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Emerging multiscale and 3D remote sensing systems
for improved estimation of fuels in Mediterranean forests

ABSTRACT

Forests constitute one of the most valuable ecosystems on Earth, functioning as
major carbon reservoirs, habitats for a vast array of biodiversity, and providers
of essential services for human populations. These ecosystems are, however,
susceptible to a range of natural and anthropogenic disturbances, which can lead
to significant degradation when they occur with high frequency. Among these
disturbances, wildfires are particularly impactful, especially in Mediterranean
environments where climatic conditions, vegetation types, and cultural practices
related to fire exacerbate the risk of fire. A critical component of wildfire
prevention is the accurate identification of forest fuels, as this enables a better
understanding of the potential trajectory and velocity of fire spread within a
forest stand. Remote sensing technologies have demonstrated considerable
utility in the identification of forest fuels. However, there is a pressing need for
further research to explore the capabilities of emerging remote sensing systems,
alongside advancements in their processing and analytical tools, to enhance fuel
identification. This is particularly crucial in the context of escalating challenges
posed by climate change.

The present PhD Thesis investigates the potential of novel remote sensing
systems across various spatial scales, with the objective of evaluating their
capabilities in improving the identification of fuel types, as defined by the
Prometheus classification, in Mediterranean forest environments. This research
has assessed four remote sensing systems with the ability of generating three-
dimensional information: The NASA's Global Ecosystem Dynamics
Investigation (GEDI) Satellite Laser Scanner system, optical (eBee Classic) and
LiDAR (DJI Matrice 300 RTK + DJI Zenmuse L1) Unmanned Aerial Vehicles
(UAVs), and GeoSLAM ZEB-Horizon Handheld Mobile Laser Scanner (HMLS)
system. Additionally, the potential of integrating three-dimensional data with
optical imagery obtained from both satellite and UAV platforms, as well as the
synergistic use of three-dimensional data from different systems, has been
examined. Data processing has facilitated the derivation of variables related to
the structural, textural, spectral, volumetric, and diversity characteristics of
forest vegetation. These variables have served as independent predictors for the
final identification of fuel types, which has been conducted using two
techniques: machine learning classification models —specifically, Random
Forest (RF) and Support Vector Machine with linear (SVM-L) and radial (SVM-
R) kernels— and the quantification of vegetation volume at very high spatial
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resolution to delineate the vertical distribution of fuels for the different
Prometheus fuel types.

The findings of this research show that the UAV-LIDAR system is particularly
effective to classify and map the Prometheus fuel types. Moreover, the
integration of UAV-LIDAR and HMLS data has yielded the highest
classification accuracies for the Prometheus fuel types. The study has also
observed favorable outcomes when variables derived from laser and
photogrammetric systems are combined with optical imagery. In particular,
GEDI has demonstrated significant capabilities in fuel type classification when
its data have been integrated with vegetation indices derived from Landsat-8 OLI
multispectral imagery. Similarly, the optical UAV system has produced the best
results in fuel type classification when its three-dimensional data has been
combined with multispectral imagery from the UAV itself, although with
slightly lower accuracies compared to the UAV-LIDAR system. In all cases, the
fuel types were classified equally or better using RF than SVM-L and SVM-R.
Lastly, the extremely dense point cloud generated from the HMLS system has
enabled precise quantification of vegetation volume at a very high spatial
resolution. This has facilitated the accurate delineation of homogeneous
distributions for the different Prometheus fuel types in forest plots characterized
by high structural heterogeneity, where the predominant fuel type may otherwise
be difficult to discern. While satellite data provide a comprehensive overview of
fuel distribution over large areas, UAVs enable fuel estimation at more local
scales with a very high level of detail. Their data could serve as ground-truth for
expanding results across larger areas using ALS systems, which operate at a
more effective scale for forest fuel management. Lastly, the potential of HMLS
systems would lie in their highly accurate data for enhancing ground-truth,
which would serve to improve fuel estimation using other remote sensing
systems.
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RESUMEN

Los bosques constituyen uno de los ecosistemas mas valiosos de la Tierra, ya
gue son los principales reservorios de carbono, hogar de una gran biodiversidad
y fuente de servicios para las sociedades humanas. Estos espacios se encuentran
expuestos a numerosas perturbaciones naturales y antropogénicas que pueden
producir deterioros en el ecosistema cuando su recurrencia es elevada. Los
incendios forestales son una de las perturbaciones mas importantes de los
ecosistemas forestales, especialmente en los ambientes mediterraneos debido a
las caracteristicas del clima, la vegetacion y la cultura del fuego. Una de las
principales tareas para prevenir los incendios forestales es la identificacion de
los combustibles forestales, pues permiten conocer la trayectoria y velocidad de
propagacion del fuego en una masa forestal. La teledeteccion ha demostrado ser
una herramienta de gran utilidad para identificar combustibles forestales. Sin
embargo, es necesario seguir investigando en las capacidades de los nuevos
sistemas de teledeteccion y de sus herramientas de procesado y analisis para
mejorar la identificacion de los combustibles forestales con el fin de establecer
mecanismos mas eficientes de prevencion de incendios forestales, especialmente
en el contexto de los actuales retos que plantea el cambio climético.

Esta tesis evalUa nuevos sistemas de teledeteccion a varias escalas espaciales con
el objetivo de conocer sus capacidades para la mejora en la identificacion de
tipos de combustible, segun la clasificacion Prometheus, en ambientes forestales
mediterraneos. Para ello, se han evaluado cuatro sistemas de teledeteccion con
capacidad para generar informacion tridimensional: el sistema laser satelital
Global Ecosystem Dynamics Investigation (GEDI) de la NASA, los vehiculos
aéreos no tripulados (UAVs) optico (eBee Classic) y LIDAR (DJI Matrice 300
RTK + DJI Zenmuse L1), y el sistema laser escaner portatil (HMLS) GeoSLAM
ZEB-Horizon. Ademas, se ha examinado el potencial de integracion de los datos
tridimensionales con imagenes dpticas obtenidas tanto desde satélite como desde
plataforma UAV, asi como el uso sinérgico de datos tridimensionales
procedentes de diferentes sistemas. El procesado de los datos ha facilitado la
obtencion de variables relacionadas con las caracteristicas estructurales,
texturales, espectrales, volumétricas y de diversidad de la vegetacion forestal.
Estas variables han servido como predictoras independientes para la
identificacion final de los tipos de combustible, que se ha realizado mediante dos
técnicas: modelos de clasificacion machine learning —en concreto, Random
Forest (RF) y Support Vector Machine de kernel lineal (SVM-L) y radial (SVM-
R)-y a partir de la cuantificacion a muy alta resolucién espacial del volumen de
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la vegetacion para la definicidn de la distribucion vertical del combustible para
los distintos tipos Prometheus.

Los resultados de la investigacion muestran que el sistema UAV-LIDAR es
particularmente eficaz para clasificar y cartografiar los tipos de combustible
Prometheus. Ademas, la integracion de los datos UAV-LIDAR y HMLS ha
proporcionado las mayores precisiones de clasificacion de los tipos de
combustible Prometheus. Se han observado asimismo buenos resultados cuando
los datos procedentes de los sistemas laser y fotogramétricos han sido integrados
con iméagenes opticas. En particular, GEDI ha demostrado buenas capacidades
en la clasificacion de los tipos de combustible cuando sus datos se han integrado
con indices de vegetacion derivados de imagenes multiespectrales de Landsat-8
OLI. Del mismo modo, el UAV fotogramétrico ha producido los mejores
resultados en la clasificacion de los tipos de combustible cuando sus datos
tridimensionales se han combinado con imagenes multiespectrales del propio
UAV, aunque con precisiones ligeramente inferiores en comparacion con el
sistema UAV-LIDAR. En todos los casos, los tipos de combustible se
clasificaron igual o mejor usando RF que SVM-L y SVM-R. Finalmente, la
extrema densidad de la nube de puntos derivada del sistema HMLS ha permitido
cuantificar de manera precisa el volumen de la vegetacion a muy alta resolucién
espacial y definir distribuciones homogéneas para los distintos tipos de
combustible Prometheus en parcelas forestales de alta heterogeneidad
estructural, donde el tipo de combustible predominante puede ser dificil de
distinguir. Mientras que los datos obtenidos por satélite proporcionan una vision
general de la distribucion del combustible en grandes areas, los UAVS permiten
estimar el combustible a escalas méas locales con un nivel de detalle muy elevado.
Sus datos podrian servir de verdad-terreno para ampliar los resultados a zonas
mas extensas utilizando sistemas ALS, que operan a una escala mas eficaz para
la gestion de los combustibles forestales. Por altimo, el potencial de los sistemas
HMLS residiria en sus datos altamente precisos para perfeccionar la verdad-
terreno, lo que serviria para mejorar la estimacion de los combustibles utilizando
otros sistemas de teledeteccion.
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Background and research justification

1.1. WILDFIRES IN MEDITERRANEAN ECOSYSTEMS

Forest ecosystems cover 31% of the total surface area of planet Earth, which in
absolute terms represents 4.06 billion hectares (FAO and UNEP, 2020). These
areas play a pivotal role in the environment, serving as carbon sinks and havens
for biodiversity. Forests also supply essential resources to human societies, such
as timber and fuel, contribute to rural development, and offer recreational and
leisure opportunities. These valuable ecosystems have been subjected to natural
and anthropogenic disturbances throughout the history, but several recent
processes are exerting greater pressure on them. Since 1990, about 420 million
hectares of forests have been lost, primarily due to the change in land use, and
more than 100 million hectares of forests have been affected by wildfires,
diseases and other adverse events (FAO and UNEP, 2020).

Wildfires are one of the main disturbances of forest ecosystems. They constitute
a primary process that is part of the natural dynamic of forests. Fire is the main
source of forest regeneration, influences vegetation composition and structure,
clears soils of undergrowth and dead matter, and facilitates the natural recycling
of essential nutrients. However, when become recurrent, fire can cause
devastating effects on forest ecosystems. In this sense, Rowell and Moore (2000)
described fire as a paradox, as it can produce extensive ecological damages while
simultaneously serves as a means of recycling and regenerating ecosystems.
Wildfires can occur either because of natural or anthropogenic causes, albeit
human activities represent the predominant ignition source in forests (San-
Miguel-Ayanz et al., 2023). Furthermore, anthropogenic factors are contributing
to the increase in the intensity and frequency of wildfires in last decades, such
as land use changes (Ascoli et al., 2021; Braun et al., 2021a) or inadequate
reforestation policies (Pefiuelas and Sardans, 2021; Papatheodorou et al., 2023).
In addition, processes derived from climate change, such as the increase in
extreme temperatures, convective storms, and periods of drought, can further
amplify the risk of wildfires and intensify their adverse effects on ecosystems
(Dupuy et al., 2020; Jones et al., 2020; Abram et al., 2021; Pausas and Keeley,
2021).

Fire is a global issue as it affects almost all ecosystems (Chuvieco, 2009). The
Mediterranean Basin represents one of the most fire-prone regions in the world,
with about 90% of the total burned area in Europe (Pyne, 2009). It includes more
than 25 million hectares of forests, about 10% of its total land cover (FAO and
Plan Bleu, 2018). Mediterranean-type vegetation is determined by the fire
regime and many species exhibit adaptations to fire. For instance, certain species
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demonstrate passive resistance to wildfires, enabling survival during fire events,
like cork oaks (Quercus suber L.). Other species possess the ability to rapidly
resprout post-fire, such as holm oaks (Quercus ilex L.), Portuguese oaks
(Quercus faginea Lam.), and junipers (Juniperus oxycedrus L.), while some
others are able to disperse seeds capable of withstanding fire for subsequent
germination, such as rosemary (Rosmarinus officinalis L.) and the majority of
pines (e.g., Pinus halepensis Mill., Pinus nigra L., Pinus pinaster Aiton). The
frequent occurrence of wildfires in the Mediterranean region is intricately tied to
the prevalent climatic conditions. The equinoctial rainfall regime, particularly
during spring, favors the growth of forest vegetation, which becomes susceptible
to combustion when high temperatures and drought occur in the summer season.
Furthermore, fire has been a valuable traditional resource for many
Mediterranean societies to remove stubble or dead matter and to fertilize soil
nutrients, which implies an additional risk of wildfires. In last decades the burned
area and the number of fires has decreased in the Mediterranean Basin overall
(Turco et al., 2016), probably due to improved forest management strategies
supported by new technologies (Ruffault and Mouillot, 2015; Fréjaville and
Curt, 2017). However, the size and severity of wildfires are expected to increase
in the future, particularly in Mediterranean environments (Gonzalez de Vega et
al., 2016). Mediterranean climate shows trends towards greater aridity (Sillmann
et al., 2013; MedECC, 2020) and increasingly high average temperatures
(MedECC, 2020; Pastor et al., 2020) together with a more unpredictable rainfall
regime, which makes this region one of the most vulnerable by climate change
(MedECC, 2020; Ruffault et al.,, 2020). Additionally, progressive land
abandonment may favor, more significantly than climate, the growth of wild
vegetation and the emergence of new forests (Améztegui et al., 2010) producing
an alteration of the fire regime as continuity of forest fuel may increase
facilitating fire spread (Pausas and Fernandez-Mufioz, 2012; MedECC, 2020).
In this context, it is necessary to continue improving fire management in
Mediterranean forests to minimize the adverse effects of wildfires on the
territory.

Forest fire management involves actions taken both pre- and post-fire. Before
fire occurrence, forecasting plans enable the assessment of fire risk in a given
area, the identification of ignition sources, and the prediction of fire spread and
intensity. Prevention plans include structural actions to reduce fire risk and
vulnerability, such as thinning and periodic clearing, as well as non-structural
actions like environmental education. On the other hand, after a fire event it is
essential to assess its impact on ecosystems, evaluate the resilience of the
affected plant communities, and understand the factors that govern post-fire
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recovery (Rodrigues et al., 2024). One of the most critical components of fire
management forecasting is the identification of forest fuels, as they provide
insight into fire behavior in a forest mass. They are part of the so-called "fire
triangle", together with the heat source and oxygen, but it is the only one that
can be managed (Johnson and Peterson, 2005; Xanthopoulos et al., 2006;
Stephens et al., 2009; Stephens et al., 2012; Ascoli et al., 2022). Forest fuels
encompass all living or dead matter (e.g., branches, leaves, grasses, firewood,
small shrubs) present in a forest that is available for combustion in case of fire.
They are distributed across all stratum of the forest: on the ground (organic
matter, roots), the lower surfaces (grass, shrubs, stumps), and the aerial part
(trunks, branches, and crowns). There are several factors that can affect the
flammability of fuels, such as humidity or the type of plant matter. The lower
the moisture content, the more readily forest fuels will ignite and the faster the
fire will spread. In this sense, the type of fuel material will determine the amount
of moisture they can absorb. In addition, the gaps between tree canopies can have
an impact on the amount of fuel moisture, as those located in shaded areas tend
to dry more slowly than those exposed to open areas. Wildfires often start in
surface fuels, and in this case, they are of low to moderate intensity. Crown fires
reach greater intensities but are less likely to ignite. However, in forest stands
with dense fuel, there may exist vertical continuity between surface and aerial
fuels, causing a fire that started on the ground to reach the canopy. In such cases,
fire intensity could reach its peak, making fires extremely challenging to control.
Therefore, identifying the structure of forest fuels is a crucial first step towards
improving fire management, particularly in Mediterranean ecosystems, which
are seriously impacted by recurrent wildfires.

1.2. FOREST FUEL CLASSIFICATION SYSTEMS

The complex spatial distribution and the wide range of physical characteristics
of forest fuels present significant challenges for accurate fuel quantification
(Abdollahi and Yebra, 2023). To synthesize this complexity, several fuel
classification systems have been developed over the past decades. They consider
the most relevant features for estimating fire risk, categorizing fuels into types
based on distinctive elements, shapes, sizes, and continuity, which exhibit
similar behavior in the presence of fire (Merril and Alexander, 1987).

Table 1.1 summarizes the main fuel classification systems developed until date.
One of the first widely used globally is the Rothermel's fire spread model
(Rothermel, 1972). This model is based on heat balance concepts from Frandsen
(1971), experiments with artificial fuel beds (Rothermel and Anderson, 1966),
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and the fuel types developed by McArthur in Australia (McArthur, 1967). The
Rothermel model is divided into 11 fuel types that synthesize a broad portion of
forests, shrublands, and grasslands of the temperate areas of North America. It
served as the basis for the development of the United States' National Fire
Danger Rating System (NFDRS) (Deeming et al., 1972; Deeming et al., 1977),
a seasonal weather system that, in combination with satellite imagery, allow
deriving 20 fuel types (Arroyo et al., 2008; Abdollahi and Yebra, 2023). In
addition, Albini (1976) adapted Rothermel's model to develop the Northern
Forest Fire Laboratory (NFFL) fuel classification, including 13 fuel types and
giving managers the option to develop their own fuel types (Arroyo et al., 2008).
Furthermore, the Canadian Forest Fire Behavior Prediction System (FBP)
provides estimates of fire behavior organized into five major vegetation groups
discretized in 16 fuel types (Taylor et al., 1996). In Europe, the Prometheus fuel
classification system (Prometheus, 1999) was created with the aim to be better
adapted to fuels found in Mediterranean forests (Arroyo et al., 2008). It is an
adaptation of the NFFL classification and comprises 7 fuel types grouped in
three major vegetation classes. At the beginning of the 21% century, the Fuel
Characteristics Classification System (FCCS) was developed in the United
States to create fuel beds and classify them for their capacity to support fire and
consume fuel (Sandberg et al., 2001; Ottmar et al., 2007). It uses a total of 216
fuel beds that represent the major vegetation types of the United States although
the conceptual framework can be applicable worldwide (Ottmar et al., 2007).
Finally, Scott and Burgan (2005) developed the Standard Fire Behavior Fuel
Models (SFBFMs), which encompasses 45 fuel types, of which five are non-
combustible. The SFBFMs system was designed to represent fuel characteristics,
considering factors such as fuel load, fuel particle size, and moisture content
(Carbone et al., 2023).

Although the objective of fuel classification systems is to facilitate the
estimation, quantification, and mapping of forest fuels by synthesizing their high
structural heterogeneity, certain limitations exist as described by Arroyo et al.
(2008). For instance, fuel classifications have a strong dependence on specific
environments, so it turns challenging when using them in other locations
(Fogarty et al., 1998). Furthermore, difficulties arise in the classification of fuel
types due to their complex structure and variability in physical attributes, making
it sometimes difficult to assign a specific fuel type. Also, fuel classification
systems are not useful for predicting fire effects, which are dependent on other
factors. Finally, the spatial and temporal variability of fuels make them very
difficult to estimate and map for effective fire management.
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Table 1.1. The main fuel type classification systems.

Fuel classification system Fuel Country References
types
McArthur-s grassland fire 2 Australia McArthur (1967)
danger rating system
Rothermel's fire spread model | 11 | USA Rothermel (1972)
NFDRS 20 | USA Deeming et al. (1972)
NFFL 13 | USA Albini (1976)
FBP 16 | Canada Taylor et al. (1996)
Prometheus 7 Ié/ledlterranean Prometheus (1999)
urope
Sandberg et al. (2001),
FCCS 216 | USA Ottmar et al. (2007)
SFBFMs 45 | USA Scott and Burgan (2005)

Indeed, estimating forest fuels is not straightforward. However, technological
advancements in recent decades can help overcome these limitations, especially
with the continued development of the Earth observation systems supported by
remote sensing and geographic information systems. In this context, the
increasing number of instruments available for earth observation, the higher
resolutions achievable by remote sensing sensors, the enhanced data processing
capacity, the improved accessibility to processing tools, and the integration
possibilities between different platforms and sensors may significantly enhance
the identification of forest fuels. This may lead to more efficient forest fire
management, especially in fire-prone regions like Mediterranean.

1.3. THE ROLE OF REMOTE SENSING IN FOREST FUEL
MANAGEMENT

Remote sensing is a fundamental tool for the systematic monitoring of forests,
the estimation of structural parameters of forest vegetation, and the mapping of
a wide range of forest variables (Lechner et al., 2020). Moreover, it has enabled
the identification and mapping of forest fuels with greater success than
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traditional fieldwork methods (Abdollahi and Yebra, 2023). Much of the success
of remote sensing, not only in forest ecosystems but also in other environments,
relies on the free and open access to remote sensing data, which provides
information across a wide range of spatial resolutions and spatiotemporal scales
(Lechner et al., 2020). Additionally, continuous technological advancements in
remote sensing facilitate the improvement of the assessment and monitoring of
forest ecosystems at different scales (Calders et al., 2020a). Remote sensing can
utilize both passive and active sensors. Passive sensors collect information
across various regions of the electromagnetic spectrum, beyond just the visible
light, providing valuable insights for studying forest and wildfires (Chuvieco,
2008). Active sensors include two technologies: LIDAR (Light Detection and
Ranging) and radar (Radio Detection and Ranging), specifically SAR (Synthetic
Aperture Radar) systems. They differ from passive sensors in their ability to
emit their own energy rather than depending on energy reflected by another
agent (i.e., the Sun). SAR systems emit microwave beams, while LIDAR sensors
emit optical light beams, usually in the visible and infrared spectral regions of
the electromagnetic spectrum. Both systems operate by measuring the distance
between the emission of a microwave/laser pulse and its return to the sensor after
being reflected by elements of the surface. This capability enables three-
dimensional modelling of objects and terrain.

Early methods of forest fuel identification through remote sensing began in the
late 1970s and 1980s using Landsat-MSS optical imagery (e.g., Cosentino, 1977;
Kourtz, 1977; Rabii, 1979; Benson et al., 1982; Burgan and Shasby, 1984; Miller
and Johnston, 1985). Landsat TM and SPOT (Satellite Pour I'Observation de la
Terre) optical data were also used to identify fuels in late 1980s and during 1990s
(e.g., Chuvieco and Congalton, 1989; Cohen, 1989; Chuvieco and Salas, 1996).
In the 1980s, the potential of LIDAR technology for forestry applications began
to emerge, such as for estimating forest canopy (Nelson et al., 1984), height and
density of forest stands (Aldred and Bonnor, 1985), gross-merchantable timber
volume (Maclean and Krabill, 1986), or volume and biomass of forests (Nelson
et al., 1987). Forestry research utilizing LIDAR systems became well-
established in the 1990s (e.g., Nilsson et al., 1996; Nesset, 1997; Nelson et al.,
1997; Lefsky et al., 1998; Lefsky et al., 1999), when technology, computing
processes and software experienced substantial progress. At the beginning of 21%
century, the potential of LIDAR data for identifying forest fuels began to be
recognized (e.g., Seielstad, 2003; Andersen et al., 2005; Peterson, 2005).
Nowadays, LIDAR systems are on the most widely used remote sensing
technologies for forest structure and forest fuel estimation (Wulder et al., 2008;
Hudak et al., 2016; Beland et al., 2019; Xu et al., 2021).
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LiDAR sensors are usually classified into two main groups according to the way
they store distances: full-waveform and discrete-return systems (Figure 1.1).
Full-waveform systems consist of the emission of a complete laser signal or
backscattered full-continuous waveform, in which different peaks or energy
returns are generated by the interaction of the waveform with the surface
elements (Hermosilla et al., 2014). These systems have the capability to provide
a precise and detailed depiction of vegetation structure (Bretar et al., 2008),
although some challenges arise regarding the availability of tools capable of
processing the complex and extensive information they generate (Ruiz et al.,
2018). Discrete-return LIDAR systems does not record the full waveform but the
points where the laser interacts with surface elements or with the terrain,
resulting in a three-dimensional point cloud that reproduces the elements
reflected by the laser in the X, y, and z coordinates. Of particular interest is the
ability of discrete-return LIDAR systems to penetrate through the forest canopy,
reaching down to lower strata and even the ground. In addition, LIiDAR discrete
pulses can be multi-registered; i.e., after interacting with some part of the
vegetation, part of the pulse beam returns to the sensor while another part
continues its journey to return later after several interactions, normally a
maximum of 3 to 5 returns per pulse in Earth observation applications. These
dual capabilities allow for a complete three-dimensional characterization of
forest structure, making discrete-return LIDAR systems a highly valuable tools
for forestry applications. Furthermore, the integration of LIDAR data with
information provided by other remote sensing systems, primarily optical,
enables the enhancement of the estimation of forest fuels. Some examples
include the combination of LIDAR data with multispectral indices from satellite
imagery (Marino et al., 2016; Adhikari et al., 2020; Domingo et al., 2020;
Crespo-Calvo et al., 2023), hyperspectral imaging from planes (Romero-
Ramirez et al., 2018), and satellite SAR systems (Kumar et al., 2018) together
with optical imagery (Mulatu et al., 2019; Mihajlovski et al., 2023).

LIiDAR systems can be attached to four main remote sensing platforms:
satellites, planes, unmanned aerial vehicles, and ground-based. Furthermore, as
will be explained later, unmanned aerial vehicles enable obtaining results
comparable to LiDAR using optical sensors.
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Figure 1.1. Two types of store distances from LiDAR sensors: full-waveform (left) and
discrete-return (right) LIDAR systems.

1.3.1. Satellite Laser Scanners

Satellite Laser Scanners (SLS) provide information systematically on a global
scale at medium-high spatial resolution. Data are registered in discrete circular
footprints spaced several meters apart due to the considerable distance between
the sensor and the Earth's surface, resulting in data gaps due to the lack of spatial
continuity. They are less common than other LIDAR platforms but currently two
SLS systems are operational: The Global Ecosystem Dynamics Investigation
(GEDI) on board the International Space Station (ISS) and the Advanced
Topographic Laser Altimeter System (ATLAS) attached to the ICESat-2
satellite. Both systems were launched by NASA on 2018. GEDI utilizes full
waveform system to record information and is specifically designed for analysis
in forest ecosystems (Dubayah et al., 2020). Numerous forestry studies have
utilized GEDI data, primarily focusing on the estimation of vegetation structural
parameters (e.g., Dhargay et al., 2022; Marselis et al., 2022; Wang et al., 2024)
and forest biomass (e.g., Saarela et al., 2018; Qi et al., 2019; Duncanson et al.,
2022), albeit it also shows promising capabilities for identifying forest fuels
(Leite et al., 2022; Myroniuk et al., 2023). ICESat-2/ATLAS system operates
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with a photon-counting sensor and can be used for forestry applications although
its primary objective is the study of ice masses and glaciers on a global scale. A
few studies have employed ICESat-2/ATLAS to estimate structural attributes of
vegetation (e.g., Narine et al., 2019; Neuenschwander et al., 2020; Nandy et al.,
2021), but to date, it does not appear applicable for fuel identification. In the
past, the Geoscience Laser Altimeter System (ICESat/GLAS), in operation
between 2003 and 2009, constituted the first SLS system with global coverage.
GLAS demonstrated capabilities to analyze wildfire effects (Ranson et al., 2004)
and identify forest fuels (Ashworth et al., 2010; Garcia et al., 2012; Peterson et
al., 2013). In the near future, the currently under development NASA's EDGE
(Earth Dynamics Geodetic Explorer) SLS system will complement data
obtained from GEDI and ICESat-2/ATLAS. EDGE will focus on analyzing
terrestrial ecosystems, ice masses and glaciers. Among the primary objectives
related to terrestrial ecosystems include the quantification of forest structure and
aboveground biomass changes due to natural and human-induces disturbances,
the assessment of forest structure and its relationship with habitats and
biodiversity, and the measure of carbon fluxes from woody vegetation and their
potential sequestration in response to climate change.

1.3.2. Airborne Laser Scanners

Airborne Laser Scanners (ALS) operate on smaller scales than SLS, albeit data
are registered with a higher spatial resolution. This makes them particularly well-
suited for forest fuel management at local and regional scales. ALS consist of
two main components: the laser sensor, which captures the data and is attached
to the platform, and the navigation system, which includes the Global Navigation
Satellite System (GNSS) and the Inertial Measurement Unit (IMU). The laser
system continuously sends pulses towards the surface as the aircraft flies over
the study area. Some ALS operate in full waveform (Means et al., 1999; Hofle
et al., 2008; Hollaus et al., 2013; Crespo-Peremarch et al., 2018) but the
predominant method of scanning is discrete-return systems. GNSS provides the
geopositioning of the aircraft while the IMU enables its precise movement,
allowing three-dimensional georeferenced data. The support of ground GNSS
stations serves to improve the precision of the aircraft's GNSS and ensure that
data is georeferenced with sub-meter accuracies (Vosselman and Maas, 2010).
ALS provide great capabilities on the study of wildfires (Magnussen and
Waulder, 2012; Gajardo et al., 2013; Klauberg et al., 2019) and forest fuels
(Marino et al., 2016; Garcia-Cimarras et al., 2021; Labenski et al., 2023). Some
countries have national-scale non-commercial ALS dataset which are freely
accessible to users, such as Spain (PNOA: https://pnoa.ign.es/), Finland (MML.:
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https://maanmittauslaitos.fi/), the Netherlands (AHN: https://ahn.nl/), or Estonia
(Maa-Amet: https://geoportaal.maaamet.ee/). Nationwide LIDAR datasets
typically have low point density (<10 p/m?) but have proven effective for
wildfire assessments (Montealegre et al., 2014), biomass quantification
(Domingo et al., 2018), and forest fuels identification (Domingo et al., 2020).

1.3.3. Unmanned Aerial Vehicles

In the field of proximal remote sensing platforms, Unmanned Aerial Vehicles
(UAVsS), also referred to as Remotely Piloted Aircrafts (RPAs), Unmanned
Aerial Systems (UAS), Remotely Piloted Aircraft Systems (RPAS), or just
"drones”, are nowadays among the most commonly used for forestry
applications. UAVs provide information with very high spatial resolution,
although on a smaller spatial scale compared to ALS. Their functioning is similar
to ALS and involves the same main components to obtain georeferenced data
with sub-meter accuracies. The primary difference is that UAV flights are
unmanned and autonomously managed from the ground by an operator.
Additionally, because UAVSs fly at a much lower altitude than ALS, the resulting
three-dimensional point clouds are typically of higher density, providing more
detailed information on forest vegetation and fuels.

Studies involving UAVs in forest ecosystems began in the early 21% century
(Olsson et al., 2005), primary focusing on forest fire monitoring (e.g., Casbeer
et al., 2005; Ollero et al., 2006; Sujit et al., 2007). Further interest arose in the
following decade as UAV technology advanced significantly. UAVs can
generate three-dimensional point clouds not only from LIDAR systems but from
passive sensors. This is achieved through photogrammetric processes using
optical images captured by UAVs with a high degree of overlap (Figure 1.2).
Structure from Motion (SFM) is currently one of the most widely used
photogrammetric techniques among UAV image processing software. SFM is a
computer vision technique based on traditional stereo photogrammetry, which
relies on the geometry of the objects captured in multiple overlapping images
from different angular viewpoints (Snavely et al., 2008; Remondino et al., 2014;
Puliti et al., 2015). It involves extracting various features from two-dimensional
images (e.g., points or lines), estimating motion during data acquisition and
calibrating the sensor to reconstruct the three-dimensional point clouds (Ozyesil
et al., 2017). UAV photogrammetric point clouds generated from high-
resolution optical images are typically denser than those from LIiDAR. They are
considered indicated to estimate canopy height and coverage (Wallace et al.,
2016; Shin et al., 2018). However, in dense forest environments, optical UAVs
are unable to capture the vegetation beneath the canopy or the ground (White et
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al., 2016; Guerra-Hernandez et al., 2018; Salach et al., 2018; Cao et al., 2019;
Lamping et al., 2021), even with very high overlaps between photographs
(Wallace et al., 2016). This could potentially pose a challenge in estimating
shrub and herbaceous fuels. UAV-LIDAR systems offer an advantage over
optical UAVs by enabling laser pulses to penetrate through the canopy. This
capability allows for the acquisition of data across all forest strata and even the
ground (Hillman et al., 2021). UAV-LIDAR systems have been utilized to fuel
management (Rodriguez-Puerta et al., 2020) and to characterize canopy fuels
(Arkin et al., 2021). Nevertheless, the economic cost of UAV-LIDAR systems
Is usually considerably higher than that of optical UAVSs. As a result, the latter
are more accessible to users and thus can serve as an affordable alternative to
UAV-LIDAR systems (Wallace et al., 2016).

Overlapping imags

Feature extraction

Figure 1.2. Graphic scheme of the photogrammetric process using highly overlapping images
captured by optical UAVs to provide three-dimensional point clouds.
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1.3.4. Ground-based laser scanners

Ground-based laser scanner systems are typically operated from three different
platforms (Figure 1.3): static tripods (TLS: Terrestrial Laser Scanners), mobile
platforms (MLS: Mobile Laser Scanners), and handheld or portable devices
(HMLS: Handheld Mobile Laser Scanners). These systems commonly record
data using panoramic and spherical scanners, which rotates horizontally 360° and
vertically 80-90° while continuously sending out laser pulses (Vosselman and
Maas, 2010). Data acquisition methods vary depending on the type of platform
used. TLS systems require multiple acquisitions from different observation
points to ensure thorough scanning of the entire area, avoid occlusions, and
achieve accurate georeferencing of the data (Torralba et al., 2022; Vandendaele
et al., 2022). This differs from MLS and HMLS platforms, where data is
collected in motion, resulting in lower time cost (Tommaselli et al., 2014).
Moreover, the integration of SLAM (Simultaneous Localization and Mapping)
technology in MLS and HMLS platforms has improved the accuracy of object
location estimation during data acquisition. Combined with the IMU, SLAM
enables measurement of objects movement, rotation, and position change in the
three-dimensional space, this improving mapping efficiency (Chen et al., 2016).

Data recorded with ground-based systems provide extremely dense point clouds
(Crespo-Peremarch et al., 2020; Hillman et al., 2021; Wagers et al., 2021,
Prendes et al., 2022; Torralba et al., 2022) and typically operate at a local scale,
such as forest plots. Consequently, they are often used in detailed studies,
providing estimates of tree height, crown volumes, basal diameter, and wood
volume (Donager et al., 2021a; Vandendaele et al., 2022), as well as different
parameters of forest fuels, such as tree trunks (Chen et al., 2016), fuel loads
(Alonso-Rego et al., 2020), fuel biomass (Rowell et al., 2020), and the effects
of logging on forest fuel structure (Wilson et al., 2021).

14



Background and research justification

Figure 1.3. The three main platforms of ground-based laser scanner systems in forestry: TLS
(left), MLS (above-right), and HMLS (below-right).

1.4. OBJECTIVES AND HYPOTHESES

Fire is a natural element on our planet. The climatic, biogeographic, and human
characteristics of Mediterranean environments lead to a high prevalence of fire,
posing great risks to both ecosystems and human populations. Fire must be
considered an integral element to be managed within the territory, demanding
policies that anticipate, prevent, and mitigate the negative effects of wildfires.
The recurrence and intensity of fire result in the degradation of forest ecosystems
and the loss of their natural, cultural, and economic heritage. The progressive
abandonment of fields promotes natural wild reforestation, providing new fuel
for wildfires and thus increasing fire risk. Additionally, the effects of climate
change can exacerbate the risk of wildfires, making them more sever and harder
to manage.

In response to this scenario, the Ministry for the Ecological Transition and
Demographic Challenge of the Government of Spain developed the Strategic
Guidelines for the Management of Wildfires in Spain (original title:
Orientaciones Estratégicas para la Gestion de Incendios Forestales en Espafia),
which were approved by the Sectorial Environment Conference on July 28,
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2022. Its general objective is to reduce the impacts and vulnerability to the social,
economic, and environmental effects caused by wildfires in Spain. To this end,
several priority lines of action were established based on seven specific
objectives. One of these objectives is the reduction of the risk of wildfires and
the adaptation of ecosystems and societies to their occurrence, whose lines of
action aims to prevent the occurrence of fires or, at the very least, reduce their
effects. It seeks to enhance ecosystems' capacity to face wildfire risk situations
under favorable conditions, minimize the negative effects, and capitalize on the
positive aspects. One line of action of this specific objective is land management
at the meso- and macro-scale to reduce the load and continuity of forest fuels,
thereby creating landscapes where the probability of wildfires is diminished. An
additionally specific objective aims to integrate technological advancements in
the prevention, detection, organization, and suppression of wildfires. In
summary, both objectives emphasize the necessity of employing new
technologies to mitigate the risk of wildfires, with a particular focus on the
multiscale management of forest fuels in order to achieve efficient management
of wildfires.

Fuel identification facilitates the development of structural wildfire mitigation
plans. Therefore, tools and technology that have proven to be capable of
estimating accurately different attributes of forest fuels are required. Among
remote sensing systems, active LIDAR sensors enable precise estimation and
mapping of forest structure and fuels across large areas. This capability holds
whether used independently or in combination with other remote sensing data,
and utilizing either full-waveform or discrete-return systems. The ongoing
technological advancements in remote sensing underscore the importance of
studying the capabilities of new systems for improved fuel identification. In this
context, the evaluation of the potential of different novel remote sensing systems,
considering their effective working scale, spatial and temporal resolution, data
processing and analysis capacity, and overall accuracy in estimating forest fuels,
are required. This assessment helps to understand the strengths, limitation, and
potential synergies of each system for forest fuels identification, thus enabling
more efficient wildfire management.

Based on this hypothesis, the main objective of this PhD Thesis is to evaluate
novel remote sensing systems to improve forest fuel estimation in structurally
heterogeneous Mediterranean forest environments. For fuel estimation, the
Prometheus fuel classification has been utilized, as it is adapted to Mediterranean
environments and the use of remote sensing techniques (Arroyo et al., 2008).
The evaluation considers various effective scales of work for forest fuel
management in the context of the lines of action suggested in the strategic
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guidelines for the management of wildfires in Spain. To this end, three remote
sensing platforms have been analyzed: satellites, unmanned aerial vehicles, and
ground-based platforms. Specifically, the instruments evaluated have been the
GEDI SLS system, an optical UAV, a UAV-LIDAR system, and an HMLS
system. LIiDAR is the primary sensor evaluated in each of these platforms due
to their demonstrated capacity to estimate forest fuels. Additionally, the
capability of optical images, obtained from both satellite and airborne platforms
in the visible and multispectral bands, to support LIDAR sensors in improving
fuel identification is also assessed. ALS systems are not directly evaluated,;
instead, the extent of improvement resulting from their integration with data
from other remote sensing platforms is yet analyzed.

The overarching objective includes several specific objectives, each
accompanied by corresponding hypotheses, directly linked to the articles that
form the primary outcomes of the research (Table 1.2), which comprise the core
of the PhD Thesis.

a. Evaluate the performance of machine learning classification models for
classifying Prometheus fuel types. The initial hypothesis posits that machine
learning classification algorithms are effective for categorizing Prometheus
fuel types based on data obtained from different remote sensing platforms.

b. Assess the capability of SLS systems to identify fuel types independently
and in combination with optical images from satellites for improved fuel type
classification. The initial hypothesis suggests that GEDI can independently
identify fuel types. Furthermore, based on studies published during the
development of the thesis, synergies observed with optical images from
satellites are expected to enhance the classification accuracy of fuel types
when combined with GEDI data.

c. Explore the potential of integrating Digital Elevation Models (DEMSs)
generated from ALS data to normalize the heights of UAV photogrammetric
point clouds. The initial hypothesis postulates that the inability of
photogrammetric point clouds to penetrate forest canopy can be addressed
by leveraging high-resolution DEMs from ALS data, as noticed by previous
studies. This integration enables the normalization of point cloud heights,
facilitating the extraction of several forest variables.

d. Evaluate the capability of optical UAVs in identifying fuel types using
structural, textural, and multispectral variables. The initial hypothesis
proposes that three-dimensional point clouds derived from photogrammetric
techniques enable the extraction of vegetation structure and texture variables
for fuel type classification. Additionally, integrating non-structural
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vegetation data acquired with the UAV, such as multispectral indices, is
expected to enhance fuel classification accuracy.

e. Evaluate the effectiveness of HMLS systems in delineating fuel types within
structurally complex forest stands. The initial hypothesis suggests that the
very dense point cloud data are obtained from HMLS platforms enables
precise capture of fuel structural heterogeneity, which is typical in
Mediterranean forests. This capability facilitates detailed quantification of
fuel volume across various height strata (e.g., the Prometheus model height
strata) at exceptionally high resolution, thereby enabling the definition of
fuel types in forest stands where the dominant type is uncertain.

f. Assess the efficacy of UAV-LIDAR systems in classifying and mapping fuel
types and evaluate the integration of HMLS data. The initial hypothesis
proposes that UAV-LIDAR systems, by virtue of their capability to
characterize forest structure, can effectively classify fuel types and spatially
map them over larger areas. Additionally, assuming some uncertainty of
UAV-LIDAR systems in capturing understory fuels under dense forest
canopy conditions, it is anticipated that HMLS data will improve
differentiation between shrub and understory fuel types.

Finally, the evaluation of the four systems has served as a basis for a general
discussion based on a comparative analysis between these systems and other
remote sensing systems of significant interest for forest fuel estimation. The
objective of this analysis is to assess the strengths and limitations of three-
dimensional remote sensing systems at different scales for effective fuel
management, considering the real scale of forest management work. The systems
included in this analysis, but not directly evaluated within the core of this PhD
Thesis, are the emerging SLS system ICESat-2/ATLAS, which is contemporary
with GEDI, and ALS and TLS systems, due to their proven effectiveness in
estimating forest fuels.

1.5. PHD THESIS STRUCTURE

The PhD Thesis, presented in the form of a compendium of articles, is structured
as follows. Chapter 1 contextualizes the research framework of the thesis and
outlines the objectives and hypotheses. Chapter 2 describes the study area and
the materials and methods used to achieve the objectives. Chapters 3, 4, 5, and
6 comprise the research articles that form the core of the PhD Thesis, in which
GEDI SLS, optical UAV, HMLS, and UAV-LIDAR systems constitute the main
instruments assessed, respectively. Chapter 7 discusses the overall results and,
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finally, Chapter 8 presents the conclusions. Additionally, the final appendix

summarizes the metrics of the articles published as part of the thesis.

Figure 1.4 illustrates the development of the research conducted during the
thesis, including research articles presented in Chapters 3 to 6 and their
corresponding conference communications. It also includes the PhD stay at the
Sverige lantbruksuniversitet (SLU) in Umed, Sweden, which provided the
opportunity to learn techniques for the acquisition, processing, and analysis of
HMLS and UAV-LIDAR data. Additionally, Table 1.2 summarizes the
contributing research articles and the corresponding specific objectives of the
PhD Thesis listed in the previous section.

Chapter, 2020 , 2021, 2022 . 2023 i 2024
GEDI X AeT L";'pjl _
| /L Earth Obs.
3 1l Geoinf.
22z 116 (2023)
“opTIcAL [ | Remore
| ens.
- UAV (12-14 Appl. FES23
4 ; Sep, Es (3-6 Jul,
2022) Environ. 2023)
31 (2023)
(SLU stay |
e
' HMLS
Fire 7(2)
5 257324)
IIIIUAV_ XX AET Remote
6 LIDAR (E’ffgiil s 15&'113)
! un,
s 2024) (2024)

Figure 1.4. Research schedule and structure. Published articles are in bold, with the journal,
issue number, and year of publication specified. Conference communications are in regular
font, listing the name and date of the conference. The colors are grouped according to their

respective chapters in the thesis.
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Table 1.2. Summary of contributing research articles and their corresponding PhD Thesis'
specific objectives.

Publication

Specific objectives

Hoffrén, R., Lamelas, M.T., de la Riva, J.,
Domingo, D., Montealegre, A.L., Garcia-
Martin, A., and Revilla, S., 2023. Assessing
GEDI-NASA system for forest fuels
classification using machine learning
techniques. International Journal of
Applied Earth Observation and
Geoinformation 116, 103175.
https://doi.org/10.1016/j.jag.2022.103175.

a. Evaluate the performance of machine
learning classification models for
classifying Prometheus fuel types.

b. Assess the capability of SLS systems
to identify fuel types independently
and in combination with optical
images from satellites for improved
fuel type classification.

Hoffrén, R., Lamelas, M.T., and de la Riva, J.,
2023. UAV-derived photogrammetric point
clouds and multispectral indices for fuel
estimation in Mediterranean forests. Remote
Sensing Applications: Society and
Environment 31, 100997.
https://doi.org/10.1016/j.rsase.2023.100997.

a. Evaluate the performance of machine
learning classification models for
classifying Prometheus fuel types.

c. Explore the potential of integrating
Digital Elevation Models (DEMs)
generated from ALS data to normalize
the heights of UAV photogrammetric
point clouds.

d. Evaluate the capability of optical
UAVs in identifying fuel types using
structural, textural, and multispectral
variables.

Hoffrén, R., Lamelas, M.T., and de la Riva, J.,
2024. Evaluation of handheld mobile laser
scanner systems for the definition of fuel
types in structurally complex Mediterranean
forest stands. Fire 7 (2), 59,
https://doi.org/10.3390/fire7020059.

e. Evaluate the effectiveness of HMLS
systems in delineating fuel types
within structurally complex forest
stands.

Hoffrén, R., Lamelas, M.T., and de la Riva, J.,

2024. Classification and mapping of fuels in

Mediterranean forest landscapes using a
UAV-LIDAR system and integration
possibilities with handheld mobile laser
scanner systems. Remote Sensing 16 (18),
3536, https://doi.org/10.3390/rs16183536.

a. Evaluate the performance of machine
learning classification models for
classifying Prometheus fuel types.

e. Evaluate the effectiveness of HMLS
systems in delineating fuel types
within structurally complex forest
stands.

f. Assess the efficacy of UAV-LIDAR
systems in classifying and mapping
fuel types and evaluate the integration
of HMLS data.
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Materials and methods

2.1. STUDY AREA

The PhD Thesis has been developed in five forested sectors within the diverse
Mediterranean landscapes of the Autonomous Community of Aragon, in
northeastern Spain (Figure 2.1).
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Figure 2.1. Main location of the five forest sectors studied for the development of the PhD
Thesis within the Autonomous Community of Aragon, NE Spain.
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2.1.1. General overview

The Autonomous Community of Aragon encompasses an area of 47,720.30 km?,
constituting 9.40% of the Spanish territory and ranking as the fourth largest
region in the country. It comprises three provinces: Huesca, Zaragoza, and
Teruel, arranged from north to south. Aragon shares borders with France to the
north, Catalonia and VValencian Community to the east, Castile-La Mancha to the
south, and Castile and Ledn, La Rioja, and Navarre to the west. Viewed from
north to south, the topographic profile of Aragon resembles a big basin, with the
highest points situated at the northern (Pyrenees) and southern (Iberian Range)
ends, and the lowest points in the center (Ebro Valley).

At the northernmost part lie the Pyrenees, a mountain range with an Armorican
orientation formed during the Alpine orogeny, serving as the border between
Spain and France. The highest altitudes are found in the Axial Pyrenees, located
centrally within the mountain range, where Paleozoic materials and
metamorphic and plutonic rocks associated with the Hercynian orogeny have
resisted the intense erosion processes (Pefia and Lozano, 2004). The tallest peaks
include Aneto (3,404 m a.s.l.) and Posets (3,368 m a.s.l.). West of these
mountain ranges lies another sector of high elevation formed by the Monte
Perdido Massif, of karstic origin, with its highest point being Monte Perdido
(3,355 m a.s.l.). To the south of the Pyrenees, and divided by perpendicular
valleys, lie the Sierras Exteriores, also known as the Pre-Pyrenees. These series
of mountain ranges configure the natural boundary between the Pyrenean sector
to the north and the Ebro Valley to the south. Maximum altitudes of the Pre-
Pyrenees typically range between 1,500 and 2,000 m a.s.l., with predominant
materials originating from the Quaternary period, primarily composed of
calcareous rocks, conglomerates, Oligocene molasses, and sandstones (Pefia and
Lozano, 2004).

South of the Pre-Pyrenees and occupying the central region of Aragon is the
Ebro Valley, which was formed during the Cenozoic era, spanning from the
Eocene to the Pliocene (Pefia and Lozano, 2004). Its geological development is
intertwined with the Alpine orogeny; however, unlike the Pyrenees, this area
experienced a subsidence while the surrounding regions were uplifting. The
outer regions of the valley are characterized by slightly elevated foothills, known
as "somontanos", gently sloping flat lands of conglomeratic materials that
connect the Pre-Pyrenees and the Iberian Range towards the center of the valley.
Flowing through the center of the valley in a northwest to southeast direction is
the Ebro River, Spain's longest river and the second longest in the lIberian
Peninsula and the Mediterranean Basin. The river courses through various non-
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consistent geological formations, including sandstones, marls, gypsum,
limestone, and salts.

At the southern part of Aragon is located the Iberian Range, running in an
Armorican orientation and formed during the Alpine orogeny. Its relief is less
pronounced compared to the Pyrenees, with mean maximum altitudes rarely
exceeding 2,000 m a.s.l. Within this range are various mountain systems
separated by tectonic rifts, the most prominent being the Sierra del Moncayo, in
the northwestern part, where the Iberian Range reaches its highest altitude (2,316
m a.s.l.), and the Sierra de Gudar and Sierra de Javalambre in the southeastern
end. The primary geological formations consist of sandstones, Paleozoic
quartzites and slates, and Mesozoic limestones (Pefia and Lozano, 2004).

The prevailing climate in Aragon is Mediterranean with continental influence.
The region's extensive topographic variation leads to stark contrasts between
different areas, ranging from steppe environments in the center of the Ebro
Valley to a high mountain climate in the Pyrenees. Precipitation patterns are
irregular throughout the year, although they tend to be concentrated during the
equinoctial seasons, with slightly more rainfall in spring compared to autumn
(Franco-Aliaga, 2010). Conversely, winters and summers are typically dry,
particularly in the Ebro Valley, although convective storms are frequent in the
end of spring and summer due to local air heating. According to the Climate
Atlas of Aragon (Cuadrat et al., 2007), the average annual precipitation in
Aragon is 548.80 mm, but its distribution across the region is highly
heterogeneous. The Ebro Valley's central areas experience the lowest
precipitation levels (<400 mm/year), which gradually increase towards the
peripheral mountain systems. In the Iberian Range and the Pre-Pyrenees, the
average annual precipitation is 800 mm/year, while in the Pyrenees, it exceeds
1,000-1,500 mm/year, with much of the precipitation occurring in winter in the
form of snow. The average annual temperature in Aragon stands at 12°C;
however, as in precipitation, there is considerable spatial variability within the
region. Generally, significant temperature variations occur throughout the year,
with cold winters and warm summers, acting the equinoctial seasons as
transitional periods. The Ebro Valley experiences the strongest thermal
contrasts, especially in the central area, with extremely hot summers and cold
winters. The peripheral mountain systems exhibit less pronounced thermal
contrasts, with cooler summers, though winters tend to be very cold, particularly
in the Pyrenees. Wind is a significant climatic factor in Aragon, particularly in
the Ebro Valley. According to Cuadrat et al. (2007), the two prevailing wind
regimes in the region are W-NW ("cierzo") and E-SE ("bochorno"). The
"cierzo", which shares similarities with the French "mistral™ wind, is a persistent
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cold, dry wind throughout the year, capable of reaching very high speeds (>100
km/h) (Cuadrat, 2004). The "bochorno”, which is less frequent and intense, is
mild and humid in winter and spring, while dry in summer (Cuadrat, 2004).

Aragon is situated within two biogeographic regions of the Holarctic: The
Eurosiberian and the Mediterranean. The Eurosiberian region, located in the
northern part of Aragon, encompasses the alpine, subalpine, and montane
bioclimatic zones. These areas are predominantly covered by forests and
pastures, featuring vegetation dominated by alpine and boreoalpine species. The
Mediterranean region comprises the Ebro Valley, the Pyrenean and Iberian
"somontanos”, and the moorlands of the province of Teruel (Longares, 2004).
Here, medium and low shrubs such as rosemary (Rosmarinus officinalis L.),
juniper (Juniperus oxycedrus L.), and boxwood (Buxus sempervirens L.) are
prevalent. The vegetation in this region is well-adapted to gypsiferous and saline
soils, high thermal contrasts, summer droughts, and the persistent “cierzo"
drying wind. Forests are dominated by tree species such as Aleppo pine (Pinus
halepensis Mill.), black pine (Pinus nigra L.), Scots pine (Pinus sylvestris L.),
maritime pine (Pinus pinaster Aiton), and oaks (Quercus ilex L., Quercus ilex
subsp. rotundifolia Lam., Quercus coccifera L.). According to the Spanish
Forest Map (MFE, 2023), forested areas in Aragon represent 39.37% of the
region's total land area and the most representative forest species are Pinus
halepensis Mill. (21.46%), Quercus ilex L. (17.58%), and Pinus sylvestris L.
(13.56%).

2.1.2. Study sectors and forest plots

The evaluation of GEDI SLS system was conducted across the entire area of the
Zuera sector, while the UAVs and HMLS systems were evaluated at forest plot
scale level, distributed among the five study sectors. Most of the plots were
surveyed in earlier studies and only plots from the Almudévar sector, two from
the Zuera sector (plots zu201 and zu202), and all plots pertaining to the
Prometheus model grass/herbaceous fuel type were included in the current PhD
Thesis, in order to achieve a balanced representation of all Prometheus fuel
types. Plots located in the Uncastillo and Villarluengo sectors were established
within the framework of the SERGISAT project (CGL2014-57013-C2) of the
Spanish Ministry of Economy and Competitiveness, which have been subject to
prior research (e.g., Domingo et al., 2020; Rodrigues et al., 2024). Ayerbe plots
were established within the context of research conducted by Domingo et al.
(2017, 2018, 2019), while Zuera plots were established by Montealegre et al.
(2016), excluding the aforementioned plots zu201 and zu202. The center of each
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forest plot was established with a Leica VIVA® GS15 CS10 GNSS real-time
kinematic Global Positioning System with sub-meter accuracy.

Almudévar

The Almudévar sector is located at the north of the central area of the Ebro
Valley, between the cities of Huesca and Zaragoza. It is formed by a total of 12
forest plots of 15-m circular radius (Figure 2.2). It predominantly consists of flat
terrain, with elevations ranging from 350 to 440 m a.s.l., increasing away from
the center of the valley towards the "somontano” to the north. The predominant
land use is agricultural interspersed with patches of forest areas of Pinus
halepensis Mill. and medium to high shrublands dominated by Quercus ilex L.
The sector is delineated into three distinct study areas. The first area is located
in the southernmost part of the sector, in a pine forest mass situated in the town
of San Jorge. The second area is in the central part of the sector, in pine forest
stands near the town of Almudévar. The third area is placed in two separated
stands dominated by oak shrublands at the northern part of the sector.

al06 alo5

al07

Figure 2.2. Location of the 12 forest plots (white dots) of the Almudévar sector distributed in
the three study areas and photographs of two forest plots: al03 and al07.
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Ayerbe

The Ayerbe sector is situated to the north of the central Ebro Valley, close to the
foothills of the Pre-Pyrenees. Comprising a total of 36 forest plots of 15-m
circular radius (Figure 2.3), this area boasts an average elevation ranging from
410 to 550 m a.s.l. While certain zones exhibit rugged terrain, the overall
landscape tends to be relatively flat, especially the areas closest to the Gallego
river. The predominant land use is agriculture and forestry with Pinus halepensis
Mill. as the prevailing forest vegetation type, although there are also forest stands
dominated by Populus x canadensis. It is a very sparsely populated area, with
the near towns being Ardisa, Biscarrués, and the main municipality, Ayerbe.
Some areas of this sector were affected by two wildfires in 1991, burning
approximately 600 hectares in total.

Figure 2.3. Location of the 36 forest plots (white dots) of the Ayerbe sector, detailed location
of 16 plots from two areas, and photographs of three forest plots: ay12, ay14, and ay15.

Uncastillo

The Uncastillo sector is positioned in the northwest of Aragon, nestled in the
foothills of the Pre-Pyrenees, yet still within the bounds of the Ebro Valley. It
encompasses a total of 11 forest plots, with the majority having a 15-m circular
radius, except for one of 5-m due to terrain constraints (plot un14) (Figure 2.4).
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With an altitudinal range spanning from 500 to 800 m a.s.l., the terrain is
generally rugged. Land uses are dedicated primarily to agriculture and forestry.
Prevailing vegetation type is Pinus halepensis Mill., Juniperus oxycedrus L., and
Pinus nigra L. The area is sparsely populated, with the nearest towns being
Castiliscar and Uncastillo. This sector was affected by a large forest fire in 1994,
which burned a total of 8,000 hectares. Consequently, some forest plots still
consist of young growth, with extremely dense tree populations, while others,
where regeneration has been less successful, are dominated by low to high
shrublands.

Figure 2.4. Location of the 11 forest plots (white dots) of the Uncastillo sector distributed in
the three study areas and photographs of two forest plots: un03 and un12.

Villarluengo

The Villarluengo sector is situated in the southeast of Aragon, in the Iberian
Range. It comprises 16 forest plots of 15-m circular radius (Figure 2.5). Six of
these plots are located in the province of Castellon, within Valencian
Community, but very close to Aragon. This area is characterized by rugged
topography, with elevations ranging from 540 to 1,500 m a.s.l. The current relief
Is a result of differential erosion processes acting on various lithologies,
primarily karst formations, alongside tertiary and quaternary sandstone and
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clays. Predominant land uses include forests of Pinus halepensis Mill. and Pinus
nigra L., agriculture, and livestock farming. With very low population density,
the principal inhabited areas include the small towns of Castellote, Tronchén,
Borddn, and Olocau del Rey. This sector was severely affected by a massive
forest fire in 1994, consuming 29,000 hectares. As a consequence, coupled with
the high average altitude of this sector, some forested areas are characterized by
shrubs and low trees.

Figure 2.5. Location of the 16 forest plots (white dots) of the Villarluengo sector distributed
in the five study areas and photographs of three forest plots: vi27, vi39, and vi41.

Zuera

The Zuera sector lies on the center of the Ebro Valley, characterized by
significant daily and annual thermal contrasts and scarce rainfall. It comprises a
total of 9 forest plots, most of 15-m circular radius, with one plot being of 10-m
circular radius due to terrain limitations (plot zu38) (Figure 2.6). Additionally,
the sector contains 59,554 footprints of approximately 25-m diameter from
GEDI SLS system intersecting the area (as of February 2022). Most of this sector
falls within the Military Training Center "San Gregorio", under the jurisdiction
of the Ministry of Defense of Spain. The prevailing vegetation consists of
grassland, along with low and medium shrubs. Out of the military area, the north
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and northeast of the sector is designated as a Site of Community Importance and
Special Protection Area (ZEPA "Montes de Zuera, Castejon de Valdejasa y El
Castellar™) within the European register of protected areas of the Natura 2000
network. The topography ranges from 300 to 750 m a.s.l., featuring flat lands in
the south and rugged terrain in the northern part, aligning with the Zuera
Mountains. Beyond the CENAD boundaries, the predominant land use is forest
dominated by Pinus halepensis Mill. and high shrubs, with little areas dedicated
to agriculture and minimal human settlements. This sector has been the subject
of several significant forest fires, occurring in 1995 (3,800 hectares burned),
2008 (2,500 hectares burned), and 2009 (7,000 hectares burned).

Figure 2.6. Location of the 9 forest plots (white dots) of the Zuera sector distributed in the
three study areas, limits of the sector (red line), GEDI footprints intersected (blue dots), and
photographs of plots zu31, zu202, and of a GEDI footprint.

2.2. THE PROMETHEUS FUEL CLASSIFICATION

The Prometheus fuel classification system (Prometheus, 1999) was developed in
the 1990s by European scientists. It simplifies and adapts de NFFL classification
to Mediterranean conditions (Arroyo et al., 2008), considering the height and
density of vegetation as the primary factors influencing fire propagation. It
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comprises seven fuel types, divided into three main fire carriers: grass, shrubs,

and

trees (Figure 2.7).

Fuel type 1: grass and herbaceous fuels.

Fuel type 2: low shrub fuels (up to 0.60 m).

Fuel type 3: medium shrub fuels (up to 2 m).

Fuel type 4: high shrub fuels (up to 4 m).

Fuel type 5: tree fuels without understory.

Fuel type 6: tree fuels with understory but no continuity to canopy.

Fuel type 7: tree fuels with full continuity between understory and canopy.

In addition to these fuel type characteristics, shrub types must contain more than
60% shrubs cover and may include trees, but not exceeding 50% cover.
Likewise, fuel type 5 must have less than 30% shrub vegetation cover, in contrast
to types 6 of 7. For fuel type 6, the average distance between the undergrowth
and the canopy must be approximately 0.50 m.

Herbaceous fuel type

10|

Fuel type 1

Shrub fuel types

The Prometheus fuel types

Prometheus
height strata

Images composed with CloudCompare from colorized three-dimensional point clouds derived
from photogrammetric UAV (herbaceous fuel type) and LIDAR UAV (shrub and tree fuel types)

10

Fuel type 2

Fuel type 3 Fuel type 4

Tree fuel types

10

Fuel type 5

Fuel type 6

Fuel type 7

Figure 2.7. Graphic diagram of the seven fuel types of the Prometheus classification.
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This PhD Thesis has relied on the Prometheus fuel types as it is adapted to the
fuels found in Mediterranean environments (Arroyo et al., 2008). Numerous
studies have employed the Prometheus classification to identify fuels in
Mediterranean forests using a wide range of techniques (e.g., Riafio et al., 2002;
Arroyo et al., 2006; Lasaponara et al., 2006; Mitri et al., 2011; Domingo et al.,
2020; Garcia-Cimarras et al., 2021). In order to identify the fuel types, in
Chapters 3, 4, and 6 machine learning-based classification models were
employed, while in Chapter 5 fuel volume was quantified at very high spatial
resolution. In all cases, it was necessary to build a ground-truth based on the
predominant fuel type observed in each forest plot to assess the accuracy of the
remote sensing system in classifying the fuel types. The ground-truth was
established using two methods: direct observation in the field for Chapters 4, 5,
and 6, and fuel type maps derived from previous studies for Chapter 3. For field
observations, a Leica VIVA® GS15 CS10 GNSS real-time kinematic Global
Positioning System with sub-meter accuracy was used to establish the central
point of each forest plot. This allowed defining the plot boundaries and
conducting the visual analysis. On the other hand, the fuel type maps were used
to construct the ground-truth for the GEDI footprints, considering the large
number of footprints within the study area and the observed uncertainty in their
geolocation (Shannon et al., 2023; Tang et al., 2023). Thereby, two classification
models of Prometheus fuel types conducted in the same study area by
Montealegre et al. (2015) and Revilla et al. (2021) were utilized. The first study
mapped the classification results, while for the second, the map had to be derived
from the outcomes of the classification model. Given the inherent uncertainty of
both classification models, only the fuel types that were spatially coincident in
both studies were used. Further details on the generation of this ground-truth can
be found in Chapter 3.

2.3. REMOTE SENSING MAIN SOURCES

The evaluation of the main remote sensing systems was performed using three
primary platforms: satellites, unmanned aerial vehicles (UAVs) and ground-
based platforms. The GEDI SLS system was assessed in Chapter 3 both
independently and in combination with Landsat-8 OLI optical imagery. Two
types of UAVs were evaluated: in Chapter 4 a fixed-wing optical UAV (eBee
Classic of SenseFly), equipped with two sensors (SONY-WX RGB camera and
Parrot Sequoia multispectral sensor); and in Chapter 6 a quadcopter UAV (DJI
Matrice 300 RTK), equipped with LIDAR sensor (DJI Zenmuse L1). Finally, in
Chapters 5 and 6 the ground-based platform was a GeoSLAM ZEB-Horizon
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HMLS system was assessed. The main characteristics of these instruments are
outlined in the following sub-sections.

2.3.1. The Global Ecosystem Dynamics Investigation

GEDI is a SLS system developed by the University of Maryland (USA) in
collaboration with NASA. The primary goal of GEDI is to advance the ability to
characterize the effects of changing climate and land use on ecosystems
(Dubayah et al., 2020). GEDI is attached to the Japanese Experiment Module-
Exposed Facility (JEM-EF) on board the International Space Station (ISS).
Launched in December 2018, the system commenced operations in April 2019
and continued until March 2023, when it was temporarily deactivated for
recommissioning during 2024. GEDI's measurements are made between
latitudes 51.6°N and 51.6°S and the instrument can be rotated on the JEM-EF by
up to 6° (~40 km) on both sides of the ISS ground track to sample the Earth's
surface as completely as possible and to avoid gaps due to clouds (Figure 2.8).
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Figure 2.8. GEDI orbital tracks (left). Lines representing one track (right). Figure reproduced
from Dubayah et al. (2020).

GEDI utilizes a full-waveform LIiDAR system to quantify the vertical structure
of vegetation by capturing the amount of laser energy backscattered by objects
at different height intervals (i.e., tree canopies, plant stems, branches, or leaves)
and by the surface. From these waveforms, several structural metrics of
vegetation can be derived, such as forest canopy height, canopy vertical
structure, and surface elevation (Drake et al., 2002; Tang et al., 2012; Dubayah
et al., 2020). The system comprises three lasers emitting at 242 Hz in the near
infrared (1064 nm), producing footprint transects of ~25 m diameter (Figure
2.9). Two lasers operate at full power (power beams), each one emitting two
signals, while the remaining laser operates at half power (coverage beam),
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emitting four signals. Therefore, there are a total of 8 signals collecting data
simultaneously in the same transect, each signal being separated by ~600 m
across the flight track direction within a ~4.2 km swath (Dubayah et al., 2020).
For each transect, the centroids of each footprint are separated by 60 m along
track direction.

Normalized Cumulative Return Energy
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Figure 2.9. Graphical scheme of a typical waveform and footprint of the GEDI system. Figure
reproduced from Dubayah et al. (2020).

Two version of GEDI data have been released to date; the second and final
version until date was released in February 2022. Version 2 contains
improvements in the LIDAR waveform processing algorithms and in the
geolocation of the footprints. In version 1, a systematic spatial uncertainty of
~20 m was observed in 50% of the footprints (Shannon et al., 2023), while in
version 2 the error was reduced to ~10 m in 80% of the footprints (Tang et al.,
2023).

Different processing levels of GEDI data have been progressively published
during the development of the mission. The Level-1A product (L1A: TX/RX
Transmitted/Received Waveform Fitted Parameters) stands as the most basic
level, containing the original raw waveforms and being the only data level not
publicly available. The Level-1B product (L1B: Geolocated Waveforms Data)
comprises all corrected and geolocated receive waveforms relative to the Earth's
ellipsoid and provides the basis for the higher Level 2 products. In addition, this
product allows users to apply their own waveform interpretation algorithms
(Hofton and Blair, 2019). The Level-2 products have been processed using six
different algorithm setting groups resulting from different processing of the
L1B-derived corrected waveforms and noise thresholds (Hofton and Blair,
2019). However, it is recommended to use the default algorithm as it has been
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designed to work in most cases (Roy et al., 2021). The Level-2A product (L2A:
Elevation and Height Metrics Data) provides footprint-level L1B-derived data
on terrain elevation, canopy top height, and relative vegetation height metrics
divided in 100 height intervals or percentiles. Terrain elevation is obtained from
the elevation of the center of the lowest detected mode of the receive waveforms
(Hofton and Blair, 2019). Canopy top height and relative vegetation height
metrics are computed by linear interpolation of the L1B geolocation data and
then subtracting the heights from the terrain elevation, while relative height
metrics are based on the receive waveforms cumulative products (Hofton and
Blair, 2019). The Level-2B product (L2B: Canopy Cover and Vertical Profile
Metrics Data) includes four canopy profile metrics: The Plant Area Index (PAl),
the Plant Area Volume Density profile (PAVD), the Foliage Height Diversity
index (FHD), and the Total Canopy Cover (TCC). PAI is a closely related
concept of the Leaf Area Index (LAI) but incorporates all vegetation structural
elements, such as branches or trunks, in addition to leaves (Tang and Armston,
2019). For the PAI formula (Eg. 2.1; Tang and Armston, 2019; Lin et al., 2023),
Pgap(0) represents the probability of the land surface being directly visible from
the satellite platform in nadiral angle of incidence. PAVD is a function of plant
area per unit volume obtained by GEDI, used to quantify the vertical structure
of forests (Xi et al., 2022). FHD (Eqg. 2.2; Tang and Armston, 2019) refers to the
Shannon-Wiener diversity index (H'), measuring the complexity of canopy
structure (Tang and Armston, 2019). Higher FHD values often results in more
complex structure (James and Wamer, 1982; Bergen et al., 2009), which can be
an accurate indicator of habitat quality for wildlife (MacArthur and MacArthur,
1961). Lastly, TCC (Eq. 2.3; Li et al., 2024) describes the percentage of the
ground covered by all canopy structural elements (Tang and Armston, 2019; Lin
et al., 2023).

_ —1[In(Pgap(8)) — In(Pgap(0))]
PAI = G(6) x a(8) (2.1)
FHD = —Y; N; X log(N;) (2.2)
TCC = S (2.3)

Ry +(Vv / Vg X Rg)

Where PALI is the Plant Area Index, FHD is the Foliage Height Diversity, TCC is the
Total Canopy Cover, Pgap is the directional gap probability, 4 is the nadir view angle,
G(0) is the spherical leaf angle distribution, 2(8) is the random spatial distribution of
canopy elements, Ni is the proportion of vertical LAI profile that lies in the i of the
chosen horizontal layers, Ry and Rq are the pulse return energy of vegetation canopy
and ground of a GEDI footprint, respectively, with a height threshold of 4 m, and yv/yg
is the backscattering coefficient set as 1.5 over the globe (Tang and Armston, 2019).
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The Level-3 product (L3: Gridded Canopy Height Metrics and Variability Data)
is the next processing level of GEDI data. This product is spatialized to 1 km?
grid based on the L2 product metrics, including terrain elevation, vegetation
height, canopy cover, LAI, and vertical vegetation profiles, along with their
associated uncertainties (Dubayah et al., 2020). Lastly, the highest processing
level of GEDI data are Level-4A (L4A: Footprint Above Ground Biomass
Estimates) and Level-4B (L4B: Gridded Above Ground Biomass Estimates)
products. They represent the output of models derived from the L2 data products
to estimate mean Above Ground Biomass Density (AGBD) (Dubayah et al.,
2020) using calibration equations (Kellner et al., 2022). AGBD data are provided
either at footprint level (L4A) and gridded in cells of 1 km? (L4B). The
prediction of AGBD requires field estimates of aboveground biomass from
allometric models in a given area (e.g., in forest plots). From remotely sensed
data, empirical relationship to AGBD can be established (Drake et al., 2002;
Lefsky et al., 2002), either with optical imagery (Foody et al., 2003), SAR
(Saatchietal., 2011), ALS (Nasset et al., 2013; Duncanson et al., 2015), or SLS
systems (Lefsky et al., 2005). In this way, the prediction of the AGBD for GEDI
was developed using 8,587 simulated GEDI waveforms associated with field
estimates of AGBD in 21 countries (Kellner et al., 2022). The algorithm uses
L2A-derived relative height metrics and 13 linear models to predict AGBD in
32 combinations of plant functioning types (Kellner et al., 2022).

Finally, it should be noted that GEDI footprints contain a series of metadata that
indicate additional attributes of the recorded data, allowing users to discard
footprints with unwanted attributes and high uncertainty. This is very useful as
spaceborne LIDAR system waveforms are frequently impacted by cosmic, solar
and atmospheric noise, disrupting the quality of the laser signal. The metadata
that integrates several individual quality assessment parameters is "quality_flag"
(Hofton and Blair, 2019), providing users a preliminary quality assessment of
each GEDI footprint. In addition, the "degrade flag" metadata indicates
degraded state of pointing and/or positioning information, i.e., a high uncertainty
in the footprint geolocation. According to Beck et al. (2021), the "beam"
metadata identifies the signal recording the data, allowing to know whether it
comes from lasers operating at full power (power beams) or at half power
(coverage beams). In the case of the latter, they are not expected to penetrate
dense forest, so in these cases it is recommended to filter they out and to use only
the full power beams. The "solar_elevation" metadata indicates whether the data
was recorded at day or night. It is recommended to filter the data recorded during
day due to the negative impact of solar noise in the GEDI waveforms. Finally,
the "sensitivity" metadata allow users to select the best data by using a
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conservative threshold of 0.9 over land areas, and higher in dense forest
conditions, otherwise the signal may not have the sufficient energy to penetrate
through vegetation to the ground (Hofton and Blair, 2019). In this PhD Thesis,
several quality filters were applied based on these metadata to work with
footprints of lower uncertainty. Furthermore, an additional filter was generated
due to the high uncertainty in the geolocation of the footprints, even in version
2 (Tang et al., 2023). This filter involved disregarding footprints with high land
cover variability to ensure the homogeneity of the ground-truth within each
footprint. A more detailed description of this process is provided in Chapter 3.

2.3.2. Optical unmanned aerial vehicle

The optical UAV assessed in the thesis was a fixed-wing UAV eBee Classic,
developed by SenseFly SA (Cheseaux-sur-Laussane, Switzerland), a company
of AgEagle Aerial Systems Inc. (Wichita, KS, USA). The complete system
comprises the UAV itself, the eMotion v.3.5.0 software for flight preparation
and post-processing management, a 2.4 GHz ground USB modem for radio data
link between the UAV and eMotion, and two optical sensors (Figure 2.10).

| Ml

Figure 2.10. The eBee Classic full system: UAV unit (center), eMotion software and ground
USB modem (left), Airinov reference target (center), and the two optical sensors (right).

The eBee Classic has a weight of 0.41 kg without camera and battery and a
nominal take-off weight of 0.69 kg. The material is composed by expanded
polypropylene foam, carbon structure and composite parts. The battery is a 3-
cell Lithium-Polymer (LiPo) of 0.14 kg which enables a nominal average flight
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time of about 35-40 minutes with standard camera. Propulsion is provided by
electric brushless motor with nominal static thrust of 0.63 kgf and the nominal
cruise speed is between 40-90 km/h. The UAV's wind resistance is up to 45 km/h
and the maximum single flight coverage is 12 km?. The absolute horizontal and
vertical accuracy using only the UAV's GNSS signal is between 1 to 5 m and 2
to 5 m, respectively. The UAV consists of two main parts: the central body and
a pair of detachable wings. The central body serves as the core of the UAV,
housing all the electronic components. Internal components include the electric
motor and the flight controller board, which incorporates the IMU system,
barometer, geolocation system, and radio receiver. External components
comprise the front propeller, antenna, pitot probe, LED status indicator, camera
and battery compartments, ground sensor, and servo-connectors. The propeller
generates thrust during flight. The antenna enables communication between the
eBee Classic and the eMotion software via the ground USB modem. The pitot
probe detects airspeed, wind and altitude. The status LED provides current status
information of the UAV using different color indicators: blue during the
initialization process, green when ready to fly, and red if preflight checks fail.
The camera compartment accommodates the camera or sensor for data capture
during flight. The battery compartment allows the insertion of one LiPo battery
unit. The ground sensor consists of an optical sensor that detects the UAV's
proximity to the ground. The pair of wings is connected to the central body
through the union of its ailerons with the servo-connectors and two wing struts
and clips to hold it in place. The ailerons also serve to control the eBee Classic
during flight. Wings also include winglets, which add aerodynamic stability
while it is in flight.

Two optical sensors, one RGB and one multispectral, were used to capture the
data with the eBee Classic (Figure 2.10). The SONY-WX is an RGB camera of
18.2 MP resolution, which allows acquiring images in the visible spectrum. This
enables the generation of two different products of very high resolution: aerial
RGB orthophotographs and photogrammetric point clouds, the latter through the
SFM photogrammetric technique. The Parrot Sequoia sensor is a multispectral
camera, capable of capturing images at 1.2 MP in four different spectral bands:
green (550 nm £40 nm), red (660 nm £40 nm), red edge (735 nm £10 nm), and
near infrared (790 nm £40 nm). The camera includes an Airinov auxiliary
reference target of known reflectance to calibrate each spectral band to the
prevailing light conditions before each flight. To do this, four photos must be
taken, one for each spectral band, pointing at the reference target, which must be
free of any shadow. In addition, attached on the upper part of the camera is a
sunshine sensor, used to calibrate the images during flight depending on the
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incident light conditions of the moment. This allows comparing images at
different times, as it eliminates the effect of light variations during image
acquisition. Similar to the SONY-WX camera, the Parrot Sequoia allows
generating two different products with lower resolution than RGB images: aerial
orthophotographs in the four spectral bands and photogrammetric point clouds.
Thus, this sensor enables the acquisition of multispectral images, which bands
can be combined to produce multispectral vegetation indices. These indices
provide additional insights into the condition of vegetation, such as vegetation
health and biomass, chlorophyll content, photosynthetic activity, or moisture
content, complementing the information provided by the three-dimensional

point clouds.
2.3.3. LIDAR unmanned aerial vehicle
The UAV-LIDAR system consisted of a quadcopter UAV DJI Matrice 300 RTK
and a DJI Zenmuse L1 LIDAR sensor, both developed by Da Jiang Innovations
(DJI), a commercial firm of Shenzhen DJI Sciences and Technologies
(Shenzhen, China). The complete system comprises the UAV and the LIDAR

sensor themselves and the DJI Smart Controller Enterprise controller, which
includes the proprietary DJI Pilot 2 software for automated flight mission

preparation and UAV control management during flight (Figure 2.11).

Al

Figure 2.11. The UAV-LIDAR full system: DJI Matrice 300 RTK UAV unit (center),

controller (left), and DJI Zenmuse L1 LIiDAR sensor (right).
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The DJI Matrice 300 RTK has a weight of 3.60 kg without camera and batteries
and a nominal take-off of 9 kg. It consists of a single chassis formed by the
central body, four frame arms, and two pairs of detachable landing gears. As in
the case of the eBee Classic, the central body houses the UAV's main electronic
components. The internal components include the IMU system, barometer,
geolocation and geosensing systems, and radio receiver, and RTK (Real Time
Kinematic) system. The external components consist of a first-person view RGB
camera, infrared detection systems, auxiliary vision systems, two battery
compartments, an air filter, lights, beacons, and a stabilizer connector where the
sensor is attached. At the extremes of the four frame arms are located the
propellers, motors, light indicators of the UAV status, transmission antennas and
the RTK system. The mechanical power is generated by two LiPo batteries
working together, each weighing approximately 1.35 kg. Propulsion is provided
by four propellers positioned on each of the UAV's frame arms. Maximum
speeds reach 21.6 km/h (6 m/s) during ascent, 25.2 km/h (7 m/s) during descent,
and 82.8 km/h (23 m/s) horizontally. The UAV can withstand maximum wind
speeds of up to 54 km/h. Under standard conditions, it can fly for approximately
45 minutes.

The DJI Zenmuse L1 sensor integrates a LIDAR LIVOX™ module, an IMU
system, and an RGB camera on a 3-axis stabilizer that is connected to the UAV
through the stabilizer connector and allows the sensor to be pointed both in
nadiral and frontal 360° view. The sensor has a weight of 930 g (£10 g) and
includes various external components, such as visual positioning sensor,
memory card slot, and pan, tilt and rotation motors. It operates in the near
infrared wavelength (905 nm) with a maximum scanning frequency up to
240,000 points/s and laser divergence of 0.03° horizontally and 0.28° vertically.
It can capture up to three returns on a single laser point.

The RTK module integrated in the UAV is a positioning augmentation system
based on GNSS reference ground stations, enabling planimetric accuracies of up
to 0.30 m. It establishes connection via the Internet between the GNSS system
and a network of nearby geodetic reference stations, which have precise
coordinates of their location based on geodetic techniques. In Aragon, there are
two network available for free public access: the permanent GNSS station
network of the Spanish National Geographic Institute and the active geodesy
network of the Spatial Knowledge Infrastructure of Aragon. GNSS satellites are
also estimating the location of the reference stations, allowing to compare it with
the real location and thus to calculate the mean error of the satellite position
estimation, which is transmitted back to the GNSS systems. Consequently, the
error in the position estimation is minimized and sub-meter accuracies can be
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achieved for the location of the forest plots without the need to use ground
control points (GCPs) for indirect georeferencing of the data.

2.3.4. Handheld mobile laser scanner system

The HMLS system utilized was a GeoSLAM ZEB-Horizon, developed by
GeoSLAM Ltd. (Ruddington, UK), a firm integrated in FARO® Technologies
Inc. (Lake Mary, FL, USA). The full system comprises the HMLS unit itself, the
ZEB-Horizon real-time datalogger, and the proprietary GeoSLAM Connect
v.2.3.0 software (Figure 2.12).

» ‘ el
= ‘1 \ o
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Figure 2.12. The GeoSLAM ZEB-Horizon full system, including HMLS unit (above-right)
and ZEB-Horizon real-time datalogger (below-left).

The HMLS unit and the real-time datalogger work together as the latter provides
power to the HMLS and serves as the storage location of the recorded data. The
HMLS unit is equipped with a LIDAR sensor that collects data in the near
infrared wavelength (903 nm) mounted on a 360° rotating motor. The scanning
rate of the LIiDAR is 300,000 points/s, with a maximum range of 100 m. The
system relies on an IMU unit for georeferencing the data in local coordinates.
This demands the use of GCPs for the transformation of local coordinates to a
coordinate reference system. The HMLS unit employs SLAM technology for
simultaneous 3D localization and mapping, integrating data from the LiDAR and
IMU to generate the three-dimensional point cloud. Power from the datalogger
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to the HMLS unit is supplied through a connecting cable. However, for data
collection and storage, communication between the HMLS unit and the
datalogger is done via network connection using a device such as a laptop, tablet,
or cell phone. The connection can be either wired or wireless via Wi-Fi. To do
this, the datalogger acts as an access point with a predetermined IP address that
can be accessed from any of the aforementioned devices. This enables real-time
data collection and storage, and additionally allows users to visualize the
captured data in real time. The collected data can then be transferred from the
datalogger to an external device for further post-processing using a USB storage
device. The data collection process must be in loop closure format, that is, the
start and end of the scan must coincide at the same point. In addition,
manufacturer recommend a walking speed relatively slow in order to capture the
environment in detail. The proprietary GeoSLAM Connect v.2.3.0 software
(FARO® Technologies Inc., Lake Mary, FL, USA) facilitates preliminary
processing of the captured data. Its primary function is to convert the raw data
into standardized files (i.e., in las format) for further processing with other
typical LiDAR point cloud processing tools. Additionally, the software supports
georeferencing of the data by transforming the recorded local coordinates into a
coordinate reference system.

2.4, REMOTE SENSING ANCILLARY DATA

The evaluation of the GEDI SLS system and the optical UAV was supported by
ancillary data from passive and active sensors, respectively. For GEDI, its
integration capability with Landsat-8 OLI optical images to improve the
identification of fuel types was verified, building upon successful outcomes
reported in prior studies related to different forest attributes analyses (e.g.,
Saarela et al., 2018; Potapov et al., 2021; Francini et al., 2022; Shendryk, 2022).
For its part, point clouds from the optical UAV were combined with publicly
available ALS-LiDAR data from the Spanish PNOA (National Plan for Aerial
Orthophotography) project. This approach was chosen due to observed
limitations in the ability of photogrammetric point clouds to generate accurate
DEMs (Wallace et al., 2016; White et al., 2016; Guerra-Hernandez et al., 2018;
Salach et al., 2018; Cao et al., 2019; Lamping et al., 2021) and thus to convert
absolute point cloud height (in m a.s.l.) to relative heights above ground (in m

a.g.l.).

The Landsat-8 system captures systematic images of Earth's land cover. It is part
of NASA's Landsat program which has monitored Earth's surface continuously
since the launch of the first Landsat satellite (Earth Resources Technology
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Satellite, ERTS-1) in 1972. Landsat-8 was launched into orbit in 2013 and
includes two instruments: the multispectral sensor OLI (Operational Land
Imager) and the thermal sensor TIRS (Thermal Infrared Sensor). The system
orbits sun-synchronously in a polar direction at an altitude of 705 km and a
period of revolution of 99 minutes (i.e., ~14.5 orbits/day). The orbital
configuration ensures systematic data collection from the same point of the
Earth's surface in scene sizes of 185 km cross-track by 180-km along-track.
There are different processing levels for Landsat images. The highest level is the
Precision and Terrain Correction (L1TP) product, which uses GCPs for
geodetic and radiometric correction and DEMs from different sources (e.g.,
WorldView, CDEM, or NASADEM, among others) for topographic
displacement correction. The Systematic Terrain Correction (L1GT) product has
a lower level of processing and provides systematic, radiometric, and geometric
accuracy along with DEMs for topographic displacement corrections. Lastly, the
Systematic Correction (L1GS) product is created when the location accuracy is
insufficient to apply terrain corrections, being the product with the lowest level
of processing. The OLI images are acquired across several bands of the
electromagnetic spectrum (Table 2.1). The combination of the different spectral
bands enabled the generation of a set of multispectral vegetation indices used for
integration with GEDI data using the L1TP product.

Table 2.1. Landsat-8 OLI spectral bands. Spatial resolution for all bands is 30 m except
band 8 "Panchromatic™ which is 15 m.

Name Wavelengths (um) Description

Band 1 0.435-0.451 Coastal/Aerosol

Band 2 0.452 - 0.512 Blue

Band 3 0.533-0.590 Green

Band 4 0.636 — 0.673 Red

Band 5 0.851 - 0.879 Near-infrared (NIR)

Band 6 1.566 — 1.651 Short-wave-infrared-1 (SWIR-1)
Band 7 2.107 — 2.294 Short-wave-infrared-2 (SWIR-2)
Band 8 0.503 - 0.676 Panchromatic

Band 9 1.363 - 1.384 Cirrus

The PNOA project, developed by the National Geographic Institute of Spain, is
a national initiative aimed at acquiring high-resolution orthophotographs,
generating high-resolution DEMSs, and capturing discrete-return ALS-LiDAR
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data across the entire territory of Spain. PNOA was established in the framework
of the INSPIRE Directive (Directive 2007/2/CE: Infrastructure for Spatial
Information in Europe). The first national ALS-LIDAR coverage was carried out
between 2008 and 2015 with an average density of 0.5 points/m?2. Despite the
low point density, several studies demonstrated the usefulness of these data for
various forestry applications. These include modeling canopy fuel variables
(Gonzalez-Ferreiro et al., 2014), mapping forest structural types (Ruiz et al.,
2016); estimating biomass losses and carbon emissions in Aleppo pine forests
(Domingo et al., 2017), and assessing carbon emissions in the event of fire in
Mediterranean pine forests (Montealegre et al., 2017). The LIDAR-PNOA data
are provided in 2x2 km tiles in both standardized laz/las formats with basic
preprocessing, including geometric quality control of the point cloud and flights,
transformation of ellipsoidal heights to orthometric heights, automatic
classification of the point cloud, and other processes to facilitate visualization
and interpretation of the point clouds. The horizontal and vertical accuracy after
the preprocessing is <30 cm (1 sigma) and <20 cm (1 sigma), respectively,
although higher errors may occur in dense vegetation and steep slope areas. The
integration of PNOA data with the point clouds obtained from the optical UAV
corresponds to the second national ALS-LIDAR coverage, conducted between
2015 and 2023 with an average density of 1 point/m2. From these data, DEMs
were generated at three different spatial resolutions (0.50 m, 1 m, and 2 m) to
convert the absolute heights of the photogrammetric point cloud to relative
heights above the ground. Using different spatial resolutions of the DEM
allowed for evaluating the effect of resolution on the accuracy of generating
structural variables and, consequently, identifying fuel types.

2.5. POINT CLOUD PROCESSING

The processing of point clouds from both discrete-return LIDAR systems and
photogrammetric processes for forestry applications follows a typical workflow
to ensure the quality of the obtained data. As shown in Figure 2.13, these steps
include: 1) removing outliers; ii) filtering points corresponding to the ground, iii)
generating DEMs from points classified as ground, iv) converting absolute
heights to heights relative to the ground, and v) generating metrics and variables
that can be related to the structure, texture, or volume of forest vegetation, among
others. This set of variables will ultimately serve as input to identify fuel types.
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Figure 2.13. Typical workflow for the processing of three-dimensional point clouds obtalned
from remote sensing techniques to derive vegetation-related variables.

Likewise, there are a wide range of tools for processing LiDAR and
photogrammetric point clouds. In this thesis, the R environment (R Core Studio,
2022) facilitated spatial analysis and processing of three-dimensional remote
sensing data through functions embedded in specialized packages or libraries,
such as lidR (Roussel and Auty, 2022) and VoxR (Lecigne et al., 2018). In
addition, the FUSION/LDV v.4.21 software (McGaughey, 2021), developed by
the Pacific Northwest Research Station of the USDA Forest Service, was mainly
used to extract the metrics from both LIiDAR and photogrammetric processed
point clouds. These two tools are able to operate at any step of the point cloud
processing workflow, while other tools are specialized in specific steps of the
workflow. The MCC-LIiDAR v.2.1 tool (Evans and Hudak, 2007) is especially
designed to classify ground points using the Multiscale Curvature Classification
(MCC: Evans and Hudak, 2007) algorithm. Nevertheless, MCC is also available
in the lidR package for R. Finally, it should be noted that while LiDAR systems
directly provide three-dimensional point clouds, generating photogrammetric
point clouds requires an additional first step: the conversion of two-dimensional
images with a high degree of overlap into three-dimensional point clouds. This
is typically achieved through the SFM algorithm, implemented in several
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photogrammetric programs. In this thesis, the proprietary software
PIX4Dmapper v.4.5.6 (PIX4D SA, Prilly, Switzerland) was used for this
purpose, given the successful results provided in previous forest-related studies
(e.g., Guerra-Hernandez et al., 2017; Malambo et al., 2018; Cao et al., 2019).

The first step in processing three-dimensional point clouds is to remove potential
outliers, i.e., artifacts mainly caused by sensor errors, issues with the emitted and
returned laser pulse, or interactions with unwanted elements such as suspended
atmospheric particles, birds, or insects. These factors can result in abnormally
high elevation measurements compared to the rest of the point cloud heights. In
addition, points with negative height values may occur due to photon scattering
within a returned pulse. This scattering increases the return time of the emitted
laser pulse to the sensor, inflating the perceived distance traveled and causing a
measurement error where the surface is recorded lower than the surrounding
measurements (Evans and Hudak, 2007). Therefore, the first step involves
identifying and removing out outliers. There are several techniques implemented
in the processing programs for this purpose, such as the "filter noise" function in
lidR, the "lasnoise™ tool in LasTools (rapidlasso, GmbH), or the SOR (Statistical
Outliers Removal) filter available in VoxR or CloudCompare. All these
techniques enable to filter out points labeled as outlier or when a point's average
distance from its nearest neighbors is significantly greater than the average
distance among neighboring points, allowing the workflow to continue from a
clean and error-free point cloud.

Identifying ground points is a crucial step in the point cloud processing workflow
because it allows for the creation of DEMs, which are essential for subsequent
height normalization and accurate extraction of height metrics. According to
Roberts et al. (2019), there are five major categories of ground point filter
algorithms: slope-based, mathematical-morphology-based, surface-based,
segmentation-based, and deep-learning-based. All algorithms offer accurate
results in non-complex areas. However, rough terrain, steep slopes, and complex
forest stands present more of a challenge, as points can be more easily confused
with the lower parts of vegetation and vice versa (Sithole and VVosselman, 2004).
Following the categories and descriptions given by Roberts et al. (2019), slope-
based algorithms, such as the Modified Slope-Based Filter (MSBF: VVosselman,
2000) and those developed by Sithole and VVosselman (2001) or Wang and Tseng
(2010), assume that variations in terrain slope will be gradual based on local
neighborhood calculations, while changes between ground and other elements
(e.g., vegetation) will be comparatively larger. Mathematical-morphology-based
algorithms like the Progressive Morphology Filter (PMF: Zhang et al., 2003) or
the Simple Morphological Filter (SMRF: Pingel et al., 2013) classify ground
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points based on height differences with local minima and maxima. These
algorithms are sometimes combined with other filtering techniques, such as
slope-based methods (Roberts et al., 2019). Surface-based algorithms are
subdivided into three types: interpolation-based, TIN-based, and active shape
models. Interpolation-based algorithms, which include the Kraus and Pfeifer
(Kraus and Pfeifer, 1998), the MCC (Evans and Hudak, 2007), and the
Multiresolution Hierarchical Classification (MHC: Chen et al.,, 2013)
algorithms, iteratively densify ground points to gradually generate a surface
representing the terrain. TIN-based (or Triangulated-Irregular-Network-based)
algorithms classify ground points based on user-set slope and distance
thresholds, such as the Axelsson algorithm (Axelsson, 2000). The Cloth
Simulation Filter (CSF: Zhang et al., 2016) is an active shape model algorithm
that uses a membrane that floats to the surface of the point clouds and attaches
points representing the ground based on user-defined cloth rigidness and
resolution parameters. Segmentation-based algorithms cluster points based on a
minimum elevation threshold within the neighborhood of points. Examples
include the algorithms developed by Filin and Pfeifer (2006) or the
Segmentation-Based Filter (SBF: Lin and Zhang, 2014). Finally, novel deep-
learning-based algorithms utilize neural networks to filter out ground points.
Examples of these methods include VoxNet (Maturana and Scherer, 2015),
PointNet (Qi et al., 2017a), PointNet++ (Qi et al., 2017b) or PointCNN (Li et
al., 2018), among others.

Once the points corresponding to the ground have been filtered, DEMs are
generated. For this, three main interpolation techniques are typically used: The
Inverse Distance Weighting (IDW), the Triangulated Irregular Network (TIN),
and kriging-based methods. IDW assigns weights to nearby points based on their
distance to the interpolated location. TIN creates DEMs by connecting the
ground points into a network of triangles, ensuring that each triangle is as close
as possible to the original points. Kriging are spatial inference methods that use
statistical techniques to estimate values at unknown locations based on the values
of nearby points. Each interpolation technique has its own set of advantages and
disadvantages. TIN interpolation is known for being fast and generating accurate
DEMs (Guo et al., 2010; Montealegre et al., 2015; Adedapo and Zurgani, 2024).
However, it may struggle with accuracy at the edges of the dataset where there
are fewer points to triangulate. IDW tends to produce fewer errors at the edges,
but it can be computationally more intensive and time-consuming than TIN.
Kriging is the slowest and the most computationally demanding of the three
interpolation methods, thus it is recommended for small areas where high
accuracy is the primary consideration (Guo et al., 2010). In this PhD Thesis,
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DEMSs were generated using the TIN interpolation method because it provides
accurate models. Additionally, since the DEMs were created for the entire study
areas recorded with the UAVs and HMLS systems, there were no issues with
edge artifacts, as DEMs were subsequently clipped to the boundaries of the forest
plots.

2.6. INDEPENDENT VARIABLES EXTRACTION

2.6.1. Point cloud-derived variables

The main purpose of the generation of DEMs in forestry is the normalization of
vegetation heights, that is, the conversion of point clouds absolute heights (in m
a.s.l.) to relative heights based on the terrain (i.e., on the generated DEMS). This
facilitates the estimation of different parameters related to forest structure (e.g.,
shrub and tree height, fuel density across different height strata, canopy height
and volume), vegetation canopy texture (e.g., canopy roughness, dissimilarity or
variability), forest diversity indices, and fuel volume. The descriptor variables
for these parameters can be generated at a pixel scale, with a specific spatial
resolution, or at a zonal scale, such as forest plots, as in the case of the present
thesis. In addition, the variables can be derived directly from the normalized
point cloud (Chapters 4 and 6) or from its voxelization (Chapters 5 and 6), which
involves transforming the point clouds into a set of three-dimensional voxels
with a specified spatial resolution. Variables related to forest structure are
typically derived from a set of structural metrics associated with the distribution
of heights of vegetation, the variability of heights of vegetation, and the canopy
cover density. Tables 2.2, 2.3 and 2.4 list and describe the structural metrics
generated in the present PhD Thesis from the processed three-dimensional UAV
point clouds, both photogrammetric (Chapter 4) and LIDAR (Chapter 6), using
the FUSION/LDV software (McGaughey, 2021).

Table 2.2. List and description of the structural metrics related to the distribution of heights
of vegetation generated for Chapters 4 and 6 using FUSION/LDV. x; is the height value of the
return, N is the total number of observations, r; is the return, and p is the pulse. Adapted from
Domingo (2019). Part 1 of 3.

Metric Abbreviation Description
Minimum - ..

. Elev.mininum Xi minimum.
elevation
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Table 2.2. List and description of the structural metrics related to the distribution of heights
of vegetation generated for Chapters 4 and 6 using FUSION/LDV. x; is the height value of the
return, N is the total number of observations, r; is the return, and p is the pulse. Adapted from
Domingo (2019). Part 2 of 3.

Metric Abbreviation Description
Xi mean elevation.
Mean_ Elev.mean N .
elevation o Li=Xi
I'I'Xi - N
gf:\?aiion Elev.mode Xi value more frequent in the plot.
MaX|mum Elev.maximum Xi maximum.
elevation
Clovati Generalized mean for the 2" power.
evation
1
quadratic Elev.SQRT.mean.SQ 1< 2
mean M, = (NZXLZ)
i=1
Generalized mean for the 3rd power.
i 1
Elevation | ¢, cURT mean.cUBE TN
cubic mean _ 3
s = (NZ )
i=1
Percentiles values are computed using the
following method (McGaughey, 2021).
E?;Eintlles Elev.P01, Elev.P05, (N—1)P=1+f { {is the integer part of (N —1)P }
! Elev.P10, Elev.P20, f is the fractional part of (N —1)P
heights 1, Elev.P25, Elev.P30, where N is the number of observation and P is the
25120220 E:eV-Egg’ E:ev-gggv percentile value divided by 100.
, 30, 40, ev.P60, Elev.P70, _ _
50, 60, 70, Elev.P75, Elev.P80, if f =0 then Percentile value = x;,,
75, 80, 90, E:GV-ESS, Elev.P95, if f> 0then Percentile value = x;.1 + f(Xj12 — Xi11)
95, and 99 EV.F99.

where x; is the observation value considering that
observations are ranked in ascending order.
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Table 2.2. List and description of the structural metrics related to the distribution of heights
of vegetation generated for Chapters 4 and 6 using FUSION/LDV. x; is the height value of the
return, N is the total number of observations, r; is the return, and p is the pulse. Adapted from
Domingo (2019). Part 3 of 3.

Metric Abbreviation Description

Product moments describe the characteristics of a
distribution, being the most common moments the 1%
(A1: mean), 2" (\2: variance), 3" (As: skewness), and 4"
(Aa: kurtosis) (McGaughey, 2021).

N
1
A= n_ClZ X
i=1

Elev.L1, 1 1 N ’
L-moments | Elev.L2, Ay = §x?2(l‘1cz — 271, e + ”_1C2)x(i)
(A1 to As) Elev.L3, 371

Elev.LA4.

N
1 1 . . _ . _ _
)\4 — ZXWZC 1C3— 31 1C2n 1C1+ 31 lcln 1C2_ n 1C3)X(i)
i

where X i=1, 2, ..., n, are sample values ranked in
ascending order and:
mpe (M) _ m!

G = (k) k! (m — k")

is the number of combinations of any k items from m
items and is equal to zero when k > m.

Table 2.3. List and description of the structural metrics related to the variability of vegetation
generated for Chapters 4 and 6 using FUSION/LDV. x; is the height value of the return, N is
the total number of observations, r; is the return, and p is the pulse. Adapted from Domingo
(2019). Part 1 of 2.

Metric Abbreviation Description

Standard deviation of point height distribution.
Standard

deviation Elev.stddev. _ |2 G — w2
N
Variance of point height distribution.
Variance Elev.variance YN (x; — p)?

0.2_

N
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Table 2.3. List and description of the structural metrics related to the variability of vegetation
generated for Chapters 4 and 6 using FUSION/LDV. x; is the height value of the return, N is
the total number of observations, r; is the return, and p is the pulse. Adapted from Domingo
(2019). Part 2 of 2.

Metric

Abbreviation

Description

Coefficient of

Coefficient of variation of point height
distribution.

of variation
(z2),
skewness
(3), and
kurtosis (z4)

Elev.L.skewness,
Elev.L.kurtosis.

. Elev.CV
variation o
CV = —x100
u
Skewness of point height distribution.
Skewness Elev.skewness N 1(Yi _ ?)3
j— =
skewness = N = Ds?
Kurtosis of point height distribution.
Kurtosis Elev.kurtosis N (Y- _ 7)4
kurtosis = ==~ 2
(N —1)s*
Interquartile Elev.10 Interquartile distance of point height distribution.
distance . 1Q = P75(x) - st(x)
Average Absolute Deviation of point height
Average distribution. It is a summary statistic of variability.
Absolute Elev.AAD N _
Deviation AAD = i1 (Y- Y)
N
A more robust set of statistics presented by
L ¢ Hosking (1990), based on the method of L-
-tr_nomen S moments. L-moments ratios provide statistics that
E?)rlfsspon ding are comparable to variance, skewness, and kurtosis
- McGaughey, 2021).
to coefficient | Elev.L.CV, ( ey )
A
Ty, = )\—i 0< 1,<1
A3
T3 = n —1<135<1
_ A 1
T4_—_ _(5T32—1)ST4<1
A, 4
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Table 2.4. List and description of the structural metrics related to the density of canopy cover
generated for Chapters 4 and 6 using FUSION/LDV. x; is the height value of the return, N is
the total number of observations, r; is the return, and p is the pulse. Adapted from Domingo

(2019).

Metric

Abbreviation

Description

Percentage of
first returns
above a
height-break,
above the
mean, or the
mode

Percentage.first.returns.
above.height-break

Percentage.first.returns.
above.mean

Percentage.first.returns.
above.mode

PRfirst — Zévzlri first returns > heightbreak % 100

T
i=1"1 first returns

Percentage of
all returns
above a
height-break,
above the
mean, or the
mode

Percentage.all.returns.
above.height-break

Percentage.all.returns.
above.mean

Percentage.all.returns.
above.mode

Zﬁlri > heightbreak N

1
N 00

PRy =

Canopy relief
ratio

Canopy.relief.ratio

Describes the degree to which canopy surfaces
are in the upper or in the lower portions of the
height range (Torresan et al., 2016).

U — Ximinimum

CRR =

Xi maximum — Ximinimum

All.returns.above.height-
break..Total.all.first.

All returns returns..100
above a All.returns.above.mean
- ° A > heightbreak

height-break, | .06 a1l first.returns.. ARy = Li=1Tian Lelurns J X 100
above the 100 Yit1Ti all returns
mean, or the
mode x 100 | All.returns.above.mode..

Total.all.first.returns..

100

N

Number of | All.returns.above.height- | vz — Zheighfx > 7 > height,,
all returns break s “
within a
given height- | Elev.strata.height- where x,, is the upper height strata and x; is the
strata strata.total.return.count lower he|ght strata.

Proportion of
returns
within a
given height-
strata

Percentage.returns.
above..height.break

Elev.strata..height-
strata..return.proportion

YL, height, >
N

1; > heighty,

PR = x 100

where x,, is the upper height strata and x; is the
lower height strata.
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In addition to structural metrics, three-dimensional point clouds enable the
generation of variables related to vegetation textural characteristics. Texture
captures several components of vegetation heterogeneity (Farwell et al., 2021)
which may be important for explaining fuels variability and density. Textural
analysis through remote sensing involves measuring the heterogeneity in pixel
values within a given area (Zhou et al., 2017). In this thesis, texture variables
were generated for Chapter 4 and defined as the heterogeneity in height values
of the aerial parts of vegetation (i.e., tree canopy, and top of shrub and grasses)
within the study forest plots. To achieve this, Canopy Height Models (CHMs)
were first generated from the returns of the photogrammetric point clouds.
Textural indices were then derived directly from the generated CHMs. Several
methods exist to calculate vegetation texture using remote sensing techniques
(Kupidura, 2019). For instance, Laplacian filters can detect rapid changes in
image pixels. While their primary use is in edge detection, they are also effective
in identifying textural changes in images (e.g., Ahearn, 1988; Faber and
Forstner, 1999). Another method involves granulometric techniques introduced
by Haas et al. (1967). Here, local granularity must be calculated at the pixel scale
(Dougherty et al., 1992; Vincent, 1996) to generate a series of images that detect
textural changes in the pixels (Kupidura, 2019). Nevertheless, for this PhD
Thesis, the GLCM (Gray Level Co-Occurrence Matrix) method was employed.
This approach, developed by Haralick et al. (1973) based on an original work by
Julesz (1962), analyses image texture by quantifying the spatial distribution of
pixels in a gray level co-occurrence matrix, establishing relationships between
pixels of similar values. Haralick et al. (1973) proposed a set of textural features
derived from the matrix, which quantify various textural properties of the
images. The features generated for this PhD Thesis were: contrast, dissimilarity,
entropy, homogeneity, mean, second moment, and variance (Table 2.5).

Table 2.5. Textural features from GLCM method generated for Chapter 4. i and j are the gray
levels, P(i,j) is the value in the GLCM at position (i,j), representing the frequency of
occurrence of the pair of gray levels i and j in the specified spatial relationship. Part 1 of 2.

Feature Description Equation

Measures the intensity of local differences
in the image. It is high when there is a large | g1 cm, = Z(i — N2 x P, j)

Contrast difference in intensities between adjacent )
pixels.
Sum of the weighted absolute differences
Dissimilarity between the pixel values. High dissimilarity | gLcm, = Z“ —jl x P(i, )

values indicate greater differences between @
the neighboring pixels.
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Table 2.5. Textural features from GLCM method generated for Chapter 4. i and j are the gray
levels, P(i,j) is the value in the GLCM at position (i,j), representing the frequency of
occurrence of the pair of gray levels i and j in the specified spatial relationship. Part 2 of 2.

Feature Description Equation

Measures the randomness in the texture of o o
Entropy the image. It is high when the GLCM GLCM, = Zp(l'l)k’gp(l'l)

elements are uniformly distributed. @)

Measures the proximity of the distribution PG, ))
Homogeneity | of elements in the GLCM to the diagonal GLCMy, = T+ G2

of the matrix. (i)

2(N-1)

GLCM,, = z k X Py (K)
k=2

Measures the average of the summed

Mean o where k is the sum of i and j
values of the indices. indices (i.e., k = i + j), and
Pyx+y(K) is the joint probability
that the pairs of gray levels i
and j add up to k.
Second Also known as "energy", it indicates the o
order of the texture, being high when GLCMs, = 2 P(@.J)
moment . . ) &
image is texturally uniform. ’
Variance Measures the variability of the GLCM GLCM, = Z(i — W2 x P, ))
distribution. &

Furthermore, for Chapter 6, forest diversity indices were generated from the
three-dimensional point clouds. These indices estimate the structural richness
and composition of vegetation in a forest stand. Some common diversity indices
used in forestry include the Shannon-Wiener Index (H"), Simpson's Index (D),
and Pielou's Index (J'), among others. In this PhD Thesis, three indices related to
the horizontal and vertical structure of vegetation were generated: the LHDI
(LiDAR Height Diversity Index), the LHEI (LiDAR Height Evenness Index), and
the Rumple Index. The LHDI (Equation 2.4), which is similar to FHD (Foliage
Height Diversity index) used in the GEDI SLS system, measures the horizontal
structural diversity of a forest stand. It is an adaptation of the H' index and
provides information on canopy complexity and vegetation diversity at the
horizontal level. Higher LHDI values suggest greater variability in the structural
diversity of the forest. The LHEI (Equation 2.5) estimates the evenness of
vegetation distribution at the horizontal level. It is an adaptation of the J' eveness
index, first introduced by Listopad et al. (2015). Higher LHEI values indicate
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greater evenness and homogeneity in forest structure. The Rumple Index
(Equation 2.6) quantifies the roughness or structural complexity of the forest
canopy. High Rumple Index values suggest complex canopy with many
variations in height and density, thus indicating significant structural
heterogeneity. These indices were computed for each height stratum of the
Prometheus fuel classification (i.e., 0.60, 2, and 4 m).

LHDI = —Y[(P,) X In(P,)] (2.4)
LHEI = li*(’fh’) (2.5)

3D canopy surface area

Rumple index = (2.6)

ground area

where P is the proportion of returns at the defined Prometheus model intervals (h).

Structural metrics, textural variables, and forest diversity indices are typically
derived directly from the point cloud. However, managing the entire point cloud
in very high-resolution LIDAR datasets, such as those from ground-based laser
systems, can be challenging in terms of time and computational resources. In
such scenarios, alternative techniques such as voxelization are employed, which
consist of the conversion of the point clouds into three-dimensional voxels
(Figure 2.14). A voxel, short for "volumetric pixel”, represents a point in space
and serves as the fundamental unit of a three-dimensional image, analogous to a
pixel in a two-dimensional image. VVoxelization algorithms typically involve an
iterative process that organizes points into a regular three-dimensional grid of
voxels of a given resolution (Fernandez-Sarria et al., 2013). Each point in the
three-dimensional point cloud is assigned to a voxel based on its coordinates,
determining which voxel encompasses each point. Once voxels are generated,
the simplified dataset enables several forest analyses, such as quantification of
fuel volume (e.g., Barton et al., 2020; Eusuf et al., 2020), estimation of vertical
fuel layers (Arkin et al., 2021), detection of individual tree stems (Hershey et
al., 2022), wildfire modeling (Marcozzi et al., 2023), and description of complex
forest structure (Whelan et al., 2023). In this PhD Thesis, a voxelization process
was applied to the ground-based laser scanner system point cloud to estimate
fuel volume at a very high spatial resolution (5 cm?®) within each of the
Prometheus model height strata 0.60, 2, and 4 m). The voxelization enabled the
evaluation of the HMLS system's capability to define and assign Prometheus
fuel types in structurally complex forest stands (Chapter 5) and to improve the
identification of understory fuels, thereby improving the classification of the
Prometheus fuel types (Chapter 6).
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Original 3D tree point cloud Voxelization in regular intervals
; [ 111

Figure 2.14. Example of the voxelization process of a three-dimensional point cloud
generated for Chapters 5 and 6.

2.6.2. Multispectral-derived variables

Multispectral images acquired from Landsat-8 OLI satellite and the optical UAV
were processed to derive a set of spectral indices. Through the combination of
the different bands of the images, these indices provide valuable information on
vegetation health and productivity. In this PhD Thesis, a total of 9 different
vegetation indices and 3 additional indices derived from the Tasseled Cap
transformation were generated as independent variables for Chapters 3 and 4,
alongside variables derived from the three-dimensional point clouds,
considering the specific spectral bands that each of the two systems is capable
of recording.

The vegetation indices considered in this thesis, along with the formulas used to
derive them, are presented in Equations 2.7 to 2.15. The Normalized Difference
Vegetation Index (NDVI, Equation 2.7) is one of the most widely utilized indices
in forestry and remote sensing. Originally proposed by Rouse et al. (1974), the
NDVI measures vegetation greenness and density by calculating the normalized
difference between the red and near infrared bands, which are highly sensitive
to physiological changes in vegetation and exhibit contrasting responses. The
Soil Adjusted Vegetation Index (SAVI, Equation 2.8), proposed by Huete (1988),
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serves an alternative to NDVI by addressing the influence of ground reflectance.
To achieve this correction, a constant factor (L) is introduced, which dampens
the ground's effect. The value of L ranges from 0 to 1, representing areas of high
and low vegetation density, respectively. The Enhanced Vegetation Index (EVI,
Equation 2.9) was developed by Liu and Huete (1995) as a further refinement of
NDVI. EVI incorporates additional corrections to account for the influence of
atmospheric aerosols (factors C; and C;) using the red and blue bands, and
canopy background noise (factor K). The Advanced Vegetation Index (AVI,
Equation 2.10), introduced by Roy et al. (1996), is more sensitive to vegetation
guantity and offers more accurate estimates of canopy density. The Green
Normalized Difference Vegetation Index (GNDVI, Equation 2.11), proposed by
Gitelson et al. (1996), differs from NDV1 by using the green band instead of the
red band, enabling the estimation on photosynthetic activity and vegetation
moisture content. The Normalized Difference Moisture Index (NDMI, Equation
2.12), developed by Gao et al. (1996), utilizes the near infrared and shortwave
infrared bands to assess vegetation water stress. The Normalized Difference
Water Index (NDWI, Equation 2.13), developed by McFeeters (1996), employs
the same bands as GNDVI but with the operators arranged in reverse order as a
different way to estimate vegetation moisture content. The Normalized
Difference Red Edge Index (NDRE, Equation 2.14), proposed by Barnes et al.
(2000), serves as another alternative to NDV1 by using the red-edge band instead
of the red band, which provides higher sensitivity to vegetation condition and a
more contrasted response with the near infrared band. Consequently, NDRE
offers better estimates of plant water stress and is less prone to saturation issues
in dense vegetation areas. The Green Chlorophyll Index (GCI, Equation 2.15),
proposed by Gitelson et al. (2003), estimates chlorophyll content in vegetation
by using the near infrared and green bands.

Finally, using the Tasseled Cap transformation (Kauth and Thomas, 1976) on
the original image bands, three new bands were derived: band 1, or Brightness
(Equation 2.16), which estimates the total reflectivity of the image and is
associated with variations in ground reflectance; band 2, or Greeness (Equation
2.17), which estimates the vigor of the vegetation; and band 3, or Wetness
(Equation 2.18), which is related to the water content of the vegetation.

NIR — R

NDVI = (2.7)
NIR + R
sayp = & +L)x (NIR - R) (2.8)
NIR+ R+ L
EVI = Gf X NIk - R (2.9)

(NIR+C; XR—-Cy, XB)+K

60



Materials and methods

AVI = [NIR x (255 — R) x (NIR — R)]*/3 (2.10)
GNDV = HR=C (2.11)
NIR + G
NDM] = HR-SWIRL (2.12)
NIR + SWIR1
Npwi = LR (2.13)
G + NIR
NDRE = NIR — RedEdge (2.14)
NIR + RedEdge
NIR
Ger=(~2)-1 (2.15)
Brightness = 0.3029 X B + 0.2786 X G +
0.4733 X R + 0.5599 X NIR +
0.508 x SWIR1 + 0.1872 x SWIR?2 (2.16)

Greenness = —0.2941 X B — 0.243 X G —
0.5424 x R+ 0.7276 X NIR +
0.0713 X SWIR1 — 0.1608 x SWIR2 (2.17)

Wetness = 0.1511 X B + 0.1973 X G +
0.3283 X R + 0.3407 X NIR —
0.7117 x SWIR1 — 0.4559 x SWIR?2 (2.18)

where NIR is the near infrared band, R is the red band, Gf is a gain factor, C; and C;
are coefficients of the aerosol resistance, B is the blue band, K is the canopy
background adjustment, G is the green band, RedEdge is the red-edge band, SWIR1
is the shortwave infrared band 1, and SWIR2 is the shortwave infrared band 2.

2.7. FUEL TYPE IDENTIFICATION AND CLASSIFICATION

Descriptor variables of vegetation structure, texture, and volume derived from
the point clouds, together with the spectral indices from Landsat-8 OLI and the
optical UAV, served as the primary inputs for identifying the Prometheus fuel
types using each of the assessed systems. For this purpose, machine learning-
based supervised classification models were applied in Chapters 3, 4, and 6,
while a quantitative estimation of fuel volume was utilized in Chapter 5.

Machine learning models require a prior selection of variables to identify those
that best predict the reality being modeled, following the principles of the Law
of Parsimony. Some of the numerous variable selection techniques used in
forestry studies include LASSO (Kantola et al., 2010; Domingo et al., 2019a),
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stepwise (Garcia-Gutiérrez et al., 2013; Jarron et al., 2020), principal
components analysis (Fayad et al., 2014; Silva et al., 2016), VSURF (Rodriguez-
Puerta et al., 2020), and Boruta (Blackburn et al., 2021; Donager et al., 2021a).
In this PhD Thesis, variable selection was performed using the non-parametric
Spearman's rank correlation coefficient (Spearman, 1904), Kruskal-Wallis H test
(Kruskal and Wallis, 1952) and Dunn's test for multiple comparisons (Dunn,
1964). Spearman and Kruskal-Wallis tests were used for the initial selection of
GEDI variables and Landsat-8 OLI vegetation indices (Chapter 3). Spearman's
rank correlation coefficient provided the direction and strength of the
relationships between predictor variables and ground-truth. This selection
method has been widely used in forestry studies (e.g., Zellweger et al., 2013;
Adhikari et al., 2020; Domingo et al., 2020; Revilla et al., 2021) and it is
considered a good tool to establish relationship between LIDAR and ground-
truth data (Kristensen et al., 2015). On the other hand, Kruskal-Wallis tested for
significant differences in the predictor variables for the different categories of
the ground-truth. The null hypothesis states that the variables come from
identical populations, while the alternative hypothesis assumes that at least one
group comes from a different population than the others. This means that
alternative hypothesis is satisfied when the variables are able to differentiate
between the fuel types that constitute the ground-truth, although the test does not
specify which fuel types are distinct. For this reason, Dunn's test was used as the
third selection method for Chapter 3 and, given the good results provided, the
unique method in Chapters 4 and 6. Dunn’'s test is similar to Kruskal-Wallis test
but possesses the capability to identify the fuel types that exhibit significant
differences. In essence, Dunn's test specifies which pairs of the Prometheus fuel
types (i.e., FT2-FT3, FT2-FT4, etc.) are distinguished by the predictor variables.
It is a semi-automatic selection method, as the user ultimately decides which
variables to introduce into the classification models based on the results provided
by the test. A variable may be selected if it has a high potential to distinguish
between a large number of pairs of fuel types. However, a variable may also be
selected if it can distinguish between a few pairs or even a single pair of fuel
types that no other variable can differentiate. Thus, users may consider variables
for classification models not only for the quantity of fuel type pairs they can
differentiate but also for the quality of the distinction.

Classification models based on machine learning enable the identification of
categories or groups (e.g., the fuel types) from a set of input variables. Their use
in forestry studies is well established, including Gradient Nearest Neighbor
(GNN) imputation (Pierce et al., 2009), Classification and Regression Tree
(CART) (Pierce et al., 2009; Chirici et al., 2013), Support Vector Machine
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(SVM) (Garcia et al., 2011; Alonso-Benito et al., 2012; Domingo et al., 2020),
Stochastic Gradient Boosting (SGB) models (Chirici et al., 2013), and Random
Forest (RF) (Hudak et al., 2016; Domingo et al., 2020). In this PhD Thesis, the
non-parametric classification models RF and SVM with linear and radial kernel
were used to identify the Prometheus fuel types. RF involves constructing
multiples decision trees, each of which splits the data into smaller and
homogeneous subsets. Through bagging, multiple data samples are generated,
and each decision tree is trained on a different sample. The final classification is
determined by aggregating the predictions of all the trees and selecting the most
frequent class. SVM works by identifying a hyperplane that best separates the
different classes in a two-dimensional, three-dimensional, or higher-dimensional
space. The margins represent the distance between the hyperplane and the
nearest data points (i.e., support vectors) of each class. The objective of SVM
algorithms is to maximize these margins to achieve the best separation between
classes. The support vectors that are closest to the hyperplane are crucial because
they define the optimal hyperplane and its margins. SVM can employ different
kernel functions to transform the original data into a higher-dimensional space
to find the hyperplanes that separate the classes most effectively. Linear kernels
SVM use the original input data space, while radial kernels SVM transform the
data into a higher-dimensional space to better identify the separating
hyperplanes. In both cases, it is necessary to adjust the “cost" parameter, which
penalizes classification errors while maximizing margins. A higher "cost" value
minimizes classification errors at the expense of smaller margins, and vice versa.
The RF and SVM models were assessed using "overall accuracy” (OA) and
Cohen's kappa (k) coefficients, along with confusion matrices. OA and «
coefficients offer a comprehensive assessment of model performance. OA
measures the proportion of accurate predictions made by the model out of all
predictions. In turn, k complements OA by correcting for the rate of agreement
that could be due to chance. Confusion matrices describe the models'
performance by indicating the accuracy and misclassification rates for each
class. Errors can occur in two ways: commission errors, where the model
incorrectly predicts a category, and omission errors, where the model fails to
predict a category correctly. The combination of both information enables the
calculation of the F-score (F) metric, used in Chapter 6, which facilitates the
evaluation of error for each class and the analysis of confusion among the
different classes within the model.

Additionally, in Chapter 6, the results of the classification models were used to
predict and map the Prometheus fuel types across the UAV flight areas,
extending beyond the surveyed plots. Both RF and SVM models can function
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for classification and regression, enabling the spatial extension of results to
larger areas. In this way, it is intended to demonstrate the capability of these tools
not only to identify fuel types but also to predict them at larger spatial scales.
Thus, the generation of fuel type maps can be highly valuable for wildfire
management.

Finally, in Chapter 5, the fuel types were identified using quantitative data
directly related to the vertical distribution of the fuel, rather than machine
learning classification models. For this purpose, the voxels of 5 cm?® resulting
from the voxelization process of the very high-density point cloud were used.
The availability of such detailed information for each height stratum allowed the
generation of fuel volume distributions in order to detect the typical distribution
of each Prometheus fuel type, thus enabling a more accurate assignment of each
plot's fuel type. This approach aims to improve the definition of fuel types in
structurally complex forest plots, where field observation of fuels can be
challenging due to the lack of homogeneous plots with respect to their dominant
fuel type, and the presence of mixed fuels, particularly in Mediterranean
environments. In addition, variables related to fuel volume in each Prometheus
height strata (0.60, 2, and 4 m) were generated from the voxels and combined
with the structural variables generated from the data recorded by the UAV-
LIiDAR in Chapter 6, with the aim of determining if integrating data from both
systems improves the identification of fuel types, especially those related to the
understory.

2.8. COMPARATIVE ANALYSIS OF REMOTE SENSING SYSTEMS

The results obtained from the classification (Chapters 3, 4, and 6) and definition
(Chapter 5) of the Prometheus fuel types provided a foundation for evaluating
the capabilities and limitations of the systems analyzed in this PhD Thesis for
effective forest fuel management. In addition, other contemporary systems of
significant interest have been considered. These include the ICESat-2/ATLAS
SLS system, commercial and non-commercial ALS systems, and TLS systems.
ICESat-2/ATLAS represents an emerging three-dimensional remote sensing
technology, contemporaneous with the other SLS system analyzed (GEDI), with
the capability to analyze forest ecosystems, although its initial focus was on ice
masses. ALS systems represent a widely used data source for forest fuel
estimation. During the course of this thesis, non-commercial ALS data have been
examined indirectly through a minor contribution to the work of Domingo et al.
(2020) and have been utilized as auxiliary data to normalize the heights of the
photogrammetric point cloud generated by the optical UAV. TLS systems are
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highly regarded as valuable tools for estimating forest fuels, as they enable the
collection of data with exceptionally high spatial resolution. This capability
provides critical insights into understory and ground fuels. Additionally, TLS
allow for direct comparisons with the HMLS system analyzed in this thesis.

To minimize potential bias between the systems evaluated in the core of the PhD
Thesis and those that have not been directly assessed, a literature review was
conducted to better understand the capabilities of these systems for improved
forest fuel estimation. A total of 167 scientific articles were consulted in journal
indexed in the Scopus, Web Of Science, and FECYT databases. In addition, 9
web portals of the non-commercial ALS data providers with national coverage
were checked with the support of the report published by Kakoulaki et al. (2021).
The following number of articles were consulted for each system: 32 for GEDI,
27 for ICESat-2/ATLAS, 43 for ALS systems, 31 for optical UAVs, 32 for
UAV-LIDAR systems, 11 for HMLS systems, and 47 for TLS systems. The
review covers research published since 2006, but 73% of the focus is on articles
published during the thesis development period (2020-2024) with 95% of the
sources coming from the last 10 years (2015-2024). It is important to note that
some reviewed works utilize several of these systems simultaneously, so the total
number of articles does not match the sum for each individual system.

The comparative analysis was conducted focusing on three main components:
intrinsic characteristics, data processing and analysis capabilities, and accuracy
in estimating fuel types for each system. Each component was divided into five
different functionalities, which were scored on a scale of 0 to 3, where O
indicated a non-existent functionality, and 1, 2, and 3 represented low, medium,
and high capacity, respectively, for each evaluated system. In this manner, a total
score was obtained for each component, and the sum of these scores provided an
overall score, which served to semi-quantitatively evaluate the capabilities of
each system.

To evaluate the intrinsic characteristics of each system, the following
functionalities were considered: (i) sampling density (i.e., points, pulses, or
footprints), which determines the spatial resolution of the data, and
consequently, the precision and accuracy of the information obtained; (ii)
temporal resolution, which reflects the system's ability to acquire data at
different time intervals; (iii) low economic cost to user, indicating the initial
financial investment required to operate the system; (iv) spatial coverage,
representing the area that the system can record; and (v) accuracy of planimetric
and altimetric location, which refers to the mean geolocation error in data
acquisition.
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The data processing and analysis capabilities of each system was evaluated based
on the following functionalities: (i) computational requirements, determined by
the size of the data obtained; (ii) processing accessibility, referring to the
availability of tools for data processing, as well as whether these tools are
proprietary or open-source; (iii) the intensity of field work required to accurately
obtain the data; (iv) pre-processing requirements, representing the system's
compatibility with the typical workflow of three-dimensional point cloud
processing (see Figure 2.13), and (v) the accuracy in generating independent
predictor variables for estimating fuel types.

Finally, the functionalities evaluated to determine the accuracy in estimating fuel
types were as follows: (i) the accuracy in the classification and/or definition of
fuels, based on the results of the classification models and fuel vertical volume
distributions; (ii) the capability for multisensor integration, specifically the
merging of three-dimensional point clouds with optical sensors and other
systems; (iii) the ability to integrate multiplatform laser or photogrammetric
systems; (iv) the effective working scale of the results obtained, ensuring their
applicability to forest fuel management; and (v) the capacity for spatializing the
results to generate forest fuels maps, while considering the effective scale
required for forest management.
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The GEDI system on the ISS. Photographs by NASA (https://gedi.umd.edu/gallery/).
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ABSTRACT

Identification of forest fuels is a key step for forest fire prevention since they provide valuable
information of fire behavior. This study assesses NASA’s Global Ecosystem Dynamics
Investigation (GEDI) system to classify fuel types in Mediterranean environments according
to the Prometheus model in a forested area of NE Spain. We used 59,554 GEDI footprints and
extracted variables related to height metrics, canopy profile metrics, and aboveground
biomass density estimates from products L2A, L2B, and L4A, respectively. Four quality
filters were applied to discard high uncertainty data, reducing the initial footprints to 9,703.
Spectral indices from Landsat-8 OLI scenes were created to test the effect of their integration
with GEDI variables on fuel types estimation. Ground-truth data were comprised of
Prometheus fuel types estimated in two previous studies. Only the types that matched in each
GEDI footprint in both studies were used, resulting in a final sample of 1,112 footprints.
Spearman’s correlation coefficient, Kruskal-Wallis and Dunn’s tests determined the variables
to be included in the classification models: the relative height at the 85th percentile, the Plant
Area Index, and the Aboveground Biomass Density from GEDI, and the brightness from
Landsat-8 OLI. Best performances were achieved with Random Forest (RF) and Support
Vector Machine with radial kernel (SVM-R), which were lower including only GEDI
variables (accuracies: RF and SVM-R = 61.54%) than integrating the brightness from
Landsat-8 OLI (accuracies: RF = 83.71%, SVM-R = 81.90%). These results allow validating
GEDI for fuel type classification of Prometheus model, constituting a promising information
for forest management over large areas.
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1. INTRODUCTION

One of the most common worldwide disturbances of forests are wildfires. In
particular, Mediterranean ecosystems are recurrently affected by forest fires,
averaging 45,000 events yearly (Oliveira et al., 2012), which produce negative
environmental effects, such as soil erosion, biodiversity loss, or greenhouse
effect increase. Thus, it is essential to understand fire behavior to help forest
managers prevent forest fires and evaluate fire risk over population. In this sense,
forest fuels provide valuable information on fire spread and intensity, as they
determine the fire regime (Flannigan et al., 2000). In addition, forest fuels
represent all the organic matter available for combustion in a forest fire and are
the only driver that can be quantified to assess fire risk (Ferraz et al., 2016). In
general, forest fuels are classified into different fuel types based mainly on the
height and density of vegetation, presenting similar fire behavior (Huesca et al.,
2019). Several fuel type classifications have been developed in last decades,
most of them in USA and Canada, such as the Rothermel fire-spread model
(Rothermel, 1972) or the Northern Forest Fire Laboratory (NFFL) model
(Albini, 1976). The Prometheus model (Prometheus, 1999) adapts the NFFL fuel
types to Mediterranean environments (Riafio et al., 2002), considering
vegetation height and density as the main fire spreaders and comprising seven
categories: one for grassland (FT1), three for shrublands (FT2, FT3, FT4), and
three for woodlands (FT5, FT6, FT7) (Table 1).

Table 1. Prometheus fuel types classification.

Vertical
Main Shrub mean difference
Fuel type | fire Cover . between
: height
carrier shrubs and
trees
FT1 Grass > 60% grass
FT2 50% ] 0.30-0.60 m
> 60% grass an
FT3 Shrubs < 50% trees (> 4 m) 0.60 —2.00 m
FT4 2.00-4.00 m
< 30% shrub and
FT5 > 50% trees (> 4 m)
FT6 Trees 5 300 shrub and >0.50 m
FT7 > 50% trees (>4 m) <0.50m
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Remote sensing, specifically LIDAR (Light Detection and Ranging) technology,
is particularly useful for classifying forest fuels, as they are capable of modelling
forest features such as vegetation height, crown density, or biomass volume
(Revillaetal., 2021). Furthermore, integration of LIDAR data with multispectral
Imagery can provide an improvement in forest fuel model classification (e.g.,
Garcia et al., 2011; Marino et al., 2016; Domingo et al., 2020). Several studies
have used spaceborne LIDAR sensors for forest fuel estimation. For instance,
the NASA’s Geoscience Laser Altimeter System (GLAS) was used to estimate
fire fuel models (e.g., Ashworth et al., 2010), canopy fuel properties for crown
fire behavior (e.g., Garcia et al., 2012), and canopy structure and fuel data (e.g.,
Peterson et al., 2013). The NASA’s Advanced Topographic Laser Altimeter
System (ATLAS) instrument, launched in 2018, can also be used for vegetation
characterization (Narine et al., 2020), although few studies have been conducted
to date (e.g., Narine et al., 2019; Lin et al., 2020; Jiang et al., 2021) and none of
them on the estimation of forest fuels. However, it should be noted that both
GLAS and ATLAS systems were not initially optimized for vegetation and forest
structure characterization (Potapov et al., 2021; Leite et al., 2022). The NASA’s
Global Ecosystem Dynamics Investigation (GEDI), launched in late 2018, is the
first spaceborne full-waveform LIDAR system capable of measuring forest
vertical structure (Lang et al., 2021; Silva et al., 2021). GEDI differentiates from
others spaceborne LIiDAR systems in its penetration capability in dense
vegetation (Leite et al., 2022), reported in up to ~99% canopy cover (Hancock
et al., 2019; Duncanson et al., 2020). GEDI system has been used in recent
studies to estimate forest attributes (e.g., Fayad et al., 2021b; Potapov et al.,
2021; Rishmawi et al., 2021), biomass (e.g., Duncanson et al., 2020; Puletti et
al., 2020; Silva et al., 2021), vegetation height growth dynamics (Guerra-
Hernandez and Pascual, 2021), and its accuracy for canopy height and above-
ground biomass estimates have been assessed (e.g., Dorado-Roda et al., 2021,
Fayad et al., 2021a; Lang et al., 2021). However, until now, research concerning
forest fuels using GEDI have only been conducted by Leite et al. (2022), who
specifically focused on fuel loads in a Brazilian savanna region. Thus, the
capability of GEDI for the estimation of fuel types has not yet been evaluated,
even though it could help to improve their identification and classification. Data
collected by GEDI provide valuable large-scale information that can be used
freely and efficiently by users, instead of costly regional and/or national
initiatives. It could also support other remote sensing data sources which have
proven to be efficient for forest fuels modelling, such as multispectral imagery,
airborne laser scanner (ALS) systems, unmanned aerial vehicles, or other current
and future satellite LIDAR systems.
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In this context, the overall goal of our study is to assess the capability of GEDI
to estimate Prometheus fuel types in a Mediterranean forest environment by
means of machine learning classification techniques. Our main hypothesis is that
GEDI is able to estimate Prometheus fuel types, constituting a valuable
information for forest fire prevention at large spatial scales in Mediterranean
ecosystems, especially in areas where there is a lack of other LIDAR data to
work with. To this end, in order to overcome the high uncertainty in location and
poor signal quality of some footprints of GEDI data (Dubayah et al., 2020a), we
especially focus on the filtering process of the data to obtain a highest accurate
sample to work with. In addition, we test the effect of integrating spectral indices
from Landsat-8 Operational Land Imager (OLI) multispectral imagery into the
GEDI data to improve the classification of forest fuels.

2. MATERIALS AND METHODS

To reach the objectives we have developed a methodology for the selection of
the highest quality GEDI footprints and their integration with multispectral
imagery from Landsat-8 OLI. Then, we have assigned the ground-truth to each
footprint, consisting in Prometheus fuel types mapped in two previous studies.
After that, we have selected the most relevant GEDI variables, which have been
finally introduced in the classification models using machine learning
techniques. Figure 1 synthetizes in a scheme the methodological steps developed
in this study.
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Figure 1. Synthetic scheme of the methodology followed in this study.
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2.1. Study area

The study was carried out in the central sector of the Ebro Valley, located in the
Autonomous Community of Aragon in the northeast of Spain (41°51' N, 0056’
W) (Figure 2). The climate of the area is semi-arid, with low and irregular annual
precipitations, averaging 350 mm yearly. The annual temperature is ~14°C, with
high daily and interseasonal temperature gradient. The study area is mostly
placed inside the Military Training Center "San Gregorio", owned by the
Ministry of Defense of Spain. The main land covers include grassland,
shrublands, and natural forest of Aleppo pine (Pinus halepensis Mill.) with
understory dominated by kermes oaks (Quercus coccifera), cade junipers
(Juniperus oxycedrus), thymes (Thymus vulgaris), and rosemary (Rosmarinus
officinalis) (Montealegre et al., 2016).
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Figure 2. Study area on the central sector of the Ebro Valley, in Aragon (NE Spain), and
examples of each Prometheus fuel type within a selection of GEDI footprints.
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2.2. GEDI data processing

GEDI began collecting data worldwide in April 2019 between the 51.6°N and
51.6°S latitudes (Dubayah et al., 2020b). The instrument, onboard the
International Space Station, is equipped with 3 lasers operating in the near
infrared region (1064 nm). One of the lasers is split into two coverage beams
while the other two are full-power beams. The 4 beams are dithered across track
to produce a total of 8 beam ground transects of footprints of 25 m diameter,
separated 60 m and 600 m along-track and cross-track, respectively. To perform
this study, we have used information stored in footprint data sets with three
processing levels: Level 2A Elevation and Height Metrics Data, Version 2 (L2A)
(Dubayah et al., 2021a), Level 2B Canopy Cover and Vertical Profile Metrics
Data, Version 2 (L2B) (Dubayah et al., 2021b), and Level 4A Aboveground
Biomass Density, Version 2.1 (L4A) (Dubayah et al., 2022), which also provide
a set of quality flags that allow filtering footprints with high geolocation
uncertainty, poor signal quality, and shots affected by atmospheric noise and
cloud cover (Dubayah et al., 2020a). The L2A product includes relative height
metrics in 100 height intervals or percentiles (RHO, RH1... RH100). The L2B
product contains canopy profile metrics: the total Plant Area Index (PAI), the
vertical Plant Area Volume Density profile (PAVD), the Foliage Height
Diversity index (FHD), and the Total Canopy Cover (TCC). The L4A product
stores estimations of above-ground biomass density (AGBD) derived from the
L2A data. The L2A and L2B products have been processed from the Level 1B
Geolocated Waveform Data, Version 2 (L1B) (Dubayah et al., 2021c) corrected
waveforms using six different algorithm setting groups as a result of different
processing of the L1B waveforms and noise thresholds. Therefore, for each
product there are six different data versions. Nevertheless, this study focuses on
the first algorithm setting group, which works properly in the majority of cases
(Dubayah et al., 2020a) as it uses conservative thresholds for the waveform
signal (Roy et al., 2021). A total of 59,554 footprints stored in 45 orbit tracks
registered between April 2019 and December 2021 in our study area were used.
To download and process all GEDI data the 4.0.3 version of R environment (R
Core Team, 2020) and the ‘rGEDI’ package (Silva et al., 2020) were used, while
the L4A data were downloaded using NASA-Earth Data platform
(https://search.earthdata.nasa.gov/, last accessed 28 Mar 2022). GEDI footprints
within our study area were delineated by obtaining their centroid from the
geolocated XY data of the L2A product. Since RH variables consists of 100
height percentiles, we arbitrary reduced its initial number by selecting only RH
variables every 5 percentiles from RHO to RH95 along with RH98, RH99, and
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RH100, in order to reduce time costs in processing in the following stages of the
study.

Waveforms from a spaceborne LIDAR system are recurrently affected by
cosmic/solar noise, the Earth’s atmosphere, and cloud cover, which disturb the
quality of the laser signal all the way from the sensor to the ground, affecting
derived estimations such as height metrics and biomass estimations. In order to
gather a sample with the highest quality, four filters were applied to GEDI data.
First, footprints with the ‘quality flag’ attribute classified as 0 were discarded,
meaning that laser shot does not meet the minimum quality requirements based
on energy and amplitude (Dubayah et al., 2021c), and that the beam sensitivity
has insufficient power to penetrate to the ground (Hofton and Blair, 2019).
Second, observations acquired at day time were rejected to avoid negative
impact of solar noise on GEDI waveforms (Potapov et al., 2021). Third,
following Roy et al. (2021), samples with potential degraded geolocation were
rejected based on the ‘degrade flag’ attribute. Finally, due to the geolocation
uncertainty of GEDI data, in order to ensure the homogeneity in fuel type of
GEDI footprints, shots with high land cover heterogeneity were disregarded
using ALS information. For this, we used the 99'" percentile of the canopy height
as reference metric ("Elev.P99"), as one of the main bases of Prometheus fuel
types is the height of vegetation. "Elev.P99" was derived from public ALS data
from the Spanish National Plan for Aerial Orthophotography (PNOA), captured
between 15 October and 16 November 2016. To create "Elev. P99" we removed
noise and overlapping returns. Then, following Montealegre et al. (2015a,
2015b), ground points were classified using the MCC 2.1 command-line tool
(Evans and Hudak, 2007) and interpolated using a TIN interpolation method
(Renslow, 2013) to generate a Digital Elevation Model (DEM) of 1 m spatial
resolution. We normalized return heights by subtracting DEM heights using
FUSION/LDV 4.21 open-source software (McGaughey, 2021) and extracted the
"Elev. P99" metric, which was then rasterized at 10 m spatial resolution. We
established this pixel size in order to gather a sufficient number of returns from
the low-density ALS-PNOA point-cloud (Gelabert et al., 2020). Then, the
spatialized "Elev.P99" metric was extracted to each GEDI footprint by applying
a buffer to avoid geolocation error in GEDI data. We used a circular buffer of 30
m radius, as for release versions 2 and 2.1 it is reported a geolocation error of
about 10.2 m (Dubayah et al., 2021c). In this way, we ensure that we cover all
the spatial uncertainty in the footprints, since the geolocation error can occur in
any direction, thus extending the uncertainty to>20 m, considering the 10 m
spatial resolution of the spatialized "Elev.P99" metric. Finally, we filtered out
footprints with high heterogeneity at the 99" percentile (i.e., significant
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differences in "Elev.P99" pixel values), which indicates that the footprint does
not have homogeneous land cover. For this purpose, we defined as a threshold
the standard deviation greater than the 8" decile. Therefore, footprints with a
standard deviation of "Elev.P99" pixel values higher than the defined threshold
were labeled as heterogeneous in land cover and thus discarded. These filtering
processes reduced the number of footprints to 9,703, a 16% of the initial sample
(Table 2), as observed in Figure 3.

Table 2. Sequentially reduction of the number of GEDI footprints and percentage of
remaining footprints by filter applied.

Number of  Pereentage o
footprints footprints
Initial footprints 59,554 100%
Filter 1: Quality Flag -37,532 37%
Filter 2: Day time observations -9.240 22%
Filter 3: Degraded geolocation -96 21%
Filter 4: High land cover heterogeneity —2,983 16%
Footprints remaining 9,703 16%
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Figure 3. Spatial location of the initial GEDI footprints (left) and the remaining GEDI
footprints (right) after filtering.
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2.3. Landsat-8 OLI data and spectral indices

Landsat-8 OLI images were used to produce seven spectral indices. The OLI
instrument began collecting data in April 2013 in the visible and infrared spectral
regions, and includes a panchromatic band. In this study, we used the visible and
near infrared bands of 30 m spatial resolution from the terrain-corrected scenes
(L1T: "LANDSAT/LC08/C01/T1_SR"). Monthly images from June, July, and
August 2019, 2020, and 2021 with less cloud cover than 10% were selected for
the study area and processed through Google Earth Engine (GEE) (Gorelick et
al., 2017). The seven spectral indices produced were: The Normalized Difference
Vegetation Index (NDVI) (Eg. 1; Rouse et al., 1974), the Normalized Difference
Moisture Index (NDMI) (Eq. 2; Masek et al., 2006), the Enhanced Vegetation
Index (EVI) (Eq. 3; Liu and Huete, 1995), the Soil Adjusted Vegetation Index
(SAVI) (Eq. 4; Huete, 1988), brightness, greenness, and wetness of the Tasseled
Cap transformation (Egs. 5-7; Kauth and Thomas, 1976). The GEE code
developed for this study was a modification of the original by Decuyper et al.
(2022).

NIR — R

NDVI = (1)
NIR + R
NDMI = NIR — SWIR1 (2)
NIR + SWIR1
EVI =25 X NIk — R (3)
(NIR+6XR—75%XB)+1
sAvI = —222F % (1 +0.5) (4)

(NIR+R+0.5)

Brightness = 0.3029 X B + 0.2786 X G + 0.4733 X R +
0.5599 x NIR + 0.508 x SWIR1 + 0.1872 X SWIR2 (5)

Greenness = —0.2941 X B — 0.243 X G — 0.5424 X R +
0.7276 X NIR + 0.0713 x SWIR1 — 0.1608 X SWIR2 (6)

Wetness = 0.1511 X B +0.1973 X G + 0.3283 X R +
0.3407 X NIR — 0.7117 x SWIR1 — 0.4559 x SWIR?2 (7)

where NDVI is the Normalized Difference Vegetation Index, NDMI is the
Normalized Difference Moisture Index, EVI is the Enhanced Vegetation Index, SAVI
is the Soil Adjusted Vegetation Index, SWIR1 is the shortwave infrared band 6, NIR
is the near infrared band, R is the red band, G is the green band, and B is the blue
band.

From the initial 9 images of each spectral index, we calculated their maximum
value to create a single composite image that better capture the vegetative period
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variability. Finally, from each composite image we calculated the mean value of
all pixels within each GEDI footprints for each index, applying a circular buffer
of 30 m radius to avoid GEDI geolocation uncertainty (Dubayah et al., 2021c).

2.4. Forest fuels ground-truth data

In order to assess GEDI for forest fuels modeling, the ground-truth data was
obtained from two previous studies conducted in the same area to estimate and
map Prometheus fuel types. The first was developed by Montealegre et al.
(2015c¢) (thereafter, study 1), and the second was conducted by Revilla et al.
(2021) (thereafter, study 2). Study 1 combined ALS-LIDAR data from PNOA
and optical imagery from SPOT-5 satellite, acquired in 2011 and 2010,
respectively, for spatializing the fuel types using Maximum Likelihood
supervised classification method, obtaining an overall accuracy of 72.7%. Study
2 assessed the suitability of the Discrete Anisotropic Radiative Transfer model
DART (Gastellu-Etchegorry et al., 2016) to simulate low-density ALS-PNOA
measurements and identify the fuel types. They selected the most highly
correlated structural variables between the simulated and real ALS-PNOA data
from 2016 using Spearman’s rank correlation coefficient to classify the fuel
types through Support Vector Machine, reaching overall accuracies of 91% and
86% using the simulated and real variables, respectively. To make this
information more robust, as both data came from classification models with
different global accuracies with uncertainties, it was decided to double-check
both mappings, so that only footprints with the same fuel type in both studies
were kept, being the ones that finally became part of the ground-truth. This
caused an absence of fuel type FT6 and a very small sample size of FT5. It is
important to highlight that the presence of these two fuel types was initially low,
as some sectors of the study area were affected by forest fires in 1995 and 2008.
In this sense, according to Domingo et al. (2020), these burned areas have a high
density of shrubs that continue up to the tree strata (i.e., FT7). Furthermore,
Gelabert et al. (2020) reported that differences in forest structure can be present
in Aleppo pine stands after 21 years of a forest fire in Mediterranean
environments. Forest fuel estimations for study 1 were acquired in a raster file
format, 10 m spatial resolution. For study 2, it was required to spatialize the
model at 25 m grid resolution considering the size of the field plots of this study
and GEDI footprint size. We extracted the mode of the pixel values (i.e., the fuel
types) contained in each selected GEDI footprint using the same circular buffers
as in previous steps. Furthermore, due to the smaller pixel size of study 1
compared to the GEDI footprint size, in order to ensure that the fuel type within
each footprint was homogeneous, we only considered footprints with a fuel type
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mode exceeding a majority of 65%. As a result, two Prometheus classes —one
from study 1 and other from study 2— were assigned to each GEDI footprint.
Finally, we did the selection of footprints with matching fuel types from both
studies, resulting in a final sample of 1,112 footprints.

2.5. Classification of Prometheus fuel types and model validation

A primary selection of GEDI and Landsat-8 OLI variables for classification of
Prometheus fuel types was performed using three approaches for non-parametric
data. The Spearman’s rank correlation coefficient, considered a good tool to
determine relationship between LIiDAR and ground-truth data (Kristensen et al.,
2015), determined the direction and strength of the relationship between
Prometheus fuel types and GEDI and Landsat-8 OLI data. The Kruskal-Wallis
and the Dunn’s tests determined if there were significant differences of each
selected variable between the Prometheus fuel types. After comparing results
from the three selection methods, the only one variable from L4A product was
selected for input into the classification models along with one very significant
variable from each of the products L2A and L2B, and the most significant
variable from the multispectral indices. We only introduced one variable per
GEDI product and multispectral indices in order to build parsimonious models
and to avoid collinearity problems. Then, two classification methods were tested
to classify Prometheus fuel types: Random Forest (RF), calculated using the R
"randomForest” (Liaw and Wiener, 2002) and ‘caret’ (Kuhn, 2008) packages,
and Support Vector Machine (SVM), computed with both radial (SVM-R) and
linear (SVM-L) kernels using the R package "e1071" (Meyer et al., 2020). After
testing different combinations of parameters, RF models were parametrized with
500 trees and 2 metrics in each node, while SVM models were SVM-R and
SVM-L, respectively. All explanatory variables were normalized before
introducing them in the models. Two classifications were performed: the first
one including exclusively GEDI most suitable variables, and the second one
integrating variables from first classification with the most relevant spectral
index from Landsat-8 OLI. To validate the models, the dataset was split into
training and test sets (80% and 20% of the cases, respectively), resulting in a
relatively balanced distribution of each fuel type (Table 3). The overall accuracy
and Cohen’s kappa coefficients were used to assess and determine the best
classification models in general terms, and the confusion matrices allowed us to
assess the prediction accuracies of the different fuel types, considering the user’s
and producer’s accuracies in classification, determined by the commission and
omission errors, respectively (Pontius et al., 2008).
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Table 3. Number of training and test GEDI footprints and percentage (in brackets) of total
GEDI footprints per Prometheus fuel type assigned for the classification models.

Dataset | FT1 FT2 FT3 FT4 FT5 FT7 Total
. 211 177 173 150 11 169 891

Training
(78%) | (81%) | (82%) | (83%) | (85%) | (78%) | (80%)
Test 61 42 38 30 2 48 221

es
(22%) | (19%) | (18%) | (17%) @ (15%) | (22%) @ (20%)
Total 2172 219 211 180 13 217 1,112

3. RESULTS

3.1. Fuel type classification using GEDI variables

The variables selected by the Spearman correlation coefficients and the Kruskal-
Wallis and the Dunn’s tests to be introduced in the models were the relative
height at the 85" percentile (RH85) and the PAI from the L2A and L2B products,
respectively, along with the AGBD from the L4A product. Complete results of
the variables selection are shown in the Appendix (Tables A.1, A.2, and A.3).
The best performances were obtained with RF and SVM-R, both reaching an
overall accuracy of 61.54%, with a kappa coefficient of 0.51. The lowest
performance was obtained with SVM-L, with an overall accuracy of 57.46% and
a kappa coefficient of 0.45. Confusion matrices for the three classification
methods showed an important confusion in shrub fuel types (FT2, FT3, and FT4)
(Table 4). FT2 reached the lowest accuracy in shrub types, since many of them
were misclassified in FT1. There was also a significant error in FT4, with most
of cases being categorized in shrub types FT2 and FT3, but also in tree type FT7.
Furthermore, the few samples of FT5 were inaccurately classified in FT7. On
the contrary, there was better success on classification of FT1 and FT7.
Complete results of the confusion matrices can be seen in Tables A.4, A.5, and
A.6 of the Appendix.

81



Chapter 3

Table 4. Comparison between Producer's accuracies and User's accuracies of Prometheus fuel
types classification methods for the selected GEDI variables (RH85 + PAI + AGBD).

Fuel Producer's accuracy User's accuracy

types SVM-R SVM-L RF SVM-R | SVM-L RF
FT1 93.44% 93.44% 83.61% 74.03% 73.08% 77.27%
FT2 23.81% 26.19% 30.95% 35.71% 26.83% 41.94%
FT3 52.63% 21.05% 47.67% 46.51% 50.00% 42.86%
FT4 26.67% 33.33% 43.33% 50.00% 41.67% 46.43%
FT5 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
FT7 85.42% 85.42% 85.42% 71.93% 66.13% 75.93%

3.2. Fuel type classification using GEDI and Landsat-8 OLI variables

The brightness of Tasseled Cap transformation was the most suitable variable of
the Landsat-8 OLI spectral indices for differentiating between Prometheus fuel
types according to the Spearman correlation coefficients and the Kruskal-Wallis
and the Dunn’s tests (Tables A.1, A.2, and A.3). It was therefore selected for
input into the classification models along with the three most explanatory GEDI
variables. The integration of the brightness with RH85, PAI, and the AGBD
substantially improved the performance of the classification models, achieving
an increase of 30% of average accuracy using the combination of both data
sources. Figure 4 presents the distribution of the values of these four explanatory
variables for the different Prometheus fuel types. It can be observed how the
brightness is crucial to distinguish between fuel types FT1, FT2, and FT3, and
between FT5 and FT7. The best performance was achieved with RF, reaching
an overall accuracy of 83.71%, with a kappa coefficient of 0.79. SVM models
had slightly lower performances than RF, with an overall accuracy of 81.90%
and a kappa coefficient of 0.77 in the SVM-R model, and an overall accuracy of
81% and a kappa coefficient of 0.76 in the SVM-L model.
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Figure 4. Distribution values of the selected GEDI and Landsat-8 OLI variables for the
Prometheus fuel types classification.

The integration of brightness produced less confusion in all fuel types, especially
in the shrub fuels (FT2, FT3, and FT4) which had the highest confusion rates
when only GEDI variables were introduced into the classification models. An
improvement in omission error of 36.68% was achieved, always exceeding the
50% of hits in each fuel type (Table 5). FT2 was now the shrub type with the
highest hit rates, whereas FT4 had the highest confusion. Few FT2 samples were
incorrectly classified in FT1, while in FT3 confusion was found between FT2
and FT4, and some FT4 samples were misclassified in FT7. Nonetheless,
integration of the brightness did not allow to correctly categorize the scarce
samples of FT5, which were classified into FT7. The hit rates for the FT1 and
FT7 fuel types improved by an average of 9% and 2%, respectively, with respect
to the models using only GEDI variables, highlighting the very high hit rate in
FT1, which reached a 100% hit rate with both SVM classification methods.
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Finally, hit rates by fuel type were more balanced when classifying with RF than
with SVM models. Complete results of the confusion matrices can be seen in
Tables A.7, A.8, and A.9 of the Appendix.

Table 5. Comparison between Producer's accuracies and User's accuracies of Prometheus fuel
types classification methods for the selected GEDI and Landsat-8 OLI variables (RH85 + PAI
+ AGBD + Brightness).

Fuel Producer's accuracy User's accuracy

types | SVM-R SVM-L RF SVM-R | SVM-L RF
FT1 100.00% | 100.00% | 96.72% 89.71% 88.41% 92.19%
FT2 78.57% 69.05% 85.71% 89.79% 87.88% 81.82%
FT3 71.05% 73.68% 71.05% 72.97% 70.00% 79.41%
FT4 60.00% 63.33% 63.33% 62.07% 53.33% 70.37%
FT5 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
FT7 87.50% 87.50% 91.67% 85.71% 85.71% 86.27%

4. DISCUSSION

This study reveals that GEDI provides useful information for classifying
Prometheus fuel types using derived variables from the L2A, L2B, and L4A
footprint data sets products. However, high rates of confusion were reported in
shrub fuel types when only GEDI variables were included in the models, hinting
certain limitations of the sensor that has been minimized by integrating
multispectral data, in particular the brightness index from Landsat-8 OLI images,
Improving the overall accuracy of the models, as well as reducing the confusion
between fuel types. Nevertheless, it should be considered the uncertainty of our
ground-truth data, which was the result of classification models of Prometheus
fuel types in two previous studies in the same area, influencing in the
classification accuracy of our results.

A first and essential step was to filter the high uncertainty GEDI data to select
the highest quality sample. We used the "quality flag" attribute combined with
other quality filters satisfactory used in previous GEDI-related studies, such as
the removal of samples with degraded geolocation (e.g., Di Tommaso et al.,
2021), acquired during the day time (e. g., Fayad et al., 2021a; Potapov et al.,
2021), or with high land cover heterogeneity (e.g., Dorado-Roda et al., 2021).
Many previous studies have also worked with only full-power laser beams (e.g.,
Potapov et al., 2021, Rishmawi et al., 2021), as coverage beams are
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underpowered and could produce inaccurate estimations. In this way,
Duncanson et al. (2020) found higher RMSE values for coverage laser beams
than full-power laser beams for biomass estimations using simulated GEDI data.
However, we did not notice any improvement on our classification models by
working only with full-power laser beams, so we used all laser beams in order
to not reduce our sample size too much. In fact, the filtering process led to work
with 16% of the initial footprints, similar to Lang et al. (2021) and Rishmawi et
al. (2021), who retained ~28% and ~11% of the GEDI initial footprints in their
filtering process, respectively.

The comparison between the three classification methods showed that RF and
SVM-R had the highest performances for modeling Prometheus fuel types. RF
has been used in several previous GEDI-related works (e.g., Di Tommaso et al.,
2021; Fayad et al., 2021b; Rishmawi et al., 2021; Leite et al., 2022; Liang et al.,
2023) but, to the best of our knowledge, none have used SVM yet, which has
proven to be an efficient classification method in several previous studies using
ALS-LIDAR data (e.g., Garcia et al., 2011; Jakubowksi et al., 2013; Domingo
et al., 2020). The overall accuracies of RF and SVM-R models using only GEDI
variables were slightly better to the ones obtained by Domingo et al. (2020), who
achieved overall accuracies of 57% with SVM-R and 54% with RF using only
ALS-LIDAR variables. In this sense, the lower accuracy obtained by Domingo
et al. (2020) could be due to the higher size of the study area that comprised a
higher heterogeneity and complexity of the Mediterranean forests dominated by
three species of pines, oaks, and Portuguese oaks. The inclusion of the brightness
from Landsat-8 OLI imagery with the GEDI variables resulted in a substantial
improvement in the classification models. Other authors had already noticed the
good agreement between GEDI and multispectral imagery. For instance,
Potapov et al. (2021) estimated global forest canopy height using both GEDI and
Landsat data. Rishmawi et al. (2021) extrapolated GEDI measurements at 1 km
spatial resolution, by including the Visible Infrared Imaging Radiometer Suite
instrument. Francini et al. (2022) analyzed multi-temporal Landsat imagery to
monitor forest disturbances in Italy and observed that GEDI provided
complementary information by being able to capture forest biomass changes due
to that disturbances. Similarly, Liang et al. (2023) combined forest structural
metrics from GEDI with Landsat spectral indices to quantify biomass losses over
a 10- years period in Mozambique. Since this is the first study applied to classify
forest fuels integrating GEDI with multispectral imagery, we cannot compare
with similar previous studies, but our results confirm that it seems appropriate to
integrate GEDI with multispectral sensors to obtain more robust results.
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The classification of each fuel type showed the greatest confusion within the
shrub fuel types (FT2, FT3, and FT4), being higher when the brightness was not
integrated in the models. When exclusively using GEDI variables, RF had less
confusion in shrub types with respect to SVM-R, which was quite high in FT2
in the latter. Confusion was also observed between FT4 and FT7, which is usual
due to the vertical continuity of the strata in both types, making difficult to
differentiate them, even in the field itself. In contrast, the error in FT1 and FT7,
the best performing fuel types, was somewhat higher in RF than in SVM-R but
both always showed high hit rates. Confusion between fuel types was
substantially reduced when including the brightness, especially in the shrub fuel
types, thus meaning that the combination of structure with spectral response of
vegetation highlights forest attributes and allows better differentiation between
Prometheus fuel types. When combining GEDI and Landsat, no omission errors
were found in FT1 with both SVM maodels, and very few with RF. On the other
hand, FT4 and FT7 were slightly better classified with RF. In addition, lower
omission errors were found in FT2 when classifying with RF, although
commission error were lower in SVM-R. The uncertainty associated with our
ground-truth, which may have been propagated to our results leading to
misclassifications of fuel types, must also be taken into account. In this way,
study 1 found important confusions between FT2-FT3 and FT5-FT6, while in
study 2 confusions were mainly located between FT5-FT6- FT7 and FT1-FT3.
This could explain the confusion of the shrub strata and the complete
misclassifications in FT5 in our case, since in both studies the confusion was
significant. However, it is important to bear in mind that the number of initial
samples of FT5 in our study was extremely low. In this sense, previous studies
have also reported high confusion rates in shrub fuels using both discrete-return
and full-waveform LiDAR sensors, and also in grassland fuel types, although
this is not our case. For instance, Marino et al. (2016) noticed more error in fuel
cover and height in mixed grassland and shrublands fuels using ALS data.
Similarly, Domingo et al. (2020) obtained generally more confusion in the
Prometheus shrub fuel types. Moreover, previous GEDI-related studies have
found lower performances in herbaceous and shrublands fuels (e.g., Leite et al.,
2022), as well as lower correlation coefficients in sparse forest types with
predominance of shrub and herbaceous vegetation (e.g., Dorado-Roda et al.,
2021). At this respect, Schneider et al. (2020) warned that worst model
performances in lower strata may be due to the mixing of ground energy with
energy returned from the understory. Leite et al. (2022) also suggest that
spaceborne LiDAR signal may interact with lower strata less strongly than with
tree strata. Regarding confusion in tree fuel types, the incorrect categorization of
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the few FT5 samples in FT7 are in accordance with other studies, such as
Domingo et al. (2020) and Huesca et al. (2019). However, the absence of FT6
and the scarcity of FT5 samples does not allow us to conclude significant results
between these fuel types. In this context, future studies should include significant
sample sizes of FT5 and FT6 to test GEDI’s performance in classifying
Prometheus trees fuel types.

The present study has shown the usefulness of GEDI data and its combination
with spectral indices to classify Prometheus fuel types in a Mediterranean forest
environment dominated by Aleppo pine. Since GEDI is still a novel source of
information, further research on the use of this system to estimate forest fuels is
needed in order to increase the knowledge on its capabilities and limitations.
Based on the successful results obtained by integrating GEDI with Landsat-8
OLI data, it may be of interest to explore the combination of GEDI variables
with other remote sensing datasets, such as the NASA’s ATLAS system,
regional or national LiDAR surveys, SAR sensors or another multispectral data,
which would be of great value to predict fire behavior in large areas in order to
mitigate the negative effects of forest fires over environment.

5. CONCLUSIONS

This study has provided an initial evaluation of GEDI’s ability to estimate
Prometheus fuel types in Mediterranean forest environments using the GEDI
footprint-level products L2A, L2B, and L4A of release version 2. In addition,
we have assessed the effect of integrating Landsat- 8 OLI spectral indices with
GEDI variables for the improvement of classification models. A quality filtering
process was applied to the GEDI data, and the Spearman’s correlation coefficient
and the Kruskal-Wallis and Dunn’s tests were chosen to select the relevant
variables for forest fuels modelling: RH85, PAI, and AGBD from GEDI, and the
brightness from Landsat-8 OLI. RF and SVM with radial kernel were the best
classification methods, showing a significantly better model performance
integrating the brightness with the three GEDI variables. Overall, the
classification of fuel types was less accurate for shrub fuels, with much
confusion between these types of fuels when only GEDI variables were
introduced in the models and being lower integrating multispectral information.
Given the results obtained in this study, it has been proven that GEDI footprint-
level variables are useful for forest fuels modeling in forested areas where there
IS no availability of other LIDAR data, or for estimating forest fuels at a large
spatial extent.
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APPENDIX

Table A.1. Results from Spearman's correlation coefficient (p) of the most significant GEDI
and Landsat-8 OLI variables.

Variable Source p
Brightness Landsat-8 OLI -0.924
Wetness Landsat-8 OLI 0.874
EVI Landsat-8 OLI 0.854
NDMI Landsat-8 OLI 0.845
NDVI Landsat-8 OLI 0.833
SAVI Landsat-8 OLI 0.833
RH85 GEDI L2A 0.796
RH90 GEDI L2A 0.796
RH80 GEDI L2A 0.791
RH95 GEDI L2A 0.786
RH75 GEDI L2A 0.781
AGBD GEDI L4A 0.777
RH70 GEDI L2A 0.770
RH98 GEDI L2A 0.770
RH99 GEDI L2A 0.756
RH65 GEDI L2A 0.747
RH100 GEDI L2A 0.725
RH60 GEDI L2A 0.705
RH55 GEDI L2A 0.636
PAI GEDI L2B 0.621
Greenness Landsat-8 OLI 0.607
TCC GEDI L2B 0.607
PAVD GEDI L2B 0.597
FHD GEDI L2B 0.567
RH50 GEDI L2A 0.551
RH45 GEDI L2A 0.467
RH40 GEDI L2A 0.380
RH35 GEDI L2A 0.287
RH30 GEDI L2A 0.200
RHO GEDI L2A -0.191
RH5 GEDI L2A -0.170
RH25 GEDI L2A 0.126
RH10 GEDI L2A -0.095
RH20 GEDI L2A 0.061
RH15 GEDI L2A -0.022
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Table A.2. Results from Kruskal-Wallis test (H) of the most significant GEDI and Landsat-8
OLI variables to distinguish Prometheus fuel types. All variables were statistically significant

(p-value < 0.05).

Variable Source H chi-square coefficient
Brightness Landsat-8 OLI 952.65
Wetness Landsat-8 OLI 888.75
NDMI Landsat-8 OLI 862.27
EVI Landsat-8 OLI 856.08
NDVI Landsat-8 OLI 837.18
SAVI Landsat-8 OLI 837.13
Greenness Landsat-8 OLI 733.49
RH90 GEDI L2A 722.93
RH85 GEDI L2A 721.79
RH80 GEDI L2A 711.49
RH95 GEDI L2A 707.78
RH75 GEDI L2A 694.07
AGBD GEDI L4A 685.20
RH98 GEDI L2A 678.81
RH70 GEDI L2A 673.08
RH99 GEDI L2A 655.96
RH65 GEDI L2A 633.43
RH100 GEDI L2A 601.94
RH60 GEDI L2A 569.73
RH55 GEDI L2A 484.24
PAI GEDI L2B 472.72
TCC GEDI L2B 457.69
PAVD GEDI L2B 446.34
RH50 GEDI L2A 406.36
FHD GEDI L2B 363.86
RH45 GEDI L2A 361.41
RH40 GEDI L2A 341.41
RH35 GEDI L2A 336.29
RH30 GEDI L2A 327.98
RH25 GEDI L2A 316.68
RH20 GEDI L2A 313.88
RH15 GEDI L2A 298.94
RH10 GEDI L2A 290.62
RH5 GEDI L2A 282.01
RHO GEDI L2A 167.47
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Table A.3. Results from Dunn's test of the most significant GEDI and Landsat-8 OLI variables
to distinguish Prometheus fuel types.

Number of
significant | Variable(s)
pairs
14 RH60
13 RH50, RH55, RH65, RH70, RH75, RH80, RH85, RH90, PAIl,
PAVD, TCC
12 RH5, RH10, RH15, RH20, RH25, RH30, RH95, RH98, RH99,
AGBD, Brightness
11 RH100, FHD, EVI, NDMI, NDVI, SAVI, Wetness
10 RH35, RH45, Greenness
9 RH40

Table A.4. Confusion matrix of the SVM-R model (overall accuracy = 61.54%; kappa: 0.51)
for the selected GEDI variables (RH85 + PAI + AGBD).

Fuel FT1 | FT2 | FT3  FT4 | FT5 | Fp7 | Frod’s
types accuracy
FT1 20 0 0 0 0 74.03%
FT2 10 6 4 0 4 35.71%
FT3 8 20 14 0 1 46.51%
ET4 0 6 8 0 2 50.00%
ET5 0 0 0 0 0 0.00%
ET7 4 6 4 2 41 | 71.93%
User's
93.44%  23.81% 52.63%  26.67% 0.00% | 85.42%
accuracy
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Table A.5. Confusion matrix of the SVM-L model (overall accuracy = 57.46%; kappa = 0.45)
for the selected GEDI variables (RH85 + PAI + AGBD).

Fuel FTL | FT2 | FT3 | FT4 | FT5 | FT7 | Frod's
types accuracy
FT1 57 21 0 0 0 0 73.08%
FT2 4 11 13 11 0 2 26.83%
FT3 0 3 8 4 0 1 50.00%
FT4 0 2 8 10 0 4 41.67%
FT5 0 0 0 0 0 0 0.00%
FT7 0 5 9 5 2 41 | 66.13%
User's
93.44% | 26.19%  21.05% 33.33%  0.00%  85.42%
accuracy

Table A.6. Confusion matrix of the RF model (overall accuracy = 61.54%; kappa = 0.51) for

the selected GEDI variables (RH85 + PAI + AGBD).

Fuel FT1 | FT2 | FT3 | FT4 FT5 | FT7 | Prod’s
types accuracy
FT1 51 14 1 0 0 0 77.27%
FT2 6 13 6 4 0 2 41.94%
FT3 4 8 18 9 0 3 42.86%
FT4 0 4 9 13 0 2 46.43%
FT5 0 0 0 0 0 0 0.00%
FT7 0 3 4 4 2 41 | 75.93%
User's
83.61% | 30.95%  47.67% 43.33% 0.00%  85.42%
accuracy
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Table A.7. Confusion matrix of the SVM-R model (overall accuracy = 81.90%; kappa = 0.77)
for the selected GEDI and Landsat-8 OLI variables (RH85 + PAI + AGBD + Brightness).

Fuel FTL | FT2 | FT3 | FT4 | FT5 | FT7 | Frod's
types accuracy
FT1 61 7 0 0 0 0 89.71%
FT2 0 33 4 0 0 0 89.79%
FT3 0 2 27 7 0 1 72.97%
FT4 0 0 5 18 1 5 62.07%
FT5 0 0 0 0 0 0 0.00%
FT7 0 0 2 4 1 42 | 85.71%
User's
100.0% | 78.57%  71.05%  60.00% 0.00% | 87.50%
accuracy

Table A.8. Confusion matrix of the SVM-L model (overall accuracy = 81.00%; kappa = 0.76)
for the selected GEDI and Landsat-8 OLI variables (RH85 + PAI + AGBD + Brightness).

Fuel FT1 | FT2 | FT3 | FT4 FT5 | FT7 | Prod’s
types accuracy
FT1 61 8 0 0 0 0 88.41%
FT2 0 29 4 0 0 0 87.88%
FT3 0 5 28 6 0 1 70.00%
FT4 0 0 5 19 1 5 63.33%
FT5 0 0 0 0 0 0 0.00%
FT7 0 0 1 5 1 42 | 85.71%
User's
100.0% | 69.05% | 73.68% | 63.33% | 0.00% | 87.50%
accuracy
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Table A.9. Confusion matrix of the RF model (overall accuracy = 83.71%; kappa = 0.79) for
the selected GEDI and Landsat-8 OLI variables (RH85 + PAI + AGBD + Brightness).

Fuel FTL | FT2 | FT3 | FT4 | FT5 | FT7 | Frod's
types accuracy
FT1 59 5 0 0 0 0 92.19%
FT2 2 36 5 0 0 1 81.82%
FT3 0 1 27 6 0 0 79.41%
FT4 0 0 5 19 0 3 70.37%
FT5 0 0 0 1 0 0 0.00%
FT7 0 0 1 4 2 a4 | 86.27%
User's
96.72% | 85.71% | 71.05% | 63.33%  0.00% | 91.67%
accuracy
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The eBee Classic UAV system. Photograph by Radl Hoffrén.
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ABSTRACT

Sensors attached to unmanned aerial vehicles (UAVs) allow estimating a large number of forest
attributes related to forest fuels. This study assesses photogrammetric point clouds and
multispectral indices obtained from a fixed-wing UAV for the classification of Prometheus fuel
types in 82 forest plots in Aragon (NE Spain). Images captured by an RGB camera and a
multispectral sensor allowed generating high density photogrammetric point clouds (RGB: 3,000
points/m?; multispectral: 85 points/m?), which were normalized using alternatively a Digital
Elevation Model (DEM) of 0.50, 1, and 2 m resolution. A set of structural and textural variables
were derived from the normalized point cloud heights, and for the latter, the gray-level co-
occurrence matrix (GLCM) approach was used. Multispectral images were also used to create
seven spectral vegetation indices. The most relevant structural, textural, and spectral variables to
introduce into the fuel types classification models were selected using Dunn's test, which included:
the vegetation height at the 50" percentile, the coefficient of variation of the heights, the
percentage of returns above 4 m, the mean textural dissimilarity, and the mean of the Green
Chlorophyll Index. Three different data samples were introduced in the models: i) the relevant
structural and textural variables from the RGB camera (RGB data sample); ii) the relevant
structural, textural, and spectral variables from the multispectral sensor (MS data sample); and iii)
the relevant structural and textural variables from the RGB camera plus the relevant spectral
variable from the multispectral sensor (integrated data sample). After comparing three machine
learning classification techniques (Random Forest, and linear and radial Support Vector Machine),
the best results were obtained with Random Forest with k-fold cross-validation (k-10) and the
integrated data sample with normalized point clouds at 0.50 m DEM resolution (overall accuracy
= 71%). The variables successfully identified the Prometheus main fire carriers (i.e., shrubs or
trees) and confusions were mainly located within the fuel types of the same dominant stratum,
especially in fuel types FT3 and FT6. These results demonstrate the ability of UAV imagery to
classify forest fuels in Mediterranean environments when RGB and multispectral data are
combined.



mailto:rhoffren@unizar.es

Optical UAV

1. INTRODUCTION

Forest fires are a recurrent disturbance of Mediterranean ecosystems (Oliveira et
al., 2012). Moreover, their exposure to fire may grow in the future due to the
increase of wildfires globally (Venélainen et al., 2020; Varol et al., 2021),
making these ecosystems even more vulnerable. Therefore, it is essential to
understand fire behavior in a forest stand in order to mitigate the detrimental
effects of wildfires on the environment. Forest fuels allow estimating and
quantifying fire spread over vegetation to assess fire risk and develop mitigation
plans (Ferraz et al., 2016). They consist of all living or dead organic matter
available for combustion in a wildfire. They are usually grouped by fuel types
associated with vegetation classes that exhibit similar fire behavior. Several fuel
types classifications have been developed to identify forest fuels in
heterogeneous environments (e.g., Rothermel, 1972; Albini, 1976), but one
specifically to Mediterranean ecosystems: The Prometheus fuel model
(Prometheus, 1999), which considers vegetation height, density, and vertical
continuity as the main fire spreaders and comprises seven fuel types (FT) for
three main fire carriers: FT1 for grasslands; FT2, FT3, and FT4 for shrublands;
and FT5, FT6, and FT7 for tree canopies. Shrub fuel types are determined by
areas with more than 60% shrub cover at different mean heights, which are 0.30-
0.60 m for FT2, 0.60-2 m for FT3, and 2—4 m for FT4. In terms of tree canopy
types, these areas are characterized by tree cover greater than 50% at more than
4 m, with no associated understory for FT5, with a vertical difference between
understory and canopies greater than 0.5 m for FT6, and with complete vertical
continuity of fuels for FT7.

In last decades, remote sensing has shown great potential for estimating forest
attributes and identifying forest fuels. Specifically, Airborne Laser Scanners
(ALS) have been widely used because of their ability to penetrate the canopy
cover and provide accurate details of forest structure, allowing for a
comprehensive assessment of forest fuels. Several studies have also shown that
the integration of ALS with multispectral imagery improves the identification of
fuel types (e.g., Marino et al., 2016; Domingo et al., 2020). Nevertheless, few
studies have used sensors on unmanned aerial vehicles (UAVS) to identify forest
fuels (e.g., Shin et al., 2018; Fernandez-Alvarez et al., 2019; Hillman et al.,
2021), despite their ability to collect vegetation spectral response from
multispectral sensors with unprecedented spatial resolution, and to estimate
vegetation structure and textural features from three-dimensional point clouds.
The latter can be derived directly from active sensors, such as LIDAR, or
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indirectly from optical images, such as RGB or multispectral sensors, through
Structure from Motion algorithm, which is based on traditional photogrammetry
(Messinger et al., 2016) using a collection of overlapping images taken from
different viewpoints (Puliti et al., 2015). Although photogrammetric point
clouds cannot penetrate the canopy, they can be an affordable option for
estimating forest attributes over much more expensive LIDAR systems. For
instance, photogrammetric point clouds were used by Fritz et al. (2013) to map
tree stem in open stands, by Shin et al. (2018) to estimate fuels and forest canopy
structure in a ponderosa pine stand, and by Carbonell-Rivera et al. (2022) to
classify Mediterranean shrub species.

In this context, the main objective of this study is to assess the suitability of
UAV-derived photogrammetric point clouds and multispectral indices for the
identification of fuel types based on the Prometheus model in Mediterranean
forest plots, as well as for their classification using machine learning techniques.
We hypothesize that optical UAVs can be a cost-effective alternative to less
affordable active sensors (such as ALS and LIDAR UAVS), as they are capable
of estimating a wide range of forest attributes, including structural, textural and
spectral features of vegetation using a single instrument, whereas with active
sensors spectral information is lost. This capability ultimately allows the
identification of forest fuels at an unprecedented detail, representing a very
valuable and accessible tool to prevent and mitigate forest fires at local and
regional scales in Mediterranean ecosystems.

2. MATERIALS AND METHODS

2.1. Study area

UAV flights were performed in 82 forest plots of 15 m of circular radius
distributed in 5 sectors of the Aragon region (NE Spain) (Figure 1), located
nearby Almudévar (12 plots), Ayerbe (36 plots), Uncastillo (11 plots),
Villarluengo (15 plots), and Zuera (8 plots) The average annual temperature of
the entire region is 12.3°C. All the sectors have a Mediterranean climate, but
there are differences between them. The Almudévar, Ayerbe and Zuera sectors
are located in the center of the Ebro Valley, characterized by very hot summers
and cold winters, high daily temperature gradients, and low rainfall localized
mainly in the equinoctial seasons (Almudévar: ~350 mm/year; Ayerbe: ~700
mm/year; Zuera: ~250 mm/year). The Uncastillo sector is located at the interface
between the Ebro Valley and the foothills of the Pre-Pyrenean mountain range,
which results in lower daily and annual thermal gradients than in the center of
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the valley, although still high, and mean annual rainfall of ~700 mm/year. The
Villarluengo sector is placed in the Iberian mountain range, whit less hot
summers and colder winters than in the other sectors due to its higher altitude,
and a mean annual rainfall of ~600 mm/year. Convective storms can be frequent
in late spring and summer in all sectors, but are especially important in the
Villarluengo sector, where they are often accompanied by lightning that threaten
the possibility of wildfires. The Prometheus fuel types for each plot were
estimated in-situ in previous field work (see Montealegre et al., 2016 and
Domingo et al., 2020), but they were validated in each flight campaign,
constituting the ground-truth for the classification models (Table 1). Plots were
selected using a stratified random sampling in order to ensure a wide range of
different environments (i.e., slope, exposure, vegetation cover, etc.) and, thus,
fuel types. The center of the plots was located using a Leica VIVA® GS15 CS10
GNSS real-time kinematic Global Positioning System with sub-meter accuracy.
Plots were mainly dominated by grassland, shrublands, and forest of Aleppo pine
(Pinus halepensis Mill.) and bog pine (Pinus nigra Mill.) with understory of oaks
(Quercus ilex subsp. rotundifolia, Quercus coccifera, Quercus faginea), junipers
(Juniperus oxycedrus), boxwood (Buxus sempervirens), rosemary (Rosmarinus
officinalis), and thymes (Thymus vulgaris).
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Figure 1. Study area and examples of seven circular plots, one for each Prometheus fuel type.

Table 1. Summary of the forest plots and their associated Prometheus fuel types.

FT1  FT2 | FT3 | FT4 | FT5 | FT6 | FT7
Number of plots 10 11 8 7 10 13 23

2.2. UAV data acquisition and processing

A fixed-wing UAV (eBee Classic of SenseFly) equipped with two optical
sensors (RGB and multispectral) was used in this study (Figure 2). The RGB
camera was a SONY WX camera of 18.2 MP resolution and the multispectral
sensor (MS) was a Parrot Sequoia of 1.2 MP single band resolution with a
sunshine sensor and capable of recording surface reflectance in the green (550
nm £ 40 nm), red (660 nm £ 40 nm), red-edge (735 nm + 10 nm), and near
infrared (790 nm + 40 nm) spectral bands. A total of 49 flight campaigns were
conducted between June and October 2021 over 82 plots, resulting in 12,007
individual images processed. Each campaign included two flights, one for each
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sensor attached to the UAV, making a total of 98 flights. All of them were
automated using eMotion v.3.5.0 software, with specified parameters including
a serpentine mapping, a flight altitude of 116.5 m from the ground, an angle of
incidence of 90°, and an overlap between photographs of 90%-80% (cross- and
along-track, respectively). Radiometric calibration was performed on the
multispectral sensor to adjust it to the prevailing light conditions. For this, we
followed the manufacturer-recommended method, combining the use of a
reference panel and the sunshine sensor for calibrating the images. According to
Poncet et al. (2019), this procedure can be comparable to empirical calibration
methods. Thus, we took four pictures of an Airinov calibration reference panel
of known reflectance with the Parrot Sequoia camera prior to the start of each
flight, while the sunshine sensor captured the current light conditions during the
flights. The spatial resolutions of the RGB and multispectral images were 4
cm/px and 12 cm/px, respectively. Finally, in each flight area, at least four
ground control points (GCPs) were measured with the Leica VIVA® GS15 CS10
GNSS. This allowed georeferencing the UAV images at centimetric scale to the
ETRS89 — UTM zone 30N reference system, while the vertical coordinates were
converted from WGS84 ellipsoidal heights to the EGM-96 geoidal heights
model.

Figure 2. Above: (a) Main materials used in the study: SenseFly eBee Classic UAV unit with
SONY WX camera and Parrot Sequoia multispectral sensor. Below: Examples of the same
single image captured by the UAV in different spectral bands: (b) RGB; (c) Green band; (d)
Red band; (e) Red-edge band; and (f) Near infrared band.
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The data collected were processed using PIX4Dmapper v.4.5.6 software to
obtain structural metrics, textural features, and spectral vegetation indices
(Figure 3). Multispectral images, captured with the Parrot Sequoia camera, were
automatically calibrated by the PIX4Dmapper software during data processing
(Poncet et al., 2019). Structural data were obtained from photogrammetric point
clouds using Structure from Motion and stereo-matching algorithms included in
PIX4Dmapper. These algorithms enabled image alignment and multi-view
stereo reconstruction by detecting and matching image feature points in the
acquired highly overlapping images (Domingo et al., 2019). Two
photogrammetric point cloud datasets were generated, one for each sensor, with
a higher average density in the RGB point clouds (3,000 points/m?) than in the
multispectral point clouds (85 points/m?). The "lidR" package (Roussel et al.,
2020) for R environment v.4.2.0 (R Core Team, 2022) was used to clip both
point cloud datasets in each forest plot and normalize their absolute heights.
Normalization was performed using alternatively Digital Elevation Models
(DEMs) with spatial resolutions of 0.50, 1, and 2 m, to examine the effect of
DEM resolution on the accuracy of estimated heights and classification of forest
fuels. DEMs were obtained from public ALS data from the PNOA project
(Spanish National Aerial Orthophotography Plan). Noise and overlapping
returns were removed, and ground points were classified following Montealegre
etal. (2016) using the MCC-LIDAR v.2.1 command line tool (Evans and Hudak,
2007). The ground points were then interpolated using a TIN-to-Raster method
(Renslow, 2013) to create the final DEMs. From the normalized UAV point
clouds, a set of structural and textural variables was generated. Forest structural
metrics were extracted at plot scale using FUSION/LDV v.4.21 software
(McGaughey, 2021). They were related to height distribution (i.e., the minimum,
mean and maximum elevation, and different height percentiles: P01, P05, P10....
P99), height variability (i.e., the coefficient of variation, kurtosis, skewness,
standard deviation, and variance of the heights), and canopy cover density (i.e.,
statistics of the returns at different height strata: 0.60, 2 and 4 m). Textural
features were calculated from the gray-level co-occurrence matrix (GLCM)
(Haralick et al., 1973), using the "glcm" package for R environment (Zvoleff,
2020). GLCM were applied to previously created Canopy Height Models
(CHM) in each plot using the rasterize _canopy function of the "lidR" package.
Different window sizes were tested (3x3, 5x5, 7x7, and 9x9), with the 3x3
window providing the best results. Then, the mean values of four different
offsets (0°, 45° 90°, 135° were analyzed and seven textural features were
extracted at the three spatial resolutions of the DEM (contrast, dissimilarity,
entropy, homogeneity, mean, second moment, and variance). Finally, four zonal
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statistics were calculated for each plot-scale metric (minimum, maximum, mean,
and median).

In addition, seven spectral vegetation indices were calculated from reflectance
data of multispectral images: the Advanced Vegetation Index (AV1) (Equation 1;
Roy et al., 1996), the Green Chlorophyll Index (GCI) (Equation 2; Gitelson et
al., 2003), the Green Normalized Difference Vegetation Index (GNDVI)
(Equation 3; Gitelson et al., 1996), the Normalized Difference Red Edge Index
(NDRE) (Equation 4; Barnes et al., 2000), the Normalized Difference Vegetation
Index (NDVI) (Equation 5; Rouse et al., 1974), the Normalized Difference Water
Index (NDWI1) (Equation 6; Gao, 1996), and the Soil Adjusted Vegetation Index
(SAVI) (Equation 7; Huete et al., 1988). For each of the seven indices, the same
four zonal statistics at plot scale as in the textural metrics were calculated.

AVI = [NIR x (255 — R) x (NIR — R)]*/3 (1)
NIR
er= (1) -1 )
GNDY = MRS (3)
NIR + G
NDRE = NIR — RedEdge (4)
NIR + RedEdge
npyI = ME=R (5)
NIR + R
Npwi = MK (6)
G+ NIR
SAV] = (1+L) x (NIR — R) @1 =05) )

NIR+R+L

where NIR is near infrared band, R is red band, G is green band, RedEdge is red-edge
band.
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Figure 3. Methodological scheme of the study.
2.3. Prometheus fuel types classification and model validation

A total of 138 variables were generated for input into the classification models,
which included 82 structural metrics, 28 textural features, and 28 spectral
indices. The post hoc non-parametric Dunn’s test of multiple comparison was
used to select the most relevant variables. This method is similar to Kruskal-
Wallis test but with the ability to determine the groups that are statistically
different for the classification of forest attributes on machine learning models
(Garcia-Galar et al., 2023). From each of the three groups of variables, including
the three subgroups of structural metrics, we finally selected those with a high
ability to differentiate between the pairs for input into the classification models.

Three different data samples were tested: the relevant structural and textural
variables from the RGB sensor (RGB data sample), the relevant structural,
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textural, and spectral variables from the multispectral sensor (MS data sample),
and the relevant structural and textural variables from the RGB sensor combined
with the relevant spectral variable from the multispectral sensor (integrated data
sample). For each of these three data samples, the three normalized point cloud
datasets from the different DEM resolutions were tested, totalizing 9 data
samples to introduce into the classification models. Three non-parametric
predictive models were then tested through the “caret™ package (Kuhn, 2008) for
R environment: Random Forest (RF) and Support Vector Machine with both
linear (SVM-L) and radial (SVM-R) kernels. RF classifiers were parametrized
by applying between 2 to 10 decision trees at each node and SVM models were
fitted by applying a cost parameter within the interval 1-1,000. Models were
validated using the k-fold cross-validation method, recommended for small
datasets (Anderson et al., 2005), testing in groups of 5 and 10 observations, and
10, 50, and 100 repeats in each case. Finally, the most accurate data sample,
model, and validation method was assessed based on the overall accuracy (OA)
coefficient and the producer’s and user’s accuracies of the confusion matrices,
which are determined by the commission and omission errors, respectively
(Pontius et al., 2008).

3. RESULTS

3.1. Most significant variables for the classification models

Dunn’s test revealed the variables with the highest distinguishability among the
21 pairs of Prometheus fuel types. In general, Prometheus main fire carriers were
well differentiated, while more difficulties were observed in fuels of the same
dominant stratum. As shown in Figure 4, a maximum of 109 variables were able
to differentiate between the FT1-FT7, which was the peer group with the highest
distinguishing ability. High differentiation abilities were also found between
FT2-FT5 (84 variables), FT1-FT6 (83 variables), FT1-FT5 (80 variables), FT3-
FT5 (66 variables), FT2-FT7 (69 variables), and FT2-FT6 (60 variables). The
ability to differentiate between grassland and shrub fuel types was somewhat
lower (FT1-FT2: 40 variables; FT1-FT3: 29 variables; FT1-FT4: 35 variables).
As for differentiation within tree fuel types, 39 variables differentiated between
FT5-FT7, 9 variables between FT5-FT6, and only 2 variables between FT6-FT7.
Finally, only 3 variables differentiated between FT2-FT4 shrub fuel types, and
none of them distinguished between FT2-FT3 and FT3-FT4.
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Figure 4. Number of variables and percentage with respect to the total of variables able to
differentiate the 21 pairs of Prometheus fuel types according to Dunn's test.

Out of the three sub-groups of structural metrics, 9 variables related to vegetation
height distribution were able to differentiate up to 11 pairs of fuel types, the
coefficient of variation from the height variability subgroup distinguished 9
pairs, and 6 variables related to the canopy cover density were able to discern up
to 12 pairs. In addition, 6 variables from the textural features statistics were able
to distinguish up to 7 pairs, and 12 variables from the spectral indices statistics
distinguished a maximum of 7 pairs. All relevant variables are shown in Table 2
and full results are described in Table A.1 of the Appendix.
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Table 2. Relevant variables for their high ability to distinguish between pairs of Prometheus
fuel types according to Dunn's test.

Maximum
Gro.ups of Variables nymber of
variables pairs able to
differentiate
_Height Elev. maximum, Elev. P50—Elev. P99 11
distribution
Height Elev. CV 9
variability
Canopy cover | Elev. strata > 4 m: max, mean, median, mode,
: S 12
density return proportion; Percentage of returns >4 m
Textural GLCM dissimilarity: mean; GLCM mean: 7
features max, median, min; GLCM variance: max, min
Spectral GCI: max, mean, median; GNDVI: max,
irF:dices median; NDRE: max; NDVI: max, mean, 7
median; NDWI: median, mean; SAVI: max

Based on the results obtained and in order to generate parsimonious models after
testing different combinations, the variables selected from each group for
inclusion in the classification models were the vegetation height at the 50%
percentile, the coefficient of variation of the heights, the percentage of returns
above 4 m, the mean dissimilarity, and the mean of the Green Chlorophyll Index
(Table 3).

Table 3. Final variables introduced in the classification models.

Groups of variables Variable Description
- - th
Height distribution Elev. P50 Vegetation helgh_t at the 50
percentile
Height variability Elev. CV Coefficient of_ variation of the
heights

Percentage of returns

Canopy cover density Percentage of returns above 4 meters

>4m
Textural features GLCM r(rj]les;:]mllarlty Mean dissimilarity
Spectral indices GCI mean Mean of the ?nrsg(] Chlorophyll
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3.2. Performance of Prometheus fuel types classification

The best performing models were obtained systematically using the integrated
data sample and the RF classification method (Table 4). Overall, best k-fold
cross validation method was obtained with 10 observations and 10 repeats in
each case. The SVM-L and SVM-R models had significantly lower accuracies
in all cases (see Tables A.2 and A.3 of the Appendix). The best classification of
the Prometheus fuel types was reached with the point cloud normalized to the
DEM of 0.50 m resolution, yielding an OA of 71%. When the MS data sample
was introduced, the best OA was 7.58% lower than the integrated data sample
(OA=66%) using the same DEM resolution to normalize the point cloud. The
best OA of the RGB data sample was 10.94% and 3.13% lower than the
integrated and MS data samples, respectively (OA=64%), in this case with the
point cloud normalized to the DEM of 1 mresolution, although the classification
with the 0.50 m DEM had very similar accuracies (OA=63%) (Table 4.4).

Table 4. Summary of overall accuracies of Prometheus fuel types classification for the nine
RF model data samples with k-10 cross validation and 10 repeats in each case.

DEM 0.50 m 1m 2m
resolution
Data

RGB = MS | Integ. RGB MS | Integ. RGB MS | Integ.
sample
Overall "1 o200 ' 66% | 71% | 64%  61% @ 70% @ 59% @ 62% @ 65%
accuracy

The confusion matrix of the best model shows the classification accuracy of each
of the 7 Prometheus fuel types (Table 5). FT1 had the best hit rate, with a 98%
of producer’s accuracy and 83% of user’s accuracy. FT2 and FT7 were the types
with the best hit rate among the shrub and tree types, respectively, followed by
FT4 and FT5. On the other hand, the highest confusion rates were found in FT3
and FT6. In general, confusions occurred between fuel types of the same main
fire carrier, with some exceptions. For instance, a high percentage of FT3 plots
were misclassified as FT2 and some as FT4, although commission errors due to
incorrect classification in grasslands (FT1) were also found. Regarding
confusion in FT6, many plots were misclassified as FT7 and, to a lesser extent,
FT5, with no errors outside of tree fuel types. The main confusion between fuel
types of different strata occurred between FT4 and FT7 (dense shrub and tree
fuel types, respectively), and there were a few omission errors in FT1 due to
misclassifications in FT3 and FT4. Regarding confusion matrices of the best MS
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and RGB data samples (Tables A.4 and A.5 of the Appendix), more confusion
rates were observed in all fuel types, but still, very few errors were found
between the different strata.

Table 5. Confusion matrix of the best model (RF, integrated data sample, and point-cloud
normalized at 0.50 m DEM resolution) for Prometheus fuel types classification.

t;‘;g; FT1 | FT2 | FT3  FT4  FT5 FT6 FT7 P;‘(’g:'s

FT1 98 0 10 | 10 0 0 0 | 83%
FT2 2 90 | 37 0 0 0 0 | 70%
FT3 0 16 | 31 10 0 0 0 | 54%
FT4 0 4 2 47 0 0 9 | 76%
FT5 | 0 0 0 0 73 29 | 10 | 65%
FT6 0 0 0 0 17 54 | 29 | 54%
FT7 0 0 0 3 10 37 | 192 | 79%
Uas(‘fg.'s 08% | 82% | 39% | 67% | 73% | 45% | 80%

The percentage of hits and misclassification errors in the fuel types can be
explained by observing the distribution values of the five variables of the
classification models, as shown in Figure 5. Both the three shrub and the three
tree fuel types present similar patterns that, in general, make their correct
differentiation difficult. The values of FT1 (grassland fuel type) are quite
different from the rest, which explains the high percentages of success obtained
in their classification. The values of the shrub and tree fuel types are very
different from each other, although they present a similar distribution in the GCI
spectral index. Thus, confusions within types of the same stratum are to be
expected, since their distribution values are similar, especially between FT2-FT3
in the three structural variables. In the tree types, the FT5 and FT7 values of the
structural and spectral variables are distributed differently, while FT6 values
overlap with those of FT5 and FT7, which explains the greater confusion in this
type compared to the other two.
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Figure 5. Distribution values of the five UAV variables introduced into the classification
models for the identification of the Prometheus fuel types.

4. DISCUSSION

UAV-derived photogrammetric point clouds and multispectral indices allowed
classifying fuel types in the Prometheus scale with good levels of accuracy, with
most of the confusions found in types belonging to the same dominant stratum.
Our results suggest that the combined use of RGB and multispectral data is the
best option to classify fuel types. Furthermore, better classifications were
observed when using the point cloud normalized to the DEM of 0.50 m
resolution and when classifying with RF, which proved to be substantially better
than SVM-L and SVM-R. The main fire carriers were well distinguished, and
confusions were observed mainly within the three shrub and tree fuel types,
especially in the shrub strata.

The integrated data sample obtained the best results in the classification models,
reaching accuracies similar to those of Marino et al. (2016), who used ALS-
LiDAR, Landsat-8 OLI multispectral imagery, and decision-based algorithms to
classify specific Canary Island fuel types (OA=70%). Domingo et al. (2020)
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obtained lower accuracies when classifying Prometheus fuel types in
Mediterranean forest stands using low-density ALS-LIDAR and Sentinel-2
imagery by means of machine learning. However, they got better accuracies with
SVM-R (OA=59%) than RF (OA=56%). We assume that the better performance
of the integrated data sample was due to the higher average of the point clouds
from RGB images compared to the point clouds of the multispectral images,
which allowed for more normalized point heights and consequently more
accurate structural and textural variables. Kandare et al. (2016) also found higher
accuracy in individual tree crowns delineation with higher ALS point cloud
density, and Ruiz et al. (2014) achieved better correlation values in forest
attributes prediction with high LIDAR data density. In addition, Domingo et al.
(2019) obtained better accuracies when using UAV photogrammetric point
clouds derived from RGB cameras than from multispectral sensors. Our
integrated data sample used both RGB and multispectral data, which could imply
a higher time cost in data acquisition when these sensors cannot collect
information simultaneously, requiring two flights of the UAV, as in our case.
Accuracies for the MS data sample were lower than for the integrated data
sample due to the lower density of the point cloud, and confusions between fuel
types were higher in all cases. Here, the OA was higher when the 0.5 m
resolution DEM was used to normalize the point clouds, underscoring the
importance of using fine-scale DEMs for this purpose, as noted by other authors
(e.g., Shinetal., 2018; Cao et al., 2019).

The confusion matrices indicated the presence of significant misclassification
error rates between fuel types belonging to the same main fire carrier (i.e., within
the three shrub fuel types and the three tree fuel types). According to the results
of the Dunn’s test, only 3 variables were able to distinguish between FT2-FT4
and none were able to distinguish between the others two pairs of shrub fuel
types. There were also few variables capable of distinguishing between the tree
types. These confounds were to be expected, as there are no absolutely
unequivocal plots in terms of fuel type, even though we worked on plots as
homogeneous as possible for each type in order to avoid confusion. However,
this may also indicate a limitation of optical UAVs to differentiate between
similar fuel types, given the inability of photogrammetric point clouds to
penetrate the canopy. Therefore, medium to high confusion among shrub fuels
can be expected when using optical UAVs, especially in the closest types (FT2-
FT3 and FT3-FT4), since they present few differences in terms of height criteria
and similar features. The same is true for the confusion observed between tree
types. In contrast, no significant problems were observed between the fuel types
of different main fire carriers, except for FT4-FT7, which has also been noted
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using ALS-LIDAR data (Domingo et al., 2020). This confusion is due to the
high density of understory and canopy and the vertical continuity of the fuel in
both types. The low capability of optical UAVs to collect fuel information in
medium and low strata could be overcome by using LIDAR UAVs (e.g., Dalla
Corte et al., 2020; Neuville et al., 2021), although their economic costs are
considerably high. However, previous work related to forest structure estimation
and mapping have obtained successful results using photogrammetric point
clouds (e.g., Shin et al., 2018; Carbonell-Rivera et al., 2022). Additionally,
Wallace et al. (2016) and Cao et al. (2019) shown that UAV-derived
photogrammetric point clouds can be useful and effective substitutes for UAV-
LiDAR point clouds for estimating structural attributes of forests. Based on the
results obtained in this study, optical UAVs can be considered as suitable
alternatives to ALS-LIDAR systems, especially ALS flights of systematic
coverage for large extensions carried out by public or private initiatives, whose
point density is usually low. In this sense, the higher point density that can be
obtained with optical UAVs compared to these low-density ALS flights may
allow a better characterization of vegetation structure and forest fuels at local or
regional scales. In addition, UAV data can be obtained on demand, allowing for
greater temporal flexibility. Photogrammetric point clouds can also be integrated
with ALS data to reduce misclassification errors in fuel types and improve their
classification (e.g., Guerra-Hernandez et al., 2018; Yoshii et al., 2022). Another
option to improve the classification could be to fuse canopy information from
photogrammetric point clouds with understory data collected from terrestrial or
mobile laser scanners (e.g., Brede et al., 2022; Panagiotidis et al., 2022).

Regarding the multispectral indices, the Parrot Sequoia camera has proven to be
able to capture the state of the vegetation (i.e., healthy or diseased). Previous
studies have reported good overall performance for this camera. For instance,
Fawcett et al. (2020) compared vegetation indices generated by Parrot Sequoia
camera, HyPlant airborne imaging spectrometer and Sentinel-2 imagery,
showing overall good agreement, although some bias was noticed in the Parrot
Sequoia camera for high and low reflective surface. Lu et al. (2020)
demonstrated that the Parrot Sequoia offered similar performance to the DJI
Phantom 4 multispectral camera, despite having different spectral response
functions, and that both accurately estimated NDVI when compared to
spectroradiometer recordings. However, Pérez-Cardiel et al. (2022) found that
the Parrot Sequoia had some underestimates in the red edge band and small
overestimates in the NIR band when compared to spectroradiometer records and
Sentinel-2 images. Additionally, Stow et al. (2019) observed slightly lower
reflectance in the NIR band of the Parrot Sequoia around solar noon and noted
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the contrast between the shadowed and illuminated areas in all spectral bands.
Therefore, some uncertainty must be assumed in the data recorded by our
multispectral sensor.

5. CONCLUSIONS

The identification of forest fuels is an important step for the prevention and
mitigation of wildfires, as it allows forest managers to understand the behavior
and intensity of fire in a forest stand. This study used imagery from a fixed-wing
UAV to derive a set of structural, textural, and spectral variables, which have
been capable of classifying the Prometheus fuel models in Mediterranean forest
environments with good levels of agreement. However, more research is needed
to understand the capabilities and limitations of these promising instruments.
The results obtained allow validating optical UAVs as affordable tools to
identify and monitor forest fuels at a local and regional scale and contribute to
the successful prevention of forest fires in Mediterranean ecosystems.
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APPENDIX

Table A.1. Number of Prometheus fuel type pairs differentiated by each variable according
to Dunn's test, by sensor and by resolution of the DEM used to normalize the point-cloud
heights. (Part 1 of 6).

RGB camera Multispectral sensor

Variables | 'neny | DEM | DEM | DEM | DEM | DEM

0.50 M 1M 2M 0.50 M 1M 2M
Elev.maximum 10 10 10 11 11 11
Elev.mean 10 10 10 10 10 10
Elev.minimum 0 0 0 4 2 3
Elev.PO1 3 3 4 4 4 4
Elev.P05 5 5 6 6 6 8
Elev.P10 7 7 8 8 8 10
Elev.P20 9 9 10 10 10 10
Elev.P25 9 9 10 10 10 10
Elev.P30 9 9 10 10 10 10
Elev.P40 10 10 10 10 10 10
Elev.P50 10 10 10 11 11 11
Elev.P60 10 10 10 11 11 11
Elev.P70 10 10 10 11 11 11
Elev.P75 10 10 10 11 11 11
Elev.P80 10 10 10 11 11 11
Elev.P90 10 10 10 11 11 11
Elev.P95 10 10 10 11 11 11
Elev.P99 10 10 11 11 11 11
Elev.CV 8 9 8 6 5 6
Elev.kurtosis 3 3 3 2 2 1
Elev.skewness 8 8 8 7 7 7
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Table A.1. Number of Prometheus fuel type pairs differentiated by each variable according
to Dunn's test, by sensor and by resolution of the DEM used to normalize the point-cloud
heights. (Part 2 of 6).

RGB camera Multispectral sensor

Variables " 'nenv | DEM | DEM | DEM | DEM | DEM
0.50 M 0.50 M

Elev.stddev 8 5

Elev.variance
Elev.strata..0.00.t0.0.60..CV
Elev.strata..0.00.t0.0.60..kurtosis
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Table A.1. Number of Prometheus fuel type pairs differentiated by each variable according
to Dunn's test, by sensor and by resolution of the DEM used to normalize the point-cloud
heights. (Part 3 of 6).

RGB camera Multispectral sensor

Variables | ey [ DEM | DEM | DEM | DEM | DEM

0.50 M 1M 2M 0.50 M 1M 2M
Elev.strata..2.00.t0.4.00..mean 2 2 3 2 2 2
Elev.strata..2.00.t0.4.00..median 2 2 3 2 2 2
Elev.strata..2.00.t0.4.00..min 2 3 3 2 2 3
Elev.strata..2.00.t0.4.00..mode 2 3 3 2 2 2
Elev.strata..2.OO.to.4.F())r0c;.pr§:?ironﬁ 6 6 6 3 3 3
Elev.strata..2.00.t0.4.00..skewness 4 4 4
Elev.strata..2.00.t0.4.00..stddev 4 4 4 2 2 2
Elev.strata..2.00.t?.e£:£?1...;tghanli 6 6 6 4 4 4
Elev.strata..above.4.00..CV 7 7 7 7 7 6
Elev.strata..above.4.00..kurtosis 3 3 3 4 4 4
Elev.strata..above.4.00..max 12 12 12 12 12 12
Elev.strata..above.4.00..mean 11 11 12 11 11 11
Elev.strata..above.4.00..median 12 12 12 12 12 12
Elev.strata..above.4.00..min 4 5 5 6 4 5
Elev.strata..above.4.00..mode 12 12 12 11 11 12
Elev.strata..above.4.8f)o..prgﬁji:)nr; 12 12 12 12 12 12
Elev.strata..above.4.00..skewness 5 5 5 5 5 5
Elev.strata..above.4.00..stddev 9 10 9 10 10 10
EIev.strata..aboviéLL.JOr(r)].. g(c))ltje:]lt. 11 11 11 11 11 10
Elev.strata..below.0.00..CV 3 3 2 5 4 2
Elev.strata..below.0.00..kurtosis 1 1 0 2 2 3
Elev.strata..below.0.00..max 3 4 0 6 4 4
Elev.strata..below.0.00..mean 2 2 0 3 2 1
Elev.strata..below.0.00..median 7 6 4 1 1 3

128



Optical UAV

Table A.1. Number of Prometheus fuel type pairs differentiated by each variable according
to Dunn's test, by sensor and by resolution of the DEM used to normalize the point-cloud
heights. (Part 4 of 6).

RGB camera Multispectral sensor

Variables | ey [ DEM | DEM | DEM | DEM | DEM

0.50 M 1M 2M 0.50 M 1M 2M
Elev.strata..below.0.00..min 2 2 2 2 2 2
Elev.strata..below.0.00..mode 5 3 2 1 3 3
Elev.strata..below.O.FC))f)c;.prg:l:ironr; 7 6 5 5 5 5
Elev.strata..below.0.00..skewness 2 2 0 3 3 1
Elev.strata..below.0.00..stddev 1 1 0 1 1 0
EIev.strata..beIOV\:.e(;h(i(r)].. ggﬂe;\lt. 7 7 5 6 6 4
Percentage.all.returns.above.4.00 12 12 12 12 12 12
Percentage.all.returns.above.mean 8 8 8 5 6 5
Percentage.all.returns.above. 1 1 1 9 1 3

mode

Total.all.returns 6 6 6 9 9 9
GLCM_contrast_max 0 2 4 2 4 3
GLCM_contrast_mean 6 4 5 4 5 4
GLCM_contrast_median 4 4 3 2 3 1
GLCM_contrast_min 5 2 0 2 3 1
GLCM_dissimilarity_max 1 4 4 4 5 3
GLCM_dissimilarity_mean 7 6 4 3 5 2
GLCM_dissimilarity_median 3 3 2 2 3 1
GLCM_dissimilarity_min 5 2 0 2 3 1
GLCM_entropy_max 5 2 0 2 2 1
GLCM_entropy_mean 3 1 0 2 3 0
GLCM_entropy_median 3 1 0 1 2 0
GLCM_entropy_min 5 2 0 2 2 1
GLCM_homogeneity _max 5 2 0 2 3 0
GLCM_homogeneity _mean 3 1 0 2 4 0
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Table A.1. Number of Prometheus fuel type pairs differentiated by each variable according
to Dunn's test, by sensor and by resolution of the DEM used to normalize the point-cloud
heights. (Part 5 of 6).

RGB camera Multispectral sensor
Variables " 'nenv | DEM | DEM | DEM | DEM | DEM

0.50 M 1M 2M 0.50 M 1M 2M
GLCM_homogeneity_median 3 1 0 2 4 0
GLCM_homogeneity_min 6 5 0 6 5 1
GLCM_mean_max 6 5 5 7 7 3
GLCM_mean_mean 6 6 4 6 3 2
GLCM_mean_median 7 6 4 6 3 3
GLCM_mean_min 3 5 5 7 6 3
GLCM_second_max 5 2 0 3 2 1
GLCM_second_mean 4 1 0 2 3 0
GLCM_second_median 3 1 0 1 2 0
GLCM_second_min 4 1 0 2 3 0
GLCM_variance_max 7 0 4 8 6 1
GLCM_variance_mean 6 6 4 6 3 2
GLCM_variance_min 4 6 5 7 6 3
AVI_max 4 4 4 4 4 4
AVI_mean 4 4 4 4 4 4
AVI_median 1 1 1 1 1 1
AVI_min 1 1 1 1 1 1
GCIl_max 7 7 7 7 7 7
GCI_mean 7 7 7 7 7 7
GCI_median 7 7 7 7 7 7
GCI_min 4 4 4 4 4 4
GNDVI_max 7 7 7 7 7 7
GNDVI_mean 6 6 6 6 6 6
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Table A.1. Number of Prometheus fuel type pairs differentiated by each variable according
to Dunn's test, by sensor and by resolution of the DEM used to normalize the point-cloud
heights. (Part 6 of 6).

RGB camera Multispectral sensor

Variables [ "neny | DEM | DEM | DEM | DEM | DEM

0.50 M 1M 2M 0.50 M 1M 2M
GNDVI_median 7 7 7 7 7 7
GNDVI_min 4 4 4 4 4 4
NDRE_max 7 7 7 7 7 7
NDRE_mean 6 6 6 6 6 6
NDRE_median 5 5 5 5 ) )
NDRE_min | 0 0 0 0 0 0
NDVI_max 7 7 7 7 7 7
NDVI_mean 7 7 7 7 7 7
NDVI_median 7 7 7 7 7 7
NDVI_min | 9 9 9 9 9 9
NDWI_max 4 4 4 4 4 4
NDWI_mean 6 6 6 6 6 6
NDW!I_median 7 7 7 7 7 7
NDWI_min 7 7 7 7 7 7
SAVI_max 7 7 7 7 7 7
SAVI_mean 6 6 6 6 6 6
SAVI_median 6 6 6 6 6 6
SAVI_min 0 0 0 0 0 0
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Table A.2. Summary of overall accuracies of Prometheus fuel types classification for the nine

SVM-L model data samples with k-10 cross validation and 10 repeats in each case.

DEM 0.50m 1m 2m
resolution
Data

RGB | MS Integ. RGB | MS |Integ. RGB | MS | Integ.
sample
Overall ' co00 ' o505 | 509 | 579% | 54% @ 58% @ 58% @ 57% @ 57%
accuracy

Table A.3. Summary of overall accuracies of Prometheus fuel types classification for the nine
SVM-R model data samples with k-10 cross validation and 10 repeats in each case.

DEM 0.50 m 1m 2 m
resolution
Data

RGB | MS | Integ. RGB | MS |Integ. | RGB | MS | Integ.
sample
Overall ‘| o100 5300 | 619% | 53% | 49% | 57% @ 58% 54% | 63%
accuracy

Table A.4. Confusion matrix of the best MS data sample model (RF, point cloud normalized
at 0.50 m DEM resolution) for Prometheus fuel types classification.

t';‘;‘;'s FT1L | FT2 FT3 FT4 | FT5 | FT6 | FT7 P;%g:'s

FT1 | 70 0 0 0 | 0 0 0o | 88%
FT2 | 1 8 | 39 11 0 0 0 | 61%
FT3 | 0 26 | 21 2 0 0 0 | 43%
FT4 | 0 4 20 | 46 0 0 o | 58%
FT5 | 0 0 0 1 61 | 30 19 | 55%
FT6 | 0 0 0 0 21 | 64 | 21 | 54%
FT7 | 9 0 0 0 12 | 26 | 185 | 80%
Uassgs 88% | 73% | 26% | 66% | 61% | 53% | T7%
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Table A.5. Confusion matrix of the best RGB data sample model (RF, point cloud normalized
at 1 m DEM resolution) for Prometheus fuel types classification.

t;‘;g's FT1 | FT2 | FT3 | FT4 | FT5 FT6 | FT7 P;‘(’g:'s

FT1 | 90 0 10 0 0 0 0 90%
FT2 7 83 55 0 0 0 0 57%
FT3 3 17 15 10 0 0 0 33%
FT4 | 0 10 0 60 0 0 0 86%
FT5 0 0 0 0 49 34 39 | 40%
FT6 0 0 0 0 21 55 29 | 52%
FT7 0 0 0 0 30 31 | 172 | 74%
Uasgg_'s 90% | 75% | 19% | 86% | 49% = 45% | 72%
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The GeoSLAM ZEB-Horizon HMLS system. Photograph by Juan de la Riva.
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ABSTRACT

The exposure of Mediterranean forests to large wildfires requires mechanisms to prevent and
mitigate their negative effects on the territory and ecosystems. Fuel models synthesize the
complexity and heterogeneity of forest fuels and allow for the understanding and modeling of
fire behavior. However, it is sometimes challenging to define the fuel type in a structurally
heterogeneous forest stand due to the mixture of characteristics from the different types and
limitations of qualitative field observations and passive and active airborne remote sensing.
This can impact the performance of classification models that rely on the in situ identification
of fuel types as the ground-truth, which can lead to a mistaken prediction of fuel types over
larger areas in fire prediction models. In this study, a handheld mobile laser scanner (HMLYS)
system was used to assess its capability to define Prometheus fuel types in 43 forest plots in
Aragon (NE Spain). The HMLS system captured the vertical and horizontal distribution of
fuel at an extremely high resolution to derive high-density three-dimensional point clouds
(average: 63,148 points/m?), which were discretized into voxels of 0.05 m?. The total number
of voxels in each 5 cm height stratum was calculated to quantify the fuel volume in each
stratum, providing the vertical distribution of fuels (m3/m?) for each plot at a centimetric scale.
Additionally, the fuel volume was computed for each Prometheus height stratum (0.60, 2, and
4 m) in each plot. The Prometheus fuel types were satisfactorily identified in each plot and
were compared with the fuel types estimated in the field. This led to the modification of the
ground-truth in 10 out of the 43 plots, resulting in errors being found in the field estimation
between types FT2-FT3, FT5-FT6, and FT6-FT7. These results demonstrate the ability of
the HMLS systems to capture fuel heterogeneity at centimetric scales for the definition of fuel
types in the field in Mediterranean forests, making them powerful tools for fuel mapping, fire
modeling, and ultimately for improving wildfire prevention and forest management.
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1. INTRODUCTION

Wildfires are natural disasters that commonly affect forests (Bowman et al.,
2009; Pausas and Keeley, 2009). Mediterranean environments are particularly
vulnerable to wildfires, primarily due to the climatic conditions and the structural
complexity of Mediterranean forest ecosystems (Nocentini and Coll, 2013).
Furthermore, these areas may be more exposed to fire in the future due to climate
change (Varela et al., 2019; Ruffault et al., 2020; Jones et al., 2022; Rovithakis
et al., 2022), recent socio-economic processes such as the abandonment of fields
(Koutsias et al., 2013; Moreno et al., 2014; Ascoli et al., 2021), and the increase
in buildings in the wildland—urban interface and in rural areas adjacent to forest
stands (Chas-Amil et al., 2013; Ganteaume et al., 2021; Godoy et al., 2022).
Improvements in wildland fire management can help reduce the number of
wildfires (Turco et al., 2014) and bolster their resilience to current and future
Impacts. A pivotal step in wildfire prevention is understanding forest fuels, as
they offer insights into potential fire behavior in case of a hypothetical fire.

Forest fuels comprise all living or dead matter available in the forest for
combustion. They are one of the three components of the so-called ‘fire triangle’,
together with a heat source and oxygen. However, fuel is the only one that can
be managed, so its characterization is fundamental to predict fire behavior and
establish management plans to assess the risk of fire (Ferraz et al., 2016).
Different fuel models have been developed to synthesize fuel types according to
their height and density (Huesca et al., 2019). These parametrized models will
ultimately serve as inputs for fire behavior and spread models over larger areas.
There are different fuel-type classifications, such as the Rothermel fire spread
model (Rothermel, 1972), the Northern Forest Fire Laboratory (NFFL) model
(Albini, 1976), and the Prometheus model (Prometheus, 1999). The latter is
based on the NFFL model and adapted to Mediterranean ecosystems. It
comprises seven fuel types: one grassland type (FT1), three shrub types (FT2,
FT3, and FT4), and three tree types (FT5, FT6, and FT7). The precise
characterization of each fuel type is essential to understand how fire will behave
with vegetation. For this, it is necessary to obtain very detailed information about
the structure of the fuels. However, the identification of fuel types in the field
can be a difficult task, especially in Mediterranean forests, due to the coexistence
of different understory species and the heterogeneous spatial distribution of
vegetation. Knowing the fuel type in a forest plot is relevant when this
information acts as the ground-truth of classification models to accurately
predict fire behavior over larger forest areas (Arroyo et al., 2008). In this regard,
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previous studies have noticed common classification discrepancies between the
field data (i.e., the fuel type acting as the dependent variable) and the results of
predictive models, for instance, between the shrub and tree fuel types (Arroyo et
al., 2006; Domingo et al., 2020; Hoffrén et al., 2023a), but more commonly
between the types of the same dominant stratum, such as between shrub types
(Lasaponara et al., 2005; Huesca et al., 2019) and between tree types (Garcia et
al., 2011; Revilla et al., 2021; Hoffrén et al., 2023b). In a previous work carried
out by Hoffrén et al. (2023b), in the same study area, predictive classification
models based on machine learning techniques were performed to classify
Prometheus fuel types using the data obtained from a photogrammetric
unmanned aerial vehicle. The results from the classification models showed that
the main discrepancies were between similar fuel types (e.g., FT2-FT3, FT3-
FT4, and FT6-FT7), which may share the same structural features. One of the
conclusions drawn in that study was that some confusion could have occurred
due to the structural heterogeneity and complexity of the forest plots, which may
have made it difficult to identify the ground-truth (i.e., the dominant fuel type)
of the plots. In this regard, misclassifications can occur because forest plots are
typically not homogeneous in terms of the fuel type but can exhibit mixed
characteristics of several types (Hoffrén et al., 2023b), leading to confusion
when estimating the ground-truth in situ. Ground-based LiDAR (Light Detection
and Ranging) systems can provide a solution to this problem, as they are able to
capture detailed structural forest information (Burt et al., 2013; Liang et al.,
2016; Olofsson and Holmgren, 2016; Ritter et al., 2017; Akerblom et al., 2021)
and thus help to better define the fuel types in forest plots with high structural
complexity.

There are two main ground-based LIiDAR systems used in forestry: stationary
terrestrial laser scanners (TLS) and mobile terrestrial laser scanners (MLS). TLS
have been used for the identification of forest fuels for more than a decade, as
well as large-scale fuel-type maps (Rowell and Seielstad, 2012), the
classification of forest fuels to assess wildfire hazards (Chen et al., 2016), and
the prediction of surface fuels and vegetation biomass and consumption before
and after a prescribed burning (Loudermilk et al., 2023). They have also been
used to assess the accuracy of TLS data in estimating forest phenology and shrub
height and density and their comparison with field reference data (Maxwell et
al., 2023); however, the static nature of TLS can lead to occlusion problems that
can be especially significant in structurally complex forests, such as
Mediterranean forests. This may result in under-predicted structural values
(Donager et al., 2021), undetected trees (Yrttimaa et al., 2020), or less accurately
derived digital elevation models (Crespo-Peremarch, 2020). MLS are considered
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efficient alternatives to TLS to mitigate occlusion problems (Bauwens et al.,
2016; Fol et al., 2023). They can be mounted on different platforms, such as
smartphones (Gilci et al., 2023), backpacks (Hyyppa et al., 2020a), cars (de
Paula Pires et al., 2022), or handheld devices. Handheld mobile laser scanners
(HMLYS), in particular, are among the most widely used MLS in forestry (Fol et
al., 2023). They enable rapid and accurate acquisition of forest structural data
(Donager et al., 2021) and can detect trees accurately (Gollob et al., 2020a;
Solares-Canal et al., 2023; Tupinamba-Simdes et al., 2023) and in less time
compared to TLS systems (Bauwens et al., 2016). They have also been
successfully capable of estimating forest fuels. For instance, Forbes et al. (2022)
found that HMLS systems can be used to estimate ladder fuels in oak woodlands
to predict wildfire burn severity with good accuracy. Post (2022) also observed
good performances of a HMLS system to detect post-fire disturbances from
surface fuel data. Furthermore, Coskuner et al. (2023) obtained good results
from a HMLS system to estimate fuel characteristics in Mediterranean forest
stands. Therefore, and given the very high resolution of information they are
capable of collecting, HMLS systems appear to be very suitable tools for
capturing the structural complexity of fuels with a high level of detail for the
precise definition of fuel types in the field.

In this context, the main objective of this study is to evaluate the suitability of a
HMLS system for constructing an enhanced ground-truth of fuel types, which
can be used subsequently to better predict forest fuels over large areas. The initial
hypothesis is that HMLS systems can capture fuel heterogeneity and quantify
the fuel volume at a very high resolution, allowing for the characterization of the
structural complexity of vegetation with high accuracy and definition of the fuel
types in forest stands with uncertain dominant types. To this end, the HMLS
system will be used to quantify the fuel volume by height strata at a very high
resolution in structurally heterogeneous forest stands, facilitating the
identification of the Prometheus fuel type for each stand to serve as the ground-
truth in other remote sensing fuel identification technique

2. MATERIALS AND METHODS

2.1. Study area

The study was conducted across 43 forest plots of a 15 m circular radius, except
for one plot of a 10 m circular radius (Tables A.1 and A.2 of Appendix). These
plots were selected from those previously utilized by Hoffrén et al. (2023b).
They were distributed across 5 sectors of the Autonomous Community of
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Aragon (NE Spain) as follows: Almudévar, Ayerbe, Uncastillo, Villarluengo,
and Zuera (Figure 1). The prevailing climate in these sectors is Mediterranean
with a continental influence, characterized by sporadic and irregularly
distributed rainfall throughout the year, substantial daily and annual thermal
gradients, and convective storms, which are frequent in late spring and summer.
The sectors of Almudévar, Ayerbe, and Zuera are located in the Central Ebro
Valley, where climatic conditions tend to be more extreme, resembling steppe-
like conditions with cold winters, very hot and dry summers, low precipitation,
and a high probability of drought periods. On the other hand, the Uncastillo
sector, situated to the north of the Central Ebro Valley near the southern foothills
of the Pre-Pyrenean range, experiences less extreme temperature gradients and
higher rainfall. Finally, the Villarluengo sector, located in the Iberian range,
features colder winters and milder summers compared to the other sectors due
to its higher altitude (Cuadrat et al., 2007). All plots are characterized by typical
Mediterranean vegetation well-adapted to the local climatic conditions,
including shrublands and forest predominantly consisting of Aleppo pine (Pinus
halepensis Mill.) and bog pine (Pinus nigra Mill.) mixed with an understory of
oaks (Quercus coccifera L., Quercus faginea Lam., and Quercus ilex subsp.
rotundifolia Lam.), boxwood (Buxus sempervirens L.), junipers (Juniperus
oxycedrus L.), rosemary (Rosmarinus officinalis L.), and thymes (Thymus
vulgaris L.). The climatic conditions, along with the characteristics of
vegetation, and together with recent processes such as cropland abandonment
and natural and systematic reforestation with pine species, lead to a high risk of
forest fires. In fact, 3 out of the 5 sectors experienced large wildfires (>500 ha
of burned area) in the last 30 years: Uncastillo and Villarluengo in 1994 and
Zuera in 1995 and 2008. Although each forest plot had initially assigned a
Prometheus fuel type as the ground-truth (see Hoffrén et al., 2023b), fuel types
were reassigned during each visit, as plots could undergo changes in the
dominant Prometheus type due to natural vegetation dynamics. The grassland
fuel type (FT1) was not considered in this study due to its highly homogeneous
and distinctive fuel structure. The center of each plot was determined using a
Leica VIVA® GS15 CS10 GNSS real-time kinematic global positioning system
with centimeter-level accuracy.
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Figure 1. Study area, location of the 5 sectors and the 43 forest plots, and detailed photo of 6
plots for each Prometheus fuel type considered in the study. Coordinate reference system of
the main map is EPSG: 25830 (ETRS89 — UTM zone 30N).

2.2. Data acquisition and preprocessing

HMLS data were collected at the end of May 2023 using a GeoSLAM ZEB-
Horizon unit (GeoSLAM Ltd., Ruddington, UK) (Figure 2a), capable of
scanning 300,000 points per second with a maximum scan range of 100 m and a
360° x 270° field of view. Scans were performed following methods similar to
those described in Gollob et al. (2020a, 2020b). The scanning procedure
commenced at the center of each plot, followed by an inner circular scan
approximately 1 m from the plot’s center and an outer circular scan at the plot’s
boundaries, pointing towards the center of the plot. Next, a detailed scan was
performed within the plot in densely vegetated and shadowed areas to mitigate
occlusion issues, concluding the scan at the starting point located at the plot’s
center. An example of a typical scan path on a plot can be observed in Figure 2b.
The scanning time for each plot was about 10-15 minutes (longer in denser
plots). The interaction of the laser system with the vegetation generated highly
dense three-dimensional point clouds, with an average point density of 63,148
points/m? for all plots (detailed densities for each plot are presented in Tables
A.1 and A.2 of the Appendix). Since the HMLS system did not incorporate an

141



Chapter 5

inertial measurement unit, data were collected in local coordinates (i.e., the
center of the plot had coordinates XY 0,0) and were subsequently georeferenced
to a coordinate reference system. To achieve this, five ground control points
(GCPs) were established in each plot before the start of the scans with the Leica
VIVA® GS15 CS10 GNSS. One GCP was positioned at the center of the plot, and
the remaining four were placed at each of the cardinal points of the plot’s
boundaries (Figure 2b). During the scans, the HMLS remained static and at
ground level on each GCP for at least 10 seconds to record the local coordinates,
which were then matched with the coordinates obtained from the GNSS at the
same GCP. For data preprocessing, the proprietary software GeoSLAM Connect
v.2.3.0 was employed. It involved the conversion of scans into LAS files and
georeferencing local coordinates to a coordinate reference system (EPSG: 25830
— ETRS89 UTM zone 30N). For the latter, the Stop and Go alignment tool was
utilized, facilitating the association of the local coordinates registered with the
HMLS to the coordinates recorded with the GNSS at each GCP in the coordinate
reference system. The mean georeferencing error for all plots was 0.161 m
(detailed results are provided in Tables A.1 and A.2 of the Appendix).
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Figure 2. (@) HMLS unit used in the study: GeoSLAM ZEB-Horizon (GeoSLAM Ltd.,
Ruddington, UK); (b) Example of the location of the 5 GCPs and the route followed to obtain
the data in a plot.
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2.3. Ground points classification

The georeferenced point clouds were classified into ground and non-ground
points for the generation of Digital Elevation Models (DEMSs) and height
normalization. This process is a key step for ensuring that subsequent analyses
are accurate, given the very high point cloud density of the HMLS data. To
accomplish this, three different ground classification algorithms commonly used
in forestry were tested as follows: the lasground algorithm of LasTools
(Rapidlasso GmbH, Gilching, Germany), the Multiscale Curvature
Classification (MCC) algorithm (Evans and Hudak, 2007), and the Cloth
Simulation Filter (CSF) algorithm (Zhang et al., 2016). The software used for
this purpose was ArcMap v.10.7.1 (ESRI, 2019) for LasTools, MCC-LIDAR
v.2.1 (Evans and Hudak, 2007) for the MCC, and the lidR package (Roussel et
al., 2020; Roussel and Auty, 2022) of the R environment (R Core Team, 2022)
for the CSF. The classification could be applied without reducing the original
point cloud densities in the cases of LasTools and the CSF, but with the MCC,
the point clouds had to be decimated to 1,000 points/m? due to computational
limitations. The points classified as ground by the three algorithms were used to
generate DEMs with a spatial resolution of 0.20 m by the TIN-to-Raster
interpolation method (Renslow, 2013) using the rasterize terrain function of the
lidR package. Subsequently, the elevation values were extracted from the DEMs
through the random sampling of 2,000 points, and they were compared with each
other to compute the mean height error for each algorithm. The DEMs from the
algorithm with the lowest mean error were selected to normalize the heights of
the point clouds. This was achieved using the normalize heights function of the
lidR package. Finally, normalized points with negative height values or
exceeding 40 m (i.e., outliers) were removed using the filter poi function of lidR.

2.4. Voxelization and fuel load quantification

Estimation of the fuel load was performed by calculating the volume of the
normalized point clouds. For this purpose, a voxelization process was conducted,
which has been reported as a well-suited approach for estimating forest fuels
(e.g., Barton et al., 2020; Eusuf et al., 2020; Rowell et al., 2020; Marcozzi et al.,
2023) and allows for simplifying the huge amount of data coming from ground-
based LIDAR systems (Popescu and Zhao, 2008; Kato et al., 2013; Lecigne et
al., 2018; Hillman et al., 2021; Martinez-Rodrigo et al., 2022). In doing so, the
effect of uneven point distributions, many of which tend to be located closer to
the sensor, is normalized (Kato et al., 2013; Lecigne et al., 2018). The first step
prior to the voxelization process was to consider the resolution of the voxels so
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that they could accurately describe the heterogeneous structure and distribution
of fuel loads without a loss of information. Considering the average point cloud
densities, voxels were generated at a 5 cm grid resolution using the VoxR
package for R (Lecigne et al., 2018; Lecigne, 2020). Before that, the points
considered as noise were filtered out using the Statistical Outliers Removal
(SOR) filter available in the VoxR package. The SOR filter considers a point to
be noise if it is at a distance to its nearest neighbors greater than the mean
distance of the entire point cloud plus 1.5 times the standard deviation of the
other points (Lecigne, 2020). As a result of voxelization, each plot was
composed of a collection of filled and empty voxels in the XYZ space (Figure
3). Filled voxels indicated the presence of at least one point of the point cloud,
while empty voxels denoted an absence of points.

ﬂfiﬁ'l'u!uit (ST l"'“m "" Bl !"

Figure 3. Results of voxelization (below) of the point cloud (above) for the entire forest plot
al02 (left) and for an individual tree within the plot (right). For a better visualization, only the
filled voxels are displayed.

The total volume for each plot in each 5 cm height stratum was computed as the
sum of the filled voxels in each stratum multiplied by their volume (Equation
5.1), following the methods adopted by Martinez-Rodrigo et al. (2022). In order
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to take into account, with a cautious approach, the measurement accuracy of the
instrument, which is around 1-3 cm, for subsequent analyses, the first voxelized
stratum (i.e., voxels between 0 and 5 cm of height) was not considered to ensure
an exclusion of returns that may belong to the ground and not to the fuel. The
volume of each height stratum was calculated in absolute (m3/m?) and relative
(% of the total) terms. Additionally, the total volume of the fuel load was
calculated for each height threshold of the Prometheus model: below 0.60 m for
the low shrub (LSh) stratum, between 0.60-2 m for the medium shrub (MSh)
stratum, between 2—4 m for the high shrub (HSh) stratum, and above 4 m for the
tree stratum (Tr), for quantifying the average fuel load for each fuel type.

VOL, = Y VOX, % (0.05)3 (1)

where VOL represents the total volume in absolute (m%/m?) and relative (% of the
total) terms in the s height stratum, and VOX represents the filled voxels in the s
height stratum.

3. RESULTS

3.1. Visual analyses of the processed point clouds

A preliminary assessment of the differentiation capability between the
Prometheus fuel types was conducted through a visual analysis of the point
clouds. Figure 4 illustrates the structural heterogeneity of vegetation at both the
plot and transect scales by fuel type. It can be observed that the acquired and
processed data successfully represent the vertical distribution of vegetation, even
in the upper strata (e.g., canopies), which are further away from the ground,
where data are acquired. The LSh, MSh, and HSh strata (i.e., shrub strata) are
predominant in FT2, FT3, and FT4, respectively. In addition, some scattered
larger shrubs or small trees can be found in the FT2 and FT3 plots, while FT4
exhibits a greater spatial continuity of tall shrubs. In FT5, the point cloud clearly
represents the tree profile and the absence of an understory. Continuity of
vegetation can be observed between the lower and upper strata for the tree fuel
types, as in FT6, but to a lesser extent compared to FT7, where the fuel reaches
the maximum structural volume and the highest stand compactness.
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Figure 4. Spatial distribution of the HMLS point cloud by representative plots (above) and
transects (below) for each Prometheus fuel type considered in the study. Colors refer to height

of vegetation.
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3.2. Selection of the ground points classification algorithm

Figure 5 depicts the results of the comparative analyses of the mean height error
for each plot and between algorithms. The detailed results can be found in Tables
A.3 and A.4 of the Appendix. There were minimal differences in the height
values extracted from the MCC and CSF (mean error = 4 cm, standard deviation
= 4 cm), whereas, with LasTools, the differences with the other two algorithms
were slightly larger (LasTools—MCC: mean error = 19 cm, standard deviation =
28 cm; LasTools—CSF: mean error = 20 cm, standard deviation = 26 cm).
Regarding the classification process, the MCC took considerable time to process
the decimated point cloud, while LasTools and the CSF processed the complete
point cloud in less time. Therefore, based on these results, the CSF algorithm
was chosen as the most suitable for filtering and classifying the point clouds into
ground and non-ground points to normalize the heights of the point clouds.
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Figure 5. DEMs mean height error for each forest plot and each pair of ground point
classification algorithms considered in the study.

3.3. Definition of Prometheus fuel types

The vertical distribution of the fuel volume every 5 cm enabled the definition of
specific distributions of the Prometheus fuel types for each forest plot (see Figure
A.1 of the Appendix), facilitating the detection of plots with inaccurately
estimated fuel types in the field.
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In general terms, the Prometheus shrub fuel types (FT2, FT3, and FT4) exhibit
a unimodal distribution, except for some cases in FT4, with peaks in the LSh
stratum and a gradual decrease in fuel towards the higher strata, nearly
diminishing in the MSh stratum (Figure 6). In FT2, the fuel is primarily
concentrated in the LSh stratum, with only a few plots showing a slight increase
between 0.60 and 4 m, likely due to scattered low trees within those plots, though
it does not significantly alter the overall distribution. In FT3, the decline in fuel
load is less abrupt than in FT2 within the LSh stratum but stabilizes in the MSh
stratum before gradually decreasing to the Tr stratum. The distribution of FT4
differs slightly from that of FT2 and FT3, with the peak found in both the LSh
and MSh strata. Moreover, there is a higher volume of fuel in the MSh stratum.
Some plots exhibit a bimodal distribution, with peaks in both the LSh and MSh
strata. These distributions in FT4 suggest a continuity of the vertical fuel
structure below 4 m, characteristic of this fuel type. Based on these findings, a
total of four shrub-type plots with inaccurately estimated fuel types in the field
were identified. One plot, initially classified as FT2 (vi40), did not align with the
average distribution for this fuel type, as it exhibited a higher fuel volume in the
MSh stratum, aligning more closely with FT3. Consequently, the ground-truth
was changed to this fuel type. Additionally, three plots classified as FT3 (vil7,
zu30, and zu31) were reclassified as FT2, as their volume distribution showed
an abrupt decrease in fuel from the MSh stratum, better fitting with the FT2
distributions. In the case of the FT4 plots, no modifications were made.

Regarding the Prometheus tree fuel types (Figure 7), FT5 displays a distinctly
bimodal distribution, with a primary peak in the LSh stratum and a secondary
peak starting in the HSh stratum and continuing into the Tr stratum or originating
directly in the Tr stratum, with a minimal fuel load volume in the MSh stratum.
The distribution of FT6 exhibits a peak in the LSh stratum, followed by a
decrease in the MSh stratum and a slight increase in the HSh stratum, culminating
in a gradual decline from the Tr stratum. FT7 exhibits a very similar distribution
to FT6, except for a more consistent volume along the MSh and HSh strata before
declining from the Tr stratum. This indicates greater volume in the intermediate
strata and consequently, more vertical continuity of the fuel load, characteristic
of this type. These findings revealed misidentifications of ground-truth in six
tree-type fuel plots. Two plots, initially categorized as FT6 (ayl2 and ay49),
were reassigned to FT5 due to the distinct bimodality of their distributions and
minimal volume present in the MSh and HSh strata. Another plot initially labeled
as FT6 in the field (ay31) was corrected to FT7, as it demonstrated a consistent
fuel volume between the LSh and MSh strata. Moreover, three plots originally
labeled as FT7 (ay06, ayl9, and ay28) were modified to FT6, as their
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distributions indicated a decrease in volume in the MSh stratum, suggesting less
vertical continuity of vegetation. Finally, a plot labeled as FT7 (vi4l,
corresponding to the pink line in the FT7 plots of Figure 7) displayed a
distinctive signature compared to others of the same fuel type. While this plot
could potentially fall between FT4 and FT7 due to its clear bimodality
resembling some FT4 plots, the significant fuel load from the Tr stratum,
persisting until approximately 8 meters, suggests excessive height for the FT4
plot. Consequently, the ground-truth was not modified, assuming it to be a FT7
plot with a low tree height.
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Figure 6. Vertical distribution of the volume of fuel load every 0.05 m of the Prometheus
shrub fuel types. Each line represents a forest plot arranged by the fuel type estimated in the
field (left) and corrected with HMLS data (right). No modifications were made in FT4 plots.

149



Chapter 5

FT5 (ORIGINAL) FT5 (MODIFIED)

201 20+
)
E 15{ 151
3
£ 101 10+
£
S 59 5
S

] e , , 0

06 2 4 8 15

FT6 (ORIGINAL)

20+ 20
&
E 151 151
@
E 101 10-
£
2 57 5
S
01 = . . . 0
06 2 4 8 15
FT7 (ORIGINAL) FT7 (MODIFIED)
20+
151
101
5.
L e —— i ]
06 2 < 8 15
Height (m) Height (m)

Figure 7. Vertical distribution of the volume of fuel load every 0.05 m of the Prometheus tree
fuel types. Each line represents a forest plot arranged by the fuel type estimated in the field
(left) and corrected with HMLS data (right).

3.4. Quantification of Prometheus fuel load

The quantification of fuel load by Prometheus height strata confirmed the
corrections made to the ground-truth in the 10 forest plots. The results presented
below are grouped by the fuel types modified from the HMLS data, as mentioned
in the previous section. Figure 8 illustrates the fuel volume of each Prometheus
shrub fuel type, revealing a generally progressive increase in the total volume
from FT2 to FT4; specifically, the volume is less than 250 m3/m? in FT2, slightly
over 250 m®/m? in FT3 (except for one plot: vi40), and somewhat higher than
250 m3/m? in FT4. Plot vi40 was misclassified as FT2 in the field and is the only
one among FT3 that does not exceed 250 m3/m? of the total volume. This
suggests that this plot could be on the border between FT2 and FT3. However,
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the percentage of volume contained in the MSh and HSh strata in this plot is quite
high (> 20%), resembling the percentages of FT3 plots more closely. Regarding
the percentage of volume in each Prometheus stratum, a clear dominance of the
LSh stratum is observed in FT2 (> 50% of the total volume in all plots except for
one), with greater parity in FT3 but with more significant proportions in the two
lower strata, and a predominance of the MSh stratum in FT4. As expected, the
percentage of the total volume in the Tr stratum is almost negligible in the three
shrub types. Only three FT2 plots have volume in the HSh and Tr strata, which
are related to the small volume increments seen in these strata in Figure 5 and
explained before. There is a higher volume percentage in the Tr stratum in the
FT3 plots, but they are still low values, while there is hardly any in FT4. Finally,
it is worth noting that the volume of the plots where the ground-truth was
corrected (vil7, vi40, zu30, and zu31) fits quite well within their respective new
groups.

In the Prometheus tree fuel types, there is a lower volume of fuel load in FT5
(<750 m3/m?) due to the absence of understory and a slightly higher volume in
the FT6 plots compared to FT7 (Figure 9) due to a greater volume of tree
canopies in the former. In general terms, the dominant stratum in these types is
the Tr stratum, reaching the highest percentages in the FT5 plots. The FT7 plots
have greater uniformity in the volume contained in each Prometheus stratum,
although some plots show similar volume percentages in the MSh and HSh strata
to others identified as FT6 (e.g., ayl6 and ay17). This may be an indicator of the
high complexity of the vertical fuel structure in both types. However, in the FT6
plots, there are no cases of a volume percentage higher than 20% in the same
plot in both the MSh and HSh strata, while this is a characteristic in most FT7
plots, suggesting a greater vertical continuity of fuel between the strata in the
latter. Regarding FT5, the amount of volume in the LSh and MSh strata is very
low, and appreciable amounts are only found in plots al08, al09, ay12, and ay49.
In the case of the former two, it is due to a higher percentage of MSh strata,
although this percentage is not high. The latter two were labeled in the field as
FT6 because they had a higher volume of fuel in the MSh stratum compared to
the other FT5 plots. However, their volume by Prometheus height strata seems
to fit better in FT5, confirming the corrections made previously. Plot zu32 has
the most distinctive volume distribution of all FT5 plots, as the dominant stratum
Is the HSh stratum, assuming that this is a FT5 plot with a low tree height. On
the other hand, the volume of plot ay31, whose fuel type was labeled as FT6 in
the field, fits quite well as FT7. Plots ay06, ay19, and ay28, which transitioned
from FT7 to FT6, also seem to fit better with their new type. Lastly, it is
confirmed that plot vi41l is a low FT7 plot since it has very little volume in the
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Tr stratum but a lot in the HSh stratum. Its distribution closely resembles those
of FT4 plots, although with significantly more volume in the upper strata, so it
might not be appropriate to be labeled as FT4.
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Figure 8. Total volume (left) and percentage of the total volume (right) of fuel load for each
plot by Prometheus height strata and for the Prometheus shrub fuel types. Percentage values
within bar plots are represented in %. Volume < 3% is not labeled due to space constraints.
The plots are arranged by the fuel types modified from the HMLS data.
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Figure 9. Total volume (left) and percentage of the total volume (right) of fuel load for each
plot by Prometheus height strata and for the Prometheus tree fuel types. Percentage values
within bar plots are represented in %. VVolume < 3% is not labeled due to space constraints.
The plots are arranged by the fuel types modified from the HMLS data.

4. DISCUSSION

In the current context of increasing exposure to wildfires, it is necessary to
develop plans to mitigate their negative effects on the environment. An effective
step is to correctly identify fuel types in the field to accurately model fire
behavior in larger areas. However, forest stands are often structurally complex
and present mixed features of several fuel types, especially in the Mediterranean
region, making the in situ estimation of fuels challenging at times. This study
has relied on a HMLS system to address this challenge, as its ability to obtain
detailed data on forest vertical and horizontal structure allows for a more precise
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characterization of vegetation and the definition of Prometheus fuel types at the
plot level. Thanks to the large amount of data involved, the corrections made to
incorrectly identified fuel types in the field were successful, resulting in 10 out
of the 43 plots changing their assigned fuel type, which could explain some of
the confusion between similar fuel types observed in Hoffrén et al. (2023b).
Additionally, the proposed methodology, based on the use of a HMLS system,
provides an efficient alternative for the estimation and correction of fuel types
in the field in Mediterranean forest environments. Overall, the results show that
voxelization of the very-high-density three-dimensional point clouds from the
HMLS data allowed the identification of specific distributions of the vertical fuel
volume for each Prometheus fuel type, while quantification of the fuel volume
by Prometheus height strata validated the information provided by the
distributions.

The CSF algorithm was the most suitable for the classification of the ground
points. Filtering is a key process to normalize the heights and ensure the greatest
accuracies in the subsequent voxelization and fuel volume estimation. This
algorithm has already been used in previous studies that have employed HMLS
systems (e.g., Donager et al., 2021; Gollob et al., 2020a), as well as TLS systems
(e.g., Hillman et al., 2021; Panagiotidis et al., 2021) and other MLS systems
(e.g., de Paula Pires et al.,, 2022). The results of the centimetric-scale
voxelization (5 cm) appear to be adequate for better identifying the vertical
distribution of fuels and accurately estimating the Prometheus fuel types without
loss of information on the structural complexity of the forest stands. Although
the voxel size will depend on the research objectives and the quality of the data
(Lecigne et al., 2018), several studies using ground-based LIiDAR systems have
employed small-sized voxels for volume estimation with satisfactory results. For
Instance, when using the TLS system, Lecigne et al. (2018) noticed that smaller
voxels were more suitable for capturing fine changes in tree features compared
to larger voxel sizes, which is crucial when working in structurally complex
environments such as Mediterranean forests. Yan et al. (2019) generated voxels
of a 20 cm size for the crown volume estimation from MLS-derived point clouds.
Voxel sizes of 10 cm have also been used to estimate forest fuel characteristics
with a TLS system (Rowell et al., 2020) and stand structural features with the
HMLS system (Martinez-Rodrigo et al., 2022). In this study, the volume of fuel
load has been calculated directly from the voxels, but it can also be estimated
indirectly. For instance, a voxel-derived index called PDI (Plant Diversity Index)
was proposed by Puletti et al. (2021), which relates the number of filled voxels
to the total number of voxels within the same height stratum, resulting in the
satisfactory estimation of the vertical distribution of fuel volume. Despite the
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small voxel size used for the voxelization and the very high density of the point
clouds, the process was relatively fast and allowed for more efficient
management of the vast amount of data collected with the HMLS. In this regard,
voxels allow for the removal of some unwanted effects typical of ground-based
LiDAR systems, such as occlusion or differences in point cloud densities, which
can introduce bias in the characterization of fuel structure. This process of
discretizing point clouds also helps in monitoring forest changes over different
time periods (Srinivasan et al., 2014; McCarley et al., 2017; Zhao et al., 2018),
which could be valuable for detecting progressive changes in the fuel types over
time due to natural vegetation growth. In this sense, working directly with the
point cloud would have been computationally more demanding, as the extraction
of structural metrics to estimate the distribution and density of forest structure is
typically done at the pixel or plot level. Thus, this study proposes a simpler
methodology for better defining fuel types and correcting those that were
incorrectly estimated in the field.

Among the various platforms of ground-based LIDAR systems, this study has
utilized a HMLS in a novel application in forestry. Overall, the results of the
modifications for incorrectly estimated fuel types in the field are satisfactory and
underscore the value of HMLS systems for quantifying the fuel load volume and
precisely defining Prometheus fuel types. However, certain limitations related to
intrinsic system errors and to the estimation of fuel volume in quantitative units
(m3m?) must be considered. On one hand, the system itself may exhibit jitter
errors that are challenging to control, necessitating the acceptance of some
uncertainty in the recorded data. Additionally, the manner in which scans are
conducted by the user can influence data accuracy. Therefore, methods from
previous studies, such as predefined routes, sensor orientation, and designated
starting and ending scanning points, were followed in order to minimize
uncertainty (e.g., Bauwens et al., 2016; Gollob et al., 2020a; Gollob et al.,
2020Db; Forbes et al., 2022). Furthermore, the voxelization process helped to
homogenize the point clouds, thus mitigating bias (Lecigne et al., 2018). On the
other hand, estimating the fuel volume in quantitative units may not always be
entirely satisfactory. For example, some FT6 and FT7 plots exhibited very
similar vertical fuel distributions (Figure 9), potentially leading to confusion
between the different types, even when working at centimetric scales, as in this
study. Moreover, the voxels were computed for the entire point cloud without
differentiation of the objects from which they were returned. They lacked
information related to the presence of different vegetation parts, such as foliage,
branches, trunks, or bark, which are relevant for wildfire considerations. In this
context, some studies have attempted to categorize voxels according to their
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class to enhance fuel quantification (e.g., Barton et al., 2020; Eusuf et al., 2020).
However, this can be a complex task in forest environments of very high
structural heterogeneity, where different fuel classes are intermingled. Another
limitation is the inability to differentiate between live and dead fuel from the raw
point cloud data. Some HMLS systems allow the collection of data in
combination with RGB images, which could aid in distinguishing between both
types of fuel, although the processing could be time- and resource-intensive.
Nevertheless, it would enable an improved fuel characterization and more
accurate fire spread modeling. Despite these limitations, the HMLS system has
facilitated the identification of plots with incorrectly estimated fuel types in the
field and corrected them to their closest type. Confusions observed in the vertical
distributions of fuel load volume (Figures 6 to 9) align with previous studies,
which also reported inaccuracies in those fuel types using other remote sensing
methodological approaches (e.g., Lasaponara et al., 2005; Arroyo et al., 2006;
Garcia et al., 2011; Domingo et al., 2020). The categories that underwent
changes here also presented confounding issues in Hoffrén et al. (2023b), where
the worst classified types were FT3 and FT6. In this study, Figures 6 and 7
confirm the existence of discrepancies in these two fuel types, with three plots
initially assigned as FT3 in the field through visual analysis being modified to
FT2, while three other FT6 plots had their assignment adjusted from FT6 to FT5
(two plots) and to FT7 (one plot).

The main confusion between fuel types may be due to the incorrect estimation
of the volume of shrub or understory, i.e., understory fuels. In shrub fuel types,
it determines the maximum height, while in tree fuel types, it defines the degree
of vertical continuity between the understory and the canopies. Although
ground-based LIDAR systems have demonstrated greater capabilities in
identifying understory fuel than other systems (Beland et al., 2019; Arkin et al.,
2023), leveraging alternative remote sensing platforms could enhance the
estimation of understory fuels. For instance, Hillman et al. (2021) observed that
LIDAR sensors mounted on unmanned aerial vehicles (LIDAR UAVS)
effectively estimated understory fuels in a dry sclerophyll forest, achieving
accuracy comparable to the TLS systems. Conversely, Hyyppa et al. (2020a)
demonstrated that above-canopy LIDAR UAVs struggle to identify forest
understory attributes, while under-canopy LIDAR UAVs can achieve a similar
performance to ground-based LIiDAR systems (Hyyppé et al., 2020a; Hyyppa et
al., 2020b). Therefore, LIDAR UAVs offer a viable alternative for fuel-type
identification, as they can cover larger areas and provide valuable data.
However, they may be subject to more restrictive regulations and operational
challenges in dense and complex forests. HMLS data also offer the potential to
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obtain data over extensive areas, albeit requiring more time and effort. In
addition, some forest plots may be inaccessible due to their extremely high
vegetation density, particularly in Mediterranean forests. Despite these
challenges, HMLS systems offer advantages such as a larger scanning area than
the TLS system (Bauwens et al., 2016), flexibility in mobility within the forest,
and the ability to georeference data indirectly with GCPs or directly with an
inertial measurement unit. Consequently, based on our findings, HMLS systems
should be regarded as promising tools to enhance field fuel load estimations.
This improvement will contribute to better forest fuel modeling, thereby aiding
in the development of effective forest fire prevention and mitigation plans.

5. CONCLUSIONS

Knowing the spatial distribution of forest fuels is a crucial step to understanding
fire behavior in a hypothetical wildfire. In this sense, ground-based LIiDAR
systems can provide very detailed information on the vertical distribution of
forest fuels in exceptional detail, which can be of great interest in improving the
field estimation of fuel types. The results of this study conclude that HMLS
systems are capable of detecting fuel loads in centimeter-scale height strata in
heterogeneous forest plots. With this information, it is possible to determine the
fuel type to which the plot belongs, even when there is a mixture of
characteristics of different fuel types, a situation quite common in Mediterranean
forest environments. This study has focused on the Prometheus model, but the
approach could be applied to other relevant fire models. Thus, a better
identification of fuel types can enhance the ground-truth of classification models,
enabling more accurate modeling of fire behavior in larger areas. Ultimately, this
contributes to improved wildfire prevention and mitigation in the territory.
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Table A.1. Name, location, point cloud density, and mean georeferenced error of the forest
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plots in the Almudévar and Ayerbe sectors.

Plot center . Mean

Sector Plot | (ETRS89—UTM zone 30N) | Points/ 1 oot
D X Y m error

alol 694602.478 | 4652067.838 & 71,594.08 0.396

al02 694567.668 | 4652104.523 @ 61,510.30 0.138

Almudévar alo3 710134.071 | 4663293.626 | 55,084.31 0.109
alo4 710141.301 | 4663668.746 | 55,983.11 0.106

alo8 697328.819 | 4653490.123 @ 91,474.10 0.146

alo9 697275.282 | 4653516.272 | 69,630.07 0.353

ay04 686687.048 | 4674577.984 @ 133,259.23 0.058

ay06 688450.485 | 4674202.710 @ 89,334.00 0.038

ay08 686536.466 | 4674651.836 @ 84,663.50 0.585

ayl2 685055.484 | 4672393.522 | 29,699.16 0.036

ayl5 | 688256,.466 | 4674080.083 | 80,750.19 0.090

ay16 688792.329 | 4674281.699 @ 115,322.61 0.100

ayl7 689248.872 | 4674261.269 @ 131,697.66 0.155

ay19 686878.800 | 4673256.392 @ 119,540.63 0.682

Ayerbe ay20 686703.732 | 4673179.904 @ 84,514.25 0.472
ay22 687240.410 | 4673227.350 & 77,658.80 0.360

ay28 688371.236 | 4673218.006 @ 82,040.58 0.213

ay29 688737.669 | 4673129.789 | 85,566.76 0.162

ay30 688775.135 | 4673342.463 | 78,094.99 0.134

ay31 688609.831 | 4673178.137 | 78,879.46 0.155

ay47 685130.090 | 4673135.506 | 31,830.43 0.205

ay49 685076.359 | 4672599.030 & 52,189.36 0.121

ay50 685122.505 | 4672511.905 | 24,966.82 0.136
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Table A.2. Name, location, point cloud density, and mean georeferenced error of the forest
plots in the Uncastillo, Villarluengo, and Zuera sectors.

Plot center . Mean

Sector Plot | (ETRS89-UTM zone 30N) | Points/ 1 oot
D X Y m error

Uncastillo unl2 644240.822 | 4699753.646 | 46,152.96 0.133
vild 727270.389 | 4511291.669 | 49,447.92 0.078

vil5 727036.262 | 4511166.454 @ 35,912.14 0.122

Vvil6 727080.861 | 4511157.835 | 47,463.93 0.086

vil7 726201.413 | 4503645.777 | 26,659.39 0.096

vil8 726118.381 | 4503470.237 | 42,036.27 0.090

vil9 726672.818 | 4503511.043 17,187.46 0.080

Villarluengo | vi20 726746.027 | 4503541.186 & 18,689.68 0.076
vi29 725332.834 | 4506874.651 | 31,546.16 0.036

vi30 725369.219 | 4506806.618 & 43,004.04 0.082

vi38 726062.493 | 4509797.786 | 50,681.73 0.119

vi39 725818.588 | 4509536.031 | 36,774.11 0.069

vi40 725846.450 | 4509684.009 | 32,018.89 0.099

vi4l 726150.472 | 4509715.661 @ 68,006.40 0.071

zu201 | 675701.773 | 4640029.063 @ 49,040.58 0.063

zu202 | 675677.700 | 4640049.351 | 85,760.62 0.071

Zuera zu30 674321.251 | 4636134.801 | 47,760.41 0.123
zu3l 674042.822 | 4636569.962 @ 77,218.45 0.268

zu32 673137.179 | 4637107.172 = 23,244.28 0.141

zu38 674071.540 | 4639208.676 | 21,633.29 0.064
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Table A.3. Mean height error (in meters) between the three ground classification algorithms
tested in the study for each plot in the Almudévar and Ayerbe sectors.

Sector Pllgt CSF-MCC CSF-LasTools MCC-LasTools

alol 0.01 0.06 0.07

al02 0.02 0.02 0.04

Almudévar alo3 0.02 0.02 0.04
alo4 0.04 0.05 0.09

alo8 0.01 0.02 0.03

alo9 0.00 0.03 0.02

ay04 0.10 1.84 1.74

ay06 0.01 0.16 0.17

ay08 0.05 0.31 0.26

ayl2 0.02 0.10 0.08

ay15 0.03 0.24 0.20

ay16 0.10 0.55 0.45

ayl7 0.04 0.39 0.34

ay19 0.00 0.35 0.35

Ayerbe ay20 0.03 0.10 0.12
ay22 0.06 0.28 0.22

ay28 0.01 0.27 0.26

ay29 0.01 0.10 0.11

ay30 0.01 0.12 0.11

ay31 0.01 0.12 0.13

ay47 0.02 0.01 0.03

ay49 0.00 0.15 0.16

ay50 0.02 0.02 0.03
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Table A.4. Mean height error (in meters) between the three ground classification algorithms
tested in the study for each plot of Uncastillo, Villarluengo, and Zuera sectors.

Sector Pllgt CSF-MCC CSF-LasTools MCC-LasTools
Uncastillo unl2 0.02 0.17 0.19
vil4 0.08 0.09 0.16
vil5 0.03 0.09 0.13
Vvil6 0.00 0.17 0.17
vil7 0.05 0.10 0.15
vil8 0.03 0.30 0.33
vil9 0.04 0.13 0.17
Villarluengo | vi20 0.05 0.05 0.10
Vvi29 0.07 0.09 0.16
vi30 0.10 0.15 0.24
vi38 0.02 0.22 0.24
vi39 0.03 0.21 0.23
vi40 0.08 0.12 0.20
vi4l 0.02 0.29 0.26
zu201 0.16 0.11 0.27
zu202 0.11 0.18 0.28
Zuera zu30 0.04 0.06 0.10
zu3l 0.05 0.03 0.08
zu32 0.13 0.11 0.02
zu38 0.08 0.11 0.19
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Figure A.1. Vertical distribution of the fuel volume of each forest plot every 5 cm (1/3).
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Figure A.1. Vertical distribution of the fuel volume of each forest plot every 5 cm (2/3).
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CHAPTER 6

UAV-LIDAR SYSTEM FOR FOREST FUEL
ESTIMATION AND MAPPING,
AND INTEGRATION POSSIBILITIES
WITH AN HMLS SYSTEM

This chapter corresponds to:

Hoffrén, R., Lamelas, M.T., and de la Riva, J., 2024. Classification and
mapping of fuels in Mediterranean forest landscapes using a UAV-
LiDAR system and integration possibilities with handheld mobile laser
scanner systems. Remote Sensing 16 (18), 3536.

https://doi.org/10.3390/rs16183536



https://doi.org/10.3390/rs16183536

Classification and mapping of fuels in Mediterranean
forest landscapes using a UAV-LIDAR system and
integration possibilities with handheld mobile laser
scanner systems

Raul Hoffrén2, Maria Teresa Lamelas®®”, Juan de la Rival?.

! Department of Geography and Land Management, University of Zaragoza, Calle Pedro

Cerbuna 12, 50009, Zaragoza, Spain.

Geoforest Group, University Institute for Research in Environmental Sciences of Aragon
(IUCA), University of Zaragoza, Spain.

Centro Universitario de la Defensa, Academia General Militar, Ctra. Huesca s/n, 50090,
Zaragoza, Spain.

Corresponding author, email: tlamelas@unizar.es.

ABSTRACT

In this study, we evaluated the capability of an unmanned aerial vehicle with a LIDAR sensor
(UAV-LIDAR) to classify and map fuel types based on the Prometheus classification in
Mediterranean environments. UAV data were collected across 73 forest plots located in NE
of Spain. Furthermore, data collected from a handheld mobile laser scanner system (HMLS)
in 43 out of the 73 plots were used to assess the extent of improvement in fuel identification
resulting from the fusion of UAV and HMLS data. UAV three-dimensional point clouds
(average density: 452 points/m?) allowed the generation of LiDAR metrics and indices related
to vegetation structure. Additionally, voxels of 5 cm? derived from HMLS three-dimensional
point clouds (average density: 63,148 points/m?) facilitated the calculation of fuel volume at
each Prometheus fuel type height stratum (0.60, 2, and 4 m). Two different models based on
three machine learning techniques (Random Forest, Linear Support Vector Machine, and
Radial Support Vector Machine) were employed to classify the fuel types: one including only
UAYV variables and the other incorporating HMLS volume data. The most relevant UAV
variables introduced into the classification models, according to Dunn’s test, were the 99" and
10" percentile of the vegetation heights, the standard deviation of the heights, the total returns
above 4 m, and the LIDAR Height Diversity Index (LHDI). The best classification using only
UAYV data was achieved with Random Forest (overall accuracy = 81.28%), with confusion
mainly found between similar shrub and tree fuel types. The integration of fuel volume from
HMLS data yielded a substantial improvement, especially in Random Forest (overall accuracy
= 95.05%). The mapping of the UAV model correctly estimated the fuel types in the total area
of 55 plots and at least part of the area of 59 plots. These results confirm that UAV-LIDAR
systems are valid and operational tools for forest fuel classification and mapping and show
how fusion with HMLS data refines the identification of fuel types, contributing to more
effective management of forest ecosystems.
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UAV-LIDAR system

1. INTRODUCTION

Wildfires are an inherent disturbance of forest ecosystems, yet various factors
are contributing to an increase in their frequency and intensity (Pausas and
Keeley, 2021; Jones et al., 2022; Cunningham et al., 2024). Some causes of this
alteration are attributed to climate change (Abatzoglou et al., 2019; Abram et
al., 2021), land use changes (Ascoli et al., 2021), reforestation policies (White
and Long, 2019; Papatheodorou et al., 2023), and urban growth in the wildland—
urban interface (Kramer et al., 2019). As a consequence, forests are more
exposed to the negative processes of recurrent and extreme wildfires, beyond the
deterioration or loss of vegetation cover by fire, such as soil degradation (Hohner
et al., 2019) and biodiversity loss (Diaz-Delgado et al., 2002; Kelly et al., 2020;
Legge et al., 2022), also leading to an increase in carbon emissions into the
atmosphere (Ponomarev et al., 2021; Philips et al., 2022).

Mediterranean environments are particularly prone to wildfires due to the
characteristics of climate and vegetation (Pausas et al., 2008). Moreover, the
exposure of these regions to extreme wildfires is projected to increase in the
future (Dupuy et al., 2020; Ruffault et al., 2020; Richards et al., 2023),
heightening the vulnerability of these valuable ecosystems. A key mechanism
for preventing and mitigating wildfires is understanding the spatial distribution
of forest fuels, which constitute all living or dead matter available in forest
landscapes for combustion. The characterization of fuels helps to predict fire rate
of spread, fireline intensity, and propagation axes across heterogeneous forest
landscapes during hypothetical fire scenarios, enabling fuel mapping across large
areas (Lasaponara and Lanorte, 2006; Novo et al., 2020; Aragoneses and
Chuvieco, 2021). Given that the structural complexity of forest fuels often makes
their identification a complex task (Abdollahi and Yebra, 2023), several fuel
classifications have been developed in the last decades. For Mediterranean
environments, the Prometheus fuel classification (Prometheus, 1999) uses
indicators/thresholds of vegetation height and percentage cover of shrubs and
trees to classify fuels according to the type, height, and density of the main
element of propagation (grass, shrub, or leaf litter). It comprises seven fuel types
(FTs): FT1 for grass fuels; FT2, FT3, and FT4 for shrub fuels (low, medium, and
high, respectively); and FT5, FT6, and FT7 for tree fuels (without understory,
with non-continuous understory to canopy, and with continuous understory to
canopy, respectively). Remote sensing has been extensively employed for the
identification of forest fuels and, specifically, LiDAR (Light Detection and
Ranging) systems, thanks to the ability of laser pulses to work their way through
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the canopy and interact at different heights with the vegetation cover, enabling
the representation of forests’ three-dimensional structure. LIDAR sensors can be
mounted on different platforms. For instance, NASA’s Global Ecosystem
Dynamics Investigation system onboard the International Space Station allows
for characterizing fuels across vast areas (Ashworth et al., 2010; Leite et al.,
2022) and can be coupled with multispectral imagery to enhance fuel
classification (Hoffrén et al., 2023a). On the other hand, Airborne Laser Scanner
(ALS) systems facilitate the identification of fuels at regional scales with high
spatial resolution, integrating multispectral indices (Chirici et al., 2013;
Domingo et al., 2020) and hyperspectral images (Romero-Ramirez et al., 2018).

In recent years, proximal remote sensing platforms, such as Unmanned Aerial
Vehicles (UAVSs) and ground-based laser scanner systems, have become highly
promising technologies for fuel identification and classification in heterogeneous
environments. One of the primary advantages of the joint use of UAVs and
ground-based systems is the ability of the latter to collect data without the
constraints of drone flights, as long as there is real accessibility to the forest stand
and with very high spatial resolutions (Abdollahi and Yebra, 2023). UAVs have
demonstrated their effectiveness even when equipped with photogrammetric
sensors, such as visible or multispectral cameras, instead of LIiDAR. In this
respect, Shin et al. (2018) found that photogrammetric UAVs can efficiently
estimate canopy cover and canopy height in conifer forest stands. Hoffrén et al.
(2023b) successfully classified the Prometheus fuel types in almost the same
study area as in this study by combining very high-density three-dimensional
point clouds with multispectral images and textural data from a photogrammetric
UAV. However, in this study, the authors noticed very discrete classification
rates when classifying the Prometheus fuel types FT3 and FT6. This limitation
could be attributed to the inability of photogrammetric UAVSs to capture data
below the upper canopy. In this regard, Hillman et al. (2021) demonstrated that
UAVs with LIDAR sensors are better able to describe the entire vertical structure
of vegetation below canopies than photogrammetric UAVSs in a dry sclerophyl|
forest in Australia. Additionally, they noted very similar estimates of canopy and
sub-canopy cover in both UAV-LIDAR and ground-based systems. Conversely,
findings from Hyyppa et al. (2020a) suggest that ground-based systems provide
better results for collecting tree-level structural data than above-canopy UAV-
LIDAR systems. Consequently, the capacity of UAV-LIDAR systems to
characterize fuels below canopies may be compromised by the penetration
capabilities of the laser pulses into the canopy and the maximum number of
returns that the sensor is able to record in a single pulse. ldentifying the
shrubland is very important since it is usually the place through which fires are
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mainly spread. Ground-based systems can address this challenge since they
operate at ground level with an extremely high-density scanning rate, enabling a
more precise characterization of understory fuels. Indeed, these systems have
been successfully utilized by Chen et al. (2016) to identify all vertical fuel layers
in a forest stand and by Wilson et al. (2022) to evaluate the impact of fuel
structure on wildfire severity. However, despite these favorable findings, data
collection with ground-based systems may pose operational challenges in terms
of time and cost (Hyyppa et al., 2020b), particularly when compared to the
relatively shorter time periods required for data collection with UAVS.

In this context, considering the demonstrated efficacy of UAVs and LIiDAR
remote sensing in identifying forest fuels, both individually and in combination,
in this study, we aim to assess the capability of a UAV-LIDAR system for the
identification of the Prometheus fuel types in Mediterranean forest stands and
their classification using modeling techniques based on machine learning for the
subsequent fuel mapping across larger areas. In this study, we focus primarily
on shrub and tree understory fuels. The initial hypothesis is that the capacity of
UAV-LIDAR systems to characterize vegetation and fuel structure enables the
classification of the Prometheus fuel types with high levels of accuracy.
Furthermore, recognizing the uncertainty surrounding UAV-LIDAR systems’
ability to identify fuels below canopies, in this study, we also utilize data
collected in a previous work (Hoffrén et al., 2024) employing a ground-based
handheld mobile laser scanning (HMLS) system. In this context, the secondary
objective is to assess the extent of improvement in fuel identification resulting
from the integration of UAV-collected data with HMLS data, especially shrub
fuels, to better differentiate between shrub and tree understory fuel types. The
hypothesis is that HMLS systems have the potential to mitigate classification
errors that occur between fuel types with high structural heterogeneity,
particularly in the middle and lower strata. Ultimately, in this work, we aim to
underscore the utility of UAV-LIDAR systems and their potential synergy with
ground-based laser scanner systems to improve forest management practices
related to forest fuels and, thus, mitigate the negative impacts of wildfires on the
ecosystem.

2. MATERIALS AND METHODS

2.1. Study area

The study area was located in five sectors within the Autonomous Community
of Aragon (NE of Spain): Almudévar, Ayerbe, Uncastillo, Villarluengo, and
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Zuera. UAV data were collected across 73 forest plots of 15 m circular radius,
except for one plot of 10 m radius due to terrain constraints (a comprehensive
description of the forest plots is available in Table A.1 of the Appendix). HMLS
data were obtained in 43 out of the 73 forest plots in the context of a previous
work (for further details, see Hoffrén et al., 2024). The center of each plot was
determined using a Leica Viva® GS15 CS10 GNSS Real-Time Kinematic (RTK)
Global Positioning System with sub-meter accuracy. To form the ground-truth
for the classification models, the fuel type of each plot was estimated by visual
analyses in the field and validated with the processed HMLS point cloud in the
plots where HMLS data were collected (Hoffrén et al., 2024). The number of
plots for each fuel type is shown in Table 1. Note that, in this work, FT1 (grass
fuel) was not considered as the study focuses on shrubs and tree understory fuel
types. Figure 1 shows six study plots in frontal view using the UAV’s colored
point cloud, each with a different fuel type.

Table 1. The Prometheus fuel types: general characteristics and number of forest plots for
each fuel type and platform considered in this study. The difference between FT6 and FT7 is
the vertical dif- ference between shrubs and trees, which is >0.5 m in FT6 and <0.5 m in FT7.

UAV
Fuel Cover Shrub mean UAV and
type height plots HMLS
plots
FT2 0.30 - 0.60 m 11 10
> 60% grass and
FT3 < 50% trees (> 4 m) 0.60 —2.00 m 7 5
FT4 2.00-4.00m 5 5
< 30% shrub and
FTS > 50% trees (4 m) 14 d
FT6 > 30% shrub and 12 !
0,
FT7 > 50% trees (> 4 m) 24 7
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Figure 1. Graphical representation from the UAV’s colored point cloud of the structural
differences of the Prometheus fuel types considered in this study. Units are in meters. The
yellow, blue, and red dotted lines correspond to the height thresholds of the Prometheus
classification (0.60, 2, and 4 m, respectively).

All sectors experience a predominant Mediterranean climate with continental
influ- ence (Figure 2). The sectors of Almudévar, Ayerbe, and Zuera are situated
in the Central Ebro Valley, characterized by substantial daily and annual
temperature fluctuations, featuring hot summers, cold winters, and scarce rainfall
throughout the year (less than 500 mm/year). The sector of Uncastillo, located
to the north of the Central Ebro Valley in the foothills of the Pre-Pyrenees,
experiences less pronounced temperature variations compared to the
aforementioned sectors, although they are still high, and average annual rainfall
Is somewhat higher (~700 mm/year). The sector of Villarluengo, placed in the
southernmost part of Aragon within the Iberian mountain range, also experiences
pronounced daily and annual temperature fluctuations. However, its highest
mean altitude results in cooler summers than those observed in the Central Ebro
Valley, albeit winters are colder. The average annual precipitation is somewhat
higher (~800 mm/year), with a high possibility of winter snowfall. Convective
storms are frequent in this sector, often accompanied by lighting due to its
proximity to the Mediterranean Sea and the convergence of prevailing winds
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(Amatulli et al., 2007). All forest plots are predominantly characterized by
Mediterranean-type vegetation, well adapted to the climatic conditions. The
most representative forest types within the plots include Aleppo pine (Pinus
halepensis Mill.) and bog pine (Pinus nigra Mill.) forests, mixed with understory
vegetation dominated by boxwood (Buxus sempervirens), junipers (Juniperus
oxycedrus), oaks (Quercus coccifera, Quercus faginea, and Quercus ilex subsp.
rotundifolia), rosemary (Rosmarinus officinalis), and thyme (Thymus vulgaris)
(Loidi, 2017).

D Study sectors
1. Uncastillo
2. Ayerbe
3. Almudévar
4. Zuera
5. Villarluengo

Forest plots
O UAV
® UAV + HMLS

N

A

Basemap: PNOA 2021
CRS: ETRS89 UTM zone 30N

Figure 2. Spatial distribution of study sectors and forest plots where UAV and HMLS data
were collected in the Autonomous Community of Aragén (NE Spain).
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2.2. LIDAR data collection and processing

The primary instrument utilized to collect data in the 73 plots was a quadcopter
DJI Matrice 300 RTK UAV unit (DJI, Shenzhen, China) equipped with a DJI
Zenmuse L1 LIDAR sensor (Figure 3a). Additionally, data were collected in 43
out of the 73 plots with a GeoSLAM ZEB-Horizon HMLS system (GeoSLAM,
Ruddington, UK) at the end of May 2023 as part of the study developed by
Hoffrén et al. (2024). A comprehensive description of HMLS data acquisition
and processing methods can be found in Hoffrén et al. (2024).

UAYV data were acquired in several field campaigns performed between March
and May 2023. The UAV flights over the plots were automated using the DJI
Pilot 2 application. A flight altitude of 100 m above ground level was established
based on 1 m resolution Digital Elevation Models (DEMSs) derived from ALS-
LiDAR data from the 2" coverage of the Spanish National Orthophotography
Project (PNOA, 2024: https://pnoa.ign.es/web/portal/pnoa-lidar/, accessed on 13
June 2024). A serpentine mapping pattern was utilized with an 80% overlap
between scans in both cross-track and along-track directions, along with a zenith
angle of incidence and a flight speed of 7 m/s. An illustrative example of the
UAYV flight scheme over the plots is presented in Figure 3b. The LIDAR sensor
on the UAV operated at a scanning rate of 240,000 points per second, allowing
for up to 3 returns in a single laser pulse. These scans facilitated the generation
of very high-density three-dimensional point clouds, with an average density of
452 points/m? (further details are available in Table A.1 of the Appendix). The
UAV was equipped with an RTK system, enabling the georeferencing of data in
real-time without the necessity for ground control points in the field. The RTK
system allows the UAV’s global navigation system to connect via the Internet to
the Geodetic Reference Stations of the Spanish National Geographic Institute
and, in cases where coverage was deficient, to the UAV’s RTK total station,
providing differential corrections for the average positioning error of GNSS
satellites and thus ensuring sub-meter accuracies.
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UAV route
O Forest plot

Figure 3. (a) DJI Matrice 300 RTK UAV unit with DJI Zenmuse L1 LIiDAR sensor; (b)
General flight scheme for UAV data collection on two forest plots.

The UAV scans underwent initial preprocessing using DJI Terra v.3.6.7
proprietary software. The data were converted into LAS files and georeferenced
to the local reference system (EPSG: 25830-ETRS89/UTM zone 30N) for XY
coordinates and to the EGM-96 geoidal model for Z coordinates. Subsequently,
point clouds from the LAS files were categorized into ground and non-ground
points. To achieve this, the Multiscale Curvature Classification algorithm was
employed utilizing the MCC-LIiDAR v.2.1 command line tool (Evans and Hudak,
2007), following the parameters established by Montealegre et al. (2015). Points
classified as ground were utilized to create DEMs with a 0.20 m spatial
resolution using the TIN-to-raster interpolation method (Renslow, 2013). To
accomplish this, the rasterize terrain function from the “lidR” package (Roussel
et al., 2020; Roussel and Auty, 2022) for R environment (R Core Team, 2020)
was employed. The heights of the point clouds were normalized with respect to
ground level using the previously created DEMs through the normalize heights
function from the “lidR” package. Lastly, metrics related to fuel structure and
diversity indices were extracted at the plot scale. To mitigate uncertainty in Z
coordinates, points below 5 cm in height were excluded from subsequent
analyses to prevent the inclusion of data potentially associated with the ground
rather than vegetation, as a vertical accuracy of 1.5 cm + 1 ppm is reported by
the UAV manufacturer (https://enterprise.dji.com/es/matrice-300/specs, last
accessed on 13 June 2024). Three types of structural metrics were generated
utilizing the Cloudmetrics function from FUSION/LDV v.4.21 software
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(McGaughey, 2021): heights distribution (e.g., minimum, mean, and maximum
elevation, and elevation at different height percentiles), heights variability (e.g.,
standard deviation, variance, skewness, kurtosis, and L-moments of heights),
and canopy cover density (e.g., percentage of cover within specific height
intervals of the Prometheus fuel classification: below 0.60 m, 0.60—2 m, 2—-4 m,
and above 4 m). In addition to structural metrics, three forest diversity indices
were computed: the LIDAR Height Diversity Index (LHDI) (Equation 1), which
1s a modified version of the Shannon—Wiener diversity index (H’); the LiDAR
Evenness Diversity Index (LHEI) (Equation 2), which adapts the Pielou’s
evenness index; and the rumple index, defined as the ratio between the Canopy
Surface Model (CSM) and ground area (Equation 3). Both LHDI and LHEI were
initially introduced by Listopad et al. (2015) and, for their computation, the
proportion of returns within each height interval of the Prometheus fuel
classification was estimated according to Domingo et al. (2020) using the
Cloudmetrics function from FUSION/LDV software. For the rumple index,
CSMs and ground area were calculated using the Canopymodel and Surfacestats
functions from FUSION/LDV software, with a pixel resolution of 0.50 m and a
3 x 3 smoothing algorithm, accounting for the density of the UAV point cloud.
Rumple index was also calculated for each height interval of the Prometheus fuel
classification and additionally for the entire forest canopy structure within each
plot.

LHDI = —Y[(Py) X In(Pp)] 1)
LHDI
LHEI = 1= 2)

3D canopy surface area

©)

Rumple index =
ground area

where P is the proportion of returns at the defined Prometheus classification intervals

(h).
2.3. Variables selection and classification of Prometheus fuel types

The Prometheus fuel types were classified using machine learning classification
algorithms. Specifically, three non-parametric classification models were
evaluated: Random Forest (RF), Linear Support Vector Machine (SVM-L), and
Radial Support Vector Machine (SVM-R). This will provide insight into the
most suitable classification technique for the classification of the Prometheus
fuel types using UAV-LIDAR in combination with HMLS systems, as to date,
there is no evidence of a preponderant technique (Garcia et al., 2011; Domingo
et al., 2020; Garcia-Cimarras et al., 2021; Hoffrén et al., 2023b).
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A preliminary selection of variables was conducted to identify the most relevant
ones for inclusion in the classification models. This selection process utilized the
post hoc non-parametric Dunn’s test for multiple comparisons (Dunn, 1964),
which is similar to the Kruskal-Wallis test but provides the ability to pinpoint
precisely which groups (i.e., pairs of fuel types: FT2-FT3, FT2-FT4, etc.) differ
from each other (Dunn’s test, p < 0.05). The principle of parsimony was also
followed in the final selection of variables so that the most relevant of the four
types of metrics and variables generated (i.e., height distribution, height vari-
ability, canopy cover density, and diversity indices) were included.
Subsequently, the classification models were performed using the ‘“caret”
package (Kuhn, 2008) for R. Two different types of models were evaluated: a
model incorporating relevant variables derived from the data collected with the
UAV in the 73 forest plots and a model that encompasses the relevant UAV
variables along with vegetation volume at specific height intervals of the
Prometheus classification, extracted from the HMLS-derived voxels in the 43
forest plots (Hoffrén et al., 2024). RF models were parametrized by employing
between 2 and 10 decision trees at each node. SVM-L and SVM-R models were
fitted by adjusting a cost parameter within the range of 1-1000. Following the
recommendation by Andersen et al. (2005) for small datasets, model validation
was conducted using the k-fold cross-validation method with groups of 10
observations and 10 repeats in each instance. The overall performance of each
model was evaluated using the overall accuracy (OA) coefficient. The
classification accuracy of each fuel type was estimated using confusion matrices,
the Producer’s and User’s accuracy metrics (also known as the “recall” and the
“precision”, respectively (Nicolau et al., 2023)), and the F-score (F), which
combines the Producer’s and User’s accuracy into a single metric to assess the
overall performance of the classification for each fuel type.

2.4. Spatialization mapping of the Prometheus fuel types model

The mapping of the Prometheus fuel types was performed using the most
accurate model, exclusively considering the UAV data. This decision was made
because UAV data were captured over larger areas both within and outside the
forest plots. In contrast, HMLS data were solely recorded within the plots. Fuel
mapping was carried out at a spatial resolution of 20 m, deemed suitable due to
its similarity to the diameter of the forest plots under study. Furthermore, the
spatialization of fuels at higher resolutions may prove impractical for the effective
management of forest fuels, which require lower resolution for large-scale
mapping (Abdollahi and Yebra, 2023). Similarly, fuels tend to be distributed at
the scale of forest stands in their fire behavior. The mapped areas corresponded
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to the designated UAV flight zones, encompassing the locations of the forest
plots. To achieve this, the variables introduced into the classification models
were generated at a pixel scale of 20 m resolution using the Gridmetrics function
from FUSION/LDV software and subsequently mapped using the CSV2Grid
function from FUSION/LDV software. Finally, the spatial model was performed
using the “predict” function of the terra package (Hijmans, 2022) for R.
Afterwards, for each forest plot, a comparison was made between the observed
fuel type (i.e., the ground-truth) and those estimated by the model in the
mappings. To accomplish this, the spatialized pixels within each plot were
extracted and checked to see if the majority of those that were mapped aligned
with the observed fuel type.

3. RESULTS

3.1. Classification of Prometheus fuel types using UAV data

The most relevant variables according to Dunn’s test (p < 0.05) and,
consequently, included in the models were the 99" (“Elev. P99”") and 10™" (“Elev.
P10”) percentile of the point cloud height distribution, the standard deviation of
the heights (“Elev. stdev.”), the total returns above 4 m (“All returns > 4 m”),
and the LiDAR Height Diversity Index (“LHDI”). The complete results of
Dunn’s test are detailed in Table A.2 of the Appendix. The variable “Elev. P99”
was among the group of height distribution metrics that distinguished the highest
number of pairs of fuel types (up to eight), whereas the variable “Elev. P10”
managed to differentiate seven pairs. The variable “Elev. stdev.” was part of the
second group of metrics related to height variability that distinguished the most
pairs (up to seven), but it was selected due to the improvement its inclusion in
the model implied. The variable “All returns >4 m”, related to the canopy cover
density, also distinguished up to seven pairs of Prometheus fuel types, the
maximum within this group of metrics. Fewer pairs were differentiated by the
vegetation indices, with the “rumple index” distinguishing the most fuel types.
However, significant collinearity was found between this variable and “Elev.
stdev.”, leading to the selection of the next relevant index, “LHDI”.

Table 2 shows the best performance of the three classification models using the
UAYV data. The best classification model was RF, reaching an OA of 81.28%.
SVM-L and SVM- R achieved OAs of 75.10% and 78.32%, respectively. Table
3 shows the confusion matrix of the best classification model (RF). Confusion
matrices of the SVM-L and SVM-R can be found in Tables A.3 and A.5 of the
Appendix, respectively. In general terms, confusions were observed to primarily
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occur among similar fuel types, with minimal confusion between types of
different dominant strata, i.e., between shrubs (FT2 to FT4) and trees (FT5 to
FT7). The lowest hit rates were observed for FT3, which was primarily confused
with FT2 and occasionally misclassified as FT5 (resulting in omission errors)
and FT7 (both commission and omission errors). Additionally, there was
confusion between FT6 and FT7, although hit rates for both types exceeded 70%.
FT5 exhibited minor confusion with FT3 and FT7, yet its hit rates surpassed
85%. FT2 and FT4 emerged as the most accurately classified fuel types, boasting
hit rates exceeding 90% and no commission errors noted for FT4. Regarding the
F-score (Table 4), the highest coefficients were observed in FT4, followed by
FT5, while the lowest coefficients were associated with the intermediate shrub
(FT3) and tree (FT6) fuel types. Results of the F-score for SVM-L and SVM-R
can be found in Tables A.4 and A.6 of the Appendix, respectively.

Table 2. Performances of the three classification models using the overall accuracy (OA)
coefficient for the five selected variables of the UAV data.

Variables Model OA
RF 81.28%

Elev. P99, Elev. P10, Elev. stdev., 0
All returns > 4 m, LHDI SVM-L 75.10%
SVM-R 78.32%

Table 3. Confusion matrix of the best UAV classification model (RF).

Predicted Prod.’s
Fuel types
FT2 | FT3  FT4 @ FT5 @ FT6 | FT7 | accuracy
FT2 99 20 0 0 0 0 83.19%
FT3 10 42 0 10 0 8 60.00%
T FT4 1 0 50 0 0 0 98.04%
< FT5 0 0 0 120 0 10 92.31%
FT6 0 0 0 0 01 31 74.59%
FT7 0 8 0 10 29 191 80.25%
User’s | 90009 | 60.00% = 100% | 85.71% | 75.83% @ 79.58%
accuracy
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Table 4. F-score (F) coefficient for each fuel type of the best UAV classification model (RF).

FT2 FT3 FT4 FT5 FT6 FT7

F 0.87 0.57 1.00 0.89 0.69 0.74

3.2. Classification of Prometheus fuel types combining UAV and HMLS
data

The inclusion of the volume of vegetation from the HMLS voxelized dataset
resulted in a substantial enhancement of accuracy across all three classification
models (Table 5) and minimized confusion between fuel types (Table 6).
Notably, the Prometheus height interval that demonstrated the most significant
improvement was the volume between 0.60 and 2 m in height. Integration of this
variable boosted the RF model to achieve an OA of 95.05%. Furthermore, there
was a notable enhancement of the SVM-R model, achieving an OA of 86.17%
and, to a lesser extent, in the SVM-L model, attaining an OA of 81.73%. While
the volume at other Prometheus height intervals also contributed to model
improvement, its impact was comparatively smaller (Table 5). Confusions
between fuel types in the best-performing classification model (RF) were limited
to FT2 and FT3 (Table 6). Similarly, the F-score was maximum in all fuel types
except for FT2 and FT3 (Table 7), where confounding occurred. However, both
types exhibited high performances. In the case of SVM-L and SVM-R models,
confusions were observed among other fuel types, yet hit rates and the F-score
remained consistently high across all types (Tables A.7 to A.10 of the Appendix,
respectively).

Table 5. Performances of the three classification models for UAV data incorporating the four
HMLS variables using the overall accuracy (OA) coefficient.

Variables RF SVM-L SVM-R
UAV HMLS OA OA OA
Elev. P99, Volume < 0.60 m 83.83% 80.65% 81.00%
Elev. P10, Volume 0.60—-2m | 95.05% 81.73% 86.17%
Elev. stdev.
A” returns > 4 m’ VOIUme 2 — 4 m 8376% 7990% 8585%
LHDI Volume >4 m 8250% | 81.27% | 82.15%
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Table 6. Confusion matrix of the best classification model (RF) integrating UAV and HMLS
data.

Predicted Prod.’s

Fuel types ;
FT2 FT3 | FT4 | FT5 | FTé | FT7 | accuracy

FT2 90 10 0 0 0 0 90.00%
FT3 10 40 0 0 0 0 80.00%

T FT4 0 0 50 0 0 0 100%
< FT5 0 0 0 90 0 0 100%
FT6 0 0 0 0 70 0 100%

FT7 0 0 0 0 0 70 100%

User’s | 90 0006 | 80.00% = 100% | 100% | 100% | 100%
accuracy

Table 7. F-score (F) coefficient for each fuel type of the best classification model (RF)
integrating UAV and HMLS data.

FT2 FT3 FT4 FT5 FT6 FT7

F 0.90 0.80 1.00 1.00 1.00 1.00

3.3. Mapping of Prometheus fuel types

Figures 4 and 5 illustrate the mapping of Prometheus fuel types according to the
spatialization of the best classification model of the UAV data (RF). It is
Important to note that, by disregarding the FT1 fuel type in this study, it is
assumed that some pixels classified as FT2 may actually correspond to FT1, as
well as roads or bare soil. However, for crop areas, a mask has been applied to
exclude the spatialized pixels, as these areas have not been modeled. Each figure
presents three different areas, each containing two plots representing the different
Prometheus fuel types considered in this study. Additional mapping can be found
in Figures A.1 to A.13 of the Appendix. Fuel types were accurately determined
across the entire area of 55 plots (75.34% of the total plots) and in at least part
of the area of 59 plots (80.82% of the total plots). Among shrub fuel type plots,
FT2 was correctly classified in 8 out of 11 plots (88.89%), with 2 plots classified
as FT3 and 1 as FT4. In FT3 plots, the correct fuel type was mapped in 6 out of
7 plots (85.71%), with only 1 plot misclassified as FT4. Additionally, FT4 was
accurately mapped in 100% of the plots with this observed type. Regarding tree
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fuel type plots, 11 out of 14 plots identified as FT5 (78.57%) were spatialized
with their correct fuel type, while 3 plots were incorrectly classified as FT7. The
highest error rate was observed in FT6 plots, with only 3 out of 12 plots (25%)
being accurately spatialized. Furthermore, two additional plots contained some
FT6 pixels, albeit not in the majority, resulting in only five plots of this type
(41.67%) containing all or part of the pixels with their correct type. Misclassified
FT6 plots were consistently categorized as FT7. Finally, 22 out of 24 observed
FT7 plots (91.67%) were classified with their correct fuel type, with 100% of
these plots containing some FT7 pixels.
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Figure 4. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. Results in areas with shrub types forest plots: (1) Plots
“vil7” and “vil8”: FT2; (2) Plots “vi39” and “vi40”: FT3; (3) Plots “al03” and “al04”: FT4.

The convergence of various fuel types depicted in the mapping enables showing
the structural heterogeneity and mixture of fuels in Mediterranean forests. The
observed ground-truth represents a generalization of the fuel type across the
entire plot, which primarily relies on the predominant cover percentage (i.e.,
vegetation height and density) within the plots. However, as an example, Figure
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6 illustrates the heterogeneity of three forest plots whose assigned ground-truth
was FT5, showcasing the structural metrics and the diversity index that were
introduced into the models. In plot “ay12”, the convergence of FT5 and FT7 is
observed, primarily due to variations in vegetation height at the 10" percentile
and different canopy cover densities above 4 m within the plot, thus indicating a
higher presence of understory in the pixels categorized as FT7. In plot “ay49”,
only a small sector is covered by FT7, primarily due to variations in canopy
cover density above 4 m compared to the rest of the plot categorized as FT5.
Lastly, in plot “ay50”, variations in canopy cover density are again observed, but
they do not appear to exert as much influence as seen in the previous cases since
the plot exhibits FT5 in its entire area.
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Figure 5. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. Results in areas with tree types forest plots: (1) plots
“ay47” and “ay48”: FTS5; (2) plots “ay06” and “ay15”: FT6; (3) plots “ay17” and “ay18”: FT7.
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Figure 6. Spatial distribution of the Prometheus fuel types identified by the best UAV
classification model (A) and the variables introduced into the models (B—F) in the UAV flight
area of plots “ay12”, “ay49”, and “ay50” (represented as pink circles).
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4. DISCUSSION

The increasing frequency and intensity of wildfires require the formulation of
prevention and mitigation plans to minimize adverse impacts on the territory.
Mediterranean environments rank among the most fire-prone ecosystems
globally, and the looming threat of climate change may potentially cause certain
regions to acquire Mediterranean characteristics in the future, thus increasing the
wildfire issue (Birot, 2009). Mapping of forest fuels helps to understand fire
spread and velocity within forested areas, serving as a crucial tool for effective
forest management. The findings of this study underscore the efficacy of utilizing
UAVs equipped with LiDAR sensors for forest fuel identification, as well as the
substantial enhancement in the classification achieved through the integration of
UAV and HMLS data, particularly when identifying the understory fuel between
0.60 and 2 m in height. Overall, the spatialization of Prometheus fuel types
yielded satisfactory results, albeit encountering some challenges with the FT6
fuel type, thus validating the utility of UAV-LIDAR systems for fuel mapping
across extensive areas.

4.1. Adequacy of the modeled variables in identifying the Prometheus fuel
types

The UAV variables introduced into the classification models were selected
according to the results given by Dunn’s test, a method already employed in
previous forest-related studies in order to determine differences between groups
(e.g., Varol et al., 2020; Garcia-Galar et al., 2023). The use of Dunn’s test allows
the variables included in the models to have a more logical explanatory meaning
than that derived from the automatic selection of other procedures (e.g., VSURF),
which tends to optimize the results by including metrics that may be similar. This
may complicate the model and make the results less interpretable. Figure 7
provides insights into the consistency and discriminatory ability of the model
variables in distinguishing between the different fuel types. The variable “Elev.
P99”, representing maximum vegetation or canopy height, effectively
differentiates between shrub fuel types (FT2, FT3, FT4) and tree fuel types (FT5,
FT6, FT7), thereby preventing confusion between these two groups. This is
consistent with other studies that have identified canopy height as an ef-fective
metric for characterizing fuels (Andersen et al., 2005; Jakubowksi et al., 2013).
Similarly, “Elev. P10 clearly distinguishes FT5 from other types. Given that
this type represents forests with minimal understory, the heights at the 10"
percentile tend to be higher, aiding in correctly classifying FT6 and FT7. The
effectiveness of LIDAR-derived low vegetation height metrics for characterizing
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fuels has already been observed by Domingo et al. (2020). “Elev. stdev.” reflects
the variability of height distributions, facilitating differentiation between shrub
and tree fuel types, although some overlap is observed, particularly in FT3 with
FTS5 and FT7. Concerning “All returns > 4 m”, this metric is very useful for
distinguishing between tree fuel types (Garcia et al., 2011). It identifies the
quantity of fuel above 4 m (indicative of tree fuel), yet values are distributed
similarly within shrub and tree fuel types, leading here to limited discriminatory
power. FT2, FT3, and FT4 exhibit minimal returns above 4 m, likely attributed
to scattered small trees or tall shrubs within the plots. Conversely, FT5
demonstrates maximum fuel above 4 m, possibly due to larger trees or denser
canopy cover inhibiting laser penetration to lower strata. Additionally, laser
returns penetrating the crowns may have been misclassified as ground, given the
sparse understory vegetation in FT5 plots. FT6 and FT7 show fewer returns
above 4 m compared to FT5, suggesting smaller-sized trees or greater canopy
openness facilitating laser penetration to lower strata. The variable “LHDI”
serves to identify the relative abundance of fuel, regardless of vegetation height.
This variable has also been effective for classifying fuel types in previous work
(Revilla et al., 2021), as well as for characterizing forest structures (Gelabert et
al., 2020). While “LHDI” may not distinguish between shrub and tree types, it
effectively discriminates between types within a dominant stratum. “LHDI”
clearly delineates FT2 from other types, which aligns logically with FT2 being
a low-shrub type characterized by minimal structural diversity. Additionally, it
facilitates strong differentiation among the three tree types, with low values in
FTS5, medium values in FT6, and high values in FT7. However, “LHDI” may not
differentiate between FT3 and FT4, as these types exhibit overlapping values.
Lastly, the volume between 0.60 and 2 m derived from the HMLS voxelized data
demonstrates considerable variation across fuel types, particularly among tree
types. As expected, values are minimal in FT2 and FT5, reflecting the low shrub
type and limited understory characteristic of these types, respectively.
Intermediate values are evident in FT3 and FT6, reflecting their transitional
nature between low (FT2) and high (FT4) shrubs and between minimal
understory (FT5) and complete vertical canopy continuity (FT7), respectively.
Consequently, maximum volumes are observed in FT4 and FT7, where vertical
fuel continuity is pronounced. Furthermore, minimal variability is observed in
FT7 values, suggesting homogeneity in volume within this height stratum across
plots.
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Figure 7. Distribution of values by each Prometheus fuel type for the five UAV variables and
the HMLS variable introduced in the classification models.

4.2. Capabilities of UAV-LIDAR and HMLS systems to classify
Prometheus fuel types

The classification of the Prometheus fuel types was conducted utilizing machine
learning techniques, a methodology widely employed in previous studies with
satisfac- tory outcomes (e.g., Garcia et al., 2011; Domingo et al., 2020; Azim et
al., 2022; Hoffren et al., 2023b), although recent studies have also shown
promising results in fuel classification modeling based on deep learning methods
(Azim et al., 2022; Labenski et al., 2022; Alipour et al., 2023; Carbone et al.,
2023). The RF model emerged as the most effective in this study, achieving the
highest overall accuracy among the models tested. RF also yielded the most
balanced confusion matrices, primarily demonstrating confusion between
similar fuel types and minimal errors between types of different dominant strata.

196



UAV-LIDAR system

The SVM-L and SVM-R models also exhibited satisfactory overall accuracies.
In this sense, all the classification models improved their performance com-
pared to those conducted by Hoffrén et al. (2023b) on almost the same study
plots. That work offers a robust validation of the capacity of the UAV-LIDAR
system employed in this study, given the similarity in the study area and the use
of identical machine learning techniques, albeit Hoffrén et al. (2023b) used
variables derived from UAV photogrammetric data. Notably, all fuel types were
classified more accurately with the UAV-LIDAR system compared to the
photogrammetric UAV data, with significant improvements observed,
particularly in the classification of FT3, FT4, and FT6 types. These findings are
consistent with those reported by Wallace et al. (2016), who similarly compared
UAVs with LIDAR and photogrammetric sensors in dry sclerophyll eucalypt
forest stands, noting that both systems could effectively describe terrain and
canopy properties, although the performance of photogrammetric UAVs was
compromised in densely forested areas. This aspect was also observed by
Hillman et al. (2021) again in sclerophyll eucalypt forests, who noted
underperformance in characterizing canopy and below-canopy structures.
Furthermore, the results from classification models presented here improve upon
fits of fuel classification models based on ALS and multispectral data reported
in previous studies (e.g., Marino et al., 2016; Huesca et al., 2019; Domingo et
al., 2020), though they are somewhat lower compared to those of Garcia et al.
(2011), who applied decision rules to the classification outputs. Hoffrén et al.
(2023a) achieved lower classification accuracies when using LiDAR data from
NASA’s Global Ecosystem Dynamics Investigation satellite system, though
performances were comparable to this study when LIDAR-derived metrics were
combined with multispectral imageries from Landsat-8 OLI.

The integration of UAV variables with vegetation volume data derived from
HMLS-voxelized point clouds yielded a significant enhancement in the
classification models. The fuel volume between 0.60 and 2 m reached the most
promising results for the models, although other heights strata also contributed
to improving accuracies, but to a lesser extent. This outcome aligns logically
with the operational characteristics of HMLS systems, which, operating from the
ground, are less susceptible to canopy bounce effects compared to UAVs.
Consequently, this integration minimized confusion between similar fuel types
and notably eradicated them almost entirely, with the inclusion of vegetation
volume between 0.60 and 2 m. In this study, we benefited from HMLS data
collected in a prior work (Hoffrén et al., 2024), which aimed to characterize
Prometheus fuel types using high-density voxels (5 cm®) generated from HMLS
point clouds. In that study, the analysis of the vertical distribution of fuels based
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on the voxels for each observed fuel type revealed significant confusion in field
identification between types FT2-FT3, FT5-FT6, and FT6-FT7, consistent with
the highest error rates observed in this study (FT3) and in Hoffrén et al. (2023b)
(FT3 and FT6). Therefore, the HMLS system effectively captured the structural
heterogeneity of understory fuels—a prevalent scenario in Mediterranean
forests—and minimized confusion between Prometheus fuel types by
amalgamating its data with UAV-LIDAR data. This synergy between both
systems has also demonstrated effectiveness in previous studies (Hillman et al.,
2021), albeit with slightly superior estimates achieved by TLS in identifying
elevated canopy cover in a dry schlerophyll forest. Furthermore, Hyyppa et al.
(2020a) found better identification of forest understory attributes using a ground-
based mobile laser scanner (MLS) and an under-canopy UAV system in a boreal
forest. Additionally, the fusion of UAV and MLS data facilitated the effective
quantification of post-fire tree structures in a mixed forest in Western Canada
(Qi et al., 2022). Other authors underscore the importance of combining TLS,
MLS, and UAV systems for validating spaceborne LIDAR, radar, and optical
missions (Levick et al., 2021). Despite these promising findings, the use of
ground-based LIDAR systems may not always be practical in terms of
productivity, as data collection requires more time and access within the forest,
which can be challenging due to terrain obstacles (e.g., steep slopes, water
masses, or rocky cliffs), dense vegetation, or wildlife. In contrast, UAVs enable
faster data collection over larger areas without direct penetration into forests,
offering a significant advantage. Thus, in this study we cannot spatialize the
UAV-HMLS model because it was impracticable to collect data in the whole
UAV flight areas in terms of time, cost, and effort. In this sense, the capacity of
UAVs themselves to cover greater extents and generate fuel maps presents a very
valuable opportunity for effective forest management.

4.3. Fuel mapping from UAV data

The analysis of the spatialized fuel types within the forest plots yielded good
overall correspondences with the ground-truth observations. In some cases, the
plots exhibited a mix of several fuel types, as depicted in Figure 6—an expected
scenario given the inherent heterogeneity of fuel types, particularly in
Mediterranean areas, characterized by high forest structural complexity. Primary
challenges arose in categorizing the FT6 fuel type, which was inaccurately
spatialized in many of its corresponding plots, and furthermore, there were few
such pixels spatialized in general on the maps. In all plots where FT6 was
misclassified, the spatialized fuel type was FT7, which confirms the high
confusion between these two fuel types already observed in many previous
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studies (Garcia et al., 2011; Huesca et al., 2019; Domingo et al., 2020; Garcia-
Cimarras et al., 2021; Hoffrén et al., 2023b). Discrepancies between the hit rate
percentages of FT6 in the RF classification model, which were relatively high,
and the resulting mapping could potentially be attributed to the tendency of RF
models to overfit, a phenomenon documented in prior studies (Arellano-Pérez et
al., 2018; Hu et al., 2020). Additionally, these confusions may stem from a
limitation of the model variables in discerning between FT6 and FT7.
Examination of the complete results of Dunn’s test (Table A.2 of the Appendix)
reveals that none of the variables were able to differentiate between these two
types. Furthermore, Figure 7 illustrates that the distribution of values of the UAV
variables in FT6 and FT7 consistently overlap, unlike other fuel types, where
such overlap is absent in at least one variable. However, it is important to note
the converse scenario, wherein the FT3 fuel type obtained the highest error rates
in the classification model, yet all observed FT3 type plots, except one, were
correctly assigned their respective fuel types in the maps. Ultimately, despite
some observed limitations, the maps of fuel types have shown good performance
and confirm UAV-LIDAR systems as powerful tools for better understanding
the distribution of fuels across large areas.

Fuel maps are critical tools for improving decision-making and risk management
of wildfires, especially in highly fire-prone regions such as Mediterranean
ecosystems. These maps aid in the development of structural mitigation plans,
including activities such as clearing, grazing, scrub removal, and periodic
necromass cleaning over time. Furthermore, their integration with other
cartographic data adds significant value to improve fire risk prevention over
ecosystems and populations. In this study, the Prometheus fuel types were
successfully classified and mapped across the UAV flight areas. Although it is
outside the scope of our research, scaling up from our small test areas to a
landscape scale, which is more effective for establishing fire management
strategies, could be achieved through multi-sensor integration. The collection of
highly accurate UAV data offers a method that improves both the time efficiency
and accuracy of traditional forest inventory based on fieldwork while enhancing
the precision of data obtained from remote sensors, such as ALS or SLS, which
Is critical in complex environments like Mediterranean forest landscapes. In this
way, UAV data would serve as the ground-truth for subsequently spatializing
the results to larger areas using sensors that cover broader spatial scales.
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5. CONCLUSIONS

The identification and mapping of forest fuels play a crucial role in wildfire
prevention and mitigation efforts. The integration of two remote sensing
technologies, LIDAR and UAVs, known for their efficacy in estimating
vegetation structural characteristics, as well as the use of machine learning-based
classification algorithms, has facilitated the classification of Prometheus fuel
types in Mediterranean forest stands and the generation of fuel maps with high
levels of accuracy. While further research is necessary to explore the potential
and limitations of these instruments, as well as their integration with other
platforms and sensors (such as TLS, multispectral, or hyperspectral imaging),
the findings of this study underscore the capabilitiecs of UAV-LIDAR systems as
high-valuable instruments to identify and map forest fuels and, ultimately, for
improving efficient management of forest ecosystems at local and regional
scales.
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APPENDIX

Table A.1. Description and general characteristics of the forest plots. XY coordinates in
ETRS89 / UTM zone 30N (EPSG: 25830). Part 1 of 3.

Plot center
Pl UAV | HMLS
Sector name FT pomts_/m2 pomts_/m2
X Y density density
al0l 5 694602.4 | 4652067.8 | 562.11 71,594.08
al02 5 694567.6 | 4652104.5| 562.11 61,510.30
al03 4 710134.0 | 4663293.6 | 502.80 55,084.31
alo4 4 710141.3 | 4663668.7 | 502.80 55,983.11
Almudévar al05 5 697105.5 | 4653417.9 | 457.56 -
al06 5 697077.0 | 4653418.3 | 457.56 -
al07 5 697017.0 | 4653403.3 | 457.56 -
al08 5 697328.8 | 4653490.1 | 457.56 91,474.10
al09 5 697275.2 | 4653516.2 | 457.56 69,930.07
ay01 7 687724.6 | 4676577.7 | 548.62 -
ay02 7 686539.2 | 4676302.0 | 527.17 -
ay03 6 686345.4 | 4676281.1 | 527.17 -
ay04 6 686687.0 | 4674577.9 | 549.93 | 133,259.23
ay05 7 686571.7 | 4674322.0 | 484.65 -
ay06 6 688450.4 | 4674202.7 | 408.93 89,334.00
ay07 7 686360.6 | 4674755.4 | 402.53 -
ay08 6 686536.4 | 4674651.8 | 549.93 84,663.50
Ayerbe ay09 7 686777.5 | 4674151.0 | 484.65 -
ayl0 7 686827.2 | 4674370.8 | 336.32 -
ayll 7 687030.2 | 4674287.7 | 336.32 -
ayl2 5 685055.4 | 4672393.5| 487.08 29,699.16
ayl3 7 688074.2 | 4673849.8 | 443.70 -
ayl4 6 688185.8 | 4673837.0 | 443.70 -
ayl5 6 688256.4 | 4674080.0 | 408.93 80,750.19
ayl6 7 688792.3 | 4674281.6 | 506.80 | 115,322.61
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Table A.1. Description and general characteristics of the forest plots. XY coordinates in
ETRS89 / UTM zone 30N (EPSG: 25830). Part 2 of 3.

Plot center
Pl UAV | HMLS
Sector name FT pomts_/m2 pomts_/m2
X Y density density
ayl7 7 689248.8 | 4674261.2 | 406.49 | 131,697.66
ayl8 7 689238.5  4674206.1 | 406.49 -
ayl9 6 686878.8 | 4673256.3 | 459.62 | 119,540.63
ay20 6 686703.7  4673179.9 | 459.62 84,514.25
ay21 6 686995.7 | 4672946.4 | 311.16 -
ay22 7 687240.4  4673227.3 | 351.69 77,658.80
ay28 6 688371.2 | 4673218.0 | 489.35 82,040.58
ay29 7 688737.6 | 4673129.7 | 426.31 85,566.76
Ayerbe ay30 7 688775.1 | 4673342.4 | 292.70 78,094.99
ay31 7 688609.8  4673178.1  426.31 78,879.46
ay44 7 686251.9 | 4671350.2 | 457.55 -
ay45 7 686273.1 | 4671283.0 | 457.55 -
ay46 6 686986.9 4671460.5 453.52 -
aya7 5 685130.0 | 4673135.5| 644.98 31,830.43
ay48 5 685134.6 | 4673047.1 | 644.98 -
ay49 5 685076.3 | 4672599.0 | 487.08 52,189.62
ays50 5 685122.5 | 4672511.9 | 487.08 24,966.82
un02 5 643660.3 | 4693452.8 | 232.77 -
un03 6 643147.3 | 4693675.1 | 330.96 -
un04 3 643639.7  4694117.3 | 394.52 -
Uncastillo un05 7 652269.5 | 4700453.3 | 306.03 -
unll 3 643982.7  4699491.0  401.09 -
unl2 2 644240.8  4699753.6 | 401.09 46,152.96
unl3 7 645100.8 | 4694078.3 | 258.78 -
un28 7 644296.6 | 4694614.6 | 350.39 -

209




Chapter 6

Table A.1. Description and general characteristics of the forest plots. XY coordinates in
ETRS89 / UTM zone 30N (EPSG: 25830). Part 3 of 3.

Plot center
Pl UAV | HMLS
Sector name FT pomts_/m2 pomts_/m2
X Y density density
vil4 3 727270.3  4511291.6 | 286.69 49,447.92
vilb 2 727036.2 | 4511166.4 | 344.58 35,912.14
vilé 2 727080.8 | 4511157.8 | 344.58 47,463.93
vil7 2 726201.4 | 4503645.7 | 520.54 26,659.39
vil8 2 726118.3 | 4503470.2 | 520.54 42,036.27
vil9 2 726672.8  4503511.0 | 737.29 17,187.46
vi20 2 726746.0 | 4503541.1 | 737.29 18,689.68
Villarluengo V?Z? 7 725543.4 | 4507042.2 | 386.36 -
Vi29 2 725332.8 | 4506874.6 | 426.13 31,546.16
vi30 3 725369.2 | 4506806.6 | 426.13 43,004.04
Vi36 7 738378.0 | 4510231.1 | 425.54 -
Vi37 2 738317.9 | 4510185.8 | 425.54 -
vi38 3 726062.4 | 4509797.7 | 570.69 50,681.73
vi39 3 725818.5 | 4509536.0 | 441.26 36,774.11
vi40 3 725846.4 | 4509684.0 | 441.26 32,018.89
vi4l 7 726150.4 | 4509715.6 | 570.69 68,006.40
zu30 2 674321.2 | 4636134.8 | 448.03 47,760.41
zu3l 2 674042.8  4636569.9  458.81 77,218.45
zu32 5 673137.1  4637107.1 | 478.08 23,244.28
Zuera zu35 7 671227.6 | 4642052.5 | 903.85 -
zZu38 * 4 674071.5  4639208.6  822.62 21,633.29
zu201 4 675701.7 | 4640029.0 | 305.40 49,040.58
zu202 4 675677.7 | 4640049.3 | 305.40 85,760.62

* Plot of 10 m circular radius due to terrain constraints.
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Table A.2. Number of pairs of Prometheus fuel types able to differentiate (value 1 means
Dunn’s test, p < 0.05) by the UAV variables. Part 1 of 4.

_ FT2 | FT2 | FT2 | FT2 | FT2 | FT3 | FT3 | FT3 | FT3 | FT4 | FT4 | FT4 | FT5 | FT5 | FT6 | . .

varanle FT3 | FT4 | FT5 | FT6 | FT7 | FT4 | FT5 | FT6 | FT7 | FT5 | FT6 | FT7 | FT6 | FT7 | FT7 | PAirs
Elev.strata..above.4.00..stddev 1 1 1 1 1 1 1 1 1 9
Elev.CV 1 1 1 1 1 1 1 1 8
Elev.L kurtosis 1 1 1 1 1 1 1 1 8
Elev.P90 1 1 1 1 1 1 1 1 8
Elev.P95 1 1 1 1 1 1 1 1 8
Elev.P99 1 1 1 1 1 1 1 1 8
Elev.strata..above.4.00..mean 1 1 1 1 1 1 1 1 8
Elev.strata..above.4.00..mode 1 1 1 1 1 1 1 1 8
Elev.strata..above.4.00..median 1 1 1 1 1 1 1 1 8
Elev.maximum 1 1 1 1 1 1 1 7
Elev.stddev 1 1 1 1 1 1 1 7
Elev.variance 1 1 1 1 1 1 1 7
Elev.L2 1 1 1 1 1 1 1 7
Elev.L3 1 1 1 1 1 1 1 7
Elev.L.CV 1 1 1 1 1 1 1 7
Elev.P10 1 1 1 1 1 1 1 7
Elev.P20 1 1 1 1 1 1 1 7
Elev.P40 1 1 1 1 1 1 1 7
Elev.P70 1 1 1 1 1 1 1 7
Elev.P75 1 1 1 1 1 1 1 7
Elev.P80 1 1 1 1 1 1 1 7
Elev.SQRT.mean.SQ 1 1 1 1 1 1 1 7
Elev.CURT.mean.CUBE 1 1 1 1 1 1 1 7
Percentage.all.returns.above.4.00 1 1 1 1 1 1 1 7
All.returns.above.4.00 1 1 1 1 1 1 1 7
Elev.strata..above.4.00..total.return.count 1 1 1 1 1 1 1 7
Elev.strata..above.4.00..return.proportion 1 1 1 1 1 1 1 7
Elev.strata..above.4.00..max 1 1 1 1 1 1 1 7
Elev.strata..above.4.00..CV 1 1 1 1 1 1 1 7
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Table A.2. Number of pairs of Prometheus fuel types able to differentiate (value 1 means
Dunn's test, p < 0.05) by the UAV variables. Part 2 of 4.

_ FT2 | FT2 | FT2 | FT2 | FT2 | FT3 | FT3 | FT3 | FT3 | FT4 | FT4 | FT4 | FT5 | FT5 | FT6 | .

varanle FT3 | FT4 | FT5 | FT6 | FT7 | FT4 | FT5 | FT6 | FT7 | FT5 | FT6 | FT7 | FT6 | FT7 | FT7 | PAirs
Elev.mean 1 1 1 1 1 1 6
Elev.kurtosis 1 1 1 1 1 1 6
Elev.AAD 1 1 1 1 1 1 6
Elev.L1 1 1 1 1 1 1 6
Elev.L.skewness 1 1 1 1 1 1 6
Elev.P50 1 1 1 1 1 1 6
Elev.P60 1 1 1 1 1 1 6
Canopy.relief.ratio 1 1 1 1 1 1 6
Percentage.first.returns.above.4.00 1 1 1 1 1 1 6
All.returns.above.4.00.Total first.returns.100 1 1 1 1 1 1 6
First.returns.above.4.00 1 1 1 1 1 1 6
Percentage.all.returns.above.mean 1 1 1 1 1 1 6
All.returns.above.mean 1 1 1 1 1 1 6
Elev.strata..below.0.60..return.proportion 1 1 1 1 1 1 6
Profile.area 1 1 1 1 1 1 6
rumple_general 1 1 1 1 1 1 6
Elev.mode 1 1 1 1 1 5
Elev.IQ 1 1 1 1 1 5
Elev.skewness 1 1 1 1 1 5
Elev.MAD.median 1 1 1 1 1 5
Elev.MAD.mode 1 1 1 1 1 5
Elev.L4 1 1 1 1 1 5
Elev.P01 1 1 1 1 1 5
Elev.P05 1 1 1 1 1 5
Elev.P25 1 1 1 1 1 5
Elev.P30 1 1 1 1 1 5
Elev.strata..below.0.60..total.return.count 1 1 1 1 1 5
Elev.strata..below.0.60..max 1 1 1 1 1 5
Elev.strata..0.60.t0.2.00..total.return.count 1 1 1 1 1 5
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Table A.2. Number of pairs of Prometheus fuel types able to differentiate (value 1 means
Dunn's test, p < 0.05) by the UAV variables. Part 3 of 4.

_ FT2 | FT2 | FT2 | FT2 | FT2 | FT3 | FT3 | FT3 | FT3 | FT4 | FT4 | FT4 | FT5 | FT5 | FT6 | L .

vaniable FT3 | FT4 | FT5 | FT6 | FT7 | FT4 | FTS | FT6 | FT7 | FT5 | FT6 | FT7 | FT6 | FT7 | FT7 | PAIrS
Elev.strata..0.60.t0.2.00..return.proportion 1 1 1 1 1 5
Elev.strata..0.60.t0.2.00..min 1 1 1 1 1 5
rumple_0.60_2.00m 1 1 1 1 1 5
Percentage.first.returns.above.mean 1 1 1 1 4
Percentage.first.returns.above.mode 1 1 1 1 4
Percentage.all.returns.above.mode 1 1 1 1 4
All.returns.above.mean.Total.first.returns.100 1 1 1 1 4
All.returns.above.mode.Total.first.returns.100 1 1 1 1 4
First.returns.above.mean 1 1 1 1 4
Elev.strata..below.0.60..min 1 1 1 1 4
Elev.strata..below.0.60..mean 1 1 1 1 4
Elev.strata..below.0.60..stddev 1 1 1 1 4
Elev.strata..below.0.60..CV 1 1 1 1 4
Elev.strata..2.00.t0.4.00..return.proportion 1 1 1 1 4
Elev.strata..2.00.t0.4.00..min 1 1 1 1 4
Elev.strata..2.00.t0.4.00..mean 1 1 1 1 4
Elev.strata..2.00.t0.4.00..median 1 1 1 1 4
Elev.strata..2.00.t0.4.00..stddev 1 1 1 1 4
LHDI 1 1 1 1 4
LHEI 1 1 1 1 4
rumple_below_0.60m 1 1 1 1 4
Elev.strata..below.0.60..skewness 1 1 1 3
Elev.strata..0.60.t0.2.00..max 1 1 1 3
Elev.strata..0.60.t0.2.00..mean 1 1 1 3
Elev.strata..0.60.t0.2.00..median 1 1 1 3
Elev.strata..2.00.t0.4.00..total.return.count 1 1 1 3
Elev.strata..2.00.t0.4.00..max 1 1 1 3
rumple_above_4.00m 1 1 1 3
First.returns.above.mode 1 1 2
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Table A.2. Number of pairs of Prometheus fuel types able to differentiate (value 1 means
Dunn's test, p < 0.05) by the UAV variables. Part 4 of 4.

_ FT2 | FT2 | FT2 | FT2 | FT2 | FT3 | FT3 | FT3 | FT3 | FT4 | FT4 | FT4 | FT5 | FT5 | FT6 | L .

variable FT3 | FT4 | FT5 | FT6 | FT7 | FT4 | FT5 | FT6 | FT7 | FT5 | FT6 | FT7 | FT6 | FT7 | FT7 | PAirs
Elev.strata..below.0.60..median 1 1 2
Elev.strata..0.60.t0.2.00..mode 1 1 2
Elev.strata..0.60.t0.2.00..CV 1 1 2
Elev.strata..0.60.t0.2.00..skewness 1 1 2
Elev.strata..2.00.t0.4.00..CV 1 1 2
Elev.strata..above.4.00..skewness 1 1 2
Elev.strata..above.4.00..kurtosis 1 1 2
rumple_2.00_4.00m 1 1 2
Elev.strata..below.0.60..mode 1 1
Elev.strata..0.60.t0.2.00..stddev 1 1
Elev.strata..2.00.t0.4.00..mode 1 1
Elev.strata..2.00.t0.4.00..skewness 1 1
Elev.strata..above.4.00..min 1 1
Total first.returns 0
Total.all.returns 0
Elev.strata..below.0.60..kurtosis 0
Elev.strata..0.60.t0.2.00..kurtosis 0
Elev.strata..2.00.t0.4.00. .kurtosis 0

Total variables 7 6 69 71 75 1 61 17 41 61 28 32 31 31 0
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Table A.3. Confusion matrix of the SVM-L classification model of the UAV data.

Predicted Prod.’s
Fuel types
FT2 | FT3  FT4 | FT5 @ FT6 | FT7 | accuracy
FT2 109 20 0 0 0 0 84.50%
FT3 1 40 0 19 0 1 65.57%
s | FT4 0 0 50 0 0 0 100%
< | FT5 0 0 0 121 0 11 91.67%
FT6 0 0 0 0 0 0 0%
FT7 0 10 0 0 120 228 63.69%
User’s 1 9900% | 57.14% 100%  86.43% = 0% | 95.00%
accuracy

Table A.4. F-score (F) coefficient for each fuel type of the SVM-L classification model of the
UAV data.

FT2 FT3 FT4 FT5 FT6 FT7

F 0.91 0.61 1.00 0.89 0.00 0.76
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Table A.5. Confusion matrix of the SVM-R classification model of the UAV data.

Predicted Prod.’s
Fuel types
FT2 | FT3  FT4 | FT5 @ FT6 | FT7 | accuracy
FT2 101 28 0 0 0 0 78.29%
FT3 9 32 0 10 0 2 60.38%
s | FT4 0 0 41 0 0 2 95.35%
< | FT5 0 0 0 118 0 10 92.19%
FT6 0 0 0 0 97 46 67.83%
FT7 0 10 9 12 23 180 76.92%
USer’s | o1 6006 | 45.71% | 82.00%  84.20% | 80.83% | 75.00%
accuracy

Table A.6. F-score (F) coefficient for each fuel type of the SVM-R classification model of
the UAV data.

FT2 FT3 FT4 FT5 FT6 FT7

F 0.85 0.52 0.88 0.88 0.74 0.76
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Table A.7. Confusion matrix of the SVM-L classification model of the UAV-HMLS data

Predicted Prod.’s
Fuel types
FT2 FT3 | FT4 | FT5 | FTé | FT7 | accuracy
FT2 90 10 0 0 0 0 90.00%
FT3 10 40 10 10 0 1 56.34%
T FT4 0 0 40 0 0 9 81.63%
< FT5 0 0 0 80 0 0 100%
FT6 0 0 0 0 60 18 76.92%
FT7 0 0 0 0 10 42 80.77%
User’s | g0009% | 80.00%  80.00%  88.89% | 85.71% @ 60.00%
accuracy

Table A.8. F-score (F) coefficient for each fuel type of the SVM-L classification model of the
UAV-HMLS data.

FT2 FT3 FT4 FT5 FT6 FT7

F 0.90 0.66 0.81 0.94 0.81 0.69

217



Chapter 6

Table A.9. Confusion matrix of the SVM-R classification model of the UAV-HMLS data

Predicted Prod.’s
Fuel types
FT2 FT3 | FT4 | FT5 | FTé | FT7 | accuracy
FT2 90 10 0 0 0 0 90.00%
FT3 10 40 9 0 0 2 65.57%
T FT4 0 0 41 0 0 8 83.67%
< FT5 0 0 0 90 0 0 100%
FT6 0 0 0 0 60 9 86.96%
FT7 0 0 0 0 10 51 83.61%
User’s | o0009% | 80.00%  82.00% 100% | 85.71% @ 72.86%
accuracy

Table A.10. F-score (F) coefficient for each fuel type of the SVM-R classification model of
the UAV-HMLS data.

FT2 FT3 FT4 FT5 FT6 FT7

F 0.90 0.72 0.83 1.00 0.86 0.78
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Figure A.1. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plots "al01" and "al02". (2) Plots "al05", "al06",
"al07", "al08", and "al09". (3) Plot "ay01".
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Figure A.2. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plots "ay02" and "ay03". (2) Plots "ay04" and "ay08".
(3) Plots "ay05™ and "ay09".
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Figure A.3. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plot "ay07". (2) Plots "ay10" and "ay11". (3) Plots
"ay12", "ay49", and "ay50".
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Figure A.4. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plots "ay13" and "ayl14". (2) Plot "ay16". (3) Plots
"ay19" and "ay20".
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Figure A.5. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plot "ay21". (2) Plot "ay22". (3) Plot "ay28".
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| Prometheus: [ |FT2 []FT3 MMFT4 [ |F75 [FTe MMFT7 [ INotmodeled (field crops) (O Plots |

Figure A.6. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plots "ay29" and "ay31". (2) Plot "ay30". (3) Plots
"ay44" and "ay45".
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Figure A.7. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plot "ay46". (2) Plot "un02". (3) Plot "un03".
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Figure A.8. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plot "un04". (2) Plot "un05". (3) Plots "un11" and
"unl2".
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Figure A.9. Mapping of Prometheus fuel types from the best classification model (RF) of the
UAYV data at 20 m spatial resolution. (1) Plot "un13". (2) Plot "un28". (3) Plot "vil4".
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Figure A.10. Mapping of Prometheus fuel types from the best classification model (RF) of
the UAV data at 20 m spatial resolution. (1) Plots "vil5" and "vil6". (2) Plots "vi19" and
"vi20". (3) Plot "vi27".
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Figure A.11. Mapping of Prometheus fuel types from the best classification model (RF) of
the UAV data at 20 m spatial resolution. (1) Plots "vi29" and "vi30". (2) Plots "vi36" and
"vi37". (3) Plots "vi38™" and "vi4l1".
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Figure A.12. Mapping of Prometheus fuel types from the best classification model (RF) of
the UAV data at 20 m spatial resolution. (1) Plot "zu30". (2) Plot "zu31". (3) Plot "zu32".
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Figure A.13. Mapping of Prometheus fuel types from the best classification model (RF) of
the UAV data at 20 m spatial resolution. (1) Plot "zu35". (2) Plot "zu38". (3) Plots "zu201"
and "zu202".
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Capabilities of 3D remote sensing systems for improved fuel estimation

This chapter aims to provide a comprehensive discussion of the results obtained
from the four remote sensing systems evaluated in the present PhD Thesis.
Additionally, it incorporates systems that, while not directly assessed in the
thesis, are highly relevant for enhancing forest fuel estimation. These include
both commercial and non-commercial ALS systems, TLS systems, and the
emerging ICESat-2/ATLAS SLS system. The discussion features a semi-
quantitative analysis of different functionalities of each system, as mentioned in
Section 2.8, focusing on three main components: intrinsic characteristics of the
systems, data processing and analysis capabilities, and accuracy in estimating
fuel types. Each functionality has been evaluated using a rating scale from 0 to
3, where 0 indicates a non-existent functionality, and 1, 2, and 3 represent low,
medium, and high capacity functionalities of the assessed systems, respectively.
It is important to note that the assessments have been conducted with
consideration of the actual scale of forest fuel management work.

7.1. INTRINSIC CHARACTERISTICS OF THE SYSTEMS

The results of the analysis of the intrinsic characteristics of each system are
presented in Table 7.1. The optical UAV has received the highest score (13)
followed by non-commercial ALS systems and the UAV-LIDAR system (12),
commercial ALS, HMLS and TLS systems (11), the ICESat-2/ATLAS SLS
system (9), and the GEDI SLS system (6).

Table 7.1. Scores by functionalities of the intrinsic characteristics of the systems for effective
forest fuel estimation.

Intrinsic SLS ALS UAVs Ground-based
characteristics of the Non- _ _
systems GEDI ICESat2 comm. Comm. | Optical | LIDAR | HMLS TLS
Sampling density 1 1 2 3 3 3 3 3
Temporal resolution 0 2 1 2 3 3 3 3
Low economic cost 3 3 3 1 2 1 1 1
Spatial coverage 1 1 3 2 2 2 1 1
,Iﬁ\ccu_racy of 3D 1 2 3 3 3 3 3 3
ocation

Total 6 9 12 11 13 12 11 11
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Sampling density

Sampling density refers to the number of points, pulses, or footprints recorded
by the system per unit area. A higher sampling density provides more data and,
consequently, greater detail of the recorded area. In this functionality, UAVSs,
ground-based laser scanner systems, and commercial ALS systems have
received the highest ratings. Non-commercial ALS systems have obtained a
medium score while SLS systems have obtained the lowest score.

UAVs typically produce highly dense three-dimensional point clouds. In this
PhD Thesis, the optical UAV generated an average of 3,000 p/m? with a SONY-
WX high-resoltution RGB camera, while the UAV-LIDAR system produced an
average of 452 p/m? with the DJI Zenmuse L1 sensor. However, the points
generated by the optical UAV did not capture areas beneath the forest canopy,
as these data were derived from two-dimensional zenithal images processed
using the SFM photogrammetric technique. Therefore, although the optical
UAV's point cloud density was higher, the UAV-LIDAR system offered the
advantage of laser penetration through the forest canopy, allowing for the
recording of vegetation within the forest and even the ground. Nevertheless,
UAVs offer flexibility in adjusting the density of the point cloud. Thus, if
desired, users can achieve higher point densities by adjusting flight parameters
when obtaining the data, such as flight altitude, overlap between photographs, or
flight paths and viewing angles (e.g., Domingo et al., 2019b; Crespo-Peremarch
et al., 2020; Santos Santana et al., 2021; Lopes Bento et al., 2022; Swayze et al.,
2022). Adjusting these parameters could enhance the sampling density and,
subsequently, the accuracy of the final results.

On the other hand, the HMLS system used in this thesis produced three-
dimensional point clouds with an exceptionally high density (63,148 p/m?),
similar to findings from previous studies using TLS systems (e.g., Crespo-
Peremarch et al., 2020; Hillman et al., 2021; Wagers et al., 2021; Prendes et al.,
2022; Torralba et al., 2022). Such density offered a highly detailed
representation of the recorded forest area which enabled the delineation of the
fuel types in structurally complex forest stands. Most ground-based laser scanner
systems are equipped with high-precision sensors and high scanning frequencies,
capable of covering distances of several hundred meters. TLS systems include
the Trimble TX8 (Crespo-Peremarch et al., 2020; Hillman et al., 2021), Leica
C10 (Wilson et al., 2021; Wagers et al., 2021); RIEGL VZ-400i (Klauberg et al.,
2024; Tienaho et al., 2024), and FARO Focus (Alonso-Rego et al., 2020;
Wallace et al., 2022), all of which can scan approximately 1 million points per
second on average. HMLS systems primarily feature GeoSLAM sensors
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(Bauwens et al., 2016; Del Perugia et al., 2019; Gollob et al., 2020; Forbes et
al., 2022; Coskuner et al., 2023; Vatandaslar et al., 2023), capable of scanning
up to 300,000 points per second.

In the case of ALS, commercial systems typically produce medium-to-high
dense point clouds, often exceeding 10 p/m? (e.g., Crespo-Peremarch et al.,
2020; Donager et al., 2021b) and 40 p/m? (e.g., Guerra-Hernandez et al., 2018),
although Dai et al. (2019) reached up to 450 p/m? using a RIEGL VQ-480-U
sensor. In contrast, non-commercial ALS systems, used for regional/national
coverage, typically exhibit medium-to-low point densities. For example, Spain’s
first ALS national coverage (2008-2015) had an average density of 0.5 p/m?, the
second (2015-2022) increased to 1 p/m?, and the third, which began in 2023, has
an average density of 5 p/m? (ALS-PNOA: https://pnoa.ign.es/). Other countries
fully covered with non-commercial ALS systems and freely available data are
Denmark (4-5 p/m?, https://gst.dk/), Estonia (2.1 p/m? in non-urban areas,
https://geoportaal. maaamet.ee/), Finland (0.5-5 p/m2,
https://www.maanmittauslaitos.fi/), Latvia (1.5-4 p/m?,
https://www.lgia.gov.lv/), the Netherlands (6-10 p/m?; https://www.ahn.nl/),
Norway (0.5-5 p/m? https://hoydedata.no/), Poland (4-12 p/m?
https://www.gugik.gov.pl/), and Switzerland (5-20 p/m2,
https://www.swisstopo.admin.ch/). In both commercial and non-commercial
systems, the most commonly used ALS sensors are the Leica ALS60/ALSS80,
RIEGL LMS Q780, RIEGL VQ-1560, and Teledyne Optech Galaxy. These
sensors feature scanning capacities of 1 to 2 million points per second,
centimeter-level accuracy, and support multiple laser pulse returns.

Finally, the two SLS systems have received the lowest score due to their typical
data collection method. The GEDI system scans the surface using discrete
circular footprints with a diameter of 25 meters, generated by full continuous
waveforms (Dubayah et al., 2020). ICESat-2/ATLAS collects data using a
photon counting sensor that captures circular footprints measuring 70 meters in
diameter (Neuenschwander and Pitts, 2019). These methods result in
information gaps across the surface that can only be addressed through spatial
interpolation and/or the use of auxiliary datasets (e.g., Potapov et al., 2021; Liu
et al., 2022; Shendryk, 2022; Schwartz et al., 2024).

Temporal resolution

Temporal resolution indicates the system's ability to collect data from the same
area at different times. Both UAVs, as well as the two ground-based laser
scanner system, have received the highest ratings, as they offer complete
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flexibility for data collection timing, provided there are no external factors such
as adverse weather, inaccessible terrain, or wildfire that might impede data
gathering. Therefore, their temporal resolution can be fully adjusted to meet the
requirements of the study.

ALS systems have a relatively heterogeneous temporal resolution. Commercial
systems have received a medium score because they offer flexibility comparable
to that of UAVs. However, the main difference lies in the significantly higher
economic cost of the flights, making it uncommon to systematically monitor a
territory with such systems. Instead, they are typically used at specific times
(e.g., Hilker et al., 2010; Dai et al., 2019) or after certain intervals as required
(e.g., Marino et al., 2016). On the other hand, non-commercial ALS systems,
which cover larger areas and are often developed by public administrations,
generally have a low temporal resolution. These flights can occur several years
apart, although very few countries have conducted multiple national coverages
until now (e.g., Denmark, the Netherlands, or Spain). Consequently, a low score
has been assigned to these systems.

The ICESat-2/ATLAS system has received a medium score because its
heliosynchronous orbit allows a revisit time of 91 days (Neuenschwander and
Pitts, 2019). This enables systematic data collection for the same footprint,
although at a low temporal resolution. The GEDI system, due to the variable
orbit of the ISS on which it is mounted, does not guarantee that a specific
footprint will be revisited. In fact, in this thesis, none of the footprints within the
Zuera study area (a total of 59,554 footprints) were revisited by the system; each
footprint was unique in both time and space. As a result, it has been concluded
that this functionality is non-existent for the GEDI system even though a given
area is likely to contain multiple footprints recorded at different times.

Low economic cost

The low economic cost to the user determines the initial investment required to
operate the system and obtain the information. The GEDI and ICESat-2/ATLAS
systems have received the highest rating in this regard because they do not
require an initial financial investment for acquiring the data, as it is freely
available from various sources. The same rating has been assigned to non-
commercial ALS systems, whose data are freely accessible and free of charge.
In contrast, commercial ALS systems typically require a significant financial
investment for data acquisition, which is why they have been assigned a low
score.
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Similarly, UAVs generally involve a high economic cost, with optical (i.e.,
photogrammetric) systems being less expensive than LiDAR systems (Mengiste
et al., 2022). This principle has also been reflected in the present thesis; hence
the optical UAV has been rated with a medium score and the UAV-LIDAR
system with a low score. Some studies suggest that the lower economic cost of
optical UAVs does not significantly affect their performance compared to
LiDAR systems in estimating forest variables. For instance, Guerra-Hernandez
et al. (2018) obtained very similar estimates using an optical UAV compared to
a non-commercial ALS, although they employed a cross-flight pattern for the
UAV. Additionally, their study focused on a planted forest stand with lower
heterogeneity than typical Mediterranean forest stands. On the other hand,
Lamping et al. (2021) compared the performance of an optical UAV with
LiDAR systems for estimating various forest attributes across heterogeneous
temperate forests. To achieve this, they tested different viewing angles for UAV
data collection, identifying the greatest challenges in areas with dense
vegetation. In this thesis, however, the optical UAV were flown alone in a
serpentine flight pattern with zenithal viewing angle in structurally complex
forest stands, which might explain the lower performance in estimating the
Prometheus fuel types compared to the UAV-LIDAR system. Moreover, the
optical UAV required additional data alongside photogrammetric point clouds
(i.e., multispectral images) to achieve high accuracy in fuel type classification,
though it still did not match the results obtained by the UAV-LIDAR system.
Therefore, users and managers should carefully consider the balance between
cost and performance based on their investment capabilities and objectives.
Additionally, depending on local regulations, there may be a requirement for an
official UAV pilot certificate, which could entail further investment.

Finally, ground-based laser scanner systems have also received the lowest rating,
as it typically requires a significant initial investment (e.g., Calders et al., 2020b;
Mengiste et al., 2022; Loudermilk et al., 2023), although some authors suggest
that these systems are becoming increasingly affordable (Gallagher et al., 2021).

Spatial coverage

Spatial coverage refers to the area that a system is capable of recording. In the
present assessment, only non-commercial ALS systems have received a high
rating, as they typically cover areas on a national scale. Commercial ALS
systems, on the other hand, have received a medium rating since they generally
cover smaller areas, mostly at the landscape scale (Hilker et al., 2010; Sheridan
et al., 2014; Matikainen et al., 2017; Torralba et al., 2018) but occasionally
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reaching regional scales (Marino et al., 2016; Dhargay et al., 2022), depending
on the specific requirements of the study.

UAVs have also been rated with a medium score, as their data collection is
restricted to local scales (i.e., forest stands), making their spatial coverage more
localized. A UAV flight could cover up to 100 hectares of terrain (Sturdivant et
al., 2017; Shin et al., 2018; Liao et al., 2021), although the exact coverage may
vary depending on flight parameters, sensor type, terrain conditions, and
accessibility (Ecke et al., 2022). Additionally, current UAV legislation may
restrict the flight area due to proximity to certain facilities (e.g., airports, military
bases, populated areas, etc.) or the distance a UAV can be flown from the
operator. However, UAVs offer flexibility in data collection, allowing users to
conduct multiple flights to cover relatively large areas. Fixed-wing UAVs can
cover larger areas, but they require flat terrain nearby for landing. In contrast,
quadcopter UAVs cover smaller areas than fixed-wing UAVSs but can operate in
complex terrain.

Regarding the ground-based laser scanner systems, both HMLS and TLS have
received a low score due to their limited spatial coverage, which is very small
(i.e., forest plot scale), especially for the time required for effective data
collection, avoid occlusions, and accurately georeference the data (e.g.,
Vandendaele et al., 2022). Moreover, the time required to acquire data using
TLS is often significantly longer compared to HMLS systems (Tommaselli et
al., 2014; Di Stefano et al., 2021; Spadavecchia et al., 2023).

The two SLS systems have also been rated with the lowest score. Although they
are satellite systems with global coverage, in the case of ICESat-2/ATLAS, and
quasi-global coverage, in the case of GEDI (between latitudes 51.6° N and 51.6°
S), the fact that its data are collected in discrete footprints makes it challenging
to estimate fuels at an effective working scale. In this context, findings from
Sothe et al. (2022) indicate that estimating spatially continuous forest variables
with both GEDI and ICESat-2/ATLAS can be a challenging task, even when
combined with other systems. However, other authors suggest that combining
SLS data with other spaceborne-based products that provide spatially continuous
data could facilitate continuous forest monitoring (Chen et al., 2022; Leite et al.,
2022; Myroniuk et al., 2023), potentially enhancing subsequent fuel estimation.

Accuracy in 3D location

High accuracy in planimetric ("x" and "y" coordinates) and altimetric ("z"
coordinate) location is crucial for accurately positioning objects recorded by
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sensors and minimizing errors. ALS, UAVSs, and ground-based laser scanner
systems have received the highest scores due to their data capable of being
obtained with sub-meter spatial accuracy. In contrast, the SLS systems have
received the lowest score, primarily due to the significant geospatial uncertainty
of its footprints.

ALS systems typically incorporate GNSS that enable the capture of data with
sub-meter spatial accuracy, both for non-commercial (e.g., Gelabert et al., 2020;
Koma et al., 2020; Assmann et al., 2022) and commercial (e.g., Donager et al.,
2021b; Zhou et al., 2023) systems. However, in some cases, GCPs are required
to achieve such accuracies (e.g., Torralba et al., 2018; Crespo-Peremarch et al.,
2020). Furthermore, a study developed by Muhojoki et al. (2024) demonstrated
that ALS systems can rival GNSS total stations in spatial accuracy.

In this PhD Thesis the UAV-LIDAR system’s integration of RTK technology
enabled direct acquisition of sub-meter accurate data during flights. In
comparison, the optical UAV and HMLS system lacked this functionality,
requiring the placement of multiple GCPs in the study areas. These GCPs,
surveyed with a sub-meter precision GNSS station, were essential for later
georeferencing the collected data. However, using GCPs increases field work
time, as they must be placed at the edges of the study area and evenly spaced for
optimal georeferencing (e.g., Crespo-Peremarch et al., 2020). On the other hand,
RTK technology in the UAV-LIDAR system, along with PPK (Post Processed
Kinematic) technology, allow immediate data acquisition with sub-meter
accuracy. RTK requires a constant signal between the UAV and the base station
throughout the flight (Bakuta et al., 2009), though this signal may be
intermittently lost in closed environments like dense forests (Miller et al., 2021).
PPK, however, applied location corrections during post-processing, making it a
more reliable option, especially in challenging environments (e.g., Zhang et al.,
2019; Eker et al., 2021; Miller et al., 2021). Ground-based laser scanner systems
can also achieve sub-meter accuracy (Muhojoki et al., 2024), as demonstrated
by the HMLS system used in this thesis. However, in most cases, the support of
ground control points (GCPs) is necessary (Fol et al., 2023; Muhojoki et al.,
2024).

Concerning the SLS systems, ICESat-2/ATLAS has received a medium score
because, although its initial precision was estimated at 6.5 m (15) (Carabajal and
Boy, 2020), subsequent analyses have demonstrated improved performance after
applying laser and orbital variation calibrations, resulting in spatial precisions
ranging from 2.5 to 4.4 m (Luthcke et al., 2021). On the other hand, GEDI has
received the lowest score due to its high spatial uncertainty of its footprints, with

241



Chapter 7

an estimated error of about 10 m (1o) in 80% cases in the latest data release
(version 2) (Dubayah et al., 2020; Roy et al.,, 2021; Tang et al., 2023).
Consequently, to minimize this uncertainty, a new quality filter had to be
developed in this thesis based on land cover homogeneity. Although several
authors have proposed methods to mitigate GEDI's systematic geolocation error
(e.g., Schleich et al., 2023; Shannon et al., 2024), many studies still accept this
uncertainty in their analyses.

7.2. DATA PROCESSING AND ANALYSIS CAPABILITIES

The results of the data processing and analysis capabilities of each system are
presented in Table 7.2. Both ALS systems have received the highest score (13)
followed by the UAV-LIDAR system (12), the GEDI SLS system (11), the
ICESat-2/ATLAS SLS system and the optical UAV (10), the HMLS system (9),
and TLS systems (8).

Table 7.2. Scores by functionalities of the data processing and analysis capabilities of the
analyzed systems for effective forest fuel estimation.

Data processing and SLS ALS UAVSs Ground-based
analysis capabilities GEDI | ICESat2 Cﬁ?r?m Comm. | Optical | LIDAR | HMLS | TLS
Com_putatlonal 5 5 5 2 2 3 1 1
requirements
Processing 2 2 3 3 3 3 3 3
accessibility
Intensity of field work 3 3 3 3 2 2 1 1
Pre—processmg 2 2 2 5 1 1 1 1
requirements
Accuracy in 2 1 3 3 2 3 3 2
generating predictors

Total 11 10 13 13 10 12 9 8

Computation requirements

Computational requirements are crucial in determining the initial processing
capacity of the data obtained. The UAV-LIDAR system has received the highest
score because it did not require exceptional computational resources to generate
point cloud files, as point clouds were recorded and created during data
acquisition. However, the initial generated file sizes can be quite large. In
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contrast, the optical UAV demanded more computational power and processing
time than the UAV-LIDAR system, as found in the present thesis and in previous
studies (e.g., Wallace et al., 2016; Hillman et al., 2021). This is the reason it has
received medium score. Specifically, converting two-dimensional images into
three-dimensional information requires significant computational resources.
This process includes overlap analysis of the objects in the photographs, feature
extraction, feature matching, generation of the photogrammetric point clouds,
and georeferencing of the images, particularly if RTK/PPK technology is not
available on the UAV, as in this thesis.

ALS systems have received a medium score because they can contain a large
amount of information (Martijn et al., 2019; Guerra-Hernandez and Pascual,
2021), even in low-point-density non-commercial LIDAR datasets, as they
usually cover extensive areas. Furthermore, the data is typically divided into tiles
of a specific size (e.g., 1 km? in Denmark’s national dataset or 2 km? in Spain’s
national dataset), making it necessary to work with a large number of tiles (e.qg.,
Domingo et al., 2020; Gelabert et al., 2020; Assmann et al., 2022; Cserép and
Lindenbergh, 2023).

SLS systems have also been given a medium score because they can record vast
amounts of data, as they are designed for spatial analysis at very large scales
(even global scale). This results in large file sizes that demand high
computational resources (e.g., Liu et al., 2021a; Potapov et al., 2021; Khalsa et
al., 2022; Holcomb et al., 2023; Vangi et al., 2023). In this thesis, even a
relatively small study area contained a total of 59,554 footprints of the GEDI
system. Each footprint included three different processing levels, and each one
incorporating a large amount of data and metadata which further amplified the
computation demands. Similarly, the study conducted by Liu et al. (2021a) in an
area of approximately 7,000 km? resulted in 42,636 ICESat-2/ATLAS footprints
and 90,472 GEDI footprints with valid measurements after applying several
quality filters. Handling such a large amount of information poses a challenge
for any computer.

Ground-based laser scanner systems have received the lowest score. Both TLS
and HMLS systems generate a very large volume of data due to the extreme
density of points acquired, necessitating more time and resources for the initial
processing and georeferencing of the point clouds (e.g., Tao et al., 2021; Molina-
Valero et al., 2022). This aspect has also been noted in the present thesis with
the HMLS system. Nevertheless, it is worth noting that similar computation
times between UAV-LIDAR and TLS systems has been reported by other
authors (Hillman et al., 2021).
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Processing accessibility

Processing accessibility refers to the set of tools and techniques available for
processing and analyzing the data obtained. In this functionality, ALS, UAVs
and ground-based laser scanner systems have received the highest scores, while
the SLS systems have earned a medium score. Therefore, none of the systems
have received a low score, as there are numerous tools available for processing
and analyzing three-dimensional data.

Many of these tools were initially developed for ALS data but are also applicable
to any three-dimensional dataset, including those generated by UAVs and
ground-based laser scanner systems. In this thesis, data from UAV-LIDAR
system were initially processed using the proprietary software DJI Terra v.3.6.7
(DJI, Shenzhen, China), while optical UAV data were processed using
PIX4Dmapper v.4.5.6 (PIX4D SA, Prilly, Switzerland). For the HMLS system,
the proprietary software GeoSLAM Connect v.2.3.0 (GeoSLAM Ltd.,
Ruddington, UK) was utilized. For all three systems, the subsequent
methodology for generating forest variables —including outlier filtering, ground
point classification, DEM generation, height normalization, point cloud clipping
to plots, and voxelization—was carried out using the open-source R environment,
utilizing various packages capable of processing three-dimensional point clouds,
regardless of whether they originate from ALS, UAVS, or ground-based systems.
There are also alternative tools available for all these processes, including
commercial solutions such as Agisoft Metashape (Agisoft LLC, St. Petersburg,
Russia), Terrasolid (Terrasolid Ltd., Helsinki, Finland), LiDAR360
(GreenValley International, Beijing, China), or the LasTools extension
(rapidlasso GmbH, Gliching, Germany) for ArcMap (ESRI, 2019). There are
also free tools such as FUSION/LDV (McGaughey, 2021), 3DFin (Cabo et al.,
2024), and various packages available for R or Python. Given this abundance of
tools, several studies have compared the effectiveness of different software for
processing three-dimensional remote sensing data. For instance, Kameyama and
Sugiura (2021) found that PIX4Dmapper derived forest variables more
accurately than Agisoft Photoscan and Terra Mapper. Similarly, a study by
Jarahizadeh and Salehi (2024) showed that DJI Terra provided better overall
results for tree point cloud generation and, along with Agisoft Photoscan, offered
faster point cloud processing times than PIX4Dmapper.

Regarding the SLS systems, they have received a medium score due to the
relatively limited number of tools available compared to discrete ALS, UAVS,
and ground-based systems, particularly for working with raw full continuous
waveform data. However, specific packages designed for GEDI and ICESat-
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2/ATLAS data extraction and processing, particularly in R and Python
environments, have been developed recently (e.g., Zhou and Popescu, 2016;
Neumann et al., 2020; Silva et al., 2020; Liu et al., 2021; Silva and Hamamura,
2023; Vangi et al., 2023; Mouselimis, 2024), which have helped enhance its
processing availability.

Intensity of field work

The intensity of field work is determined by the need to perform additional tasks
in the field, which are essential for accurate data collection and, ultimately, for
obtaining high-quality variables that allow for precise fuel type estimation. The
SLS and ALS systems have received the highest score in this regard. GEDI and
ICESat-2/ATLAS require minimal fieldwork to obtain the data, aside from
sampling several footprints for validating the assigned fuel type. However, more
intensive field work would be necessary for other objectives, such as sensor
validation or biomass calculation (e.g., Fayad et al., 2021; Duncanson et al.,
2022; Leite et al., 2022). ALS systems also require minimal fieldwork, except
when conducting field inventories to assess the accuracy of the evaluated
systems (Domingo et al., 2019a; Domingo et al., 2020) or when using GCPs to
enhance the georeferencing of the ALS data (Crespo-Peremarch et al., 2020).
UAYV systems have earned medium scores because they require field visits for
data collection. Additional tasks, such as surveying GCPs for later data
georeferencing or accessing challenging locations due to flight plan
requirements (e.g., flat areas for landing fixed-wing UAVSs), may also increment
the intensity of field work. However, UAVs generally demand less field work
than ground-based laser scanner systems (e.g., Brede et al., 2017; Wieser et al.,
2017; Slavik et al., 2020; Donager et al., 2021b). For this reason, the HMLS and
TLS systems have received the lowest score, as data collection requires entering
forest plots, a task that can be particularly challenging in densely vegetated and
topographically complex areas. Additionally, data collection is often time-
consuming, although HMLS systems tend to gather information more quickly
than TLS systems, but requires more physical effort (Wilkes et al., 2017; Gollob
et al., 2020).

Pre-processing requirements

Pre-processing requirements refer to the capacity and time needed by the user
(learning curve) and the computer (processing power) to handle with the entire
workflow, from raw data to the generation of predictor variables. None of the
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systems have received a high score in this area, as no single system excels in
processing the entire dataset easily.

The SLS systems have received a medium score because their data demand
fewer processing resources compared to datasets with high-density three-
dimensional information (i.e., data from UAVs and ground-based systems).
GEDI and ICESat-2/ATLAS processing involves filtering out low-quality
footprints, as indicated in their respective metadata, to ensure that only accurate
footprints with derived predictor variables are used. However, if working
directly with the raw data, additional noise decomposition and filtering processes
would be necessary to obtain the desired variables.

ALS systems have also received a medium score, while UAVs and ground-based
laser scanner systems have received low score. Although ALS systems follow
the same workflow as UAVs and ground-based systems and utilize similar
processing tools, the lower average density of the point clouds results in reduced
processing requirement. In this regard, UAV, TLS, and HMLS data processing
involves handling large amounts of information. These systems produce very
dense point clouds and, in the case of UAVSs, over relatively larger areas, leading
to high processing requirements. One critical step in the three-dimensional point
cloud workflow is the classification of ground points, as the quality of the DEMs,
normalized heights, and predictor variables hinges on this process. Thus, it is
crucial to select the most appropriate classification algorithm for the research
objective and the available data to minimize processing time and to obtain high-
quality variables. For instance, not all classification algorithms can handle very
dense point clouds, especially those derived from ground-based laser systems,
necessitating an additional step of point cloud decimation or homogenization
(Anderson et al., 2006; Liu et al., 2018; Wallace et al., 2019; Wang et al., 2020;
Braun et al., 2021b). This step is also implemented to eliminate bias caused by
occlusion in ground-based laser scanner systems (Moriguchi, 2023).

Accuracy in generating predictors

Accuracy in generating predictor variables would be understood as a synthesis
of the aforementioned functionalities, wherein a high capacity for field work,
when required, coupled with significant computational and data pre-processing
demands, culminates in the generation of precise predictor variables. However,
the accuracy is also fundamentally dependent on the intrinsic characteristics of
the system itself, including factors such as laser pulse frequency, the ability of
the pulses to penetrate the vegetation canopy, and the density of the point cloud.
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Thus, ALS, UAV-LIDAR, and HMLS systems have received the highest score
due to their ability to capture high-resolution data, and their laser pulses' capacity
to record information from the intermediate and lower strata of vegetation
beneath the forest canopy. Furthermore, the availability of a diverse array of data
processing tools for these systems throughout the workflow is essential for
generating accurate predictor variables, particularly in the context of estimating
fuel types. However, there are some challenges that can impact the accuracy of
the predictor variables. For instance, Donager et al. (2021b) found some
problems when using ALS for estimating tree height for trees with smaller
diameters. Moreover, variables derived from UAV-LIDAR systems may
occasionally lead to the overestimation of the Diameter at Breast Height (DBH)
due to registration errors (Liang et al., 2019) or occlusions resulting from
insufficient laser penetration (Pyorala et al., 2018; Panagiotidis et al., 2022).
However, in the present PhD Thesis, data obtained from the UAV-LIDAR
system demonstrated strong overall performance in the classification of the
Prometheus fuel types, utilizing a diverse array of forest variables (as detailed in
Table 2 of Chapter 6).

For the HMLS system, the ability to generate vertical vegetation volume
variables through high-resolution voxelization of the original three-dimensional
point cloud was instrumental in successfully defining homogeneous distributions
for each Prometheus fuel type in Chapter 5. The efficacy of HMLS systems in
generating forest variables such as tree height, crown volume, DBH, and wood
volume has also been corroborated by other studies (Vandendaele et al., 2022),
alongside variables such as canopy cover and landscape metrics (Donager et al.,
2021b). In contrast, TLS systems are more susceptible to occlusion issues, which
can lead to an underestimation of structural variable values (Donager et al.,
2021b). However, these occlusion problems can be mitigated by conducting a
greater number of scans in different areas of the forest (Torralba et al., 2022),
though this requires more time and effort for data acquisition. Therefore, TLS
system have received a medium score.

The optical UAV has also been assigned a medium score, as variables derived
from photogrammetric point clouds may underestimate vegetation situated
below the forest canopy. In this thesis, the incorporation of multispectral
information was critical to achieving a noteworthy level of accuracy in fuel type
classification, suggesting a reduced predictive power of the variables derived
from the photogrammetric point cloud compared to the UAV-LIDAR system.
While some studies suggest that optical UAVS represent a cost-effective
alternative for estimating forest variables (Shin et al., 2018), their efficacy in
capturing the ground beneath dense canopies is lower when compared to LIDAR

247



Chapter 7

data (Wallace et al., 2016). This limitation hinders the generation of accurate
DEMs in densely forested areas, resulting in less detailed information about
vegetation structure and necessitating the use of ancillary ground data, which, in
the case of the present thesis, has proven to be satisfactory.

The GEDI system has also received a medium score as predictor variables are
pre-generated at the footprint level within the respective data products, with
quality indicators providing information on the reliability of these variables. On
the other hand, ICESat-2/ATLAS, which also incorporates pre-generated
variables with quality indicators, has received a low score due to greater
uncertainties compared to GEDI (Sothe et al., 2022), as well as smaller number
of available predictor variables. However, it is important to note that ICESat-
2/ATLAS was not originally designed for forest analysis. In this thesis, the
assessment of GEDI incorporated a range of structural variables for the
estimation of the Prometheus fuel types, although the inclusion of multispectral
information significantly enhanced fuel classification. This may be due to a
lower predictive capacity of the variables, similar to the case with optical UAVS,
or because the pre-generated predictors in the various GEDI products are
insufficient for achieving high accuracy in classifying the Prometheus fuel types.
Some authors have noted issues with the accuracy of SLS-derived variables for
estimating forest structure. For instance, Dhargay et al. (2022) observed that
GEDI’s high percentile metrics (e.g., “RH99”, “RH100”) may be affected by
noise, while lower percentile metrics (e.g., “RH50”) may experience high laser
waveform distortion or lower information density. Sothe et al. (2022) reported
an average GEDI error of 4.20 m respect to ALS in forest canopy height when
producing 250 m resolution maps. However, this study found that GEDI
performed better than ICESat-2/ATLAS, although they emphasized the
Importance of considering the temporal shift of the data used in their analysis.
Additionally, it has been noted that orographically complex areas lead to
decreased accuracy of satellite variables. Potapov et al. (2021) found that slopes
affect the estimation of tree cover using GEDI, while Tian and Shan (2021)
reported lower uncertainty in the height of the ICESat-2/ATLAS “ATLO0S”
product in flat areas compared to mountainous terrain.

7.3. ACCURACY IN ESTIMATING FUEL TYPES

The results of the analysis of the accuracy in estimating fuel types of each system
are presented in Table 7.3. The ALS systems have received the highest score
(14) followed by the UAV-LIDAR system (13), the optical UAV (12), the GEDI
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SLS system (11), the HMLS and TLS systems (10), and the ICESat-2/ATLAS
system (7).

Table 7.3. Scores by functionalities of the accuracy in estimating fuel types of the analyzed
systems.

Accuracy in SLS ALS UAVSs Ground-based
estimating fuel types GEDI | ICESat2 C'Sm'] Comm. | Optical | LIDAR | HMLS | TLS
Estimation of fuels 2 0 2 3 2 3 3 3
Multisensor
integration 3 3 3 3 3 3 2 2
Multiplatform
integration 3 3 3 3 3 3 3 3
Effective working 1 1 3 3 5 5 1 1
scale
Capacity for forest 2 0 3 5 5 5 1 1
fuels mapping

Total 11 7 14 14 12 13 10 10

Estimation of fuels

In this PhD Thesis, the Prometheus fuel types were classified using machine
learning models, leveraging variables generated by the GEDI SLS system
(Chapter 3) and both UAVs (Chapters 4 and 6). Additionally, the delineation of
the Prometheus fuel types was possible through quantitative variables on the
vertical volume of vegetation (Chapter 5), generated at a very high spatial
resolution (5 cm®) from HMLS voxelized point cloud. All systems evaluated in
the present thesis have demonstrated adequate capabilities for classifying or
defining fuel types; therefore, none has received a low score.

The UAV-LIDAR system has achieved the highest score due to its ability to
classify fuel types with high accuracy using solely variables derived from the
three-dimensional point cloud. Conversely, the optical UAV has received a
medium score because its performance on classifying the fuels was lower,
particularly when only variables derived from the photogrammetric point cloud
were used. Although the incorporation of multispectral data alongside three-
dimensional variables into the models improved the overall classification, it still
did not match the overall accuracy obtained with the UAV-LIDAR systems'
variables. The superior performance of the UAV-LIDAR system compared to
the optical UAV can be attributed to the former's greater ability to generate
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accurate predictor variables from the point cloud. The laser's capacity to
penetrate the canopy is crucial for accurately estimating more complex fuel
types, such as type 3 and type 6, which are intermediate types where the
structural role of the shrubs and understory is highly significant. Another factor
contributing to the lower performance of photogrammetric point clouds in
estimating forest fuels may be the quality of the images obtained (Cao et al.,
2019; Cova et al., 2023). This issue can lead to less accurate predictions of
canopy density or canopy base height (Shin et al., 2018; Kelly et al., 2021),
which may affect the accurate estimation of fuels. On the other hand, in this
thesis, photogrammetric point clouds performed well for estimating surface
fuels, such as grass (fuel type 1) and low shrubs (fuel type 2), aligning with
findings from other studies (Eames et al., 2021; Cova et al., 2023).

The HMLS system's ability to define fuels has been rated highly, as it has
demonstrated excellent capabilities in estimating the Prometheus fuel types in
forest plots characterized by high structural heterogeneity. Similarly, TLS
systems have received a high score. Previous studies have confirmed the
effectiveness of ground-based laser scanners in successfully estimating forest
fuels (e.g., Chen et al., 2016; Alonso-Rego et al., 2020; Wilson et al., 2021;
Marcozzi et al., 2023). Furthermore, some studies have observed better
performance of ground-based systems compared to optical UAVs for general
forest fuel load estimation, although they found limited ability to accurately
estimate the canopy fuel load (Arkin et al., 2021).

Regarding ALS, these systems have been widely used for forest fuel estimation.
Commercial ALS systems have been awarded the highest rating, as they
generally can provide denser three-dimensional point clouds compared to non-
commercial ALS systems (e.g., Labenski et al., 2023), sometimes achieving
densities comparable to those of UAV-LIDAR systems (Dai et al., 2019). This
high point density allows for precise estimation of canopy fuels (Rocha et al.,
2023), understory fuels and fuelbed depth (Labenski et al., 2023), and fuel types
supported by multispectral data (Marino et al., 2016). Mihajlovksi et al. (2023)
classified fuel types in Portugal with a maximum overall accuracy of 67% using
only mean density ALS data (10 p/m?) and the CART classification model. Non-
commercial ALS systems, which generally do not achieve the same high point
densities as their commercial counterparts, have received a medium rating.
However, despite their lower to medium point densities, several studies
demonstrate the capability of non-commercial ALS to accurately estimate fuels.
For instance, Garcia-Cimarras et al. (2021) achieved 81% overall accuracy in
estimating changes in Prometheus fuel types using ALS-PNOA data and
conditional rules. Revilla et al. (2021) classified the Prometheus fuel types with
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88% and 91% accuracy using data simulated with the DART radiative transfer
model (Gastellu-Etchegorry et al., 2015), validated with ALS-PNOA data from
2011 and 2016, respectively. Nevertheless, among the reviewed studies based
on non-commercial ALS, the work by Domingo et al. (2020) stands out as the
most comparable to the research presented in the thesis, although their study area
was larger and more structurally heterogeneous and complex. In their study, the
authors classified the Prometheus fuel types using machine learning models and
predictor variables related to forest structure and diversity. Their best result was
achieved with the SVM-R model, obtaining an overall accuracy of 59% when
integrating ALS-PNOA and Sentinel-2 data. When only ALS variables were
used, the SVM-L model achieved the highest performance, with an overall
accuracy coefficient of 58%. While the characteristics of their study area should
be taken into account, this work offers a solid basis for positively evaluating the
results presented in Chapters 4 and 6, given the similarity in methodology.

The GEDI system has also received a medium score due to its good results in
fuel classification when only variables provided by GEDI were used. However,
similar to the optical UAV, the model performance was lower compared to the
UAV-LIDAR system, although the inclusion of multispectral variables
significantly improved the classification. Lastly, the ICESat-2/ATLAS system
has been assigned a zero rating because, to date, no studies have been conducted
using this system for fuel estimation, although it has been used for estimating
forest structure attributes (Malambo and Popescu, 2021; Aktirk et al., 2023;
Malambo and Popescu, 2024).

Multisensor integration

Multisensor integration refers to the synergies between three-dimensional data
obtained from laser or photogrammetric systems and other non-laser-derived
sources, such as two-dimensional optical images from passive sensors and
Synthetic Aperture Radar (SAR)-derived data. This characteristic has been
evaluated with the highest score for the SLS, ALS, and UAV systems, while
ground-based laser scanner systems have received a medium score.

The GEDI system demonstrated particularly strong synergies with vegetation
indices from Landsat-8 OLI imagery for the Prometheus fuel types
classification. Numerous studies have confirmed the effectiveness of the
integration of GEDI with multispectral images for estimating and mapping forest
variables using Landsat (Potapov et al., 2021; Liang et al., 2023; Myroniuk et
al., 2023; Vogeler et al., 2023), Sentinel-2 (Jiao et al., 2023), both Landsat and
Sentinel-2 (Tsao et al., 2023), and VIIRS (Rishmawi et al., 2021) systems.
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Research by Shendryk (2022) and Dwiputra et al. (2023) has demonstrated
successful integration of GEDI, Sentinel-2, and SAR data from Sentinel-1 for
estimating forest aboveground biomass and mapping tropical vegetation type
distribution, respectively. Similarly, combining GEDI with SAR data from the
TanDEM-X system has led to improved forest height estimation accuracy
compared to using each system independently (Qi et al., 2019). The integration
of GEDI and ICESat-2/ATLAS with SAR data, along with optical imageries,
enabled the production of continuous canopy height maps in Canada (Sothe et
al., 2022), although GEDI worked better than ICESat-2/ATLAS in this study.
Nevertheless, ICESat-2/ATLAS also shows strong potential for integration with
optical and SAR data. For instance, ICESat-2/ATLAS data can be combined
with Landsat-8 OLI imagery to enhance estimates of aboveground biomass and
carbon pools in dryland ecosystems (Glenn et al., 2016), as well as with optical
and SAR data to estimate emissions from forest biomass burning (Liu and
Popescu, 2022) and to map forest canopy height (Luo et al., 2023; Malambo and
Popescu, 2024; Mansouri et al., 2024).

The fusion of ALS data and optical imagery has also proven to be highly
effective for estimating vegetation structure and composition (Labenski et al.,
2023), as well as for identifying forest fuels, whether using Landsat (Marino et
al., 2016), Sentinel-2 (Domingo et al., 2020) or both systems combined (Crespo-
Calvoetal., 2023). The findings of Adhikari et al. (2020) suggest that integrating
low-density ALS data, such as those from non-commercial sources, with optical
imagery could achieve accuracies comparable to those obtained using high-
density ALS data alone. Additionally, the inclusion of airborne hyperspectral
data has been shown to improve results in the identification and mapping of
forest fuels (Romero-Ramirez et al., 2018). However, Mihajlovski et al. (2023)
found no improvement when combining ALS data with Sentinel-2 optical
imagery, and Sentinel-1 and PALSAR-2/ALOS-2 SAR data for classifying fuel
types in Portugal.

In this thesis, the fusion of variables from photogrammetric point clouds and
optical UAV-derived multispectral imagery improved the estimation of the
Prometheus fuel types. The effectiveness of combining these two data sources
for forest analysis has been observed in other studies as well (e.g., Shen et al.,
2019; Xu et al., 2020; Liu et al., 2021b; Reilly et al., 2021). Regarding UAV-
LiDAR system, although this thesis did not explore the fusion of its data with
optical imagery, it is reasonable to conjecture that integrating both datasets
would yield satisfactory results, based on the positive outcomes with the optical
UAYV and findings from previous studies (e.g., Briechie et al., 2020; Shendryk
et al., 2020; Liu et al., 2021c). However, experimental validation would be
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necessary to confirm this hypothesis, as well as the generally positive results
observed when merging optical data with three-dimensional SLS and ALS data.

Finally, the ground-based laser scanner systems have received a medium score.
The reason for not assigning the highest score is that ground-based systems are
often used as ground-truth for variables obtained through other remote sensing
systems, rather than as a synergetic support to enhance the accuracy of the
results. For example, Mulatu et al. (2019) evaluated the accuracy of vegetation
indices and SAR satellite data in measuring forest structure parameters, using
TLS data and field-observed measurements as references. On the other hand,
Taneja et al. (2023) used ALS, optical satellite imagery, and climate and soil
data to validate a predictive model based on fuel hazard metrics obtained through
TLS. The authors found that the TLS-validated model demonstrated greater
predictive power compared to model based on in-situ observation. It can be
hypothesized, therefore, that HMLS data could also serve as ground-truth for
other remote sensing data sources to estimate various fuel attributes. Moreover,
incorporating auxiliary remotely sensed data would highlight the superior
accuracy of HMLS metrics in comparison to in-situ observations. However,
given the current lack of studies, more research is needed to explore these
possibilities.

Multiplatform integration

Multiplatform laser or photogrammetric integration refers to the combination of
three-dimensional data obtained from different laser or photogrammetric
systems sources. In this section, all systems have received high scores.

This thesis did not merge GEDI data with other three-dimensional information
but several studies have demonstrated its effectiveness. The fusion of GEDI and
ICESat-2/ATLAS systems has proven to be beneficial for estimating various
vegetation attributes. For instance, it enhances the accuracy of forest
aboveground biomass estimates compared to when each system is used
independently (Silva et al., 2021). Additionally, ALS data have served as a
reference for validating both SLS systems, revealing that GEDI provides more
accurate canopy height estimates than ICESat-2/ATLAS. The latter tends to
overestimate the canopy height in low shrublands while underestimating the
forest canopy height in nearly all forest ecosystems (Liu et al., 2021a).
Furthermore, integrating data from GEDI and ALS has enabled the assessment
of forest dynamics in three rapidly growing forest ecosystems (Guerra-
Hernandez and Pascual, 2021) and facilitated estimates of aboveground forest
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biomass (Dorado-Roda et al., 2021). Therefore, it can be hypothesized that such
integration would be beneficial for forest fuel estimation

The fusion of ALS and ground-based laser scanner systems significantly
enhances estimates of tree diameter distribution (Vastaranta et al.,, 2014,
Kankare et al., 2015), biomass (Hauglin et al., 2014), and three-dimensional
crown structure (Paris et al., 2017). This integration also improves predictive
mapping of vegetation structural components in Mediterranean forests (Puletti
et al., 2021) and leads to more accurate predictions of canopy fuel variables in
Atlantic pine stands (Alonso-Rego et al., 2021). Furthermore, the independent
integration of ALS data with TLS and HMLS increases the accuracy of
estimating tree height and crown projection area radius (Giannetti et al., 2018),
which would ultimately allow for better estimates of forest fuels.

The integration of UAV-LIDAR data with the HMLS data for fuel estimation
has also proven to be highly effective, according to the results presented in
Chapter 6. The fusion of these systems enhanced fuel estimation across the entire
forest structure, as UAVs tend to capture better the aerial part of vegetation,
while HMLS systems are better in estimating the intermediate and lower parts
of vegetation. In this regard, Fekry et al. (2022) reported improved estimates of
tree height and volume when integrating data from UAV-LIDAR and TLS
compared to using each system separately. Similarly, Qi et al. (2022)
demonstrated that the combination of UAV-LIDAR and HMLS data is highly
effective in quantifying forest structure post-fire. In this thesis, positive results
were also achieved through the integration of photogrammetric point clouds with
ancillary ALS data, enabling the generation of DEMs to normalize
photogrammetric point cloud heights and produce structural and textural
variables. These findings are consistent with those of previous studies (e.g.,
Graham et al., 2020; Yoshii et al., 2022).

Effective working scale

The effectiveness of remote sensing systems in accurately estimating fuel types
may be compromised if their operational scale is not suitable for forest fuel
management. In this context, while SLS and ground-based laser scanner systems
have demonstrated capabilities in fuel estimation, their operational scales might
not be ideal for practical forest management. This is the reason why they have
received low scores. The scale of GEDI and ICESat-2/ATLAS allows for fuel
estimation on a broad level, such as regional (Duncanson et al., 2020; Malambo
and Popescu, 2021; Quir0s et al., 2021; Leite et al., 2022; Narine et al., 2022;
Myroniuk et al., 2023; Schwartz et al., 2024), national (Neuenschwander et al.,
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2020; Fayad et al., 2021; Shendryk, 2022; Gao et al., 2023; Vangi et al., 2023),
continental (Rishmawi et al., 2021; Feng et al., 2023; Mandl et al., 2023), or
global scales (Potapov et al., 2021; Duncanson et al., 2022; Lang et al., 2022),
but may not be as practical for fire management by local administrations,
although they offer valuable insights into the general distribution of fuels across
extensive areas, serving as essential baseline information for subsequent forest
fuel management activities at more effective operational scales. Conversely, the
scale of TLS and HMLS systems is highly localized, limiting fuel management
to individual forest plots.

On the other hand, ALS systems have received a high score due to the
operational scale at which the data is capture. While ALS can operate at a local
level (Matikainen et al., 2017), their most common application is at landscape
scales (Montealegre et al., 2014; Lindgren et al., 2015; Gelabert et al., 2020;
Guerra-Hernandez et al., 2022; Pascual et al., 2023), making it highly effective
for identifying fuels and implementing appropriate fuel management strategies.

UAYV systems have received a medium score due to their more local scale, which
similarly restricts forest management to smaller areas. However, the flexibility
offered by UAVs in data collection, regardless of possible flight restrictions,
coupled with potential technological advancements (e.g., improved battery life,
increased speed, etc.), could expand their operational scale to cover larger areas,
thereby making them more effective for forest management purposes. Moreover,
based on the positive results obtained in this thesis and numerous previous
studies referenced above, integrating multiple three-dimensional systems would
facilitate scaling up from the local level of UAVs to broader landscape
management scales. UAVs enable the collection of forest information with high
accuracy while providing greater temporal flexibility and faster data collection
compared to other remote sensing systems and traditional forest inventories
based on field work. In this context, UAV data could serve as ground-truth,
similar to TLS and HMLS, allowing for the spatialization of results over larger
areas using systems that operate at more effective spatial scales for forest
management, such as ALS systems.

Capacity for forest fuel mapping

The capability for generating forest fuel maps has been rated as high for non-
commercial ALS systems; medium for GEDI, commercial ALS, and UAVSs; low
for ground-based laser scanner systems; and non-existent for ICESat-2/ATLAS.
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Non-commercial ALS systems typically cover large areas with high and
consistent resolution, making them highly effective for efficient forest fuel
management. Their fuel mapping capabilities, both independently and in
combination with other remote sensing data sources, are very robust (e.g.,
Romero-Ramirez et al., 2018; Domingo et al., 2020; Garcia-Cimarras et al.,
2021; Crespo-Calvo et al., 2023). In contrast, commercial ALS systems have
been assigned a medium score because, while they offer the same or even better
benefits as non-commercial ALS systems in terms of resolution and accuracy for
fuel spatialization, they usually cover smaller areas, limiting their capacity to
map fuels over larger regions.

GEDI offers the potential for fuel mapping over large areas, albeit at resolutions
of several meters (Leite et al., 2022). Myroniuk et al. (2023) mapped forest fuels
at 1 km? spatial resolution; however, information gaps arose due to factors such
as high uncertainty or lack of footprints, the presence of clouds, or the orbital
dynamics of the ISS. These issues could be mitigated by interpolation techniques
or by waiting for the system to record a larger number of footprints (Patterson et
al., 2019). Additionally, combining GEDI with other sensors could facilitate
vegetation mapping at medium scales (Dwiputra et al., 2023). In the case of
ICESat-2/ATLAS, it has received a zero score due to the absence of forest fuel
mapping studies involving this system to date.

UAVs enable fuel mapping at scales more effective for fuel management,
typically at the meter level. However, as discussed earlier, the area that a UAV
can cover is relatively small, necessitating an extension of coverage to spatialize
the results over larger areas or multisensor integration.

Ground-based laser scanner systems face greater limitations for mapping fuels
over extensive areas, as data collection is typically conducted at the forest plot
scale. Some researchers have successfully generated mappings in small forest
areas using ground-based laser systems (e.g., Ritter et al., 2017) and in
combination with UAV data (Pierzchata et al., 2018). Nonetheless, large-area
mapping could be achieved by integrating TLS and ALS data (Puletti et al.,
2021).

7.4. IMPLICATIONS FOR FOREST FUEL MANAGEMENT

The semi-quantitative analysis presented here is intended to serve as a reference
for the improvement of forest fuel management. Table 7.4 presents the final
scores for each of the evaluated systems. The non-commercial ALS systems used
in national coverage has achieved the highest score (39) followed by commercial
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ALS (38), the UAV-LIDAR system (37), the optical UAV (35), the HMLS
system (30), TLS systems (29), the GEDI SLS system (28), and the ICESat-
2/ATLAS SLS system (26).

Table 7.4. Scores by the components assessed of each system for effective forest fuel
estimation.

SLS ALS UAVSs Ground-based
GEDI | ICESat2 C’S'r?]% Comm. | Optical | LIDAR | HMLS | TLS
Intrinsic characteristics 6 9 12 11 13 12 11 11
of the systems
Data processing and 1 | 10 | 13| 13| 10 | 12 9 8
analysis capabilities
Accuracy in estimating 11 7 14 14 12 13 10 10
fuel types
Total 28 26 39 38 35 37 30 29

ALS systems have received the highest scores, with non-commercial ALS rated
one point higher due to its better intrinsic characteristics. These systems exhibit
strong capabilities across all three components analyzed. One key advantage of
LIDAR sensors is their ability to penetrate the forest canopy, allowing the
collection of valuable data from within the forest interior, particularly the
intermediate and lower strata, including shrubs, grass, and even the ground. This
makes it possible to estimate structural features of vegetation and produce
accurate DEMs for height normalization. While ALS typically operates with low
to medium-high point density, studies have shown that even low-density ALS
data can yield accurate forest fuel estimation. On the other hand, one of the main
limitations of ALS systems is their temporal resolution. Non-commercial
systems often require extended periods for site revisits (if new coverage is
planned), whereas commercial ALS systems can be tailored to meet the user’s
needs. However, the high economic cost of commercial ALS flights can limit
the frequency of revisits. Another advantage when working with three-
dimensional point clouds data, applicable to ALS, UAVSs, and ground-based
laser scanner systems, is the wide array of freely accessible tools available for
processing. Moreover, these tools are likely to increase in number and improve
in performance in the future. Lastly, it is important to highlight the high potential
of ALS for forest fuel estimation, its ability to integrate with other remote
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sensing sensors (e.g., optical, SAR, or other laser platforms), and its
effectiveness in delivering results at scales suitable for forest management.

The UAV-LIDAR system has also demonstrated exceptional capabilities across
all three components analyzed. Its ability to classify and map fuels, as shown in
Chapter 6, has been very satisfactory and balanced across all fuel types, using a
simple methodology at every step. As in ALS systems, the ability of LIDAR
sensors to penetrate the canopy ensures the capture of parts of the understory and
even the ground, thereby fully capturing the structure of forest fuels. However,
UAV-LIDAR differs from ALS in that it provides a higher point cloud density,
which allows for more detailed information on vegetation structure. This
capability allows for the generation of very accurate predictor variables. The
operational scale of UAVs might be considered well-suited for fuel management,
enabling coverage of local areas and the possibility of scaling up to landscape
scales making multiple flights or, especially, through the integration with ALS
data. In addition, UAVs allow users complete flexibility in data collection over
different time periods, provided there are no external constraints (e.g.,
meteorological conditions, wildlife, or local restrictions on UAV flights). This
temporal flexibility allows for systematic updates on the status and structure of
fuels and enables the generation of updated maps of fuel types in a given forest
area of interest. Furthermore, capturing data with UAVs does not require
significant time and effort for field work. The main drawback of UAV-LIDAR
systems nowadays are their high economic costs, although these systems might
become more affordable in the near future. Likewise, it is expected that ongoing
technological advancements in UAVs and remote sensing sensors will improve
the performance of these instruments and facilitate the management of forest
fuels.

Optical UAVs share many benefits with UAV-LIDAR systems except for the
ability to capture data within the forest canopy. This could represent a significant
limitation in dense forest areas, as these systems could not reliably record the
complete vertical structure of fuels. In this PhD Thesis, the classification models
showed good overall performance, although some difficulties were observed in
correctly classifying the intermediate fuel types of both shrub and tree strata (i.e.,
types 3 and 6, respectively). The UAV-LIDAR system also encountered some
Issues in this respect, but the improvement in the classification of these types
was substantial. Another challenge of optical UAVs with respect to LiDAR data
Is the greater computing resources required to generate photogrammetric point
clouds from two-dimensional photographs. In contrast, optical UAVs have the
advantage of being able to obtain multispectral images that, as demonstrated in
this PhD Thesis and in other previous studies, have proven to be a very valuable
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complement to three-dimensional point clouds for fuel identification.
Nevertheless, the main and most evident advantage of optical UAVs over UAV-
LIDAR systems is their lower economic cost, making them accessible to a
broader audience.

Ground-based laser scanner systems allow managers to record forest fuels with
extreme detail, providing highly accurate fuel estimates. However, this precision
comes with a high computational load and processing time. Similar to UAVS,
ground-based systems offer temporal flexibility for data capture, enabling
frequently updated data. They typically require a significant initial financial
investment. In addition, preprocessing tools for raw data are often commercial
and provided by the same company that manufactures the instrument. For typical
point cloud processing, tools similar to those used for optical UAVs or discrete-
return LIDAR systems can be employed, although many are not specifically
designed for ground-based LIiDAR systems, which could introduce potential
errors. One of the main limitations of ground-based systems is the considerable
time required for data capture, especially when using TLS, and the resulting
smaller area covered compared to UAVSs. Thus, HMLS systems could be more
suitable for recording data in dense forest plots to avoid occlusion issues.
Furthermore, ground-based systems could act as supplementary support to other
platforms, such as UAVs or ALS. The results obtained in this PhD Thesis
demonstrate that HMLS systems can be highly effective for determining a
specific fuel type at forest plot scale in structurally complex forest stands. This
would enable forest managers to better establish the ground-truth for fuel type
classification models using other remote sensing systems and produce more
accurate and updated fuel maps.

SLS systems offer the potential for large-scale fuel estimation and mapping.
They offer global coverage (quasi-global in the case of GEDI), with freely
accessible data, eliminating the need for extensive field work. However, the
structural information is derived from discrete footprints with significant spatial
uncertainty, which is higher in GEDI, although it is possible that this issue will
be improve in the near future. Although ICESat-2/ATLAS footprints are
revisited every 91 days, GEDI footprints are unique not only in space but in time,
as they are not systematically revisited due to the variable orbit of the ISS. This
means it is almost impossible to study the temporal evolution of fuel in the same
footprint and to produce updated maps of fuel types periodically using GEDI.
However, it is possible to revisit a specific area by using multiple GEDI
footprints from different time points and applying spatial interpolation
processes. Furthermore, the GEDI system is currently suspended although it can
be reactivated, but its operational lifespan is expected to be limited to the year
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2030. Finally, an important aspect to consider is the positive results obtained,
both in this thesis and in the reviewed studies, when SLS data are combined with
optical satellite imagery and SAR data for estimating vegetation structural
parameters and various forest fuels attributes. Passive satellite systems, such as
Landsat or Sentinel-2, enable systematic monitoring of vegetation over time.
Their integration with GEDI or ICESat-2/ATLAS could offer valuable auxiliary
and periodical information on the physiological state of forest fuels, which could
serve as a foundation for subsequent forest fuel management at landscape scales.
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Conclusions and further work

8.1. MAIN CONCLUSIONS

Reducing the risk of wildfires is essential for conserving natural forest resources,
preserving biodiversity, and promoting rural development. The threats posed by
climate change, land abandonment, and wild reforestation make the efficient
management of forests an essential objective for land and environmental
development. Remote sensing provides valuable information on the state and
distribution of vegetation in forests, serving as a powerful tool for the
development of forecasting, prevention, and mitigation plans of fire risk. The
Strategic Guidelines for the Management of Wildfires in Spain emphasize the
need to integrate technological advances and land management across different
spatial scales in order to reduce the risk and negative effects of wildfires on
ecosystems, while at the same time adapting ecosystems and population to the
occurrence of fire. In this context, a critical task for wildfire prevention is to
explore new remote sensing systems at different scales to understand their
capabilities and limitations to improve forest fuel identification and, therefore,
better estimate the behavior and spread of fire on forest masses.

In this PhD Thesis, the capability of four emerging multiscale and three-
dimensional remote sensing systems for estimating the Prometheus fuel types
has been evaluated. Additionally, the integration capabilities of these systems
with satellite and proximal optical imagery have been examined, as well as the
synergies resulting from combining multiple three-dimensional systems. Fuels
have been identified using two effective techniques: machine learning
classification models and high-resolution quantitative data of the vertical volume
of fuel. Machine learning models applied to GEDI, optical UAV, and UAV-
LiDAR data successfully classified the Prometheus fuel types with high overall
accuracy, with RF showing greater effectiveness than SVM for classification,
and observing positive results when three-dimensional data were combined with
multispectral indices. However, certain limitations were noted in distinguishing
between similar fuel types, primarily due to the intrinsic characteristics of the
systems analyzed. This issue could be solved by integrating data from different
three-dimensional systems, in particular LiDAR data from UAV and HMLS. On
the other hand, the vertical fuel volume quantitative data enhanced the
differentiation of fuel types in forest areas with high structural complexity,
owing to the very high point density provided by the HMLS system and the
voxelization of the point clouds.

The highest accuracy in fuel classification was achieved by combining data from
the UAV-LIDAR and HMLS systems. This effectiveness stemmed not only from
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the very high point density provided by both sensors but also from their distinct
data recording methods. The UAV-LIDAR system captured data from a zenith
angle, allowing it to record the aerial parts of vegetation (i.e., tree crowns and
upper parts of shrubs) with greater precision, as these were the first elements to
interact with the laser. Conversely, the HMLS system recorded data from the
ground, capturing the understory and the intermediate and lower strata of
vegetation first, thus providing detailed information on these lower layers. As a
result, the combination of both systems enabled accurate recording of the entire
vertical structure of fuels, significantly enhancing the estimation of vertical
continuity of understory fuels, which is a crucial factor for the precise
identification of the Prometheus fuel types. However, it should be noted that the
UAV-LIDAR system itself provided good overall accuracy without requiring
HMLS data. Moreover, it was effective with a limited number of variables
related to the structure and diversity of forest vegetation. In turn, the optical
UAYV vyielded somewhat lower precision in the classification of the fuel types
and it was required the inclusion of vegetation indices generated from
multispectral images recorded by the UAV. Although the integration of optical
UAV data with HMLS data has not been tested in this thesis, it can be
hypothesized that this combination would enhance the estimation of the
Prometheus fuel types based on the results obtained from the data integration of
UAV-LIDAR and HMLS systems, as well as the successful results of ALS-
LIDAR data integration from the PNOA project for height normalization of the
photogrammetric point cloud. The GEDI SLS system effectively classified the
Prometheus fuels; however, similar to the optical UAV, fuel classification
improved significantly when vegetation indices were incorporated, in this case,
from Landsat-8 OLI multispectral images. Integrating GEDI data with proximal
platforms like UAVs or ground-based laser scanner systems to improve fuels
classification is not feasible, not only due to the geolocation uncertainty of the
GEDI footprints and the large number of said footprints, but just because the
work scale of both platforms is very different. Conversely, combining GEDI
with ALS systems could be effective, as their working scales are compatible, as
well as with other existing SLS data, such as ICESat-2/ATLAS currently, or
EDGE in the near future.

The semi-quantitative analysis of the four systems evaluated in this thesis, along
with other contemporary systems relevant for forest management (ALS, TLS,
and the ICESat-2/ATLAS SLS system), has highlighted the advantages of ALS,
particularly non-commercial systems. ALS operates effectively at a landscape
scale, making it well-suited for forest management tasks, with excellent data
processing capabilities and high accuracy in fuel estimation. However, the
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ratings for optical and LIDAR UAVSs suggest they could rival ALS systems. In
fact, they possess capabilities of a similar intrinsic nature or, in the case of UAV-
LIDAR systems, superior to ALS, as indicated by the scores given in the
analysis. In this context, UAV-LIDAR systems emerge as a strong alternative to
ALS for forest fuel estimation, providing information with unprecedented spatial
resolution. At the same time, they can become a significant support for ALS
systems, as the high-precision data obtained with UAV-LIDAR systems can
serve as ground-truth for the subsequent spatialization of results over larger areas
using ALS systems, which operate at a more operational landscape level. On the
other hand, optical UAVs lag in terms of the accuracy of fuel predictor variables,
as their three-dimensional point clouds are derived from aerial photographs and,
therefore, have a lower capacity to detect the strata beneath the tree canopy in
areas of very dense vegetation. Nonetheless, their economic cost is much lower
than that of UAV-LIDAR systems, which makes the trade-off between cost and
performance an important factor to consider. Ground-based systems rank below
UAVs in terms of performance for effective fuel management. However, their
potential lies more in utilizing their extremely accurate ground-truth data for
estimating fuels using other remote sensing systems. Consequently, they can
serve as excellent substitutes for traditional forest inventory based on field work,
as they operate at the forest plot scale and enable relatively fast data collection
in the case of HMLS systems. Nonetheless, their high economic cost remains
their primary drawback. Finally, SLS systems have received the lowest scores,
with GEDI outperforming ICESat-2/ATLAS, considering that the initial
objective of the latter was not the analysis of forest ecosystems. SLS systems
provide a broad overview of fuel distribution across large areas, which, when
combined with satellite passive sensors, can yield valuable systematic
information on fuel status. Their main utility lies in using this information as a
foundation for understanding the general distribution of fuels, allowing land
managers to have a starting point for conducting forestry work at more
appropriate scales for fuel management.

The main conclusions for each of the specific objectives detailed in Chapter 1
(Table 1.2) are as follows:

a. Evaluate the performance of machine learning classification models for
classifying Prometheus fuel types.

» The RF and SVM models successfully classified the Prometheus fuel
types across the platforms evaluated for fuel classification. In all cases,
RF showed equal or better performance than SVM. The models created
with UAV-LIDAR data were also successfully spatialized.
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Some common limitations were observed in both UAV models regarding
the classification accuracy of types 3 and 6, which correspond to the
intermediate types of shrub and tree strata, respectively. These
confusions were particularly significant when using optical UAV data,
whereas they were quite minor using variables from the UAV-LIDAR
system. Incorporating HMLS data into the UAV-LIDAR model nearly
eliminated these confusions entirely.

The prior selection of variables, essential for creating parsimonious
models with explanatory power, was effectively performed using the
Spearman's rank correlation coefficient, the Kruskal-Wallis H test, and
the Dunn's test for multiple comparisons.

b. Assess the capability of SLS systems to identify fuel types independently and
in combination with optical images from satellites for improved fuel type
classification.

The use of height percentile metrics, canopy profile indices, and
guantitative aboveground biomass data from the GEDI SLS system
allowed to classify the Prometheus fuel types with an overall accuracy
of 61.54% using RF and SVM-R models.

The fusion of structural data from GEDI with vegetation indices from
Landsat-8 OLI multispectral images resulted in very good performance
for fuel classification, achieving an overall accuracy of 83.71% with RF.

The fuel type that showed the worst performance in the models was type
4, which was mainly confused with type 3 and, to a lesser extent, with
type 2. These confusions may be attributed to the observed GEDI data
reduced performance in capturing information from the shrub and
herbaceous strata. Type 4 was also confused with type 7, likely due to
the observed tendency of GEDI to overestimate vegetation heights.
Finally, the absence of type 6 data does not allow for any assessment of
GEDTI’s ability to classify this fuel type.

c. Explore the potential of integrating Digital Elevation Models (DEMs)
generated from ALS data to normalize the heights of UAV photogrammetric
point clouds.

268

The generation of DEMs at different spatial resolutions from ALS-
LiDAR data from the PNOA project allowed for the normalization of
photogrammetric point cloud heights and resolved the issue of the
absence of ground points in the photogrammetric data.

The point cloud normalized to the DEM of 0.50 m spatial resolution
performed best for identifying the Prometheus fuel types when
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photogrammetric point clouds and multispectral data were combined. On
the other hand, the point cloud normalized to the DEM of 1 m spatial
resolution was optimal for identifying the fuels when only point cloud
data were used.

d. Evaluate the capability of optical UAVs in identifying fuel types using
structural, textural, and multispectral variables.

= The best classification of the Prometheus fuel types was achieved by
combining photogrammetric point clouds obtained with the RGB sensor
and vegetation indices from the images acquired with the multispectral
sensor, resulting in an overall accuracy of 71% with the RF model.

=  When structural and textural variables were generated from multispectral
photogrammetric point clouds, which had lower point density than those
generated from the RGB sensor, the Prometheus types were classified
with an overall accuracy of 66% with the RF model. Although this
model's performance was lower, only a single flight would be necessary
to obtain multispectral point clouds, assuming RGB and multispectral
data cannot be obtained simultaneously. In this context, the user should
evaluate whether reducing the time spent on data acquisition is worth
accepting a generally lower model accuracy.

= The absence of multispectral variables in the models reduced the
performance of the classification, thus yielding an overall accuracy of
64% using only structural and textural variables from the RGB
photogrammetric point clouds. Therefore, when possible, it should be
recommended to use multispectral data in conjunction with structural
and/or textural data, as also seen in the GEDI models, as it provides
additional information on the state of forest fuels, which aids in
distinguishing the Prometheus fuel types.

e. Evaluate the effectiveness of HMLS systems in delineating fuel types within
structurally complex forest stands.

» The HMLS system enabled the delineation of the Prometheus fuel types
and corrected misestimated types in field observations caused by the high
structural heterogeneity of fuels. This was achieved by quantifying the
fuel volume in height strata with very high spatial resolution (5 cm),
revealing common distributions for each fuel type. This facilitated the
identification of specific Prometheus fuel types even in structurally
complex forest plots and the construction of a more robust ground-truth.

= The extreme density of the point clouds obtained with the HMLS system
was successfully processed and analyzed by transforming them into 5
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cmd voxels. Furthermore, voxelization process enabled the quantification
of the volume of fuel.

f. Assess the efficacy of UAV-LIDAR systems in classifying and mapping fuel
types and evaluate the integration of HMLS data.

= The evaluated UAV-LIDAR system effectively classified the
Prometheus fuel types using structural variables and forest diversity
indices. The RF model delivered the best results, achieving an overall
accuracy of 81.28%.

= The integration of quantitative fuel volume variables from the HMLS
system into the UAV-LIDAR models significantly enhanced all
classification models tested, almost entirely eliminating confusion
between the fuel types. The RF model achieved the best results, with an
overall accuracy of 95.05%.

= The mapping of the fuel types was feasible only with variables derived
from UAV-LIDAR system, as the HMLS captured information solely
within the forest plots and immediate surroundings. This limitation
affects the use of HMLS systems for improving the mapping of fuel types
across large areas. Despite this, the UAV-LIDAR models alone
demonstrated good overall performance, with satisfactory mapping of all
fuel types except type 6, which was predominantly categorized as type
7.

8.1. CONCLUSIONES PRINCIPALES

La reduccion del riesgo de incendios forestales es esencial para conservar los
recursos naturales forestales, preservar la biodiversidad y promover el desarrollo
rural. Las amenazas que plantean el cambio climatico, el abandono de las tierras
y la reforestacion silvestre hacen de la gestion eficiente de los bosques un
objetivo fundamental para el desarrollo territorial y medioambiental. La
teledeteccion proporciona una valiosa informacion sobre el estado y la
distribucién de la vegetacion en los sistemas forestales, sirviendo como una
potente herramienta para el desarrollo de planes de prevision, prevencion y
mitigacion del riesgo de incendios. Las Orientaciones Estratégicas para la
Gestion de Incendios Forestales en Espafia enfatizan la necesidad de integrar
los avances tecnoldgicos y la gestion del territorio a diferentes escalas espaciales
para reducir el riesgo y los efectos negativos de los incendios forestales sobre
los ecosistemas y, al mismo tiempo, adaptar los ecosistemas y la poblacion a la
ocurrencia de incendios. En este contexto, una tarea crucial para la prevencion
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de los incendios forestales es explorar nuevos sistemas de teledeteccion a
distintas escalas para entender mejor sus capacidades y limitaciones para mejorar
la identificacion de los combustibles forestales y, por tanto, estimar mejor el
comportamiento y propagacion del fuego en las masas forestales.

En esta tesis se ha evaluado la capacidad de cuatro sistemas emergentes de
teledeteccion multiescala y tridimensional para estimar los tipos de combustible
Prometheus. Ademas, se ha examinado la capacidad de integracion de estos
sistemas con imagenes opticas satelitales y proximales, asi como las sinergias
resultantes de combinar multiples sistemas tridimensionales. Los combustibles
han sido identificados utilizando dos técnicas efectivas: modelos de clasificacion
basados en machine learning y datos cuantitativos de alta resolucion del
volumen vertical del combustible. Los modelos de machine learning aplicados
a los datos GEDI, UAV optico y UAV-LIDAR clasificaron con éxito los tipos
de combustible Prometheus con exactitudes generales altas, mostrando RF una
mayor eficacia que SVM para la clasificacion, y observando resultados positivos
al combinar datos tridimensionales con indices multiespectrales. Sin embargo,
se observaron ciertas limitaciones al distinguir entre tipos de combustible
similares, debido principalmente a las caracteristicas intrinsecas de los sistemas
analizados. Este problema podria ser resuelto integrando datos de diferentes
sistemas tridimensionales, en particular entre datos LIDAR procedentes de UAV
y HMLS. Por otra parte, los datos cuantitativos del volumen vertical de
combustible mejoraron la diferenciacion de los tipos de combustible en zonas
forestales de gran complejidad estructural, gracias a la altisima densidad de
puntos proporcionada por el sistema HMLS y a la voxelizacion de dichas nubes
de puntos.

La mayor precision en la clasificacion de los combustibles se consiguio
combinando los datos de los sistemas UAV-LIDAR y HMLS. Esta efectividad
se debid no solo a la altisima densidad de puntos proporcionada por ambos
sensores, sino tambien a sus distintos métodos de registro de datos. El sistema
UAV-LIDAR capturd los datos desde un angulo cenital, lo que le permitié
registrar las partes aéreas de la vegetacion (i.e., las copas de los arboles y las
partes superiores de los arbustos) con mayor precision, ya que estos eran los
primeros elementos que interactuaban con el laser. Por otro lado, el sistema
HMLS registro los datos desde el suelo, capturando primero el sotobosque y los
estratos intermedios e inferiores de la vegetacion, proporcionado asi informacion
detallada de estas capas inferiores. Como resultado, la combinacién de ambos
sistemas permitio un registro preciso de la totalidad de la estructura vertical de
los combustibles, mejorando significativamente la estimacion de la continuidad
vertical de los combustibles del sotobosque, un factor muy importante para la
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identificacion precisa de los tipos de combustible Prometheus. No obstante, cabe
sefialar que el sistema UAV-LIDAR por si mismo proporciond buenas
precisiones generales sin necesidad de usar datos HMLS. Ademas, fue eficaz
con un numero limitado de variables relacionadas con la estructura y la
diversidad de la vegetacidn forestal. Por su parte, el UAV 6ptico alcanzé una
precision algo menor en la clasificacion de los tipos de combustible, requiriendo
la inclusién de indices de vegetacion generados a partir de imagenes
multiespectrales registradas por el UAV. Aunque en esta tesis no se ha probado
la integracion de datos 6pticos UAV con datos HMLS, cabe plantear la hipotesis
de que esta combinacion mejoraria la estimacion de los tipos de combustible
Prometheus, dados los resultados obtenidos de la integracion de datos UAV-
LIiDAR y HMLS, asi como los resultados satisfactorios observados al integrar
datos ALS-LIDAR del proyecto PNOA para la normalizacion de las alturas de
la nube de puntos fotogramétrica. El sistema SLS GEDI clasifico
satisfactoriamente los combustibles Prometheus; sin embargo, de manera similar
al UAV optico, la clasificacion de los combustibles mejoro significativamente
cuando se incorporaron indices de vegetacion, en este caso, de imagenes
multiespectrales de Landsat-8 OLI. La integracion de datos GEDI con
plataformas proximales como los UAVs o los sistemas laser terrestres para
mejorar la clasificacion de los combustibles no es factible, no solo por la
incertidumbre de geolocalizacion existente en las huellas de GEDI y el gran
numero de dichas huellas, sino porque la escala de trabajo de ambas plataformas
muy diferentes. Por el contrario, la combinacién de GEDI con sistemas ALS si
podria ser eficaz, ya que sus escalas de trabajo son compatibles, asi como con
otros datos SLS existentes, como ICESat-2/ATLAS en la actualidad o EDGE en
un futuro préximo.

El analisis semicuantitativo de los cuatro sistemas evaluados en la tesis, junto
con otros sistemas contemporaneos relevantes para la gestion forestal (sistemas
ALS, TLSy ICESat-2/ATLAS), ha puesto de manifiesto las ventajas de los ALS,
en particular de los sistemas no comerciales. Los ALS funcionan de forma
efectiva a escala de paisaje, lo que los convierte en muy adecuados para tareas
de gestion forestal, con una excelente capacidad de procesamiento de los datos
y una gran precision en la estimacion de los combustibles. Sin embargo, las
valoraciones de los UAVs dpticos y LIDAR sugieren que estos podrian rivalizar
con los sistemas ALS. De hecho, poseen capacidades de naturaleza intrinseca
similares o, en el caso de los sistemas UAV-LIDAR, superiores, como indican
las puntuaciones otorgadas en el analisis. En este contexto, los sistemas UAV-
LiDAR surgen como una fuerte alternativa a los ALS para la estimacion del
combustible forestal, proporcionando informacion con una resolucion espacial

272



Conclusions and further work

sin precedentes. Al mismo tiempo, pueden convertirse en un apoyo muy
importante para los sistemas ALS, ya que los datos de alta precisién obtenidos
con los sistemas UAV-LIDAR pueden actuar como verdad-terreno para la
espacializacion posterior de los resultados a areas mas grandes utilizando
sistemas ALS, que operan a una escala mas operativa de paisaje. Por otro lado,
los UAV oOpticos languidecen en cuanto a la precision de las variables predictoras
del combustible ya que sus nubes de puntos tridimensionales proceden de
fotografias aéreas y, por tanto, tienen menor capacidad de detectar los estratos
situados bajo las copas de los arboles en zonas de vegetacion muy densa. No
obstante, su coste economico es mucho menor que el de los sistemas UAV-
LIiDAR, lo que convierte el equilibrio entre costo y rendimiento en un factor
Importante a considerar. Los sistemas terrestres se sittan por debajo de los UAVs
en cuanto a rendimiento para una gestion eficaz de los combustibles. No
obstante, su potencial reside mas bien en la utilizacion de sus datos
extremadamente precisos sobre el terreno para estimar los combustibles
mediante otros sistemas de teledeteccion. En consecuencia, pueden servir como
excelentes sustitutos de los inventarios forestales tradicionales basados en el
trabajo de campo, ya que operan a escala de parcela forestal y permiten obtener
datos de una manera relativamente rapida en el caso de los sistemas HMLS. Sin
embargo, su elevado coste econdémico sigue siendo su principal inconveniente.
Por altimo, los sistemas SLS han recibido las puntuaciones mas bajas, superando
GEDI a ICESat-2/ATLAS, considerando que el objetivo inicial de este ultimo
no era el analisis de ecosistemas forestales. Los sistemas SLS proporcionan una
vision general de la distribucion del combustible en grandes areas que,
combinada con sensores pasivos satelitales, puede arrojar una valiosa
informacion sistematica sobre el estado de los combustibles. Su principal
utilidad radica en el uso de esta informacion como base para conocer la
distribucién general de los combustibles, permitiendo a los gestores del territorio
disponer de un punto de partida para realizar trabajos forestales a escalas mas
adecuadas para la gestion del combustible.

Las principales conclusiones para cada objetivo especifico, detallados en el
Capitulo 1 (Tabla 1.2), son las siguientes:

a Evaluar el rendimiento de los modelos de clasificacién machine learning
para clasificar los tipos de combustible Prometheus.

» Los modelos RF y SVM clasificaron satisfactoriamente los tipos de
combustible Prometheus en todas las plataformas evaluadas para
clasificar combustibles. En todos los casos, RF mostré igual o mejor
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rendimiento que SVM. Los modelos creados con datos UAV-LIDAR
fueron asimismo satisfactoriamente espacializados.

Algunas limitaciones comunes fueron observadas en ambos modelos
UAYV relacionadas con la precisidn de la clasificacién de los tipos 3 y 6,
gue corresponden con tipos intermedios de estratos arbustivos vy
arbéreos, respectivamente. Estas confusiones fueron particularmente
significativas cuando se usaron datos del UAV Optico, mientras que
fueron menores usando variables del sistema UAV-LIDAR. La
incorporacion de datos HMLS en el modelo UAV-LIDAR elimind casi
por completo estas confusiones.

La seleccion previa de variables, esencial para crear modelos
parsimoniosos con poder explicativo, se llevo a cabo satisfactoriamente
usando el coeficiente de correlacion de Spearman, el test H de Kruskal-
Wallis y el test de Dunn de comparaciones multiples.

b Valorar la capacidad de los sistemas SLS para identificar tipos de
combustible de forma independiente y en combinacidn con iméagenes opticas
satelitales para mejorar la clasificacion de los tipos de combustibles.
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El uso de métricas de percentiles de altura, indices del perfil del dosel y
datos cuantitativos de la biomasa aérea superficial del sistema SLS GEDI
permitié clasificar los tipos de combustibles Prometheus con una
exactitud general del 61,54% usando modelos RF y SVM-R.

La fusion de la informacion estructural de GEDI con indices de
vegetacion procedentes de imagenes multiespectrales de Landsat-8 OLI
dio como resultado un muy buen rendimiento de la clasificacion del
combustible, logrando una exactitud general del 83,71% con RF.

El tipo de combustible que mostrd un peor rendimiento en los modelos
fue el tipo 4, que fue confundido principalmente con el tipo 3 y, en menor
medida, con el tipo 2. Estas confusiones podrian atribuirse a un menor
rendimiento observado de los datos GEDI para capturar informacion de
los estratos arbustivos y herbaceos. El tipo 4 también fue confundido con
el tipo 7, probablemente debido a la tendencia observada de GEDI a
sobrestimar las alturas de la vegetacion. Finalmente, la ausencia de datos
del tipo 6 no permite hacer ninguna valoracion sobre la capacidad de
GEDI para clasificar este tipo de combustible.
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¢ Explorar el potencial de integrar Modelos Digitales de Elevaciones (MDES)
generados a partir de datos ALS para normalizar las alturas de las nubes de
puntos fotogramétricas.

La generacidén de MDEs a diferentes resoluciones espaciales procedentes
de datos ALS-LiDAR del proyecto PNOA permitié la normalizacién de
las alturas de las nubes de puntos fotogramétricas y soluciond el
problema de la ausencia de puntos de suelo en los datos fotogramétricos.

La nube de puntos normalizada con el MDE de 0,50 m de resolucion
espacial mostrd6 un mejor rendimiento para identificar los tipos de
combustible Prometheus cuando se combinaron las nubes de puntos
fotogrameétricas y los datos multiespectrales. Por otro lado, la nube de
puntos normalizada con el MDE de 1 m de resolucion espacial fue 6ptima
para identificar los combustibles cuando sélo se wusaron datos
procedentes de la nube de puntos.

d Evaluar la capacidad de los UAVs opticos para identificar tipos de
combustible utilizando variables estructurales, texturales y multiespectrales.

La mejor clasificacion de los tipos de combustible Prometheus fue
alcanzada al combinar la nube de puntos fotogrameétrica obtenida del
sensor RGB y los indices de vegetacion procedentes de imagenes
adquiridas con el sensor multiespectral, dando como resultado una
exactitud general del 71% con el modelo RF.

Cuando las variables estructurales y texturales fueron generadas a partir
de la nube de puntos fotogrametrica del sensor multiespectral, de menor
densidad de puntos que la generada con el sensor RGB, los tipos
Prometheus fueron clasificados con una exactitud general del 66% con
el modelo RF. Aunque el rendimiento del modelo fue menor, sélo seria
necesario un Unico vuelo para obtener nubes de puntos multiespectrales,
asumiendo que los datos RGB y multiespectrales no pueden ser
obtenidos de manera simultanea. En este contexto, el usuario deberia de
evaluar si la reduccion del tiempo dedicado a la adquisicién de datos
justifica la aceptacion de una exactitud del modelo mas baja.

La ausencia de variables multiespectrales en los modelos redujo el
rendimiento de la clasificacién, dando como resultado una exactitud
general del 64% al utilizar Unicamente variables estructurales vy
texturales de las nubes de puntos fotogramétricas del sensor RGB. Por lo
tanto, cuando sea posible, seria recomendable utilizar datos
multiespectrales junto con datos estructurales y/o texturales, como se
observé también en los modelos de GEDI, ya que proporcionan
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informacidn adicional sobre el estado de los combustibles forestales,
ayudando a distinguir los tipos de combustible Prometheus.

e Evaluar la eficacia de los sistemas HMLS para definir tipos de combustible
en parcelas forestales estructuralmente complejas.

El sistema HMLS posibilitd la definicion de los tipos de combustible
Prometheus y corrigid los tipos mal estimados en las observaciones de
campo causados por la alta heterogeneidad estructural de los
combustibles. Esto se consiguid al cuantificar el volumen de combustible
en estratos de altura con una resolucion muy alta (5 cm), desvelando
distribuciones comunes para cada tipo de combustible. Esto facilito la
identificacion de tipos de combustible Prometheus especificos incluso en
parcelas forestales estructuralmente complejas y la construccion de una
verdad-terreno mas robusta.

La extrema densidad de las nubes de puntos obtenidas con el sistema
HMLS fue procesada y analizada con éxito al transformarlas en voxeles
de 5 cm®. Ademas, el proceso de voxelizacion permitié cuantificar el
volumen de combustible.

f Valorar la eficacia de los sistemas UAV-LIDAR para clasificar y
espacializar tipos de combustible y evaluar la integracion con datos HMLS.
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El sistema UAV-LIDAR evaluado clasificé eficazmente los tipos de
combustible Prometheus utilizando variables estructurales e indices de
diversidad forestal. EI modelo RF proporciono los mejores resultados,
alcanzando una exactitud general del 81,28%.

La integracion de variables cuantitativas del volumen del combustible
del sistema HMLS en los modelos UAV-LiDAR mejoro sustancialmente
todos los modelos de clasificacion probados, eliminando casi por
completo la confusion entre los tipos de combustible. EI modelo RF
alcanzo los mejores resultados, con una exactitud general del 95,05%.

La cartografia de los tipos de combustible fue factible Unicamente con
variables derivadas del sistema UAV-LIDAR, ya que el HMLS capturd
informacion unicamente dentro de las parcelas forestales y sus entornos
mas inmediatos. Esta limitacidn afecta el uso de los sistemas HMLS para
mejorar la cartografia de los tipos de combustible en grandes areas. A
pesar de esto, los modelos UAV-LIDAR por si solos demostraron un
buen rendimiento general, con una cartografia satisfactoria de todos los
tipos de combustible, excepto el tipo 6, que fue predominantemente
categorizado como tipo 7.
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8.2. FUTURE RESEARCH PROPOSALS

All the remote sensing systems evaluated in this PhD Thesis have demonstrated
capabilities for improving the estimation and classification of the Prometheus
fuel types. However, more research is needed to further improve the efficiency
of forest fuel management. Climate change presents an uncertain future,
potentially leading to greater climatic extremes and more devastating wildfires.
The ongoing trend of rural abandonment, particularly in Mediterranean
environments, is especially concerning, as it results in an increase of fuel loads
and continuity between understory and canopy fuels. These factors, along with
continuous advancements in remote sensing systems, processing and analysis
tools, and statistical methods, highlight several potential future research
proposals.

In this PhD Thesis, classification models based on machine learning, a well-
established technique in forest studies, have been developed. The application of
more advanced statistical techniques that have emerged in recent years, like deep
learning, could provide more accurate results in fuel classification. Among deep
learning methods, neural networks and generative networks could offer potential
for classifying images and, similarly, forest variables from three-dimensional
point clouds related to forest fuels.

New ongoing satellite remote sensing systems that will be operational in the near
future, anticipated to offer enhanced performance, should be evaluated for their
potential to improve forest fuel estimation. The EDGE system, currently under
development and designed for forest ecosystems, will incorporate advanced
scanning technologies and offer systematic, global coverage. Additionally, it is
likely that passive satellite systems, which are continuously updated, will
provide increasingly detailed data on Earth's forest ecosystems. Similarly,
ongoing advancements in proximal remote sensing, particularly with UAVS,
may enable greater area coverage in less time and increase point density, thereby
providing more detailed fuel information over larger areas. Applying the
methods used in this thesis, as well as new proposals presented in this section to
the next generation of UAVS, supposes an opportunity to further enhance the
identification and mapping of forest fuels.

UAYV data can be acquired using various methods, allowing operators to adjust
parameters such as flight height, type of mapping, overlap between photographs,
and scan angle, among others. While the parameters employed in this PhD
Thesis were adjusted based on prior experience and prior research, a detailed
examination of their influence on improving fuel identification is necessary. This
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could be particularly relevant for enhancing data acquisition with optical UAVS,
which face limitations compared to UAV-LIDAR systems, especially in
capturing understory fuels and the ground in dense forest areas.

Finally, given the positive results achieved by combining three-dimensional
information with multispectral images for fuel identification, exploring the use
of dual UAV systems equipped with both LIDAR sensor and multispectral
camera would be valuable. The use of multispectral LIDAR systems may also
be of great interest, allowing to capture in a single instrument the three-
dimensional information of the forest and the spectral characteristics of the
vegetation. Such an approach could enable the simultaneous acquisition of both
types of information quickly and effectively, potentially leading to more accurate
identification of fuel types.

8.2. LINEAS DE TRABAJO FUTURAS

Todos los sistemas de teledeteccion evaluados en esta tesis han demostrado su
capacidad para mejorar la estimacion y clasificacion de los tipos de combustible
Prometheus. No obstante, es necesario seguir investigando para mejorar la
gestion eficiente de los combustibles forestales. EI cambio climatico presenta un
futuro incierto, que puede conducir a mayores extremos climaticos y a incendios
forestales mas devastadores. La actual tendencia de abandono rural,
particularmente en los entornos mediterraneos, es especialmente preocupante, ya
que resulta en un aumento de la carga de combustible y de la continuidad entre
los combustibles de sotobosque y de copas. Estos factores, junto con los
continuos avances en los sistemas de teledeteccion, las herramientas de
procesado y andlisis y los métodos estadisticos, ponen de manifiesto varias
posibles propuestas de investigacion futuras.

En esta tesis se han generado modelos de clasificacion basados en machine
learning, una técnica reconocida en estudios forestales. La aplicacion de técnicas
estadisticas mas avanzadas que han surgido en los altimos afios, como el deep
learning, podria proporcionar resultados mas precisos en la clasificacion de
combustibles. Entre los métodos de deep learning, las redes neuronales y las
redes generativas podrian ofrecer potencial para clasificar imagenes vy, del
mismo modo, variables forestales procedentes de nubes de puntos
tridimensionales relacionadas con los combustibles forestales.

Los nuevos sistemas de teledeteccion satelitales en curso que estaran operativos
en un futuro proximo, y que se prevé que ofrezcan un mayor rendimiento,
deberian de evaluarse por su potencial para mejorar la estimacién de los
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combustibles forestales. El sistema EDGE, actualmente en desarrollo y disefiado
para ecosistemas forestales, incorporara tecnologias avanzadas de escaneado y
ofrecera una cobertura sistematica global. Ademas, es probable que los sistemas
satelitales pasivos, continuamente en actualizacion, proporcionen datos cada vez
mas detallados de los ecosistemas forestales terrestres. Del mismo modo, los
avances que se estan produciendo en la teledeteccion proximal, especialmente
con los vehiculos aéreos no tripulados, pueden permitir una mayor cobertura de
areas en menos tiempo y aumentar la densidad de puntos, proporcionando asi
informacion mas detallada sobre los combustibles en areas més extensas. La
aplicacion de los métodos utilizados en la presente tesis, asi como las nuevas
propuestas presentadas en esta seccion a la siguiente generacion de UAVS,
supone una oportunidad para mejorar aun mas la identificacion y cartografia de
los combustibles forestales.

Los datos de los UAV pueden adquirirse utilizando diversos métodos,
permitiendo a los operadores ajustar parametros como la altura de vuelo, el tipo
de cartografia, el solapamiento entre fotografias y el angulo de vision, entre
otros. Aunque los parametros empleados en esta tesis se ajustaron basandose en
experiencia previa y en investigaciones previas, s necesario un examen mas
detallado de su influencia en la mejora de la identificacion de combustibles. Esto
podria ser particularmente relevante para mejorar la adquisicion de datos con
UAV opticos, que se enfrentan a limitaciones respecto a los sistemas UAV-
LIDAR, especialmente en la captura de los combustibles del sotobosque y del
suelo en zonas forestales densas.

Por altimo, dados los resultados positivos obtenidos al combinar informacion
tridimensional con imagenes multiespectrales para la identificacion de los
combustibles, seria valioso explorar el uso de sistemas UAV duales equipados
tanto con sensor LIDAR como con cdmara multiespectral. También puede ser de
gran interés el uso de sistemas LIDAR multiespectrales, que permitan capturar
en un unico instrumento la informacion tridimensional del bosque y las
caracteristicas espectrales de la vegetacion. Este enfoque permitiria la
adquisicion simultanea de ambos tipos de informacidn de manera rapida y eficaz,
posibilitando una identificacion mas precisa de los tipos de combustible.
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