifying the analysis
process.

5.4METHODS —
5.4.1 Analysis of Precipitation Trends in relation to Burned Area (2002-2021):

The study examines the temporal and spatial aspects of burned areas and precipitation in
Mato Grosso during the dry months of July to October from 2002 to 2021. These months
mark the height of wildfire season, occurring at the same time as lower rainfall and higher
vulnerability to fires. Below is a graph showing the average precipitation where the dry
season runs from May to October and then the rainy season starts from mid-October to April
(INMET, 2024).

40CH104F Climate chart - Cuiaba 280mm/11.1in

36C/8EF 245mm/8.7in

3J0C/a6F 210mm/3.3in

17emmiG.5in

26CITTF

20C/68F 140mm/5.8in

105mm/i4.2in

15C/B5F

10C/50F T0mmi2.8in

5C/41F 3smmi1.4in

OCI32F Ommiin
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B Prec s [in ==z S climatestotravel.com

Fig 5 — Average Precipitation based on the period 1991-2020 of Cuiaba, the capital city of Mato

Grosso.
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Fig 6 — Maps showing annual Burned Area data (MODIS Active Fire Data) of Mato Grosso in 2010
and 2020 with the index below representing the months with distinct colours (NASA-FIRMS, 2024)

The provided burned area maps (Fig. 5) depict MODIS active fire data for the years 2010 and
2020, respectively. The maps highlight that fire activity peaked during July, August,
September, and October compared to other months within the year. This period coincides
with the dry season, as indicated by precipitation patterns, making it an optimal time frame
for the scope of this study (NASA-FIRMS, 2024).

The MODIS (Moderate Resolution Imaging Spectroradiometer) Active Fire Data is derived
from the thermal anomalies detected by the MODIS sensors aboard NASA’s Terra and Aqua
satellites. These data provide near-real-time information on fire locations and intensity by
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detecting thermal infrared radiation emitted by active fires on the Earth's surface (Giglio et
al., 2016). The MODIS Active Fire product includes the spatial coordinates, fire radiative
power (FRP), and the confidence level of fire detection, enabling detailed assessments of fire
activity at a global scale.

This dataset has been widely applied in fire ecology and environmental research to monitor
fire patterns, assess the impacts of wildfires on vegetation and land cover, and analyze fire-
climate interactions. In this study, MODIS Active Fire Data is used to identify seasonal fire
activity trends in Mato Grosso, specifically during the dry months of July through October,
which coincide with peak fire events and minimal precipitation levels (NASA-FIRMS, 2024).

A comprehensive methodological approach was implemented to analyze the relationship
between precipitation and burned area, utilizing geospatial analysis techniques and statistical
methods. This approach facilitated a thorough examination of the spatial and temporal
patterns across the study region from 2002 through 2021. The 10-km pixel zonal raster
generated for the IMERG dataset serves as the foundational spatial unit for analysis. This
10km pixel raster was employed consistently across all datasets to ensure spatial coherence
and comparability (ESRI, 2024).

Zonal Statistics, a powerful geospatial analysis tool in ArcGIS Pro, was utilized to aggregate
and summarize the spatially distributed data within each pixel. For precipitation data, dry
season yearly precipitation rasters were processed to calculate the mean precipitation within
each 10-km pixel. Similarly, burned area rasters were analyzed to determine the total burned
area within each grid cell. This method allowed for the aggregation of spatially distributed
precipitation data and burned area data into a structured format, facilitating spatial and
temporal analyses between burn area and precipitation patterns across the study region from
2002 through 2021.

Following the extraction of Zonal Statistics rasters for burned area and precipitation data
from 2002 to 2021, year-specific tables were merged to consolidate precipitation and burned
area data for integrated analysis. This step ensured that the datasets were aligned temporally
and spatially, enabling comprehensive analysis. The resulting dataset offered a detailed
representation of precipitation variability and burned area distribution at a fine spatial
resolution, providing a robust foundation for examining their interrelationships with other
environmental variables (NASA-GSFC, 2024).

To examine the relationship between precipitation and burned area, a scatterplot analysis was
conducted to visually explore the correlation between these variables. The analysis focused
on the drier and wetter years during the annual dry season in Mato Grosso. Precipitation data
and burned area values for each 10-km pixel were plotted, enabling a detailed spatial
examination of the interaction between these factors.

Additionally, Spearman’s Rank correlation coefficient was calculated to quantify the strength
and direction of the association between precipitation and burned area. This non-parametric
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statistical measure was selected due to its robustness in capturing monotonic relationships,
regardless of data distribution. The analysis provided critical insights into how variations in
precipitation influenced burned area patterns across the study region, specifically at the 10-
km pixel scale.

Scatterplots are essential in visualizing and analyzing the relationship between burned area
and precipitation data from 2002 to 2021. They provide a clear graphical representation of
data distributions, enabling the identification of both linear and non-linear trends that may
not be immediately apparent in raw numerical data. This visual approach allows for the
detection of correlations, clusters, and outliers, offering valuable insights into the relationship
between burned areas and precipitation (Rogelj et al., 2023).

Scatterplots help determine the strength and direction of the correlation, revealing whether a
positive or negative association exists between precipitation levels and burned areas. By
visually assessing the adherence of data points to a potential trend line, scatterplots facilitate
the understanding of complex relationships that may not be captured by simple statistical
measures alone.

Moreover, scatterplots will complement the statistical analysis (e.g., Spearman’s Rank
correlation coefficient) by offering a visual representation that enhances the interpretation
and communication of trends and patterns in burned areas and precipitation across the study
period. (JRC Science Hub, 2023).

To better represent the non-linear relationships evident in these scatterplots, a LOESS
(Locally Estimated Scatterplot Smoothing) trend line was used. The LOESS function is
particularly suitable for this dataset as it provides a nonlinear curve of best fit that matches
the shape of the data without presupposing what that shape is. This approach is especially
valuable when dealing with complex ecological data where relationships may not follow
simple linear patterns. The LOESS trend line can capture nuanced changes in the relationship
between precipitation and burned area across different precipitation levels, potentially
revealing thresholds or inflection points that might not be apparent with linear regression.
The use of LOESS trend lines in these scatterplots aligns well with the choice of Spearman's
rank correlation for statistical analysis. Both methods are non-parametric and do not assume
a linear relationship between variables. This makes them particularly suitable for ecological
data, which often exhibit complex, non-linear patterns. The LOESS trend lines visually
represent the overall trend in the data, complementing Spearman's correlation by illustrating
how the relationship between precipitation and burned area varies across different
precipitation levels and between dry and wet years.

5.4.1.1. Classification of Drier and Wetter Years

To investigate the relationship between precipitation patterns and wildfire occurrence, a
statistical method was employed to classify years as "drier" or "wetter'" within the study
area from 2002 to 2021. This classification utilized the spatial and temporal characteristics of
precipitation data to capture the variability in rainfall patterns across the Amazon region of
Mato Grosso during the dry season.
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5.4.2

The classification process involved three main steps. First, the median precipitation value was
calculated across all 10-km grid cells for each year, providing a representative measure of
annual dry season precipitation. Next, The median of these annual medians over the entire
study period was calculated, yielding a threshold value of 496 mm ("median across years")
which was used as a threshold to distinguish between drier and wetter years. Years with
median precipitation below this threshold were classified as drier, while those above were
categorized as wetter.

Based on this classification, drier years included 2002, 2004, 2006, 2010, 2011, 2013, and
2015, while wetter years included 2003, 2005, 2007, 2008, 2009, 2012, 2014, 2016, 2017,
2018, 2019, 2020, and 2021. This method ensured that spatial and temporal variability in
rainfall was accounted for, offering a robust approach to identifying interannual precipitation
trends. The use of median values minimized the influence of extreme precipitation events,
enhancing the reliability of the classification.

This categorization was integral to subsequent scatterplot analyses, the calculation of
Spearman’s Rank correlation coefficients and Causal Inference Analysis, facilitating a detailed
examination of the relationship between the variables across the study region. This approach
facilitated a nuanced understanding of climate-fire dynamics in the Amazon region of Mato
Grosso.

Spatial and Temporal Analysis of Forest Cover Dynamics:

To analyze the spatiotemporal forest cover dynamics, the Vegetation Continuous Fields (VCF)
were used. The VCF raster datasets from 2002 to 2021 were extracted from the HDF files,
containing only tree percentage cover. Similarly, the VCF datasets were gridded to align with
the 10-km pixel zonal raster, and Zonal Statistics were applied to each annual VCF dataset to
extract tree cover percentages for each year. The resulting yearly zonal statistics for VCF
percentages were compiled into individual tables, which were then joined into a single,
comprehensive dataset that contained the tree percentages across all years of the study period.

To calculate annual VCF percentage change, the VCF percentage was computed for each pixel
at the 250-meter resolution using MODIS Vegetation Continuous Fields (VCF) data. The
annual change in VCF percentages was determined by subtracting the percent tree cover value
of a given year from the value of the preceding year (e.g., VCF 2003 - VCF 2002).

The difference in percent tree cover at the scale of a 250-meter MODIS pixel represents VCF
percentage change, where negative values indicate tree cover loss and positive values suggest
forest gain due to regeneration or recovery. For example, a pixel that transitioned from 55%
tree cover in 2005 to 44% in 2006 would reflect an 11% loss in tree cover percentages (VCF)
during that period.
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To integrate these changes at the study's 10-kilometre spatial resolution, the annual tree cover
differences were aggregated across all 250-meter pixels within each 10-kilometre pixel zonal
raster. This aggregation process calculated the average VCF percentage change for each grid
cell, providing a spatially consistent dataset to analyze patterns of tree cover loss and gain
across Mato Grosso.

This method aligns with established protocols for assessing land cover change using remotely
sensed data (Hansen et al., 2013) and ensures spatial comparability across the 10-kilometer
zonal raster used in this study. By utilizing this approach, the study provides a comprehensive
depiction of forest cover dynamics over the study period (2002—2021), capturing the intricate
interplay of forest loss and regeneration across the region.

For temporal and spatial analysis, a mix of statistical methods and visualization techniques
was used. Scatterplots with Loess trend lines were created to visually illustrate the connections
between variables, including alterations in VCF percentages and VCF percentage change with
the burned area. These graphs aided in recognizing possible trends, clusters, or outliers within
the data.

Correlation analysis was performed utilizing Spearman's rank correlation coefficients of the
drier years and the wetter years of the annual dry season. Spearman's non-parametric rank
correlation was used to identify monotonic relationships that might not be strictly linear. This
method of correlation analysis provided a thorough investigation of the connections among
variables, considering the non-linear relationships.

Spearman Rank Correlation is one of the non-parametric methods used to assess the
relationship between two variables, especially when the data is not normally distributed or
when the relationship is not linear. This makes it an excellent choice when working with
environmental data, which often exhibit non-linear patterns or are prone to outliers.

Spearman’s Rank Correlation coefficient (denoted as p or rs) is a statistical measure that
evaluates the strength and direction of the monotonic relationship between two variables.
Spearman's correlation, unlike Pearson's correlation, can manage non-linear relationships and
does not depend on data normality or any specific distribution requirements.

Spearman's Rank Correlation evaluates the association between two variables by considering
the ranks of the data instead of their precise values. It transforms the information into positions
(ordinal numbers) and then calculates the correlation using these positions. This method is
especially helpful for data that does not have a strictly linear relationship between variables,
which is common in environmental data like rainfall and areas affected by fires.
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The Spearman Rank Correlation formula is:

Where:
« d_iis the difference between the ranks of corresponding values in each variable.

« nis the number of data points.

Fig 7 — The formula used to calculate Spearman Rank Correlation

The correlation analysis is particularly useful in revealing trends and patterns in the data. It
allows for the quantification of the strength of relationships between variables such as burned
area, VCF percentage and VCF percentage change.

The consolidated dataset table—the master table created by combining all the datasets (
burned area, precipitation, tree cover percentages (VCF) , and tree cover percentages (VCF)
change)—was used to generate the Spearman Rank correlation coefficient.

For easier handling of the master table, a Python script was used to automate the calculation
of the coefficients between the variables for 2002 to 2011 and 2011 to 2021.

import arcpy
import pandas as pd
from scipy.stats import spearmanr

[TT

# set the path to the master table
master_table_path = r"J:\#research_c\integrated_analysis\integrated_analysis.gdb‘\Mastertable_statistics"

TR T

# Read the master table into a pandas DataFrame
fields = ["SUM_BA_Sum", "SUM_Precip_Sum", "SUM_WCF_Sum®, "SUM_FL_Sum"]

wom

1@ data = []

11

12 - with arcpy.da.SearchCurscer(master_table_path, fields) as cursor:
13« for row in cursor:

14 data.append(row)

15

1& # Create a pandas DataFrame

17 df = pd.DataFrame{data, columns=fields)

18

19 # Calculate Spearman Rank Correlation
2 correlation_results = {}

21 - for cell in fields:

22 - for col2 in fields:

2% - if ccll != colZ:

24 rho, p_value = spearmanr{df[ccll], df[col2]}

25 correlation_results[{coll, col2}] = (rho, p_value}

27 # Print the results

2z print{"Spearman Rank Correlation Results:™)

22 - for (varl, var2), (rho, p_walue} in correlation_results.items():

28 print{f"{varl} vs {var2}: spearman rho = {rho:.4f}, p-value = {p_value:.42}"}
a |

Fig 8 — The Python script used to calculate the Spearman Rank Correlation of 2002-2011 & 2011-2021
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5.4.3 Correlation Between Precipitation, and Burned Area and VCF
Percentage Change in Mato Grosso (2002 -2021) :

To show the correlation between precipitation, burned area, and VCF percentage change in
Mato Grosso over the study period, the Spearman Rank correlation was employed. This
method provided complementary insights into the nature of the interactions among the
variables.

Spearman Rank correlation was calculated to assess the monotonic relationships between
the variables over two distinct timelines: drier years and wetter years. This division
allowed for a comparative analysis of trends across the two decades, highlighting potential
shifts in the strength or direction of correlations due to environmental or anthropogenic
factors. The calculations were performed using a Python script, ensuring consistency and
efficiency in the analysis across the large dataset.

Causal Inference Analysis (CIA) was performed to investigate the cause-and-effect
relationship between precipitation and burned area in the Amazon extent of Mato Grosso
over the 20022021 period. Causal Inference Analysis (CIA) is a sophisticated statistical
approach designed to estimate the causal effect of a continuous exposure variable on a
continuous outcome variable while accounting for confounding factors (Pearl, 2010). In
observational studies where controlled experiments are not feasible, the CIA serves as a
powerful tool to understand cause-and-effect relationships by simulating the conditions of
a randomized controlled trial. This makes it a valuable asset in ecological, environmental,
and social sciences, where controlled experiments are often impractical or impossible.
(Causal Inference Analysis Documentation, 2023)

In the context of climate and environmental studies, such as wildfire dynamics, CIA allows
researchers to investigate the extent to which specific factors—such as precipitation
variability or vegetation changes—influence outcomes like burned areas. This is
particularly significant in regions like Mato Grosso, Brazil, where climatic shifts and
human activities intersect, creating complex interdependencies between variables. This
approach not only provides a robust framework for identifying drivers of ecological change
but also ensures that confounding factors are accounted for, enhancing the reliability of
insights.

CIA operates on the principle of reducing biases inherent in observational studies, primarily
by addressing confounding factors that may distort causal relationships. It also provides
transparency in assumptions and incorporates machine learning techniques to model non-
linear relationships. The CIA process involves several key steps: defining variables
(exposure, outcome, and confounding), estimating propensity scores, applying a balancing
method, checking balance, and estimating the ERF.
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Propensity scores play a crucial role in CIA by representing the probability of an
observation having a particular exposure value, given its confounding variables. These
scores help balance the confounding variables across different exposure levels, mimicking
the balance achieved in randomized experiments. Balancing weights, derived from
propensity scores, are used to adjust the influence of each observation in the analysis,
ensuring that confounding variables are balanced across different exposure levels and
allowing for an unbiased estimation of the causal effect.

Key parameters in CIA include propensity score matching (PSM) and inverse probability
of sampling weights (IPSW). PSM involves estimating the probability of a unit receiving
treatment (e.g., exposure to low precipitation) based on observed covariates. This
probability, or propensity score, is then used to match treated units with control units that
have similar characteristics, ensuring comparability. However, PSM effectively reduces
biases by pairing treated and control samples with similar propensity scores, it can lead to
data loss as unmatched samples are excluded. This reduction in sample size can decrease
statistical power, especially in studies with complex or imbalanced datasets. [IPSW, in
contrast, retains the full dataset by weighting observations based on their propensity scores,
ensuring that all data points contribute to the analysis while achieving the balance between
exposure groups (Austin, 2011).

In contrast, IPSW retains the full dataset by assigning weights to observations based on
their propensity scores. This approach ensures that all data points contribute to the analysis
while achieving covariate balance. IPSW is particularly advantageous in studies with large,
skewed datasets, as it minimizes the risk of losing valuable information (Austin, 2011).
Another critical parameter is the Estimated Response Function (ERF), which models the
relationship between the treatment variable and the outcome variable. ERF provides a
visual representation of causal effects across different levels of the treatment variable,
offering nuanced insights into dose-response relationships.

Advanced methods for propensity score estimation, such as gradient boosting and
regression are used during this analysis. Gradient boosting is often used in CIA to calculate
propensity scores due to its ability to model complex, non-linear relationships. Unlike
traditional logistic regression, gradient boosting excels in handling large, skewed datasets
common in environmental studies. By iteratively improving predictions, it ensures precise
estimation of propensity scores and, consequently, more reliable causal inferences.

In this study, CIA is employed to analyze the causal relationship between precipitation and
burned area in the Amazon extent of Mato Grosso from 2002 to 2021. This analysis
designated burned area (in hectares) as the outcome field, precipitation (in millimetres) as
the exposure field, and Vegetation Continuous Fields (VCF) percentage and VCF
percentage change as confounding variables to control for potential biases.
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The gradient boosting method was selected for generating propensity scores, leveraging
its capability to model non-linear relationships and manage skewed environmental data,
which are common in ecological studies (Elith et al., 2008). This method is better suited to
capture complex relationships between variables compared to linear regression methods
(Friedman, 2001). This choice ensures that the propensity scores accurately reflect the
probability of exposure to specific precipitation levels based on confounding variables.

To mitigate bias and achieve the balance between the variables, inverse propensity score
weighting (IPSW) was utilized. IPSW was chosen over propensity score matching (PSM)
because it is better suited for datasets characterized by large-scale, skewed, and non-linear
data distributions, such as those encountered in this study. This approach is particularly
advantageous in ecological studies where maximizing data utility is crucial. Other
parameters in the tool were left at their default settings. This approach allows the tool to
automatically optimize appropriate values based on the data characteristics and the chosen
methods.

Using IPSW (Inverse Probability of Sampling Weights) in Causal Inference Analysis can
lead to fluctuations in the ERF (Estimated Response Function) charts, particularly when
dealing with a large, skewed, and non-linear dataset. This occurs because IPSW assigns
disproportionately high weights to observations with extreme propensity scores, often
found in regions with rare events or skewed covariate distributions. As a result, these
extreme weights can amplify variability in the analysis, causing larger fluctuations in the
ERF. Despite this challenge, IPSW was necessary for the study due to the complex, non-
linear relationships in the data, ensuring more accurate treatment effect estimation by
adjusting for confounding variables.

This CIA technique, augmented by IPSW, guarantees a more precise assessment of causal
effects by reducing bias and optimizing the use of available data. The study aims to provide
robust estimations of causal relationships in complex systems, such as the effect of climate
variables on ecological outcomes in the Amazon area of Mato Grosso, particularly in light
of shifting climatic conditions.

CHAPTER 4 —- RESULTS AND DISCUSSION

6. Results And Discussion

6.1.Temporal Dynamics of Precipitation Patterns and Their Relationship with
Burned Area in Mato Grosso (2002-2021)

The raster datasets obtained after the data processing of the IMERG data were used to observe
the precipitation patterns over Mato Grosso from 2002 to 2021. The dataset focuses on the dry
season i.e., July through October. Therefore, the yearly data from per dry season were
considered for this analysis. These months represent the critical period when rainfall deficits
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contribute to heightened fire risks in the region. Below is a line graph showing the
precipitation per annual dry season of Mato Grosso from 2002 to 2021. The precipitation
amount shown in the graph (Fig-9) was calculated by a 10-km pixel of an IMERG
precipitation ‘zonal raster’.

PRECIPITATION LEVELS OF MATO GROSS0(2002 -2022)

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Fig 9 — Line graph showing total Precipitation for a given annual dry season in Mato Grosso (2002-2021)

The yearly precipitation figures (measured in millimetres) for Mato Grosso between 2002 and
2021 show significant interannual variations, indicating changes in rainfall trends. The calculated
values vary from 369.25 mm to 828.6 mm, showing a significant variation in precipitation
amounts. This variability indicates the impact of local climatic elements as well as larger
atmospheric events, like the El Nifio-Southern Oscillation (ENSO) and the South Atlantic
Convergence Zone (SACZ), recognized for influencing rainfall patterns in the Amazon area.

During the initial years (2002-2010), rainfall seems fairly stable, with yearly totals ranging from
369.25 mm to 551.71 mm. Nevertheless, significant variations arise in specific years, including
2005 (551.71 mm), indicating a wetter-than-usual period. This trend is accompanied by greater
fluctuations in the years that followed, with the driest year noted in 2002 (369.25 mm). These
anomalies might be associated with heightened drought conditions related to La Nifia occurrences,
which are known to reduce rainfall throughout the southern Amazon basin (Marengo et al., 2011).

The years from 2011 to 2021 exhibit greater variability, with the highest rainfall being 828.6 mm
in 2020 and a notably dry year in 2015 (459.32 mm). This rise in variability corresponds with
recent research indicating that rainfall patterns in the Amazon are becoming increasingly
unpredictable due to climate change, deforestation, and alterations in regional weather systems
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(Davidson et al., 2012). The increased rainfall seen in years such as 2020 might also signify
heightened storm activity in the wet season, whereas the lower amounts in other years suggest
extended dry periods or less vigorous convective systems.

The variability and overall reduction in dry-season precipitation have profound implications for
Mato Grosso's ecosystems and agriculture. Reduced rainfall heightens the risk of wildfires, which
are already a significant concern in this region. It also threatens the viability of rainfed crops, a
critical part of the state's agricultural economy. These findings align with broader research
documenting the vulnerability of the southern Amazon to changing climate patterns (Marengo et
al., 2018).

6.1.1 Relationship Between Precipitation and Burned Area (2002-2021)

6.1.1.1

To investigate the relationship between precipitation and burned area, scatterplot analysis was
performed to visually assess the correlation between these variables. The precipitation data and
burned area values for each 10-km grid pixel were plotted, and Spearman’s Rank correlation
coefficient was calculated to quantify the non-linear relationship between the two variables in two
portions- drier years and wetter years. This statistical measure provided insight into how variations
in precipitation influenced burned area patterns across the study region, especially when the data
is not normally distributed or when the relationship is not linear.

Correlation Between Precipitation and Burned Area —

The relationships between burned area and precipitation, as measured by Spearman rank
correlation reveal significant shifts from the throughout the study period of 2002 to 2021. To study
these variations, dry years and wetter years were considered. (refer to 5.4.1.1) This classification
allowed for a detailed analysis of how interannual precipitation variability influenced wildfire
patterns These changes highlight evolving environmental dynamics in the context of wildfire
activity and precipitation patterns, potentially influenced by broader climatic and ecological
factors.

For the Spearman rank correlation, in both dry and wet years, there is a negative correlation
between burned area and precipitation, suggesting that higher precipitation reduces burned area.
However, the strength of this relationship is stronger in dry years (-0.1268) than in wet years (-
0.0436).

In dry years, the reduced rainfall leads to drier vegetation, which increases the likelihood of fires.
Therefore, areas with less rainfall are more susceptible to larger burned areas due to the
flammability of the dry vegetation. The correlation weakens further to -0.0436 in wet years,
implying that precipitation has a less significant impact on burned areas during wetter periods. In
wet years, the abundant moisture reduces the flammability of vegetation, leading to fewer
wildfires. Thus, the role of precipitation in driving fire activity is less pronounced when moisture
levels are high.

The difference in correlations between dry and wet years (-0.0832) highlights the moderating effect
of moisture on fire occurrence. Precipitation has a stronger influence on burned areas in dry years,
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where it directly impacts vegetation moisture levels, while its effect diminishes during wet years
when moisture is abundant and suppresses fires.

The scatterplots in Figures 10, 11.1, and 11.2 offer valuable insights into the relationship between
the burned area in km? per grid cell and total precipitation in mm per annual dry season of Mato
Grosso from 2002 to 2021. Figure 10 presents an overview of this relationship for the entire study
period, while Figures 11.1 and 11.2 focus on dry and wet years, respectively. These visualizations
reveal complex patterns that align with Spearman's rank correlations calculated for the dataset.

Figure 10, shows a diffuse cloud of points with no clear linear trend, indicating a weak overall
relationship between precipitation and burned area. There is a high concentration of points at lower
precipitation levels (below 1000 mm) and smaller burned areas (below 100 km?). As precipitation
increases, there is a slight tendency for the maximum burned area to decrease, but this trend is not
strong or consistent. This pattern aligns with the weak negative Spearman's rank correlations
reported for both dry (-0.1268) and wet (-0.0436) years, suggesting that while there is a slight
inverse relationship between precipitation and burned area, it is not strongly linear or monotonic.

Dry years (Figure 11.1), display a more pronounced negative trend compared to the overall dataset.
There is a higher concentration of points at lower precipitation levels (below 800 mm) and a wider
range of burned areas. As precipitation increases, a more noticeable decrease in the maximum
burned area is observed, though considerable variability remains. This stronger negative trend in
dry years is consistent with the larger negative Spearman's rank correlation (-0.1268) found for
dry years, indicating that the relationship between precipitation and burned area is more
pronounced during periods of water scarcity.

Figure 11.2, representing wetter years, shows a less clear pattern than dry years. Points are more
evenly distributed across a wider range of precipitation values. The negative trend between
precipitation and the burned area is less pronounced, with the burned areas occurring across a
broader range of precipitation values. This weaker trend aligns with the smaller Spearman's rank
correlation (-0.0436) found for wet years, suggesting that the relationship between precipitation
and the burned area becomes less distinct when water is more abundant.
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SCATTERPLOT SHOWING PRECIPITATION AND BURNED AREA (2002-2021)
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Fig 10 — Scatter plot of Burned Area (km?) per grid cell and total Precipitation(mm) data per annual dry

season (2002-2021)

SCATTERPLOT SHOWING PRECIPITATION AND BURNED AREA (DRY YEARS)
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Fig 11.1 — Scatter plot of Burned Area (km’) per grid cell and total Precipitation(mm) for dry years in Mato

Grosso.
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SCATTERPLOT SHOWING PRECIPITATION AND BURNED AREA (WETTER YEARS)
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Fig 11.2— Scatter plot of Burned Area (km?) per grid cell and total Precipitation(mm) for wetter years in
Mato Grosso.

In conclusion, these scatterplots, enhanced with LOESS trend lines, provide a nuanced view of the
precipitation-burned-area relationship in Mato Grosso. They visually support Spearman's rank
correlation results, showing a weak overall negative relationship, more evident in dry
years. Therefore, this section addresses the second research question by examining how
precipitation patterns and trends in Mato Grosso evolve from 2002 to 2021 and how these trends
vary with burned area. The analysis reveals a weak negative relationship between precipitation and
burned area, with a stronger association during dry years. This suggests that while increased
precipitation generally corresponds to reduced burned areas, the relationship is complex and
influenced by other factors, particularly during wetter periods.

6.2. Spatio-Temporal Analysis of the Forest Cover Dynamics with respect
to Burned Area of Mato Grosso (2002-2021)

To uncover the Spatio -temporal forest cover dynamics with respect to the burned area of Mato
Grosso from (2002-2021) we need to observe the VCF percentage data and VCF percentage
change data of the study area closely. To show the correlation between burned area, VCF
percentage and VCF percentage change, Spearman Rank correlation coefficients were calculated
for the dry years and the wetter years for the Amazon-dominated region of Mato Grosso.
Scatterplot analysis was performed to visually assess the correlation between these variables with
loess trend lines because it provides a nonlinear curve of best fit that matches the shape of the data
without presupposing what that shape is. Below (7able 2) is a table showing the total burned area
in sq km per annual dry season along with the VCF percentage change (X-1) of the corresponding
years.
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HANGE TO VCF
YEAR BURNED AREA IN SQ PERCENG'.I'AG(I)E II\(|:X-
KM
1
2002 19710.56 0
2003 13910.65 -5.29813435
2004 19543.18 -1.173108937
2005 16970.08 -1.390466339
2006 12068.38 -0.353032191
2007 30269.46 -1.999553318
2008 8238.31 -1.909484682
2009 3071.14 1.76576424
2010 21629.52 -0.5458581
2011 5380.9 -3.106678303
2012 7504.91 0.786537865
2013 4922.86 -1.052004227
2014 7795.5 -0.041615026
2015 9195.12 0.266318655
2016 8415.57 -3.182287334
2017 11779.35 0.644535896
2018 4040.56 0.46459982
2019 8742.72 -1.984754068
2020 13261.33 -0.581571112
2021 5689.25 -1.308069848

Table 2 — Table showing Burned Area in km? and VCF percentage change data (2002 -2021)

The table summarizes the burned area in square kilometers and the associated percentage change
in Vegetation Continuous Fields (VCF) for the years 2002-2021. The table captures annual
variability in wildfire activity (burned area) and forest cover change (VCF % change) within the
Mato Grosso region. These variables are crucial for understanding how wildfire dynamics are
influenced by tree cover fluctuations over time. The VCF percentage change values show both
positive and negative fluctuations, indicating years of forest loss and gain. Negative values
represent a decrease in forest cover, while positive values suggest forest regrowth or recovery.

From the table, it can be observed that years with higher burned areas (e.g., 2007 and 2010) tend
to coincide with negative changes in VCF percentages, indicating VCF percentage loss.
Conversely, years with lower burned areas (e.g., 2009 and 2011) often show less pronounced VCF
percentage reductions or slight increases, The VCF percentage change values show both positive
and negative fluctuations, indicating years of forest loss and gain. Negative values represent a
decrease in forest cover, while positive values suggest forest regrowth or recovery processes.
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6.2.1. Relationship Between VCF percentage, VCF percentage change and Burned Area (2002
2021)

To investigate the relationship between tree cover percentages (VCF) loss and burned area,
scatterplot analysis was performed to visually assess the correlation between these variables. The
VCF percentage change data and burned area values for each 10-km pixel were plotted, and
Spearman’s Rank correlation coefficients were calculated to quantify the strength and direction of
the non-linear relationship between the two variables. This statistical measure provided insight
into how variations in tree cover percentages (VCF) influenced burned area patterns across the
study region.

The correlations between burned area, vegetation cover (VCF %), and changes in vegetation cover
(VCF % change) reveal significant insights into the interaction between tree cover and fire activity
in Mato Grosso. These relationships vary distinctly between dry and wet years, providing a
comprehensive understanding of the factors influencing fire behaviour in regions undergoing
significant environmental and land-use transformations, such as Mato Grosso.

6.2.1.1Relationship between Burned Area and VCF percentage —

The relationship between burned area and tree cover percentage (VCF %) exhibits a negative
correlation during both dry years (-0.1281) and wet years (-0.0822). This indicates that regions
with higher vegetation cover are less likely to experience extensive fire activity. The stronger
negative correlation in dry years suggests that vegetation cover plays a more significant role in
modulating fire spread during periods of reduced precipitation. In dry years, the combination of
lower rainfall and higher evapotranspiration reduces soil moisture, which in turn decreases
vegetation’s water content, making it more flammable and making it function as fuel. Conversely,
in wet years, the mitigating influence of increased precipitation leads to moister vegetation, even
in areas with higher vegetation cover, thereby reducing fire susceptibility.

This relationship demonstrates that vegetation cover is both a protective factor and a potential fuel
source depending on climatic conditions. While higher vegetation cover might indicate a more
intact landscape with lower fire vulnerability, the accumulation of biomass can serve as fuel during
prolonged dry conditions, facilitating fire spread. The weaker correlation in wet years reflects the
role of precipitation in counteracting this effect, supporting vegetation growth and reducing the
likelihood of fire.

The scatterplots in Figures 12, 13.1, and 13.2 provide valuable insights into the relationship
between burned area and Vegetation Continuous Fields (VCF) percentage in Mato Grosso from
2002 to 2021. These visualizations offer a nuanced view of how forest cover relates to fire activity
across different climatic conditions.

Figure 12 presents an overview of the relationship between burned area and VCF percentage for
the entire study period. The scatterplot reveals a general trend where higher burned areas are
associated with lower VCF percentages, indicating an inverse relationship between VCF
percentage and burned area causing reduced vegetation cover in fire-prone regions. This pattern
aligns with the overall negative Spearman's rank correlations reported for both dry (-0.1281) and
wet (-0.0822) years. The LOESS trend line in the plot further supports this explanation, showing
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a gradual decrease in the burned area as the VCF percentage increases. The LOESS trend line
applied to the data underscores a non-linear relationship, capturing variations in fire behaviour
across the vegetation gradient without assuming a specific linear or exponential model. This trend
aligns with the ecological principle that regions with reduced vegetation are more susceptible to
fire, especially in the presence of human activities like deforestation and land clearing.

SCATTERPLOT SHOWING VCF PERCENTAGE AND BURNED AREA (2002-2021)
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Fig 12 — Scatter plot of Burned Area and VCF percentage (2002 -2021)

Figures 13.1 and 13.2 provide a more detailed look at this relationship, separating the data into
dry and wetter years, respectively. In Figure 13.1, the scatterplot for dry years, with the LOESS
curve demonstrates a steeper decline in VCF percentages as the burned area increases, here the
negative trend appears more pronounced. This steeper relationship reflects the heightened
sensitivity of vegetation to fire during periods of reduced rainfall. The combination of dry
conditions and decreased vegetation moisture amplifies the impact of fire, resulting in more
substantial vegetation loss in burned areas. The scatterplot clearly shows that there is a higher
concentration of burned areas at lower VCF percentages, with a more noticeable decrease in
maximum burned area as tree cover (VCF) percentage increases.

Whereas Figure 13.2, depicting wetter years, displays a less distinct trend. The negative trend is
still present but appears weaker than in dry years. The LOESS curve in this scatterplot is flatter,
indicating a weaker relationship between burned area and VCF percentages under wetter
conditions. The increased availability of moisture during wet years likely mitigates fire activity to
some extent, even in areas with low VCF percentages, reducing the influence of vegetation on fire
dynamics. Burned areas are more evenly distributed across VCF percentages, suggesting that in
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wet conditions, factors other than forest cover may play a more significant role in determining fire
extent.

These scatterplots align closely with the Spearman rank correlation coefficients calculated for the
dataset. The stronger negative correlation observed in dry years between burned area and VCF
percentages (-0.1281) is consistent with the steeper LOESS curve in Figure 13.1, emphasizing the
critical role of vegetation as a fuel source under arid conditions. Similarly, the weaker negative
correlation in wet years (-0.0822) corresponds to the flatter trend observed in Figure 13.2,
highlighting the diminished role of vegetation in mitigating fire when precipitation levels are
higher.

The incorporation of LOESS trend lines in Figures 12, 13.1, and 13.2 proves crucial in revealing
the subtle, non-linear connections between fire occurrence and vegetation across different climate
conditions. These scatterplots offer more than just visual confirmation of statistical results. By
examining both dry and wet periods, this comprehensive method highlights the complexity of
wildfire-vegetation dynamics in Mato Grosso.

SCATTERPLOT SHOWING VCF PERECNTAGE AND BURNED AREA (DRY YEARS)
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Fig 13.1 — Scatter plot of Burned Area and VCF percentage for Dry years in Mato Grosso.
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SCATTERPLOT SHOWING VCF PERECNTAGE AND BURNED AREA (WETTER YEARS)
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Fig 13.2 — Scatter plot of Burned Area and VCF percentage for Wetter years in Mato Grosso

6.2.1.2 Relationship between Burned Area and VCF percentage change -

The correlation between burned area and changes in VCF percentage is also negative and notably
stronger in dry years (-0.1608) compared to wet years (-0.1038). This finding indicates that in dry
years, greater reductions in tree cover percentages are more closely linked to fire activity. During
dry periods, lower precipitation levels intensify vegetation stress and mortality, leading to higher
rates of deforestation or degradation. These degraded areas are particularly susceptible to fires, as
dead and dry vegetation serves as readily available fuel.

In wet years, although vegetation loss still contributes to fire activity, the correlation is weaker, as
higher precipitation provides a buffer against fire spread. Wet conditions support vegetation
regrowth and recovery, which helps mitigate the impact of fire on landscapes experiencing
vegetation loss. The weaker relationship during wet years also reflects the reduced severity and
extent of fire, as increased soil moisture and reduced flammability of vegetation limit fire
occurrence and spread.

The scatterplots in Figures 14, 15.1, and 15.2 provide valuable insights into the relationship
between burned area and Vegetation Continuous Fields (VCF) percentage change in Mato Grosso
from 2002 to 2021.

Figure 14 presents an overview of the relationship between burned area and VCF percentage
change for the entire study period. The scatterplot reveals a general trend: as burned area increases,
VCF percentage change tends to become more negative, suggesting that higher levels of fire
activity are associated with a reduction in vegetation cover. This observation aligns with
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Spearman's rank correlations for both dry (-0.1608) and wet (-0.1038) years, which show a
generally negative relationship between forest cover loss and fire activity. The inclusion of a
LOESS trend line in the plot helps reinforce this interpretation, illustrating a gradual increase in
burned area as the VCF percentage change becomes more negative. However, the considerable
scatter of points indicates that other factors, beyond just forest cover loss, also influence fire
behaviour in the region.

Figures 15.1 and 15.2 provide a more detailed look at this relationship, separating the data into
dry and wetter years, respectively. In Figure 15.1, representing dry years, the negative trend
between the burned area and VCF percentage change is more pronounced. A higher concentration
of burned areas is observed in regions with significant forest cover loss, and the increase in burned
area becomes more noticeable as the VCF percentage change becomes more negative. This
stronger negative trend in dry years is reflected in the larger negative Spearman's rank correlation
(-0.1608), suggesting that the link between forest cover loss and fire activity is more pronounced
during periods of rainfall scarcity. This highlights the vulnerability of fire-prone areas in the
absence of sufficient moisture, where vegetation loss may exacerbate the extent of fire spread.

In contrast, Figure 15.2, which depicts wetter years, shows a weaker and less distinct pattern.
While the negative relationship between burned area and VCF percentage change is still present,
it is less pronounced compared to dry years. Burned areas appear more evenly distributed across
varying levels of VCF percentage change, implying that, in wetter conditions, factors other than
forest cover change, such as precipitation patterns and fire management practices, might play a
more significant role in determining fire activity. This observation is supported by the weaker
Spearman's rank correlation (-0.1038) found for wetter years, indicating a weaker, though still
negative, relationship between VCF percentage change and burned area when moisture is more
abundant. The lower correlation in wet years suggests that during times of increased precipitation,
the effects of forest cover loss on fire dynamics may be moderated.

These scatterplots, enhanced with LOESS trend lines, provide visual support for Spearman's rank
correlation results. They illustrate that while there is a general trend of increasing burned area with
decreasing forest cover (negative VCF percentage change), this relationship is complex and varies
with climatic conditions. The plots effectively demonstrate the stronger negative correlation in dry
years and the weaker, though still present, negative correlation in wet years. This visual
representation aligns well with the numerical Spearman's rank correlations, offering a
comprehensive view of how forest cover changes interact with fire activity under different
precipitation regimes in Mato Grosso.
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SCATTERPLOT SHOWING VCF PERCENTAGE CHANGE AND BURNED AREA (2002-2021)
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Fig 14 — Scatter plot of Burned Area and VCF percentage change (2002 -2021)
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6.3.

SCATTERPLOT SHOWING VCF PERCENTAGE CHANGE AND BURNED AREA (WETTER YEARS)
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Fig 15.2 — Scatter plot of Burned Area and VCF percentage for Wetter years in Mato Grosso

In conclusion, the analysis presented in this section comprehensively addresses the first research
question by examining the spatial patterns of tree cover (VCF) dynamics in Mato Grosso from
2002 to 2021 and their relationship to burned area distribution. The analysis revealed a nuanced
relationship between forest cover and fire activity, with weak negative correlations for VCF
percentages and a slightly stronger negative correlation for VCF percentage changes. Dry years
were marked by more significant interactions, as areas with denser vegetation experienced larger
burned areas, and increased fire activity led to greater forest cover loss. In contrast, wet years
demonstrated a buffering effect of moisture, reducing the impact of vegetation density on fire
susceptibility and minimizing forest cover reduction.

These findings underscore the intricate interplay between forest cover, its changes, and fire regimes
in Mato Grosso. They highlight the critical role of moisture availability in modulating these
relationships, particularly under the influence of climatic variability. By addressing research
question 1, this section contributes to a deeper understanding of the region’s forest-fire dynamics,
offering insights into conservation and sustainable land management in the Amazon.

Correlation Between Precipitation, and Burned and VCF Percentage Change
in Mato Grosso (2002 -2021)

To show the correlation between each variable — precipitation, burned area, and VCF percentage
change in Mato Grosso over the study period, Spearman’s Rank correlation[Fig /5] was

45



6.3.1.

employed. These methods provided complementary insights into the nature of the interactions
among the variables.

Spearman Rank correlation was calculated to assess the monotonic relationships between the
variables over two distinct periods dry and wetter periods. This division allowed for a more
detailed look at this relationship, separating the data into dry and wetter years, and highlighting
potential shifts in the strength or direction of correlations due to environmental or anthropogenic
factors. In the table below (Fig 15), all the correlation coefficients calculated are put together in a
concise table with dry and wetter years and all the differences between the dry and wetter years
were calculated as a ‘Difference’ field depicting the amount of change in the coefficients.

Spearman Rank Correlations Table

Variable Dry Years Wet Years Difference (Dry - Wet)
BA vs Precip -0.1268 -0.0436 -0.0832
BA vs VICF % -0.1281 -0.0822 -0.0459

BA vs VICF % Change -0.1608 -0.1038 -0.0570

Fig 16 — Spearman Rank Correlation between the variables — burned area, precipitation, tree cover percentages
(VCF) and VCF percentage change in dry years and wet years, Mato Grosso

Causal Inference Analysis to show the relationship between the variables —

Causal Inference Analysis (CIA) was performed to investigate the cause-and-effect relationship
between precipitation and burned area in the Amazon extent of Mato Grosso over the 2002—-2021
period. The analysis is a multivariate analysis that designated burned area (in hectares) as the
outcome field, precipitation (in millimetres) as the exposure field, and Vegetation Continuous
Fields (VCF) percentage and VCF percentage change as confounding variables to control for
potential biases. Similarly, as the other correlations were divided into two periods, CIA was also
calculated for the dry years and the wetter years, respectively.

The Causal Inference Analysis Exposure Response Function (ERF) charts in Figures 17, 18.1,
and 18.2 provide valuable insights into the causal relationship between precipitation and burned
area in Mato Grosso while accounting for confounding variables such as VCF percentage and
VCEF percentage change. These charts complement and refine the findings from Spearman's rank
correlations, offering a more nuanced understanding of the complex interactions between
climate, vegetation, and fire dynamics.

Figure 17 llustrates the overall ERF for the entire study period, revealing an inverse relationship
between precipitation and burned area. The downward trend in the pink curve confirms that
increased precipitation generally reduces burned area by decreasing vegetation flammability and
limiting fire spread. The fluctuations in the curve, however, reveal complexities in the
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relationship. Since IPSW (Inverse Propensity Score Weighting), ensures that all data points
contribute to the analysis, this in turn also increases variability, especially when outliers exist in
the variable data. Therefore, it is very sensitive to minor fluctuations, which leads to slight
upward and downward curves at higher precipitation levels.

The chart shows that as precipitation increases from very low levels (around 0-200 mm), there is
initially a sharp decrease in burned areas. This steep decline aligns with the negative Spearman's
rank correlations observed between precipitation and burned area but provides additional insight
into the nature of this relationship. The initial rapid decrease suggests a threshold effect, where
even small increases in rainfall significantly reduce fire risk in extremely dry conditions. As
precipitation levels increase beyond this initial threshold (approximately 200-400 mm), the rate
of decrease in burned area slows, indicating diminishing returns of additional rainfall on fire
suppression. This pattern supports the stronger negative correlation observed in dry years (-
0.1268) compared to wet years (-0.0436).

Interestingly, the ERF curve in Figure 17 shows a slight rise in the burned area at very high
precipitation levels (beyond 800 mm). This unexpected increase could be attributed to several
factors. It might reflect the accumulation of biomass during wet periods, which can serve as fuel
during subsequent dry spells. Alternatively, it could indicate that extremely wet conditions are
associated with increased lightning strikes, a natural ignition source for wildfires. This non-linear
relationship highlights the complexity of fire-climate interactions and explains why simple linear
correlations may not fully capture the nuances of this relationship.
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Fig 17 — Causal Inference Analysis Exposure Response Function Chart (2002-2021)
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Figures 18.1 and 18.2 separate the ERF into dry and wet years, revealing nuances that align with
Spearman's correlations and provide deeper insights into the role of precipitation in fire dynamics.

In dry years (Figure 18.1), the ERF shows a steeper overall decline in burned area with increasing
precipitation, particularly in the 0-400 mm range. This aligns with the stronger negative
Spearman's rank correlation (-0.1268) observed for dry years. The chart suggests that in moisture-
limited conditions, small increases in precipitation have a more pronounced effect on reducing fire
extent. The curve flattens at higher precipitation levels, indicating a saturation point where
additional rainfall has diminishing effects on fire suppression. The fluctuations or “ups and downs”
in the curve may result from localized variabilities, such as differences in vegetation type, soil
moisture retention, or human interventions, which might temporarily weaken or amplify the
reduction in burned area with increasing rainfall.
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Fig 18.1— Causal Inference Analysis Exposure Response Function Chart for Dry Years, Mato Grosso

Conversely, in wet years (Figure 18.2), the pink curve flattens, signifying a weaker relationship
between precipitation and burned area. The reduced slope corresponds to the lower Spearman’s
rank correlation (-0.0436), reflecting the diminished influence of precipitation in wet conditions.
The flatter curve indicates that additional rainfall has less impact on reducing burned areas when
moisture is already abundant. Notably, the occasional fluctuations in the curve in burned areas at
very high precipitation levels are more pronounced in wet years, supporting the earlier hypothesis
about biomass accumulation or increased lightning activity.
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Fig 18.2— Causal Inference Analysis Exposure Response Function Chart for Wetter Years, Mato Grosso

The CIA also helps explain the relationships observed between VCF percentage, VCF percentage
change, and burned area. The inclusion of these variables as confounders in the CIA model
accounts for their influence on the precipitation-burned-area relationship. This multi-variable
approach aligns with the negative correlations observed between VCF percentage and burned area
and between VCF percentage change and burned area. It suggests that while vegetation dynamics
play a role in fire susceptibility, their impact is modulated by precipitation levels.

In conclusion, the Causal Inference Analysis Exposure Response Function charts provide a
comprehensive framework that integrates and explains the various bivariate relationships observed
in the scatter plots and Spearman's correlations. By accounting for multiple variables
simultaneously, the CIA offers a more robust explanation of the complex interactions between
precipitation, vegetation dynamics, and fire activity in Mato Grosso. This analysis underscores the
importance of considering both climatic and ecological factors when assessing fire risk and
highlights the non-linear nature of these relationships. The CIA results support a consistent
narrative where precipitation plays a crucial role in fire suppression, particularly in dry conditions,
while also acknowledging the influence of vegetation dynamics on fire susceptibility.
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CHAPTER 5 — CONCLUSION

This study provides a comprehensive analysis of the complex relationships between forest cover
dynamics, precipitation patterns, and wildfire activity in Mato Grosso, Brazil, from 2002 to 2021.
By utilizing high-resolution datasets such as NASA’s Vegetation Continuous Fields (VCF),
IMERG precipitation data, and MCD64A1 Burn Area data, this research uncovers the interplay
between climatic variability, deforestation, and fire activity in one of the Amazon's most vulnerable
regions.

The findings reveal a complex relationship between precipitation and wildfire occurrences. While
there is an inverse correlation between rainfall and fire activity, particularly during extended dry
spells, the analysis suggests that precipitation is not a primary factor in determining the scale of
burning per grid cell, except at very low values during dry years. This indicates that other, non-
climatological variables, which were not observed in this study, likely play a more significant role
in influencing the extent of wildfires in the study area.

The multivariate analysis, conducted through Causal Inference Analysis (CIA) using gradient
boosting and inverse propensity score weighting, provided deeper insights into the causal
relationships between these variables. Causal inference analysis quantifies the direct and indirect
effects of precipitation variability on wildfire occurrences, accounting for factors such as forest
cover changes and annual forest loss rates. While precipitation deficits may amplify fire risks,
especially in areas already weakened by human activities, the results suggest that the direct impact
of precipitation on the scale of burning may be less significant than previously thought.

The spatial and temporal patterns identified in this study highlight the combined impact of human-
driven deforestation and climatic variability on wildfire trends in Mato Grosso. These findings
underscore the need for integrated conservation strategies that consider both natural and human-
induced factors, with a particular focus on addressing the non-climatological variables that appear
to have a more substantial influence on wildfire extent. Future studies should focus on identifying
and analyzing the non-climatological variables that appear to have a significant impact on wildfire
extent. This may include factors such as land-use change trajectories, socioeconomic drivers, forest
fragmentation, and human activities.

A multidisciplinary approach that integrates ecological, climatic, and social perspectives will be
essential for developing a more comprehensive understanding of wildfire dynamics in Mato
Grosso. By considering a broader range of variables and their interactions, future research can
provide more accurate predictions of wildfire risk and inform more effective management
strategies.

In conclusion, while this study has shed light on the relationships between precipitation, forest
cover, and wildfire activity in Mato Grosso, it has also revealed the need for a more nuanced
understanding of the factors influencing wildfire extent. By acknowledging the limitations of
climatological variables in explaining fire patterns and focusing on identifying other critical
factors, future research can contribute to more targeted and effective strategies for managing and
mitigating wildfire risks in the Amazon biome.
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