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There’s an ancient parable about a farmer who lost his horse. And neighbors came over
to say, "Oh, that’s too bad”, and the farmer said,

- "Good or bad, hard to say.”

Days later, the horse returns and brings with it seven wild horses. And neighbors come
over to say, "Oh, that’s so good!” And the farmer just shrugs and says,

- "Good or bad, hard to say.”

The next day, the farmer's son rides one of the wild horses, is thrown off and breaks his
leg. And the neighbors say, “Oh, that’s terrible luck.” And the farmer says,

- “Good or bad, hard to say.”

Eventually, officers come knocking on people’s doors, looking for men to draft for an
army, and they see the farmer’s son and his leg, and they pass him by. And neighbors
say, “Ooh, that’s great luck!” And the farmer says,

- “"Good or bad, hard to say.”

(Heather Lanier - "Good” and "Bad” are Incomplete Stories We Tell Ourselves at TED Conference)



RESUMO

LEITE, Rodrigo Vieira. Universidade Federal de Vigosa, dezembro de 2022. Caracterizac¢io
de material combustivel por sensoriamento remoto como suporte ao manejo de incéndios
florestais em larga escala no bioma Cerrado. Orientador: Cibele Hummel do Amaral.

O Cerrado € a savana tropical com maior biodiversidade do mundo, caracterizada por uma
variedade de estruturas de vegetagio incluindo formagdes campestres e florestais. No entanto,
a estabilidade do Cerrado tem sido ameagada por mudangas antrépicas no regime natural de
fogo. A gestdo do material combustivel da vegetagdo ¢ uma das op¢des mais importantes que
temos para reduzir os impactos negativos dos incéndios florestais na sociedade e no ambiente
¢ amplificar os positivos na flora dependente do fogo. Grandes 4reas como o Cerrado
geralmente requerem sensores remotos para caracterizar combustiveis, especialmente aqueles
a bordo de plataformas orbitais. Embora os sensores em plataformas orbitais ja existam hé mais
de 50 anos, novas oportunidades surgem com sensores langados recentemente com
caracteristicas inéditas. No entanto, as propriedades do material combustivel do Cerrado e seu
potencial para serem caracterizadas com a nova geragio de sensores ainda sdo pouco estudadas
e, nesta tese, sdo apresentadas abordagens de sensoriamento remoto como mais um passo para
ampliar a caracteriza¢@o € monitoramento do material combustivel no Cerrado. Esta dissertagio
estd dividida em trés capitulos, onde: i) o teor de umidade do combustivel é predito usando
espectroscopia foliar e algoritmos de aprendizado de maquina, ii) a carga de combustivel ¢
predita para toda a extensdo do Cerrado usando dados lidar coletados a partir de aeronave nio
ocupada, aprendizado de méquina e dados do sensor espacial GEDI, recentemente langado, e
iii) uma revisdo € apresentada sobre os novos sensores remotos espaciais com potencial para
serem usados na caracterizagdo das principais varidveis relacionadas ao material combustivel
para manejo integrado do fogo. Os resultados mostraram a aplicabilidade de dados de
espectroscopia e lidar, aliados ao uso de modelos de aprendizado de maquina, na recuperagio
de caracteristicas do combustivel importantes para o manejo do fogo. Com o aumento da
disponibilidade de dados de sensores com novas tecnologias e capacidades, que permitem a
escalada de informagéo coletada em campo, sugere-se que estamos diante de uma nova era para
0 mapeamento e monitoramento de material combustivel, o que ¢ essencial para o
desenvolvimento de programas de manejo integrado do fogo visando a preservagdo do e bioma

Cerrado e outros ecossistemas semelhantes em todo o mundo.



Palavras-chave: Risco de incéndio; Combustivel vegetal; Espectroscopia, Lidar, GEDI,

Aprendizado de maquina, Sensores satelitarios



ABSTRACT

LEITE, Rodrigo Vieira, Universidade Federal de Vigosa, December, 2022. Fuel
characterization using remote sensing in support of large-scale wildfire management in
the Cerrado biome. Adviser: Cibele Hummel do Amaral.

Cerrado is the most biodiverse tropical savanna in the world characterized by a range of
vegetation structures from grasslands to forests. However, Cerrado’s stability has been
threatened by anthropogenic changes in the fire regime. Managing fuels is one of the most
important options we have for reducing wildfire’s negative impacts on society and the
environment and amplifying positive ones on fire-dependent flora. Large areas such as Cerrado
often require remote sensors to characterize fuels, especially those on-board space-based
platforms. Even though spaceborne sensors have been around for over 50 years, new
opportunities arise with recently launched sensors with unprecedented characteristics. Yet,
Cerrado fuel properties and their potential to be characterized with the new generation of
sensors are still little studied. In this thesis proximal and near-surface approaches as a step
forward to scale-up Cerrado fuel properties are presented. The thesis is divided into three
chapters, where: i) fuel moisture content is predicted using leaf spectroscopy and machine
learning algorithms, ii) fuel load is predicted for the whole Cerrado extent using lidar data
collected from unoccupied aerial vehicles and the recently launched GEDI spaceborne lidar
sensor and iii) a review of the novel spaceborne remote sensors with potential to be used for
fuel characterization and the main fuel-related variables for integrated fire management is
presented. The results showed the applicability of spectroscopy and lidar data together with
machine learning to retrieve important fuel characteristics for fire management. With the
increasing availability of data from sensors with new technologies and capabilities, which allow
the upscaling of information collected in the field, it is suggested that we are facing a new era
for the mapping and monitoring of fuels, which is essential for the development of integrated
fire management programs aiming at preserving the Cerrado biome and similar ecosystems

worldwide,

Keywords: Fire risk, Vegetation fuel, Spectroscopy, Lidar, GEDI, Machine learning, Satellite-
borne sensors
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General introduction

Cerrado is a neotropical savanna biome classified as one of the world's biodiversity
hotspots and home to more than 10,000 plant species that are mostly endemic. (Strassburg et
al. 2017). Cerrado’s ecological stability is threatened by fire regime alterations associated with
anthropic activities (Durigan and Ratter, 2016, Gomes et al. 201 8). Cerrado vegetation types
range from grasslands to forests that can present different sensitivity to fire occurrence and
intensity. For example, fire occurrence in sensitive vegetation (i.e., not adapted to fire) can lead
to tree mortality, reduction of forested areas, and threaten nearby communities. On the other
hand, completely suppressing fire in areas where the vegetation is adapted to it might be harmful
to ecosystems functional diversity stability (Rosan et al. 2019, Durigan 2020). Un;lerstanding
the variables affecting fire in Cerrado is therefore essential for managing fire and preserving
this biome (Rodrigues and Fidelis 2022). '

Fire management practices often focus on managing fuels since other parameters related
to fire are harder or not possible to directly control (e.g., ignition source, weather, wind,
topography). The fuel load, structure, physical and chemical properties affect fire ignition
probability, spreading rate, fire emissions, and the potential fire severity and extent (Chuvieco
et al. 2020, Stavros et al. 2018; Fig. 1). With the information on fuel amount, type, condition,
and distribution, it is possible to prescribe low-severity burns, model fire behavior and predict
fire risk (Gale et al. 2021).

Weather and topography

Ignition Propagation

Vegetation T

fuels

Vulnerability

Socioeconomic
ETE

Ecological value

Fig. 1. Fire risk framework adapted from Chuvieco et al. 2014
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Although the number of studies to characterize fuels has increased in the last decade,
reproducible approaches to characterize fuels in large areas such as the Cerrado are still being
developed (Pettinari e Chuvieco 2020). It is very common to use spaceborne remote sensing
for large-area vegetation assessment due to the worldwide data availability. The science related
to the use of these sensors for Earth observation is over 50 years old (Tatem et al 2009, Ustin
et al. 2021). However, even greater advances are expected in the coming decades due to the
planning and launching of new space missions with unprecedented characteristics. These
sensors can assist with fuel monitoring and support integrated fire management practices in
Cerrado. _

The objective of this dissertation was to propose and test frameworks for fuel
characterization that can be potentially applicable to large-scale fire management. The focus
was on two of the most important fuel characteristics related to fire risk that can be managed
for efficient wildfire management, namely, fuel load and moisture content (Table 1). In the first
chapter, fuel moisture content (FMC) was predicted using leaf-level visible to short-wave
infrared (400-2,500 nm) spectroscopy measurements and machine learning. In the second
chapter, a framework using UAV-borne and spaceborne lidar sensors to predict fuel load for
the entire Cerrado extent was developed. Finally, an overview of the main fuel-related variables
and the novel spaceborne remote sensors with potential to be used for fuel characterization was
presented in the third chapter, looking forward to the application of the developed frameworks
for large scale fuel management. Field data was collected in specific sites covering the main
Cerrado vegetation formations (i.¢., grassland, savanna and forest) in four study sites located at
the Serra do Cip6 National Park (SCNPK), Chapada dos Veadeiros National Park (CVNPK),
Paraopebas National Forest (PNF) and University of Sdo Jodo Del-Rei Forest (UFS)) (Fig. 2).

Table 1. Fuel load and moisture content definition and their implications for fire management.

Fuel : Implications for fire e
characteristic  Definition risk management References
Load Amount of Increasing fuel load can  van
available increase the potential Wagtendok
combustible energy release from a 2006;
material. May fire and fire severity. It  McLauchlan
includes live and  can also affect fire etal. 2020;
dead vegetation spread rate depending Gale et al.
biomass on particle size, density, 2021
~ moisture and ratio
between live and dead

vegetation.



Ratio between
vegetation's water
and total dry mass

Moisture content

a) Savanna world map

T T
-0 45 ] +5 40

Longitude {°)
Legend
E] Tropical savanna ! Brazilian savanna (Cerrado)
M Field plots @ site location
(30m x 30m)

Affects fuel ignition
probability and spread
rate. Drier vegetation
ignites more easily and
makes fire spread faster
since water works as a
heat sink. Dead fuel
moisture is usually
related to weather. Live
vegetation moisture is
also affected by
weather, plant
phenology, species
adaption strategies and
water availability in the
soil

c1) CVNPK

Latitude (*)

12

Yebra et al.
2013;
Pettinari and
Chuvieco et
al. 2020

Lidar-derived Canopy Height (m)

215

Fig. 2. Spatial location of the Brazilian savanna (Cerrado) (a, b) and study sites for data
collection, namely, Chapada dos Veadeiros National Park (CVNPK, cl), Serra do Cip6
National Park (SCNPK, c2) Paraopeba National Forest (PNF, ¢3) and University of S3o Jodo
Del-Rei’s Forest (UFSJ, c4). Fig.c1 to c4 show a canopy height model for the sites derived from

a UAV-lidar 3D point cloud.
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Chapter 1: Fuel moisture content prediction in the Brazilian tropical savanna using leaf

spectroscopy and machine learning approaches
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ABSTRACT

LEITE, Rodrigo Vieira, Universidade Federal de Vigosa, December, 2022. Fuel moisture
content prediction in the Brazilian tropical savanna using leaf spectroscopy and machine
learning approaches. Adviser: Cibele Hummel do Amaral.

Fuel moisture content (FMC) is one of the most important variables that should be considered
in wildfire management. Large-area assessments are usually required for fire-prone ecosystems
such as the Brazilian tropical savanna (Cerrado) — the most biodiverse savanna in the world.
Spectroscopy is a non-destructive remote sensing method that may allow effective FMC
monitoring for such spatial scale, especially with the increasing availability of spaceborne
imaging spectroscopy sensors. Developing approaches to support FMC prediction using
Spectroscopy are necessary to support fire management in Cerrado and similar ecosystems
worldwide. In this study, we used leaf spectroscopy and machine learning methods to predict
FMC for a range of vegetation fuel classes (surface, ladder, and canopy fuels) in Cerrado. Leaf
samples of 541 individuals were collected in the three main Cerrado formations (grassland,
savanna, and forest) to measure leaf spectral response (400-2500 nm). Vegetation indices
related to several leaf traits were calculated and used as inputs to train a Random Forest (RF),
Artificial Neural Network (ANN) and Support Vector Machine (SV) algorithms to predict FMC
for surface, ladder and canopy fuels separately or in a single model. Overall, the methods
predicted FMC with RMSE of about 20%. Only slight differences were observed using separate
or a single model for all fuel classes to predict FMC. It was observed that vegetation indices
that use bands related to leaf traits such as dry mass and pigments were as important as those
related to water content. In addition, the findings support the use of wavelengths in the SWIR
region to predict FMC highlighting the importance of imaging spectroscopy sensors that cover

this region.
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1. Introduction

Global warming is a global concern for its impact on Earth’s ecosystem functionality
and stability. One of the main consequences is related to the rising trend of fire-prone weather
conditions (i.e., hot, dry, and windy events) (Seneviratne et al. 2021 ). Extreme events such as
heat waves and large-scale wildfires are becoming more frequent contributing to carbon
emissions and threatening human health (Fidelis et al. 201 9, Lizundia-Loiola et al. 2019, Adams
et al. 2020). Those effects are observed even in fire-adapted vegetation ecosystems such as the
Brazilian tropical savanna (Cerrado) where temperature increase might be in the order of 2—4°C
and relative humidity decrease of ~15% (Hofmann et al. 2020). Efficient fire management has
been necessary to maintain the appropriate fire regimes in Cerrado and other fire-prone
ecosystems due to the current climate change scenarios and the anthropic-related landscape
changes (Rodrigues and Fidelis 2022).

Fire management practices usually require the characterization of fuels — defined as the
organic vegetation matter available for burning. Fuel characteristics will impact the fire ignition
probability, spread rate, and total emissions (Stavros et al., 2018, Ogle et al., 2019, Gomes et
al., 2020). The availability of fuels to be burned is highly dependent on the fuel moisture content
(FMC) as drier vegetation is more easily ignited and facilitates fire spread. The FMC in non-
photosynthetic active vegetation — e.g., dead woody debris and litter — has relatively higher
sensitivity to weather changes (e.g., rain, and relative humidity) than photosynthetic active
vegetation, and, therefore, be potentially retrieved by relating FMC to weather-related
variables. On the other hand, FMC for live vegetation can be more difficult to obtain as it will
also depend on factors such as the vegetation’s adaptative traits and soil water availability.
Those traits can have a wide range in structurally complex ecosystems such as Cerrado, with
species of different growth forms (herbaceous vs. arboreous) (Streher et al. 2020). Effective
FMC monitoring requires approaches capable of capturing these variations for large area
extents.

The characterization of FMC using passive remote sensors is a non-destructive
technique that allows timely larger area assessment, especially using space-borne remote
sensors (Szpakowski et al. 2019, Chuvieco et al. 2020). Large-scale FMC monitoring is possible
using coarse-resolution passive sensors such as MODIS (Yebra et al. 2018, Zhu et al. 2021).
Nonetheless, image spectrometers with higher spectral and spatial resolution are part of the
present and future of spaceborne remote sensors (Ustin et al, 2021) with the recent launch of
spectrometers with about 10-nm spectral resolution and 30-m spatial resolution DESIS (Alonso
etal. 2019, Krutz et al. 2019), PRISMA (Cogliati et al. 2021), HISUI (Matsunaga et al. 2020),
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and ENMAP (Guanter et al. 2015). In addition, new missions, which are in preparatory phases
such as SBG-NASA (Cawse-Nicholson et al. 2021) and CHIME-ESA (Nieke et al. 2018), bring
perspectives for a new era of high-temporal-resolution imaging spectroscopy at a global scale.
The use of these sensors can potentially improve the characterization of FMC at large scales
but frameworks that incorporate narrow-band spectroscopic measurements to estimate FMC
are still needed, especially for species in fire-prone ecosystems.

Water content affects the leaf’s spectral response especially in water absorption features
in the near-infrared (NIR, ~ 800-1,300 nm) and short-wave infrared (SWIR, ~ 1,300-2,500 nm)
regions centered at around 970, 1200, 1450, and 1940 nm (Knipling 1970, Danson and Bowyer
2004, Yebra 2013). Nevertheless, changes in leaf moisture might affect other plants’ properties
which are related to their reflectance. As an example, drier plants might experience
photosynthetic activity reduction and pigment degradation, which can be captured by
reflectance changes in the visible (VIS, 400-700 nm) and the red-edge (~ 700-800 nm) spectral
regions (Streher et al. 2020). Besides that, species might have their own spectral signature as a
result of the combination of their specific leaf characteristics (e.g., anatomy and structural
chemical constituents). Understanding all those variables that impact FMC prediction using
Spectroscopy still needs to be fully understood in tropical savanna ecosystems.

Assessing the methods and variables related to FMC prediction using spectroscopy is
necessary to develop efficient approaches for FMC monitoring and fire management in large
scales. In this study we assessed the spectral variability of several vegetation species of different
growth forms (i.e., herbs, shrubs, and trees) from the Cerrado biome — one of the most
biodiverse endangered tropical savannas in the world (Myers et al. 2000, Strassburg et al. 201 7).
The main objective was to i) define the best empirical approach to predict FMC of Cerrado
species from different vegetation layers using machine learning and leaf spectroscopy ii)
identify the most important spectral regions and vegetation indices to predict FMC.

2. Material and Methods
2.1. Study area

The study sites were selected to cover the three major Cerrado vegetation formations
(i.e., grassland, savanna, and forest) (Fig. 1). Grasslands vegetation types can be characterized
by the presence of grass species only (e.g. “Campo limpo™), grass species with scattered shrubs
(e.g., “Campo sujo” and “Campo rupestre”), The savanna formation in Cerrado is composed by
contorted short trees that does not yield a closed canopy and shrubs on top of a herbaceous layer
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(e.g., “Cerrado sensu stricto”). Forest formations are those dominated by trees (e.g.,
“Cerraddo”, in addition to the extra-Cerrado forest formations as Riparian and Gallery forests)
(Ribeiro and Walter, 1998). The sites were located in the Serra do Cipé National Park (SCNPK),
Chapada dos Veadeiros National Park (CVNPK), Paraopebas National Forest (PNF) and
University of Sdo Jodo Del-Reis Forest (UFS)) (Fig. 1).

~

Grassland Savanna Forest

Canopy cover

Fig. 1. Cerrado is a tropical savanna located in Brazil characterized by a wide range of

vegetation types within three main formations: grassland, savanna and forest.

2.2 Field data collection, FMC calculation and spectroscopic measurements

Between June and July 2019, 50 square plots of 30 x 30 m (900 m?) were established at
the study sites. Three fuel classes were defined for the samples collection based on their vertical
layer occupancy as surface (Surfacepyes), ladder (Laddery,es) and canopy fuels
(Canopypyers): Surf acesyers represent non-woody grasses, herbs and forbs at the sample plots;
Laddery,q;; were shrubs and trees with diameter at breast height (dbh, 1.3 m) < 10 cm;
Canopyyyes are trees in the plots with dbh 2 10 cm (Fig, 2).

Samples of the dominant species of each fuel class (Surfacepyes, Laddery,qsand
Canopyy,es) in each plot were collected. For C anopyryers @ whole representative branch with
more than 5 leaves were collected and immediately stored in a black plastic bag. For
Surfacege;s, clipped leaves were sealed in a plastic bag and immediately stored in an ice
chest. The same procedure used for C anopyrueis Was used for Laddery, ¢ swith lignified stems

Wwhereas the Surfaceg,es procedure was used for Laddery, e with non-lignified stems. A
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sample was only collected if it was exposed to direct sunlight. A total of 512 individuals were
collected being 342 C anopyyyeis, 101 Laddery,¢is and 69 Sur face s - from 73 species (171
individuals still unidentified).

The samples were transported to the closest facility where the spectral measurements
were done aiming to preserve their physiological and biochemical properties. The time between
sample collection and measurement were at most 40 minutes using Surfaceg,, s procedure
and 3 hours using C anopyyyeis procedure. The spectral response of the samples was acquired
by measuring the adaxial surfaces of the sampled leaves using FieldSpec 3 Hi-Res
spectroradiometer (ASD Inc., Boulder, CO, USA: spectral range: 350-2500 nm). The “leaf
clip” assembly was used to collect the spectra. It allows the collection of standardized,
orthogonal measurements while excluding atmospheric influence in the spectra. FieldSpec 3
sampling interval is 1.4 nm between 350—1000 nm and 2 nm between 1000-2500 nm, these
values are interpolated to 1 nm intervals. We also performed a splice correction for eliminating

the off-set between sensors using ASD ViewSpec Pro.

a) Field plots c) Sample examples

Canopy

} Ladder

} Surface

30m d) Leaf spectra collection

b) Leaf sample collection

b1) . }32)

Fig. 2. Field data collection representation: a) field plot size and vertical layers from where
samples were collected; b) branches and leaves collection with cli pper (bl) and manually (b2);
¢) examples of leaves sample of surface (c1), ladder (¢2) and canopy (c3) fuels; d) spectroscopy

measurements using ASD FieldSpec with “leaf clip” assemble (d1).
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To calculate the fuel moisture content (FMC), approximately 100 g of each sample was
immediately placed in a paper bag and weighed with a 10 g precision scale to obtain the fresh
weight (FW). These samples were oven dried at 65°C until a constant weight was reached in
the laboratory. The dried samples were weighed to obtain the dry weight (DW). The fresh and
dry weight of the samples were used to calculate FMC (Eq. 1) (Ustin et al. 2012). FMC values
were classified into 5 classes defined as FMC30-40, FMC40-50, FMC50-60, FMC60-70 and
FMC70-80 for FMC values ranging from 30 to 40, 40 to 50, 50 to 60, 60 to 70, and 70 to 80,
respectively — the thresholds were based on the FMC distribution (Fig. 3).

FMC = (FW — DW)/DW, (eq.1)

where: FMC is the fuel moisture content, FW is the sample’s fresh weight (g) measured in the
field and DW is its oven-dried weight (g).

FMC
100
75
50
25
Canopy -
Ladder -
Surface 4
20 40 60 80 100

FMC

Fig. 3. Distribution of field fuel moisture content (FMC) measurements for Surface, Ladder and
Canopy fuels.

2.3. Vegetation indices for FMC modeling
We computed several vegetation indices that relate to plant water content, pigments,

and structure (Roberts et al. 2011, Table 1) to be used as predictors in a model to estimate FMC.
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We computed indices that are exclusive for narrow-band spectrometers and also indices that

have equivalent in broad-band sensors.

Table 1. Description and equation of vegetation indices used as predictors to predict fuel

moisture content

Index Equation Reference
Normalized NDWI = (pgs7 — P1241) / (Pes7 + P1241) Gao 1996
Difference

Water Index

(NDWI)

Water Band WBI = pogo = Po7o Penuelas et al. 1997

Index (WBI)

Cellulose CAI = 100x[0.5x(p2031 + P2211) = P2101] Daughtry 2001

Absorption

Index (CAI)

Pigment PSND1 = (pgoo = Pe75) / (Psoo + Pe7s) Blackburn et al. 1998b

Sensitive

Normalized

Difference

(PSND)

PSND2 = (pgoo — Peso) / (Paoo + Peso) Blackburn et al. 1998b

Plant PRl = (Psso — Psoo) Merzlyak et al. 1999

Senescence (P750)

Reflectance

Index (PSRI)

Pigment PSRR1 = (pgoo — Pe7s) / (Peoo + Pers) Blackburn 1998a

Specific

Spectral Ratio

(PSRRI and 2)

PSSR2 = (pgoo — Peso) / (Peoo + Peso) Blackburn 1998a

_Etl'ucturally SIPI = (P800 — Paas) Penuelas et al. 1995

Insensitive (Pgoo = Peso)

Pigment Index
(SIPI)

Chlorophyll
Absorption

CARI = (p700 = Pe70) = 0.2 X (P700 — Psso)

Kim 1994




23

Reflectance
Index (CARI)
Modified CARI ~ MCARI = [(py00 — Pe70) Daughtry et al. 2000
(MCARI) = 0.2 x (p700 = Psso0) 1x (P700 = Pe70)
Carotenoid CRI1 = (1/ psoo) — (1/ psso) Gitelson 2002
Reflectance
Index (CRI)

CRIZ = (1/ psoo) — (1/ p700) Gitelson 2002
Normalized — [log(1/py754) — log(1/preso)] Serrano et al. 2002
Difference log(1/p1754) + log(1/p1eso)
Lignin  Index
(NDLI)

NDLI3 = log log (1/pys10)

Photochemical PRI = (ps3zo — Ps70) / (Ps3o + Ps70) Gamon et al 1997
Reflectance
Index (PRI)
Red-edge RVSI = (py14 = Prs2) / (2 = pr3z) Merton & Huntington
Vegetation 1999
(RVSI)

2.4. Fuel load and moisture content modeling

The FMC was modeled separately for each fuel class, therefore, resulting in three
models with the vegetation indices as predictors and the FMC of Surfacefue;s, Laddery,es,
and Canopyy,e;s and as response variables. There algorithms were used as potential modeling
approaches: Random Forest (RF) (Breiman et al., 1984, Breiman, 1996), Artificial Neural
network (ANN) (Lippmann, 1987, Jain et al., 1996) and Support Vector Machine (SVM) (Boser
etal,, 1992, Vapnik, 1988). Those methods are flexible to the different data distributions, are
relatively easier to interpret, and have been extensively used for empirical modeling of
vegetation traits (e.g., Raczko Zagajewski 2017, Leite et al. 2020, Souza et al. 2019).

The RF algorithm was built setting the number of trees as 500 and tuning the number of
predictors at each split (myy). The ANN was trained tuning the number of units (nodes) in the
single hidden layer that was defined. A SVM with the Radial Basis Function Kernel were tuned
varying the parameter “Cost” (C) for the SVM algorithm. All algorithms were trained using
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functions from the caret package (Kuhn 2020) loaded with the dependencies nnet (Venables
and Ripley, 2002), randomForest (Liaw and Wiener, 2002) and kernlab (Karatzoglou et al.
2004) for ANN, RF and SVM, respectively.

The algorithms were trained using a 5-fold cross-validation selecting the best tuning
parameters based on the lowest root mean square error (RMSE). The 5-fold cross-validation
separate the dataset into 5 groups of similar size. One group is held out of the training process
and is used for validation. The process is repeated so all the groups are left out of the training
process. The statistic performance metrics are calculated for each of the iterations and the mean
value of the iterations represents the final algorithm performance. This is an alternative
approach when the dataset does not allow removing a single validation set for either being too

small or not being representative sample of the population.

The performance of all algorithms was assessed using the coefficient of correlation (r)
between the predicted and observed values, absolute and relative (%) root square mean error
(RMSE) and mean difference (MD) (Eq. 8 to 11). In addition, feature importance was
calculated for each of the trained algorithms.

RMSE (Mg / ha) = ’E':z_f‘ﬂ (eq. 8)

RMSE (%) = £ x 100, (eq. 9)
MD (Mg / ha) = Eaa (X0 (eq. 10)
MD (%) = =2 x100, (eq. 11)

where: ¥is the estimated FMC, Y; is the observed FMC; n is the number of samples.

3. Results

Lower FMC classes (e.g., FMC30-40) had lower absorbance in wavelengths related to
water absorption in the shortwave infrared region (SWIR) (e.g., around 1400 nm and 1900 nm,
Fig. 4) when analyzing fuel classes together. Meanwhile, higher FMC classes (e.g., FMC70-
80) had higher absorbance in the same regions. In the near-infrared (NIR) region of the spectra
near to 1200 it was also possible observe a pattern of higher absorption in higher fuel classes,
even though the highest FMC class (i.e., FMC70-80) had a relatively lower absorption
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compared to the second highest class (i.e., FMC60-70). Nonetheless, FMC70-80 had the hi ghest
reflectance in the red-edge region (~700-800 nm). The difference between high and low FMC

classes was not as clear in the visible range (VIS) (~400-700 nm).

0.54

0.4

Reflectance
?

o
L)
L

0.1+

500 1000 1500 2000 2500
Wavelength
Fig. 4. Mean leaf reflectance of Cerrado species by fuel moisture content (FMC) classes 30-40
(n=18), 40-50 (n=206), 50-60 (n = 183), 60-70 (n = 79) and 70-80 (n=15).

Most of the patterns held true when analyzing Surfacesye;, Laddery,qs and
Canopypyes, separetly (Fig. 5). In general, FMC30-40 still had higher reflectance values in
water content-related absorption features of the spectra (e.g. around 1400 and 1900 nm). In
addition, biochemical features in the SWIR region, e.g., lignin, cellulose, and hemicellulose,
which are present from ~ 1,600 to 2,400 nm and that usually are obscured by the water content
in fresh leaves, are visible in the spectra of FMC classes < 50%.
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Fig. 5. Leaf reflectance of fuel moisture content (FMC) classes 30-40, 40-50, 50-60, 60-70 and
70-80. surface (Surf aceyyeys), ladder (Laddery,,s) and canopy fuels (C anopyyyeis)

The vegetation indices using bands in the water absorption features of the spectra (e.g.,
WBI and NDWI) had a directly relationship with the FMC, i.e., the index value increase as
FMC content increased (Fig. 6). Furthermore, WBI and NDWI seemed to have a shorter
interquartile range than most of the other vegetation indices. It was also possible to observe a
pattern of increasing values for NDLI and NDLI3 — which are also associated to water content
— with the increase of FMC. On the other hand, an inverse relationship was observed with CAI
—acellulose, dry matter index — PSRI and RVSI. No clear linear relationship was observed for
the other indices. In general, the intermediate classes (e. g-, FMC50-60) presented had a higher
number of outliers than the other classes.
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Fig. 6. Vegetation indices calculated for fuel moisture content (F MC) classes 30-40, 40-50, 50-

60, 60-70 and 70-80.

Overall, the models had a relatively high precision for FMC prediction using all the
prediction algorithms — most with RMSE% < 20% (Fig. 7). The lowest RMSE% was achieved
for Ladder fuels using SVM (r = 0.64, RMSE = 11.91, MD = 0.24). In fact, the SVM method
had a slightly better performance for all fuel classes FMC prediction. Conversely, the ANN
method had the lowest performance compared to the other methods. The highest difference
between methods occurred for the prediction of Surface ruets Where the RMSE% using ANN

was of ~25%. The lowest performances were observed for Surf aceryers. The precision for
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predicting all the fuel classes together (Totalsyes) was slightly higher than the for the classes

with the lower performance (i.e., Surfacesyes) a slightly lower than the models with the

highest performance (i.e., Ladderyy,s).
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Fig. 7. Validation results for estimating FMC for surface (Surfacegyes), shrub and small trees

(Ladderyye5) and canopy fuels (Canopypyeis) using Random Forest (RF), Support Vector
Machine (SVM) and single layer Artificial Neural Network (ANN) algorithms as modeling

approaches and vegetation indices as predictors. r = coefficient of correlation; RMSE = root

mean square error; and MD = mean difference.
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The most important predictors of FMC (i.e., vegetation indices) were slightly different
for the fuel classes (Fig. 8). For Surfacegyers, CAl was the most important predictor for all the
training algorithms. PSSR1 and NDLI were also present as the most important predictors for
this fuel class. For the other fuel classes the predictors’ ranking did not have a clear pattern but
some vegetation indices more frequently shown such as: PSSR and PSND for Ladderyyes;

NDLI, WBI and CAI for C anopyyyeis, and NDLI and WBI for Totalsyeys.
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Fig. 8. Importance of vegetation indices used as inputs into Random Forest (rf), Support Vector
Machine (svm) and Artificial Neural Network (ann) models to estimate fuel moisture content
(FMC) for herbaceous fuels (Surface ruets)> Shrubs and small trees (Ladderyyes),woody fuels
(C anopyyyeis), and total fuels (T'otalsyes). The vegetation indices acronyms and equations are
described in Table 1.
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4. Discussion

Fuel moisture content (FMC) is one of the most important variables for effectively
managing fire (Yebra et al. 2018, Szpakowski et al. 2019, Chuvieco et al. 2020). The results
demonstrated the predictive capacity of using leaf spectroscopy to model FMC by using three
machine learning algorithms and vegetation indices. The prediction could be done for each fuel
class separately or in a single model despite the differences in leaf characteristics across growth
forms. Furthermore, to account for the variability in FMC, vegetation indices that are associated
with different leaf chemical and structural characteristics were important, besides the ones

associated with water content.

The FMC predictions were performed for species of different growth forms (e.g.,
herbaceous, shrubby and arboreous) in Cerrado. They represent a range of leaf physical,
structural and chemical properties that directly affect light interactions with the leaves in
conjunction with FMC. For example, reflectance in water-related regions of the spectra might
be less sensitive to water content variation in species with thicker leaves (Ustin et al. 2012,
Sims and Gamon 2002, Gitelson et al. 2003). In addition, absorption features in the SWIR
region that are related to lignin and cellulose can be masked in the presence of water (Buitagro
et al. 2018) and when there are variations in both FMC and dry matter (Danson and Bowyer
2004). Some of the models in this study, especially for Surf acegyers, seemed to be more related
to structural leaf components that are related leaf dry matter content rather than directly from
light interaction with water. Part of this variability was captured for example with CAI as the
most important vegetation index to predict Surfaces,qs (Nagler et al. 2000). Surfacesyes
also had the driest samples for our study, which might suggest the importance of those non-
water related features for low FMC. This is also justified since reductions in water content will
have impacts on plant physiology and pigments (Bowier and Danson 2004) and supports that
the most correlated wavelengths (or vegetation indices) with FMC may depend on the range of
FMC (Danson and Bowyer 2004).

In this study a single model for all fuel classes had similar performance to models per class.
This implies that FMC variations could be captured in a single model, even though the leaf trait
characteristics could be very distinct between the fuel classes - . g., thick sclerophyllous leaves
for woody plants and thin leaves in herbaceous species (Rossatto et al. 2015). Part of the
unexplained variance could be related to species-specific characteristics that were not
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accounted for such as leaf mass per area and leaf dry matter content that could vary even within
the defined fuel classes (Streher et al. 2020). Furthermore, it is important to consider that the
observations used in to train the machine learning algorithms came from 50 plots located in
different study sites in Cerrado. During the data partition conducted in the training process the
information regarding plot was not considered which can lead to training and validation datasets
with the presence of observations from the same plot. The spatial autocorrelation that exists
between the observations in a plot might be captured by machine learning algorithms which
can lead to model performance improvements (Salazar et al. 2022). Further research should
consider splitting the data for training and validation taking into account the plot information,
i.e., keep in a same group (training or validation) all the observations from a given plot.

The definition of the vegetation indices and spectral bands for FMC prediction have
implications for large-scale FMC monitoring in tropical savanna ecosystems such as Cerrado.
Several spaceborne missions have been recently launched with sensors that accounts for the
range of spectral regions that are necessary to compute the vegetation indices shown in this
study, such as DESIS, PRISMA, HISUI, and ENMAP (Alonso et al. 2019, Krutz et al. 2019,
Cogliati et al. 2021, Matsunaga et al. 2020, Guanter et al. 201 5). It is important to highlight that
for image spectroscopy a mixture of fuel classes with a range FMC may exist at a projected
pixel (of about 30-m resolution) on the surface and their mixture could determine the overall
reflectance of the pixel to predict FMC. In addition, limitations for FMC prediction can arise
when the SWIR region is not covered (e.g., DESIS), even though there are indirect relationships
of leaf water content reduction with variations in reflectance in the visible and NIR range
(Streher et al. 2020, Bowyer and Danson 2004). Even though there are other robust methods
to explore the estimation of FMC from spectroscopic measurements such as Partial Least
Square Regression (PLSR) (Qi et al. 2014, Streher et al. 2020), Spectral Mixture Analysis
(SMA) (Roberts et al. 2006) and PROSPECT (Marino et al. 2020) the use of vegetation indices
appears as a potential method to scale-up fuel information. They represent an easy and
meaningful method of dimensionality reduction / data mining and are not as influenced by
sensor-specific noise as other methods which uses the entire spectrum. Coupled with the
powerful of machine learning algorithms, our approach and findings are a step towards efficient
FMC monitoring for large scale fire management.

S. Conclusions
In this study, leaf spectroscopy was used to predict fuel moisture content of different
vegetation layers (Surfaceysyes, Laddery,qsand Canopygyers) of the Brazilian tropical
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Savanna (Cerrado). Machine learning algorithms were used with vegetation indices related to
leaf traits as inputs in models to predict FMC. The results support the expected benefits of using
narrow-band passive sensors for retrieving FMC. In addition, it was observed that wavelengths
from regions related to pigments and structural constituents are important to retrieve FMC,
besides the bands directly related to water content. Next steps include i) decoupling species
traits (e.g., morphology and chemical constituents) from FMC prediction and ii) using imaging
spectroscopy sensors to assess FMC prediction in a mixture of fuel classes and a range of FMC
values. The results can support the use of the current and new generation of imaging
spectroscopy spaceborne sensors that can potentially be used to improve large-scale fire

management in Cerrado and other fire-prone ecosystems
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Chapter 2: Large scale multi-layer fuel load characterization in tropical savanna using

GEDI spaceborne lidar data



ABSTRACT

LEITE, Rodrigo Vieira, Universidade Federal de Vigosa, December, 2022. Large scale multi-
layer fuel load characterization in tropical savanna using GEDI spaceborne lidar data.
Adviser: Cibele Hummel do Amaral.

Quantifying fuel load over large areas is essential to support integrated fire management
initiatives in fire-prone regions to preserve carbon stock, biodiversity and ecosystem
functioning. It also allows a better understanding of global climate regulation as a potential
carbon sink or source. Large area assessments usually require data from spaceborne remote
sensors, but most of them cannot measure the vertical variability of vegetation structure, which
is required for accurately measuring fuel loads and defining management interventions. The
recently launched NASA’s Global Ecosystem Dynamics Investigation (GEDI) full-waveform
lidar sensor holds potential to meet this demand. However, its capability for estimating fuel
load has yet not been evaluated. In this study, we developed a novel framework and tested
machine learning models for predicting multi-layer fuel load in the Brazilian tropical savanna
(i.e., Cerrado biome) using GEDI data. First, lidar data were collected using an unnamed aerial
vehicle (UAV). The flights were conducted, over selected sample plots in distinct Cerrado
vegetation formations (i.e., grassland, savanna, forest) where field measurements were
conducted to determine the load of surface, herbaceous, shrubs and small trees, woody fuels
and the total fuel load. Subsequently, GEDI-like full-waveforms were simulated from the high-
density UAV-lidar 3-D point clouds from which vegetation structure metrics were calculated
and correlated to field-derived fuel load components using Random Forest models. From these
models, we generate fuel load maps for the entire Cerrado using all on-orbit available GEDI
data. Overall, the models had better performance for woody fuels and total fuel loads (r=0.93
and (.84, respectively). For components at the lower stratum, models had moderate to low
performance (r between 0.38 and 0.55) but still showed reliable results. The presented
framework can be extended to other fire-prone regions where accurate measurements of fuel
components are needed. We hope this study will contribute to the expansion of spaceborne lidar
applications for integrated fire management activities and supporting carbon monitoring

initiatives in tropical savannas worldwide.
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1. Introduction

Climate change mitigation and biodiversity conservation efforts across the world require an
understanding of wildfire dynamics (Bowman et al., 2013, Lehmann et al. 2014). Tropical
Savanna ecosystems are generally fire-adapted (Simon et al., 2009, Hoffmann et al., 2012,
Durigan & Ratter, 2016), but human activities have affected fire regimes and landscape
characteristics (Hantson et al., 2015, Andela et al., 2017, Andela et al., 2018, Rosan et al. 2019,
Durigan et al. 2020). Fire dynamics in tropical savannas depend, among other factors, on the
vegetation structure and accumulated fuel loads (combustible contents) (Sandberg et al., 2001,
Chuvieco et al., 2003, Keane et al., 2013). Fuel load structure continuity, condition tiive or
dead) and moisture are important variables for modeling fire behavior (Stavros et al., 2018,
Gomes et al., 2020a), assessing its severity (Hu et al. 2019, Klauberg et al., 2019), calculating
greenhouse gas emissions (GHG) (Ogle et al., 2019, Gomes et al., 2020a) and improving
landscape management and conservation strategies to promote a pyro-diverse ecosystem
(Schmidt et al., 2018, Franke et al., 201 8). These applications demand measurements of all fuel
components as they interact with fire differently. That includes necromass (e.g., duff, litter,

downed wood debris) and different plant types (e.g., grasses, herbs, forbs, shrubs, trees).

Remote sensing technologies are commonly used to examine fuel load distribution and
spatial variability over large areas. In this regard, lidar (light detection and ranging) sensors are
preferred as they can directly detect different vegetation strata with high accuracy (Erdody et
al., 2010, Gajardo et al., 2014, Szpakowski and Jensen 2019, Chuvieco et al., 2020). Generally,
the approach for local scale fuel mapping relies on discrete-return or full-waveform lidar
sensors in aircraft or unnamed aerial vehicle (UAV) platforms to collect lidar data and calculate
lidar-derived metrics that will subsequently serve as predictor variables in statistical models
(Hermosilla et al., 2014, Hudak et al., 2016a, Bright et al., 2017, Stefanidou et al., 2020).
Nonetheless, when there are limited resources for airborne and UAV-lidar surveys, or it is
necessary to upscale analyses to a regional/global level, images acquired by satellite systems
operating in either optical or microwave domain are then required (Wulder et al., 2012, Garcia
et al., 2017, Franke et al., 2018). The Geoscience Laser Altimeter System (GLAS, onboard
ICESat-1 — Zwally et al., 2002) was the first spaceborne lidar sensor to collect sample data
globally, and it was operational between 2003 and 2009. Although its main objective was to
measure ice-sheet changes, GLAS was also used for forest and fuel-related studies (Lefsky et
al., 2006, Duncanson et al., 2010, Ashworth et al., 2010, Garcia et al., 2012, Peterson et al.,
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2013, Ferreira et al. 2011). Its successor mission launched in 201 8, ICESat-2, is a photon-
counting lidar system that also provides valuable 3-D sample data globally that can be similarly
used for biomass estimation (Narine et al., 2020). Yet, neither of these missions’ characteristics
were optimized for collecting data over the global range of forest canopy structures which limits

opportunities to use these data to examine some important biomes at regional scale.

A new promising near-global dataset for fuel load estimation comes from the Global
Ecosystem Dynamics Investigation (GEDI) sensor, with unprecedented high resolution lidar
data samples collected between ~52° north and south latitudes, available since April 2019
(Dubayah et al., 2020a). As the first of its kind, GEDI was specifically designed to measure
forest structure. The sensor is characterized as a large-footprint (diameter of ~25 m) full-
waveform lidar with penetration capability in forests with up to ~99% canopy cover (Hancock
et al., 2019, Duncanson et al., 2020). GEDI’s penetration capabilities in dense vegetation is
what mainly differentiates it from the previous spaceborne lidar sensors designed for ice sheet
measurements. Furthermore, the footprints are separated at 60 m along track and 600 m across
track - an improvement to GLAS’ 70 m footprint separated ~170 m along track (Zwally et al.
2002). The improved technical specification makes GEDI more suitable than any previous

spaceborne sensor to measure forest structure at regional and global scales.

The GEDI mission plan includes the delivery of a global aboveground dry biomass (AGB)
product at a spatial resolution of 1-km (Dubayah et al. 2020a) that is suitable for global biomass
mapping requirements (Hall et al., 2011). These AGB estimates are expected to be the global
benchmark of forest AGB, essential for measuring the world’s carbon stocks. Furthermore,
recent studies used GEDI waveform metrics for developing models to estimate forest height
(Potapov et al., 2021, Rishmawi et al., 2021), biomass (Saarela et al., 2018, Silva et al., 2021,
Duncanson et al., 2020, Rishmawi et al., 2021), and canopy structure diversity (Marselis et al.,
2018, Schneider et al., 2020, Rishmawi et al., 2021). However, to date, no published study on
estimation of fuel loads from GEDI data is available and the GEDI AGB products may be of
limited use for fire-related applications because calibration data to derive information on
important layers may be lacking — such as from duff, litter, down woody debris, grasses, forbs
and shrubs. In addition, these lower fuel strata layers that are crucial for fire behavior and
emissions are commonly not considered in previous studies using spaceborne lidar sensors
(Lefsky et al. 2005, Garcia et al. 2012, Peterson et al. 2013). Therefore, it is necessary to
develop models using GEDI-derived metrics that consider all fuel load components for
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effectively meeting integrated fire management criteria and for improving carbon budget

estimates.

Confirming GEDI’s capability to predict fuel loads in savannas will open a range of new
opportunities to improve fire management planning and decisions at regional and global scales,
Furthermore, the possibility of having this information from space also opens the range of GEDI
applications to map fuel loads during the mission life-span and for upcoming lidar satellite
missions (e.g., Multi-footprint Observation Lidar and Imager - MOLI (Murooka et al., 2013.
Kimura et al., 2017, Asai et al., 2018). The applications of such technological advances include
mapping fire risk, carbon emissions and estimate fire behavior and fuel load dynamics for larger
areas such as countries or entire biomes, thus contributing to mitigate the impacts of climate
change in these regions. The overall aim of this study was to assess the capability of GEDI for
estimating large-scale multi-layer fuel loads in the Brazilian tropical savanna (Cerrado). Herein,
we developed a framework to i) calibrate and validate Random Forest (RF) models for
predicting different fuel layers (ground, surface, shrubs, trees and total fuel load) at the plot
level across the complex gradient of Cerrado formations (i.e., grassland, savanna and forest) in
Brazil from field and simulated GEDI data; and ii) characterize large-scale, multi-layer fuel
loads across the entire Cerrado (i.e. 1.9 million km?) by applying the calibrated RF models to
on-orbit GEDI data collected over its whole extent, and then aggregating the footprint level fuel
load estimates to 1-km-resolution grid across the biome.

2. Material and Methods
2.1. Study area

The Brazilian Cerrado is the most biodiverse savanna in the world and considered as a top
global hotspot for conservation priorities (Myers et al. 2000). It has been rapidly converted to
crop and pasturelands and less than half of its original vegetation cover remains (Strassburg et
al. 2017). This native vegetation, however, has been severely impacted by human-mediated
shifts in fire regimes and widespread invasion of fire-prone African fodder grasses (Durigan
and Ratter, 2016). Our study sites are located in the Serra do Cip6 National Park (SCNPK),
Chapada dos Veadeiros National Park (CVNPK), Paraopebas National Forest (PNF) and
University of Séo Jodo Del-Reis Forest (UFSJ) (Fig. 1). Site locations were chosen to span a
range of vegetation structures within the Cerrado biome, covering the three major formations
(i.e., grassland, savanna, and forest). In Cerrado, grasslands are characterized by the presence
of grass species alone (vegetation type locally known as “Campo limpo™), with scattered shrubs
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(*Campo sujo™ and “Campo rupestre™), or dominated by grasses and shrubs with scattered trees
(“Cerrado ralo™). The savanna formation is mostly dominated by contorted short trees with
scattered shrubs and grasses (e.g., “Cerrado sensu stricto”). Forests are tree-dominated
formations (e.g., “Cerraddo”, in addition to the extra-Cerrado forest formations as Riparian and

Gallery forests).

a) Savanna world map

e W it
OO e B
. Aty
S ™ N
¥ lg f !::&
L

%0

-1
Latitude (°}

P P P M “
Longitude (*)
Legend
[[] Tropical savanna [] Brazilian savanna (Cerrado)

Lidar-derived Canopy Height (m)

B cield piots @ Site location
(30m x 30m) N

0 215

Fig. 1. Spatial location of the Brazilian savanna (Cerrado) (a, b) and study sites where UAV-
lidar and field data were collected, namely, Chapada dos Veadeiros National Park (CVNPK,
cl), Serra do Cipé National Park (SCNPK, c¢2) Paraopeba National Forest (PNF, ¢3) and
University of Séo Jodo Del-Rei’s Forest (UFSJ, ¢4). Fig.cl1-c4 show the UAV-lidar coverage
and canopy height model derived from the 3D point cloud.

2.2 Fuel load measurements

We established sample plots in different Cerrado vegetation formations (i.e., grassland,
savanna, and forest) between June and July 2019. First, 50 square plots of 30 x 30 m (900 m?)
were set across the study sites (Fig. 2a). Each plot corner was geolocated using a Differential
Global Navigation Satellite System (Fig. 2c). Subsequently, four 1 x 1 m (1m*)andtwo 1 x 5
m (5 m*) subplots were set within each plot to measure surface and shrubs/small trees fuel
components, respectively (Fig. 2b, 2d). In the field, all duff, litter and downed woody debris



44

(surface fuels; SUpyes) were separated from non-woody grasses, herbs and forbs (herbaceous
fuels; HBfyer5). They were immediately weighed with a 10 g precision scale. Three 500 g
samples were taken to be weighed on a laboratory scale (precision of 1 mg) and oven dried at
65°C until a constant weight was reached. The fresh and dry weight of the samples were used
to calculate fuel moisture content (FMC, Eq. 1). The total dry biomass of § Ufuers and HBjy g1
were then calculated for the plots using Eq. 2 and 3. In addition, S Uruets and HBjy o s were

summed up to create a single component of the lowest stratum SH Fuets (Eq. 4).
FMC(%) = (FW —DW)/DW, (eg.1)

where: FW is the sample’s fresh weight (g) measured in the field and DW is its oven-dried
weight (g).

SUpuers = Li=y  ((duffi(kg) + litter;(kg) + downed wood, (kg)) x (1 - (eq.2)
FMC)) X HEFsu,

where: SUpye is the total dry biomass (Mg ha™) of duff, litter and downed wood collected in
sub-plot i. HEFsy is the hectare expansion factor of 2.5 used to convert from kg to Mg ha™'.

HBpyeis =3X%;  ((non —woody grasses; (kg) + forbs ikg))x (1 - (eq.3)
FMC)) X HEFsu,

where: HByeq is the total dry biomass (Mg ha™) in plot i of non-woody grasses and forbs

collected in subplot j.

SHryeis = SUpyeis + H Bryeiss (eq.4)
where: SHyyq. is the total dry biomass (Mg ha™') of the lowest vegetation stratum.

Similarly, all the shrubs and trees with diameter at breast height (dbh, 1.3 m) < 10 cm were
harvested and immediately weighed with a 10 g precision scale. Three 500 g samples of stems,
branches and leaves were taken to be weighed in a laboratory scale (precision 1 mg) and oven
dried at 65°C until constant weight was reached. The total dry biomass of this component was
then calculated using Eq. 5.

¢ (eq.5)
SSfuets = Z ((shrubs; (kg) + small trees; (kg)) x (1
=1

— FMC)) x HEFgg
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where: §5¢,5 is the total dry biomass (Mg ha™) of shrubs and small trees (dbh < 10 ¢cm). HEFss
=2.5.

Finally, all the trees in the plots with dbh 2 10 cm were measured for total
height (Ar) and dbh using a digital clinometer and diameter tape, respectively. We used those
measurements to estimate the dry aboveground biomass of trees (WDgyers) using Eq. 6 (Chave
et al., 2014).

WDfyeris = X}=y  0.0673 x (p x dbh;? x ht;)*°76 x HEF,,4, (eq.6)

where: WDy is the total dry aboveground biomass of trees (Mg ha™); dbh; and ht;j are the
dbh (cm) and /¢ (m) per tree j; p is the wood density (g cm™) derived from Zanne et al. (2009).
HEFwd = 0.011. The total fuel load (TFpyers) was calculated by summing all the components
(Eq. 7). Table 1 summarizes fuel load component values in the sample plots by each Cerrado
formation and a description of the data collection authorization process is in the supplementary
material.

TFfuels = Sufuels o+ HBfuels + szuels o WDfueIs (eq.7)

¢) Delimitation of plots

&y v

a) Plot design (3D)

30 m

- n Fuel loads

D Trees {dbh 2 10 cm)

B Shrubs and trees
I E = = (dbh <10 em)
Duff, litter,
Im - downed woody and

=v,
il rbaceous fuel
4 it m [7] He s

Fig. 2. Summary of field data survey where different plot sizes were designed for collecting
tree, shrub, and surface fuels (a, b). Subfigures c) and d) depict plot sampling configuration and

surface fuel collection, respectively.
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Table 1. Summary of field measurements of surface fuels (SUryers), herbaceous (HByyeps),
surface and herbaceous fuels (SHgyeys), shrubs (SSgyers, dbh < 10 cm), woody fuels (WDgyers.
dbh 2 10 cm) and total fuel load (TFpyeis) over the different Cerrado formations

(i.e., grassland, savanna and forests).

Grassland 5 P R T T TS T
HBsyy w075 199+ “106. % (68

SHpms . B800 B56 157 kS

SSpuats D145 14 g

W Byt SR L 068 D0 03

Thugs 117 259 172 73

Savanna 30 SUriais e, 201 224, 80 41
77 AN 7 JSENCE e T

SHpes 38 261 117 45

SSpues 05 397 101 92

Whpes 00 556 186 171

Thus 133 1002 404 235

Forest 15 Sipm e g gase Baomeint higbfor ecyy
FECE R i S e By

S Dl Toef SRRt s gy g

Fo 1o Srperiipfon andgigh MR i <.y

WDjuers 25.9 138.1 firdh 39.2

il 43.7 187.9 104.2 424

2.3. UAV-lidar data acquisition and processing

The UAV-lidar 3-D point clouds were acquired with the GatorEye Gen 1 UAV system
(Broadbent et al., 2021) in July 2019. The GatorEye platform was a DJI M600 Pro hexacopter
that integrated a Velodyne VLP-32c dual-return laser scanner lidar with an Inertial
Measurement Unit (Fig. 3), and it was coupled with a dual-return lidar sensor with 32 separate
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lasers, each having a 360° vertical field of view (FOV). The sensor emitted around 600,000
pulses per second with a theoretical return number of 1.2 million returns per second and in
parallel, a Global Navigation Satellite System (GNSS) receiver collected static geolocation data
to calculate a post-processing kinematic (PPK) flight trajectory. Herein, UAV-lidar 3D point
cloud data pre-processing included: i) implementing the GatorEye Multi-scalar Post-Processing
Workflow (Broadbent et al., 2021), ii) aligning the flight lines, iii) classifying ground, iv)
creating a digital terrain model, v) normalizing point cloud height and vi) clipping the point
clouds within the field plots for GEDI data simulation (Section 2.4).

Fig. 3. GatorEye UAV-lidar (Gen 1) system. a) DJI M600 Pro hexacopter, with Phoenix Scout
Ultra, hyperspectral, and visual sensors; b) three GNSS antennas for navigation, and one for
sensor trajectory (positioned in the middle); ¢) Velodyne Ultra Puck lidar system.

2.4. GEDI data

2.4.1. GEDI full-waveform simulation

We simulated GEDI data from the UAV-lidar 3D point cloud for calibrating fuel load
models to avoid the geolocation errors of GEDI (~10-20 m) and due to the fact that GEDI orbits
are likely not to overlay our field plots. The GEDI pre-launch plan included the development
of a GEDI simulator that is able to reproduce the on-orbit GEDI data characteristics for the
calibration of aboveground biomass models (Hancock et al., 2019). The simulation includes
transforming discrete-return lidar point clouds into full-waveform signals (Blair and Hofton
1999) in GEDI-sized footprints and with the expected GEDI instrument noise added. The
waveform signal-to-noise ratio (SNR) on the on-orbit GEDI data depends on characteristics
such as laser type (power or coverage), acquisition time (day or night), canopy cover and
atmospheric conditions (Hancock et al., 2019, Dubayah et al., 2020a, Ducanson et al., 2020).
The simulator ensures consistency across point cloud flight characteristics especially for high-
density lidar point clouds, as used as input in this study, that allow consistently transferring
models to the on-orbit GEDI data. Complete description and validation of the GEDI simulator
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are described in detail in Hancock et al., 2019. GEDI-like waveforms were simulated from the
high-density UAV-lidar point clouds clipped to the study sample plots using the
gediWFSimulator tool in the rGEDI package (Silva et al., 2020) in R (R Core Team 2020).
Realistic noise was added considering a beam sensitivity of 0.98 (i.e., the canopy cover at which
ground is detected 90% of the time with 5% probability of a false positive Hancock et al. (2019))
by using a link margin of 4.956 at 95% of canopy cover that relates to noise of the power beam
collecting data at night (Boucher et al., 2020). For ground detection and metrics calculation, the
waveforms were denoised and smoothed by setting the noise threshold as the mean plus 3
standard deviations and smoothing width (applied after denoising) equal to 0.5 m (Qi et al.,
2019, Silva et al., 2021).

2.4.2. GEDI-derived vegetation structure metrics

We calculated the following metrics from the simulated GEDI full-waveforms (Table 2):
RH (relative height) at the 98th height percentile (RH98, in m), canopy cover fraction (CCF, in
%), plant area index (PAI, in m* m™), and Foliage Height Diversity (FHD, unitless). These
metrics were selected to match to the GEDI Level 2A and 2B products and facilitate model
interpretability. RH98 represents the height below which 98% of the returned laser energy is
registered. It was selected to represent the top of the canopy, avoiding the noise of using the
last return elevation value (Silva et al. 2018). The CCF is related to the percent of the ground
covered by the vertical projection of canopy material calculated from the Gaussian fitted ground
signal. PAI is the projected area of plant elements per unit ground surface, which relates to the
canopy cover and plant occupation of the vertical space. The F HD is an index for expressing
canopy structure complexity and vertical distribution (MacArthur and Horn 1969). It is
calculated by summing the product between the proportion of vertical PAI profiles and its
logarithm in a selected horizontal layer (Tang and Armston, 2019). The theoretical basis and
full description of cover and vertical profile GEDI metrics are detailed in the algorithm
theoretical basis document (Tang and Armston, 2019). The metrics were calculated using the
gediWF Metrics function in rGEDI (Silva et al., 2020) (Fig. 4).

Table 2. GEDI waveform metrics used as predictors to estimate fuel load components
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Fig. 4. Cerrado formations (al, b1, and c1) and respective 3D point clouds from a UAV lidar
survey (a2, b2, and ¢2) and metrics from the simulated waveforms (a3, b3, and ¢3).
2.5 Fuel load modeling development

Principal Component Analysis (PCA) was applied using the R package FactoMineR (Lé et
al., 2008) for characterizing fuel load and GEDI metrics across field plots and vegetation
formations. An explorative analysis of the derived PC scores was conducted in the first two

components to analyze the relationships between field and GEDI variables.

Fuel loads were modeled separately, yielding five models with the GEDI metrics as



50

predictors and SUruetss HBrueiss SHruetss SSruetss WDgyers and TFyyes as response variables.
We used the random forest (RF) algorithm implemented through the Caret R package (Kuhn
2020) as our modeling approach. RF builds regression tree ensembles from bootstrapping the
data, and the final prediction is the average ensemble outcome (Breiman et al., 1984, Breiman
1996). This method was selected for being flexible to the different data distributions present in
our dataset due to the various vegetation structures in the Cerrado formations. Each RF was
built with 500 trees tuning the number of predictors at each split (myy). We tested Myry
ranging from two to four (2 < myy < 4), selecting the best tuned model

in a 5-fold cross—validation assessment using the coefficient of
correlation (r), absolute (Mg ha™) and relative (%) root square mean error (RMSE)
and mean difference (MD) (Eq. 9 to 12).

RMSE (Mg / ha) = ’%—f—‘-—‘i’f (€q.9)

RMSE (%) = “== x 100, (€q.10)
MD (Mg / ha) = E=CY0 (eq.11)
MD (%) = =7 x100, (eq.12)

where: ,is the estimated fuel load (Mg ha™), Y; is the observed fuel load (Mg ha™"); » is number
of samples. For each fuel layer, the tuned model was run 500 times to account for the algorithm
randomness.

2.6 Fuel loads characterization in Cerrado
The GEDI Level 2A and 2B version 2 data products (Dubayah et al., 2021b, , Dubayah et

al., 2021¢) collected between April 18, 2019 and October 29,, 2020 were downloaded over the
entire Cerrado vegetated area. The GEDI orbits intersecting Cerrado limits were found and
downloaded using the gedifinder and gediDownload functions in rGEDI package (Silva et al.,
2020). The footprints were masked to the Cerrado vegetated area based on the land cover
classification from Mapbiomas for the same year of the data collection (Souza et al. 2020). The
GEDI footprint-level metrics (Table 2) were extracted using the getLevel2AM and getLevel2B
functions and filtered using the quality flag (quality_flag = 1). This flag indicates usable data
by summarizing individual quality assessment parameters based on waveform shot energy,
sensitivity (< 0.9 over land), amplitude, and real-time surface tracking quality (Hofton and Blair
2019, Beck et al., 2020).



51

The fuel load models developed in item 2.5 were applied to the GEDI footprints (diameter
of ~25 m) collected across the Cerrado biome extent. Fuel load maps of each component were
created by taking the average of the footprint-level estimates at 1-km? grid cells for mapping
purposes and compatibility with planned gridded GEDI products (Dubayah et al., 2020a) and
requirements for global biomass maps (Hall et al., 2011).

We calculated the uncertainty of fuel load predictions in each cell by accounting for the
footprints’ variability within the cell, uncertainty associated with the RF algorithm, and RF lack
of fit. To show this we start by assuming that the fuel load estimate at footprint i with model m
is given: ,

RFim = 6 + eym, (eq.13)
where 6 is the overall mean prediction for footprint i and e;,, is an error term. We assume that
the expected value and variance of this error are E[e;,,] = 0 and Var([e;,] = 'r,?, respectively.
The parameter r,-z captures the within-footprint variability associated with the randomness of
the RF algorithm. We also assume that the RF mean prediction 8;is given by:

;= w + € (eq.14)

where y; is the true biomass of footprint i and €;is another error term. This error term accounts
for the fact that mean RF prediction is not identical to the true biomass. We assume that E[¢;] =
0 and Var[e;] = y?, where 1* quantifies the uncertainty associated with the lack of fit of the

RF model. These equations imply that:
RFim = pi + €; + €im. _ (eq.15)

The fuel load prediction at footprint i is then given by the average of the RF models applied

to footprint i:

Im RFIm_M#i+M6£+Em €im p T (eq.16)

RFf= =.|ut+ej+ M

— M. M M M

where RF; is the mean fuel load estimate at footprint i and M is the number of RF models that
were fit. Assuming no correlation between lack of model fit (¢;) and differences between RF

models (e;,, ), this implies that:

Var (ﬁﬁlm) P2 + 3 459

Recall that we took the average of all GEDI footprint-level fuel load predictions within a 1-



52

km2 cell. Assuming no spatial correlation in the mean fuel load in each footprint and model

lack of fit, we have that the uncertainty associated with each cell is:

T e\ (6.18)

. RF, 2 e
Var(RE,) = Var (—z‘ “—jk) = Var L M + L !, P M
ny Ny n, Ny

where n, is the number of GEDI footprints within the 1-km2 cell (k).
If we assume that the uncertainty associated with model lack of fit (1)) does not vary from
footprint to footprint, then:

Zm__€imk (eq.19)
s E E'
= Var (Z___#E) + Var (_Z; ik) + Var - M
Mg ng .
< Vst X Hix + 2 g 1 Z Mz, (eq.20)
- N n: ni : M2
o % ’ - i (eq.21)
= Var (Z; mk) + v + i . Tik q
Ny ny ngM

Finally, if we assume that E [ug] = m, and Var([uy] = 6%, then the overall uncertainty at
each cell (k) is given by:
S ¥ Ei th (eq.22)

Nk M nEM
This expression shows that the variance for each cell k can be pa;titioned into the variability
of biomass within each cell k (captured by &7), model lack of fit (captured by ¥?) and RF
uncertainty (captured by 7). Notice that, as the number of GEDI footprints within cell k
increases (i.e., ny increases), then overall uncertainty decreases. Furthermore, increasing the
number of RF models (i.e., M) only decreases the last uncertainty piece.

For each cell, we estimated 7 and 7, with the following equations:

o % (REx—RR)’ (e9.23)
k= nk -1
=
s _Zm (RFyom—RFy) (eq.24)
fik v M-1

where RFj;, is the mean fuel load prediction of footprint i in cell k, RFyis the mean fuel load
prediction in cell k, REjyis the fuel load prediction of footprint i in cell k using RF model m.
The uncertainty is presented in absolute values by taking the square-root of the summed
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variance parameters. A workflow summarizing the full methodology applied in this study is

provided in Fig. 5.
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3. Results

3.1. Exploratory analysis of GEDI metrics and fuel components in the Cerrado formations
The PCA biplot shows distinct scores for the Cerrado formations and these first two PCs

were responsible for 75.7% of the variables’ cumulative variance (Fig. 6a). The RH98 and FHD
showed high correlation with each other (r = 0.94, p-value = 2.2E-16) and were the two metrics
mainly explaining the variability in PC1 being, overall, positively correlated to samples in the
forest formation and negatively correlated with grassland observations. The fuel components
that were most correlated with RH98 and FHD were WDy (r > 0.85 p-value < 2.2E-15) and
TFpyers (r > 0.82, p-value < 1.3E-13). SUpyeis had a weaker relationship (r < 0.51, p-value <
0.0008) with the GEDI variables, though higher values were found in forests (Fig. 6b).
Similarly, SHyyes had lower correlations (r < 0.30|, p-value < 0.03) with the GEDI variables
than its sub-components SUpyeis (r < 0.52, p-value <0.0008) and HBfye 5 (r <10.59], p-value <
0.002). The grassland observations showed opposite scores on PC1 compared to the forest

observations and were mostly represented by the variation in HBys; this is consistent with
the dominance of herbaceous species in these formations (Fig. 7) indicated by the negative

correlation of HByyes with the metrics CCF and PAIL The savanna formation lies near the

center, overlapping with the other two formations. This is also depicted in the variables’

distributions (Fig. 6b), where most of the GEDI waveform metrics showed increasing values

from grasslands to forests.
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Fig. 6. Biplot of the first two axes of a principal component analysis of simulated GEDI

waveforms metrics and field fuel load measurements (a) and their respective density plots (b).
RH98 = Relative height at the 98 th height percentile; CCF = canopy cover fraction; FHD =

Foliage Height Diversity; PAI = Plant Area Index; SUgyes = surface fuels (duff, litter, downed

wood); HBjeis = Herbaceous fuels; SHyuets = SUruets + HBrueis: SSpyers = shrubs and small
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trees (diameter at 1.3 m above ground (dbh) < 10 ¢cm); WDy = woody fuels (trees with dbh

> 10 cm); TFfuels = SUfuels + HBfuels o szue!s + WDfuels-

1004 Fuel component

Mean Fuel load (Mg / ha)
8 3

%]
o

Figure 7. Field measured fuel components contributions in sample plots over different Cerrado

formations. Fuel load values correspond to the surface fuels (SUpyes), herbaceous fuels

(HBgyeis), shrubs and small trees (SSryets)s and woody fuels (WDyys).

3.2 Fuel load models Pnc ; L
WDjyers and TFryets components were more accurately estimated with models, yielding

r values of 0.93 and 0.84, respectively, and RMSE of both ~40 Mg ha™ in the validation (Table
3). On the other hand, the models estimating components at the lower stratum (SUpyeis, HBfyeys,
SHyyers) exhibited moderate to Jow performance during validation (r < 0.67). The estimates
when estimating the surface and herbaceous components in a single model

were less accurate

(i.e., SHyyeqs; t = 0.41, RMSE = 6.22 Mg ha”', MD = 0.31 Mg ha™') than in separate models;
ok uels» et

0.67, RMSE =2.81 Mg ha™, MD = 0.12 Mg ha™") and for SUp ¢ (r = 0.55,

i.., for HBpyes (r =
| MD = 0.13 Mg ha™"). The most important variables in the models varied

RMSE = 5.22 Mg ha’

for the fuel components (Fig. 8). Nonetheless, RH98 was one of the most important variables

in all models except for HBpyels
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Table 3. Cross-validation performance assessment in 500 iterations of models used to
estimate surface fuels (SUgyes), herbaceous fuel (HByys), surface and herbaceous fuels
(SHpyers), shrub (SSpueis), tree (WDyyers) and total fuel load (TFyyeys). Values represent
mean + standard deviation.

SUpts 0550265  522#021  5551%279 013018  461£292
HBfye1s 0.67 +0.261 2.81+0.2 78.6 + 6.38 0.12+0.14 10.01 +5.46
SHpyels 041+0253  622+034  47.49+289 0.31 +0.28 4.04 +2.57
SSfuels 0.38 +0.249 1055+0.5 113.32+11.09 0.35+0.35 16.01 + 10.87
WDpyers 093+0.170 13.07+0.67  40.6+3.64 -0.32+0.67 1.51+2.83

TFryels 0.84+0228 23.01+1.13 40.78+24 0.22 +0.94 2.09+2.12
a) SUfuels b) HBfuels c) SHfuels
FHD SN e
RH98 55 j s
PAI i i
cov i e
6 25 50 75 100 0 25 5 75 100 0 25 50 75 100
Importance S i
d) SSfuels e) WDfuels f) TFfuels
RH98 dbs i
cov g b
a PAI PAI
L cov cov
—— o 25 l ms'gam 75 100 0 25 | ";bmu 75 100

Importance

Fig. 8. Importance of lidar metrics used as inputs into Random Forest models to estimate surface

fuels (SUpyers), herbaceous fuels (HBjye1s), surface and herbaceous fuels (SHyyeis), shrubs and

small trees (SSfyets) » woody
as input were Relative height at the 98th height percentile (RH98), Plant Area Index (PAI),

Canopy cover fraction (CCF) and Foliage Height Diversity (FHD)

fuels (W Dyyets) and total fuel load (TFryeis). The variables tested
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3.3 Fuel loads characterization across the Cerrado biome
Fuel load estimates were obtained from the application of the models to the on-orbit GEDI

data. The estimates were obtained for the entire Cerrado biome in the 25 m-radii GEDI
footprints. In a Cerrado subset (Fig. 9), gradients of fuel load associated with topography were
observed in the different formations. For instance, there was a pattern of higher WDy, and
TFpyeis estimates in forests (Fig. 9 €2 and 2) than in the other formations (Fig. 9 a2 - d2). On
the other hand, HBgyes estimates were significantly higher in grasslands (Fig. 9 a2), mainly
when compared to forest formations (Fig. 9 €2 and 2). The SUpyei5 estimates were also higher

in forest formations (Fig. 9 €2 and f2) than in grasslands (Fig. 9 a2).
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Fig. 9. Depiction of the GEDI footprint level estimates of fuel components showing all the

GEDI ground-tracks (al, b1, ¢1,dl. el f1) and a single-track profile over grassland, savanna,

and forest formations (a2, b2, ¢2, d2, ¢2, 2). Estimates were done for surface fuels (S Uryeis)

herbaceous fuels (HBfyets)s surface and herbaceous fuels (SHyyeis), shrubs and small trees

(SSfyets), woody fuels (WDjyets) and total fuel load (T Fyyeis)-
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The spatial variation of fuel components estimates in Cerrado is shown in Fig. 10. These
maps allowed us to identify regions in Cerrado with higher estimated HBjfye s and lower
W‘Dfue!s in some regions (e.g., ~45°W ~10°S, Fig. 10b and d) and regions with accumulated
fuel as in northern Cerrado (e.g., ~45°W ~5°8 Fig. 10¢). The distribution of the estimates was
mostly evenly distributed except for SHyyers that was slightly skewed for higher values, and
WDy s and TFpyers that had higher frequencies of lower values (Fig. 11 a-f). The mean
estimated values of SUsyetss HBruets» SHruets: SSpuetss W Dpuets, and TFryers were 7.63 + 1.63,
7.87 + 1.78, 14.74 + 1.87, 7.58 + 1.64, 10.29 + 9.97 and 28.55 + 11.4 Mg ha™', respectively.
The uncertainty of the predictions was similarly distributed across Cerrado (Fig. 12), with a

pattern of lower uncertainty in regions with more GEDI footprints (Fig. 13).
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4. Discussion

GEDI is capable of providing high resolution 3D canopy structural information of various
forest ecosystems (Dubayah et al., 2020a, Schneider et al.. 2020) and holds untapped potential
for establishing effective forest fire management frameworks. This study demonstrated the
potential of using GEDI data to estimate large-scale multi-layer fuels across the whole Brazilian
Cerrado by applying both simulated and on-orbit data to model commonly used fuel load layers.
The use of spaceborne lidar sensors for fuel mapping has been previously reported mainly to
map canopy fuels with GLAS and ICESat-2 sensors (Ashworth et al., 2010, Garcia et al., 2012,
Peterson et al., 2013, Gwenzi et al., 2016, Narine et al., 2020). However, this is, to our
knowledge, the first study demonstrating the usefulness of GEDI in estimating fuels loads at
such a large geographic scale, contributing to the expansion of spaceborne lidar applications
for integrated fire management activities and supporting carbon monitoring initiatives in
savannas.

4.1. Large scale fuel load estimation using spaceborne lidar
Our results demonstrated a high predictive capacity of GEDI metrics in modelling WDryeis

and TFpye s that allows large-scale fuel load estimations. This finding is in agreement with
similar studies focused on estimating biomass in different ecosystems using as predictors
canopy metrics derived from spaceborne lidar sensors on the satellites ICESat-1 and ICESat-2
(Xiao et al., 2019). A study carried out by Lefsky et al. (2005) in a tropical broadleaf forest in
Brazil demonstrated that GLAS-derived heights were able to explain 73% of the variation in
field-measured aboveground biomass. Popescu et al. (2011), who mapped aboveground
biomass in a temperate forest dominated by pine and oak stands in eastern Texas, found a strong
relationship (R?= 0.80) between GLAS height variables and the reference biomass derived from
airborne lidar data. In a more detailed study to test the capabilities of GLAS data in predicting
forest aboveground biomass, Chi et al. (2015) estimated R? values ranging from 0.64 to 0.90
over different forest zones in China. Nevertheless, it is noteworthy that those studies did not
account for important vegetation layers for fire management and that GLAS vyield products at
a coarser resolution (footprints with diameter of 70 m), despite being a full-waveform lidar as
GEDI. Similarly, by using simulated ICESat-2 photon-counting lidar data, Narine et al. (2019)
models explained 79% of the variation in AGB in a pine-dominated forest. Gwenzi et al. (2016)
described some of the limitations of using ICESat-2 for retrieving vegetation height in
Structurally complex savannas. They found that canopy height estimation in areas of low-

density vegetation cover may have lower precision due to the expected number of signal
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photons in these areas. The performance of our models also suggests that GEDI can be more
appropriate for this type of vegetation.

Part of the unexplained variance by our SSfuets models may be due to the lower sensitivity
of GEDI to herbaceous and low stature shrubs compared to the denser overstory tree canopies
the GEDI mission was designed to map. GEDI's utility for mapping short, sparse canopies and
understory has yet to be established, and while the accuracies seen here are likely lower than
for closed-canopy forests, or canopy fuels, our results suggest that GEDI data are still useful
for this more challenging application. The measurement challenge is largely due to convolution
of the waveform return from the ground and from short vegetation above the ground, where
detecting the vegetation from the waveforms will be more challenging. This issue will be
exacerbated over slopes or when vegetation cover is low, which is often the case in the Cerrado.
he top portion of small trees and shrub crowns observed in the waveforms may not show enough
canopy cover to register as a significant return signal and consequently may not be properly
detected using the selected metrics.

Although surface, herbaceous and shrub fuels are a key component in fire behavior and
emission models, most previous studies to estimate fuel loads using spaceborne lidar sensors
focused on canopy fuels (Garcia et al., 2012, Peterson et al., 2013). Obtaining information on
fuels in low stature and sparse vegetation ecosystems, such as savannas and grasslands, is more
challenging than in dense vegetation cover (e.g., Popescu et al., 201 8). The lower performance
for SUruets» HBpyers» and SHyyers suggests that spaceborne lidar data interacts with this lower
Stratum less strongly than with tree fuels. In fact, surface components are hardly directly
retrieved with lidar measurements (Jakubowski et al., 2013, Hudak et al., 2016b, Price and
Gordon 2016, Bright et al.,, 2017), and it is commonly necessary to rely on their indirect
relationship with other variables, such as canopy structure or climate (Hudak et al., 2016a,
Mauro et al., 2021). Results in this study demonstrate that the GEDI waveform metrics could
also be used as proxies to indirectly explain part of the variability of these fuels in savanna
ecosystems and underscore the improvement in modeling HBj,,s and SUryers in separate
models rather than a single model (SHpyes). The difference among HBfyes and S Uruers is
indicated by their contrasting relationships, such as having greater values of SUryers in forest
formations (e.g., due to litterfall) and having inverse relationships to CCF and HBpy .

Noncthcless, the dynamics of H Bfueisand S Ufuels may be more impacted than WDfung by plant
Phenology, seasonality (Costa et al., 2020, Oliveira et al., 2021), and fire events (Gomes et al.,
2020b). Roitman et al. (2018) analyzed decades of AGB surveys in Cerrado and also
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demonstrated that environmental factors can help to explain part of the AGB variation in
Cerrado. As more data become available, future studies could use multitemporal series to
exploit the layers’ seasonal structural dynamics mainly due to leaf flush and fall, in search for
more unexplained variance that might not be obtained otherwise. The complementary use of
multispectral and/or hyperspectral images for better distinguishing photosynthetic- from non-
photosynthetic vegetation fractions (e.g., Roberts et a. 2003) coupled to GEDI metrics might
improve the estimation of some surface fuels (e.g., litter, downed wood) in open-canopy
formations and are recommended in future studies.

A multilevel approach by linking field plots, UAV-lidar, and spaceborne lidar data is the
backbone of our methodological framework to produce both large scale multi-layer fuel load
information in Cerrado. The RF models developed using simulated GEDI full-waveforms from
UAV-lidar have the advantage of not being affected by waveform geolocation errors that are
inherent with GEDI. Currently, these geolocation errors are around 10-20 m, but are expected
to decrease to ~7-8 m after completed mission calibrations (Dubayah et al., 2020a). This error
can make it difficult to have coincident — in space and time - field and GEDI data for modeling.
Our study is aligned with the simulation approach that has been suitable for GEDI model
development and application (Saarela et al., 2018, Hancock et al., 2019, Marselis et al.. 2019,
Patterson et al., 2019, Qi et al., 2019, Schneider et al., 2020, Dubayah et al., 2020a, Duncanson
et al., 2020, Silva et al., 2021). Comprehensive assessments of the accuracy of on-orbit GEDI
data in retrieving key structural vegetation parameters by synchronizing field measurements
within GEDI footprints may be needed for assessing estimation uncertainty in different scales.
Nevertheless, the models developed with simulated GEDI waveforms can be applied to the
GEDI footprints covering about the entire globe (~52° N and S) providing a valuable asset for
regional to global forest structure analysis as demonstrated for the Cerrado.

4.2. Caveats and source of uncertainty
While it may be straightforward to derive vegetation structural metrics in relatively dense

vegetation cover (e.g., Popescu et al., 2018), obtaining such information in low stature and
sparse vegetation formations, such as savannas and grasslands, is more challenging (Glen et al.,
2016, Gwenzi et al., 2016). One of the current limitations in our findings concerns the
uncertainty of estimating surface and low stature vegetation fuels. This issue was also described
in different studies using airborne lidar that reported R? ranging from ~25 — 45% (Jakubowski
et al., 2013, Hudak et al., 2016b, Price and Gordon 2016, Bright et al., 2017). Pesonen et al.
(2008) models had a better performance for estimating downed dead wood volume in boreal
forests, suggesting a higher predictive capacity for this component. Nonetheless, despite surface
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fuels being a key component in fire behavior and emission models, they have received less
attention than canopy fuels, particularly using spaceborne sensors (Garcia et al., 2012, Peterson
et al., 2013, Bright et al., 2017). Tackling this issue may require inclusion of variables related
to fuel dynamics such as time since the last fire (Chen et al., 2017) and precipitation occurrence
(Oliveira et al., 2021).

Another consideration is related to GEDI data characteristics. First, the GEDI mission is
planned to collect data until 2023, limiting application of models to this time span. Nonetheless,
we expect that other missions, such as MOLI (Murooka et al., 2013, Kimura et al., 2017, Asai
et al., 2018), will give similar data in the future. The second point is related to the sampling
nature of GEDI. We observed here that when aggregating footprints to a 1-km? grid cell there
were still some areas not yet covered (Fig. 14), which can be due to the GEDI orbit missing the
cells, or data loss from cloud cover. Those gaps might be filled with forthcoming dataset
updates during the mission; it is expected that most 1 km? grid cells will have at least two
ground tracks (Patterson et al., 2019) by the end of the GEDI mission lifetime. The number of
required footprints to predict fuel load or AGB density in 1-km? cells may vary due to the
vegetation complexity within the cell, which might need further investigation; nonetheless we
observed an exponential decrease in uncertainty with an increase in number of footprints (Fig
13). Finally, the impact of terrain characteristics for detecting ground and retrieving waveform
metrics was not covered in this study. When the within footprint terrain slope is high, the
interpretation of the signals is more complex causing, for instance, ground and canopy energy
at the same height (Harding and Carabajal, 2005, Lefsky et al. 2005). In a study comparing
small- and large-footprint lidar sensors, Silva et al. (2018) also observed an effect of terrain
slope (> 20°) by overestimating ground elevation and RH metrics on large-footprint data,
mainly in dense canopies. For instance, an alternative for GLAS waveforms was applying
topographic correction using ancillary data (Lefsky et al., 2005, Lefsky et al., 2007). Similar
effects of topography in the returned GEDI waveform may need to be investigated and

addressed in further studies.
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Figure 14. GEDI footprint density map (a) and histogram (b) of data collected between April,
2019 and September, 2020 in the Brazilian tropical savanna, Cerrado.

4.3 Future Applications and Challenges
Previous studies of GEDI have focused on deriving products by using the waveform metrics

and its relationships with the vertical structure of the vegetation (Marselis et al., 2019,
Schneider et al., 2020, Duncanson et al., 2020). The quality of the metrics relies on the accuracy
1o detect the ground signal which is expected to vary based on various factors such as canopy
cover, GEDI beam energy, weather conditions and topography. However, apart from the
environmental characteristics and sensor properties, what determines the ground classification
is the algorithm incorporated. Hancock et al. (2019) described and tested Gaussian fitting along
with the lowest maximum and inflection point algorithms to detect the ground signal and
calculated RH metrics from simulated GEDI waveforms, showing that there might be
differences among them. Further research exploring the impact of ground algorithms on GEDI
Metrics associated with fuel load estimation needs to be conducted, ideally with the study based
on individual physiognomies and landscape conditions.

RF was implemented in our study due to its ease of usage, interpretability, versatility in
handling missing data, and prior success with respect to fuel load estimation and to GEDI-based
studies (Healey et al., 2020, Marshak et al., 2020, Rishmawi et al. 2021). Being an ensemble
technique, RF improves the average prediction performance and is robust to outliers.
Techniques such as ordinary least square regression, lasso logistic regressions and sensitivity
analysis, and combinations of multiple machine learning methods, have also been applied to
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GEDI data for quantifying forest traits and structural diversity (Boucher et al. 2020, Burns et
al., 2020, Duncanson et al., 2020, Sanchez-Lopez et al., 2020). More recently, deep learning-
based regression models, e.g., Convolutional Neural Networks (CNN), have been successfully
applied for estimating continuous forest structural parameters such as AGB (Asner et al.. 201 8)
and canopy height (Lang et al., 2019, Li et al., 2020). For instance, Li et al. (2020) showed that
deep learning slightly outperforms random forest models in the estimate of canopy height.
Therefore, a review of the efficiency of various statistical modeling techniques for the
estimation of disparate forest metrics can be deemed to be a critical step for furthering GEDI
powered research for fuel load and AGB modeling and management.

With several planned global missions, such as NASA-ISRO’s NISAR and ESA’s
BIOMASS, offering new capabilities, data fusion of GEDI with these distinct sensors can
compensate for drawbacks such as influence of clouds, atmospheric haze, multiple scattering,
sloped terrain and off-nadir pointing (Pardini et al. 2019, Yang etal., 2011, Quegan et al., 2019,
Rosen et al., 2015). We also encourage readers to take full advantage of the Multi-Mission
Algorithm and Analysis Platform (MAAP) that hosts a colossal amount of related data, tools,
algorithms, and computing capabilities for performing multi-sensor operations (Albinet et al.,
2019). During the initial phase of GEDI, several studies had explored the possibility of merging
GEDI with synthetic aperture radar (SAR) for improving various forest metrics such as forest
height and other structure attribute mapping and characterization (Qi et al., 2019, Qi and
Dubayah 2016). Adding to this, a study by Silva et al. (2021) highlighted how integrating
NISAR and ICESat-2 with GEDI offer us new opportunities for enhancing AGB mapping in
temperate forests with complex terrain. Similarly, data from multispectral sensors also hold
Potential for improving spatial resolution of GEDI (Potapov et al., 2021). Such multi-sensor
data fusion approaches will be important for developing wall-to-wall maps in applications that
require higher spatial resolution such as fire behavior models (Benali et al., 2016, Saatchi et al..
2007). Data fusion approaches applicability for estimating large scale forest canopy height,
AGB and past forest disturbances assessment has been already demonstrated (Potapov et al.,
2021, Saarela et al., 2018, Sanchez-Lopez et al., 2020). Ultimately, data integration from
different missions (e.g., NASA’s Landsat 8/OLI and NISAR, and ESA’s Sentinel 2/MSI and
BIOMASS) will be necessary for developing wall-to-wall maps with finer spatial resolutions
and for covering regions outside GEDI orbit coverage.

Fuel mapping is one of the most important stages that should be considered in wildfire
Prevention and planning (Keane and Reeves, 2012, Agee and Skinner, 2005; Franke et al..
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2018). With the proposed framework it is possible to obtain fuel load estimates for large areas,
such as the Cerrado biome. This is a key point for advancing on a broad spatial scale
understanding of fire effects on ecological processes, ecosystem functioning, carbon emissions,
and fuel dynamics (Turner et al., 1995, Bowman et al., 2013, Gomes et al. 2018, Oliveira et al..
2021). Management solutions based on integrated fire management initiatives have taken place
in Cerrado conservation areas mainly since 2014 and consider practices of prescribed burning
in mosaics to preserve the fire history of a region (Schmidt et al., 201 8). The fuel components
estimate for large areas as developed here will also be an important resource for this end (Franke
etal, 2018, Gomes et al., 2018, Schmidt et al., 2018).
S. Conclusions

In this study we evaluated the capability of GEDI data for estimating large scale multi-layer
fuel loads in a tropical savanna ecosystem. We used the random forest algorithm fed by GEDI
waveform metrics simulated from high-density UAV-lidar 3D point clouds as our modeling
approach. To our knowledge, this is the first attempt to map different fuel components with
GEDI waveform metrics. Overall, the models had better performance for predicting woody
fuels (e.g., WDgyers and TFpyeys). Our results support the expected benefits of using GEDI data
for improving models to estimate vegetation traits on structurally-complex ecosystems.
Furthermore, we were able to upscale from local to biome-level predictions by applying our
models to GEDI data over the entire Cerrado yielding relatively high-resolution fuel load
estimates in this region. Therefore, we expect that users can potentially improve large-scale fuel
load monitoring using the presented framework and extend the analysis to other fire-prone
ecosystems. Following research on data integration of GEDI data with-different sensors is
expected for meeting spatial and temporal requirements of other fire-related applications - such
as assessing fuel load dynamics, modeling fire behavior and calculating carbon emissions - and

assist in better understanding the climate-fire interactions across different landscapes.
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ABSTRACT

LEITE, Rodrigo Vieira, Universidade Federal de Vigosa, December, 2022. Using the new
generation of Earth observation systems to improve wildfire management. Adviser: Cibele
Hummel do Amaral.

Managing vegetation fuels is necessary to preserve fire regimes and the functionality of
ecosystems across the world. Data from remote sensors make large-area assessment possible
especially when coupled in satellite systems. Even though there are over 50 years of available
space-based Earth observations data, the new generation of passive and active sensors can bring
new insights and opportunities for characterizing vegetation fuels. In this paper, the applications
of these sensors were assessed based on their potential to fill knowledge gaps for improving
fuel characterization in large areas. Here we segment the available sensors to those that deliver
freely available data, with spatial resolution of at least 70 m to enable upscaling from field plots
and that were launched in the last 6 years (201 7-2022)
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1. Introduction

Most recent [IPCC’s report showed there is a trend in increasing fires weathers (i.e., hot, dry,
and windy events) as consequence of global warming (Seneviratne et al. 2021 ). Such conditions
favor the occurrences of extremely rare wildfires wherein large forest areas (hundreds of
hectares) are severely burnt (Gill and Allan, 2008; Tedim et al., 2018). Not occasionally,
extreme wildfire events have been increasing in the last two decades (e.g., Fidelis et al. 2019,
Lizundia-Loiola et al. 2019, Adam:s et al. 2020, Turco et al., 2019). Understanding vegetation-
fire interactions and developing fire management strategies on global scale is therefore urging

to prevent socioenvironmental losses in the context of climate change (Bowman et al. 2020).

Wildfires need to be managed due to the long-term effects of human changes in landscai)e
characteristics (Bowman et al. 2013, Kelly et al. 2020). Many practices focus on managing fuels
since other parameters related to fire are harder or not possible to directly control (e.g., ignition
source, weather, wind, topography). The fuel load, structure, and physical and chemical
properties affect fire ignition probability, spreading rate, fire emissions and the potential fire
severity and extent (Chuvieco et al. 2020, Stavros et al. 2018; Figure 1). With the information
of fuel amount, type, condition and distribution, it is possible to prescribe low-severity burns,
model fire behavior and predict fire risk (Gale et al. 2021 ).

Earth observation satellite systems come into play to help managers in the task of managing
fuels in large areas. Field analysis can be upscaled from local to continental/global regions and
improve the understanding of the fire-vegetation interactions (Yebra et al. 2019, Gale et al.

2021, Zhu et al. 2021). This is achieved by relating fuel measures to remote-sensing products.

There are now over 50 years of consistent space-based Earth observations (see Wulder et
al., 2022) and freely available data from more than 48 sensors that can be used for mapping
fuels and managing *fire (Ustin et al. 2021 ). We might, nevertheless, be entering on a new phase
of co-occurrence of Earth observation in finer spatial, spectral and temporal scales thanks to the
advances on space technology and sensors, It is expected that many theoretical and technical
issues related to fuel mapping can benefit from the different characteristics of these spaceborne

sensors.

Here we assess the importance and challenges of fuel load mapping in large scales and
present a set of the new generation of spaceborne sensors that can help in this task. The focus
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was given to sensors with freely available data launched in the ast 6 years (2017 - 2022) and
spatial resolution of at least 70 m to enable upscaling from field plots.

2. Challenges in large-scale fuel mapping

Extensive field campaigns for fuel characterization are conducted to quantify fuel
characteristics and help fire managers. Important characteristics to account for are the fuel load
(section 2.1.), fuel moisture content (2.2.), live-dead fuel ratio (2.3.), continuity (2.4.), and
diversity (2.5.) (Table 1).

Part of the role of remote sensors are reducing the amount of fuel field reconnaissance and
upscaling the analysis to large extents,potentially, at continental or global levels with
spaceborne sensors. This is possible as spaceborne sensors measurements and products can be
related to different vegetation traits (Skidmore et al. 202 1) and, thus, can be used to characterize
fuels (Table 1). Different types of sensors have been used for this end but there are still
limitations and cavities to improve the outputs of fuel measurements from space.

Vegetation
fuels

~ Ecological value

* Vulnerability

Socioeconomic

_ value

Figure 1. Fire risk framework adapted from Chuvieco et al. 2014
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2.1. Fuel load
The amount of vegetation biomass available for burning — defined in wildfire science as fuel

loads — is one of the main variables related to fire risk as it is directly related to how much
energy can be released from a wildfire (van Wagtendok 2006). It is also an important variable
for calculating the potential carbon emissions derived from vegetation burning. Reducing the
amount of fuel is a common practice to avoid wildfires with high severity. One of the current
most challenging issues in quantifying fuels through remote sensing is measuring sub-canopy
and surface fuels such as understory, grasses, litter, woody debris and duff (Gale et al. 2021).
Measuring ladder fuels that occur between ground and tree canopy is also challenging for large
scales that may requires sensors with high penetration capacity through the canopy.

2.2. Fuel moisture content
Fuels availability to fire is dependent on the fuel moisture content (FMC). This variable is

usually separated into live (LFMC) and dead fuel moisture content (DFMC). While DFMC are
more related to weather conditions, LFMC is also affected by plant physiology and water
availability in the soil. The use of passive sensors is justified by the water absorption features
in the NIR and SWIR spectral regions generally centered at about 970, 1200, 1450, and 1940
nm (Knipling 1970, Yebra 2013) and by the variations in surface temperature. There are
currently large-scale LFMC products developed for constant monitoring of LFMC dynamics
using coarse resolution passive sensors such as MODIS (Yebra et al. 2018, Quan et al. 2021,
Zhu et al. 2021). Nevertheless, there are still uncertainties on FMC estimations due to the wide
range of characteristics that can affect reflectance on water absorption bands at the landscape
level such as leaf structure and pigments, vegetation structure, background reflectance and
vegetation type (Yebra et al. 2013, Yebra et al. 2018, Quan et al. 2021).

2.3. Live-dead vegetation ratio
Both fuel load and FMC may be available as live, i.e., photosynthetic vegetation (PV), or

dead, i.e., non-photosynthetic vegetation (NPV), which have different impacts on fire risk (Sun
et al. 1995). NPV have significantly lower reflectance in the NIR region of the spectra than PV
and it can also be differentiated from other classes (e.g bare soil) because of the presence of
cellulose and lignin. Unmixing the vegetation fraction covers has been one of the main
methodologies for distinguishing PV from NPV (Tian et al. 2021, Hill et al. 2022). This method

allows the determination of fractions of each vegetation class that are present in a single pixel.
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2.4. Fuel distribution
Fire spread, final fire extent and severity is highly dependent on how those fuels are

distributed in the landscape (Reszka et al. 2020). Fuels can be horizontally (e.g., through
ground, surface vegetation and thick vegetation) or vertically connected (e.g. through ladder
fuels). Both active and passive sensors are used for mapping fuel distribution on the landscape.
The vertical distribution can only be thoroughly assessed with sensors with penetration
capabilities to describe vertical structure, such as lidar and radar. Nevertheless, vegetation types
and other land cover classes can be characterized by using passive sensors, active Sensors, or

their fusion.

2.5. Fire-related species diversity traits
In a broad perspective, continuously distributed accumulated fuel load with low levels of

FMC can potentially yield high-intensity fire events. Nonetheless, other specific vegetation
diversity traits may also increase or diminish wildfire risk since species physical-chemical traits
affects vegetation flammability (Anderson 1970, Martin et al. 1994, White etal. 2010)— defined
as a combination of vegetation ignitability (how easy is to ignite the fuel), combustibility (how
intense is the combustion), consumability (how much was entirely combusted) and
sustainability (how long the fuel burns). Flammability depends on several vegetation
characteristics. For instance, woody or grass species with thicker leaves or with lower surface-
area-to-volume ratio might be harder to ignite. In addition, after a fire starts, the presence of
chemical constituents may hasten or slow fire combustion. The impacts of leaf traits may be
even more apparent for deciduous tree species where most of the canopy will become surface
fuels in a given season. The leaf decay and decomposition may also differ due to species
phenology and constituents, especially C:N and C:P relationships (Simpson et al. 201 6). Many
other traits can characterize species traits and its ecosystem function such as leaf shape, canopy
structure, bark thickness, resin concentration. Nevertheless, efficiently scaling up trait diversity
from local to global levels is an important growing study topic (Carmona et al. 20 16, Jetz et al.
2016). Leaf pigments (e.g. Chla, Chly, carotenoids) and chemical constituents (e.g., N, P) has
been mapped using imaging spectroscopy. On the other hand, structural traits (e.g. canopy
height, density and structure) are directly retrieved with active sensors, especially lidar.

3. Characteristics of novel Earth observation systems to help fuel mapping

Space technology has been developed in many countries around the world and many have
developed and launched Earth observation sensors to space (Ustin et al. 2021). The endeavors
come from governmental agencies, private companies or partnerships between both. Here we
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segment the available sensors to those that have freely available data, have a spatial resolution
of at least 70 m (corresponding to what can be used for a “field plot-level” analysis) and were
launched in the last 6 years (201 7-2022).

3.1. Passive sensors
3.1.1. Multispectral and thermal sensors

Part of the electromagnetic radiation that comes from the sun is reflected by objects in the
Earth’s surface and can be captured by a spaceborne sensor orbiting the Earth. This energy is
captured on specific wavelengths - usually from 400 to 1,000 (VNIR) or to 2,500 nm (VSWIR)
- depending on sensors’ design. Broad-band remote sensors with full width at half maximum
(FWHM) of about 100 nm (a.k.a. multispectral sensors) represent most of the available
spaceborne sensors in orbit today. Those sensors are characterized by capturing a wider range
of wavelengths in a band. The benefits come from capturing more energy per band and making
more feasible sensors with higher spatial resolution for a defined spectra region. Many of those
sensors are also able to capture thermal information from Earth’s objects, since all objects with
temperature greater than 0 K (-273.15 °C) emit thermal radiation in a range of the spectrum
called thermal infrared (TIR, ~3,000 to 14,000 nanometers) (Neinavaz et al. 2021), such as

sensors of the Landsat mission.

The ECOsystem Spaceborne Thermal Radiometer Experiment on Space Station
(ECOSTRESS) — launched in 2017 — was developed to monitor vegetation evapotranspiration
around the terrestrial globe. ECOSTRESS combination of non-sun-synchronous orbit and
Thermal Infrared Sensor (TIR) bands provides a capacity for understanding plant dynamics on
a relatively fine scale at different times of the day (Fisher et al. 2020, Xiao et al. 2021).
ECOSTRESS have 5 spectral bands covering the spectral range from 8,000 to 12,500 nm, and
have an additional band centered at 1,600 nm for geolocation and cloud detection (Figure 2).
The spatial resolution is ~38 x 69 m that is resampled to 70-m cells, Revisit time is dependent
on the International Space Station — ISS - orbit but it is expected to be about 1-5 days.
ECOSTRESS main high-level products to be used in fuel characterization are the land surface
temperature (L2), Evapotranspiration (L3), Water use Efficiency (14), and Evaporative Stress
Index (L4). In addition, there is a preliminary fire detection product under development
(ECOSTRESS, 2021). ECOSTRESS may be used to understand variations in plant water
content due to vegetation diurnal cycles that may also affect FMC, especially under drought or
stress conditions (Xiao et al. 2021, Poulos et al. 2021).
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Important achievements were also done in multispectral remote sensing of the visible and
near infrared regions of the spectrum, especially related to the increase of sensors’ temporal
resolution. In 2021, the Amazonia-1 was launched with the objective of reducing revisit time
of multispectral remote sensors and track deforestation, especially in the Amazon rainforest
(Coronel et al. 2020, Moutinho 2021). The satellite is composed by 3 wide-range cameras with
4 bands [blue, green, red and near-infrared (NIR)] and a spatial resolution of ~60 m. Amazonia-
1 has a sun-synchronous orbit and a revisit time of 5 days, which is planned to be used jointly
with other spaceborne sensors (e.g. Landsat, Sentinel and CBERS) to have images from an area
every 1-2 days.

Another great development in 2021 was the launch of Landsat-9 (L9) (Masek et al. 20205.
The Landsat program is the longest Earth observation satellite program having data available
for almost 50 years. L9 sensors (OLI-2 and TIRS-2) has similar characteristics to Landsat 8
(L8) sensors (OLI-1 and TIRS-1) with bands in the visible and near-infrared (VNIR), short-
wave infrared (SWIR) and thermal ranges of the spectrum. For instance, the spatial resolution
of panchromatic, VNIR/SWIR and TIR bands are 15 m, 30 m and 100 m, respectively.
Nonetheless, L9 has an improved version of the L8 thermal sensors, €.g., correcting for the stray
light problems and increasing lifetime. L9 also have an improved 14-bit image (it was 12-bit in
L8) and an orbit that is 8-day out of phase from L8; which means that it is possible to have
images every 8 days while L8 and L9 are in orbit together. It is expected that United States
Geological Survey (USGS) will distribute operational Level-2 (Surface reflectance and surface
temperature) data products that will be assembled into a collection that can be directly used for
science and several applications (Masek et al. 2020).

3.1.2. Imaging spectroscopy
Narrow-band imaging sensors (referred to as imaging spectroscopy or hyperspectral

sensors) captures such energy in bands of about 10 nm of resolution, which may result in
hundreds of bands, and can give detailed information on vegetation chemical and physical
constituents. In 2018 in a joint effort of the German Aecrospace Center (DLR) the DLR Earth
Sensing Imaging Spectrometer (DESIS) was launched. DESIS has 235 spectral channels from
400 to 1000 nm with a spectral sampling interval of 2.5 nm and full-width-half-maximum
(FWHM) of 3.5 nm (Figure 2). This sensor image the Earth in a 30 km swath with revisit time
varying according to position on Earth due to the non-sun synchronous ISS orbit (Alonso et al.
2019, Krutz et al. 2019). The Italian Space Agency also funded a hyperspectral satellite mission
named PRecursore IperSpecttrale della Missione Applicativa (PRISMA) (Cogliati et al. 2021).
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PRISMA provide high spatial and spectral resolution images of the land surface — from about
70° N-S, and 180° W-E. It provides 241 narrow bands with the unique combination of two
sensors covering from 400 to 2,500 nm (30 m spatial resolution) with a panchromatic sensor (5
m spatial resolution) (Figure 2). PRISMA also generates scenes of 30 x 30 km similar to DESIS.
Also in 2019, in an effort by the Japanese Ministry of Economy, trade and Industry, the
Hyperspectral imager suite (HISUI) was launched. HISUI offers 185 bands covering from 400
to 2,500 nm of the electromagnetic spectrum (Matsunaga et al. 2020). The spatial resolution in
HISUI images are 30 m along track and 20 m cross track and it covers a swath of 20 km. The
EnMAP sensor (Guanter et al. 2015) launched in 2022 samples the electromagnetic spectra in
242 bands. The system’s orbit yields a revisit time of 27 days near nadir (~5 °) and up to 4 days
off-nadir (~30°).
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Figure 3. New generation of spaceborne passive sensors sampling characteristics featuring
PRISMA, HISUI, DESIS, Landsat-9 (L9), Amazonia-1 and ECOSTRESS. List of leaf and
canopy characteristics depict potential variables to be mapped using visible to thermal infrared

data from these sensors. *LLAI - leaf area index.
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3.2. Active sensors
Active remote sensors can penetrate through forest canopies delivering 3D information of

the vegetation. Light Detection and Ranging (lidar) has been the main sensor type for obtaining
such data due its high penetration capabilities. In 2018, the spaceborne lidar mission Ice, Cloud
and Land Elevation Satellite-2 (IceSat-2) was launched to collect data over the globe with the
main objective of measuring and monitoring ice sheets changes and their related applications
(Neumann et al. 2019). However, its characteristics and global coverage allowed other
applications such as mapping vegetation biomass (Narine et al. 2020). The ATLAS sensor on
board of IceSat-2 is a photon-counting lidar shooting 6 laser beams of green light (at 532 nm)
to the Earth surface. The beams are organized in 3 pairs about 3 km apart and with a distance
between paired beams of ~90 m (Figure 3a). Each beam illuminates an area of 13 mon Eartﬁ’s
surface (footprint) with a vertical precision of about 3 cm (Markus et al. 201 7). Later in 2018,
the first spaceborne lidar sensor designed to map Earth’s vegetation, namely GEDI (Global
Ecosystem Dynamics Investigation), was launched to the International Space Station (ISS).
GEDI has the capacity of penetrating forests with up to 99% of canopy cover ( Dubayah et al.
2020) with a nominal vertical precision of 2 cm. GEDI is a full-waveform lidar sensor shooting
NIR (~1024 nm) light beams every 60 m along track and 600 m across track (Figure 3a). Each
beam illuminates the Earth surface in a footprint of ~25 m (Figure 3c). More than 5 billion

GEDI footprint-level aboveground biomass density predictions are currently available

(Dubayah et al. 2022)
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Figure 3. IceSat-2 and GEDI footprints sampling pattern (a) and example profiles (b2 and c;)
from an orbit subset (b1 and bz). Canopy and ground returns are identified in GEDI full-
waveforms (c3) and on IceSat-2 point cloud classification (b and b3). Profiles were adapted

from Narine et al. 2020 and GEDI L2A processing tutorial (available at:
https:fz’lgdaac.usgs‘gow‘resourcesfe—leaming,{getting-started-gedi—l?.a-data-pvthon/)

3.3. Looking forward
Although not yet launched, it is worth mentioning about radar sensors under development

that should be available in the next two years. Radar works by emitting radio waves, i.e., with
wavelengths of about 0.75 to 100 cm tracking the strength and time delay of the returned signal
that may vary depending on the target characteristics. Radar sensors are usually antennas built
to work using synthetic aperture techniques — referred to as synthetic aperture radar (SAR) —
that allows the generation of images with finer spatial resolution (Meyer, 2019). The spaceborne
SAR sensor BIOMASS was developed by the European Space Agency (ES A) with the
objective of mapping Earth’s aboveground biomass (Quegan et al. 2019). It is the first sensor
built to emit P-band (435 MHz) wavelengths, which have high penetration capability in dense
canopies and sensitivity to aboveground biomass. In addition, its operating characteristics will
allow the application of SAR tomography techniques from space for the first time. It is expected
that aboveground biomass, forest height and forest disturbance products to be delivered a spatial
resolution of ~200 x 200 m for the first two products and ~50 x 50 m for third. Furthermore, a
spaceborne SAR sensor using L (~24 cm) and S (~10 cm) radar bands named NISAR is being
developed through a collaboration between NASA and ISRO (Kellog et al. 2020).
Aboveground biomass and disturbance products will also be delivered with a spatial resolution
of ~100 x 100 m. Both BIOMASS and NISAR have expected launch in 2023,

4. Final considerations
Fuel characterization is essential to efficiently manage fire and the new generation of

spaceborne sensors can be used for this task. Structural variables and fuel load in different layers
can be obtained due to the penetration capacity of spaceborne lidar and radar sensors.
Furthermore, the narrow-band characteristics of imaging spectroscopy sensors are suitable for
improving moisture and diversity traits measurements, in addition to the thermal sensors ability
to estimate plot-to-ecosystem level fuel moisture. Data integration with multispectral sensors
with higher temporal resolution may give the opportunity to scale up the fuel characteristics in
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space and time and understand their variation due to subtle climatic, anthropogenic changes.
Ultimately, sensor’s integration is key for efficiently characterizing fuels (Table 1). It is
noteworthy that several global-scale missions are planned for the next decade such as ESA’s
BIOMASS (radar) and CHIME (hyperspectral), NASA’s NISAR (radar) and SBG
(hyperspectral) providing a new set of active and passive sensor’s data with similar spatial
resolution and high temporal resolution. Together, they can boost fuel mapping and monitoring

applications in the next decades constituting the basis for a new era of fuel monitoring from

space.
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Final remarks

Cerrado is the most biodiverse tropical savanna in the world and evolved in the presence
of fire. However, anthropic activities have changed landscape and fire regimes which can
threaten the stability of this biome. Characterizing vegetation fuels is one of the main tasks to
develop efficient integrated fire management approaches necessary to preserve fire regimes and
the functionality of Cerrado and other fire-prone ecosystems across the world. This dissertation
supports the use of remote sensors as a way to characterize fuels. This is boosted by the recent
launch of spaceborne remote sensors with unprecedented characteristics that allows large-séale
fuel characterization.

The potential of spectroscopy to obtain biochemical characteri stics was used to retrieve
fuel moisture content (FMC). The differences observed in the spectral response of the range of
fuel moisture classes were summarized into vegetation indices that are a straightforward
dimensionality reduction method and less influenced by sensor-specific noise. Furthermore, the
results supported the importance of FMC prediction using variables related to several plant
traits other than water as for i) the close opposite relationship between FMC and leaf dry matter,
ii) effects of water reduction in plant physiology and in biochemical constituents. Species-
specific models could potentially improve models’ performance as specific leaf structure,
morphology and biochemistry could also impact leaf spectral response.

In addition, the potential of obtaining fuel load for several vegetation layers was
demonstrated using spaceborne full-waveform lidar data from GEDI. This includes surface
layers that are often kept aside for spaceborne-based fuel load characterization. The results
support the use of lidar data for obtaining structural-related vegetation characteristics. Lower
stratum components - such as herbaceous and litter layers — were harder to retrieve.
Nonetheless, indirectly relationships with the waveform metrics helped to explain part of the

variability of these fuels in the different Cerrado vegetation formations. This is important
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mainly because those are crucial fuel components that are often put aside in fuel models using
spaceborne data.

The results are encouraging for large-scale fuel characterization in Cerrado or other fire-
prone ecosystems. The models and frameworks developed here can help on the upscaling of
fuel characteristics to support fire management. Ultimately, data integration from different
missions will be necessary for both i) developing wall-to-wall maps with finer spatial
resolutions, ii) balancing sensors’ specific limitations, iii) deriving multiple fuel load properties
that are important to fire risk. Incorporating the developed frameworks with the opponuni'ties
arising from the new generation of spaceborne remote sensors can become assets for fire
managers to prevent fire negative effects on vegetation ecosystems and society especially by

preserving sites-specific natural fire regimes.
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