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Abstract

The primary aim of this dissertation was to develop a comprehensive framework tailored
for wildfire prevention and management, and forest rehabilitation, specifically designed to
harness data collected from Unmanned Aerial Vehicles (UAV)s. This platform is intended
to possess the capability to generate pertinent information about a given region and
simulate wildfire incidents within that area.

The platform is composed of two independent modules—NABU and PYTHIA. The
NABU module is responsible for extracting topographical and fuel data from the UAV-
provided datasets, while PYTHIA is responsible for wildfire simulation.

The NABU module utilizes multispectral and LIDAR data to build region maps
with good level of precision, and is able to characterize fuel with sufficient accuracy to
generate dependable fuel maps for a given area without the need for external data sources.
Furthermore, the inclusion of a weather data aggregation feature facilitates the generation
of both historical and forecasted weather data on a global scale.

The PYTHIA module includes an implementation of the latest U.S. National Fire
Danger Rating System model introduced in 2016, complemented by a cellular automation-
based propagation system. Notably, this module has good accuracy, particularly concern-
ing burn shape and overall fire direction when compared to the established FlamMap
fire modeling software. Nevertheless, certain limitations associated with the speed and
scalability of the simulations conducted within the PYTHIA. These shortcomings point to
areas that warrant further refinement and optimization in future iterations. Nevertheless,
the overall results obtained from PYTHIA are exceedingly encouraging, opening up a
multitude of prospects for future research and development endeavors.

Keywords: Wildfire, Remote Sensing, Fire Modelling, Decision Support, Multispectral
Imaging, Unmanned Aerial Vehicle
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Resumo

O objetivo principal desta dissertação foi o desenvolvimento de uma plataforma de apoio
à decisão para a prevenção, gestão e reabilitação de incêndios, especificamente concebida
para aproveitar os dados recolhidos de drones. Pretendia-se que esta plataforma tenha
a capacidade de gerar informação pertinente sobre uma determinada região e simular
incêndios nessa área.

A plataforma é composta por dois módulos independentes—NABU e PYTHIA. O
módulo NABU é responsávelporextrairdados topográficos e de combustíveldos conjuntos
de dados fornecidos pelos drones, enquanto o PYTHIA é responsável pela simulação de
incêndios.

O módulo NABU utiliza dados multiespectrais e LIDAR para criar mapas de uma
região com um bom nível de precisão, e é capaz de caracterizar o combustível com precisão
suficiente para gerar mapas de combustível para uma determinada área, sem a necessidade
de fontes de dados externas. Além disso, a inclusão de uma funcionalidade de agregação
de dados meteorológicos facilita a geração de dados meteorológicos históricos e previstos
em escala global.

O módulo PYTHIA inclui uma implementação do modelo mais recente do National
Fire Danger Rating System dos Estados Unidos introduzido em 2016 e complementado por
um sistema de propagação baseado em automação celular. Notavelmente, este módulo
possui boa precisão, especialmente no que diz respeito à forma de queima e à direção
geral do incêndio, quando comparado ao estabelecido software de simulação de incêndios
FlamMap. No entanto, existem certas limitações associadas à velocidade e escalabilidade
das simulações realizadas dentro do PYTHIA. Essas limitações indicam áreas que merecem
maior refinamento e otimização em futuras iterações. No entanto, os resultados gerais
obtidos a partir do PYTHIA são extremamente encorajadores, abrindo uma série de
perspetivas para futura pesquisa e desenvolvimento.

Palavras-chave: Incêndios Florestais, Sensoriamento Remoto, Modelação de Incêndios,
Apoio à Decisão, Imagem Multispectral, Veículo Aéreo Não Tripulado
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Introduction

Wildfires are one of the most devastating natural disasters, inflicting profound devastation
upon human and animal ecosystems alike. Moreover, given the exacerbation of fire-prone
conditions attributable to climate change and the growing contributory role of human
activities, the need for efficient measures aimed at wildfire prevention and management
has reached an unprecedented level of urgency.

This chapter serves as an introductory note to the document, providing an overview of
the impact of wildfires (Section 1.1). It also presents concerning statistics from recent years
(Section 1.2). Furthermore, it briefly discusses current conventional approaches to wildfire
response (Section 1.3). The chapter then outlines the objectives of this work (Section 1.4)
and concludes by providing an overview of the document’s structure (Section 1.5).

1.1 Wildfire Impact

Wildfires possess a formidable capacity to wreak havoc on ecosystems. Forests, in partic-
ular, serve as critical biodiversity hot-spots and contribute significantly to carbon seques-
tration. When affected, these ecosystems can suffer near irreparable damage, leading to
long-term ecological disruptions and the release of substantial amounts of greenhouse
gases. The recovery process is often slow, extending from a few decades to well over a
century in extreme cases.

Beyond their ecological implications, wildfires engender profound economic conse-
quences. The destruction of resources and infrastructure results in substantial financial
losses for individuals, communities, and governments. Industries such as forestry, agri-
culture, and tourism, experience direct revenue losses, while associated sectors suffer
from reduced economic activities. Additionally, the costs associated with traditional fire
suppression efforts, emergency response, and post-fire rehabilitation can set significant
burdens on public budgets.

Moreover, wildfires also pose substantial risks to public health. Wildfire smoke
contains a mixture of toxic pollutants and fine particulate matter, which have severe
detrimental effects on the respiratory and cardiovascular systems. Prolonged exposure
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can result in increased morbidity and mortality rates, especially among vulnerable popu-
lations such as children, the elderly, and individuals with pre-existing conditions, thereby
burdening healthcare systems.

1.2 Escalating Severity of Wildfires in Recent Years

In recent decades, the devastating impactof wildfires has exhibited an alarming and escalat-
ing trend, reaching unprecedented and unsustainable levels. This mounting phenomenon
has been exacerbated by the increasing prevalence of extreme weather occurrences, such
as severe heatwaves and droughts. Consequently, these events have imposed significant
strains on existing wildfire prevention and combat strategies.

As of 2022, the United States has experienced a substantial and consistent increase of
over 200% in the number of recorded wildfires and a 500% increase in the area burned
over the past four decades (National Interagency Fire Center, 2022). This upward trend
highlights the emergence of particularly devastating wildfires in recent years, resulting in
significant financial losses. The costliest years in US history, excluding indirect damages,
were estimated to be 2017 ($21.4 billion), 2018 ($27.8 billion), and 2020 ($18.4 billion) (Smith,
2020). This alarming situation is especially pronounced in warm states like California,
where nearly half of the state’s twenty largest wildfires have occurred within the past five
years (California Department of Forestry and Fire Protection, 2022).

Similarly, the European Union (EU) and neighboring countries face similar challenges.
According to the European Commission’s Joint Research Centre (Centre, 2021), the five
southern EU member states, which typically bear the brunt of these disasters (see Tables 1.1
and 1.2), experience significant economic, humanitarian, and environmental losses each
year.

Considering the recovery period required after a wildfire event to allow further damage
to the same geographical area, many countries exhibit a slow declining trend in the extent
of land affected by such incidents, although the absolute area remains alarmingly high.
However, it is noteworthy that the number of wildfires has shown a relatively stable
pattern. In this context, Portugal emerges as a notable exception within the framework of
the European Forest Fire Information System (EFFIS), which encompasses 43 constituent
states. Despite Portugal’s landmass accounting for less than 3% of the total territory of
the EU, the country experiences a disproportionately high frequency of forest fires and
associated burnt areas, with an upward trajectory in recent times.

Over the past four decades alone, the cumulative area consumed by wildfires in
Portugal has exceeded 50% of its entire territory, representing approximately 27% of the
total land scorched in the five most severely affected EU member states.
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Figure 1.1: Average Burnt Area (in thousands of hectares) in the Five Most Affected EU
Member States. Adapted from Centre, 2021.
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Figure 1.2: Average Number of Wildfires (in thousands of occurrences) in the Five Most
Affected EU Member States. Adapted from Centre, 2021.

1.3 Conventional Approaches to Wildfire Action

Conventional approaches to wildfire action typically involve a combination of strategies
centered on preemptive measures, early detection, effective management, and subsequent
rehabilitation efforts.

Preventive measures constitute a comprehensive array of strategies, spanning from
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educational and awareness-raising initiatives to legislative and regulatory measures. Com-
plementary to these sociocultural endeavors, direct approaches such as forest clearing and
other fuel management endeavors are also actively employed.

The early detection and quick response to wildfires hold paramount significance in
ensuring their effective mitigation in their early stages. Fire lookouts are often employed
in this process and although technological methodologies exist for the purpose of early
fire detection, their implementation remains relatively limited as we’ll see further in this
document.

Firefighting forces play a pivotal role in the forefront of active wildfire management,
assuming the primary responsibility for mitigating and suppressing these destructive
events. This arduous task necessitates the deployment of trained firefighters, along with
the utilization of aerial resources and ground equipment, in an effort to effectively contain
and extinguish the fire. To optimize their efforts, authorities employ established strategies
that have proven to be effective in combating wildfires.

Rehabilitation assumes paramount significance in the preservation and reestablish-
ment of both natural ecosystems and human activities. These endeavors encompass a
range of interventions, encompassing soil stabilization initiatives, reforestation endeavors,
and strategic seed dispersal, among others.

It is evident that existing strategies and methods have been established to address
various stages of wildfire response. Nevertheless, given the escalating frequency and
severity of these incidents, it is crucial to enhance these approaches by utilizing all available
resources.

The present circumstances inherently require a meticulous and inclusive reevaluation
and modernization of endeavors pertaining to wildfire response. The exigency sur-
rounding this issue imposes an obligation to undertake an exhaustive scrutiny of current
approaches, with the aim of identifying domains that can be improved and formulating
strategies for effecting such improvements.

1.4 Objectives

Given the previously highlighted severity of extreme wildfire occurrences and the pressing
necessity to innovate and advance strategies for addressing them, this document strives to
present a comprehensive decision-support platform geared towards wildfire prevention,
early detection, effective management, and efficient rehabilitation.

The proposed platform would be equipped with advanced capabilities for analysis,
including the generation of fuel and topographical maps. These functions would be
specifically designed for the utilization of spectral and Light Detection and Ranging
(LIDAR) data collected by UAVs. This data would allow the platform to perform the
computation of wildfire simulations within specific areas of interest, depicting the overall
progression and movement tendencies of wildfires. Additionally, the platform should
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have the ability to provide wildfire danger insights, thereby providing valuable data to
support wildfire management efforts.

1.5 Document Structure

This document consists of six chapters and five appendices, which are organized as follows:

Chapter 1: Introductory analysis of historical and recent trends of wildfire oc-
currences, exploring their severe impact and delineating avenues for
investigation and development, followed by the objectives and organi-
zation of this document.

Chapter 2: Established theoretical concepts and technologies necessary for the
better understanding of this work, including wildfire emergence and
spread, remote sensing, multispectral imaging, LIDAR and Digital
Elevation Models (DEMs).

Chapter 3: State of the art that presents the development in the fields of feature
extraction, primarily through the utilization of multispectral imagery.
It also includes the latest developments in wildfire modeling, simula-
tion, and representation solutions, as well as available wildfire support
frameworks.

Chapter 4: Methods employed during the development of this platform, along
with essential elements to be applied during the implementation phase.

Chapter 5: Detailed records detailing the implementation of the platform system
through two distinct modules, followed by the results of the validation
phase.

Chapter 6: Conclusions of the developed work, accompanied by its contributions
made and prospects for further future work, culminating in a few
closing remarks.

Apendix A: Complete output of the NABU module for Map A.

Apendix B: Complete output of the NABU module for Map B.

Apendix C: Complete output of the NABU module for Map C.

Apendix D: List of equations that characterize the National Fire Danger Rating
System (NFDRS) 2016 fire model.

Apendix E: Detailed specifications of the developed fuel model elements.
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2

Theoretical Concepts and Technology

Given the growing wildfire threats, it’s essential to gain a deep understanding of the core
theoretical principles and the latest technologies that align with wildfire management
before embarking on any development effort. This chapter aims to thoroughly explore
the underlying mechanisms responsible for the emergence and behavior of wildfires
(Section 2.1), followed by a concise overview of the field of remote sensing (Section 2.2).
Subsequently, we will delve into the topics of multispectral imaging (Section 2.2.1), as well
as the utilization of LIDAR and DEMs (Section 2.2.2).

2.1 Wildfire Emergence and Behaviour

Understanding the origins and dynamics of wildfires is crucial in the ongoing battle against
these devastating phenomena. In this section, an extensive review of existing literature
(de Castro et al., 2006; Gboloo, 2017; The National Wildfire Coordinating Group, 2019)
is undertaken to provide a comprehensive understanding of the mechanisms of ignition
(Section 2.1.1) and explore the multitude of factors that influence the spread of wildfires
(refer to Section 2.1.2). By delving into these aspects, we can enhance our knowledge
of the origins of wildfires and gain valuable insights into the patterns that govern their
propagation. Equipped with this knowledge, we can develop effective strategies and
implement measures to mitigate the impact of wildfires, protect vulnerable areas, and
safeguard both the environment and human lives.

2.1.1 Ignition

Wildfires can be initiated by either natural or human-induced ignition sources. Natural
ignition mechanisms, though rarer, include lightning strikes, volcanic activity, and spon-
taneous combustion. On the other hand, human-induced ignition mechanisms involve a
wide range of factors.

Examples of human-induced ignition sources for wildfires include improperly extin-
guished campfires, discarded cigarette butts, and electrical malfunctions. These seemingly
small and careless events can easily spark a wildfire. Arson, the intentional act of setting
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fires, is also an alarming cause. Additionally, the use of industrial machinery, fireworks,
and even some careless agricultural practices in highly flammable areas can also sig-
nificantly increase the risk of ignition. Human negligence, which encompasses actions
like disregarding fire safety guidelines or mishandling fire, plays a great role in wildfire
occurrences. According to a report by the Joint Research Centre (JRC) in 2021, in Portugal,
negligence was responsible for a staggering 50% of wildfires, followed by malicious acts
accounting for 38% (Centre, 2021).

It is important to note that wildfires do not solely rely on ignition sources to occur.
Several factors, such as fuel availability, weather conditions, and a receptive environment,
also play crucial roles. To effectively prevent and minimize wildfires, responsible behavior,
implementation of fire safety measures, and increased awareness are essential.

2.1.2 Spread Influencing Factors

2.1.2.1 Fuel

Fuel plays a critical role in shaping the behavior and progression of wildfires, encompass-
ing a range of combustible materials that sustain and propagate fires, including vegetation,
dead organic matter, and other flammable substances. Understanding the impact of fuel
on the spread of wildfires is essential for predicting fire behavior, developing effective fire
management strategies, and mitigating the risks associated with these devastating events.

Various fuel characteristics, including fuel type, moisture content, arrangement, and
continuity, exert a significant influence on how wildfires develop and spread. Different
types of fuel, such as grasses, shrubs, and trees, exhibit distinct combustion rates, heat
release potentials, and burning characteristics. The moisture content of fuel plays a crucial
role because dry fuel ignites more easily and burns more intensely compared to moist
fuel.

The spatial distribution and arrangement of fuel elements, such as the proximity
and configuration of trees and shrubs, can affect the rate and direction of fire spread.
Fuel continuity refers to the connectivity and uninterrupted distribution of flammable
materials. A continuous fuel bed enables fire to spread rapidly and cover extensive areas,
while breaks or gaps in fuel can impede or restrict fire growth.

Moreover, fuel load, which represents the available fuel per unit area, is a vital
consideration in understanding wildfire behavior. Higher fuel loads provide more material
for combustion, resulting in increased fire intensity and a higher potential for rapid spread.
Fuel load is influenced by factors such as vegetation density, fuel accumulation rates, and
land management practices.

Dead fuel, including fallen leaves, twigs, branches, decaying plant matter, dead trees,
snags, and logs, contributes significantly to the fuel load. It is particularly important
because it serves as readily available fuel for ignition and combustion. Dead vegetation
tends to have lower moisture content than live vegetation, making it more susceptible to
ignition and contributing to the spread of wildfires.
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Live fuel, including vibrant vegetation like trees and shrubs, plays a significant role in
fuel accumulation within an ecosystem. While live fuel typically possesses high moisture
content, acting as a natural deterrent to the spread of fires, it can become more susceptible
to combustion under certain circumstances. During droughts, extended dry periods,
or even during an ongoing blaze, live fuel experiences a reduction in moisture content,
thereby intensifying its flammability. This decrease in moisture content contributes to the
overall fuel load, exacerbating the potential for fire spread and intensifying the risk of
wildfires.

2.1.2.2 Topography

The influence of topography on wildfire spread is a critical and multifaceted factor that
significantly impacts the behavior and severity of wildfires. Topography encompasses
various physical characteristics of the land, including elevation, slope, and the presence
of natural features such as valleys, canyons, and water bodies.

Slope plays an incredibly important role in determining the spread of wildfires. Steep
slopes can accelerate fire spread as flames travel more rapidly uphill. When combined
with wind, steeper slopes create a chimney effect, drawing flames uphill and rapidly
extending the fire front. Furthermore, the aspect, or orientation, of slopes affects the
duration and intensity of solar radiation, which in turn impacts fuel moisture content and
ignition potential.

Water features such as rivers, lakes, and reservoirs have also a significant impact on
wildfire spread. Firstly, these natural water bodies act as effective firebreaks, significantly
slowing down or even stopping the advance of the fire. Firefighters can strategically use
these water features to establish containment lines, effectively preventing the fire from
spreading further. Additionally, the presence of water in the surrounding area can lead
to an increase in humidity levels. This higher humidity makes it more challenging for the
fire to ignite and sustain itself. The moisture in the air reduces the overall flammability of
the vegetation, acting as a natural deterrent to the fire’s progression.

Complex topography distributions can give rise to intricate fire behavior patterns. In
mountainous regions, wildfires often display extreme behaviors as a result of the interplay
between various topographic features. The convergence of wind and the presence of
ridges, canyons, and saddles can generate forceful gusts and turbulence, causing embers
and burning debris to be propelled across the terrain. This dynamic fire movement leads
to rapid spread in multiple directions, presenting significant challenges for firefighting
operations.

Furthermore, topography influences the formation offire-inducedweatherphenomena.
When a wildfire spreads uphill, it has the potential to create a unique localized weather
system called a pyrocumulus cloud. Pyrocumuli can give rise to powerful updrafts,
turbulent winds, and even lightning, all of which contribute to the heightened intensity of
the fire. These atmospheric conditions significantly exacerbate the challenges confronted
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by firefighters, thereby amplifying the complexity and hazards associated with firefighting
operations.

Finally, the role of topography in fire suppression strategies cannot be overstated.
Firefighters can strategically utilize natural features such as ridges, roads, and rivers as
effective firebreaks or control lines, effectively halting or redirecting the spread of wildfires.
The consideration of topography is a critical aspect of containment planning, as firefighters
leverage favorable terrain to establish safe zones, access points, and escape routes.

2.1.2.3 Weather

The role of weather in wildfire spread and behavior is crucial. Various factors, including
temperature, humidity, wind speed, and precipitation, have significant impacts on the
intensity and direction of wildfires. These factors not only affect firefighting efforts but
also have consequences for the affected areas.

Temperature plays a vital role in wildfire behavior. High temperatures contribute to
increased vegetation dryness, making it more susceptible to ignition. Additionally, they
create favorable conditions for rapid fire growth by accelerating moisture evaporation. In
extreme cases, high temperatures can lead to more intense and faster-spreading fires that
are difficult to control.

Humidity levels also influence wildfire behavior. When combined with high tempera-
tures, low humidity quickly draws moisture out of vegetation, providing abundant fuel
for fires. Conversely, higher humidity reduces flammability and can impede the spread of
fires. However, high humidity can also cause smoke to linger near the ground, impacting
visibility and firefighting efforts.

Wind speed and direction are critical factors in determining the paths and rates of
spread for wildfires. Strong winds carry embers and burning debris, allowing fires to
jump containment lines and spread rapidly. These winds can accelerate fire spread by
pushing flames into unburned areas and increasing the oxygen supply. Unpredictable
wind patterns pose challenges to firefighting operations and increase risks to firefighters
and communities.

Finally, precipitation, or the lack thereof, also significantly influences wildfire behavior.
Drought and minimal rainfall contribute to highly flammable vegetation, facilitating fire
ignition and spread. Conversely, heavy precipitation reduces vegetation flammability and
slows down the progression of fires. However, even in wetter conditions, if followed by a
dry period, increased plant growth can raise the fuel load, potentially exacerbating fire
risks in the long term.

2.1.2.4 Artificial Structures

The presence of artificial structures in wildfire-prone areas has emerged as a significant
factor influencing the behavior and intensity of these devastating events. In particular,
structures constructed with flammable materials can act as ignition sources for wildfires.
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Embers and radiant heat can travel significant distances, landing on or near structures
and rapidly igniting them, thereby providing a continuous fuel source for the fire. As a
result, the proximity of buildings to flammable vegetation significantly increases the risk
of ignition and subsequent spread of wildfires.

Moreover, buildings, roads, and other infrastructure can create interconnected path-
ways that facilitate the spread of wildfires. These pathways serve as channels for flames
and embers, allowing fires to leap across distances that would otherwise be difficult for
flames alone to reach.

However, it is worth noting that roads can also play a crucial role as invaluable
firebreaks in the battle against wildfires. Well-planned road networks can act as barriers,
impeding the progress of flames and providing access for fire suppression activities.
Furthermore, roads can facilitate the safe evacuation of residents and enable the smooth
movement of firefighting personnel and equipment.

2.2 Remote Sensing

Remote Sensing involves the collection of information about a region, object or phe-
nomenon without direct contact. Although this document focuses on the application of
remote sensing to Earth, it is worth noting that this scientific discipline can also be utilized
for studying celestial bodies.

The fundamental process of remote sensing can be understood as a two-step flow:
data acquisition followed by data analysis. This concept is elaborated upon in the book
Remote Sensing and Image Interpretation (Lillesand et al., 2015). While this document
primarily emphasizes sensing methods based on electromagnetic energy, it is important
to acknowledge the existence of other data sources, including acoustic and geodetic
measurements.

Figure 2.1: Remote Sensing Flow Example. Adapted from Lillesand et al., 2015.

To illustrate the process, refer to Figure 2.1. Remote sensing begins with a source
of energy, typically electromagnetic radiation from the Sun (A). This energy travels
through the atmosphere (B), undergoing scattering, until it reaches the Earth’s surface.
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The energy interacts with surface features (C) and is subsequently re-transmitted back
into the atmosphere (D). Sensing technology (E) captures this energy and compiles it
into data (F), which reflects the nature of the surface features. The generated data is
then interpreted, analyzed (G), and compiled (H) into a user-friendly format that can be
utilized by end-users (I).

Data acquisition in remote sensing is a multifaceted process that encompasses a
range of methods, processes, and technologies employed to capture signals that faithfully
represent real-world physical phenomena. Within this domain, two primary types of
sensing instruments are utilized: active and passive (examples of which can be seen in
Table 2.1).

Passive instruments depend on natural energy, such as sunlight, that is either reflected
or emitted by the target of interest. As a result, they require favorable conditions to achieve
accurate results.

In contrast, active sensors produce and emit a signal directed towards the target, and
then receive the signal reflected or scattered back. Unlike passive instruments, active
sensors are not constrained by external energy sources and are relatively unaffected
by atmospheric scattering. This characteristic grants them greater versatility in their
applications. Although the specific source of the signal varies among sensor types, the
remaining processes involved in remote sensing remain largely consistent.

Table 2.1: Active and passive sensor examples

Active Passive

Radar Spectrometer
Lidar Radiometer
Scatterometer Accelerometer
Sonar Sonar

2.2.1 Multispectral Imaging

Multispectral imaging is an immensely powerful methodology that extends our ability
to capture information beyond the limits of the visible spectrum. Splitting the electro-
magnetic spectrum into distinct bands, multispectral imaging unveils hidden details
that would otherwise remain unseen. These band names are commonly standardized
across the industry, although their specific ranges may vary depending on the imaging
instrument employed.

This document specifically focuses on five crucial bands: red, blue, green, near-
infrared, and red-edge, with occasional outliers when deemed relevant. To provide a
concrete illustration, we present the spectral specifications for the Micasense RedEdge-MX
Camera in Table 2.2.

This document focuses on two key techniques for manipulating multispectral bands:
Color-Infrared (CIR) imagery and multispectral indices.
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Table 2.2: Spectral specifications of the Micasense RedEdge-MX camera

Band Range

Blue 475 ± 20𝑛𝑚
Green 560 ± 20𝑛𝑚
Red 668 ± 10𝑛𝑚

Red Edge 717 ± 10𝑛𝑚
Near Infra-Red (NIR) 840 ± 40𝑛𝑚

CIR is a multispectral processing technique that involves translating NIR information
into the visible spectrum by combining the red, green, and NIR bands. This approach
generates imagery that can be analyzed independently or subjected to further processing
methods.

Multispectral indices, on the other hand, are composites of spectral bands that are
specifically designed to enhance particular details in an image. This enhancement serves
to increase the quantity and quality of data that can be extracted from the image. While
some indices have a general purpose, others are tailored for specific objectives, such as
the Vegetation Index (VI).

Further along in this document, we present a comprehensive list of widely used indexes,
which have been evaluated and analyzed in terms of their applicability forassessing density
performance, topographical aspects, and atmospheric resistance.

Assessing the effectiveness of an index for evaluating vegetation coverage heavily
relies on the examination of density performance. A high-performance rating for a specific
density level indicates that the index provides a more accurate representation of vegetation
when applied to areas with similar density. One prominent index in widespread use is
the Normalized Difference Vegetation Index (NDVI), which utilizes the reflective and
absorptive properties of the chlorophyll pigment to augment vegetation details. However,
the suitability of the NDVI is directly dependent on the density of chlorophyll-rich
vegetation in an area, rendering it less effective in areas devoid of this pigment.

Topographic and atmospheric resistance are significant factors that can impact the
accuracy and reliability of vegetation indices. Topographic resistance refers to the influence
of terrain features, such as slopes and shadows, on vegetation indices. These features
can affect the availability of sunlight and alter reflectance values. On the other hand,
atmospheric resistance arises from atmospheric conditions, including aerosols and clouds,
which distort solar radiation, resulting in errors in reflectance measurements. To address
these challenges, methods like topographic normalization and atmospheric correction
algorithms are utilized to enhance the precision of vegetation indices.

2.2.2 LIDAR Sensing and Digital Elevation Models

A thorough grasp of LIDAR sensing and DEMs is essential to fully comprehend the
document and broaden our overall understanding.
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LIDAR sensing is a remote sensing technique that utilizes laser light to measure
distances and generate highly accurate three-dimensional representations of surfaces.
This method involves emitting laser pulses from an aircraft or satellite and measuring
the time it takes for the pulses to return after interacting with objects on the ground. By
employing LIDAR sensors, one can obtain intricate details about the terrain, vegetation,
buildings, and other objects that would be difficult to acquire through alternative methods.

On the other hand, DEMs are digital representations of a terrain’s topography and
elevation. These renderings are created by compiling elevation data from various sources,
including LIDAR. DEMs provide comprehensive frameworks for analyzing and under-
standing surface features such as mountains, valleys, rivers, and coastlines - serving as
valuable tools for studying and interpreting the Earth’s landscape.

The utilization of LIDAR sensing in generating DEMs offers numerous advantages
in the field of remote sensing. One of the primary benefits is the ability to create high-
resolution and highly accurate DEMs using LIDAR data. This is achieved by capturing
millions of data points in the form of point clouds, allowing for precise elevation measure-
ments with exceptional spatial resolution. Such detailed information proves particularly
valuable in areas with complex terrain or dense vegetation, where traditional sources of
elevation data may fall short.

Moreover, employing LIDAR for DEM generation allows for the extraction of additional
terrain attributes beyond elevation. These include slope, aspect, and curvature, providing
a more comprehensive understanding of the terrain characteristics. By utilizing LIDAR
data, remote sensing applications can go beyond mere elevation representation and obtain
detailed information about the shape and features of the terrain.
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State of the Art

Building upon the paradigm previously discussed in this document, this state-of-the-art
section aims to provide a comprehensive overview of cutting-edge technologies, strategies,
and practices that are highly relevant to the objectives outlined in this document. This
chapter begins with a detailed examination of feature extraction techniques (Section 3.1),
including vegetation attributes, water features, soil characteristics, artificial surfaces, and
burnt areas. Specifically, it emphasizes the utilization of aerial imagery and multispectral
indices for enhanced analysis. Subsequently, the chapter delves into advanced modeling,
simulation, and representation approaches forwildfire management (Section 3.2), followed
by an exploration of several already existing wildfire support frameworks (Section 3.3).
Finally, it provides a discussion on the findings of this chapter (Section 3.4).

3.1 Feature Extraction

Evaluating the behavior of wildfires requires a comprehensive analysis of the spatial
properties surrounding their occurrence. At the core of this analysis lies a deep under-
standing of the terrain characteristics within the affected region. As previously discussed,
factors such as slope, elevation, and the arrangement of fuel significantly influence the
progression of the fire.

Therefore, this section focuses on the utilization of two multispectral data processing
techniques - color-infrared imagery and multispectral indices - to facilitate the extraction
of relevant feature data. While there are multiple facets to consider in this endeavor,
the document prioritizes the most pressing and significant aspects: vegetation attributes,
water features, soil characteristics, artificial surfaces, and areas already affected by fire.

Lastly, it is important to note that all the image examples presented in this chapter
were generated using internal data sources.

3.1.1 Color-Infrared Imagery

Utilizing CIR imagery for feature extraction offers numerous advantages over traditional
visible color composites. This imaging method improves the differentiation among various

15



CHAPTER 3. STATE OF THE ART

types of vegetation, soil compositions, water features, and even distinct human-made
structures.

When examining CIR imagery, dense and healthy vegetation appears as vibrant red
colors, which gradually shifts towards shades of pink as the health of the vegetation
diminishes. Ultimately, deceased plants display shades encompassing green, cyan, and
tan tones. The colors exhibited by bare soil depend on its composition. Clay soils appear
as darker shades of tan and cyan, while sandy soils tend to display lighter shades of tan,
gray, or white. The presence of moisture and the concentration of organic content within
the soil can also darken its appearance in a CIR image.

Water generally appears as shades of blue and black, depending on its transparency.
However, for shallow streams, the appearance of the water is directly related to the
composition of the stream bed soil. The appearance of human-made structures in CIR
images can significantly differ depending on their material composition. For example,
gravel roads often exhibit a light color, while asphalt roads display various shades of dark
blue and black.

3.1.2 Multispectral Indices

This field of study is constantly evolving, with new developments and advancements
shaping its progress. Despite the rapid changes, there are certain indices that have stood
the test of time and remain fundamental to this day. Table 3.1 presents a curated selection
of these indices, chosen based on their relevance and as examples of notable advancements
in the field. Each index is accompanied by its general formula and reference to the original
study where they were introduced.

3.1.2.1 Vegetation Attributes

The utility of the NDVI is limited due to saturation in highly vegetated areas and incon-
sistency in highly arid regions (Mummoorthy et al., 2019).

In comparison to non-ratio indices like the Enhanced Vegetation Index (EVI), ratio
indices such as NDVI, Normalized Difference Water Index (NDWI), and Normalized
Difference Red Edge Index (NDRE) were found to reduce topographic effects to some
extent (Zhou and Chen, 2019).

Several studies (Gonenc et al., 2019; Salvado et al., 2019) have demonstrated that the
NDVI can serve as a viable alternative to the Radio Vegetation Index (RVI) since it relies
solely on waveband data and produces similar results.

The Inverted Difference Vegetation Index (IDVI) offers advantages over NDVI as
it is insensitive to leaf biochemical parameters and exhibits a wider variation range.
Furthermore, a statistical model combining NDVI and IDVI, incorporating a dynamic
scale factor, was shown to achieve more accurate and robust Leaf Area Index (LAI)
estimation compared to single VI regression models (Kalpoma et al., 2019; Sun et al.,
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Table 3.1: Considered multispectral indices.

Index Formula Reference

SR 𝜌NIR
𝜌R

Birth and McVey, 1968
NDVI 𝜌NIR−𝜌R

𝜌NIR+𝜌R
Rouse et al., 1974

DVI 𝜌NIR − 𝜌R Tucker, 1979

MSR
𝜌NIR
𝜌R

−1√
𝜌NIR
𝜌R

+1
J. M. Chen, 1996

GNDVI 𝜌NIR−𝜌G
𝜌NIR+𝜌G

Gitelson et al., 1996
NDRE 𝜌NIR−𝜌RE

𝜌NIR+𝜌RE
E. Barnes et al., 2000

IDVI 1+(𝜌NIR−𝜌R)
1−(𝜌NIR−𝜌R

Sun et al., 2018

EVI 2.5×(𝜌NIR−𝜌R)
𝜌NIR+6×𝜌R−7.5×𝜌B+1 H. Q. Liu and Huete, 1995

EVI2 2.5×(𝜌NIR−𝜌R)
𝜌NIR+2.4×𝜌R+1 Z. Jiang et al., 2006

SAVI 1.5 × 𝜌NIR−𝜌R
𝜌NIR+𝜌R+0.5 Huete, 1988

MSAVI 2×𝜌NIR+1−
√
(2×𝜌NIR+1)2−8×(𝜌NIR−𝜌RED)

2 Qi et al., 1994
OSAVI 1.16 × 𝜌NIR−𝜌R

𝜌NIR+𝜌R+0.16 Rondeaux et al., 1996

TAVI 𝜌NIR+ 𝑓 (Δ)×(𝑀R−𝜌R)
𝜌R

H. Jiang et al., 2011

NDHD 𝜌HS−𝜌DS
𝜌HS+𝜌DS

Leblanc et al., 2001
NHVI2 NDVI × NDHD Zhen et al., 2020
HSVI SAVI × NDHD Zhen et al., 2020
HEVI2 EVI2 × NDHD Zhen et al., 2020

VIUPD 𝐶V−0.1×𝐶S−𝐶4
𝐶W+𝐶V+𝐶S

Zhang et al., 2007

MBI 𝜌SWIR1−𝜌SWIR2−𝜌NIR
𝜌SWIR1+𝜌SWIR2+𝜌NIR

+ 0.5 Nguyen et al., 2021
EMBI MBI−MNDWI−0.5

MBI+MNDWI+1.5 Zhao and Zhu, 2022

NDWI 𝜌G−𝜌NIR
𝜌G+𝜌NIR

Gao, 1996
MNDWI 𝜌G−𝜌SWIRL

𝜌G+𝜌SWIRL
H. Xu, 2006

NBR 𝜌NIR−𝜌SWIR
𝜌NIR+𝜌SWIR

García and Caselles, 1991
BAI 1

(0.1−R)2+(0.06−NIR)2 Chuvieco and Martín, 1998

NBRT1 𝜌NIR−𝜌SWIR(
𝜌Thermal

1000 )
𝜌NIR+𝜌SWIR(

𝜌Thermal
1000 )

Holden et al., 2005a

REI 𝜌NIR−𝜌B
𝜌NIR+𝜌B×𝜌NIR

Shahi et al., 2015

𝜌B: Blue Band Reflectance
𝜌G: Green Band Reflectance
𝜌R: Red Band Reflectance
𝜌RE: Red-Edge Band Reflectance
𝜌NIR: Near Infra-Red Band Reflectance
𝜌SWIR: Short-Wave Infra-Red Reflectance
𝜌Thermal: Thermal Reflectance
𝜌HS: Hotspot Reflectance
𝜌DS: Darkspot Reflectance
𝐶V: Vegetation Reflectance Coefficient
𝐶S: Soil Reflectance Coefficient
𝐶W: Water Reflectance Coefficient
𝐶Y: Yellow Leaf Reflectance Coefficient
𝑓 (Δ): Topography Adjusting Coefficient
𝑀RED: Maximized Red Band Reflectance
𝜙(#): Min–Max Normalization Function Based on the Entire Image
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2018). However, single models and LAI still show high correlations particularly in the
near-infrared, red, and blue spectral ranges (Jingguo et al., 2015).

A study (Yan et al., 2022) presented compelling findings regarding the estimation
of Fraction of Vegetation Cover (FVC) using different models, with a particular focus
on the Difference Vegetation Index (DVI). The study concluded that the DVI-based
model exhibited the highest levels of accuracy and stability in estimating FVC. Moreover,
the research demonstrated that the RVI and EVI models were considerably affected by
theoretical uncertainty stemming from sensor characteristics. Conversely, the Normalized
NDVI model exhibited a high sensitivity to variations in Solar Zenith Angle (SZA).

In the domain of LAI estimation, substantial research efforts have been dedicated to
exploring various methodologies. Notably, multiple recent studies (Kang et al., 2016;
S. Liu et al., 2021; Mourad et al., 2020) have contributed to this field and based on the
existing literature, it is suggested thatNDVI outperforms glssr and Modified Simple Ratio
Vegetation Index (MSR) based methods in accurately estimating LAI (Xie et al., 2014).

Notably, the NDWI demonstrates high precision when estimating plant Vegetation
Water Content (VWC). Additionally, given that a plant’s moisture content frequently
reflects its condition, the NDWI can be relied upon as a trustworthy gauge of vegetation
well-being (Lu et al., 2011).

The novel Vegetation Index Based on Universal Pattern Decomposition Method (VI-
UPD) is based on the Universal Pattern Decomposition Method (UPDM) (Zhang et al.,
2003) for multispectral data. This index was formulated as a modification of the revised
vegetation index, which was originally established using the UPDM as its foundation
(Daigo et al., 2004), and its results demonstrate higher sensitivity to vegetation density
compared to the NDVI and other common indices. While most of the complexity lies in
the calculation of the coefficients, a later study (She et al., 2016) demonstrates the compu-
tation of these coefficients in a simple three-step process. VIUPD is an improvement to
the NDVI, having a larger domain range and performing better in high vegetation cover
areas. Compared to other common indices, the VIUPD demonstrates higher sensitivity to
vegetation health and 𝐶𝑂2 concentration.

Within arid regions, the NDRE offers an alternative method for estimating the propor-
tion of green vegetation, as opposed to relying on NDVI (Li et al., 2012).

In order to improve the accuracy and applicability of the Soil-Adjusted Vegetation Index
(SAVI) for estimating vegetation in a heterogeneous canopy, several alternative indices
have been developed and studied. These include the the Normalized Hotspot-Signature
Vegetation Index 2 (NHVI2), the Hotspot-Signature Soil-adjusted Vegetation Index (HSVI),
and the Hotspot-Signature 2-Band Enhanced Vegetation Index (HEVI2). These indices
have shown consistent performance when compared to traditional multispectral vegetation
indices and have demonstrated high resistance to soil noise (Zhen et al., 2020).

A particular index—the Topography-Adjusted Vegetation Index (TAVI)—was specially
crafted to tackle the difficulties presented by uneven landscapes. Its primary objective is to
mitigate the naturally occurring strong association between the cosine of solar incidence
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and conventional vegetation indices, which has the potential to result in diminished
accuracy. The proposed TAVI introduces two coefficients: 𝑀RED, which represents the
maximized value of the red waveband, and 𝑓 (Δ), the topography adjusting coefficient.
The coefficient 𝑓 (Δ) was optimized to minimize the mean difference between darker and
brighter inclines and was determined to be 2.280. Notably, the TAVI effectively mitigates
topographic effects in rugged terrains by solely utilizing red and NIR band data, without
requiring additional support from DEM data.

The results of the study demonstrate that the TAVI significantly enhances the estimation
of vegetation in rugged terrains. By accounting for topographic influences and relying only
on the red and NIR bands, the TAVI overcomes the limitations of traditional vegetation
indices and provides more accurate assessments of vegetation cover and distribution in
challenging environments. This advancement offers valuable insights for applications
such as land management, ecological studies, and remote sensing analyses in rugged
terrains.

3.1.2.2 Water Features

While the NDWI is widely recognized as a invaluable tool specifically designed for
delineating water features, it is worth noting that the NDVI can also be effectively utilized
for this purpose. The NDVI demonstrates its capability in successfully identifying water
features as well.

3.1.2.3 Terrain Characteristics

Previous studies have proposed models using the NDVI and surface temperature for the
estimation of soil moisture (Sandholt et al., 2002). However, more recent research has
expanded on this approach by incorporating other indices, such as the Green Normalized
Difference Vegetation Index (GNDVI), SAVI, Modified Soil-Adjusted Vegetation Index
(MSAVI), and Optimized Soil-Adjusted Vegetation Index (OSAVI). These studies have
demonstrated high accuracy in estimating soil moisture (Deng et al., 2023; Swain et
al., 2021). Another promising approach involves utilizing multispectral data, including
infrared and thermal information, in combination with advanced analysis techniques like
Convolutional Neural Networks (CNNs) (Bertalan et al., 2022; Seo et al., 2021).

The organic matter content of soil can significantly impact wildfire behavior. Increased
levels of organic matter elevate the amount of fuel present, rendering the soil more
susceptible to ignition and exacerbating the impact of fires. These areas may experience
deep-seated and persistent underground fires. Recent studies have shown promising
results by employing combinations of Simple Ratio Vegetation Index (SR), DVI, NDVI,
and GNDVI as auxiliary data in addressing this issue (Guo et al., 2020, 2021).
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3.1.2.4 Artificial Surfaces

The proposed method in the Road Extraction Index (REI) shows promise in accurately
capturing asphalt road networks during extraction. However, it is important to acknowl-
edge certain limitations associated with this approach. Challenges arise when dealing
with roads covered by trees or shadows, and there is also a possibility of misclassifying
building boundaries as roads (Shahi et al., 2015).

Furthermore, the literature highlights that relying solely on single indices is insuf-
ficient for achieving accurate road extraction. To enhance the extraction process and
reduce misclassifications, it is crucial to integrate advanced high-level vision algorithms.
Studies have demonstrated that methods incorporating machine learning and data fusion
techniques outperform single indices like NDVI, NDWI, and SAVI in terms of accuracy
specifically for road extraction (Puttinaovarat and Horkaew, 2018).

3.1.2.5 Burnt Areas

The introduction of the Burning Area Index (BAI) has significantly enhanced the ease of
estimating burnt areas, demonstrating its superior discrimination ability compared to the
NDVI and SAVI (Chuvieco et al., 2002). However, it is prudent to exercise caution when
employing the BAI for mapping burned land, as there is substantial variability within
the areas affected by fire. To achieve accurate results, it is recommended to set stringent
thresholds. Furthermore, the study suggests the potential inclusion of a shape refinement
algorithm to further enhance result accuracy.

A subsequent study successfully integrated an approach based on the Normalized
Burn Ratio Index (NBR), utilizing satellite imagery to identify the severity of burns (Key
and Benson, 2006). This approach has demonstrated remarkable success, particularly in its
ability to compare results and aggregate information across wide geographical areas and
over time. It should be noted that this approach requires the utilization of the Short-Wave
Infrared (SWIR) band, which can be costly to acquire.

Lastly, a study highlights the potential of the Normalized Burn Ratio Thermal Index
(NBRT1) index, which incorporates a thermal component, in identifying lightly burned
areas (Holden et al., 2005b). However, the study underscores the necessity for additional
research to explore how the timing of post-fire image capture impacts the differentia-
tion between burned and unburned regions when employing two- or three-dimensional
indices.

3.2 Wildfire Modeling, Simulation and Representation

The study of wildfire behavioral patterns is an intricate area of research, characterized by
a continuous evolution spanning nearly half a century. Throughout this time, numerous
mathematical models have been developed with the aim of accurately characterizing
the complex behaviors exhibited by wildfires. These models can be broadly classified as
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empirical or physical, exhibiting substantial variations in their methodological approaches
and levels of complexity. The present document centers its attention on a specific category
of models known as crown fire models, which hold historical significance, serve as field-
defining benchmarks, and are frequently cited in the literature (Rothermel, 1972; Wagner,
1977; Alexander, 1998). These models primarily focus on the computation of the Rate of
Spread (ROS) and have consistently served as foundational frameworks upon which more
sophisticated models are built. Furthermore, they find extensive application in simulation
solutions, effectively facilitating accurate results.

In addition to simulation solutions, the representation of wildfires within a three-
dimensional environment is of great importance within the scope of this document.
Consequently, we also include a discussion on platforms that incorporate advanced
renderization systems, as well as standalone rendering frameworks that exhibit promising
potential for fulfilling the objectives of this study.

3.2.1 Simulation Based on Cellular Automaton

Cellular Automation (CA) is a computational model that utilizes a mathematical space
divided into a regular grid of cells. Each cell has a finite number of states and is associated
with a designated neighborhood. This model operates in a generational manner, updating
the state of each cell at discrete moments based on a predefined transference rule, the
current state of the cell, and the states of its neighboring cells.

A study (Yongzhong et al., 2004) demonstrated the direct implementation of a CA
model for simulating wildfires. The model employed a hexagonal tessellation grid with
a six-cell neighborhood. It integrated multiple established mathematical models for fire
behavior, such as those proposed by (Rothermel, 1972, Gill et al., 1981, Weise and Biging,
1996, and Du Fei, 2001), to govern the interactions during the state transitions. The pro-
posed model underwent verification and validation processes using controlled simulated
environments to examine general variable interactions, as well as a case study based on a
real wildfire incident, which yielded satisfactory results.

More recently, a novel solution (Li et al., 2022) was developed by combining CA
with a Long Short-Term Memory (LSTM)-based speed model, aiming to simplify input
complexity and address limitations identified in previous models. The developed S-LSTM
model focuses on capturing the interplay between the ROS and the wind speed within the
wildfire’s zone of influence. It generates predictions for both parameters at each discrete
moment. An illustration of the proposed solution’s flow is presented in Figure 3.1.

The CA structure described in Li et al., 2022 is computed using the Moore neighborhood,
where each cell is assigned one of three states: unburned, incomplete, or complete
(spreadable), based on the fraction of its burned area (Rui et al., 2018). The transference
rule is then determined by considering three coeficients:

𝑉 = 𝑉𝑐 · 𝐾𝑒𝑣𝑐 · 𝐾𝑠𝑙𝑜𝑝𝑒
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Figure 3.1: LSTM-CA Framework Structure. Adapted from Li et al., 2022.

where 𝑉𝑐 denotes the prediction from the S-LSTM model, after cosine correction. 𝐾𝑒𝑣𝑐
represents the vegetation influence factor, calculated using external vegetation data, while
𝐾𝑠𝑙𝑜𝑝𝑒 represents the influence factor related to slope direction. Figure 3.2 provides an
illustrative example of fire spreading behaviors.

Figure 3.2: LSTM-CA General Spreading Behaviour. Adapted from Li et al., 2022.

This approach was initially validated by analyzing the mean squared error (Mean
Squared Error (MSE)) of the S-LSTM model on 15 test sets. The results were highly
encouraging, as only one-third of the test cases had an MSE greater than one, with a
maximum value of 2.73.

Furthermore, the complete LSTM-CA model was utilized to simulate three actual
wildfire incidents. Although it showed a slightly higher propensity for commission
error emergence, it also demonstrated superior accuracy and consistency compared to
alternative approaches.

3.2.2 Centroid Extraction Method

A newly proposed method (X. Liu et al., 2018) was developed, leveraging the motion rate
of a burned area centroid to model the spreading of fire in the form of a growing ellipse
at a predetermined speed. This innovative approach utilizes geostationary satellite data,
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employing a pre-existing algorithm (G. Xu and Zhong, 2017) to identify hotspots. The fire
spread rate is defined as follows:

𝑉𝑡 ,𝑡+1 =
𝐷𝑡 ,𝑡+1

𝑇𝑟

Here, 𝐷𝑡 ,𝑡+1 represents the distance of centroid movement from time t to t+1, and 𝑇𝑟

corresponds to the time resolution of the satellite.
It is important to note that this method is subject to the limitations imposed by

the resolution of the satellite instruments. Nonetheless, the model’s performance was
evaluated by computing the wildfire spread behavior of an actual incident using Himawari-
8 image data. The results were then compared with those obtained from the established
CSIRO Grassland Fire Spread Model (CGFSM), demonstrating favorable performance
with an 𝑅2 value of 0.76 and an RMSE of 0.50 𝑚 · 𝑠−1.

3.2.3 Digital-Twin Framework and Interactive Simulator

The platform described in Hyeong-su et al., 2019 leverages a modeling framework
grounded in digital-twin architecture and incorporates external sensing data. Its primary
objective is to enhance prediction accuracy, improve overall performance, and reduce the
complexity associated with wildfire simulation processes. This platform comprises three
noteworthy modules, as depicted in Figure 3.3.

Figure 3.3: WF-DT/I-WF Platform Architecture. Adapted from Hyeong-su et al., 2019.
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The Interactive Wildfire simulator integrated into the platform consists of three key
components, as illustrated in Figure 3.4. This simulator employs data assimilation tech-
niques to refine and improve the accuracy of its predictions by incorporating external
sensing data.

Figure 3.4: I-WF Architecture. Adapted from Hyeong-su et al., 2019.

3.2.4 OSG/FARSITE 3D Simulation Environment

The simulation environment described in Yun et al., 2011 utilizes the powerful graphical
capabilities of OpenSceneGraph (OSG) to render the topographical space and visualize the
3D progression of a wildfire. Notably, this environment relies solely on particle systems
for rendering purposes, while all wildfire simulation computations are performed using
the Fire Area Simulator (FARSITE) Engine (Finney, 1998).

The environment itself comprises a wildfire simulation engine and visualization mod-
ules. Additionally, it features multi-layer terrain and vegetation renderers, leveraging
digital DEMs and external satellite data. Moreover, it includes a scene management system
and a panel for tracking damage statistics.

3.2.5 POTREE Web-GL Toolkit

POTREE (Schütz, 2016) is a renderer based on WebGL1, designed specifically for the
visualization of large point clouds. It possesses the capability to process billions of points
in real time, making it a highly efficient tool. Notably, POTREE excels in representing
LIDAR data, which is of particular relevance to the focus of this document. The toolkit’s
user-friendly interface is another noteworthy aspect, as it enables seamless collaboration
by facilitating data set sharing without the need for extensive data transfers or dependence
on external applications. This feature significantly contributes to efficient data analysis
and validation processes. The toolkit achieves its performance through the integration
of advanced techniques such as compounded dynamic resolution, region culling, and
dynamic Levels of Detail (LOD) methods. These techniques ensure stable and reliable
rendering of 3D spaces.

1JavaScript API based on the OpenGL ES standard that enables high-performance 2D and 3D graphics
rendering directly within web browsers.
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POTREE has been successfully applied in diverse areas of study, demonstrating its
versatility. Examples of notable applications include its utilization in the analysis of
human behavioral patterns (Carey et al., 2021), the generation of structure models (Kumar
et al., 2019; Berto et al., 2021), and the assessment of post-disaster damages (Atasoy and
Kocaman, 2021). These instances highlight the broad utility and practicality of POTREE
across various domains.

3.2.6 Open-SfM Pipeline

Open-SfM (Adorjan, 2016) is an open-source software library developed for Structure-
from-Motion (SfM) applications, complemented by support for Multi-View Stereo (MVS)
technology, which facilitates the generation of detailed 3D reconstructions from large-scale
point cloud datasets. The library offers a collaborative pipeline environment that promotes
efficient data sharing and encompasses essential functionalities for uploading, editing,
and analyzing SfM datasets. It also provides back-end processing capabilities and internal
database storage.

A noteworthy aspect of Open-SfM is its front-end feature, which includes a point
cloud renderer tailored for virtual tourism purposes. Moreover, the library allows for
the integration of external applications and libraries, such as OpenDroneMap, thereby
extending its functionalities and enhancing its utility.

Given its versatility, Open-SfM holds significant potential for diverse applications,
ranging from general implementations (Amer et al., 2018) to highly specific use cases
(Tsouros et al., 2020; Meza et al., 2019).

3.3 Established Frameworks for Wildfire Support

The culmination of wildfire behavior study and modeling undoubtedly resides on the
application of that knowledge to protect and improve lives (Bolaño-Diaz et al., 2022;
Ivanova et al., 2022) and to safeguard our infrastructure (Vaz et al., 2022). The frameworks
described in this section were developed to aid civilians and authorities before, during
and after these catastrophes. We explore particular solutions that range from established
commercial applications to novel approaches still in early development. These solutions
can be characterized with one or more of the following capabilities: prevention (before the
incident), detection (detection of the incident; either smoke detection, fire/flame detec-
tion or mixed), management (resource and information availability during the incident),
and/or post-management (damage assessment after the incident). Table 3.2 summarizes
the solutions explored in this section, which are grouped by data collection approach,
namely terrestrial (3.3.1), satellite (3.3.2), UAV (3.3.3), and mobile crowdsourcing (3.3.4).
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Table 3.2: Analyzed frameworks.
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Reference

Ground Sensing • M • ◦ C Stipaničev, 2010⊗
• M ◦ ◦ PV Guede-Fernández et al., 2021
• S ◦ ◦ PV Ko et al., 2012

Satellite Imagery • S • • SV McCarthy et al., 2020⊗
• S • • UD Casula et al., 2022⊗
• S ◦ ◦ SV S. Chen et al., 2022

Piloted UAV(s) • F ◦ ◦ SV Zhao et al., 2018
• S • ◦ SV Karma et al., 2015

Autonomous UAV(s) ◦ M • ◦ SV Seraj and Gombolay, 2020
◦ - • ◦ PV Aydin et al., 2019
◦ - • ◦ PV Pham et al., 2017
• - ◦ ◦ SV Wardihani et al., 2018

Mobile Crowdsourcing • M • ◦ PV Bogdos and Manolakos, 2019⊗

S: Smoke Detection
F: Fire/Flame Detection
M: Mixed Detection
-: N/A or No Information
UD: Under/Early Development
SV: Simulation Validation
PV: Practical Validation
C: Commercialized
⊗: Explored in Detail Further in this Document

3.3.1 Terrestrial Sensing

Ground-based sensor solutions are widely discussed in the literature and encompass
a range of applications, from individual wildfire detection systems to comprehensive
wildfire combat platforms.

In contemporary wildfire detection, terrestrial sensing approaches primarily employ
image classification techniques utilizing advanced neural networks like CNNs, Fully
Convolution Networks (FNCs), and Deep Neural Networks (DNNs). One recently pro-
posed method for dual smoke and fire/flame detection utilizes a faster region-based
CNN architecture, achieving a detection rate of 90% and a response time of 6.3 minutes
(Guede-Fernández et al., 2021). However, alternative methodologies are also employed
in certain studies, yielding promising results. For instance, a statistical model based on
extended key-frame analysis demonstrates good performance in wildfire detection (Ko
et al., 2012).

The iForestFire framework (Stipaničev, 2010; Stipaničev et al., 2012) is an interesting
platform that utilizes advanced sensing methods for terrestrial vision-based wildfire
monitoring and surveillance. It operates as a cloud computing system, focusing on early
wildfire detection and later integrating a sophisticated confabulation-based detection
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classifier. The framework comprises field units responsible for collecting and transmitting
field data, as well as a main server. The general network structure and data flow, along
with its constituent features, are illustrated in Fig. 3.5.

The detection system operates on a day-night cycle, specifically targeting smoke
detection during the day and fire/flame detection during the night. Upon detecting a
wildfire, an alarm is triggered, prompting a human operator to evaluate the corresponding
image. The operator then exercises their judgment to validate or discard the alarm. To
interact with the system, the end user can utilize a standard web browser interface,
facilitating seamless accessibility and usability.

Figure 3.5: IForestFire Network Structure and Features. Adapted from Vision Based Wildfire
and Natural Risk Observers (Stipaničev et al., 2012).

Although the iForestFire framework is a commercially available solution, its imple-
mentation has been primarily limited to its home country, specifically in several Croatian
National and Nature Parks.

3.3.2 Satellite Imagery

Despite the limitations imposed by the spatial and temporal resolution of the available
instruments, satellite imagery continues to offer numerous solutions. One such solution
is the proposed U-Net CNN-based system (McCarthy et al., 2020), which provides near-
real-time identification of fire pixels in geostationary satellite images by employing a
statistical downscaling algorithm to enhance spatial resolution. The system utilizes a
custom-designed U-Net CNN (Long et al., 2015) that is trained with active fire data from
Low Earth Orbit (LEO) satellites and supported by external vegetation, terrain, and land
use data from the Landscape Fire and Resource Management Planning Tools (LANDFIRE)
Program. The system’s structure is depicted in Figure 3.6.

To validate the system, simulation data from two wildfire incidents were employed,
yielding modest results with critical success index values of 0.511 and 0.646.

27



CHAPTER 3. STATE OF THE ART

Figure 3.6: U-Net Based System Structure. Adapted from McCarthy et al., 2020.

Another notable project in early development is the S2IGI Project (Casula et al., 2022),
which follows a similar approach for wildfire prevention and management. The project
incorporates an imporved Satellite FIre DEtection (SFIDE) algorithm (Di Biase and Laneve,
2018) for fire detection. It aims to support three key phases: prevention, monitoring, and
damage assessment. The project’s offerings include weekly assessments of wildfire risk
and damage, as well as real-time simulation capabilities for wildfire spread. These
services rely on Earth Observation (EO) remote sensing and meteorological models and
are complemented by a decision platform.

3.3.3 UAV-based Systems

UAVs, commonly known as drones, are aircraft that can be piloted remotely and/or
autonomously. Their adaptability to various environments and relative affordability has
generated significant interest in utilizing them for wildfire prevention, detection, and
management. In terms of detection, UAVs have proven to be highly valuable. For instance,
a study Cruz et al., 2016 proposed a novel index specifically designed for UAVs, which
demonstrated remarkably high efficiency and an exceptionally precise coefficient (96.52%).

In recent years, several studies have aimed to provide a comprehensive overview of
this approach (Nex and Remondino, 2019). Among all the reviewed solutions, there is a
consistent factor: the data collection instrument. These vehicles are typically equipped
with cameras capable of capturing real-time continuous images in one or multiple spectral
bands, with the most common being visible (Jiao et al., 2019; Seraj and Gombolay, 2020),
infrared (Aydin et al., 2019; Lin et al., 2019), and NIR (Martins et al., 2007).

While standalone UAV solutions do exist (Wardihani et al., 2018; Zhao et al., 2018), the
majority are organized into networks of multiple UAVs with varying levels of autonomy
andcoordination (Ausonio et al., 2021; Karma et al., 2015; Seraj andGombolay, 2020). These
UAV networks process the data stream and often combine real-time data with additional
wildfire datasets, as well as external geolocation and fire identification/modeling outputs.
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Numerous approaches to fire identification within these frameworks rely solely on
image segmentation, but the most relevant ones incorporate deep learning techniques.
These frameworks frequently employ well-establishedCNN architectures, suchas Fire_Net
(Zhao et al., 2018), and regression-based algorithms like YOLO3 (Jiao et al., 2020; Redmon
and Farhadi, 2018), to achieve their results.

It is worth noting that many of the implementations discussed in the literature are
predominantly theoretical, relying heavily on simulated validation.

3.3.4 Mobile Crowdsourcing

Mobile crowdsourcing is a powerful technique that leverages the widespread use of
mobile devices, such as smartphones and tablets, to gather data from a large number of
individuals. In the context of wildfire management, mobile crowdsourcing emerges as a
valuable tool for effectively collecting real-time information on crucial aspects such as the
velocity and spread of wildfires, as well as the identification of affected areas.

While mobile crowdsourcing solutions are not yet extensively employed compared
to other methods, there are notable instances where this approach has been successfully
utilized. A recent exemplar is the CITISENS platform (Bogdos and Manolakos, 2019),
which harnesses the collective effort of volunteer citizens as the sensing component,
collecting and relaying the gathered data to the authorities. The platform encompasses
two distinctive modes: reporting and decision-making, facilitated through mobile and PC
applications, respectively. The entire system workflow is illustrated in Figure 3.7.

Once a registered citizen captures an active hotspot using their smartphone camera, the
CITISENS application employs advanced computations to determine the precise location,
elevation, and orientation of the device, enabling the computation of its view ray. By
intersecting the device’s view ray with the terrain topography derived from a DEM, the
application extracts pertinent characteristics of the hotspot. All collected data is promptly
shared with a central decision center, which aggregates the reports to generate or update
a simulation of the wildfire’s projected progression, utilizing the well-established FLogA
tool (Bogdos and Manolakos, 2013). The hotspot information and simulation data are
stored and conveniently accessible within an internal 3D mapping environment.

During field testing, the crowdsourced sensing aspect of the CITISENS application
demonstrated remarkable accuracy, even without performing any calibration. In com-
parison to available satellite hotspot data products, the reported maximum expected
offset for the CITISENS application, with no calibration, was approximately 150 meters,
significantly outperforming other comparable solutions that offer an offset of 375 meters
or more.
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Figure 3.7: CITISENS System Structure. Adapted from Bogdos and Manolakos, 2019.

3.4 Discussion

While the development of wildfire support frameworks is not a new concept, the literature
suggests that there are significant gaps in the development and successful implementation
of such frameworks in some of the most severely affected regions worldwide.

Throughout this document, were identified the primary advantages and drawbacks
of each type of framework. One prevalent challenge is the heavy reliance on continuous
streams of external data, which is difficult to completely eliminate but can be mitigated to
some extent. Additionally, the spatiotemporal resolution of data collection instruments
is a critical factor that can greatly impact the system’s performance if not taken into
consideration and properly managed.

In this regard, the process of crowdsourcing data collection proves to be effective,
offering the highest available spatiotemporal resolution. However, due to its reliance on
crowdsourcing, the quality and quantity of data can never be guaranteed.

It is evident that while most of the mentioned frameworks share a common goal, their
differentiation lies in their implementation. This presents an excellent opportunity for
further development, especially when considering the utilization of UAVs as a robust
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data collection method within a comprehensive support platform. Moreover, we strongly
believe that the information gathered on vegetation identification, wildfire simulation,
and visualization, as well as the frameworks themselves, can provide invaluable insights
into the current state and progress of this field of study. These insights can then be
leveraged to foster the development of innovative solutions.
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4

Methodology

This chapter serves as a brief introduction to the general methodology employed in
research and development planning. It encompasses key aspects such as the design of
the platform’s overarching structure (Section 4.1), the creation of a customized fuel model
(Section 4.2), the selection and availability of experimental data sources (Section 4.3), and
the formulation of validation strategies (Section 4.4).

4.1 Dual Module Structure

The platform has been programmed using Python and is structured around two distinct
modules—NABU and PYTHIA. The NABU module specializes in generating all relevant
data that the wildfire simulation module uses, including topographical and fuel maps,
and weather variables. In turn, the PYTHIA module performs the necessary calculations
to create a realistic simulation with the provided data and produces easy-to-read results. It
was crucial to ensure that these modules were designed to operate entirely independently
of each other, allowing for the seamless integration of external data sources. For instance,
NABU generates a fuel map intended for use in PYTHIA; however, as long as the format
specifications are met, any other external file can be effortlessly substituted in its place. A
deeper dive into the intricacies of both the NABU and PYTHIA modules will be provided
in Chapter 5. A simplified general structure pipeline of the dual module system is depicted
in Figure 4.1.

4.2 Fuel Model Structuring

In order to achieve the most accurate fire behavior simulation possible its needed descrip-
tions of the vegetation and other flammable materials that make up the fuel for a potential
wildfire. In the first approach, these values were estimated with the use of data from
the TRY Plant Database (Contributors, 2023). The final fuel model was derived from two
primary sources: the surface fuel model descriptions provided by the National Wildfire
Coordinating Group (NWCG) (NWCG, 2014), and the comprehensive fuel description
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Figure 4.1: Simplified dual module pipeline.

centered around Portugal found in "Modelos de Combustível Florestal para Portugal"
(Fernandes and Loureiro, 2022). This model is described in Table 4.1 and the values for
its variables are available in Appendix E.

4.3 Experiment Data

Weather data was sourced from IPMA and Open Meteo, while remote sensing data was
provided by Beyond Vision, a UAV manufacturer. Beyond Vision has made accessible a
library of maps covering various regions throughout Portugal. The data was collected
using two models of UAV—HEIFU Class 3 Hexacopter and BEHVT QuadPlane. These
have been equipped with a Micasense Rededge-MX camera, which is a multi-spectral
imaging system specifically designed for agricultural and environmental applications.

34



4.4. FLAMMAP VALIDATION

Table 4.1: Fuel model utilized. Adapted from Fernandes and Loureiro, 2022; NWCG, 2014.

Group Model ID Fuel Description
Name Number

F

F-RAC 214 Very compact conifer duff.
F-FOL 212 Compact deciduous duff.
F-PIN 213 Medium to long pine duff.
F-EUC 211 Eucalyptus duff.

M

M-CAD 221 Deciduous duff with shrubby undergrowth.
M-ESC 222 Sclerophyll duff with shrubby undergrowth.
M-PIN 227 Medium to long pine duff with shrubby undergrowth.
M-EUC 223 Eucalyptus duff with shrubby undergrowth.
M-EUCd 224 Discontinuous eucalyptus duff.
M-H 226 Duff with herbaceous undergrowth.
M-F 225 Duff with fern undergrowth.

V

V-MAb 234 Low bushes, rich in dead fuel.
V-MAa 233 Tall bushes, rich in dead fuel.
V-MMb 237 Low bushes, poor in dead fuel.
V-MMa 236 Tall bushes, poor in dead fuel.
V-MH 235 Low discontinuous green bushes and herbaceous plants.
V-Hb 232 Low grass.
V-Ha 231 Tall grass.

NB
NB-URB 91 Urban areas and structures.
NB-WAT 98 Open water.
NB-BARE 99 Soil devoid of sufficient fuel to support fire spread.

The camera produces five distinct spectral bands, encompassing red, blue, green, red-
edge, and NIR. Detailed specifications of the aforementioned instrument are described in
Table 4.2.

To accomplish the validation process, three maps have been selected, and henceforth,
they will be referred to as Maps A, B, and C. Each of these maps uniquely represents differ-
ent environments within continental Portugal, showcasing their distinctive characteristics.
Map A depicts a semi-arid coastal area, Map B showcases a lush and densely vegetated,
and Map C presents an extended stretch of highway enveloped by the surrounding rural
scenery. For more detailed information regarding their precise locations, please refer to
Table 4.3. Each of the chosen maps includes three distinct files: an orthophoto file, as
well as Data Terrain Model (DTM) and Data Surface Model (DSM) files. An illustrative
depiction of the study areas will be provided in Section 5.2.3, as shown in Figure 5.1.

4.4 FlamMap Validation

To validate the results of the PYTHIA simulation process, it was essential to establish
a benchmark for comparison. For this purpose, FlamMap (Finney, n.d.) was selected.
FlamMap is a software tool employed in wildfire management and research. Developed
and maintained by the U.S. Department of Agriculture’s Forest Service and various
collaborators since 2003, and has a strong capacity to accurately model fire behavior and
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Table 4.2: Micasense RedEdge-MX lens, imager, and band information. Adapted from
MicaSense, 2020.

Lens and Imager Information

Parameter Value

Pixel Size 3.75 𝜇 m
Resolution 1280 × 960 (1.2 MP × 5 Imagers)
Aspect Ratio 4:3
Sensor Size 4.8 mm × 3.6 mm
Focal Length 5.4 mm
Field of View 47.2◦ Horizontal, 35.4◦ Vertical
Output Bit Depth 12-Bit
GSD @ 120 m ( 400 ft) 8 cm/Pixel per Band
GSD @ 60 m ( 200 ft) 4 cm/Pixel per Band

Band Information

Name Center (nm) Bandwidth (nm)

Blue 475 32
Green 560 27
Red 668 16
Red-Edge 717 12
Near Infrared 842 57

Table 4.3: Selected maps identification and positional information. All maps lie within
continental Portugal.

Map Location Coordinates Size (Km2)

A Tróia, Setúbal 38°25’34.1"N 8°49’27.0"W 0.55
B Amadora, Lisbon 38°44’18.7"N 9°14’24.1"W 0.05
C Sobral de Monte Agraço, Lisbon 39°02’32.1"N 9°10’56.5"W 1.78

related phenomena. This system incorporates engines such as the FARSITE (Finney, 1998)
and FlamMap BASIC Finney, 2006, providing a rich suite for wildfire-related simulations.
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Implementation

This chapter delves into an analysis of the implementation steps undertaken throughout
the development of this solution, accompanied by the results it has yielded. It begins
by exploring common mechanisms shared by both modules (Section 5.1), followed by
a detailed examination of the NABU module (Section 5.2) and the PYTHIA module
(Section 5.3).

5.1 Commonalities

Both modules share certain characteristics, including their overall folder structure (Sec-
tion 5.1.1), initial argument processing (Section 5.1.2), and a brief description of the
configuration mechanism (Section 5.1.3).

5.1.1 General Folder Structure

Both modules exhibit a similar outer folder structure, encompassing four items:

• __data: Folder responsible for housing all the raw files, predominantly consisting
of .tif files, including any input files.

• figures: Folder responsible for containing all the figure outputs. Figures, in the
context of the modules, refer to structured data plots that may include additional
elements such as coordinate grids.

• images: Folder responsible for containing all the image outputs. These images are
the basic outputs transformed into a visually comprehensible format, typically in
PNG, without any additional enhancements.

• __settings.yml__ File: Configuration file, responsible for managing the operation
of the module.

These items would be contained within a folder named after a unique id associated
with that map or simulation run.
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5.1.2 Starting Arguments

Each modules has its own starting arguments, as described in Table 5.1.

Table 5.1: Modules starting arguments.

Argument Command Data

Type Example

NABU

Map ID -id str ’TROIA_2022’
Maps Folder Path -path str ’.../files/maps’

PYTHIA

Simulation Run ID -id str ’TROIA_WINDLOW’
Simulations Folder Path -path str ’.../files/simulations’
Map Path -map str ’.../files/maps/TROIA_2022’
GPU Computation Trigger -gpu Boolean —

5.1.3 Configuration File

Deep configuration for both modules is established through a YAML (.yml) file. However,
since each module requires different inputs and triggers, the file structure is mostly distinct.
Consequently, these configuration options will be discussed further for each individual
module.

5.2 NABU Module

As mentioned previously, the NABU module focuses on transforming raw data into
valuable information required for establishing a wildfire simulation—providing a total
of 17 distinct outputs, as detailed in Table 5.2. This section is dedicated to examining the
implementation of each of these outputs. An introduction to the module’s configuration
options are detailed in Section 5.2.1. Subsequently, the process of extracting band data
and other pertinent file characteristics will be addressed, as outlined in Section 5.2.2.
Following this, the utilization of the extracted data to generate image composites, including
multispectral indices, will be explained in Section 5.2.3. The computation of terrain and
fuel attributes will then be undertaken, as outlined in Sections 5.2.4 and 5.2.5, respectively.
Lastly, the generation of weather variables will be handled in Section 5.2.6. Throughout
this section, the results of the NABU module will be presented and analyzed. To examine
these and additional results in greater detail, refer to Appendices A, B, and C.

5.2.1 Configuration Options

The configuration file for the NABU module consists of 29 components, as detailed in
Table 5.3. The majority of these components are switches, and they play a crucial role in
governing the module’s operation and output.
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Table 5.2: NABU module output elements.

Element Channels Data Output Format(s)
Type Limits Units

Metadata — key : value — — JSON
Transform — [float] — — CSV
Projection — str — — PRJ
Bounds — [(float,float)] — — CSV

RGB 4𝑎 int [0,255] — TIFF, PNG
CIR 4𝑎 int [0,255] — TIFF, PNG

Index𝑏 1 float [-1,1] — TIFF, PNG

Elevation 1 float [-∞,∞] Meters𝑐 TIFF, PNG
Slope 1 float [0,90] Degrees TIFF, PNG
Aspect 1 float [0,360] Degrees TIFF, PNG
Water 1 int 0 ∨ 1 — TIFF, PNG
Artificial Structures 1 int 0 ∨ 1 — TIFF, PNG

Coverage 1 float [0,100] Percentage TIFF, PNG
Bareness 1 float [0,inf] Pixels𝑑 TIFF, PNG
Canopy Height 1 float [0,inf] Meters TIFF, PNG
Fuel 1 int [0,255] Fuel Model ID TIFF, PNG

Weather — float/int — — DSV
𝑎 Includes alpha channel.
𝑏 Available indices: SR, NDVI, DVI, RDVI, MSR, GNDVI, GARI, IDVI, NDRE, DVI2, GRVI, NDWI, ARI, MARI, EVI,
EVI2, SAVI, MSAVI, OSAVI, TAVI, REI.
𝑐 Meters above sea level.
𝑑 Pixels to the nearest non-empty cell.

5.2.2 Initial Data Extraction

The raw orthophoto file contains five bands—red, green, blue, NIR and red-edge— with
an additional alpha component. These bands are extracted through the utilization of the
Geospatial Data Abstraction Library (GDAL) library (GDAL/OGR contributors, 2023),
subsequently undergoing conversion into an 8-bit integer range. Note that the band data
is never exported but is instead directly utilized by the system.

In addition to the band data, the orthophoto also offers important auxiliary information
for geospatial calculations and plotting. These include the metadata, containing valuable
geotagging1 information, the projectionwhich supplies information about the coordinate
system used, and the geographic transform that provides the origin coordinates, pixel
dimensions (width and height), and image rotation. Furthermore, a spatial bounds file
defines a bounding box of coordinates around the region.

5.2.3 Composite Generation

In the context of this work, a composite image denotes the outcome of merging distinct
color components. For instance, RGB represents a composite image created by combining
the Red, Green, and Blue color components, while NDVI is formed through the fusion of

1Process of adding geographical information, such as latitude and longitude coordinates, to digital media.
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Table 5.3: NABU configuration options.

Key Value

Group Inner Type Description

exports
figures Boolean Export Switch
images Boolean Export Switch

nabu

metadata Boolean Operation Switch
geo-transform Boolean Operation Switch
projection Boolean Operation Switch
bounds Boolean Operation Switch

rgb Boolean Operation Switch
cir Boolean Operation Switch
indices str[] List of Indices

elevation Boolean Operation Switch
slope Boolean Operation Switch
aspect Boolean Operation Switch
water [str,float[2]] Index and Threshold
artificial [str,float[2]] Index and Threshold

bareness Boolean Operation Switch
height Boolean Operation Switch
sav Boolean Operation Switch
coverage [str,float[2]] Index and Threshold
fuel int[3] Fuel Model IDs for F, M and V Groups.

weather Boolean Operation Switch

scale — int Pixel Width and Height (Meters)

the Red and NIR components. In this section, when a color component is mentioned, it
can be inferred that the channel data used is the resulting raw extraction data described
in Section 5.2.2. This section will focus on three types of composites–RGB, CIR, and
multispectral indices.

The RGB composite is created by stacking the red, blue, and green bands in that order,
and subsequently applying a gamma correction based on the power law transformation
𝐼

1
𝐺 , where 𝐼 represents the input image and 𝐺 the gamma value. The CIR composite, in

turn, simply consists of the NIR, red, and green bands joined together. The resulting
outputs are displayed in Figure 5.1.

To assemble the indices, the band data is applied as reflectance values per the index
formula. Subsequently, to mitigate instrument errors and prevent overblown values, some
outlier detection methods were tried, including Z-Score and Interquartile Range (IQR).
Ultimately, it was determined that the most effective approach for this application was
constraining the data within the range of 𝑥̄ ± 3× 𝜎, where 𝑥̄ and 𝜎 represent the mean and
the standard deviation of the data, respectively. The data finally normalized to a range of
[-1, 1] using the formula (𝑋−𝑋𝑚𝑖𝑛)∗(𝑏−𝑎)

(𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛) + 𝑎, with 𝑎 = −1 and 𝑏 = 1, and where 𝑋, 𝑋𝑚𝑖𝑛 and
𝑋𝑚𝑎𝑥 represent the data, its minimum and maximum, respectively. Figure 5.2 illustrates
the most relevant indices to be used further.
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Figure 5.1: RGB and CIR composite maps generated by the NABU module, computed
with a scale of 1 pixel per square meter.

5.2.4 Terrain Attributes

Terrain attributes encompass all physical characteristics of the landscape that are not
related to vegetation. These encompass topographical features such as elevation, slope,
and aspect, as well as other terrain elements, including water features and artificial
structures like roads.

Elevation, slope, and aspect values are derived directly from the DTM (dtm.tif). The
elevation data directly reproduces the DTM with adjustments made to rectify instrument-
related errors. Meanwhile, the slope and aspect maps are generated from their definition
in "Hill Shading and the Reflectance Map" (Horn, 1981), using the richdem R. Barnes,
2016 library. The results of these computations are illustrated in Figure 5.3.

In order to generate the water and artificial structure maps, a threshold was applied
to a selected index, effectively isolating the details deemed most relevant (Table 5.4). The
indices and thresholds were chosen empirically through the careful study of the results
from the composite index generation described in Section 5.2.3 and effort was made to
establish a generalized approach that maximizes the effectiveness of both components.
Green Atmospherically Resistant Vegetation Index (GARI) was found to successfully
isolate the artificial structures of Maps A (Figure 5.4a) and B (Figure 5.4b), while Map C
(Figure 5.4c) required a different solution. Regarding water detection, the NDWI detected
the edge of the water near the coast in the lower left region of Map A (Figure 5.4d). Maps
B and C did not contain any water features to be detected, so the process was not applied
to these maps.
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Figure 5.2: Relevant index maps generated by the NABU module, computed with a scale
of 1 pixel per square meter.

Table 5.4: Water and artificial structure thresholding limits.

Map Map A Map B Map C

Index Low High Index Low High Index Low High

Water NDWI 0.5 0.9 — — — — — —
Artificial Structures GARI -1 -0.5 GARI -1 -0.5 GNDVI -1 0

5.2.5 Fuel Attributes

Fuel attributes encompass the defining characteristics of vegetation within a given region.
These include factors such as vegetation density, canopy height, and fuel map itself, which
are of great importance in the context of wildfire simulation.
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Figure 5.3: Topographical maps generated by the NABU module, computed with a scale
of 1 pixel per square meter.
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Figure 5.4: Water and artificial structure maps generated by the NABU module, computed
with a scale of 1 pixel per square meter.
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Creation of the coverage map follows a process similar to that employed for creating
the water and artificial structure maps, as discussed in Section 5.2.4. This process involves
the application of a threshold to a pre-selected multispectral index to extract the relevant
data. In this particular case, the chosen index and threshold remain consistent across all
text maps. The NDVI was utilized with a threshold range of [0.1, 0.9] to filter out extreme
values before scaling the output to a range of [0, 100].

The bareness map is intricately linked to the coverage map, essentially representing its
inverse in some capacity. To achieve this, start with the binarization of the coverage map.
Subsequently, a distance transform is applied, yielding an image where each pixel value
represents the distance between that pixel and the nearest non-zero (vegetated) pixel.

Canopy height can be determined by employing both the DTM and the DSM inputs.
The measurement of bare earth’s topography is represented by the DTM, while the
DSM includes vegetation, buildings, or other above-ground features. The height of the
vegetation is obtained by subtracting the DTM from the DSM. Further steps will be
taken in the fuel map construction process to mitigate the error-inducing contribution of
man-made structures.

Examples of the three previously discussed outputs can be observed in Figure 5.5.
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Figure 5.5: Coverage, bareness, and canopy height maps generated by the NABU module,
computed with a scale of 1 pixel per square meter.
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The process of fuel map modeling involves a set of sequential steps. Initially, an
estimation of the undergrowth coverage density is calculated using data from the coverage
and canopy height maps. This calculation helps us understand the prevalence of density
beneath the tree line. It is assumed that this density value extends below the tree lines. If
the value is sufficiently large, it is indicative of the presence of a fuel model from fuel group
M, representing trees with a shrubby undergrowth. Conversely, if the density is lower, a
fuel model from fuel group F, which represents trees with no undergrowth, is assigned
to the areas where trees would typically grow. Subsequently, by utilizing the bareness
map, the areas where bareness exceeds 95% of its maximum value are determined and
filled with the appropriate model—NB-BARE. The remaining areas are filled with the
model from fuel group V. Additionally, the bareness data is used to establish a transition
zone between the bare and vegetated areas, which is set to fuel 224. Finally, data from the
water and artificial feature maps are incorporated into the model. This comprehensive
approach yields reasonably accurate results, considering the available data sources (visual
representations of the fuel map can be seen in Figure 5.6). Note that the three fuel models
representing the three fuel groups are chosen by the user from the available fuel model
components described in Section 4.2.

Map A Map B Map C

(a) (b) (c)

Figure 5.6: Fuel map generated by the NABU module, computed with a scale of 1 pixel
per square meter.

5.2.6 Meteorological Variables

Meteorological data is retrieved through a choice of two distinct APIs: the IPMA API
do Mar e da Atmosfera, 2023, maintained by Portuguese sources, and the Open Meteo
API Team, 2023. While the IPMA API originates from and is managed by Portuguese
authorities, the Open Meteo API offers a more comprehensive range of available data.

The generated text file adheres to the following format: Year, Month, Day, Time (in a
24-hour format from 0000 to 2359), Temperature (in Celsius), Relative Humidity (ranging
from 0 to 99 as a percentage), Hourly Precipitation, Wind Speed (in Km/h), Wind Direction
(measured from 0 to 360 degrees, clockwise from the north), and Cloud Cover (ranging
from 0 to 99 as a percentage).
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This component of the NABU module has the capability to aggregate a forecast file for
up to 7 days into the future or to compile historical weather data between two specified
dates.

5.3 PYTHIA Module

The PYTHIA module is responsible for building and realizing the wildfire simulation
based on the maps produced by the NABU module. It generates 11 distinct outputs,
which are outlined in Table 5.5. In the following sections, this document will delve
into the underlying mechanisms responsible for producing these outputs, namely, the
options for configuration of the module (Section 5.3.1),the fire model to be discussed
in Section 5.3.2 and the cellular automaton propagation structure elaborated upon in
Section 5.3.3. Subsequently, a brief description of the module’s output types are described
and illustrated (Section 5.3.4). Finally, the PYTHIA output results are explored and
validated in a comparison to the established software FlamMap (Section 5.3.5).

Table 5.5: PYTHIA module output elements.

Element Channels Data Output Format(s)
Type Limits Units

Fire Model

Burning Index 1 int [0,+∞] — TIFF, PNG
Energy Release Component 1 int [0,+∞] — TIFF, PNG
Spread Component 1 int [0,+∞] — TIFF, PNG
Fireline Intensity 1 float [0,+∞] Btu/ft/sec TIFF, PNG
Flame Lenght 1 float [0,+∞] ft TIFF, PNG
Heat per Unit Area 1 float [0,+∞] Btu/ft2 TIFF, PNG
Rate of Spread 1 float [0,+∞] m/min∗ TIFF, PNG
Residence Time 1 float [0,+∞] min TIFF, PNG

Simulator

Wind Direction Field — — — Km/H TIFF, PNG
Perimeters∗∗ 1 int [0,+∞] Hours TIFF, PNG
Progression∗∗ 1 int [0,+∞] Hours TIFF, PNG
Note: Outputs available for each step of the simulation.
∗ Converted to metric system for cellular automaton operation.
∗∗ Output also available as a final agglomerated result.

5.3.1 Configuration Options

The configuration file for the PYTHIA module consists of 29 components, as detailed in
Table 5.6. The majority of these components are switches, and they play a crucial role in
governing the module’s operation and output.
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Table 5.6: PYTHIA configuration options.

Key Value

Group Inner Type Description

exports
figures Boolean Export Switch
images Boolean Export Switch

pythia

run str Type of Simulation
fire-model Boolean Operation Switch
centroids Boolean Operation Switch
perimeters Boolean Operation Switch
polygons Boolean Operation Switch
progression Boolean Operation Switch
stats Boolean Operation Switch
wind-vectors Boolean Operation Switch

max-time int Maximum Simulation Time (Hours)
min-time int Minimum Simulation Time (Hours)
sat-threshold float Saturaton Threshold
save-interval float Simulation Save Interval (Minutes)

scale — int Pixel Width and Height (Meters)

5.3.2 Fire Model

The fire model plays a crucial role in the proper functioning of the PYTHIA module. It
provides essential components for simulating fire spread and offers additional variables
from which additional conclusions can be directly extrapolated. The fire model imple-
mented was based on the NFDRS 2016 model and it provides eight distinct results, three
of which are of vital interest:

• Rate of Spread—quantifies the speed at which the flames or front edge of the fire
move through combustible materials. The original fire model output is in ft/min,
however, for convenience, this is later converted to m/min.

• Spread Component—the Rate of Spread rounded to the nearest integer, which will
be necessary for the validation process.

• Burning Index (BI)—a numerical scale utilized for evaluating the risk of wildfires,
taking into account various factors such as weather conditions and more. It provides
a clear indication of the level of danger in a specific area and underscores the need
for vigilance and particular care in that area.

A set of inputs is necessary to initialize the model—these are sourced from the module
initial configuration file, the slope map (Section 5.2.4), the weather file (Section 5.2.6), the
fuel model (Section 4.2) and the fuel map (Section 5.2.5). The elements of the fire model
are computed through an extensive set of equations, which are described in Appendix D.
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Table 5.7: Input parameters for the fire model, and sources. Adapted from Andrews, 2018.

Symbol Parameter Source

(𝑆𝜎)𝑖 𝑗 Total Mineral Content Constant= 0.0555
(𝑆𝑒 )𝑖 𝑗 Effective Mineral Content Constant= 0.01
(𝜌𝑝)𝑖 𝑗 Particle Density (lb/ft3) Constant= 32 lb/ft3

ℎ𝑖 𝑗 Heat Content

Fuel Model and Fuel Map
𝜎𝑖 𝑗 SA/V Ratio (ft2/ft3)
(𝑤0)𝑖 𝑗 Oven-Dry Fuel Load (tons/ac)
𝛿 Fuel Bed Depth (ft)
(𝑀𝑥)1 Dead Fuel Moisture of Extinction (%)

(𝑀 𝑓 )𝑖 𝑗 Fuel Moisture (%) Constant

𝑈20 Wind Speed (mi/h) Weather File

𝜙 Slope (º) Slope Map File
𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.
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5.3.3 Cellular Automaton

Simulating the propagation of a wildfire entails creating an artificial space in which the
fire can expand and spread. This concept was implemented through the development
of a cellular automaton based on the implementation by Yassemi et al., 2008. This
implementation offered a great starting point for the cellular automaton, albeit some
changes were necessary to accommodate the system. The automaton functions around
two main values, the ROS and the direction of travel (RAZ), the latter of which would
align with the wind direction, as it is one of the most critical factors influencing wildfire
expansion. Moreover, this model considers three cell states (Untouched, Burning, and
Burnt), and its state is calculated in function of the percentage of the cell that is burnt.

The initial cellular automaton model utilized a Moore Neighborhood, consisting of 9
cells. While alternative neighborhoods were explored, the Moore Neighborhood persisted
as the used configuration for most cases.

At any given moment, a wildfire spreads in two opposing directions: along the travel
direction—Head Fire (HF)—and against it—Back Fire (BF). When there is a wind of level
zero, both the HF and BF will behave similarly, resulting in the fire spreading uniformly
from its point of origin. Moreover, the HF is associated with a ROS just as the BF is
associated with a back ROS. It’s worth noting that the fire model does not explicitly
provide a back ROS, so this value was estimated to be one-tenth of the normal ROS.

This particular design features three distinct levels for accommodating different wind
speeds. Level zero is tailored for wind speeds below 10 km/h, prioritizing speed while
disregarding directional components. Levels one and two, on the other hand, are designed
for wind speeds between 10 and 20 km/h and exceeding 20 km/h, respectively. These
levels incorporate directional components based on the originating neighborhood cell.
Detailed ranges for these angles are outlined in Table 5.8.

Table 5.8: Ranges of RAZ permitting fire to spread to the cell, for levels 1 and 2. Adapted
from Yassemi et al., 2008.

Neighbour Level 2 Level 1

Head Back Head Back

Northwest 108 161 288 341 90 180 270 360
North 135 225 315 45 90 270 270 90
Northeast 198 251 18 71 180 270 0 90
West 45 135 225 315 0 180 180 360
East 225 315 45 135 180 360 0 180
Southwest 18 71 198 251 0 90 180 270
South 315 45 135 225 270 90 90 270
Southeast 288 341 108 161 270 360 90 180
Level 2 ⇒ Wind Speed > 20𝐾𝑚/𝐻
Level 1 ⇒ 10𝐾𝑚/𝐻 <= Wind Speed <= 20𝐾𝑚/𝐻

The directional components vary depending on whether the wind is coming from
one of the cardinal directions or not. When the wind is not originating from a cardinal
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direction, the spread components diverge between the two adjacent cardinal directions in
the direction of travel. For instance, if the wind is blowing from the northwest, the spread
will encompass components in both the west and north directions. However, if the wind
is blowing directly from the north, its sole component will be in the northward direction.
One particular quirk with the model lies precisely in its interaction with wind conditions
that fall within the range of the cardinal directions. Should a cell become isolated and the
wind is, for instance, blowing from the north, the fire will exclusively spread downward,
persisting in this direction until either the wind shifts or its speed falls below the threshold
of level zero. This behavior leads to the emergence of certain anomalies in the simulation,
manifested as extended streaks of pixels. Although these artifacts are relatively infrequent,
they do manifest on occasion.

Finally, one important factor to consider is the scale used in this simulation, where
1 pixel corresponds to 1 square meter. When the ROS values, expressed in meters per
minute, are sufficiently high, they can lead to neighborhood saturation. This presents two
significant challenges:

Firstly, since each cell represents 1 square meter by default, any burnt area larger than
1 m2—a rather small amount— will result in the excess area being discarded. This would
significantly slow down the simulation compared to real-world fire propagation.

Secondly, in environments with low wind, if the fire components are large enough,
every cell in the neighborhood will instantly catch fire at each step. This unnatural behavior
results in the fire spreading in a perfect square shape.

To address these issues, a few adjustments have been made. In low-wind conditions,
a Von Neumann neighborhood is now used instead of a Moore neighborhood. This
change helps achieve a more natural circular fire propagation pattern. Additionally, a
multiplication coefficient has been introduced to the final cell calculations. This coefficient
accelerates the spread in zones where the fire would naturally be slower, compensating
for some of the propagation loss described earlier.
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5.3.4 Simulation Output Types

PYTHIA generates two distinct types of outputs: visual representations, including Perime-
ter, Progression, and Wind maps (discussed in Sections 5.3.4.1,5.3.4.1, and5.3.4.3), as well
as data-centric outputs like the statistics file (Section 5.3.4.4).

5.3.4.1 Progression

Progression maps provide a snapshot of the current status of a fire’s progress at a specific
moment in time. These maps are available either for a specified time frame (Figure 5.7a)
or as an aggregation of all progress states (Figure 5.7b). Additionally, this information
can be accessed in the form of a polygon dictionary, with the timestamps serving as keys
corresponding to the recorded states.

3 Hours Post-Ignition Final Aggregate

(a) (b)

Figure 5.7: Progression map examples, computed with a scale of 1 pixel per square meter.
For the aggregated map, each color represents one hour of advancement.

5.3.4.2 Perimeters

Perimeter maps share similarities with progression maps, yet they exclusively display the
boundaries of each state. This alternative visualization provides distinct advantages for
certain fire shapes. Much like progression maps, perimeter maps are accessible for each
time step (Figure 5.8a) and as an aggregated representation (Figure 5.8b).

5.3.4.3 Wind Vectors

Wind vector fields illustrate the prevailing wind direction at a specific time, offering
valuable assistance in validating and visualizing weather conditions (Figure 5.9).
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3 Hours Post-Ignition Final Aggregate

(a) (b)

Figure 5.8: Perimeter map examples, computed with a scale of 1 pixel per square meter.
For the aggregated map, each color represents one hour of advancement.

2 Hours Post-Ignition 5 Hours Post-Ignition

(a) (b)

Figure 5.9: Wind vector map examples, computed with a scale of 1 pixel per square meter.

5.3.4.4 Statistics

The statistics file provides a comprehensive record of pertinent information regarding
the simulation, including details such as the time when the fire crossed its saturation
threshold, the burnt area for each incremental step, and the cumulative total burnt area.
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5.3.5 Results and Validation

Firstly, a brief exploration on the possible use of Burning Index (BI) as a danger indicator
is presented (Section 5.3.5.1). Then, the remainder of this section aims to analyses the
results generated by PYTHIA and compare them with those produced by FlamMap in
order to establish a benchmark for assessing the accuracy of the developed module. To
achieve this, several distinct weather and setting configurations were assembled to display
the capabilities of the PYTHIA module (Section 5.3.5.2). Both systems are then employed
in a plain constant map to evaluate the performance in the simplest possible environment
(Section 5.3.5.3). Subsequently, their performance in a real-world scenario is assessed
by employing Maps A and B as stage regions (Sections 5.3.5.4 and 5.3.5.5). Finally, a
statistically approach to result evaluation is presented in Section 5.3.5.6.

5.3.5.1 Preliminary Danger Evaluation

The BI that the fire model provides can be utilized, as previously mentioned, as a danger
indicator. Maps like the ones demonstrated in Figure 5.10 can be of significant value in
assessing the susceptibility of a zone to wildfires and determining the appropriate level
of care and intervention that authorities should deploy when addressing fires in those
regions.

Not surprisingly, the highest BI values are observed in areas with dense patches of low
to medium vegetation. Interestingly, despite containing a significant amount of fuel, trees
tend to burn slowly, which explains the lower BI values associated with them. It’s worth
noting that the BI can change over time, and in this context, as wind strength intensifies,
so does the BI, especially in proximity to low vegetation areas.

5.3.5.2 Test Configurations

As mentioned previously, to facilitate testing and validation of the module, the outputs
from the regional maps A and B were complemented with an additional constant plane
map based on the geographical location of map A, as described in Figure 5.9.

Table 5.9: Constant plane map specifications.

Element Value Unit

Elevation 0 Meters
Slope 0 Degrees
Aspect 0 Degrees
Fuel Model 222 —
Coverage 75 %

Furthermore, three distinct weather presets were designed:

• WAT (Weather Angle Test): Steady wind flow, progressively shifting wind direction
from 0º to 360º in 45º increments. Its purpose is to confirm the accuracy of wind
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Figure 5.10: Burning Index (BI) results, computed with a scale of 1 pixel per square meter.

direction behavior.

• W1 (Weather Preset #1): Consistently low wind speed with minimal fluctuations
and a constant wind direction.

• W2 (Weather Preset #2): Low to medium wind speed with some occasional spikes
and a variable wind direction.
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• W2 (Weather Preset #3): Medium to high wind speed with some occasional spikes
and a variable wind direction.

These presets were devised to assess behavior and performance across diverse sce-
narios, with detailed descriptions provided in Table 5.10. While the constant plain map
utilizes the entire 12-hour dataset, the assessment of Map A and B focuses solely on the
initial 6-hour window.

Table 5.10: Weather variables for the first 12 hours of WAT, W1, W2 and W3.

WAT W1 W2 W3

T TMP RH P WS WD WS WD WS WD WS WD CC

0000 20 65 0.00 10 0 5 0 5 325 20 5 0
0100 20 65 0.00 10 45 5 0 5 155 20 55 0
0200 20 65 0.00 10 90 5 0 5 205 20 55 0
0300 20 65 0.00 10 135 5 0 15 345 20 245 0
0400 20 65 0.00 10 180 10 0 5 260 20 200 0
0500 20 65 0.00 10 225 15 0 5 295 20 40 0
0600 20 65 0.00 10 270 10 0 5 235 20 25 0
0700 20 65 0.00 10 315 5 0 10 285 20 90 0
0800 20 65 0.00 10 360 5 0 10 335 20 0 0
0900 20 65 0.00 10 0 5 0 15 350 20 0 0
1000 20 65 0.00 10 0 5 0 20 320 20 120 0
1100 20 65 0.00 10 0 10 0 25 300 20 140 0
1200 20 65 0.00 10 0 10 0 20 50 20 120 0
T ⇒ Time (0-2359), TMP ⇒ Temperature (ºC)
RH ⇒ Relative Humidity (%), P ⇒ Percipitation (mm)
WS ⇒ Wind Speed (Km/H), TMP ⇒ Wind Direction (º)
CC ⇒ Cloud Cover (º)

5.3.5.3 Assessment on Constant Plane Map

In the plane map, the initial objective was to evaluate the behavior of wind direction.
Following a thorough analysis of the results, it is evident that the wind direction functions
correctly, as illustrated in Figure 5.11—wind direction is indicated in a clockwise manner,
such that 0º signifies wind originating from the north, while 90º indicates wind from the
east.

Three additional simulations were conducted on this map, each simulating the pro-
gression of a fire over a period of twelve hours. The outcomes generated by the module
exhibit resemblances to the outputs from FlamMap. It can be ascertained in Figure 5.12
that while a similarity of both the fire propagation direction and the overall burn shape
is observable, this is most accentuated in for W1 and degrades with W2 and W3. This
suggests that while the module performs satisfactory in providing estimates in a constant
plane environment, higher wind speeds and variations in wind direction will lead to
greater deviations from the expected results.
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Figure 5.11: Wind direction behavior assessment. Clockwise from the North (0º).

5.3.5.4 Assessment on Map A

Fifteen distinct simulations were conducted in total on this map, each simulating the
progression of a fire over a period of six hours.

The results obtained with Map A seem to align with our prior observations, as the
directional patterns and overall shapes remain highly consistent, especially with W1
(Figure 5.13). With W2 and W3 (Figures 5.14 and 5.15), the results are more variable in
nature, however their overall progression still correlates with the expected.
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Figure 5.12: Constant plane fire progression map results with presets #1, #2 and #3,
computed with a scale of 1 pixel per square meter. Each color represents one hour of
advancement.
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Figure 5.13: Map A fire progression results with weather preset #1, computed with a scale
of 1 pixel per square meter. Each color represents one hour of advancement.
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Figure 5.14: Map A fire progression results with weather preset #2, computed with a scale
of 1 pixel per square meter. Each color represents one hour of advancement.
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Figure 5.15: Map A fire progression results with weather preset #3, computed with a scale
of 1 pixel per square meter. Each color represents one hour of advancement.
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5.3.5.5 Assessment on Map B

Similar to Map A, fifteen distinct simulations were conducted on this map, each simulating
the progression of a fire over a three-hour period, given the map’s smaller scale.

The results for Map B are, overall, less favorable compared to the outcomes in the two
preceding scenarios. However, examining W1 (Figure 5.16), it is evident that the similarity
with the expected outcome remains exceptionally high. On the contrary, the performance
for W2 and W3 (Figures 5.17and5.18) is noticeably weaker in comparison to our previous
observations.

Despite the relatively poorer results, it is noteworthy that the overall direction of the
fire and its shape propagation is still in the correct trajectory.

5.3.5.6 Results Analysis

The PYTHIA and FlamMap results were mapped to the exact same color gradient and
statistically compared based on pixel value—this would give an estimation of an accuracy
value that could be used to objectively evaluate the results. These can be found on
Table 5.11.

Confirming previous observations, the accuracy of the Plane Map results exhibited
significant variability, ranging from a maximum of ≈ 87% to a minimum of ≈ 55%. This
range, however, provides a reasonably satisfactory approximation of the expected results.
In contrast, most results pertaining to Map A consistently exceeded the 80% mark, resulting
in a commendable good average accuracy of ≈ 86% across all tests. As anticipated, Map B
yielded weaker outcomes, with an average accuracy of ≈ 86%, and it recorded the lowest
accuracy among all tests at ≈ 32%.

The multiplicative coefficient, as elaborated in Section 5.3.3, proved effective in mitigat-
ing the potential burn progression loss, especially evident on Map A, which resulted from
the small grid scale. The disparity in outcomes between Maps A and B can be attributed
to the smaller scale and the relatively uniform terrain of Map B. It appears that has the
wind speed increases—increasing the ROS—smoother surfaces yield less favorable results.
This might be due to an additional equalization factor that highly textured regions impart
on the ROS due to slope factor impact.
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Figure 5.16: Map B results with weather preset #1, computed with a scale of 1 pixel per
square meter. Each color represents one hour of advancement.
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Figure 5.17: Map B results with weather preset #2, computed with a scale of 1 pixel per
square meter. Each color represents one hour of advancement.

63



CHAPTER 5. IMPLEMENTATION

PYTHIA FlamMap

Ig
ni

tio
n

#1

(a) (b)

Ig
ni

tio
n

#2

(c) (d)

Ig
ni

tio
n

#3

(e) (f)

Ig
ni

tio
n

#4

(g) (h)

Ig
ni

tio
n

#5

(i) (j)

Figure 5.18: Map B results with weather preset #3, computed with a scale of 1 pixel per
square meter.
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Table 5.11: Accuracy of the PYTHIA results compared to the FlamMap outputs.

Map Presets Accuracy (%)

Wind Ignition

Constant 1 1 86.52
2 1 64.57
3 1 54.97

Total Constant Map 𝜇 68.69

A

1

1 88.74
2 88.26
3 93.74
4 84.83
5 84.37

Map A, W1 𝜇 87.99

2

1 82.81
2 90.73
3 93.96
4 81.91
5 84.02

Map A, W2 𝜇 86.69

3

1 89.25
2 79.39
3 93.61
4 76.93
5 84.3

Map A, W3 𝜇 84.70

Total Map A 𝜇 86.46

B

1

1 73.78
2 84.87
3 72.44
4 72.45
5 61.21

Map B, W1 𝜇 72.95

2

1 72.12
2 79.13
3 70.87
4 57.34
5 64.52

Map B, W2 𝜇 68.80

3

1 42.08
2 65.76
3 32.33
4 61.15
5 52.34

Map B, W3 𝜇 50.73

Total Map B 𝜇 64.16
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Conclusions

This dissertation aimed to establish a comprehensive framework for wildfire simulation,
encompassing the intricate task of extracting pertinent information from data collected by
UAV. Notably, this work distinguishes itself from existing literature, which tends to focus
primarily on either data extraction or simulation, rarely combining both to this extent.

The developed NABU module is competent in extracting terrain and fuel data, easily
discerning artificial elements and water features. Furthermore, the applied methodology
forvegetation data extraction demonstrates its capacity to generate a reliable representation
of the terrain solely through image processing and segmentation. The automatic weather
extraction feature is very beneficial within this system, facilitating both historical incident
reproduction and the simulation of future events. Additionally, since the modules were
designed to work independently, the outputs from the NABU module can easily be
adapted for use in other applications.

Regarding the simulation aspect, the results are satisfactory. The PYTHIA module
effectively replicated the outcomes of the FlamMap software with satisfactory accuracy, all
while demanding fewer input data inputs. However, it does exhibit some problems in terms
of progression speed, which can be attributed to the cell scale employed. Nonetheless, the
module consistently reproduced the general direction and burn pattern.

During the testing phase, it became apparent that the PYTHIA’s accuracy deteriorated
with higher wind speeds, particularly for values exceeding 50 km/h, where instability in-
troduced rather pronounced distortions in the results. Nevertheless, the outcomes remain
within acceptable bounds. Additionally, certain aspects of the module’s implementation,
such as the implementation of the fire model, can serve as a starting point for future
research endeavors on its own. Finally, outputs such as the burning index maps can
be helpful for assessing danger levels and helping formulate effective fire management
strategies.
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CHAPTER 6. CONCLUSIONS

6.1 Contributions

This dissertation makes a valuable contribution to the fields of image processing and wild-
fire management. Chapter 3 provides a comprehensive overview of multispectral indices
specifically tailored for wildfire management. Furthermore, Chapter 5 feature descriptions
are intertwined with detailed insights into their implementation. This includes solutions
that were thoroughly tested but ultimately did not make it into the final implementation.
This is complemented by an extensive library of figures that aid in understanding both
the functionality of the modules as well the phenomena they manipulate.

Additionally, during the course of this research, an article focusing on multispectral
indices for wildfire management has been produced. A pre-print version is available on
arXiv (Oliveira et al., 2023).

6.2 Further Work

There are many avenues open for future work on this dissertation:

• Improvements in automatic data outlier detection and correction. While the current
implementation is functioning well, there are areas where instrument errors are
easily recognizable but are not affected by the correction.

• Implementation of automatic fuel type recognition rather than requiring user selec-
tion of fuel groups.

• Investigation into the possible incorporation of machine learning techniques into
the two aforementioned tasks.

• Expansion of the NFDRS 2016 fire model implementation and the possibility of
transforming it into a standalone implementation.

• Enhancements in the propagation system for the cellular automaton, including
research into alternative grid shapes (such as hexagonal) and possible decrease in
the ROS time step to address the current slight speed differences at the scale of 1.

• Improvements in code efficiency, especially concerning highly complex image pro-
cessing tasks that currently slow down the system, even in a regime of GPU com-
puting.

6.3 Closing Remarks

To conclude this document, it can be affirmed that the thesis objective has been successfully
achieved, and the prospects for future work in the advancement of this system are highly
promising.
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6.3. CLOSING REMARKS

May this work serve as a valuable resource for understanding the complexities of
wildfire management and serve as an essential reference point for those venturing into
similar development journeys. This document provides a current solution that can serve
as a robust foundation for future research in the field, while also serving as a record of
the challenges and limitations that may arise during development.
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NABU Results (Map A)
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APPENDIX A. NABU RESULTS (MAP A)
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Figure A.1: RGB and CIR (Map A).
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Figure A.2: DVI, GDVI, EVI2, GARI, GNDVI and GRVI (Map A).
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Figure A.3: IDVI, MSAVI, MSR, NDRE, NDVI and NDWI (Map A).
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Figure A.4: OSAVI, RDVI, REI, SAVI, SR and TAVI (Map A).
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Figure A.5: Water and Artificial Structures (Map A).
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Figure A.6: Elevation, Slope, Aspect and Canopy Height (Map A).
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Figure A.7: Vegetation Coverage and Bareness (Map A).
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Figure A.8: Fuel (Map A).
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NABU Results (Map B)
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APPENDIX B. NABU RESULTS (MAP B)
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Figure B.1: RGB and CIR (Map B).
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Figure B.2: DVI, GDVI, EVI2, GARI, GNDVI and GRVI (Map B).
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Figure B.3: IDVI, MSAVI, MSR, NDRE, NDVI and NDWI (Map B).
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Figure B.4: OSAVI, RDVI, REI, SAVI, SR and TAVI (Map B).
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Figure B.5: Water and Artificial Structures (Map B).
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Figure B.6: Elevation, Slope, Aspect and Canopy Height (Map B).
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Figure B.7: Vegetation Coverage and Bareness (Map B).
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Figure B.8: Fuel (Map B).
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NABU Results (Map C)
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APPENDIX C. NABU RESULTS (MAP C)
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Figure C.1: RGB and CIR (Map C).
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Figure C.2: DVI, GDVI, EVI2, GARI, GNDVI, and GRVI (Map C).
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Figure C.3: IDVI, MSAVI, MSR, NDRE, NDVI and NDWI (Map C).
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Figure C.4: OSAVI, RDVI, REI, SAVI, SR and TAVI (Map C).
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Figure C.5: Water and Artificial Structures (Map C).
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Figure C.6: Elevation, Slope, Aspect and Canopy Height (Map C).
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Figure C.7: Vegetation Coverage and Bareness (Map C).
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D

NFDRS 2016 Fire Model Elements

Table D.1: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Weighting Factors). Adapted from Andrews, 2018.

Element SC ERC

Weighting Factors Based on Surface Area

𝐴𝑖 𝑗 = 𝜎𝑖 𝑗 ×
(𝑤0)𝑖 𝑗
(𝜌𝑝 )𝑖 𝑗

Same as SC
𝐴𝑖 =

∑
𝑗 𝐴𝑖 𝑗

𝐴𝜏 =
∑
𝑖 𝐴𝑖

𝑓𝑖 𝑗 =
𝐴𝑖 𝑗
𝐴𝑖

𝑓𝑖 =
𝐴𝑖
𝐴𝜏

Weighting Factors Based on Fuel Load

N/A 𝐿𝑖 =
∑
𝑗(𝑤0)𝑖 𝑗

N/A 𝐿𝜏 =
∑
𝑖 𝐿𝑖

N/A 𝑘𝑖 𝑗 =
∑
𝑗
(𝑤0)𝑖 𝑗
𝐿𝑖

N/A 𝑘𝑖 =
𝐿𝑖
𝐿𝜏

𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.

Table D.2: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Moisture of Extinction). Adapted from Andrews,
2018.

Element SC ERC

Live Fuel Moisture of Extinction
(𝑀𝑥)2 = 2.9 ×𝑊 × (1 − 𝑀 𝑓 ,𝑑𝑒𝑎𝑑

(𝑀𝑥 )1 ) − 0.226
Same as SC

𝑊 =

∑
𝑗 (𝑤0)1𝑗×𝑒−138/𝜎1𝑗∑
𝑗 (𝑤0)2𝑗×𝑒−500/𝜎2𝑗

𝑀 𝑓 ,𝑑𝑒𝑎𝑑 =

∑
𝑗 (𝑀 𝑓 )1𝑗 (𝑤0)1𝑗×𝑒−138/𝜎1𝑗∑

𝑗 (𝑤0)1𝑗×𝑒−138/𝜎1𝑗

𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.
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APPENDIX D. NFDRS 2016 FIRE MODEL ELEMENTS

Table D.3: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Characteristic Values for Live and Dead Categories).
Adapted from Andrews, 2018.

Element SC ERC

Net Fuel Loaf (lb/ft2) (𝑤𝑛)𝑖 𝑗 × (1 − ((𝑆𝜏)𝑖 𝑗) (𝑤𝑛)𝑖 𝑗 × (1 − ((𝑆𝜏)𝑖 𝑗)
(𝑤𝑛)𝑖 =

∑
𝑗 𝑓𝑖 𝑗 × (𝑤𝑛)𝑖 𝑗 (𝑤𝑛)𝑖 =

∑
𝑗(𝑤𝑛)𝑖 𝑗

Heat Content (Btu/lb) ℎ1 = ℎ2 Same as SC

Effective Mineral Content (𝑆𝑒 )1 = (𝑆𝑒 )2 = 0.01 Same as SC

Mineral Damping Coefficient (𝜂𝑠 )𝑖 = 0.174×(𝑆𝑒 )−0.19
𝑖

, 𝑚𝑎𝑥 = 1 Same as SC

Moisture Content (%) (𝑀 𝑓 )𝑖 =
∑
𝑗 𝑓𝑖 𝑗 × (𝑀 𝑓 )𝑖 𝑗 (𝑀 𝑓 )𝑖 =

∑
𝑗 𝑘𝑖 𝑗 × (𝑀 𝑓 )𝑖 𝑗

Moisture Damping Coefficient (𝜂𝑀 )𝑖 = 1− 2.59× (𝛾𝑀 )𝑖 + 5.11×
(𝛾𝑀 )2

𝑖
− 3.52 × (𝛾𝑀 )3

𝑖

(𝜂𝑀 )𝑖 = 1 − 2.0 × (𝛾𝑀 )𝑖 + 1.5 ×
(𝛾𝑀 )2

𝑖
− 0.5 × (𝛾𝑀 )3

𝑖

(𝛾𝑀 )𝑖 =
(𝑀 𝑓 )𝑖
(𝑀𝑥 )𝑖 , 𝑚𝑎𝑥 = 1 (𝛾𝑀 )𝑖 =

(𝑀 𝑓 )𝑖
(𝑀𝑥 )𝑖 , 𝑚𝑎𝑥 = 1

SA/V Ratio (ft2/ft3) 𝜎𝑖 =
∑
𝑖 𝑓𝑖 𝑗 × 𝜎𝑖 𝑗 𝜎𝑖 =

∑
𝑖 𝑘𝑖 𝑗 × 𝜎𝑖 𝑗

𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.

Table D.4: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Fuel Bed Characteristic Values). Adapted from
Andrews, 2018.

Element SC ERC

SA/V Ratio (ft2/ft3) 𝜎 =
∑
𝑖 𝑗 𝑓𝑖 × 𝜎𝑖 𝜎 =

∑
𝑖 𝑗 𝑘𝑖 × 𝜎𝑖

Mean Bulk Density (lb/ft3) 𝜌𝑏 =
1
𝛿

∑
𝑖
∑
𝑗(𝑤0)𝑖 𝑗 𝜌𝑏 =

1
𝛿

∑
𝑖
∑
𝑗(𝑤0)𝑖 𝑗 , 𝑖 ∈ [1, 3]

Mean Packing Ratio 𝛽 =
∑
𝑖
∑
𝑗
𝜌𝑏 )𝑖 𝑗
𝜌𝑝 )𝑖 𝑗 Same as SC

Optimum Packing Ratio 𝛽𝑜𝑝 = 3.348 × 𝜎−0.8189 Same as SC
𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.

Table D.5: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Wind and Slope). Adapted from Andrews, 2018.

Element SC ERC

Slope Factor 𝜙𝑆 = 5.27 × 𝛽−0.3 × 𝑡𝑎𝑛(𝜙)2 N/A

Wind Factor

𝜙𝑊 = 𝐶 × (𝑈20 × 88 ×𝑊𝐴𝐹)𝐵 × 𝛽
𝛽𝑜𝑝

−
𝐸 N/A

𝐶 = 7.47 × 𝑒−0.133×𝜎0.55) N/A
𝐵 = 0.025 × 𝜎0.54 N/A
𝐸 = 0.715 × 𝑒−3.59×10−4×𝜎 N/A

Wind Limit (ft/min) 𝑈 = 0.9 × 𝐼𝑅 N/A
𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.
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Table D.6: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Heat Source). Adapted from Andrews, 2018.

Element SC ERC

Maximum Reaction Velocity (min−1) Γ
′
𝑚𝑎𝑥 = 𝜎1.5 × (495+ 0.0594×

𝜎1.5)−1
Same as SC

Optimum Reaction Velocity (min−1) Γ
′

= Γ
′
𝑚𝑎𝑥 × ( 𝛽

𝛽𝑜𝑝
)𝐴 ×

𝑒
𝐴×(1− 𝛽

𝛽𝑜𝑝
)

Same as SC

𝐴 = 133 × 𝜎−0.7913 Same as SC

Reaction Intensity (Btu/ft2-min) 𝐼𝑅 = Γ
′ × ∑

𝑖(𝑤𝑛)𝑖 × ℎ𝑖 ×
(𝜂𝑀 )𝑖 × (𝜂𝑆)𝑖

𝐼𝑅 = Γ
′ ×∑

𝑖 𝑘𝑖 × (𝑤𝑛)𝑖 × ℎ𝑖 ×
(𝜂𝑀 )𝑖 × (𝜂𝑆)𝑖

Propagating Flux Ratio 𝜉 = (192 + 0.2595 × 𝜎)−1 ×
𝑒(0.792+0.681×𝜎0.5)×(𝛽+0.1)

N/A

Heat Source 𝐼𝑅 × 𝜉 × (1 + 𝜙𝑊 + 𝜙𝑆) N/A
𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.

Table D.7: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Heat Sink). Adapted from Andrews, 2018.

Element SC ERC

Heat of Pre-Ignition (𝑄𝑖 𝑔)𝑖 𝑗 = 250 + 11.16 × (𝑀 𝑓 )𝑖 𝑗 N/A

Heat Sink (Btu/ft3) 𝜌𝑏 ×
∑
𝑖 𝑓𝑖

∑
𝑗 𝑓𝑖 𝑗 × 𝑒

−138
𝜎𝑖 𝑗 × (𝑄𝑖 𝑔)𝑖 𝑗 N/A

𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.

Table D.8: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Rate of Spread). Adapted from Andrews, 2018.

Element SC ERC

Base Rate of Spread (ft/min) 𝑅0 =
𝐼𝑅×𝜉

𝜌𝑏×
∑
𝑖 𝑓𝑖

∑
𝑗 𝑓𝑖 𝑗×𝑒

−138
𝜎𝑖 𝑗 ×(𝑄𝑖 𝑔 )𝑖 𝑗

N/A

Rate of Spread (ft/min) 𝑅 = 𝑅0 × (1 + 𝜙𝑊 + 𝜙𝑆) N/A
𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.
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APPENDIX D. NFDRS 2016 FIRE MODEL ELEMENTS

Table D.9: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (Flame Length). Adapted from Andrews, 2018.

Element SC ERC

Residence Time (min) N/A 𝑡𝛾 = 384
𝜎

Heat per Unit Area (Btu/ft2) N/A 𝐻𝐴 = 𝐼𝑅 × 𝑡𝛾
Flame Length (ft) N/A 𝐹𝐵 = 0.45 × 𝐼0.46

𝐵

Fireline Intensity (Btu/ft/sec) N/A 𝐼𝐵 = 𝐼𝑅 × 𝑡𝛾 × 𝑅
60

𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.

Table D.10: Equations for the Spread Component (SC) and the Energy Release Component
(ERC) of the NFDRS 2016 fire model (NFDRS Indices and Components). Adapted from
Andrews, 2018.

Element SC ERC

Spead Component (SC) 𝑆𝐶 = 𝑅𝑂𝑈𝑁𝐷𝐷(𝑅) N/A

Energy Release Component (ERC) N/A 𝐸𝑅𝐶 = 𝑅𝑂𝑈𝑁𝐷𝐷(0.04 × 𝐻𝐴)
Buring Index (BI) N/A 𝐵𝐼 = 𝑅𝑂𝑈𝑁𝐷(3.01 × (𝑅 × 0.04 × 𝐻𝐴)0.46)
𝑖 = 1 ⇒ Dead fuel. 𝑖 = 2 ⇒ Live fuel.
𝑗 = 1, 2, 3, 4 ⇒ 1H, 10H, 100H and 1000H values.
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APPENDIX E. FUEL MODEL SPECIFICATIONS

Table
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