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Abstract

Wildfires have increased in frequency, duration and intensity during the past few
decades primarily due to global changes in climate patterns. Wildfires are highly
disastrous and impose significant negative economic, environmental, and societal im-
pacts. Hence, even though their risk cannot be fully eliminated, developing reliable
management and mitigation strategies is essential. Yet, accurate predictions of wildfire
propagation dynamics are critical to enable reliable management, mitigate fire prop-
agation and make timely decisions. Nevertheless, even at small scales, a thorough
physics-based simulation of this dynamic behaviour can be costly and time-consuming,
especially when fire-wind interactions are considered. A different group of models are
developed to bypass this restriction by reducing or ignoring some physical rules, often
at the expense of accuracy, to produce faster-than-real-time estimates of fire behaviour.
However, predictions from these models are more questionable since they are decoupled
from the atmosphere.

This research proposes a shift towards exploring the applications of unmanned aerial
vehicle (UAV) swarms in enhancing existing wildfire emergency response systems, fo-
cusing on their capabilities in improving the accuracy of faster-than-real-time wildfire
predictions. While UAVs have been utilized and proven successful in performing wild-
fire detection and monitoring tasks, their integration into existing wildfire emergency
response systems has not been clearly explored, nor have their applications in aid-
ing operational wildfire propagation forecasting models by providing real-time wind
measurements.

This research primarily aims to develop solutions enabled by UAV swarms and
artificial intelligence (AI) to improve the performance of existing decoupled wildfire
propagation prediction models to assist emergency response management and decision-
making. As a secondary contribution, it also identifies opportunities for better inte-
gration of UAVs into wildfire emergency response systems. Leveraging technologies
such as UAV-based wind measurement, deep learning (DL), and computational fluid
dynamics (CFD), this project involves designing and developing a framework to im-
prove the accuracy of operational wildfire predictions. The framework is designed to
estimate the high-resolution near-surface fire-driven wind field from the sparse UAV
swarm-based wind measurements taken at the flight altitude. The estimated wind
field would serve as input to decoupled operational models to improve their estimation
accuracy and reduce uncertainty by mimicking the effect of fire-wind interaction on
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wildfire propagation.
Consequently, the contributions of this research include: (i) developing a conceptual

framework for the integration of UAVs within the existing wildfire emergency response
systems, highlighting opportunities for maximizing the benefits of leveraging UAVs,
(ii) designing and developing a framework to improve the accuracy of decoupled wild-
fire prediction models through continuously feeding model with wind fields constructed
from UAV swarm measurements, (iii)design and develop an AI-driven framework for
estimating the near-surface wind field from sparse UAV-based wind measurements, (iv)
a machine learning framework based on combining data engineering, automated model
fine-tuning, and utilizing advanced ML models for improving the accuracy of vegeta-
tion classification from cartographic data with the overall aim of improving wildfire
prediction models reconciling the importance of vegetation type as input into the wild-
fire model, and finally (v) a detailed study of the effect of vegetation characteristics on
wildfire propagation dynamics in grasslands, highlighting the importance of develop-
ing comprehensive understanding of fire dynamics to enable accurate predictions. The
developed frameworks are expected to impact society and wildfire response systems
positively by providing more accurate estimations of wildfire propagation as well as
extracting the full potential of UAVs in wildfire fighting operations.
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Chapter 1

Introduction

1.1 What is a wildfire?

Unexpected and unwanted ”Wildfires,” ”forest fires,” ”bushfires,” or ”wildland fires”
are flames that start in rural and occasionally urban areas and spread via combustible
vegetation (CIFFC, 2017). These large and uncontrolled fires have increased frequently
during the last decades on all continents, regardless of national firefighting capabilities
or management strategies (Bowman et al., 2009; Westerling et al., 2006). Yet, A lack
of understanding of fire’s basic function in Earth system processes, as well as a lack of
comprehension of fire’s involvement in global environmental change persists (Bowman
et al., 2009).

The intricate relationships among biological, meteorological, physical, and social
elements influence the probability, spread, severity, duration, and span of a wildfire.
Wildfire danger is changing globally due to population, land use, management prac-
tices, and climate changes. While areas that have never experienced a wildfire before
are now in higher danger, those that have previously been affected by wildfires may
see changes in risk, either increasing or decreasing (United Nations Environment Pro-
gramme, 2022). The rate of spread (RoS) of the fire is generally a function of the
interplay of topographical, weather, and fuel factors. These include atmospheric con-
ditions such as ambient wind speed, humidity, and temperature; topographic conditions
such as slope, and fuel conditions such as vegetation type, height, density, and moisture
content (Innocent et al., 2023; Moinuddin et al., 2021).

1.2 The need to manage wildfires

In addition to disrupting natural processes like the water supply and possibly destroy-
ing roads and other infrastructure, wildfires can have both short-term and long-term
negative impacts on public health. Road closures and company closures may also result
from such situations interfering with supply chains and transportation. Furthermore,
dangerous substances and fine particles created by combustion found in wildfire smoke
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provide health risks, especially along the wildland-urban interface (WUI) (United Na-
tions Environment Programme, 2022). Although eliminating wildfire risk is impossible,
several strategies could be taken to mitigate their risks and impacts. These include
controlling activities that may cause unintentional ignitions, managing vegetation and
fuel to reduce wildfire probability and intensity before one occurs, and implementing
management measures during a wildfire, such as firefighting and controlling efforts,
and relocating threatened people (United Nations Environment Programme, 2022).

Grasslands cover up to 50 million square kilometres ( 37%) of the Earth’s terres-
trial surface (O’Mara, 2012) and comprise more than 80% of the world’s burned land
(Leys et al., 2018). In the United Kingdom, grasslands constitute almost 40% (Office
for National Statistics, 2015), while in Australia, a substantial 70% of the land is cov-
ered by grasslands (Innocent et al., 2023), which highlights the importance of studying
grassland fires. In several aspects, grass fires are not the same as forest fires. For
example, because they are well-aerated, have a high surface-to-volume ratio of grass
litter, and have no trees to block the wind, they may have a very high rate of spread
(ROS), which puts people and buildings at high risk (Sjöström & Granström, 2023).
Hence, predicting the pace of wildfire growth and spread particularly in the presence of
high wind speeds and dry fuel moisture is essential for taking proactive warning mea-
sures that ultimately safeguard populations (Cruz & Alexander, 2019a). Gathered data
from different wildfires highlight high mortality rates as well as significant economic
impacts of these hazards. For instance, 482 deaths are reported in Australian wildfires
from 1965 to 2017 accumulating both firefighters and civilians (Haynes et al., 2019).
Additionally, economic studies indicate that for an average wildfire season, southern
Europe experiences a production loss between 13 to 21 billion euros on top of direct
firefighting costs (Meier et al., 2023). Hence, in the big picture, it could be inferred
that estimating the spatiotemporal wildfire propagation is of inherent importance that
enables informed and timely decisions to protect endangered communities, properties,
and infrastructure and to minimise losses. For example, as seen in the 2018 Mati fire in
Greece, an underestimation of the wildfire propagation led to road blockages, a lack of
proper evacuation, and hence to the second most fatal wildfire of the century globally
with more than 100 confirmed death cases (Kalogeropoulos et al., 2023).

1.3 Motivation

So far, a variety of models have been developed to serve the purpose of predicting
wildfire behaviour. In a general view, and with respect to the model’s integration with
atmospheric dynamics, these models could be classified into two groups:

1. Coupled : models such as FDS (McGrattan et al., 2023), FIRETEC (Linn et al.,
2002),etc., which accounts for fire-wind interaction

2. Decoupled : models such as FARSITE (Finney, 1998a), FireProM-F (Grasso &
Innocente, 2020a), etc., which do not model fire-wind interaction. More precisely,
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the effect of the fire on the wind field is not accounted for.

Both types have specific drawbacks. Coupled models, for instance, tend to have
higher accuracy and lower uncertainty, but they are extremely computationally inten-
sive and orders of magnitude slower than real-time as they solve a large set of complex
governing equations for combustion and fluid flow. In contrast, decoupled models are
fast, as they are mostly mechanistic surrogates –FireProM-F is physics-based– without
atmospheric integration, but they have lower accuracy and higher uncertainty in the
predictions. Hence, decoupled or operational models are used as a decision support tool
during wildfire fighting and management campaigns to provide faster than real-time
estimations on the spatio-temporal span of the wildfire incidence. However, since they
are decoupled from the atmosphere, their estimations can significantly differ from the
real wildfire behaviour.

On the other hand, given the advancements in UAV technology during the past
years, the fire community has started paying attention to and employing them in many
research projects and practical fire management initiatives, such as fire detection, mon-
itoring, and even fire fighting activities (see Innocente & Grasso, 2019a). They often
have some sensors on board, such as RGB or infrared cameras (Akhloufi et al., 2021),
the Global Navigation Satellite System (GNSS), and the Inertial Navigation System
(INS). Although the limitations that contribute to the limited flight time make UAV s
less suitable for prolonged measurements, their three-dimensional mobility makes them
flexible and cost-effective tools for providing spatiotemporal measurements of the de-
sired variables, like the atmospheric wind (Thielicke et al., 2021).

Consequently, UAVs can provide low-cost solutions that assist data gathering and
operational aids to any wildfire management system. Recalling the drawbacks of oper-
ational models, UAVs can also be used to provide real-time data into the operational
models to enhance their predictions.

1.4 Aims and Objectives

This project aims to develop a framework for enhancing the accuracy of faster-
than-real-time wildfire propagation estimations of decoupled models through
coupling high-resolution near-surface wind fields constructed from sparse
UAV swarm-based wind measurements with reduced order CFD simula-
tions and AI-driven vegetation classification. It should be emphasised that, for
such models to be used as a basis for UAV operation and to be able to reflect the effect
of actions carried out by UAVs and other agents on wildfire dynamics and aid the
UAV system for task planning and execution, the model should be physics-based and
alternatives such as AI models have certain limitations and drawbacks despite their
high inference speed.

Hence, the project intends to achieve this by incorporating CFD simulations, AI,
and UAV swarms for real-time data measurements to support decision-making and
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UAV swarm task planning and execution in wildfire incidents. Consequently, the ob-
jectives of this project could be enumerated as follows:

1. Design a wildfire emergency response system incorporating UAV swarm capa-
bilities to empower existing wildfire management systems, as well as providing
means for real-time atmospheric and fire measurements

2. Investigate how environmental factors, such as wind speed, terrain slope, vegeta-
tion heights and types, and vegetation management techniques, affect the spread
of wildfires.

3. Develop an AI-driven model for vegetation (fuel) type classification utilising car-
tographic data for integration into the wildfire prediction model

4. Evaluate the impact of integrating the atmospheric dynamics with the decoupled
fire propagation model on prediction accuracy and computational performance.

5. Design and implement a methodology for reconstructing wind fields from sparse
UAV-based measurements, and incorporating the wind field into the physics-
based decoupled wildfire prediction model to improve real-time forecasting.

1.5 Research Methodology

This section details the methodology utilised in this project.

Research Approach Wildfire experiments normally require access to specialised
properties and staff such as dedicated farms and grasslands, firefighters, as well as
expensive measurement facilities. Additionally, UAV operations in UK airspace are
restricted by regulations, which often limits research to simulations and numerical
modelling. Consequently, this project focuses on simulations rather than physical ex-
periments. Hence, the methodology centres around quantitative research, focusing on
numerical data and measurable outcomes.

Modeling and Simulation UAV operations in wildfire scenarios are normally ap-
plicable to large scales. However, simulating the large-scale behaviour of wildfire comes
with certain costs and limitations. A large-scale simulation. would be inherently lim-
ited by the computational power and hence would limit the variability of simulation
scenarios or the details and reliability of simulations. Hence, this study focuses on
field scale simulations 200×200 m2 fields to maintain a balance between accuracy and
computational costs as well as the variability of simulated scenarios.

Utilised models include the Fire Dynamics Simulator (FDS) developed by the Na-
tional Institute of Standard and Technology (NIST), USA, as well as the FireProM-F
an in-house reduced order wildfire propagation model, developed with the focus on pro-
viding faster than real-time physics-based simulations to model the wildfire behaviour.
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AI models are mainly developed utilising the Python programming language, with
the use of a variety of specialised libraries such as scikitlearn and Tensorflow for de-
veloping machine learning and deep learning models utilised in chapters 8 and 5.

Benchmarks CFD simulations carried out are validated against the field experi-
ments carried out by the Commonwealth Scientific and Industrial Research Organisa-
tion (CSIRO) in Australia as detailed in (Cheney et al., 1993) and (Cheney et al., 1998).
The fuel characteristics, time-dependent wind velocity, and profile of fire propagation
are utilised to develop the model as well as validate the model outputs as detailed in
Chapter 3.

Data Sources (Synthetic Data) As mentioned earlier, this project focuses on util-
ising simulation data or synthetic data rather than directly collecting field data as field
data are solely used for the purpose of model validation and calibration. Considering
the flexibility of CFD simulations, a large variety of simulations are performed and the
spatial data of fire and wind velocity are obtained from these 3-dimensional physics-
based simulations. The gathered data are then accumulated in the form of a dataset,
which is used to train deep-learning models for the purpose of wind field reconstruction
and uncertainty analysis.

Hypothesis Testing To answer the research questions and actually test the hypoth-
esis of this research a series of experiments and procedures are taken. A systematic
comparison of the effect of coupling and decoupling on the wildfire propagation dynam-
ics is carried out by comparing the results of coupled and decoupled fire propagation
models. Simulations carried out utilising the Fire Dynamics Simulator (FDS) level-set
module. The effect of feeding wind field into decoupled models on the improvement of
wildfire prediction accuracy is also studied in Chapter 6 through performing a series
of simulations with decoupled models, recursively fed with the high-resolution near-
surface wind field.

1.6 Thesis Structure

This thesis contains eight primary chapters plus a concluding chapter. This current
chapter is the first of those–the Introduction. A graphical representation of the thesis
structure is depicted in Figure 1.1.

Chapter 2 presents the introductory context and literature review on wildfire and
combustion, propagation dynamics, wildfire modelling and developed models, wildfire
emergency response (WER), the utilisation of UAVs in wildfire management and re-
sponse, as well as the utilization of machine learning (ML) and deep learning (DL)
models in wildfire science and management.
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Figure 1.1: Thesis Structure

Chapter 3 presents the details and formulation of the utilised CFD codes including
the fire dynamics simulator (FDS) and the FireProM-F. It also contains details on fuel
model development, model calibration, and validation analysis performed for the 3D
simulations of wildfire propagation conducted in field scale experiments.

Chapter 4 presents a conceptual design for a wildfire emergency response empowered
by UAV swarms, supporting decision makers and land crews with a variety of activities
including data gathering, participation in fire fighting activities, or assisting in search
and rescue.

Chapter 5 focuses on addressing how vegetation height and bulk density affect wild-
fire propagation dynamics in grasslands. Consequently, a detailed analysis of the fire
rate of spread in different configurations of wind speed and terrain slope, combined
with varying vegetation height and bulk density is performed, combined with experi-
mental data of two contradictory papers to accurately characterise if mowing grasses
is a reliable wildfire management strategy.

Chapter 6 presents the details of the developed ML pipeline for improving the accu-
racy of vegetation classification utilizing cartographic data. The chapter presents the
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details of the dataset, the ML models compared, and the optimal data pipeline includ-
ing the feature engineering process, data cleansing, automated hyperparameter tuning
and the utilisation of advanced ML models. This chapter’s efforts toward developing
a model for fast estimation of the fuel composition can later be used as input to the
combustion model. However, it is acknowledged that the model is not inclusive of all
types of data and is limited to the specific location and types of data considered.

Chapter 7 includes an examination of how coupling and decoupling affect the wild-
fire propagation estimations provided by the level-set model of the FDS code. The
obtained results provide the understanding and rationale for the system developed in
Chapter 8.

Chapter 8 is the longest and the final working chapter of this thesis. This chap-
ter initially details the pipeline for developing CFD simulations, extracting data, and
creating datasets necessary for developing the framework or system to improve the
accuracy of faster-than-real-time wildfire propagation simulations. Next, this chapter
presents the system architecture, AI model development, training procedures and un-
certainty analysis for the wind field downscaling. Finally, a short experiment highlights
how the estimated wind field improves the faster-than-real-time wildfire propagation
estimations in FireProM-F.
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Chapter 2

Background and Literature Review

Identifying research gaps and opportunities primarily relies upon developing a compre-
hensive understanding of the topic and the trending research paradigms. Consequently,
this chapter’s efforts to provide sufficient background and literature review to highlight
existing research gaps and justify the stated research aims and objectives.

2.1 Wildfire Combustion Process

Fire as a process -even though it can take different forms- involves a chemical reaction
between the combustible species and oxygen from the air and releasing heat. Flame is
a gas phase phenomenon. Consequently, the combustion of solid and liquid fuels in a
flaming manner requires that they be converted to gaseous form. The process of burn-
ing liquids typically involves simple evaporative boiling at the surface. Yet, for almost
all solid fuels, pyrolysis or chemical decomposition is required to produce products with
a minimal molecular weight that makes it possible to volatilise from the surface and
enter the flame. Considering the higher energy demand for the chemical decomposi-
tion of solid fuels than simple evaporation of liquid fuels, their surface temperature is
significantly higher than liquid fuel, around 400°C (Drysdale, 2011).

2.1.1 Fuel characteristics

The majority of fuels found in wildland areas are however woody, which contains a
high percentage of cellulose (40-50%) a polymer consisting of long chains of carbohy-
drates, lignin (18-34%), and hemicellulose (25-35%). Attached chains of carbon (C),
hydrogen (H) and hydroxyl group (OH) create carbohydrate molecules. Consequently,
the general chemical formula of woody fuels could be expressed as Cx(H2O)y with x
denoting the number of carbon atoms, and y indicating the number of hydrogen and
hydroxyl molecules, noting that H and OH typically form equal portions of the car-
bohydrate. Since cellulose typically consists of many glucose molecules (C6H10O5), its
formula could be presented as (C6H10O5)j′ where j′ indicates the number of glucose

10
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molecules in the chain (Finney et al., 2021a).
The bulk of the dry mass of the woody fuels in wildlands is made up of lignin, hemi-

cellulose, and cellulose. However, this might only contain half of the dry mass of living
plants, while the other half comprises different amounts of fats, sugars, proteins, and
starches produced during photosynthesis. Due to the varying combustion properties of
each of these constituents, the fuel’s chemical composition can have a significant—and
occasionally unidentified—impact on the burning behaviour as a whole. Considering
the variety of fuels available in wildland fires, and the fact that the composition of
pyrolysates formed by pyrolysis is highly dependent on the temperature of pyrolysis, it
could be highlighted that, the real composition of gaseous fuels in wildland fires could
be considered unknown. So normally, a global approach is adopted that simplifies the
large set of possible chemical reactions into a few that adequately capture the over-
all behaviour for practical purposes. Part of these simplifications includes estimating
the pyrolysis temperature (Finney et al., 2021a). It is normally unlikely that all the
wooden fuel is consumed during the fire; there’s always ash left behind, and often a
layer of charred wood remains, which can be consumed in smouldering combustion
(Finney et al., 2021a).

Air is composed of 21% oxygen (O2) and 79% nitrogen (N2), so for every mole of
oxygen, air contains 3.76 moles of nitrogen. Utilising the abovementioned simplified
approach for the combustion of cellulose it can be written as follows:

C6H10O5 + 6(O2 + 3.77N2) → 6CO2 + 5H2O+ 22.56N2 (2.1)

so it could be signified that for every mole of fuel, 6 moles of oxygen and 22.56 moles
of nitrogen (28.56 moles of air) would be required. In the case of the perfect balance of
fuel and air, the reaction is stoichiometric, implying that all fuel and oxygen would be
consumed while nitrogen remains unchanged. A fuel lean reaction occurs when there
is more air than needed, leaving extra oxygen in the products. Finally, a fuel rich
reaction occurs when there’s more fuel than the air, resulting in unburnt fuel in the
combustion products (Finney et al., 2021a).

2.1.2 Premixed and non-premixed flame

Gaseous fuels can burn under two different regimes: (i) premixed flames in which
the fuel and oxygen (or air) are thoroughly mixed before burning, and (ii) diffusion
flame or non-premixed in which the fuel and oxygen (or air) are initially separate but
burn in the area where they mix (Drysdale, 2011), which is the most frequent type of
flame encountered. Diffusion flames are also more relevant to wildland fire behaviour.
Whether it’s a candle or a wildfire, all burning solids produce this kind of flame (Finney
et al., 2021a).

Candle flames are an example of diffusion flames that burn wax vapour rather than
solid or liquid wax; they resemble wildland fires in structure. At the flame front, the
melted wax vaporises and then reacts with the air. Under stoichiometric conditions,
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Figure 2.1: Structure of a non-premixed flame, adopted from (Finney et
al., 2021a)

combustion occurs when air is outside the flame and fuel is inside. Because combustion
only takes place within flammability limits, this results in a hollow flame as presented
in figure 2.1.

The bright orange colour of a diffusion flame typically stems from the glowing of
heated carbon (soot) produced as a by-product of the combustion. When carbon heats
to 600–800°C, it emits orange and yellow light. the blue colour is more visible at the
base of the flame here less soot is produced, while the blue colour is outshined by the
bright orange and yellow at the upper levels of the flame(Finney et al., 2021a).

2.1.3 Laminar and turbulent flames

Generally, a series of parameters affect the flame length in a diffusion flame. For
instance, the distance that fuel must travel to find enough oxygen to burn is a major
factor in determining the height of a diffusion flame. The second parameter could
be defined as the composition of the surrounding environment -i.e., flame is longer in
the atmosphere than pure oxygen- which also denotes the level of available oxygen.
Additionally, the fuel flow velocity has a positive effect on the flame height (Finney
et al., 2021a). The height of a jet flame -such as flames generated by Bunsen burners-
will normally increase roughly by the square root of the volumetric flow rate of the
fuel. This, however, stands true only when the flow regime is laminar. As the flow
velocity surpasses a certain level, turbulence begins to appear at the flame tip initially
and then extends down toward the burner nozzle-though never reaches there. The
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Figure 2.2: The transition of laminar flame into turbulent flame with
height of flame as a function of nozzle velocity, adopted from (Drysdale,
2011).

propagation of turbulence within the flame leads to a reduction of the flame height
towards a constant value, by further increasing the fluid flow rate (Drysdale, 2011) as
presented in Figure 2.2. Consequently, a qualitative explanation for the flame height
decrease from the maximum within the laminar region to a constant value in the fully
turbulent regime is enhanced air entrainment through eddy mixing, leading to more
effective combustion (Drysdale, 2011). However, if the gas jet velocity is too high, the
flames will lift off the burner and will eventually blow off and go out with additional
increases in flow rate (Finney et al., 2021a).

The spread of wildland fires depends heavily on convection heat transfer, which
warms, dries, and ignites fuels through contact with hot gases and flames. It falls
into one of two categories: forced convection, which is driven by external forces like
wind, or natural convection, which is buoyancy-driven. Both varieties frequently mix
to create mixed convection in wildland fires. Convection heat transfer rates in such
environments are predicted using empirical correlations (Finney et al., 2021d).

The ratio of the viscous force to the inertial forces of fluid flow is known as the
Reynolds number. It is an important criterion that can be used to define the flow
regime (laminar, turbulent, transitional) in forced convection conditions and could be
defined as:

Re =
Ul

ν
(2.2)

where U (m/s) indicates the flow velocity, l (m) is the characteristic length (usually
defined as equal to diameter), and ν (m2/s -for air ≈ 1.48×10−5-) is the kinematic
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viscosity. In a fluid, viscous forces supersede inertial forces of flow when the Reynolds
number is low. The flow is kept laminar by viscous forces, which stop spontaneous
perturbations from growing in the flow. Larger Reynolds numbers (above a certain
critical value) result in larger inertial forces of fluid flow than viscous forces. The flow
becomes turbulent when the inertial forces outweigh the viscous forces, causing flow
perturbations to increase in size and quantity. Enhanced mixing of a turbulent flow
field, improves the convective heat transfer by attracting freestream fluid closer to the
surface it is flowing over, which explains why the Reynolds number has a strong effect
on the rate of convection heat transfer (Finney et al., 2021d).

When a temperature gradient creates a difference in density between two adjacent
masses of fluid, the less dense fluid will rise relative to its surroundings due to buoyancy
(Finney et al., 2021a). For buoyancy-driven flows, the Grashof number (Gr) could be
utilised to determine the flow regime and hence, it plays a crucial role in understanding
natural convection heat transfer. The Grashof number indicates the ratio of buoyant
forces divided by the viscous forces and could be formulated as follows:

Gr =
gτ |Ts − T∞|l3

ν2
(2.3)

where g (m/s2) is the acceleration of gravity, Ts (K or °C) is temperature at surface,
T∞ is the upstream or free stream temperature, and τ represents the volumetric thermal
expansion coefficient (K−1). Similar to the Reynolds number in forced convection, the
Grashof number is important in natural convection. A laminar flow occurs when the
Gr is less than a critical value (≈1×109); a turbulent flow occurs when the Grashof
number exceeds that value. Similar to the critical Re number, the critical Gr number
also should be regarded as a very loose guideline. In wildland fires, the Gr typically
ranges from 1 to 1×109, implying that all problems involving natural convection are
laminar. Purely buoyant flows, however, are uncommon in wildland fires because there
is almost always some ambient or fire-induced wind present (Finney et al., 2021d).

2.1.4 Flame characteristics in wildfires

Wildland fires normally consume solid fuels for which the fuel flow rate is not controlled
as opposed to the Bunsen burners and jet flames. Considering the required pyrolysis
process, the fuel flow rate is equivalent to the rate of pyrolysis which is in turn con-
trolled by heat feedback from the flames. Additionally, contrary to the jet flames, the
generated gas velocity is not a fixed constant value in solid fuels, but it accelerates
as it moves away from this solid bed. Consequently, wildland fire flames are called
buoyancy driven while the jet flames are called momentum driven. As discussed in the
previous section, the distance that the fuel gas needs to travel in order to come into
contact with enough oxygen to burn basically determines the flame height. However,
due to the complexity of the wildland fire process, -unlike jet flames- relationships for
estimation of flame characteristics such as flame height are semi-empirical rather than
being derived from first principles, meaning that equations are derived by measuring



CHAPTER 2. BACKGROUND AND LITERATURE REVIEW 15

Figure 2.3: Schematic representation of the cross-section of a wind-driven
flame characteristics.

key parameters in the process and then fitting an equation on the obtained results
(Finney et al., 2021a). Figure 2.3 presents a schematic representation of the wildland
fires characteristics including flame height, depth, and length. However, the pulsing
and flickering of flames makes it difficult to measure flame characteristics in actual
fires. Further complications in the estimation of flame height in wildfires also arise,
mainly from sources like wind gusts as well as the significant height of the fuel layer
-i.e. how to define the fire height in crown fires?-. Considering the tilting effect of wind
on the flame, the flame length is mostly used instead of the flame height in wildland fire
studies. Besides, since fuel requires time to fully burn, the flaming zone in a wildfire
has a certain depth, rather than being confined to a single, narrow line (Finney et al.,
2021a).

It is generally known that these flames consist of three regions including (i) a
continuous flame zone at the bottom, (ii) an intermittent flame region, and (iii) the
smoke plume (Finney et al., 2021a) or buoyant plume which in fact describes the
convective column rising above the flame or the heat source. The plume’s interaction
with the surrounding fluid defines its structure. Besides, the temperature within the
plume logically depends on the height above the flame and the strength of the fuel
source, or the rate of heat release from the fuel (Drysdale, 2011). A visual illustration
of the flame zones is presented in Figure 2.4.

2.1.5 Temperature and velocity profiles of the flame

The temperature and the fluid velocity are the two main factors controlling the con-
vective heat transfer to solid fuel beds in wildland fires. In this case, both the flame
and the hot combustion products in the smoke plume could be considered fluid in this
instance. Hence, thoroughly comprehending the distribution of temperature and verti-
cal velocity within and above the flame is essential in order to assess the heat transfer
during such events (Finney et al., 2021a).

Considering the highly turbulent nature of the continuous flame zone, wildland fire
is typically not hollow like a candle, and this turbulence improves conductive heat
transfer through the flame height. This hence explains why the continuous flame
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Figure 2.4: Visuall illustration of the flame diagram, adopted from
(Finney et al., 2021a).

region’s time-averaged temperature at its centre remains relatively consistent from the
bottom to the top. This, however, does not hold within the intermittent flaming zone
and the smoke plume. In the area of intermittent flame, the centerline temperature
starts to drop; in the smoke plume above, it drops even more quickly as presented in
Figure 2.5. It could be highlighted that the x-axis presents the height above the base
divided by the heat release rate (HRR) to the power of 2/5, a scale empirically found
by (Finney et al., 2021a; B. McCaffrey, 1979).

The distribution of the vertical velocity of a rising gas in a flame is directly related
to the temperature profile. The gaseous fuels produced by pyrolysis have low velocity
at the fuel base when they are generated from the solid fuel. However, they accelerate
as they heat and burn due to the high variation in density, with the maximum velocity
forming at the top of the continuous flaming zone. In the intermittent flame zone,
the velocity stays relatively constant as the temperature decreases. However, for the
non-reacting smoke plume, the temperature drops more quickly as cooler outside air is
drawn in, slowing the upward movement of the gases as presented in Figure 2.6(Finney
et al., 2021a; B. McCaffrey, 1979).

2.1.6 Ignition

Ignition process

Ignition is the initiation of combustion. It normally occurs when flammable vapours
produced by the pyrolysis of solid fuels burn visibly in the form of a flame. An impor-
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Figure 2.5: Relationship between the height (scaled) from the base of a
small circular fire and the temperature along the flames’ centreline, adopted
from (Finney et al., 2021a).

Figure 2.6: Relationship between the height (scaled) from the base of a
small circular fire and the fluid vertical velocity along the flames’ centreline,
adopted from (Finney et al., 2021a).

tant characteristic of wildland fires is the discontinuity of the fuel bed as it consists of
individual fuel elements. Consequently, the fire propagation or spread highly relies on
the continuous ignition of different fuel elements. The ignition process naturally begins
with heating the solid fuel up to a point that gaseous fuels begin to generate. This
heating may be a result of direct contact with other burning fuels, or indirectly through
thermal radiation and convection. Initially, heat may evaporate some moisture in the
fuel, stalling temperature rise, especially in live fuels where water could be stored in two
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different forms of free water stored typically in veins and bound water which is chemi-
cally attached to the cell walls, where the former evaporates faster than the latter. By
further increase in the temperature, the pyrolysis -—which is a temperature-dependent
chemical reaction—- begins at temperatures typically around 300°C and accelerates as
the temperature increases. Initially, the generated gaseous fuel and air mixture would
be too fuel-lean to burn; however, further increases in temperature lead to increased
pyrolysis rate until the premixed gaseous fuel and air mixture passes the lean flamma-
bility limit and ignite at the presence of any hotspot with sufficient energy. The flame
would then spread through the gas phase and towards the solid fuel. However, for the
solid fuel to actually ignite, this approaching premixed flame should generate enough
heat to overcome losses to the surrounding and the solid fuel itself. Hence, if the fuel
mixture is near the lean flammability limit, the generated heat from the flame would
not be sufficient and the resulting flame known as flashing ignition or flash point would
be extinguished near the surface. By further increase in pyrolysis rate, the flame would
be able to finally compensate for losses and lead to a stable diffusion flame which is
anchored to the fuel’s surface. This is known as the fire point (Finney et al., 2021c).

Ignition time

A measurable quantity is required to predict the amount of time it will take to ignite
a fuel to flaming combustion. A physically accurate criterion can potentially be the
critical heat release rate from the pyrolysis. However, this is impractical in actual wild-
land fires as it requires a deep understanding of the solid fuel heating up process, heat
transfer between the gas and solid, as well as gas-phase reactions, which is challenging
especially due to the unknown composition of the gases generated through pyrolysis.
A simpler approach instead, would be using the critical mass flux criterion which only
focuses on solid state to estimate the flaming ignition time. Generally, as the solid
fuel heats, it loses mass through moisture evaporation and pyrolysis. As the surface
temperature exceeds 300 °C, mass loss accelerates, producing enough gaseous fuel to
ignite when heat from gas-phase reactions overcomes heat losses. For the fuel-lean
mixtures typical during ignition, the bigger the volume of fuel vapours, the greater
the amount of heat generated and the higher the temperature of the flame. Thus,
the critical heat release rate requirement can be approximated by the critical mass
flux rate. However, the critical mass flux criterion for ignition is not universally ap-
plicable because it does not account for gas-phase reactions. Factors like wind and
changing pyrolysate composition due to temperature variation influence the required
fuel production rate for ignition, making the criterion unreliable in the majority of
conditions (Finney et al., 2021c). Ignition temperature could also be used as a crite-
rion to predict the ignition time, considering that the pyrolysis gas production rate
is temperature-dependent. However, similar to the critical mass flux, this criterion is
also affected by ambient and heating conditions, implying that no single true ignition
temperature could be defined; for instance, the wood ignition temperatures can range
from 296 to 497°C for different environmental and testing conditions (Finney et al.,
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2021c). With the ignition temperature, one may estimate the ignition time for fuel
particles as follows:

tig =


π
4
kρscs

(Tig−T0)2

q̇”
2
s

for thermally thick fuels

ρscsd(Tig−T0)

q̇”s
for thermally thin fuels

 (2.4)

where tig is the ignition time, k represents the thermal conductivity of solid fuel
(kW m−1 °C−1), ρs is the solid fuel’s density (kg/m3),cs is the specific heat of the solid
(kJ kg−1 °C−1), Tig represents the temperature of ignition, T0 represents the initial

temperature of fuel (°C), and q̇”
2

s is the net heat flux on the fuel surface (kW m−2, and
d is the thickness or diameter of the fuel(Finney et al., 2021c).

It should be highlighted that the thermally thick assumption applies to fuel particles
that are thick enough to provide a temperature gradient and possibly a significant
temperature differential between the fuel particle’s surface and centre. These particles
take some time for heat to go through to the middle. On the other hand, the thermally
thin assumption applies to very thin fuels. There is no temperature differential within
the fuel in this instance because heat is transferred throughout the solid quickly enough
to make the interior of the solid appear to be at the same temperature(Finney et al.,
2021c).

The thermal penetration depth (lth) can be used to determine which equation is
more appropriate. Thus, for fuels heated on one side, if the fuel thickness is less than
the calculated thermal penetration depth (lth), the thermally thin assumption could be
utilised, and vice-versa. However, half the thickness should be considered if the fuel is
heated on both sides. The thermal penetration depth (lth) can be calculated as follows:

lth =

√
k

ρscs
tig (2.5)

Ignition of live fuels

Wildland fires are unique in the sense that a large variety of fuels are involved in
the process, especially the living vegetation, or live fuels. Live fuels typically have a
complex and varying chemical composition, including structural carbohydrates such as
cellulose, lignin, and hemicellulose, as well as proteins, fats, sugars, and starches from
photosynthesis. Due to the dynamically varying and constantly changing composition
of the living fuels, estimating the gaseous fuels produced through pyrolysis. The second
difference between living and dead fuels is that they differ notably in water storage
types. While the living vegetation typically contains liquid water within their cell walls
–that allows moisture content to exceed 100% of dry weight–, dead fuels can normally
hold moisture levels of up to 30-40% (fibre saturation point) due to the collapsed cells.
Furthermore, many living fuels have a waxy layer on their leaves that helps prevent
dehydration, especially in hot and dry places that are prone to wildfires. This covering
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is not at all like the softer texture of green grass. The way that live fuels burn and
ignite is influenced by the water and sugary solutions they store. Live fuels, in contrast
to dead vegetation, can forcefully release combustible gases and moisture when heated
quickly. Certain species’ ability to burn under particular circumstances can be affected
by the high pressure that builds up inside their hard cell walls, which causes jets of
moisture and gases to explode out (Finney et al., 2021c).

2.1.7 Burning and heat release rate

The rate of fuel consumption, expressed in (kg s−1), is referred to as the burning rate
of the fuel. Given that gaseous fuels are in the burn-ready form, the burning rate
for these fuels is equivalent to the reaction rate, however, the burning rate for solid
fuels depends on the production rate of gaseous fuels, as this limits combustion. It is
therefore determined by the solid’s mass loss over time and is directly related to the
heat transferred to the solid fuel. The heat release rate of a fire is hence directly related
to the burning rate of the fuel and could be described as follows:

HRR = ṁbHc,eff (2.6)

where HRR is the heat release rate (MJ s−1 or MW), ṁb is the burning rate (kg
s−1), and Hc,eff is the effective heat of combustion (MJ kg−1) indicating the amount
of heat released when the fuel is consumed (Finney et al., 2021a).

However, fire intensity is the primary metric that is used in wildland fires and
especially line fires to delineate the heat released by the fire. It indicates the rate of
energy release per unit length of a linear flaming front, typically described in the unit
of kJ.m−1.s−1, and has many applications in fire management practices and can be
calculated as follows (Finney et al., 2021b):

I = Hcṁ
”
cRoS (2.7)

where I (KW or kJ.m−1.s−1) is the fire intensity, Hc is the heat yield, and ṁ”
c (kg

m−2) is the mass of dry fuel per unit area consumed in the flaming and RoS (m s−1 is
the rate of spread of the fire. However, the fireline intensity is not directly observable
and thus challenging to intuitively estimate the fire intensity. On the other hand, flame
dimensions are observable and could be used as a useful indicator of fire intensity; so
longer flames typically indicate a higher energy release rate in a spreading wildfire.

So far, a variety of studies have focused on developing empirical relationships to
relate fire intensity and the length of flame (L), of which (Byram, 1959) with LByram =
0.0775 I0.46, (Nelson Jr. & Adkins, 1986) with LNelson & Adkins = 0.0475 I0.493, (Thomas,
1963) with LThomas = 0.0266 I0.666, LNewman = 0.0577I0.46, (Weise & Biging, 1996) with
LWeise & Bigning = 0.016 I0.7, (Barboni et al., 2012) (LBarboni = 0.062 I0.5336), and (Rossa
et al., 2024) with LRossa = 0.03885 I0.5112 could be mentioned. The results obtained
through these models are highly divergent as depicted in Figure 2.7, highlighting the
uncertainty involved when using flame length as a direct indicator of fire intensity.
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Figure 2.7: Comparison of flame length vs fire intensities estimated by
different suggested equations.

2.1.8 Smouldering and glowing

Fire, as a combustion process, can be broadly divided into two types: flaming and
smouldering. Smouldering is a flameless, lower-temperature form of combustion, while
glowing combustion is a more intense type of smouldering that emits visible light
(Finney et al., 2021a). Typically, smouldering occurs at 500°C, which is relatively low
compared to the flaming combustion, and spreads in a creeping fashion, approximately
around 1 cm per hour, which is two orders of magnitude slower than the spread rate
of flaming fires (Rein & Huang, 2021). It is easier to start due to the lower tempera-
ture, however, it is typically more challenging to put out than flame combustion and
hence is the most persistent type of combustion (Rein, 2013; Rein & Huang, 2021).
Both smouldering and flaming types are typically present in wildfires. Although they
differ fundamentally in chemical and physical characteristics, they can transition from
one form to the other (Rein & Huang, 2021; Santoso et al., 2019). Large logs and
duff can smoulder for long periods without anyone noticing before they transition into
flaming combustion. Smouldering embers can be carried by the wind, cross firebreaks,
and ignite new fires or structures. Smouldering usually consumes a significant amount
of ground fuel, potentially negatively affecting the soil and underground organisms.
Smouldering can also act as an ignition pathway from sources too weak to directly
induce blazing combustion since it has the potential to abruptly turn into flaming
(Finney et al., 2021a). since the fuel should be permeable to oxygen for the process
to occur, not all solid fuels can burn in smoulder form. This is typically achievable
with fuels like peat, rotting wood, trash, and small particles, as well as porous ma-
terials like furniture foam. The fuel must also be able to charring, or leaving behind
a carbon residue that allows oxidation to continue the smouldering process. With its
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pyrolysis and burning zone, char and ash zone, evaporation zone, and preheat zone,
the smouldering front is organised similarly to a premixed flame(Finney et al., 2021a).

2.2 Wildfire Propagation Mechanisms

Generally, wildfires can be categorized into three groups: (i) ground fires, (ii) surface
fires, and (iii) Crown fires ((Weise et al., 2018)):

1. Ground fire is a fire that burns the fuel at ground level (CIFFC, 2017) which are
usually deposited by plants (Weise et al., 2018). Ground fuels include duff, roots,
buried punky wood, and peat are all flammable elements that generally support
smouldering or blazing combustion associated with ground fires(CIFFC, 2017).

2. Surface fire is a fire that normally consumes the fuels available below the level of
tree crown either in the form of ahead fire, backfire or a flank advance. Surface
fuel includes all flammable elements located above the duff layer between the
ground and ladder fuels that contribute to the spread of surface fires (e.g. litter,
herbaceous plants, low and medium shrubs, tree saplings, stumps, and downed
dead roundwood)(CIFFC, 2017).

3. Crown fire is the stage in which the canopy cover of trees is in fire which is
usually accompanied by a surface fire. The portion of the tree crown which
is affected and burnt during the fire is called Crown Fraction Burned (CFB).
Crown fire consumes crown fuel which contains forest trees canopy combustible
material that are not in direct contact with ground such as foliage, twigs, and
branches. The connection and transition between surface fires and crown fires
usually depend on ladder fuels. In the context of a forest stand, ladder fuels are
fuels that give vertical continuity between the surface and crown fuels (e.g. tall
shrubs, small trees, bark flakes, tree lichens) (CIFFC, 2017).

Surface fires are the most prevalent type of wildland fires which consume the most
fighting activities and costs. The fire environment greatly influences the spread of a
surface fire, including factors such as fuel qualities, weather, and terrain. Composition,
organic and moisture content of the raw material, mass per unit surface area, fuel-
element size, shape (surface to volume ratio), porosity or packing ratio of the fuel bed,
unevenness in vegetation distribution, and continuity of vegetative elements are all
factors in determining the properties of the fuel (N. Liu et al., 2021). Among all the
mentioned parameters, the fuel moisture content (defined as the percentage of water
content in proportion to the dry mass of the fuel) is of major relevance(N. Liu et al.,
2021).

2.2.1 Weather

Weather and atmospheric parameters significantly affect the fire propagation dynamics.
Fire-atmosphere interaction is not limited to the interaction between the atmosphere
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and the combustion flame. It also encompasses those interactions between the atmo-
sphere and the fuel which is burning and will burn ultimately in a specific fire incident.
However, it could be considered the fire-atmosphere interaction only while the induced
disturbances from the ambient environment are smaller than those generated from the
fire (Potter, 2012b). Different weather parameters could impact the behaviour of fire,
however, three parameters including (i) Temperature, (ii) Humidity or moisture, and
(iii) Wind could be considered most important.

Air temperature has a dual impact on the materials, a direct impact and an indi-
rect impact which involves temperature effect on every other factor which affects to
the weather. However, Wildland fire behaviour is heavily dependent on surface air
temperature, which is well recognized (Potter, 2012b). Potter (Potter, 2012b) men-
tions that a possibility is that air temperature and fire behaviour are linked only by
their dependence on fuel temperature, and not because air temperature affects fire be-
haviour in any way. Fuels on the surface are heated by the sun, which in turn warms
the surrounding air. Moisture on the fuel’s surface evaporates more quickly as fuel
temperature rises, resulting in a more flammable fuel. A rise in the temperature of the
atmosphere as well as an increase in flammability are both a consequence of a greater
energy balance amongst the fuels, which is mostly determined by the sun’s radiation
as well as the heat emitted by any fires that do occur.

Despite the various field studies conducted, Potter (Potter, 2012b) suggested that
clearly concluding the impact of humidity on wildfire propagation dynamics is inher-
ently challenging due to the variation of fuel types, analysis and geographic locations
where the studies are carried out. However, in some studies, it is shown that the fire
RoS has a reverse relationship with atmospheric humidity as well as the fuel moisture
content. It should also be highlighted that the effect of temperature and relative hu-
midity is normally modelled through their effect on moisture content (i.e., see Sharples
et al., 2009). Moinuddin et al., (Moinuddin et al., 2021) studied the effect of relative
humidity on wildfire propagation dynamics utilizing Numerical simulations. They car-
ried out a series of simulations with relative humidity ranging from 10 to 100% and
compared the results with empirical models of fire propagation estimations. Their sim-
ulation results indicated a linear negative relationship between the RoS of fire and the
relative humidity.

Wind, specifically ground-level or near-surface wind, is the most studied parameter
in fire-atmosphere interaction (Potter, 2012b). Wind plays a complicated interaction
with the fire which will be discussed in detail later. However, generally, wind accelerates
the fire propagation rate by supplying it with fresh oxygen, tilting the flame towards the
fresh unburnt fuel leading to an enhanced preheating of the fuel by increasing diffusion
or radiation and transferring the hot air through the wet fuels through a convective
process (Potter, 2012b). Additionally, it brings firebrands over long distances causing
new ignited areas ahead of the main fire front. So far, various researchers have inves-
tigated the relationships between fire RoS and wind speed. For example, McArthur
(McArthur, 1969)investigated the effect of wind on surface fire spread in Australian
grasslands indicating that RoS is a function of the square of wind speed for winds up
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to 10 m/s. Further, increasing the wind speeds above 12.5 m/s reverses this effect and
decreases the RoS. One of the most important contributions to the topic is carried
out by the Commonwealth Scientific and Industrial Research Organisation (CSIRO)
through (Cheney et al., 1993) performing a large set of experimental grassland fires
that examined the effects of the wind velocity, fuel moisture content (FMC), fuel load
and fuel height on the behaviour of grassland line fires on the fire characteristic and
propagation dynamics. They found that even though the wind was the most signifi-
cant factor, other parameters, such as the length of the ignition line, also significantly
affected the spread rate. They also found that the fires tend to propagate either (i)
a narrow pointed head fire likely to be associated with the updraft from the burnt
area restricting the lateral spread of fire due to the lateral inflow of wind towards the
centre of the fire or (ii) a broad parabolic-shaped fire with flanks wider than the ini-
tial ignition length which tends to propagate faster than the point fire mechanism. In
another study, aggregating data from experimental burns and real wildfires, (Cheney
et al., 1998) proposed a new model for predicting the rate of spread of fires, highlight-
ing the linear relationship between wind speed and RoS for wind speeds smaller than
5 km/h and the power law relationship for stronger winds. So far, different empirical
and mathematical models are developed to predict wildfire behaviour in different veg-
etation types mainly driven by experimental data while incorporating some principles
such as the Rothermel model (Rothermel, 1972), Albini fuel model (Albini, 1976), or
even some simple rule of thumbs that assume the RoS to be equal to 10% (Cruz &
Alexander, 2019a) or 20% (Cruz et al., 2022a) of the wind speed 10 m above ground
level (AGL). These models are mainly adopted by fire services to predict the wildfire
RoS during fighting operations or act as the basis of more complex models such as
FARSITE (Finney, 1998b) to provide an estimation of spatial fire growth. On the
other hand, physics-based models such as Fire Dynamics Simulator (FDS) (Mell et al.,
2007) and FireProM-F (Grasso & Innocente, 2020a; Grasso & Innocente, 2018) try
to solve the governing equations to capture the fire behaviour with different details,
and numerous studies have utilised these models to study the wildfire behaviour. Per-
forming 2D numerical simulations, (Morvan, 2014) studied the effect of fire intensity
and wind conditions on the unsteady behaviour of the fire front. Analysing temporal
variations in fire intensity, they indicated that plume-dominated flames oscillate more
rapidly, showing erratic behaviour that makes them less predictable than wind-driven
fires.

2.2.2 Terrain slope

The effect of terrain slope on fire behaviour is also extensively studied, often combined
with wind speed. Rothermel (Rothermel, 1972) developed a mathematical model to
describe the relationship between the RoS of fire with mid-flame height wind speed and
slope. The model determines the additional propagating flux produced by wind and
slope by defining wind and slope coefficients, ϕW and ϕS respectively, which are then
related to the fire RoS in flat terrain and no wind condition known as (RoS0) accord-
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ing to RoS=RoS0(1+ϕW+ϕS). Weise and Biging (Weise & Biging, 1994) studied the
effect of wind speed and terrain slope on fire RoS and flame length and concluded that
increasing the wind speed leads to an increased RoS and flame length. They utilised
the obtained experimental data to validate the existing mathematical models and con-
cluded that the existing formulations of empirical fire spread models are inaccurate
and need to be revised. Wu et al., (Y. Wu et al., 2000) studied the interaction of a
pool-fire plume with the terrain slope at no wind conditions. Their results indicated
that the flame bends toward the surface, and the plume and the flame attach to the bed
as the terrain slope increases, even in no wind conditions. They concluded that this
is mainly due to the asymmetric formation of the plumes on either side of the flame.
(Morandini et al., 2018) studied the fire spread dynamics uphill in no-wind conditions
utilising particle image velocimetry and video imaging. In the case of horizontal sur-
faces with radiation as the dominant preheating mechanism, the fire plume maintains
a quasi-vertical shape due to the lateral air flow into the fire from either side. Yet,
by increasing the terrain slope, a strong convective flow forms ahead of the flame due
to the pressure difference upstream and downstream of the flame that blows towards
the top of the surface, contributing to the fuel preheating. Performing numerical sim-
ulations with WFDS, (Sánchez-Monroy et al., 2019) studied the effect of fuel depth
and packing ratio on fire propagation dynamics at different uphill angles. Similar to
other studies, they found a critical angle of ≈ 22° beyond which rapid increase of the
RoS occurs with increasing the slope. Overall, it could be summarised that the terrain
slope highly affects the RoS of fire, as it increases in the case of uphills and decreases
in downhills.

2.2.3 Fuel properties

The effect of fuel on fire dynamics is controversial as contrasting results are reported
in the literature. An important effort to evaluate the effect of the fuel characteristics
on the fire spread dynamics was carried out through CSIRO experiments (Cheney et
al., 1993). The obtained results indicated that even though fuel load and vegetation
species do not significantly affect fire spread, fires in natural undisturbed vegetation
burnt approximately 18% faster than those in cut or grazed ones. (Moinuddin et al.,
2021) utilised FDS to study the effect of relative humidity and fuel moisture content
(FMC) on grass fire dynamics. They concluded that decreased FMC leads to faster
fire propagation and higher burn intensity. They also mentioned humidity and FMC
can potentially impose a shift in fire propagation mode. Cruz et al., (Cruz et al., 2018)
studied the effect of fuel load on fire behaviour in Australian grasslands performing 58
experimental fires. They found that when fuel load is not a limiting factor, a negative
correlation between the fuel load and fuel height with the RoS of fire is observed,
contrary to the community’s common assumptions. Conducting a series of numerical
simulations, Moinuddin et al., (Moinuddin et al., 2018) studied the effect of fuel height
on the RoS of fire, considering different heights from 0.m to 0.6 m. They concluded that
increasing the grass height while keeping a constant bulk density reduces the RoS of
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fire. Additionally, they mentioned that increasing the grass height leads to higher fire
intensity (I) and heat release rate (HRR), which change the fire propagation mode from
wind-driven to plume-dominated. In another study and performing 45 experimental
burns, Cruz et al., (Cruz et al., 2020) studied the effect of fuel structure on the RoS
of fire in wheat crops. They found a positive correlation between vegetation height
and the RoS, where unharvested grass yielded the fastest RoS and largest flames.
Commenting on the results of this study, Cruz et al., (Cruz et al., 2021) stated that
the proposed conclusions are counter-intuitive, as robust empirical evidence supports
the positive correlation between fuel height and RoS of fire. They reanalysed the data
from (Cheney et al., 1993; Cruz et al., 2020) and stated that the positive correlation
of fire RoS with vegetation height is not a matter of debate. They also stated that
other studies failed to find this relationship (i.e. (Cruz et al., 2018)) mainly due to the
structural variations between different grasslands utilised in such studies. Responding
to the mentioned comments, Sutherland et al., (Sutherland et al., 2021) performed a
reanalysis of (Cruz et al., 2020) data, combined with a series of numerical simulations
and stated that below a certain grass height(≈ 0.2 - 0.24 m), RoS increases with height
which is consistent with(Cheney et al., 1993) and (Cruz et al., 2020) where the majority
of fires were wind-driven. However, for grass heights above the mentioned threshold,
where fires are generally plume-dominated, the RoS decreases with increasing the grass
height.

2.3 Wildfire Propagation Modeling

Sullivan (Sullivan, 2009a, 2009b, 2009c) classifies wildfire propagation models into
three types: (i) physical and quasi-physical models, which are based on fundamental
physics or chemistry of combustion (Sullivan, 2009a); (ii) empirical and quasi-empirical
models, which are based on the statistical analysis of obtained data (Sullivan, 2009b);
and (iii) mathematical analogues and simulation models, which are based on some
mathematical conceit that coincidentally simulates the spread of fire (Sullivan, 2009c).
Innocente and Grasso (Grasso & Innocente, 2020b; Innocente & Grasso, 2019a) clas-
sify them into three types (see Figure 2.8, yellow boxes): (i) theoretical models, which
are physics-based and involve conservation laws; (ii) data-driven models, which are
constructed or fitted using actual or synthetic data; and (iii) mechanistic surrogate
models, which make use of mechanisms not directly related to fire dynamics. In turn,
Bakhshaii and Johnson (Bakhshaii & Johnson, 2019) classify wildfire propagation mod-
els into three categories based on the level of their interaction with wind models:
(i) non-coupled ; (ii) semi-coupled ; and (iii) fully-coupled. A wildfire model in which
fire and wind models interact locally without being coupled with an atmospheric model
would fall under the semi-coupled category. In this chapter, Iclassify wildfire models
into (i) coupled and (ii) decoupled depending on whether fire and wind models interact
(see Figure 2.8, blue boxes). This refers to the wildfire model alone, irrespective of
whether it is coupled with an atmospheric model.
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Seeking computational efficiency for operational use, models such as FARSITE
(Finney, 1998a) and the Fire Propagation Model for Fast simulations (FireProM-F)
(Grasso & Innocente, 2020b) are decoupled from wind models, neglecting the impact of
the fire on the wind field. This increases epistemic uncertainty. FARSITE is a mecha-
nistic surrogate model, which mainly relies on a simplified analytical calculation of the
RoS and on Huygens’ principle to approximate the propagation of the fire perimeter as
if it were a wave front. FireProM-F (Grasso & Innocente, 2020b; Grasso & Innocente,
2018) is a theoretical reduced-order model based on energy and species conservation
laws with some calibrated physically-meaningful parameters (light-grey-box model).
Despite being physics-based, it may run faster-than-real-time under certain circum-
stances (scenarios, settings, computing power), although this comes at the expense
of being decoupled from wind models and therefore using a frozen wind field. While
decoupled models may provide fast simulations of wildfire propagation (Bakhshaii &
Johnson, 2019), they are unable to capture structures such as plume-driven fire, whirls,
or horizontal roll vortices (VanWagner, 1987).

Wildfire Propagation Models

Theoretical Models
Mechanistic,

physics-based.

Data-Driven Models
Constructed from data, 
fitted to data, or data-

driven surrogate model.

White-Box Models
Derived from first principles,

purely physics-based models.

Light-Grey-Box Models
Semi-empirical, mostly based on

physics-based governing laws but
with some calibrated parameters.

Dark-Grey-Box Models
Semi-empirical, model-fitting, mostly

driven by data yet incorporating
principles and laws from theories.

Black-Box Models
Empirical, data-fitting,

phenomenological, completely
independent of theories. Coupled

Fire and wind are
coupled, affecting

one another.

Decoupled
Fire and wind are

decoupled. Typically,
frozen wind affects fire.

Cellular Automata Models
Computational model, rules derived from
first principles or mathematical analogue.

Lattice Boltzmann Models
Computational model, commonly used
to model fluid flow as emerging from

streaming and collision among particles.

Network/Graph Models
Represents objects and their relationships
as a graph of nodes, edges and weighs.

Deterministic
Same inputs always

produce same outputs.

Stochastic
Predictions in terms

of probabilities,
uncertainty modelled.

Agent-Based Models
Computational model, typically stochastic,

commonly used to model complex systems.

Mechanistic
Surrogate Models 

Mechanisms not directly
related to system or

phenomena being modelled.
May be white-box or grey-box.

Two-Dimensional Fire Growth Models
e.g. perimeter representation as envelope
of local ellipses and perimeter expansion

by Huygens wavelet propagation
based on classical fire spread models.

Figure 2.8: Classification of fire propagation models. Modified from (In-
nocente & Grasso, 2019a) to make it specific to wildfires and to explicitly
differentiate coupled from decoupled models (Tavakol Sadrabadi & Inno-
cente, 2024).

Conversely, coupled models such as the Fire Dynamics Simulator (FDS) (Mell et
al., 2007) and FIRETEC (Linn et al., 2002) attempt to solve the fluid dynamics and
thermo-chemical equations simultaneously in order to capture the dynamics of a wild-
fire (Bakhshaii & Johnson, 2019). Even though some of these models (e.g. WRF-FIRE
(Coen et al., 2013)) could potentially provide faster-than-real-time simulations under
specific configurations and using high-performance facilities, an accurate numerical so-
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lution over a large domain is prohibitively computationally expensive (Bakhshaii &
Johnson, 2019). This restricts the practical use of this type of models.

Even though the fire–wind coupling strategy significantly affects the simulation
results, this is rarely studied systematically in the literature. Lopes et al.,. (Lopes et
al., 2017) studied the effects of the mesh size and of the wind update criterion on the fire
propagation dynamics. They found that the mesh size has a high impact on the RoS
and propagation dynamics of the fire, though this impact becomes less noticeable as the
mesh size decreases. Nevertheless, a truly mesh-independent simulation is unlikely to
be achieved. In turn, comparing the results of a series of coupled and decoupled wildfire
simulations, they observed that coupled ones predict significantly smaller burned areas.
Interestingly, it was also found that reducing the wind field update interval to once
every five time-steps does not lead to significant variation in results, yet it notably
reduces the computational effort (Lopes et al., 2017). Recently, Tavakol Sadrabadi et
al.,. (Tavakol Sadrabadi et al., 2022) also found that the burned area and the RoS are
smaller for coupled simulations.

2.4 Wildfire Emergency Response

The World Meteorological Organization (WMO) defines natural hazards as severe and
extreme weather and climatic events. When a natural phenomenon destroys people’s
lives and livelihoods, it becomes a disaster (World Meteorological Organization, n.d.).
In this context, a wildfire could be considered a natural disaster that needs to be
managed and controlled. Disaster or Emergency management is, hence, the process
by which communities identify the hazards to which they are exposed and assess the
physical and social impacts these hazards may inflict, as well as assess and develop
their capabilities to mitigate, prepare for, respond to, and recover from these impacts
(Lindell, 2013). The four integrated phases of disaster management in wildfire emer-
gency management are prevention, preparedness, response, and recovery (Public Safety
Canada, 2017) yet, these phases are not distinctly separated, and many activities that
are carried out in one phase, such as fuel management, span two or more of the phases.
These four phases, however, can be effectively reduced to three stages, including (i)
pre-fire, (ii) amidst-fire, and (iii) post-fire. Figure 2.9 presents a broad overview of the
Wildfire emergency response.

2.4.1 Pre-fire stage

The pre-fire stage generally entails all necessary steps and actions that need to be
carried out in order to reduce the risk of ignition and limit the extent of probable
wildfires. As such, it encompasses tactics and measures that may require years to
complete as well as those that need to take place at short intervals before an ignition is
detected. It should be noted that even though long-term forest management and safe
building strategies are not part of a wildfire emergency response, this study provides a
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Figure 2.9: Overview of wildfire management and emergency response
phases, strategies, and actions (Tavakol Sadrabadi et al., 2024).

brief overview. Consequently, the preparedness stage, which comprises those activities
that must be carried out in the short term prior to the detection of a fire, could be
considered as part of the emergency response and hence is of interest to the system
design.

Prevention and mitigation

Generally, prevention and mitigation are frequently confused to imply activities that
prevent or reduce the negative impact of an event. Yet, it should be noted that even
though prevention limits the potential impacts of an incident, some actions, such as fuel
management that are called prevention, do not completely prevent a fire from igniting
but are capable of confining the span and intensity of the fire. Mitigation, hence,
includes all actions that are taken in order to reduce the situational vulnerability and
potential effects of an incident. Hence, prevention could be considered a specific type
of mitigation (S. McCaffrey et al., 2020). When it comes to wildfires, the majority
of mitigation strategies are then focused on strategies such as (i) risk mitigation and
(ii) ignition mitigation (United Nations Environment Programme, 2022), and actions
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such as reducing the vegetative fuels and increasing the fire resistance of structures
and infrastructures (S. McCaffrey et al., 2020).

Ignition mitigation includes carrying out activities that help reduce the likelihood
of a wildfire outbreak (United Nations Environment Programme, 2022). The majority
of forest fires are started by the public (Balch et al., 2017); therefore, efforts to reduce
the activity of wildfires involve education of the public, which is believed to be valu-
able and is used by many organizations (Prestemon et al., 2010). Media broadcasts,
presentations, home visits, brochure distribution, and participation of communities in
hazard assessments are among the methods for public education. It could be a highly
effective and economically suitable method as it is shown that, for example, in Florida,
such education has led to a reduction in the number and the burnt area of wildfires
caused by preventable causes. It is also indicated that the expected benefits from
averted damages could be nearly 35 times greater than the education costs (Prestemon
et al., 2010). Under certain high-risk circumstances and periods, the capacity of law
enforcement could also be used to restrict risky activities and public access to nature
reserves and national parks (United Nations Environment Programme, 2022).

Risk mitigation of wildfires generally requires an integrated approach designed
specifically for the target region, which takes into account different factors including but
not limited to public awareness, fire regime, ignition and spread risk and estimations,
and early detection and warning systems (United Nations Environment Programme,
2022). Even though a complete elimination of the wildfire risk is impossible, different
measures and actions, such as fuel management, fire management, and fighting, could
be taken to mitigate some of the economic and environmental impacts of wildfires
(United Nations Environment Programme, 2022). The changes in climate significantly
affect the likelihood and intensity of wildfires. A report published by the United Na-
tions Environment Program (UNEP) states that the likelihood of catastrophic wildfires
is expected to increase even under the lowest emission scenarios (United Nations En-
vironment Programme, 2022). On the other hand, forest resilience that is the capacity
to withstand and recover from natural and man-made changes has declined during the
past two decades in large areas of the world, including tropical, temperate, and arid
forests, most likely due to the climate change effects (Forzieri et al., 2022). Conse-
quently, implementing plans to maintain and improve natural resilience seems to be of
inherent importance.

Increasing the resilience of the natural environment is usually done in the form of
landscape management. This involves the management of a section of nature in order
to reduce the spread rate and intensity of a potential incident. This is often done
through four strategies, including (i) fuel management, (ii) Firebreak creation and
maintenance, (iii) land use planning, and (iv) fire regime restoration and management
(United Nations Environment Programme, 2022).

Fuel management includes techniques such as vegetation thinning and felling, re-
moving ride-side vegetation, connecting naturally resilient features like rivers and wet-
lands to fragment high-hazard areas (Forestry Commission, 2014), prescribed burns
in mild conditions, planting low flammability vegetation, grazing practices, and even
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controlling certain fires rather than putting them out right away (United Nations En-
vironment Programme, 2022). The stakeholders responsible for this are usually local
authorities such as forest services as well as the public or private organizations and
land owners. Fire break and fire belts are linear features that serve as barriers, slow-
ing down or stopping the spread of a wildfire. Fire breaks are gaps in vegetation and
combustible fuel, while a fire belt is made of bands of fire-resistant species (Forestry
Commission, 2014). The key challenge, however, is that the effectiveness of these meth-
ods are highly correlated with local conditions such as vegetation type and structure
as well the burning conditions of the fire, including the weather, and it must be noted
that these methods do not necessarily stop fires from propagating (United Nations
Environment Programme, 2022).

The resilience of the built environment is also of importance when it comes to the
effects of fire on the human-built environment. The public, local authorities, private
organizations, and generally all stakeholders are required to work together to address
the requirements of a fire-adapted community. This will take the form of fire-resistant
building practices such as material choice, water supply practices, fire risk zoning, veg-
etation management, and land use management such as regulations on minimum dis-
tance between nature and property (United Nations Environment Programme, 2022).
A study performed by (Dossi et al., 2023), examines data from 17,500 buildings ex-
posed to 59 wildfires in California from 2013 to 2017 and 1,190 buildings exposed to
the 2017 Pedrógão Grande Fire Complex in Portugal to study the relationship between
building features in WUI fires and building damage levels. Their findings indicate that
in California, vent screens and deck material flammability are strongly correlated with
damage levels, while in Portugal, exterior wall and deck material flammability are the
key factors related to damage levels.

Preparedness

Preparedness includes actions and measures that lead to an appropriate response for
the management of wildfire outbreaks and consequences (Tymstra et al., 2020). In this
context, it mainly focuses on the actions that are required to be carried out before
and during a wildfire season, including (i) Preparation of suppression plans or pre-
suppression planning, (ii) wildfire danger or risk forecasting, and (iii) utilizing fire
detection and early warning systems (United Nations Environment Programme, 2022).

To organize a successful response operation, certain steps need to be taken before
any incident happens (Council, Accessed in July 2023-b). To plan properly, a series
of information is required: (i) general information such as details of land owners, land
managers, tenants, access routes, and buildings; (ii) information on the water avail-
ability on-site and alternative water supply arrangements to the site; (iii) information
on vehicles access and escape routes to the site and limitations such as bridge weight
limits, (iv) utilities such as power lines, and gas or oil pipelines, (v) aircraft related
information such as authorities, and potential impacts of a wildfire or fighting activities
on the aircraft and airport, and (vi) military and shooting areas (Council, Accessed in
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July 2023-b).
Identifying the endangered critical infrastructure and assets such as hospitals and

transport systems and routes, preparing alternative plans and facilities in case of prob-
able exposure of such infrastructure to the fire, and determining evacuation routes
and safe shelter points (United Nations Environment Programme, 2022) could also be
considered among the actions during the preparedness phase.

Forest Fire danger rating indices or systems provide the likelihood or probability
of ignition, the fire rate of spread, ease of control, and its potential impacts (Food
and Agriculture Organization (FAO), 2003). A variety of fire danger rating systems
are used around the world that provide critical information to decision-makers and
fire managers to prevent or mitigate fire effects (de Groot et al., 2015) among which
Angstrom index (Chandler et al., 1983), Canadian Forest Fire Weather Index System
(van Wagner, 1987), Forest Fire Danger Index, and the Keetch-Byram Drought index
(Keetch & Byram, 1968), could be mentioned. Different technologies and methods have
also been utilized in the development of such systems, including remote sensing and
geographical information systems for satellite image analysis, statistical and machine
learning methods, simulation models, and some miscellaneous methods, which are gen-
erally developed based on a combination of other methods (Zacharakis & Tsihrintzis,
2023).

Rapid and accurate fire detection is, however, the prerequisite for a fast and suc-
cessful response. So far, different monitoring and detection systems have been used
worldwide in order to facilitate early fire detection, which could be classified into three
groups: (i) Land-based, (ii) Aerial, and (iii) satellite-based systems (Barmpoutis et
al., 2020). Land-based systems generally rely on line-of-sight observations from a net-
work of watchtowers either provided by human observers or optical sensors and digital
cameras. However, with the advancements of technology, other imaging equipment,
including infrared cameras, IR spectrometers, and Light Detection and Ranging (LI-
DAR) sensors, have also been utilized in these systems (Alkhatib, 2014) both as a single
or multi-sensor network. In order to improve the accuracy and reliability of these sys-
tems, recent studies have mainly focused on utilizing the capabilities and advantages
of the deep learning techniques and, more specifically, its automatic feature extraction
capabilities in image processing and computer vision tasks (Barmpoutis et al., 2020).
Another group of land-based monitoring instruments includes wireless sensors that are
proposed to solve the limitations of the line of sight is the wireless sensors networks
(WSN), which could be classified into two groups of scalar sensors and Multimedia
sensors (Kizilkaya et al., 2022). Wireless sensor networks (WSN) are capable of sens-
ing the environmental parameters such as temperature, humidity, pressure, as well as
the concentration of gases such as carbon monoxide and carbon dioxide and transfer
these data to the control station (Alkhatib, 2014). Despite the many improvements
and capabilities, land-based systems have certain limitations. Growing trees could ob-
struct the line of sight, causing the system to fail. Each tower or sensor component is
responsible for sensing and monitoring a large region, resulting in inevitable delays in
fire detection, particularly at night and in severe weather conditions (Alkhatib, 2014).
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Even though wireless sensor networks have some advantages over optical monitoring
systems, such as not requiring watch towers and providing real-time data without the
need for complex communication links, they have a shorter lifespan due to recharging
issues, and the resolution and coverage area is directly limited by the number of sensors
deployed (Alkhatib, 2014). As a result, they require constant maintenance and they
carry the risk of being destroyed in fire incidents (Bumberger et al., 2013).

Satellite-based systems generally benefit from a combination of different sensors
and large-scale coverage of the earth’s surface. Based on their orbit, satellites could be
classified into five groups including (i) geostationary orbit (GEO), (ii) medium earth
orbit (MEO), (iii) low earth orbit (LEO), (iv) sun-Synchronous orbit (SSO), and (v)
geostationary transfer orbit (GTO). Among these GEO, LEO, and SSO have vast ap-
plications in earth observation tasks (Barmpoutis et al., 2020). Despite great advance-
ments and significant improvements of satellite-based fire detection and monitoring
systems, these systems are limited mainly due to the low spatial resolution sensors
as well as the significant delay between consecutive surveys of the same geolocation
(Akhloufi et al., 2021; Barmpoutis et al., 2020). Besides, as the intensity of thermal
and infrared radiations of fires is negatively correlated with the distance, detecting fires
in their early stages might not be readily feasible (Alkhatib, 2014). Smoke also poses
another challenge as it might be difficult to distinguish it from clouds (Mohapatra &
Trinh, 2022).

In order to address the shortcomings of land-based and satellite systems, aerial
monitoring systems offer unrivaled advantages due to their high maneuverability as well
as different designs, which makes them appropriate for different tasks in the context of
wildfire monitoring and management (Akhloufi et al., 2021). They can carry different
sensors, fly autonomously, and participate in different tasks, including fire detection
and monitoring (Sudhakar et al., 2020), firefighting (Ausonio et al., 2021; Lattimer
et al., 2023; Twidwell et al., 2016), and smoke particulate and aerosol measurements
(Aurell et al., 2021; Z. Wu et al., 2022).

2.4.2 Amidst fire stage: response

When a wildfire occurs, those steps taken to manage and suppress it are referred to as
the response phase (Tymstra et al., 2020). Wildfires in different areas of the world and
ecosystems are highly varied due to the changes in fuels, geography, weather, and fire
regime. Firefighting tactics also differ due to variances in fire characteristics as well as
differences in the nations and individuals involved in fire management (Xanthopoulos
et al., 2020).

Generally, two main strategies/options could be adopted during a response phase:
(i) direct suppression, which includes actions and strategies to suppress fire immedi-
ately and effectively, and (ii) adaptive management of a wildfire, especially in areas
that it is likely to have positive ecological effects (United Nations Environment Pro-
gramme, 2022).

Generally, wildfire suppression management happens in different phases with re-
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spect to the fire development stages. In an effort to put out a fire as soon as it is
discovered, the closest fire management authority will often launch an early attack
called an initial attack. In cases when the initial attack fails to contain the fire, the
extended attack phase is launched, which normally involves more resources and con-
trol techniques. Spreading fires can potentially turn into Type 2 or Type 1 situations,
requiring fire management teams to deploy increasingly more manpower and resources
(Plantinga et al., 2022).

Since wildland fire managers have no control over the weather, attack plans within a
direct response strategy mainly focus on (i) fuel reduction, (ii) specifying the location
of suppression efforts, and (iii) considering minimum-cost suppression tactics. Sup-
pression tactics could generally be classified to direct and indirect attacks. Wetting,
smothering, or separating unburned fuels is how actively burning fuels are addressed
by direct attack. A direct attack can be directly employed to put out a fire or reduce
the intensity of a burning flame. In contrast, indirect attack, which is mainly used in
case of fast propagating or intensely burning fires, tries to disrupt fuel continuity by
creating fire-breaks and allowing the fire to reach a site that is optimal for suppression
actions (NWCG, 2021; Wollstein et al., 2022). An approximate 95% of wildfires are
contained during the initial attack (Murphy, 2004). Yet, understanding the ecosys-
tem adaptability or vulnerability to fire, fuel distribution, infrastructure and lives at
risk, and the probability of an uncontrolled fire development from the outbreak is cru-
cial to be able to carry out a successful initial attack (United Nations Environment
Programme, 2022).

Each suppression tactic type has its advantages and disadvantages (Council, Ac-
cessed in July 2023-a). The flame length could be used as a visual indicator of fire
intensity to identify the most appropriate tactic to suppress a fire. Generally, building
fire lines is one of the most important and widely used strategies during a response
phase. These lines are generally located at a distance to the fire edge, where it is
most likely that the fire will escape, which normally implies the fire front. Hot spot-
ting, which is the technique to attack the fire’s hotter burning points, is also usually
adopted to stop fires from escaping the firelines. Apart from using hand tools and
fire lines to fight the fire, water and other additives such as surfactants, which reduce
the surface tension of water to improve its penetration, class A foams and retardants,
which reduce the flammability of treated fuels and are more effective than water, and
fire gels which perform like foams and expand water and adheres to the vegetation
could also be used depending on the availability and situation (Group, 1996).

Tactical air operations could also be used in certain conditions to deploy significant
amounts of water or retardants when it is required and could result in the overall
reduction of suppression costs. Yet, there are a series of considerations that limit the
use of these facilities. Factors that affect the use of an aircraft in suppression efforts
include (i) heat and altitude of the operation, (ii) size, configuration, and speed of
the aircraft, (iii) terrain shape and limitations, (iv) Environmental, atmospheric, and
wind conditions, (v) turnaround times of the aircraft, (vi) possible flight and aircraft
caused hazards, and (vii) policies. Their operation is normally affected by their large
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physical dimensions, terrain specifications, high winds and turbulence generated by fire,
atmospheric phenomena such as inversion, which keeps the smoke in low altitudes and
prevents visibility, the significant time for returning and reloading the aircraft, which
could also be increased by the distance from support facilities and resources, and the
specific policies that can limit the flight time and duty hours of pilots and aircraft
operation. On the other hand, firefighting aircraft are usually the most expensive
single item in a fire scene (Group, 1996). Apart from the huge cost of acquiring air
tankers, their operation is also extensively expensive. As a rough average, (Gabbert,
2018) reports that putting an air tanker with crew on hold would cost ∼ $30000 per
day while flying it tops up the costs for ∼ $7600 per hour irrespective of the cost of
the suppression liquids.

Another important strategy in fighting wildfires is to use fire. Generally, two strate-
gies could be adopted to fight fire with fire, including (i) burning out and (ii) backfiring.
Burning out implies the method to ignite a fire to consume the fuel between the con-
structed fireline and the edge of the fire, which reduces the chances of the fire line
failure as well as the time required for mop-up. Backfiring, which is defined as setting
fire along the inner edge of the fire line, is another technique that could be used to
consume the fuel in the path of a wildland fire, change the direction or force of the
fire,s convective column, and to reduce the rate of spread of fire (Group, 1996).

According to the UK NFCC guidelines for wildfires, incident commanders should
maintain situational awareness at all stages during the incident. It includes under-
standing the situation and anticipating how the situation may change. Consequently,
they are required to continuously monitor the following data, which would help them
make safe and informed decisions during the incident:

• fire data such as location, size, direction, and rate of spread

• topography of the site including slope, fire position on slope, aspect, or any
probable topographical hazards

• fuel data including fuel type, moisture, and distribution

• weather data including the current values and predictions for wind speed and
direction, temperature, and humidity

• endangered properties, heritage, livestock, and citizens

• location of nearby infrastructure such as wind farms and pipelines

Irrespective of the time and money invested in a comprehensive direct response
approach, there are always dangers that cannot be eliminated. Consequently, in some
areas, a tangible approach would be to develop adaptive response strategies that facili-
tate fire management strategies instead of direct suppression. A shift towards a flexible
management strategy could exert positive ecological and economic benefits. However,
adopting such an approach requires a broad understanding and integrated management



CHAPTER 2. BACKGROUND AND LITERATURE REVIEW 36

approaches that bring into account different factors, including adopted fuel manage-
ment strategies, fire spread estimations, dominant fire regime of the region, monitoring
and early warning systems, population awareness and preparedness (United Nations
Environment Programme, 2022), as well as other parameters such as fire intensity and
annual rainfall of the forested areas (Volkova et al., 2019).

Once a wildfire starts to threaten the structures and assets, a series of actions are
generally taken to mitigate the impact of wildfire, including asset protection and pop-
ulation evacuation (United Nations Environment Programme, 2022). Evacuation of
residents is generally encouraged by the fire management services in order to prioritize
resident safety and reduce the complexity of wildfire management. An early evacua-
tion of populations at risk is hence widely suggested to be the safest course of action
in such conditions (Stasiewicz & Paveglio, 2021). Generally, important components of
evacuation modeling include population, the time before evacuation, variables impact-
ing movement, judgments on routes and destinations, flow restrictions, events affected
by policy decisions, wildfire propagation speed, and designated safety zones (Ronchi
et al., 2023). It should be mentioned that serious negative outcomes may arise from
inaccurately forecasting, planning, or timing an evacuation procedure, or the wild-
fire’s advance rate (Kalogeropoulos et al., 2023). Consequently, different studies have
focused on the development of reliable evacuation modeling platforms through the in-
tegration of pedestrians, traffic, and wildfire propagation models (e.g., see (Mitchell
et al., 2023; Wahlqvist et al., 2021)). Understanding the household movement and
behaviour in emergency conditions is also critical in order to be able to improve WUI
resilience and safety to wildfires (Lovreglio et al., 2019) and positively affects the de-
cisions and management strategies taken during an event such as evacuation orders,
traffic management, and rescue missions (Zhao et al., 2022).

2.4.3 Post-fire stage: loss evaluation and recovery

Wildfires directly impact the natural environment, including Vegetation cover, wildlife,
water and soil quality, and human communities and economies. The recovery phase
includes all efforts to restore or reconstruct the vegetation, forest cover, or natural envi-
ronment (Tymstra et al., 2020). The risks are not completely eliminated in any wildfire
management system with any hazard reduction and suppression strategies. Hence, re-
covery planning remains an important element of a disaster management system. The
recovery phase generally encompasses three main aspects, including (i) community aid,
(ii) infrastructure, and (iii) environment (United Nations Environment Programme,
2022). Emergency housing of the affected population, providing financial support and
financing for the community, and establishing long-term assistance plans could be con-
sidered as actions taken to aid the community. Wildlife and environmental rescue and
restoration actions, as well as infrastructure damage assessments and repairs, are also
examples of actions in the recovery phase of communities (United Nations Environ-
ment Programme, 2022). For example, the burned area emergency response (BAER)
program established by the USDA, is designed to address the emergency situations
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after fire through determining, recommending, and implementing emergency actions
with the priorities focused on protecting life, property, and natural resources (USDA
Forest Service, 2020).

Wildfires pose a great risk to the buildings and infrastructure located in the wildland-
urban interface (WUI). When a fire breaks out in a WUI, homes are either directly
ignited as the firefront reaches out to the buildings or through firebrands, which pose
a threat to the buildings further from the main firefront yet close enough to the dense
vegetation for the firebrands to reach them (Kramer et al., 2019). Numerous examples
of destructive WUI fire incidents could be cited. For example, in 2018, the Camp
Fire, which burnt an area of almost 62000 hectares, burnt more than 18000 buildings,
destroyed Paradise City in California, and caused more than 85 deaths (NASA Earth
Observatory, 2018). In the newest example of such devastating WUI fires, the Lahaina
fire in Maui island burnt an area of approximately 900 hectares, burnt nearly 2200
buildings, destroyed the historic town of Lahaina, and left more than 115 people killed.
Initial estimations have indicated that the costs of re-buildings would be equal to 5.52
billion dollars (CBS News, 2023). The post-disaster infrastructure must be matched to
the community’s anticipated demand for its constructed and virtual environments in
order for the recovery process to be successful. In the larger natural hazards commu-
nity, replacing what was destroyed is no longer considered to be a successful recovery.
Instead, restoration initiatives must promote resilience in a community’s built, social,
and biological environments (Federal Emergency Management Agency, 2011). A study
performed by (Knapp et al., 2021) examined the effect of housing arrangement (i.e. dis-
tance to closest homes and nearest burnt structure, and density of buildings in the area)
and vegetation factors (such as grass and crown canopy cover close to the buildings) on
the buildings’ survival rate during the 2018 Camp Fire incident, taking into account
the construction year and the adopted building regulations for each time period. Their
results demonstrate that while higher quality construction and standards might help
protect subdivisions against direct exposure to the flames, the proximity of the building
to burning structures and vegetation is the most significant factor affecting the sur-
vival rate of a building during a wildfire. Consequently, in terms of wildfire recovery,
a successful recovery implies rebuilding fire-resistant structures, enhancing vegetation
management practices, improving social support systems that minimize susceptibility,
and confining future growth into wilderness areas (Schumann et al., 2020).

Ecological rehabilitation following wildfires generally focuses on both the direct and
indirect effects of the fire. Wildfires are an inherent process within the ecosystems, and
as a result, some individual incidents can be beneficial to the ecosystem. Yet, long-
term shifts in fire regimes put significant stress on ecological and evolutionary processes
and patterns (Meyer et al., 2021). Wildfires generally affect the biological ((micro-
organisms, biota activities, and soil invertebrates) and physio-chemical properties of
soils (i.e. soil water repellency, aggregate stability, bulk density, and texture). Yet,
these effects are highly correlated with the intensity, duration, and frequency of the
fire. Hence, the effects of low-intensity prescribed fires and high-intensity wildfires on
soil characteristics could be significantly different (Agbeshie et al., 2022). For example,
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some studies such as (Hubbert et al., 2012; Weninger et al., 2019) have reported an
increased water repellency (decreased infiltration) of soils after wildfires, which would
result in increased runoff. The amount of sediment yield to the downstream basins
is also highly affected by wildfires, with the peak value occurring in the first year
following the wildfire. However, the sediment yield decreases as the vegetation recovers
(Hubbert et al., 2012). Surface runoff then carries leftovers and ashes from burnt areas
and deposits them in surface waterways, and degrades the quality of surface waters
such as rivers and lakes by significantly increasing the concentration of pollutants such
as heavy metals (Raoelison et al., 2023).

The goal of forest and landscape restoration is to restore ecological functionality
and improve human well-being throughout damaged environments (Food et al., 2019).
A variety of different strategies, such as unassisted recovery, the removal of succes-
sion obstacles (such as fire, competition, and erosion), restoring plant species, and the
creation of commercial plantations or agroforestry systems could be utilized for this
purpose (Food et al., 2019; Scheper et al., 2021). Natural regeneration is highly de-
pendent on the forest’s capacity to recover independently (Scheper et al., 2021), yet it
is highly dependent on the natural capacity of the forest independent restoration and
parameters such as the fire intensity and mean annual rainfall (Volkova et al., 2019).
Standing plants, as well as soil layers storing seeds, can be burned by intense fires.
Such fires can substantially impede the recovery process as propagule availability is
necessary for a successful natural regeneration (Holl et al., 2000; Scheper et al., 2021).
An assisted natural regeneration strategy, however, could be utilized under unfavorable
conditions such as destroyed seed banks or frequent fire incidents (Scheper et al., 2021).
An assisted natural regeneration strategy, hence, tries to promote natural regeneration
through lowering biophysical obstacles to succession (Shono et al., 2007). It hence
comprises relatively straightforward, affordable procedures like weed management and
the development of firebreaks as well as more sophisticated and expensive ones like
erosion control, topsoil replacement, hydrological restoration, and enrichment plant-
ing either through direct seeding or planting nursery-grown seedlings (Scheper et al.,
2021). Commercial restoration, which includes plantation forests and agroforestry, is
another strategy that accounts for a significant portion of restored forests that offers
more immediate socioeconomic advantages but less ecological value compared to nat-
ural restoration strategies (Scheper et al., 2021). In artificial regeneration, accurately
selecting the best strategies and the right tree species are crucial to ensure seedlings’
early establishment and growth. Generally, two techniques could be utilized in order
to plant tree seedlings, including (i) direct seeding, and the more reliable method of
(ii) transplanting nursery-produced tree seedlings (Stelzer, 2019).

It is obvious that the adoption of strategies and post-fire recovery planning requires
accurate and timely information on the amount and severity of losses caused by the fire
incident, as well as the information regarding the natural potential of the environment
to recover. For example, despite burning less frequently than dry forests, humid tropical
forests are more susceptible to the impacts of fire and recover slower than forests
with a longer fire history (Scheper et al., 2021). The extent and severity of the fire
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and its ecological consequences on the ecosystem could be identified by locating the
affected areas (Yilmaz et al., 2023). When deciding what immediate actions should be
done after a fire, burn severity (BS) maps that represent changes in plant and forest
soil properties (Garćıa-Llamas et al., 2019; Yilmaz et al., 2023) and burnt area (BA)
maps (Chuvieco et al., 2019) have a high priority. Different techniques Historically,
government organizations gathered BA data based on reports from fire management
crews and ground estimations. Yet, with the launch of the first Landsat satellite
in 1972, many researchers started using satellite imagery as a reliable method for
burn area detection and mapping, which mainly relies on the difference between the
level of spectral reflectance between pre-fire and post-fire conditions (Chuvieco et al.,
2019). With the current developments in sensors and processing technologies, three
main types of sensors are used in the burn area and burn severity mapping, including
(i) optical sensors/cameras, including the visible light cameras (RGB), near-infrared
(NIR), shortwave infrared (SWIR), middle infrared (MIR) and thermal domain, (ii)
synthetic aperture radar (SAR) systems which transmit microwave impulses and are
specially used for tropical and cloud covered areas, and (iii) Lidar sensors. However,
recent research and products mainly utilize a combination of the available methods
and sensors (Chuvieco et al., 2019).

2.5 Unmanned Aerial Vehicles in Wildfire Emer-

gency Response

Unmanned Aerial Vehicles (UAV) generally imply a flying robot that is not controlled
by a human pilot. Hence, control functions of the UAV must be performed automati-
cally, either on-board or off-board. For some years, the term UAV, or unmanned aerial
vehicle, has been used to designate unmanned aerial systems. (Dalamagkidis, 2015b).
Later, the United States Department of Defence (DOD), the Federal Aviation Admin-
istration (FAA), and the European Aviation Safety Agency (EASA) came up with the
new term Unmanned Aircraft System (UAS), which is used to imply the UAV and its
airworthiness, and other components of the system including ground control stations,
communications, and the launch and retrieval systems (Dalamagkidis, 2015b).

2.5.1 Terminology and classifications

Generally, different metrics such as mean take-off weight (MTOW), size, capabilities,
or combinations of these metrics (Dalamagkidis, 2015a) could be used to classify UAVs,
yet other factors, including engine type, endurance, speed, and production costs are
also considered in some classifications (Hassanalian & Abdelkefi, 2017). The most
widespread and contradictory classifications, however, are based on the UAV weight.
(Brooke-Holland, 2012) classified the UAVs based on their weight into 6 classes of
Nano (W≤0.2kg), Micro (0.2<W≤2 kg), Mini (2<W≤20 kg), Small (20 <W≤150
kg), Tactical (0.2<W≤2 kg, and MALE/HALE/strike drones (W¿600 kg). Another
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Table 2.1: UAV classification based on Airspace class of operation (Dala-
magkidis, 2015a; Dalamagkidis et al.,., 2012)

Class Airspace Class Sense and Avoid System (S&A) Transponder two-way ATC communication
VLA/LOS* Class G Not required Not required Not required
VLA/BLOS** Class G required required Not required
MA*** Class A-E required required required
VHA**** Above F1600 required required required
*very low altitude /line of sight
**very low altitude /beyond line of sight
***medium altitude
****very high altitude

classification by (Weibel & Hansman, 2004) suggests five categories of micro (W¡ 2 lbs),
Mini (2 lbs <W ≤ 30 lbs), Tactical ( 30 lbs < W≤ 1000 lbs), Medium and high altitude
(1000lbs <W<30000 lbs), and heavy ( 30000≤ W). Another important aspect of UAV
specifications includes the UAVs’ Operational Altitude and Control requirements. The
proposed classification of UAVs based on the airspace class is presented in Table 2.1.
Note that the G and FL600 airspaces normally denote altitudes below 500ft and above
30,000 ft, respectively.

In terms of mission capabilities, UAVs could be categorized into (i) horizontal take-
off landing (HTOL), (ii) vertical take-off landing (VTOL), (iii) hybrid models, (iv)
heli-wing, and (v) unconventional models (Hassanalian & Abdelkefi, 2017). VTOL
systems have the advantage of vertical take-off as well as hovering over the desired
location, which comes at the cost of reduced endurance and cruise speed of these
UAVs. On the other hand, HTOL has higher cruise speed and flight time, which are
valuable when long-range missions and monitoring of remote areas are of interest. Due
to these limitations and advantages, different types of hybrid drones are developed to
address different operational requirements (Hassanalian & Abdelkefi, 2017).

The United State’s National Institute of Standards and Technology (NIST) defines
autonomy to be the condition of being self-governing. Being autonomous makes it
feasible for a drone to sense, perceive, analyze, communicate, plan, make a decision,
and act in order to reach the desired goal of the system. The level of autonomy is
determined by criteria such as mission complexity, environmental challenge, and the
level of human-robot interaction required to complete the missions. (Huang, 2004).
Based on the level of human-robot interaction in the system, a system could be cat-
egorized into four levels of autonomy: (i) fully autonomous, (ii) semi-autonomous,
(iii) teleoperation, and (iv) remote control. A fully autonomous mode of operation is
the state wherein the unmanned system is expected to carry on the desired mission
without any human intervention. In contrast, a semi-autonomous system is expected
to plan and accomplish the target while specific tasks are carried out through different
levels of human-robot interaction. Teleoperation is the state of control wherein the
human operator uses video or data feedback to control and assign tasks to the system
components directly. Finally, a remote control system is established when the human
operator directly controls the actuators of the UAV continuously (Huang, 2004).
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2.5.2 UAVs in pre-fire stage

Aerial monitoring systems offer unrivalled advantages to address the shortcomings of
land-based and satellite systems, mainly due to their high manoeuvrability as well
as different designs, which makes them appropriate for different tasks in the context
of wildfire monitoring and management (Akhloufi et al., 2021). They can carry dif-
ferent sensors, fly autonomously, and participate in different tasks. Normally, UAV
utilization in the pre-fire emergency response phase encompasses monitoring flights for
geographical terrain data collection, vegetation detection and classification, fuel load
estimations, and Fire risk assessment. Different types of UAVs and Sensors, such as
multispectral cameras and LIDARs, are used for these purposes in different studies
(Keerthinathan et al., 2023). Generally, machine learning (ML) or deep learning (DL)
techniques are used to classify the vegetation in UAV-based multi-spectral images or
data points. For example, (Kattenborn et al., 2019) utilized DL models for detailed
classification of plant communities and species based on high-resolution RGB imagery
from UAVs. In another study, (Hillman et al., 2021) investigated the efficiency of
UAV-based LiDAR and photogrammetric techniques for characterizing forest struc-
ture, which is essentially important in the estimation of wildfire behaviour. Their
results show that UAS LiDAR successfully captures information on canopy cover and
sub-canopy layers, providing comparable estimates to terrestrial LiDAR (TLS).

2.5.3 UAVs in amidst-fire phase

The current state of UAV utilization in the amidst-fire stage mainly focuses on fire
detection and monitoring, yet fewer studies have considered fire suppression activi-
ties. Various spectral and atmospheric measurement sensors onboard UAVs are used
in different studies for fire detection and propagation monitoring. Atmospheric sen-
sors offer numerical data on environmental factors such as temperature and humidity
and enable straightforward analysis using statistical and AI techniques. They can
also process data onboard without a constant wireless connection to a central system.
However, they can be inaccurate due to external disturbances (Keerthinathan et al.,
2023). Spectral sensors such as RGB, thermal, and Infrared cameras are also exten-
sively used for fire detection and monitoring purposes with UAVs (Akhloufi et al.,
2021; Keerthinathan et al., 2023). For example, (Georgiev et al., 2020) introduced
an autonomous early fire detection system using a convolutional neural network for
object detection. It employs live video feed from a UAV patrolling high-risk areas,
incorporating optical and thermal cameras for improved fire probability predictions.
The software platform autonomously processes data from both cameras, filters false
positives, maintains a gallery of patrol images, and provides real-time UAV location on
a map. However, it should be highlighted that implementing DL algorithms on board
UAVs is not straightforward due to the limited computational capacity of onboard
processors. Consequently, some studies have proposed lightweight models that could
be executed in real-time onboard the UAV for wildfire detection (i.e., see (Fouda et al.,
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2022)). Some studies have also proposed using UAV swarms for wildfire detection and
monitoring. Comparing the performance of four algorithms, including Random walk
(RW), random walk with dispersion (RWDP), pheromone avoidance (PHA), and dy-
namic space partition (DSP), (Tzoumas et al., 2023) explored the use of UAV swarms
with long endurance for early wildfire detection in large areas. Considering an area as
large as California, the DSP proves to be the most effective, detecting 82% of fires with
just 20 UAVs and achieving 100% coverage with 40 or more UAVs. The system also
exhibited robustness in the face of agent failures and new fire outbreaks. (Karvonen
et al., 2023) proposed a concept of operation for a semi-autonomous swarm of UAVs
to support wildfire management and fighting through providing real-time fire detection
and fire front monitoring. Another study performed by (Viseras et al., 2021) addresses
the need for real-time wildfire monitoring using a cooperative reinforcement learning
(RL) framework with autonomous UAVs. The framework extends previous methods
by proposing two approaches: Multiple Single-Trained Q-learning Agents (MSTA) and
Value Decomposition Networks (VDN). Results demonstrate that MSTA and VDN
outperform the existing methods, with VDN excelling in complex fire scenarios re-
quiring inter-UAV coordination. MSTA shows stability and scalability for larger UAV
teams, while VDN exhibits higher learning complexity.

In addition to monitoring wildfires, some research have proposed frameworks for
firefighting UAV systems with different levels of autonomy and functionality (e.g., see
(Ausonio et al., 2021; Bhat et al., 2021; Gayathri et al., 2022; Viegas et al., 2022)).
For example, (Peña et al., 2022) proposed a firefighting UAV called WILD HOPPER
capable of suppressing fires by discharging its payload of up to 600 litres. As an-
other innovative solution (Bhat et al., 2021) proposed a hexacopter framework capable
of carrying and dropping fire extinguishing balls on the fire front. Apart from de-
signing Firefighting UAVs, some studies have focused on the concept of UAV swarms
of firefighting drones. Coupling a physics-based fire propagation model and a self-
organization swarm intelligence algorithm, (Innocente & Grasso, 2019b) proposed a
swarm of collaborative firefighting UAVs for autonomous fire suppression. (Ausonio
et al., 2021) proposed a conceptual UAV-based framework that utilizes a swarm of hun-
dreds of UAVs to extinguish the firefront in forest fires. Their proposed system ensures
uninterrupted firefighting through automatic battery replacement and liquid refill. The
research estimates the system’s effectiveness by calculating the critical water flow rate
based on various factors influencing fire behaviour and the number of meters of active
fire front that can be extinguished depending on the drones and extinguishing fluid
available. Another strategy for fighting fires with UAVs is dropping fireballs to ignite
prescribed fires. A recent study performed by (Lawrence et al., 2023) evaluated the in-
corporation of Small Unmanned Aerial Systems (UAS) for aerial ignition in prescribed
fire and wildland fire programs. A comparison is made between UAS and non-UAS
burns, analyzing data from 2012 to 2021, which includes 58 UAS burns conducted from
2019 to 2021, with a focus on post-burn assessment data. The results show that UAS
burns from 2019 to 2021 were 129% more efficient than non-UAS burns.
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2.5.4 UAVs in post-fire phase

UAVs could generally be utilized in different aspects of the post-disaster recovery phase,
including community aid, infrastructure surveillance and assessment, and environment
recovery. In terms of community aid, even though UAVs are unlikely to replace conven-
tional vehicles, different initiatives and programs are still exploring the viability of the
use of UAVs in order to deliver critical humanitarian aid in a timely manner to the com-
munities affected by disasters. These innovations and explorations include delivering
vaccines or critical medical aid to affected individuals or communities, and establish-
ing a network for emergency communications (World Food Programme (WFP), n.d.)
when equipped with proper devices. In addition to that, UAVs could also be used to
deliver food and water, lighting devices, and communication devices such as radios to
communities and individuals affected by natural disasters (Estrada & Ndoma, 2019).
So far, various heavy lift or cargo delivery platforms have been developed by different
companies, among which Flyingbasket’s FB3 (FlyingBasket, 2023) and Airbus’s multi-
mission cargo copter (Airbus, n.d.) delivery UAV can be mentioned. For example, the
coaxial multi-rotor FB3 has a flight time of 9 minutes while carrying a payload of 75
kg at a cruise speed of 12m/s (FlyingBasket, 2023), which makes it a potential candi-
date for carrying out post-wildfire or even amidst-fire delivery or participating fighting
activities. Additionally, Airbus is creating a heavy-lift unmanned aerial vehicle (UAV)
that can travel 300 km while carrying up to 250 kg (Airbus, n.d.) that is initially going
to be developed for military purposes but has many potential applications in disaster
management activities.

The idea of using Unmanned devices for aerial photography of disaster sites goes
back to the early 20th century when George Lawrence built his large-format cameras
and used a series of unmanned kites to fly his camera and obtain aerial views. Utilizing
this technique, he was able to document the amount of destruction caused by the great
San Francisco earthquake that was followed by the largest fire in the nation’s history
to that date, which lasted for three days and destroyed approximately four square
miles of the city and killed nearly 3400 people (Library of Congress, Year of Access).
Since then, damage mapping has remained a challenging problem despite numerous
efforts and developments. It has seen the use of various sensors on airborne platforms,
from tethered to autonomous and even satellites in various configurations, all aiming
for more automated damage detection (Kerle et al., 2020).In this context, UAV-based
sensing of the site could be utilized for mapping damages within the interior spaces
from a small building scale (Ali et al., 2021) up to the landscape scale disaster damage
assessment (Kakooei & Baleghi, 2017). Aerial mapping and leak detection in oil and
gas pipelines (Korlapati et al., 2022) and district heating systems (Hossain et al., 2020)
are also becoming increasingly popular in the research community.

Environment recovery through afforestation and reforestation by tree planting is
normally utilized for different purposes, including reducing soil erosion and runoff,
reducing the likelihood of zoonotic disease outbreaks, offering ecosystem services to
indigenous people, and conserving carbon dioxide(Mohan et al., 2021). Robins et al.,.,
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(Robinson et al., 2022) suggest that UAVs could be used in planning, implementing,
and monitoring the restoration of the environment. For example, UAVs could be used
for Burnt area (Qurratulain et al., 2023; Ribeiro et al., 2023) and Burn severity mapping
(Hillman et al., 2021), vegetation mapping (Hamylton et al., 2020; Sierra-Escrigas et al.,
2020), plant water stress (Lacerda et al., 2022) or health assessment (Chin et al., 2023),
water resources quality monitoring and sampling (R. Zhang et al., 2023), and wildlife
tracking and census (A. Chen et al., 2023) during restoration planning (Robinson et
al., 2022). UAVs are extensively used for forest recovery and monitoring purposes
(Andrio, 2019; Guerra-Hernández et al., 2021; Salamı́ et al., 2014; J. Zhang et al.,
2016); however, such systems need to be supported by proper decision-making systems
and procedures as they require a vast amount of information regarding topography,
vegetation coverage, and soil quality to decide the optimal location and specific species.
The seed dispersal operation is then planned and executed based on the information
gathered and the decisions resolved (Mohan et al., 2021). In general, aerial seeding for
reforestation dates back to the middle of the 20th century. For instance, helicopters
and fixed-wing aircraft were used to perform aerial direct seeding, which made up 50%
of Canadian reforestation practices. Yet, the general seedling establishment rates are
typically around 20%, which is considered low even though this is a quick and flexible
option, especially for remote and difficult-to-reach or inaccessible terrains (Grossnickle
& Ivetić, 2017). Consequently, a high-volume seed-firing from drones might not be
an efficient solution. Rather, drones have the advantage of increasing success rates by
accurately delivering seeds to areas where the establishment is most likely to occur.
This can be done by scattering the seeds in predetermined areas (such as predetermined
microhabitats) where the likelihood of seedling establishment is increased. Besides, it
has the advantage of being considerably cheaper (up to 80%), much quicker (up to 25x
(AirSeed Technologies, 2023)), more efficient, and in larger areas compared to human
workers without exerting risk to humans (castro2021). Besides, such systems are
scalable and could be utilized in the form of swarms, which could cover vast amounts
of areas simultaneously.

In order to maximise the chances of success for seedling establishment, different
innovative approaches are developed. For example, the US-based company Mast (Mast
reforestation, 2023) has developed resistant seedlings with more robust root structures
and greater root fibrosity with the intention of being used in nutrient deficit harsh post-
fire environments. Seedpods, which contain the determined species of tree seed, water-
retention agents, helpful bacteria and fungus, minerals and nutrients, and a conditioner
for a healthy growing medium to maximise chances of successful establishment, is
another innovation that is developed by different startups, such as the Australian
AirSeed (AirSeed Technologies, 2023), and the Canadian FlashForest (Flash Forest,
2023) startups. These seedpods are scattered or fired toward the soil by high-pressure
air systems (Grossnickle & Ivetić, 2017; Mohan et al., 2021) at a rate of up to 40000
pods per day. However, as each species has particular needs for collecting and storage,
the supply of seed is a key constraint on seed pod production (Mohan et al., 2021).
The post-planting monitoring phase starts immediately after seedlings have developed
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Figure 2.10: UAVs in different phases of wildfire emergency re-
sponse(Tavakol Sadrabadi et al., 2024).

roots in the soil, where UAVs could be used for health and growth monitoring, as well
as delivering water and nutrients to the seedlings (Mohan et al., 2021). For example,
the Chinese company DJI (DJI, 2023) has developed different UAV models, such as the
AGRAS T40 with a carry-on load of up to 50 kg, for agricultural purposes, including
spraying water or fertilizers.

Figure 2.10 visualizes the general overview of UAV utilization in different phases of
wildfire emergency response. Note that the majority of the mentioned tasks are either
in the research phase or casual utilization.

2.6 Wind Measurements and Downscaling

The importance of the wind measurements lies in the synoptic structure of the atmo-
sphere and the fire-atmosphere interaction. Considering that the wind field is heavily
affected by the fire plume dynamics, and the wind reciprocally affects the rate of spread
of fire (see (Potter, 2012b)), it would be ultimately useful to measure wind characteris-
tics at different stages of fire. As mentioned in the previous section, even though UAV s
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are less suitable for prolonged measurements due to the limitations that contribute to
the limited flight time, they have mobility in three dimensions, which makes them flex-
ible and cost-affordable instruments for providing spatiotemporal measurements of the
desired variables such as the atmospheric wind (Thielicke et al., 2021). As a result, and
due to their advantages over other options available such as wind LIDARs, balloons,
and wind measurement towers, an increased number of studies have focused on the
use of UAVs for wind field measurement tasks (e.g. (see Sasaki et al., 2021; Vasiljević
et al., 2020)). Generally, both fixed-wing and rotary-wing UAVs could be used for
atmospheric wind measurements, with fixed-wing UAVs more suited to measurement
tasks that cover large areas and rotary-wind UAVs mostly suitable for measurements
that need hovering on a spot for long periods such as validating wind measurements
and in the proximity of the structures (Thielicke et al., 2021). Wind measurements
using drones could be performed through the use of external wind sensors or onboard
sensors of the avionic system of the UAV (Wetz et al., 2021). The idea of performing
coordinated wind measurement with a group of UAVs was presented first by (Prudden
et al., 2018) yet the first actual implementation of such a system in the field is per-
formed by (Wetz et al., 2021) that utilizes a group of quadrotors hovering for a long
period at certain locations, to provide spatiotemporal wind measurements.

However, it should be highlighted that it is the near-surface wind field that actually
controls the instant fire behaviour and hence is of interest for wildfire propagation
estimations. Still, accurately representing the wind field around a wildfire is highly
computationally expensive, especially at large scales where utilising numerical weather
prediction (NWP) models becomes inevitable. These models, however, have severe
memory and performance requirements that restrict the availability of fine-scale (high-
resolution) forecasts (Höhlein et al., 2020). Consequently, coarse-scale weather service
models have often been employed in wildland fire decision support systems, where a
domain-averaged wind field– often implied as uniform wind field–may be constructed
from the outputs of these models and used as input to fire models (Forthofer et al.,
2014).

To address this shortcoming, a series of downscaling techniques are developed to ex-
tract higher-resolution wind components from low-resolution NWP simulations. Down-
scaling is generally a method for avoiding expensive high-resolution simulations across
large geographic scales by inferring information on physical characteristics at the local
scale from freely accessible low-resolution simulation data using appropriate refine-
ment techniques (Höhlein et al., 2020). Dynamic and empirical-statistical approaches
are two major categories into which these techniques may be classified (Hewitson &
Crane, 1996). Dynamic Wind downscaling models are physics-based models that solve
a series of governing equations of the fluid and can be classified into two broad groups
including (i) prognostic and (ii) diagnostic models. Prognostic models, such as those
employed in numerical weather forecasting, solve mass, momentum, energy, and mois-
ture conservation equations and advance in time. They often include detailed methods
for the dynamics of boundary layers, land-atmosphere interactions, radiation, thermo-
dynamics, and cloud processes. Due to the addition of physical processes, prognostic



CHAPTER 2. BACKGROUND AND LITERATURE REVIEW 47

model weather predictions demand a substantial amount of computational power, have
complicated beginning and boundary conditions, and require highly skilled personnel
to operate(Forthofer et al., 2014; Homicz, 2002). Diagnostic or steady-state models,
on the other hand, are used to forecast the wind field at a certain point in time. The
result may be used to depict winds over a period of time that is either quasi-steady
or time-averaged. To account for the effects of terrain on an initial flow field obtained
from point measurements or a coarse-scale weather model, diagnostic models employ
mass, momentum, and energy conservation alone or in combination to account for
terrain effects on an initial flow field obtained from point measurements or a coarse-
scale weather model. Diagnostic models often have much lower processing needs than
prognostic models due to the absence of time stepping. Diagnostic models are often
employed in disaster response systems that demand rapid calculation times and are
performed by casual users with minimal computer resources (Forthofer et al., 2014).
Consequently, due to transient and thermal influences, diagnostic models are unable
to mimic boundary layer evolution.

(Forthofer et al., 2014) examined the accuracy of three approaches for simulating
high-resolution surface winds: (i) a uniform wind field, (ii) wind downscaling using a
mass-conserving CFD model, and (iii) wind field simulation with a mass-momentum
conserving CFD model (FLUENT). Results indicated that both CFD methods signif-
icantly improved accuracy compared to the uniform wind field. It was concluded that
the error of the momentum conserving model compared to the measured values was
among 10 to 32% with the lowest accuracy observed on the lee side of the hills which
is the most difficult area to be simulated. Besides, the results of the mass-conserving
model were between 0.3 to 3 times the measured values, indicating significant errors
compared with measurements. Yet, the simulation time is significantly shorter than
that of mass-momentum conserving models which makes them suitable for operational
use. (Wagenbrenner et al., 2016) examined the capability of a mass-conserving di-
agnostic CFD model, titled WindNinja, to downscale surface wind predictions from
four different mesoscale weather prediction models: Weather Research and Forecasting
Reanalysis (WRF-NARR), High-Resolution Rapid Refresh (HRRR), Routine Weather
Research and Forecasting (WRF-UW), and North American Mesoscale Model (NAM).
Their results indicated that wind projections for all NWPmodels increased significantly
when downscaled using WindNinja. The most significant gains occurred during high-
wind situations (close to neutral atmospheric stability), when recorded wind speeds
exceeded 10 m.s−1. Besides, WindNinja could not forecast the observed recirculation
of lee-side flow at BSB during externally induced high wind occurrences. This is largely
owing to the WindNinja flow solution’s absence of a momentum equation. This study
illustrates how dynamic downscaling using a mass-conserving wind model may enhance
NWP model wind predictions in difficult terrain, particularly during high-wind occur-
rences. These enhancements could result in more accurate predictions from additional
model applications that are sensitive to surface wind fields, such as wildfire behaviour,
local-scale transport and dispersion, and wind energy applications.

As an alternative, statistical downscaling utilizes predictor data from a large-scale
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simulation to derive predictions at the smaller sizes (referred to as predictand data).
Statistical models are trained on a given set of predictor–predictand data pairs to
discover the fine and coarse correlations between the measured quantities (Höhlein
et al., 2020). So far, different statistical downscaling methods have been developed
(Abatzoglou & Brown, 2012; Rios et al., 2018) yet, with the recent advancements
in machine learning (ML) and deep learning (DL) methods, different studies have
focused on the use of the state-of-the-art DL algorithms and methods for this purpose
(see Dujardin & Lehning, 2022; J. Zhang & Zhao, 2021). In particular, Convolutional
Neural networks (CNN) and single image super-resolution (SR) tasks (see Cheng et
al., 2020; Stengel et al., 2020) have proven to be effective in this manner due to their
capabilities in learning multidimensional mappings, especially for spatially distributed
data and generation of high-resolution data from low-resolution inputs (Höhlein et
al., 2020). For instance,(Dujardin & Lehning, 2022) developed a multi-dimensional
deep learning model called Wind-Topo to estimate the high-resolution wind field from
large-scale estimations over the complex topography of Switzerland. They combined
the low-resolution wind and topography data available from Intercantonal Measuring
and Information System (IMIS) with high-resolution digital elevation models (DEM)
to translate wind velocity components from a 1113×1113 m2 grid to 50×50 m2 grids.
Le Toumelin et al., 2024 developed a deep learning model to correct and downscale
the wind field from 1300 m to 30 m. The model consists of two fully connected neural
networks for correcting wind speed and directions prior to feeding the corrected data
to a convolutional neural network which is responsible for improving the resolution
of estimations. They also developed two custom loss functions for training the fully
connected neural networks to improve the wind speed and direction corrections.

This super-resolution procedure is however generally referred to as flow field re-
construction within the context of flow mechanics literature. An example would be
to interpret a low-resolution fluid flow image (data matrix) as a collection of sparse
sensor measurements. Utilising such an approach, super-resolution analysis could be
extended to address the inverse problem of reconstructing global fields from local ob-
servations (Fukami et al., 2023). Different studies have utilised various deep-learning
models for flow field reconstruction purposes. Examples include convolutional neural
networks mostly with UNet structures (i.e. see Fukami et al., 2019; J. Zhang et al.,
2023), artificial neural networks with autoencoder architectures (Dubois et al., 2022),
and physics-informed frameworks (L. Wang et al., 2024; J. Zhang & Zhao, 2021).

2.7 Artificial Intelligence and Wildfire Science

With the recent advancements in AI capabilities, the application of different algorithms
and methods in wildfire science and management has sharply increased. This section,
however, does not intend to perform a comprehensive review of the applications of AI
in wildfire science and management, rather it is dedicated to highlighting key aspects.
Jain et al., 2020 classified the available literature on the applications of AI in wild-
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fire science and management in six groups including (i) fire occurrence, susceptibility,
and risk, (ii) fuels characterization, fire detection, and mapping, (iii) fire behaviour
prediction, (iv) fire effects prediction, (v) fire weather and climate change, and (vi)
fire management. Their review also indicated that the fire occurrence, susceptibility,
and risk group has received the highest attention among others. They also indicated
that the majority of studies performed before 2018, mostly utilize classical machine
learning models such as random forests (RF), support vector machines (SVM), etc.
However, a boost in the utilization of neural networks could be observed after 2019.
Even though their study only considered published work before 2019, with the current
trend in developing advanced deep learning models, it could be concluded that the
same trend might still be valid and the majority of recent studies focus on advanced
deep learning (DL) or even reinforcement learning (RL) models nowadays.

Vegetation or fuel characterization is one of the applications of AI in wildfire man-
agement that has received a substantial amount of interest within the past years. This
is mostly because an accurate fuel classification and distribution throughout the land-
scape is necessary for making meaningful predictions of fire behaviour and propagation
(Arroyo et al., 2008; Kim et al., 2009). Therefore, quick and precise mapping of veg-
etation type and land cover is essential to enable fire propagation prediction models,
particularly those that are intended for faster or real-time simulations (Grasso & In-
nocente, 2020b). A variety of emergency management initiatives, such as evacuation,
suppression, and prevention, can be aided by this knowledge (Ausonio et al., 2021;
Campbell et al., 2019; Innocente & Grasso, 2019c; Martell, 2015). Research to charac-
terise vegetation is generally concerned with (Tavakol Sadrabadi & Innocente, 2023):

1. Capturing unique structural characteristics, including height, single-tree biomass,
branching structure, canopy volume, and diameter at breast height (DBH) (e.g.
(Kato et al., 2009)).

2. Estimating vegetation properties over a landscape (metrics) including canopy
biomass, canopy fuel load (CFL), moisture content, canopy base height (CBH),
and canopy bulk density (CBD) (e.g. (Engelstad et al., 2019; Marino et al., 2022;
Rao et al., 2020; Yebra et al., 2018)).

While certain structural traits are predicted using variables that are easier to mea-
sure, others are obtained directly, for example, through conventional field measure-
ments. For instance, allometric equations are typically used to estimate single-tree
biomass from tree data (Vorster et al., 2020). Traditional approaches can provide
accurate measurements and biomass and cover estimations, but they necessitate diffi-
cult and time-consuming fieldwork to gather data in a highly localised way (not easily
scalable) (Anderson et al., 2018; Hartley et al., 2022). On the other hand, three-
dimensional point clouds produced by (terrestrial or aerial) laser scans are perfect for
collecting the structural properties of trees via tree segmentation, while effective crown
data acquired via laser scans can be used to estimate single-tree biomass (Zheng et al.,
2019). It is helpful to both characterise the fuel and classify the fuel type (Hartley et
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al., 2022) since the type of fuel has a significant impact on fire behaviour (Chuvieco et
al., 2003; Tavakol Sadrabadi & Innocente, 2023). Anderson et al., 2018 mentions that
laser scan point clouds and machine learning (ML) or deep learning (DL) techniques
are the mainstays of current research on fuel characterisation and fuel type categori-
sation for both regression and classification problems. Y. Li et al., 2019 used three
distinct machine learning algorithms—emphLinear Regression (LR), Random Forest
(RF), and Extreme Gradient Boosting (XGB)—to examine the impact of variable selec-
tion. Their findings suggest that variable selection, particularly for the XGB technique,
can greatly increase the accuracy of all models. Luo et al., 2021 estimated the above-
ground biomass in forests using RF, XGB, and Category Boosting (CatB) regression
models in conjunction with feature selection techniques. According to their findings,
feature selection has a major impact on model accuracy, and Recursive Feature Elim-
ination (RFE) and CatB work together to greatly outperform other models (Tavakol
Sadrabadi & Innocente, 2023). In an early research, (Blackard & Dean, 1999) evalu-
ated the prediction accuracy of forest cover types from cartographic variables using a
Feed-Forward Neural Network (FFNN) model and the Gaussian Discriminant Analysis
(GDA) method. With a huge dataset, FFNN yielded an accuracy of 70.5%, but GDA
only managed 50.4%. Achieving an overall accuracy of 97.01%, (Macmichael & Si,
2017) outperformed all other models by a significant margin. Together with Principle
Component Analysis (PCA) for feature selection, k-fold cross-validation, and model
parameter optimisation, they employed an FFNN with five hidden layers. In a recent
study, (Sjöqvist et al., 2020) implemented three classifiers, namely RF, Näıve Bayes
(NB), and Support Vector Machine (SVM), integrated with PCA for the classification
of different cover types from cartographic variables using the University of California
Irvine (UCI) cover type dataset. The combination of RF with PCA achieved an overall
accuracy of 94.7%, with class-wise accuracy of 93.7%, 96.7%, 95%, 77.9%, 77%, 86%,
and 94.5% for Class 1 through Class 7, respectively. Comparing the results in Sameer
et al., 2021 to those in Kumar and Sinha, 2020, it could be concluded that an RF model
with automated hyperparameter tuning outperforms XGB with feature selection. This
implies finding the optimal values of the hyperparameters might have superior effects
compared to implementing feature selection methods (Tavakol Sadrabadi & Innocente,
2023).

Another important domain of research focuses on estimating the rate of spread of
fire and wildfire propagation modelling utilizing AI algorithms. For instance, (Rub́ı
et al., 2023) compared the accuracy of classical machine learning models in predicting
the wildfire spread in Brazil’s Federal District, a region within the Cerrado biome that
has frequent fire occurrences yet limited research. They compiled a dataset using gov-
ernmental sources, by incorporating climate observation data, satellite data, and topo-
graphic, hydrographic and anthropogenic features. trying to predict the wildfire area,
their examinations indicated that the AdaBoost model achieved the highest predic-
tive accuracy at 91%, outperforming Random Forest (88%), Artificial Neural Network
(86%), and Support Vector Machine (81%). Burge et al., 2023 evaluated the effec-
tiveness of the effectiveness of deep learning models for time-resolved wildfire spread
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prediction. They developed a convolutional recurrent deep learning model using an
autoregressive process to simulate wildfire propagation in 15-minute increments. eval-
uating the model performance over 4 distinct datasets, their model estimations proved
to be physically consistent and realistic achieving high accuracy with a Jaccard score
between 0.89 and 0.94 in predicting fire scars. To address the challenge of monitoring
vast and remote forest territories, (Shadrin et al., 2024) focused on large-scale wildfire
prediction using remote sensing data. Utilizing a multi-scale attention-based network
to predict wildfire propagation over a 5-day timeframe, the authors found that wind
direction and land cover parameters were the most significant factors in predicting fire
behaviour. The model achieved an F1-score between 0.64 and 0.68 depending on the
day forecast timeframe and showed promise for adaptation in other regions.

2.8 Uncertainty estimation for flow field reconstruc-

tion

Deep learning and machine learning models are frequently used for various types of
inference and decision-making procedures. However, assessing the effectiveness and
reliability of these AI systems before deploying and utilising them is crucial as these
models are susceptible to noise in data (aleatoric uncertainty) and model errors (epis-
temic uncertainty). Nowadays, uncertainty quantification (UQ) forms the basis of
many important decisions; and predictions that lack UQ are typically unreliable Ab-
dar et al., 2021. Generally, UQ methods could be categorised into two broad groups
including (i) Bayesian methods and (ii) ensemble methods, where Bayesian methods
encompass techniques such as the Markov chain Monte-Carlo (MCMC) algorithm, vari-
ation inference methods (VI), Monte-Carlo dropout (MCD), etc (Abdar et al., 2021).
However, methods like Bayesian neural networks, MCMC, and the ensemble of models
are heavily computationally intensive and time-consuming which limits their utilisation
for large datasets and models (Abdar et al., 2021; Collins et al., 2023). As a result,
the use of approximation techniques such as MCD Gal and Ghahramani, 2016 and
Monte-Carlo batch normalisation (MCBN) (Teye et al., 2018) which could be used to
estimate the epistemic uncertainty of a single trained model has gained traction.

Gal and Ghahramani, 2016 showed that an approximation to the probabilistic deep
Gaussian process can be obtained mathematically by using a neural network with
arbitrary depth and non-linearities, where dropout is applied before each weight layer.
The dropout layer would then be active during model inference where an ensemble of
estimations is output to act as the Monte Carlo samples to calculate the mean and
variance of the prediction distribution (Collins et al., 2023; Teye et al., 2018). The
Monte Carlo batch normalisation (MCBN) is another technique that could be used
to approximate the Bayesian inference in neural networks (Teye et al., 2018). In this
approach, many mini-batches are created by selecting random samples to go along with
a particular query during inference. The predictive distribution is then estimated using
the mean and variance of the ensemble of outputs (Collins et al., 2023).
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2.9 Highlighting Research Gaps

Reviewing the literature the following research gaps could be highlighted:

1. Despite the flexibility, scalability and potential applications of UAVs, their utili-
sation in wildfire response systems is arbitrary and unstructured which prevents
them from benefiting the full potential of UAVs.

2. A systematic evaluation of the effect of coupling strategy on the wildfire propa-
gation dynamics and model estimation is missing in the literature.

3. Even though a series of solutions are proposed in the literature to address the
accuracy limitations of decoupled models such as assimilation of fire front location
into models, utilising mass-conserving wind models such as Wind Ninja, or even
developing fully data-driven models for wildfire propagation estimation, yet these
solutions fall short in establishing a direct and real-time connection of fire front
and wind patterns.

4. Although some studies have focused on the combined effect of vegetation height
and wind speed on wildfire propagation dynamics, a series of conflicting results
are reported in the literature which keeps the door open to more research.





Chapter 3

Materials and Methods

This chapter presents the theoretical background as well as the calibration and vali-
dation procedures utilised for these models to be used in this thesis. Consequently,
each section presents a brief description of the model, as well as the mathematical
formulation and utilisation procedure. The following sections present a brief overview
of the fire propagation models used for the simulations in this thesis.

3.1 Fire Dynamics Simulator

The Fire Dynamics Simulator (FDS) originally designed to simulate thermally-driven
flows within buildings, numerically solves a variant of the Navier-Stokes (NS) equations
suitable for low-speed, thermally-driven flow with a focus on smoke and heat transfer
from fires, called the Low-Mach derivation of the Navier-Stokes equation. The main
algorithm includes an explicit predictor-corrector method that is second-order accu-
rate in space and time. Turbulence is modelled via Large Eddy Simulations (LES)
with constant turbulent Schmidt and Prandtl numbers. A direct numerical simulation
(DNS) method could be utilized instead, should the mesh be sufficiently fine. FDS
employs a one-step, mixing-controlled chemical reaction with three bundled species for
most applications: products, fuel, and air. Reactions that are not necessarily mixing-
controlled and multiple reactions could also be considered under certain conditions. To
approximate the governing equations and discretise the domain, a cartesian grid is used.
It utilizes a simple immersed boundary method when dealing with flow obstructions
(McGrattan et al., 2019).

As mentioned, the FDS utilizes the low Mach approximation of the NS equations.
The Mach number (M) is equal to the ratio of flow velocity to the speed of sound
(M = u/C). For low-speed flows where the energy of sound waves has negligible impact
on the overall solution, using the fully compressible form of the Navier-Stokes equation
is computationally inefficient. This inefficiency mainly arises from the requirement of
tracking sound waves, which forces very small time steps for stability. For instance,
when using an explicit time-discretization approach, the Courant-Friedrich-Levy (CFL)

54
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criterion restricts the timestep size so that information can propagate only one grid
cell per timestep. Hence, while this is not necessarily correct for implicit algorithms,
considering the explicit formulation of the FDS which imposes a Courant number of
Cou = C δt

δx
< CFL where CFL=1, it implies δt ≈ δx

C
where c is the speed of sound,

δx is the spatial grid resolution, and δt is the time step. Such a solution would be
inherently slow and computationally expensive. A desirable solution for velocities well
below the speed of sound, however, would have a δt ≈ δx

|u| so that the solution would
require much fewer timesteps. To achieve such a filtered version of the NS equations
for low-speed applications (M < 0.3)– where motion-related temperature and density
variations are small–, (Rehm & Baum, 1978) suggested that the total pressure can be
decomposed into a background or thermodynamic pressure p̄(z, t), and a perturbation
or dynamic pressure, p̃(x, y, z, t), where the perturbation would be eliminated from the
equation of state (ideal gas law), so that (McGrattan et al., 2024):

p̄ = ρTR
∑
a

Za

Wa

=
ρRT

W̄
(3.1)

where Zα is the mass fraction of species α, Wα is the molecular weight of species
α, z is the spatial coordinate in the direction of gravity, so the stratification of the
atmosphere is accounted for within the background pressure (McGrattan et al., 2024),

and W is the mean molecular weight of the mixture, defined as: W =
(∑

α
Zα

Wα

)−1

.

By replacing the total pressure with the background pressure in continuity, energy and
state equations, the final derivation would normally be incompressible against velocity
and compressible against temperature. A complete derivation of the equations however
is beyond the scope of this research and could be found in (McGrattan et al., 2024;
Rehm & Baum, 1978).

FDS offers various models for the simulation of wildfire spread based on the desired
level of physics required and the available computing resources: the Lagrangian Particle
Model (LPM), the Boundary Fuel Model (BFM), and the Level-Set (LS) model. In
this thesis, FDS 6.7.9 is used for the simulations.

3.1.1 Level-set model

This model is used for wildfires propagating across large areas, which cannot be dis-
cretised with a grid sufficiently fine for physics-based models. FDS with the Level
Set model (FDS-LS) uses the same elliptical spread model used by FARSITE (Bova
et al., 2016; Finney, 1998a), which is based on Huygens’ principle for wave propagation
modelling. It also adopts Rothermel-Albini’s RoS formula and Albini’s 13 fuel models
(McGrattan et al., 2019). The meaning of the font colours of some variables will be
explained towards the end of this section.

A series of parameters must be set to define a fuel in FDS-LS, including the no-wind
no-slope rate of spread (RoS0) for unburned fuel, the packing ratio (β), the surface
area-to-volume ratio (σ), and the fuel height (h) (Tavakol Sadrabadi & Innocente,
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2024). These settings are used to calculate the mid-flame wind velocity (umf) and
the wind and slope coefficients (ϕϕϕw and ϕϕϕs, respectively). Since wind and slope are
generally not aligned with each other or with the direction of the fire spread, they are
both coefficient vectors: (Andrews, 2012; Bova et al., 2016)

ϕϕϕw = (ϕw,x, ϕw,y) = C (3.281)B
(
β

β op

)−E

·
(
|umf,x|B sgn (umf,x) , |umf,y|B sgn (umf,y)

) (3.2)

ϕϕϕs = (ϕs,x, ϕs,y) = 5.275 β−0.3

((
∆z

∆x

)2

,

(
∆z

∆y

)2
)

(3.3)

with

B = 0.15988 σ0.54 (3.4)

C = 7.47 e−0.8711 σ0.55

(3.5)

E = 0.715 e−0.01094 σ (3.6)

βop = 0.20395 σ−0.8189 (3.7)

umf = (umf,x, umf,y) = u0
1.83

ln
(
20+1.18 h
0.43 h

) (3.8)

where u0 is the wind velocity at 6.1 m Above Ground Level (AGL), and h is the fuel
height in meters. FDS-LS calculates u0 by dividing u10 (wind velocity at 10 m AGL)
by 1.15, with u10 defined by the user as a boundary condition (input).

The surface RoS is obtained following Rothermel’s model using the magnitude of
the combined wind and slope coefficient vectors as in Equation (3.9) (Bova et al., 2016):

RoS = RoS0

(
1 +

√
(ϕϕϕw +ϕϕϕs) · (ϕϕϕw +ϕϕϕs)

)
. (3.9)

FDS-LS assumes that, under specific wind, slope, and vegetation circumstances, a
surface fire will spread from a single ignition point with an ellipse-shaped fire perimeter
that has a constant length-to-breadth (LB) ratio for the effective wind velocity (ueff)
(McGrattan et al., 2019). The latter is defined as:

ueff = u0 + uvir (3.10)

where uvir is the virtual wind velocity aimed at accounting for the effect of slope
(Finney, 1998a):

uvir = 0.3048

(
1

c

(
β

βop

)E
) 1

B

ϕϕϕs. (3.11)

Thus, the effective wind velocity (ueff) combines the prescribed wind velocity (u0)
and the effect of slope (uvir).
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Let P (t) be a point on the fire front at time t. The LB ratio for the elliptical fire
front originating from P (t) is as in Equation (3.12) (Bova et al., 2016; Finney, 1998a):

LB = max
(
1,min(LB, 8)

)
(3.12)

where
LB = 0.936 e0.2566 ueff + 0.461 e−0.1548 ueff − 0.397 (3.13)

and ueff = ∥ueff∥ is the effective wind speed.
The heading-to-backing ratio (HB), which is the ratio of the fire propagation in the

wind direction to its propagation in the opposite direction, is given by (Bova et al.,
2016; Finney, 1998a):

HB =
(
LB+

√
LB2 − 1

)(
LB−

√
LB2 − 1

)−1

. (3.14)

Let P (t+dt) be a point on the fire front at time (t+dt). Its location is obtained by
modelling the fire propagation from P (t) as an ellipse with semi-minor and semi-major
axes (a dt) and (b dt), respectively, where:

a =
b

LB
, (3.15)

b =
1

2

(
RoS+

RoS

HB

)
. (3.16)

Note that a and b are the rates of spread corresponding to the semi-axes of the
ellipse, while RoS is as in (3.9). The distance between P (t) and the centre of the
ellipse is given by (c dt), where:

c = b− RoS

HB
. (3.17)

Thus, the components of the RoS in the axes of the computational grid are calcu-
lated as follows:

RoSx = D
[
a2 cos θ (xs sin θ + ys cos θ)− b2 sin θ (xs cos θ − ys sin θ)

]
+ c sin θ (3.18)

RoSy = D
[
−a2 sin θ(xs sin θ + ys cos θ)− b2 cos θ(xs cos θ − ys sin θ)

]
+ c cos θ (3.19)

where

D =
[
a2(xs sin θ + ys cos θ)

2 + b2 (xs cos θ − ys sin θ)
2]− 1

2 , (3.20)

the quantities xs and ys are related to the components of the vector normal to the
elliptical fire front, and θ is the clockwise angle between the y axis of the computational
grid and the direction of the maximum spread as a function of the local wind, terrain,
and vegetation (Bova et al., 2016):

θ = atan2 [(ϕw,y + ϕs,y) + (ϕw,x + ϕs,x)]. (3.21)
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Thus, this model predicts the propagation of the fire front (assuming it behaves
like a wave) affected by the wind and the terrain slope. It is a decoupled model (see
Figure 2.8), since the fire does not affect the wind field. The same is true for FARSITE
(Finney, 1998a). Therefore, the conceptual framework proposed in this reseacrh for
improving the accuracy of decoupled wildfire propagation models using real-time wind
field measurements carried out by a swarm of UAVs could be applied. In order to do
so, the wind velocity at 6.1 m (u0) shown in blue is to be measured. This affects the
mid-flame wind velocity (umf) shown in violet, which in turn affects the wind coefficient
(ϕϕϕw) shown in red and therefore the RoS and the orientation of the ellipse (θ). The
effective wind velocity (ueff) in violet is also affected by u0, affecting LB and HB and
therefore the shape of the ellipse.

However, the LS model within the FDS software may be coupled with its wind
model, thus becoming a coupled model—albeit not fully physics-based. In this project,
the author makes use of this capability of FDS-LS to study the effect of fire–wind
coupling in Section 7.3. To this end, the combustion model must also be coupled.
Thus, when the fire reaches a surface cell, fuel vapours are generated at a constant rate
(ṁ′′

f ) (McGrattan et al., 2019):

ṁ′′
f = (1− νchar)

m′′
f

δt

[
kg

m2 s

]
; δt =

75, 600

σ
[s] (3.22)

where νchar is the char fraction (default value of 0.2), δt is the duration of the burn at
a given location, and m′′

f is the dry fuel loading [kg/m2].
Coupling the LS fire propagation model with the wind model results in FDS-LS

accounting for terrain-induced wind fields and fire–wind interaction by presenting a
simple heat source at the fire front location (Bova et al., 2016). Thus, FDS-LS may be
used in any of four modes:

• Mode 1: Wind field is uniform and unaffected by terrain or fire (frozen uniform
wind field). Only the fire model runs. Decoupled wildfire model in Figure 2.8.

• Mode 2: Wind field affected by terrain but unaffected by fire (frozen non-uniform
wind field). Fire affected by frozen wind. Decoupled wildfire model in Figure 2.8.

• Mode 3: Wind field follows terrain but there is no actual fire in the simulation
(just front-tracking). (McGrattan et al., 2019)

• Mode 4: Wind field affected by terrain and fire. Fire affected by wind. Coupled
wildfire model in Figure 2.8.

Readers are kindly referred to (Bova et al., 2016) for a more detailed description
of FDS-LS. The literature on FARSITE (Finney, 1998a) is also helpful to understand
the approach of modelling fire propagation using Huygens’ principle.
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3.1.2 Boundary fuel model

When discretizing a thin layer of vegetation, this model might be used if a coarse grid
is preferred. Here, the vegetation is represented as a porous barrier made up of a layer
of wetness, air, and dry vegetation. For grid sizes up to 10 m, the vegetation’s height
can be utilised, although it is not resolved on the grid (McGrattan et al., 2023; Vanella
et al., 2021).In this model, the convective heat transfer is represented by a source term
in the one-dimensional heat conduction equation. This equation is applied to both
the vegetation layer and the solid ground. Additionally, the transmission of thermal
radiation through the vegetation layer is modelled using a one-dimensional radiative
transport equation designed for semi-transparent solids. Even though this model might
be efficiently utilised in a variety of studies and simulations, our preliminary results
indicated that the Lagrangian particle model provides better and more realistic results
and consequently, this study utilises the LPM model to carry out the simulations
(Tavakol Sadrabadi & Innocente, 2025).

3.1.3 Lagrangian particle model

A group of Lagrangian particles heated by convection-radiation heat transfer consti-
tutes the vegetation in this model. These particles might be grass, trees, leaves, or
anything else. LPM may be used to replicate the front, rear, and flank fire across the
surface and high-level vegetation (e.g., trees) with appropriate grid refinement (Vanella
et al., 2021). The drag force per unit volume exerted by the vegetation can be calcu-
lated as follows:

fb =
ρ

2
Cd Cs βσu

∥∥u∥∥ (3.23)

where ρ is the air density, Cd is the drag coefficient defined through laboratory
experiments, Cs is the shape factor with the default value of 0.25, β is the packing
ratio of vegetation calculated as mass per unit volume divided by material density, σ
is the surface-area-to-volume ratio, and u is the wind velocity.

3.1.4 Reference cases and fuel modelling in FDS-LPM

Numerical simulations are validated against the field scale grass fire propagation ex-
periments carried out by the Commonwealth Scientific and Industrial Research Organ-
isation (CSIRO) (Cheney et al., 1993; Cheney et al., 1998) during July and August
1986 with constant high daily temperatures. Air temperature, relative humidity, and
solar radiation are measured 1.4 m above ground level (AGL), while the wind veloc-
ity is measured at 2 m AGL during experiments. Fuel load and height were sampled
at 16 points for each experiment and averaged for each plot. Other fuel characteris-
tics, including surface-area-to-volume ratio and the fuel moisture content (FMC), were
measured and recorded for each experiment.

Measured properties of two of the experiments performed by (Cheney et al., 1993)
are presented in Table (3.1). The C064 experiment was carried out in 100×100 m2 field
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Table 3.1: Measured properties of CSIRO C064 and F19 experiments
(Cheney et al., 1993; Mell et al., 2007) adopted from (Tavakol Sadrabadi
& Innocente, 2025)

.

Property Unit Case C064 Case F19

Wind speed (U2) m/s 4.6 4.8
Ambient Temperature (T ) °C 32 34
Surface Area to Volume Ratio (σ) m−1 9, 770 12, 240
Grass Height (Hg) m 0.21 0.51
Bulk Mass Per Unit Area (ρb) kg m−2 0.283 0.313
Moisture Fraction (M) % 6.3 5.8
Measured RoS m s−1 1.2 1.5

covered with dry Kerosene grass of 0.21 m high, while the F19 experiment was carried
out in a 200× 200 m2 covered with dry Kangaroo grass of 0.51 m high. Two workers
ignited fires, starting at the plot’s midpoint and moving towards either side of the plot
with the length of ignition equal to 50 m for C064 and 175 m for F19 experiments.
The fire behaviour and the rate of spread (RoS) were studied through data gathered
by ground observations and oblique aerial photographs.

Following (Mueller et al., 2023), the solid phase thermal degradation of the veg-
etation is modelled utilising a three-step reaction process including (i) endothermic
moisture evaporation, (ii) endothermic pyrolysis of dry vegetation, and (iii) exother-
mic char oxidation. Thus, the rate of change of the total mass in terms of density of
composite solid could be calculated as:

∂ρs
∂t

= −rH2O − (1− νchar) rpyr − (1− νash) rchar (3.24)

where the reaction rates for evaporation of H2O, pyrolysis of the dry vegetation and
surface oxidation of char as a function of component densities of composite solid are
calculated utilising Arrhenius kinetics:

rH2O = ρs,H2O AH2O T− 1
2 e

(
−

EH2O
R T

)
(3.25)

rpyr = ρs,dry Apyr e

(
−Epyr

R T

)
(3.26)

rchar = YO2,surf σ Achar e

(
−Echar

R T

)
(3.27)

where σ is the surface area-to-volume ratio of the vegetation, YO2, surf is the oxygen
mass fraction at the material surface, A and E (J.mol−1) are the pre-exponential fac-
tors and activation energy in the context of Arrhenius equation, R is the universal gas
constant equal to 8.314 (J.mol−1.K−1), and T is the absolute temperature in Kelvin
(McGrattan et al., 2023). This approach allows for the possibility of parallel drying and
pyrolysis, with series char oxidation taking place as char is produced during pyrolysis
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(Mueller et al., 2023). Kinetic constants must be determined for this model, and as
the data required for particular fuels is sometimes unavailable -including the vegeta-
tions in CSIRO experiments- in this study, the kinetic constants of Fir determined by
Grishin (Grishin, 1997) are utilised for the pyrolysis model of Veg1 and Veg2, though
the physical properties of V eg2 follows that of Case F19 in CSIRO experiments men-
tioned in Table3.1. Veg3 however represents the pyrolysis model of little bluestem grass
obtained from (Amini et al., 2021). Table (3.2) presents the details for the pyrolysis
constants as well as the soil and the Three vegetation models utilised in this Thesis.

Table 3.2: Summary of fuel physical properties and thermal decomposition
coefficients, adopted from (Tavakol Sadrabadi & Innocente, 2025)

Property Unit Veg1(Veg2)(Veg3) Reference

Area to Volume Ratio (σ) m−1 9, 770 (12, 240) (Cheney et al., 1993)
Bulk density (ρb) kg.m−3 1.313 (0.616) (Cheney et al., 1993)
Fuel - Cellulose (Vanella et al., 2021)
Fuel Density (ρ) kg.m−3 512 (Vanella et al., 2021)
Moisture content (M) % 6.3 (Cheney et al., 1993)
Specific Heat kJ kg−1 K−1 2.1 (Boardman et al., 2021)
Conductivity kJ kg−1 K−1 0.1 (Vanella et al., 2021)
Heat of Evaporation (HH2O) kJ kg−1 2259 (B. Porterie & Loraud, 2005)
Heat of Combustion (Hc) kJ kg−1 17, 400 (McGrattan et al., 2023)
Heat of Pyrolysis (Hpyr) kJ kg−1 418 (B. Porterie & Loraud, 2005)
Apyr s−1 1040 (24550) (Grishin, 1997) ((Amini et al., 2021))
Epyr J.mol−1 61041 (58200) (Grishin, 1997) ((Amini et al., 2021))
Char Yield (νchar) kg kg−1 0.25 (0.23) (McGrattan et al., 2023)
Achar kg.m−2.s−1 465 (Boonmee & Quintiere, 2005)
Echar J.mol−1 68000 (Boonmee & Quintiere, 2005)
Ash Yield (νash) kg kg−1 0.04 (McGrattan et al., 2023)
Obukhov Length (L) m −500 (Vanella et al., 2021)
Roughness Length(z0) m 0.03 (Vanella et al., 2021)
Drag Coefficient (cd) - 2.8 (McGrattan et al., 2023)
Soil Specific Heat kJ kg−1 K−1 2.0 (Vanella et al., 2021)
Soil Conductivity W m−1 K−1 0.25 (Vanella et al., 2021)
Soil Density kg m−3 1, 300 (Vanella et al., 2021)
Relative Humidity % 40 (Vanella et al., 2021)

3.1.5 Turbulent wind model and boundary conditions

Wind field modeling

FDS offers four options for defining the inlet wind into the domain, including (i) speci-
fied wind speed and direction that does not change with height,( ii) the Monin-Obukhov
similarity theory, (iii) advanced meteorological concepts such as a Geostrophic Wind
for modelling huge spatial domains, and (iv) the wall of wind or the power law approx-
imation wind model. The latter is widely used in different studies due to its simplicity,
mainly with a power of 1/7 (i.e., see Innocent et al., 2023; Mell et al., 2007; Moinuddin
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et al., 2018); Still, it has certain limitations, as the power value varies with height,
surface roughness and stability conditions (Petersen et al., 1998) where the 1/7 expo-
nent approximates a neutrally stable stratification of the atmosphere. On the other
hand, it should be highlighted that the CSIRO C064 experiments were carried out
during the daytimes of the summer months with consistently warm and dry condi-
tions (TC064=32°C) (Cheney et al., 1993), which is more consistent with an unstable
stratification of the atmosphere with the convective uprising of the warm surface air
((NWCG), n.d.). Thus, utilising the Monin-Obukhov similarity theory that estimates
the vertical wind and temperature profiles based on surface and atmospheric conditions
(see (McGrattan et al., 2023)) seems to be a more accurate approach.

The Monin-Obukhov theory assumes that wind speed (u) and potential temperature
(θ) change with height as follows (McGrattan et al., 2023):

u(z) =
u∗

k

[
ln

(
z

zo

)
−Ψm

( z
L

)]
(3.28)

θ(z) = θ0 +
θ∗
k

[
ln

(
z

zo

)
−Ψh

( z
L

)]
(3.29)

Where u∗ is the friction velocity, k is the von Karman constant equal to 0.41, z0 is
the aerodynamic roughness length, θ∗ the scaling potential temperature, θ0 ground level
temperature, L is the Obukhov length, and Ψh and Ψm represent similarity functions.
A negative value of L (m) determines an unstable stratified atmosphere where the
buoyancy-generated turbulence causes large fluctuations in wind velocity and direction
and enhances mixing. Based on the suggestions provided by (Vanella et al., 2021), this
study determines an Obukhov length of L=-500 m and a roughness length of z0=0.03 m
(Tavakol Sadrabadi & Innocente, 2025).

Turbulence modeling

The turbulence within the domain is simulated by utilising the very large eddy simula-
tion (VLES) model with Deardorff’s sub-grid scale (SGS) model for turbulent eddy vis-
cosity closure terms. The Van Driest damping model is utilised to model the Reynolds
stresses in near-wall regions. To replicate the turbulent nature of the natural atmo-
spheric winds, which significantly affects their behaviour at domain boundaries, this
study utilises the synthetic eddy method (SEM)(Jarrin et al., 2008) that introduces
random eddies into the domain as adopted in other studies (i.e. see Innocent et al.,
2023; Mueller et al., 2021). Considering that an accurate definition of the eddy char-
acteristics requires measurements of the turbulent Reynolds stress within the ambient
wind and canopy height (i.e. see Mueller et al., 2021), which are not applicable here,
an arbitrary value of 10% turbulence intensity is determined here similar to (Innocent
et al., 2023) to mimic the atmospheric boundary layer turbulence in reality. It should
be highlighted that for all cases, the wind field is let to develop through the simulation
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domain for 80 seconds, and the fire is ignited afterwards. Utilised boundary Condi-
tions include a no-slip boundary condition for the ground surface and ’Open’ boundary
conditions for the rest of the boundaries (Tavakol Sadrabadi & Innocente, 2025).

3.1.6 Simulation domain and gridding

The burnable field simulated in this study includes a vegetation field of 200×200 m2 to
provide sufficient time and domain for the fire to reach a quasi-steady state, especially
in steep upslope conditions and high vegetation heights. Initial experiments indicated
that a domain height larger than 40 m does not affect the model results. Additionally,
to eliminate the effects of up and downwind boundaries on fire propagation, a minimum
length of 150 m on either side was required. Consequently, The simulation domain of
this study, as presented in Fig 3.1, includes a cuboid 600 m long, 320 m wide, and 60 m
high.

Figure 3.1: Model Domain, adopted from (Tavakol Sadrabadi & Innocente,
2025).

Every FDS computation needs to be carried out inside a domain composed of
rectilinear volumes known as meshes. The number of rectangular cells that make up
each mesh is determined by the required resolution of the flow dynamics. It is possible
to define whether or not these mesh blocks overlap or come into contact. However,
in the latter instance, there is virtually no communication between the calculations
that are carried out in separate blocks (McGrattan et al., 2023). A grid sensitivity
analysis is performed to determine the sensitivity of the estimated RoS of fire to the
grid size. Three different grid sizes of 1×1×1 m3 (coarse), 0.5×0.5×0.5 m3 (fine), and
0.25×0.25×0.25 m3 (very fine) were considered and tested as depicted in Figure 3.2a.
It is acknowledged that the results are sensitive to the grid size up to a certain level,
typically between 6% to 11% in different configurations of wind, vegetation height
and terrain slope. Still, despite its potential benefit in accuracy, the utilisation of the
very fine grid size is constrained by practical considerations of the computational cost
required, mainly due to the large span of the vegetation area, the extended duration of
simulations (particularly in downhill conditions), and the necessity for a considerable
number of simulations.
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Table 3.3: Overview of the simulated Geometric and physical properties
of the vegetation, terrain, and wind

Veg model Veg height (m) Terrain Slope % (degrees) Wind speed (m/s) N. cases
Veg1 0.2, 0,5, 10 -40%(-21.8°), -20%(-11.31°), 0(0°), +20%(-11.31°), +40%(-21.8°) 4, 6, 8, 10, 12 75
Veg2 0.2, 0,5, 10 0 (0°) 4, 8, 12 9
Veg3 0.2, 0,5, 10 -40%(-21.8°), -20%(-11.31°), 0(0°), +20%(-11.31°), +40%(-21.8°) 4, 6, 8, 10, 12 75

Thus, the final simulation domain consists of a rectangular block of 600×320×60 m
in x, y and z directions, respectively. A burnable area of 200×200 m is considered in this
study to provide sufficient space for the formation of a quasi-steady state, especially
for upslope and high wind conditions. Hence, to optimise the computational cost, the
domain is discretised utilising a non-uniform grid with grid sizes of 0.5× 0.5× 0.5 m3

used for the vegetation domain and its proximity (±4 m) up to 44 m high, 1×1×1 m3

cells for upstream and downstream areas up to a distance of ±30 m, and 2×2×1 m3 for
the rest of the domain. Hence, each model includes a total number of 16687680 grid cells
parallelised on 32 CPU cores for the duration of the simulation. The computational
and simulation time, however, differs significantly from case to case. For example,
the duration of simulation for the case with u10 = 6 m/s, Hg=0.2 and on horizontal
terrain was equal to≈18 hours, while the same configuration but on downhill simulation
required ≈80 hours of simulations for fire front to reach the end of the burnable domain
due to the significantly lower RoS of fire downhills.

3.1.7 Model reliability and simulation scenarios

To study the effect of the turbulence model on the model estimations, three different
variants of the large eddy simulation are compared in terms of the accuracy of the
results as well as the computational cost, namely (i) Simple Very Large Eddy Simula-
tion (SVLES), (ii) Very Large Eddy Simulation (VLES), and Large Eddy Simulation
(LES) that determine the level of physics and accuracy of the numerical model. The
estimated RoS and the heat release rate (HRR) of the combustion for all grid sizes and
turbulence models utilised are presented in Figure (3.2-a) to (3.2-c). Figure (3.2-a)
depicts the fire front location in C064 experiment for different grid sizes of 1×1×1 m3

(coarse), 0.5× 0.5× 0.5 m3 (fine), and 0.25× 0.25× 0.25 m3 (very fine) and 2 different
vegetation types considered in this study. The model shows grid dependence for the
first vegetation type (Fir), and the RoS decreases by improving the grid resolution to
0.25 m. Further reduction in grid size did not lead to a change in the estimated RoS.
However, no grid sensitivity is observed in the estimated RoS in the case of the second
vegetation model (Little Bluestem) (Tavakol Sadrabadi & Innocente, 2025).

Consequently, as mentioned earlier, to find a balance between model accuracy and
computational cost for a large number of simulations in this study, the fine grid size is
adopted for the main simulations as it shows proper agreement with the experimental
measurements. Figure (3.2-b) presents the front location in the C064 experiment for
the first vegetation model (Fir) and different turbulence models utilised to carry out
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the simulations. It is indicated that Both LES and the SVLES provide faster RoS than
the VLES, which agrees with the experiments. The estimated HRR of the combustion
utilising different grid sizes and turbulence models is depicted in figure (3.2-c). It is
evident that similar to the RoS, HRR is also sensitive to the grid size and turbulence
model used. However, the level of this difference is limited to a maximum of 10% in
most cases for 0.25 m and 0.5 m grid sizes. A comparison between the measured and
simulated wind time-series as described in section 3.1.5 for the CSIRO C064 experiment
is presented in figure (3.2-d), showing a proper agreement between the simulated wind
time series and the field measurements.

Figure 3.3 compares the simulated and measured fire contours at the x-y plane for
the CSIRO C064 experiment. Even though the simulated front location agrees with
the experimental data, the simulated fire front width and flanks are not simulated
accurately. This is mainly because flank flames are smaller than the front flames,
requiring a finer grid size to accurately capture their dynamics. Consequently, to
address this problem and limit the extent of the flank fire simulation problem and the
effect of ignition line length on the estimated RoS, the length of the ignition line for
all simulations is considered to be equal to the width of the field, 200 m. Finally, it
should be mentioned that the simulation study presented here is generally idealised.
Atmospheric conditions like wind velocity and direction vary rapidly with time in
reality, affecting the fire propagation dynamics, while the idealised representation of
the wind field for the whole duration of simulations and all cases studied here may not
accurately mimic the real atmospheric situations.

a T=27 second after ignition b T=53 second after ignition c T=85 second after ignition

Figure 3.3: Comparison of simulated fire contours with the experimental
results of CSIRO C064 experiment at different instants

Even though the estimations of the fire-front location agree with the experimental
measurements while utilising the chosen grid size of 0.5 m, it is not guaranteed that this
grid size is fine enough to adequately resolve a high fraction of the turbulent kinetic
energy and ensure a valid Large Eddy Simulation (LES). Consequently, a posteriori
grid quality analysis is conducted. This includes studying the effect of grid size on
turbulence characteristics by calculating the spectral density of turbulence as well as
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a Effect of grid size on PSD distribution b Effect of grid size on wind velocity time-
series

Figure 3.4: Effect of grid size and Fire Intensity on Spectral Density of
turbulence.

evaluating the measure of turbulence resolution M(x). The power spectral density
is an important parameter, aiding in characterising the distribution of kinetic energy
across different frequencies or scales of turbulent motion. Figure 3.4 presents the effect
of grid size on the estimated spectral density (3.4a) and wind velocity (u2) time series
(3.4b) measured at x=9 m downstream of a 10MW/m pool fire with a width of 1 m at
a sampling rate of 10HZ for 260 seconds, 2 meters above the ground level. It should be
mentioned that the measurement point falls within the fire plume and hence reflects the
fire-induced wind velocities. Generally, it could be observed that the simulated wind
time series and the power spectral density distribution estimated using a 0.5 m grid and
0.25m grid are comparable, indicating that the 0.5 m grid might be sufficient for our
purpose. It should be highlighted that the observed fire intensities in our experiments
span a wide range yet, the 10MW fire here is selected as an average representative of
obtained fire conditions during simulations for the calculation of PSD and M(x).

The measure of turbulence resolution is a scalar quantity which could be calculated
as follows (McGrattan et al., 2023):

M(x) =
ksgs

ksgs + TKE
(3.30)

where TKE is the turbulent kinetic energy and could be calculated as follows:

TKE =
1

2

(
(u− u)2 + (v − v)2 + (w − w)2

)
(3.31)

and Ksgs is the subgrid kinetic energy and is estimated from Deardorff’s eddy viscosity
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model. It is also suggested that a valid Large Eddy Simulation is obtained such that
M(x)¡0.2 (McGrattan et al., 2023).

Figure 3.5 presents the effect of grid size on the calculated values of the M(x) at
different locations downstream of the 10MW fire. It could be concluded that even
though the best results are obtained when using the e0.25 m grid size, at all distances
downstream of the fire, an approximate amount of 80-85% of turbulent kinetic energy
is resolved by the 0.5 m grid except very close to the surface. This hence is a strong
indicator that the 0.5 m grid is fine enough for a valid large eddy simulation of wildland
fire propagations.

a x=0 (fire location) b x=10 m downstream of fire c x=20 m downstream of fire

Figure 3.5: Effect of grid size on the measure of turbulence resolution
M(x) downstream of a 10 MW fire.

Consequently, it could be observed that a combination of a grid size of 0.5 m and the
VLES turbulence model outputs satisfactory results and hence are utilised for the main
simulations. It is however, acknowledged that the results are grid sensitive to a certain
level and a true grid convergence has not been achieved, yet, practical considerations,
including the large span of the vegetated area, as well as the need for a considerable
height of domain, prevent the utilisation of a finer grid size.

Dimensional Analysis

Performing dimensional analysis utilising the Buckingham-pi theorem, (Morvan &
Frangieh, 2018) stated that the propagation of fire in grasslands is governed by six
parameters including RoS, wind speed (Uw), load of water and dry fuel inside com-
bustible later, as well as the two opposing forces that affect the trajectory of flame and
plume, characterised by the energy rate of fire pf and the energy of wind Pw that could
be defined as follows:

Pf =
gI

cpT0

(3.32)

Pw =
1

2
ρ(Uw − RoS)3 (3.33)
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where I represents fire intensity, ρ=1.225 kg.m−3 is the air density,cp=1010 Jkg−1K−1,
and T0 is the ambient temperature in Kelvin. By applying the Pi-theorem, they con-
cluded that the problem could be described by utilising three non-dimensional param-
eters including the ratio of RoS to wind speed (RoS/Uw), Byram’s convective number
(Nc), and the fuel moisture content (M) while these parameters could be related in
the following form:

RoS

Uw

= F (Nc,M) (3.34)

where

Nc =
2 g I

ρ cp T0(Uw − RoS)3
(3.35)

and the fire intensity I (kW/m) could be calculated as I = W × H × RoS with W
representing the fuel load (kg.m−2), H (KJ.kg−1) is the heat of combustion of the fuel
and RoS is the rate of spread of fire. Nelson (Nelson, 2015) suggested that for values
of Nc¡2, the propagation of fire is mainly dominated by the convective heat transfer
between the flame and the unburnt vegetation ahead of the flame, namely the wind-
driven fire propagation mode. On the other hand, Nc¿10 signifies a different type of
fire propagation characterized by a vertical visible plume that is mostly governed by
buoyancy forces and radiative heat transfer between fuel and flame. Consequently,
values of 2¡Nc¡10 could be considered a transitory state of fire. While the literature
has traditionally treated Uw as interchangeable with both U2 and U10 when calculating
Nc, this study adheres to a consistent approach by exclusively utilizing U10 in all
calculations for the sake of methodological uniformity (Tavakol Sadrabadi & Innocente,
2025).

3.2 Fire Propagation Model for Fast Simulations

The physics-based Fire PropagationModel for Fast simulations (FireProM-F) (Grasso
& Innocente, 2020b) is a wildfire model developed with computational efficiency in
mind, aiming for faster-than-real-time (FtRT) simulations. It is governed by a 2D
reaction-diffusion equation that describes the combustion of a vegetation stratum rep-
resented by a mono-phase medium composed of pre-mixed gas of fuel and air. The fuel
is assumed to be methane (after pyrolysis) whilst the air is assumed to be composed of
oxygen, carbon dioxide, water vapour, and nitrogen. The reference chemical reaction
(assumed irreversible) is the combustion of methane in air:

θ1CH4 + θ2O2 → θ3CO2 + θ4H2O (in air: θ5N2) . (3.36)

The model is formulated as a system of five partial differential equations (PDEs),
where Equation (3.37) represents the conservation of energy whilst the four equations
in (3.38) represent the conservation of chemical species.

ρ
∂

∂t
(cpT ) = Rc −∇ · (qc + qd + qr) +Qcz +Qrz +Qw (3.37)
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∂Xi

∂t
= − θi

θ1

Mi

M1

r; with i = 1, 2, 3, 4, (3.38)

where

T : temperature;
ρ: mass density;
cp: specific heat capacity of the mixture;
Rc: combustion energy;
Xi: mass fraction of ith chemical species;
Mi: molar mass of ith chemical species;
r: combustion rate;
qc: conductive heat flux;
qd: interdiffusional enthalpy flux;
qr: 2D radiation heat flux;
Qcz: vertical convection heat loss;
Qrz: vertical radiation heat loss;
Qw: transport term due to wind.

The specific heat capacity of the mixture is given by

cp =
5∑

i=1

Xi
Mi

M
cpi, (3.39)

where the molar mass of the mixture is a linear combination of the molar masses of
each chemical species multiplied by their respective mass fraction:

M =
5∑

i=1

XiMi. (3.40)

The combustion energy is given by

Rc = −ρchhc
M

M1

r (3.41)

where hc is the combustion enthalpy, and ch is the enthalpy proportionality coefficient.
The latter accounts for the possibility of burning fuels which have different Rc than
that of methane. The combustion rate (r) follows Arrhenius law:

r = −δ+(T,X1,2)
ArTX

0.5
1 X2 exp

(
−Ta

T

)
(3.42)

where Ar is the pre-exponential coefficient and Ta is the activation temperature, which
are empirical parameters that depend on the fuel structural and chemical properties.
In turn, the Kronecker delta stands for the extinction model:

δ+(T,X1,2)
=

{
1 if T > Tig ∧X1,2 > X1,2e

0 otherwise
(3.43)
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where Tig is the ignition temperature (assumed to be the same as Ta), while X1e and
X2e are the flame extinction values of the fuel and oxidant mass fractions, respectively.
The combustion enthalpy is the summation of all formation enthalpies (Hi) at the
specific local T :

hc =
Hc (T )

M
= − 1

M

5∑
i=1

θiHi (T )

hc =
1

M

5∑
i=1

θi [Hi,ref +Micpi (Tref − T )] (3.44)

where the reference empirical values Hi,ref and Tref can be found in (Mcbride et al.,
1993).

The conductive heat flux is given by

qc = −κ∇T, (3.45)

where the thermal conductivity (κ) is considered constant. In turn, the interdiffusional
enthalpy flux is approximated by

qd ≈ κT

cpM

5∑
i=1

cpi∇ (XiMi) (3.46)

while the 2D radiation heat flux is approximated by

qr ≈ −4σεδxT
3∇T (3.47)

where σ is the Boltzmann constant, ε is the emittance, and δx is the absorption length
(a.k.a. optical thickness). The latter is assumed to be isotropic, and it must not be
larger than the smallest cell size for the numerical solution to be valid.

With this dimensionality reduction, some fire dynamics phenomena like buoyancy
are disregarded. Nonetheless, vertical convection (Qcz) and vertical radiation (Qrz)
terms are added to the conservation of energy equation in (3.37), with:

Qcz = χ (Tamb − T )

Qrz = σεδ−1
z

(
T 4
amb − T 4

) (3.48)

where Tamb is the ambient temperature, χ is the convection coefficient, and δz is the
vertical optical thickness.

FireProM-F does not account for conservation of mass or momentum, thus neglect-
ing the effect of the fire on the wind field. The diffusion coefficient is augmented (via
calibration) to compensate for this. Refer to (Grasso & Innocente, 2020b) for more
details.
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The transport term due to wind (Qw) in Equation (3.37) is calculated as in Equa-
tion (3.49):

Qw = −ρ cw u · ∇ (cp T ) (3.49)

where u = (ux, uy) is the atmospheric wind velocity, and cw is the wind reduction
coefficient (which may also be used as a calibration parameter).

The numerical scheme for the solution of Equations (3.37) and (3.38) is a finite
difference method with a 2nd-order central difference for space and the 4th-order Runge-
Kuta method for time discretisations. Refer to (Grasso & Innocente, 2020b) for the
full formulation.

This reduced-order model, FireProM-F, is adopted in this Thesis as a fast yet still
physics-based simulator to test the proposed framework. The latter aims to enhance
the accuracy of the transport term (Qw) by feeding the model with wind velocities
(u) measured by a swarm of UAVs. While the main purpose is to account for the
effect of the fire on the wind field, it also serves the purpose of accounting for variable
atmospheric wind.

3.3 Utilised Machine-Learning Algorithms

3.3.1 Support vector machine

With applications in both classification and regression, SVM (CorVap95) is a form of
supervised ML technique which relies on the use of spatial coordinates to assign training
samples in order to maximise the distance between the categories. New samples are
then projected into that same region and estimated to belong to one of many categories
depending on which side of the gap they fall. The complexity of real-world problems
frequently requires more precise assumptions than those provided by contemporary
linear learning machines, which have certain processing limitations. Thus, it would be
beneficial to examine more complex relationships such as polynomial and radial basis
function kernels (Aizerman et al., 1964). In this study, an SVM model with an RBF
kernel is used as the first base model (Tavakol Sadrabadi & Innocente, 2023).

3.3.2 Decision trees

Despite the difficulties of reaching a universality given their core structure, the class of
supervised learning techniques known as Decision Trees (DTs) (Breiman et al., 2017)
represents an excellent example of a universal function approximator. Applications
include regression and classification. A DT is made up of a number of branches con-
nected by decision nodes, all of which end in leaf nodes. The decision node of the tree
consists of a number of alternate leaf nodes that represent the output of the model,
with each branch denoting a potential procedure. In classification and regression, this
can be used as a label or a continuous value. The structure of the DT is largely com-
posed of decision nodes. A basic goal when using this method is to minimise overfitting
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by using the shortest feasible tree. In an ensemble DT model (EDT), many trees are
used either simultaneously (using bootstrap aggregation or bagging) or sequentially to
produce a final model (Jain et al., 2020).

3.3.3 Random forest

Random Forest (RF) is a mathematically solid ML method which aims to build more
complex and robust models using bagging and random subspace as a base. Bagging is
used to create a number of learner trees, which are then combined to obtain an overall
prediction. Original training data are utilised to create bootstrap samples, which are
then used to train the learning trees. A random selection of n instances from the initial
training data (D), which consists of N instances, is used to construct each bootstrap
sample (Db). Fresh instances may be used in place of the bootstrap samples. Db has
a size of around two-thirds that of D, and does not have any duplicate instances (Jain
et al., 2020). The main idea behind RF entails building numerous ”simple” Decision
Trees (DTs) during training and using a majority voting method for classification.
Among other advantages, this voting method corrects for the unfavourable tendency
of DTs to overfit the training data (Caie et al., 2021).

Extremely Randomised Tree, or Extra Trees (XT) (Geurts et al., 2006), is a tree-
based method similar to RF that aims to increase accuracy by using the entire dataset
rather than bootstrap samples to reduce bias, as well as to reduce the variance of the
RF model by randomly selecting the optimal split points. Notably, XT executes faster
than RF (Tavakol Sadrabadi & Innocente, 2023).

3.3.4 Stacked models

The method of stacking regressions, initially introduced in (Breiman, 1996), linearly
combines several predictors to improve prediction accuracy. The approach primarily
comprises two steps: (i) specifying a list of base learners and training each one on
the dataset, and (ii) using the predictions of the base learners as input to train the
meta-learner, which then predicts new values (Tavakol Sadrabadi & Innocente, 2023).

The defined structures of the stacked models in this study are depicted in Figure 3.6.
Three different Stacking Classifiers (SC1 to SC3) were constructed based on combina-
tions of different optimised base and ensemble algorithms in order to produce more
complex classifiers. For consistency, the meta-learner of all models is the optimised RF
model (Tavakol Sadrabadi & Innocente, 2023).

3.3.5 Extreme gradient boosting

Gradient Boosting Decision Tree (GBDT) (Friedman, 2001) is a supervised learning
technique introduced by Jerome H. Friedman. Starting with a group of (xi, yi) values,
where xi stands for the input values and yi for the associated target values, it involves
iteratively creating a set of functions F 0, F 1, . . . F t, . . . Fm which are then used
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a Stacking Classifier 1

b Stacking Classifier 2

c Stacking Classifier 3

Figure 3.6: Structure used for the Stacked Classification models (Tavakol
Sadrabadi & Innocente, 2023).

to form the corresponding loss function L(yi, F
t) that estimates yi. To enhance the

accuracy of estimations, another function F t+1 = F t + ht+1(x) is created to calculate
ht+1 as in Equation (3.50) (Gale et al., 2021; Rao et al., 2020):

ht+1 = arg min
h∈H

EL
(
y, F t

)
(3.50)

whereH is the group of potential DTs being taken into account for the ensemble. Thus,
the loss function can be defined as in Equation (3.51) (Hancock & Khoshgoftaar, 2020):

EL
(
y, F t+1

)
= EL

(
y, F t + ht+1

)
(3.51)
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A variant of GBDT called Extreme Gradient Boosting (XGB) was developed by (T.
Chen & Guestrin, 2016). In general, the XGB approach combines several base learners
(DTs) to create an aggregated model that is more resilient.

Overfitting may result from incorrectly specifying DT parameters such as the depth
or number of iterations. XGB penalises overfitted models by incorporating regulari-
sation techniques. However, numerous hyperparameters need to be adjusted (Tavakol
Sadrabadi & Innocente, 2023).

3.3.6 K-nearest neighbour

K-Nearest Neighbour (KNN or k-NN) is a supervised learning algorithm that can be
used for both classification and regression tasks (Cover, 1968). It aims to classify an
unknown sample according to its distance from surrounding samples called neighbours.
The defined context of distance is the Euclidian distance from the k-dimensional input
vector x to its neighbour (x2). In a regression context, the result is equal to the average
of the target values over the desired k-nearest neighbours.

3.3.7 Adaptive boosting

Adaptive Boosting (AdaB), formulated in (Freund & Schapire, 1997), is a boosting
ensemble that attempts to produce a strong learner by combining the outputs of weak
base learners (though the method works for strong base learners as well), producing a
stronger boosted classifier. AdaB attempts to learn from the mistakes of previous weak
learners by increasing the weights assigned to incorrectly classified samples (Schapire,
1999). Higher weights are assigned to more accurate base learners.

3.3.8 Categorical boosting

Categorical Boosting (CatB), proposed by (Prokhorenkova et al., 2018), is an enhanced
variant of GBDT. It has several advantages over the basic GBDT model:

• It is generally more rigorous at handling categorical data, and uses one-hot en-
coding for categories with low cardinality.

• It utilises the Ordered Boosting technique, which means that it is able to use the
same examples used for computation of Ordered Target Statistics to compute ht+1

by assuming D to be the set of all available data for training the GBDT model,
keeping in mind that the DT ht+1 is the tree that minimises the loss function
(L).

• Its approach to building DTs relies heavily on Oblivious Decision Trees (ODTs).
CatB creates a number of ODTs, which are full binary trees. Hence, there will
be 2n nodes if there are n levels. The ODT’s non-leaf nodes divide according
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to the same standard. In order to increase confidence in the selection of the
most productive feature combinations by CatB during training, the capabilities
of GBDT are expanded to enable it to consider feature interactions. (Hancock &
Khoshgoftaar, 2020; Prokhorenkova et al., 2018).

Since CatB is highly sensitive to its hyperparameters’ settings, their tuning is crucial
(Tavakol Sadrabadi & Innocente, 2023).

3.3.9 Deep learning and convolutional neural networks

Machine-learning technology is integral to many aspects of modern life. However, tradi-
tional machine-learning methods struggle to process raw data directly. Consequently,
for a long time, creating a pattern recognition or machine-learning system required
significant engineering and specialized domain knowledge to build a feature extractor.
This extractor could be used to transform raw data like image pixels into a format or
feature vector that a classifier could use to detect patterns or make classifications (Le-
Cun et al., 2015). Representation learning enables machines to process raw data and
automatically uncover the representations necessary for tasks like detection and clas-
sification. Deep-learning methods thus, are representation-learning methods that use
multiple layers of non-linear transformations to build increasingly abstract data repre-
sentations from raw input. In a sequential process, each layer captures more complex
structures by combining non-linear modules, each of which transforms the representa-
tion at one layer into a more abstract representation at the next level. Deep learning
has led to major advancements in previously challenging areas for the AI community.
Due to its promising capabilities in extracting intricate features and structures from
high-dimensional data, it can be applied in a variety of domains including science,
business and government. Deep learning outperforms traditional machine learning
models in different tasks including but not limited to speech and image recognition,
and reconstructing brain circuits (LeCun et al., 2015).

Many deep learning applications primarily rely on feed-forward neural networks,
which are designed to take fixed-size input (such as an image) and produce fixed-size
outputs (such as probability for each possible category). When moving from one layer
to the next one, each unit or neuron calculates a weighted sum of inputs from previous
layers and applies a non-linear function– the activation function–to this value (LeCun
et al., 2015). The Universal Approximation Property of neural networks indicates that
a multi-layer neural network can represent any function. For example, it indicates that
a neural network with a single hidden layer can approximate any bounded continu-
ous function with arbitrary precision or a neural network with two hidden layers can
approximate any function (including discontinuous functions) with arbitrary accuracy
(H. Wang & Raj, 2017). However, these universal approximation properties of shallow
neural networks come at the cost of an exponentially large number of neurons within
the networks, making them virtually impractical (H. Wang & Raj, 2017). The solution,
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however, is to build deeper networks (H. Wang & Raj, 2017) rather than shallow but
wider networks.

Convolutional neural networks (CNNs) are a form of feed-forward neural network
that includes convolutional computations. They are easier to train and better at gen-
eralizing than networks with full connections between adjacent layers. They are pri-
marily designed to handle data in the form of multiple arrays such as images made
of 2D arrays representing pixel intensities in different color channels. Multiple arrays
can include many types of data such as 1D arrays of signals and sequences, 2D arrays
of images, and 3D arrays for video or volumetric images. CNNs normally leverage
four key principles that help them analyse the properties of natural signals including
(i) local connections, (ii) shared weights, (iii) pooling, and (iv) using multiple layers
(LeCun et al., 2015). A typical schematic diagram of the structure of convolutional
neural networks is presented in Figure (3.7).

Figure 3.7: Schematic diagram of a CNN structure for regression or clas-
sification tasks.

Convolutional layer

Convolutional layers are a key part of the CNN structure, playing a crucial role in the
feature extraction process. Unlike the fully connected layers, convolutional layers are
sparsely connected, implying that only a subset of input neurons are connected to each
output neuron. Assuming an input vector of X = (x1, x2, ..., xk)

T and an output vector
of Y = (y1, y2, ..., yl)

T , the input-output relationship can be described as (Yu et al.,
2023):

Y = WX + b (3.52)

where the weight matrix W is a sparse matrix, and b is the bias parameter. The
convolution layer works by applying a convolution filter to transform the input image
into a feature map, which is then passed to the next layer. A schematic representation
of the convolutional layer for a filter size of 3×3 on an image or array with 3 channels
is presented in Figure (3.8).

The convolutional kernel shifts horizontally and vertically on the feature map and
converts data step by step. Hence, the filter- as shown in Figure 3.8–will have 27 weights
(3×3×3), each representing a coefficient applied to each element in the corresponding
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Figure 3.8: Schematic diagram of a convolutional layer operation.

positions of the feature map. Then each weight is multiplied by the corresponding
element of the feature map and finally, the products are summed to form a single
output value. Hence, the output feature map can be calculated as follows (Yu et al.,
2023):

Wout = (Win −Ksize)/Ssize + 1 (3.53)

Hout = (Hin −Ksize)/Ssize + 1 (3.54)

Cout = N (3.55)

Where Win and Hin are the width and height of input arrays, Ksize and Ssize are
kernel size and step size, and N is the number of convolution kernels. The final output
hence would have the dimension of Wout ×Hout × Cout.

Activation functions

Activation functions are primarily used to apply non-linear transformations to the out-
put features. This enhances the network’s ability to represent non-linear relationships
between input and output. So far various activation functions have been developed
including but not limited to the Sigmoid function, Tanh function, Rectified Linear
Unit (ReLU), and Softmax function (Yu et al., 2023). For instance, the formula of the
Sigmoid function is:

S(x) =
1

1 + e−x
(3.56)

and Tanh is defined as:

Tanh(x) =
ex − e−x

ex + e−x
(3.57)

Pooling layer

The pooling layer, which usually comes after the convolutional layer, is in charge of
downsampling the feature maps that the convolutional layer produces. In addition
to preventing overfitting, this method efficiently lowers the computing cost, training
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complexity, and number of network parameters. Furthermore, feature invariance is
introduced by pooling, which means that the network is more focused on the presence
of features than their precise placement. Max pooling and average pooling are the
two primary categories of pooling operations. The average value of every element in a
region is calculated and utilised as the output in average pooling. The output of max
pooling is, however, the highest value in the region. A pooling procedure with a stride
of 2 reduces the image to a fourth of its initial size (Yu et al., 2023).

3.3.10 Attention mechanism and convolutional block atten-
tion module

Attention is a vital cognitive function that enables humans to selectively focus on im-
portant data while disregarding less significant details and information. Humans are
naturally inclined towards processing information in pieces, focusing on the areas that
are most urgently required. This ability to focus enhances perception efficiency and
enables humans to rapidly select important information. Attention can be catego-
rized into two types including (i) top-down conscious attention which is goal-directed
and enables focus on particular tasks, and (ii) bottom-up unconscious attention which
is motivated by external stimuli such as hearing loud noises–which is similar to the
max-pooling mechanism (Niu et al., 2021). The majority of deep learning’s attention
mechanisms are based on top-down focused attention. The problem of information
overload can be addressed by using the attention mechanism as a resource allocation
strategy. It aids in effectively prioritising and processing the most crucial information
particularly when computational resources are limited. The attention mechanism can
be used with the majority of models in a variety of deep learning domains as a way
to enhance the neural network’s capacity to process information. Researchers have
improved and modified the attention mechanisms to better tailor them to particular
tasks, even though the basic idea behind attention models remains the same (Niu et al.,
2021).

Figure 3.9: Schematic diagram of the CBAM module, adopted from (Woo
et al., 2018).

Convolutional Block Attention Module (CBAM) introduced by (Woo et al., 2018),
is a lightweight and efficient method to improve the representational capabilities of
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feed-forward neural networks. It applies the attention mechanism in two dimensions:
channel and spatial. For adaptive feature refinement, the input feature map is then
multiplied by the attention maps (Woo et al., 2018). So the CBAM includes two
main modules including (i) Channel attention module and (ii)Spatial attention module.
The general structure of the CBAM module is presented in Figure (3.9). Given an
input feature F ∈ RC×H×W , CBAM sequentially derives a 1D channel attention map
MC ∈ R1×1×1 as well as a 2D spatial attention map MS ∈ R1×H×W . Hence it can be
formulated as follows:

F ′ = MC (F )⊗ F (3.58)

F ′′ = MS (F ′)⊗ F ′ (3.59)

where ⊗ is the element-wise multiplication.

Channel attention module

A channel attention map is created by analyzing relationships between feature map
channels and focusing on what is relevant in an image. Pooling is used to reduce the
spatial dimension in order to calculate channel attention efficiently. While max pool-
ing offers extra cues to differentiate distinctive object characteristics, average pooling,
which is frequently used to aggregate spatial information, captures general object fea-
tures. Hence, this technique enhances network representation power by integrating av-
erage and max-pooled features, providing a more sophisticated channel-wise attention
(Woo et al., 2018). Calculated values are then forwarded into a shared fully connected
network to produce the channel attention map MC ∈ RC×1×1, while a reduction ratio
in the form of C/r is applied to the number of hidden layer cells to reduce the compu-
tational overhead. Here r represents the reduction ratio–mostly set to 8. The output
feature vectors are then merged using element-wise summation(Woo et al., 2018). The
general structure of the channel attention module is presented in Figure (3.10).

Figure 3.10: Schematic diagram of the channel attention module, adopted
from (Woo et al., 2018).

In summary, the channel attention can be calculated as:

MC(F ) = σ (W1(W0(F
c
avg)) +W1(W0(F

c
max))) (3.60)
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where σ is the sigmoid function, F c
avg and F c

max are the, averaged pooled features
and maxpooled features, and W0 and W1 are the weights of the fully connected network
with W0 ∈ RC/r×C and W1 ∈ RC×C/r.

Spatial attention module

In addition to the ”what” that channel attention identifies, spatial attention is produced
by examining spatial relationships within feature maps and concentrating on ”where”
the most instructive elements of an image are located. An effective descriptor that
highlights important regions is created by combining the results of applying average
and max pooling along the channel axis to compute spatial attention. A convolutional
layer is then applied to this descriptor, producing a spatial attention map in the form of
MS(F ) ∈ RH×W that identifies areas to emphasize or downplay in the image. Channel
Information The general structure of the channel attention module is presented in
Figure (3.11).

Figure 3.11: Schematic diagram of the spatial attention module, adopted
from (Woo et al., 2018).

In summary, the spatial attention can be calculated as:

MS(F ) = σ (f7×7 ([F s
avg;F

s
max]) (3.61)

where σ is the sigmoid function, f 7×7 is a convolutional operation with kernel size
equal to 7, F s

avg and F s
max are the, averaged pooled features and maxpooled features

across channels with F s
avg ∈ R1×H×W and F s

max ∈ R1×H×W .





Chapter 4

Conceptual Design of a
UAV-Swarm Based Wildfire
Emergency Response System

Systems for wildfire emergency response (WER) should ideally be planned systemati-
cally. In reality, however, they usually rely on ad hoc dynamic modifications and ad hoc
design of some components because of budgetary limitations, shifting environmental
conditions, developing threats, or any other unforeseen circumstance. Consequently,
this chapter, the first working chapter of the thesis, presents the conceptual design of a
UAV-swarm-based wildfire emergency response system, utilising a systems engineering
approach aiming to identify and highlight the opportunities for maximum exploitation
of the UAV’s power and flexibility in empowering existing wildfire emergency response
systems. However, it is acknowledged that firefighters and land crew are the core el-
ements of every firefighting response system. Hence the presented chapter focuses on
developing a human-centred framework to improve their safety and efficiency, rather
than replacing these elements.

4.1 Systems Engineering Overview

Using a systems engineering framework (Faulconbridge & Ryan, 2002; NASA, 2020),
the author proposes here a conceptual design of a WER system explicitly leveraging
intelligent UAV swarms. The main motivation for the design of such a WER system is
that the use of UAVs has the potential to cut costs, boost efficiency, and improve safety
in various existing forest service programs, including risky operations in which piloted
aircrafts are not actively employed (Markiewicz & Nash, 2016). This is reinforced
by the use of intelligent self-organising UAV swarms. Although UAV-based systems
cannot undertake all actions of a WER, as the presence of firefighters on the ground is
indispensable, they can significantly improve its functionality and performance while
reducing economic and human losses.

83
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The life cycle of a system can be broadly divided into an acquisition and a utilisation
phases. The acquisition phase comprises four main stages, illustrated in Fig. 4.1:
(i) conceptual design, (ii) preliminary design, (iii) detailed design and development,
and (iv) construction or implementation. This thesis is concerned with the conceptual
design, which aims to define the system in functional terms (Tavakol Sadrabadi et al.,
2024).

Figure 4.1: Life cycle of a system, which starts with the statement of a
need and ends with the system’s disposal. The focus here is on the con-
ceptual design, which is aimed at defining the system in functional terms,
adopted from (Faulconbridge & Ryan, 2002).

It is crucial to unambiguously define the functional requirements of the system to
avoid future problems during the system development and operational stages. The
main steps comprising a conceptual design are (Faulconbridge & Ryan, 2002):

1. Stakeholder requirements identification.

2. System feasibility analysis.

3. System requirements analysis.

4. System-level synthesis.

5. System design review.

4.2 Stakeholder Requirements Identification

The first step in the conceptual design of a system is to identify stakeholders and
their requirements, which involves defining the system’s functions, objectives, con-
straints, operational features, interactions with third-party systems, and operational
environment. These requirements are specified in layman’s terms rather than technical
language (Faulconbridge & Ryan, 2002).
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4.2.1 Stakeholders

A stakeholder is any party that has a stake or an interest in the system (Vogwell, 2003).
The UK Forestry Commission identifies the following stakeholders when planning for
wildfires (Commission-England, 2020): (i) fire and rescue services, (ii) local authorities
and resilience forums, (iii) local wildfire groups, (iv) local and adjacent tenants and
property owners, and (v) managers and owners of national infrastructures. In addi-
tion, public law authorities such as police forces (Karvonen et al., 2023; United Nations
Environment Programme, 2022), public health agencies, meteorological organisations,
aerial flight crews, and telecommunication operators and companies may be added to
the list. At a broader scale, governmental organisations and departments such as agri-
cultural departments, forest and rangeland management services, water management
services, municipalities, insurance companies, and the military may also be considered
stakeholders. Finally, the natural environment comprises an external stakeholder, as
it is highly affected by a wildfire and the strategies adopted during the emergency
response. For example, the effects of fire suppression activities on the environment are
so high that they could surpass the impacts of the fire itself (Backer et al., 2004).

With specific regard to the swarm-related components of the response system, their
users and operators also comprise internal stakeholders. Examples are (i) swarm oper-
ators, (ii) data analysts, and (iii) U-space operators. Swarm operators communicate
with operators of other components of the response system, whilst commanding, mon-
itoring and controlling the mission—including launch and return of the swarm (i.e.
command, control, and communication). Data analysts make use of sensor data and
AI-based analytics to monitor and assess the situation, make recommendations to the
incident commander, and inform external stakeholders. U-space operators establish
U-space areas and provide traffic control, maintaining communications with pilots of
manned and unmanned aerial vehicles (Karvonen et al., 2023).

Table 4.1 summarises the requirements of some important stakeholders related to
the UAV swarm within the wildfire emergency response system, including internal
stakeholders, nature, and regulatory authorities (Tavakol Sadrabadi et al., 2024).

4.2.2 Objectives and constraints

Since the need in Fig. 4.1 is typically loosely stated, system-level objectives must be
clearly articulated at the beginning of the conceptual design. Common objectives of a
WER system are (Tavakol Sadrabadi et al., 2024):

1. Reduce the risk of a fire.

2. Limit the consequences of a fire should one break out.

3. Monitor area of interest (surveillance).

4. Detect and localise fire outbreaks.
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Table 4.1: Overview of some important stakeholders of the WER sys-
tem empowered by aerial UAV swarms and their requirements (Tavakol
Sadrabadi et al., 2024).

Type of
stakeholder

Stakeholder Requirements

External

Governmental organisations The swarm-based WER system must be safe, economically viable, adaptable to regulations, and publicly acceptable.
Aviation and regulatory organisations The system must function within the specific aerial domain to maintain safety for other aerial vehicles.

Insurance companies
The system must be able to protect human crew, valuable property, businesses, heritage sites, and infrastructure
to reduce exerted damage and reconstruction/repair costs.

Local authorities, landowners, tenants, etc. Minimising damage to local property, lands, tenants, and environment.

Nature
1- minimising the damage to all components of the ecosystem either caused by the fire or firefighting activities.
2- accelerating rehabilitation of the environment through performing timely and large scale recovery missions.

Internal

Forest management services
The UAV swarm is to be capable of carrying out Inspection missions, fire and environment monitoring and sensing,
fire propagation estimations, fire fighting activities, damage assessment missions and recovery actions efficiently
and economically to reduce the costs compared to current approaches.

Fire and rescue services
The UAV swarm should be reliable, accessible, maintainable, and operable for the mission’s duration.
It must be capable of carrying out fighting activities, logistic and support missions, and continuous monitoring

UAV system operators and maintainers
The UAV swarm must be (1) maintainable in a timely and cost-efficient manner, (2) energy efficient,
(3) operable for the duration of the mission, and so on.

Data analysts
The UAV swarm must be capable of providing reliable and accurate data throughout the entire mission time
from desirable locations and with desirable resolutions.

5. Alert firefighters, incident commander, and other decision-makers.

6. Gather and assess fire data.

7. Forecast fire propagation.

8. Identify natural resources and map roads.

9. Monitor and assist evacuations (assets, people).

10. Suppress the fire.

11. Map burned area.

Project constraints include organisational policies, procedures, standards, resource
allocations, and time frames guiding and restricting the system development. External
constraints include compliance with laws, regulations, and industry standards, and
capabilities to interface to other systems (Tavakol Sadrabadi et al., 2024).

Currently, there are no UAV regulations that directly address forest firefighting
activities, as the majority of UAV regulations are focused on operations over populated
and urban areas (see (D. Lee et al., 2022)). However, most of these regulations are
still generally applicable and valid in WER situations. Even though a comprehensive
review of regulations is beyond the scope of this research, the aim here is to discuss
limitations imposed by some countries and modifications required to take advantage of
UAV capabilities such as autonomous flights beyond the visual line of sight (BVLOS)
(Tavakol Sadrabadi et al., 2024).

The U.S. Federal Aviation Administration (FAA) passed regulations in 2014–2015
stating that every UAV with a mass of at least 0.25 kg and a maximum speed higher
than 100 mph is permitted to fly only during daytime and controlled by certified oper-
ators no younger than 17 years old. Furthermore, UAVs may not be used for deliveries
or fly BVLOS (D. Lee et al., 2022; K. Lee, 2015). In 2021, the FAA published a new set
of rules permitting operations over people and moving vehicles, and night operations as
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long as UAVs are equipped with anti-collision lights (Federal Aviation Administration,
2021). In August 2023, the FAA authorised the “Phoenix Air Unmanned” company to
perform BVLOS operations for aerial work, aerial photography, survey, as well as pow-
erline and pipeline patrol and inspection (Federal Aviation Administration, 2023a). In
September 2023, two other companies were granted BVLOS mission authorisations for
small package delivery, and for testing detect-and-avoid technologies (Federal Aviation
Administration, 2023b).

The European Aviation Safety Agency (EASA) and the Civil Aviation Authority
(CAA) in the UK classify UAV flights into three categories, namely (i) open category
(low risk), (ii) specific category (medium risk), and (iii) certified category (high risk)
(European Union, 2019; D. Lee et al., 2022). The open category is sub-divided into
three sub-categories: A1 (UAVs mass below 0.25 kg, which may be flown over people
but not crowds), A2 (UAV mass under 4 kg according to EASA, and under 2 kg
according to CAA), and A3 (general operations, including UAV mass up to 25 kg)
(Tavakol Sadrabadi et al., 2024). Open category flights do not require authorisation
from the National Aviation Authority (NAA), although Operator ID registration and
some certification of competency may be required for sub-categories A2 and A3. The
CAA requires a Flyer ID from anyone piloting a UAV. The specific category is for flights
posing higher risks which may nonetheless be mitigated, requiring risk assessment and
authorisation from the NAA. The certified category applies to complex operations,
typically with larger and/or more sophisticated UAVs, requiring the highest levels of
safety assurance. The levels of risk are determined with respect to cargo, population
density, UAV dimensions, and whether the flight is within visual line of sight (VLOS)
or BVLOS (European Union, 2019). UAVs must fly lower than 122 m in the open
category, may fly higher in the specific category, whilst special permission is required
in the certified category. For all UAVs with a mass of 0.25 kg or above, operators must
have some level of training (European Union, 2019; D. Lee et al., 2022).

BVLOS flights are typically prohibited in the USA, the UK, and the EU, unless
prior authorisation is obtained from the NAA and within well-defined geo-fenced zones
(D. Lee et al., 2022; Matalonga et al., 2022). Nevertheless, regulatory bodies anticipate
a variety of parties that will benefit from autonomous UAV missions (Matalonga et
al., 2022), and hence are striving to adapt and define regulatory frameworks to allow
for this. For example, the UK has established the airspace modernisation strategy
(AMS) program, which aims to examine how RPAS flying BVLOS will be incorporated
into the UK airspace system by 2040 (Civil Aviation Authority, 2023). EASA has
developed the concept of U-space, which consists of a set of services and procedures to
facilitate safe and efficient airspace access for multi-UAV missions. The aim is to allow
for automated UAV management and integration, coexisting safely with the current
air traffic management system (European Civil Aviation Conference (ECAC), 2021;
European Union Aviation Safety Agency (EASA), 2020). The NASA Ames research
centre is developing a so-called UAV traffic management (UTM) platform to safely
integrate large numbers of UAVs operating at low-altitude airspace into existing air
traffic (National Aeronautics and Space Administration (NASA), 2021).
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WER missions are carried out largely under uncontrolled and uncertain situations.
For instance, aircrafts and land crew mostly operate within smoky, windy, and highly
turbulent environments. Consequently, a UAV swarm system must be adaptive, and
able to operate autonomously and BVLOS (Matalonga et al., 2022). These are precisely
defining features of a swarm intelligent, self-organising, multi-UAV system. However,
regulations—especially in the context of wildfires—do not yet support such missions. In
fact, the FAA states that “drones and wildfires are a toxic mix” as fire response services
have to halt their airborne support vehicles to avoid midair accidents if unauthorised
UAV flights are observed near the wildfire event (Federal Aviation Administration,
2019). Therefore, an autonomous aerial swarm-based system must be designed as
an integral component of the WER system rather than incorporated a posteriori to
enable coordinated and safe operations for both manned and unmanned vehicles in
wildfire airspace. As such systems are progressively developed and tested, proving
themselves efficient, reliable and safe, it is reasonable to expect regulations to become
less restrictive in the near future (Tavakol Sadrabadi et al., 2024).

4.2.3 Operational scenarios

Operational scenarios take into account (i) operational environments (external factors)
and the (ii) modes of operation of the system (internal factors) so as to meet the
stakeholders requirements.

Wildfires can happen in diverse areas, including remote locations and wildland-
urban interfaces (WUI). As a result, a WER may unfold within diverse environmental,
topographical, and societal contexts. Environmental factors which may affect the sys-
tem’s operations include “difficulty in accessing the terrain”, “fuel type”, “availability
of natural bodies of water”, “weather”, “wildlife”, “human population”, “infrastruc-
ture”, and “natural barriers to fire propagation”. Missions addressing different objec-
tives such as “detection and localisation of fire outbreaks”, “fire propagation monitor-
ing”, “fire suppression”, and “mapping of the burned area” (see Section 4.2.2) require
different modes of operations within each operational environment. In order to cope
with diverse operational environments and meet stakeholders requirements, the WER
system must exhibit adaptability and flexibility. For example, the detection and locali-
sation of fire outbreaks heavily depends on visibility, which can be affected by day-night
status, smoke, and weather (Alkhatib, 2014). Such conditions can affect the accuracy
and detection speed, and limit the use of some reconnaissance resources available to
the system. In turn, suppression operations are affected by the characteristics of the
fire (type, size, intensity, rate of spread), smoke, terrain, vegetation, weather, and day-
night status (Walsh et al., 2020). These conditions inform the intensity and strategy of
the response, and constrain operations. Responding to larger, more severe, and faster
spreading wildfires evidently requires more resources such as water or fire retardants,
larger UAV fleets, higher numbers of firefighters, and more equipment. It is important
to highlight here that a swarm of self-organising UAVs comprises a robust, resilient,
adaptable, and scalable system (Tavakol Sadrabadi et al., 2024).
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Whilst leveraging the power of autonomous, intelligent UAV swarms, the WER
system is still human-centred, with human firefighters at its core. The UAV swarm
is the WER sub-system that provides (i) real-time aerial monitoring and situational
awareness, (ii) precise estimations of fire behaviour and propagation, (iii) decision-
making support for fire management, search and rescue, and evacuations, (iv) delivery
capabilities (e.g. firefighting tools, first aid kits, food, water), and (v) autonomous fire
suppression capabilities (Tavakol Sadrabadi et al., 2024).

4.3 System Feasibility Analysis

Once the stakeholders requirements are stated (including objectives and constraints),
feasible alternatives for the WER system must be considered taking into account the
operational scenarios, costs, timeliness, and available technologies. For example, a
variety of environmental and meteorological factors and conditions such as fog, haze,
cloud cover, wind and turbulence, precipitation, temperature and humidity, lightning,
tornadoes, and so forth, have the potential to impact UAV operations. Some of these
may be defined as severe hazards or conditions, and impose serious risks on the opera-
tors and other personnel (Ranquist E, 2017), possibly rendering the system infeasible
under such conditions (Tavakol Sadrabadi et al., 2024).

During operations aimed at early fire detection and localisation, the size of the area
to be monitored, the estimated fire risk, and the estimated severity of the resulting
hazard have a great influence on the design of the system and the technology adopted
(e.g. static sensors, fixed-wings, multi-rotors, swarm-size, satellites). During fire sup-
pression operations, the heat released from the burning front drives air temperatures
to extremes and puts both UAVs and firefighting personnel in dangerous situations
facing strong and turbulent wind conditions (Tavakol Sadrabadi et al., 2024).

The horizontal wind velocity within a wildfire may vary significantly under different
fuel and topographical conditions, e.g. between 1.4 m/s and 26 m/s (Cruz & Alexander,
2019b). In turn, the vertical wind velocity may also be of great importance as it pushes
the UAV upwards, with the potential to overturn it. For example, airborne cloud radar
measurements (Rodriguez et al., 2020) indicated that, under extreme conditions of
the Pioneer fire, the updraft and downdraft velocities reached maximums of 60 m/s
and 30 m/s, respectively (Tavakol Sadrabadi et al., 2024). In order to address the
wind effect on the UAVs, different approaches and methods are being utilised, such
as the design of enhanced controllers (Olaz et al., 2023) and enhancing the structural
design of UAVs (Peña et al., 2022). Alternatively, smaller off-the-shelf extreme-weather
UAVs are available in the market. For example, the Sky Mantis 2 (Evolve Dynamics
Ltd., 2024) is advertised to be able to operate with winds of 75 km/h and under
heavy rain. With a payload of 2 kg, it may be used for dropping swarms of fire
suppression balls, though it is limited to a maximum operational temperature of 50 ◦C.
Nonetheless, the UAV temperature resilience issue is also being addressed by different
studies (e.g. (Myeong et al., n.d.)).
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Having said the above, the implementation of specific risk reduction and UAV safety
technologies and methodologies can make such a system viable. A swarm like this
should have a variety of sensors and safety systems to provide the necessary redundancy,
thermal insulations to prevent thermal explosions or battery damage from high ambient
temperatures, and continuous monitoring of the UAVs’ internal devices and charge
levels.

4.4 System Requirements Analysis

System requirement analysis is a crucial step in conceptual system design, establish-
ing the basis for functional design by prioritising essential needs over implementation
details (Faulconbridge & Ryan, 2002). When it comes to fully autonomous BVLOS
firefighting missions, certain requirements and significant shortcomings need to be ad-
dressed to ensure these systems are reliable and safe enough to be utilised in such
challenging and dangerous missions. This section briefly discusses the most important
requirements and limitations of such a system, with Fig. 4.2 presenting an overview.

Figure 4.2: Overview of a UAV swarm system requirements (Tavakol
Sadrabadi et al., 2024).

4.4.1 Mechanical and operational requirements

Safe operation of the individual UAVs within the system, and their interactions
and cooperation with external elements such as manned aircrafts and human land
crew is of high importance to the UAV swarm function. For example, UAVs operating
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in a wildfire environment should be able to withstand extreme conditions, including
high temperatures and turbulent winds. The temperature of the ambient environment
during suppression operations could be as high as ∼ 80◦C (Belén et al., 2021), which
can significantly affect the UAV performance. Currently, no commercial off-the-shelf
UAV could operate in high temperatures close to the values that take place in a wildfire
environment. It should be noted that even temperatures of up to ∼ 60◦C substantially
reduce battery lifetime and its capacity, damaging the lithium-ion battery (N. Li et
al., 2021), which is detrimental to the system’s functionality. Consequently, the UAVs
should be temperature agnostic in order to be able to maintain safe operation, especially
for those units that participate in direct suppression activities. Apart from the battery
performance, temperature variations are also detrimental to the structural integrity of
the UAV frame, while lower air density reduces the thrust generated by the motors
(Ranquist E, 2017) and therefore the UAV payload capacity.

In addition to the high temperature, the turbulent wind and smoke in a wildfire
environment could increase the probability of aircraft accidents. High wind speeds re-
duce the endurance time of UAVs and easily divert them from their original trajectory
or even turn them upside down (Ranquist E, 2017). Therefore, the UAV resistance
against horizontal and vertical gusts and turbulence is of great importance, and needs
to be considered when designing UAVs for wildfire environments. Furthermore, smoke
exhaled from the burned vegetation increases the noise in the data acquired by sensors
like RGB cameras and LiDARs (Kyuroson et al., 2023), hence limiting their function-
ality required for maintaining situational awareness and autonomous operation of the
UAV (Tavakol Sadrabadi et al., 2024).

Launch pads and recharging stations are essential components of any UAV-
based system (Ausonio et al., 2021; Karvonen et al., 2023), supporting their continuous
operation. A UAV launchpad or docking station is a multi-functional system that
supports UAVs in various ways, including safe landing and take off, recharging and
replacement of batteries and payloads, and possibly the required space for storing
them. This enables the swarm to operate over long periods of time. UAV docking
systems could be either mobile or fixed during the mission (Grlj et al., 2022). A range
of fixed and mobile docking systems have been developed, including the DJI dock (DJI
Enterprise, 2023). A detailed survey of these technologies is beyond the scope of this
research.

Suppression agents and methods encompass a variety of different agents available
for use in fire suppression activities, including water, surfactants (wetting agents), class
A foams, fire retardants, and fire gels (Group, 1996). Compared to air tankers, UAVs
have a limited payload capacity prompting researchers to propose some innovative
solutions to tackle this limitation, including the use of fire extinguishing balls (Soliman
et al., 2019), tethered firefighting hose (Viegas et al., 2022), or water spraying systems
that mimic rainfall (Ausonio et al., 2021) to maximise the evaporation and hence reduce
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the temperature of the burning fuel facilitating suppression (Tavakol Sadrabadi et al.,
2024).

Generally, the amount of required suppressant is directly linked with fire intensity.
Thus, the primary concerns of using suppression agents like water are using the right
amount, with the correct form, and in the right place to increase the chance of success
(Group, 1996). Apart from the considerably lower costs, one of the main advantages
of UAVs over air tankers is that they can be equipped with advanced technologies
that facilitate the calculation of the critical amount of suppressant required, and can
deliver it in the optimal form and place to maximise the effectiveness of the suppression
operation. Therefore, some researchers have tried to calculate the required amount of
suppressant liquids, such as water, for different fire conditions (e.g., rate of spread or
fire intensity) and fuel types when utilised in UAV systems (see (Ausonio et al., 2021)).
In addition to the amount, the form of water delivery to the fire affects its effectiveness
in absorbing heat and suppressing the flames. For instance, delivering water in a spray
or fog form offers higher efficiency than a straight stream of water. (Group, 1996).

Distance from suppressant resources is also important for the uninterrupted op-
eration of the system. Generally, air tankers and helicopters can access suppressant
sources such as lakes and rivers located kilometres away from the main fire scene.
Conversely, UAVs have limited endurance, which limits their flight range. Therefore,
having access to a nearby water source or other suppression agents is critical for the
effective operation of a UAV swarm (Tavakol Sadrabadi et al., 2024).

4.4.2 Sensors and situational awareness

Situational awareness could be defined as the ability to perceive elements in the en-
vironment within a volume of time and space, understand their meaning, and project
their status in the near future (Endsley, 1995). A UAV swarm should be able to main-
tain its situational awareness, constantly transmit environmental information to the
command and control centre, receive instructions, and carry out the assigned tasks
autonomously throughout the operation. For the UAV system to carry out its mission
safely within its operation environment, it must be able to evaluate its environment
status and make timely decisions. Utilising data fusion and intelligent system health
management can render such status assessments possible (Hussein et al., 2021).

Apart from structural and flight necessary sensors, UAVs are capable of carrying a
range of sensors with various applications in environmental remote sensing, including
RGB, infrared (IR), thermal, and multi-spectral cameras; light detection and ranging
(LiDAR) sensors; and atmospheric measurement sensors such as temperature sensors,
humidity sensors, PM and gas sensors (Akhloufi et al., 2021; Keerthinathan et al.,
2023), wind probes, and anemometers (Prudden et al., 2018). Spectral sensors such as
RGB, thermal, and IR cameras—e.g. near-IR (NIR), red-edge (RE), and shortwave IR
(SWIR)—are the most prevalent type of sensors mounted on UAVs to assist in wildfire
monitoring and response tasks. Spectral property analysis is made possible by the
cameras’ ability to record radiation from the material or object under observation at
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various wavelengths and frequencies. A spectral image is hence created by recording
the intensity of radiation that the camera detects at each frequency band as a value
for each pixel (Akhloufi et al., 2021; Keerthinathan et al., 2023), which then needs to
be localised or geo-referenced to be used as actionable data or as input into the fire
predictive models. LiDAR sensors are also extensively used for various applications,
such as vegetation mapping (Münzinger et al., 2022), fuel and burn severity mapping
(Braziunas et al., 2022), and sub-canopy forest structure detection. The main drawback
is that their performance deteriorates in adverse weather conditions such as snow,
fog, or rain (Dreissig et al., 2023), potentially affecting UAV operations in smoke-
covered environments during wildfires. Unlike LiDAR sensors, the performance of
ultrasonic or sonar sensors is not affected by weather conditions. They are ideal for
outdoor use because they offer broad coverage as well. However, radars’ low output
resolution prevents them from providing precise object dimensions (Partheepan et al.,
2023), which limits their use in wildfire monitoring tasks. Hence, given that a single
sensor may not be able to meet all the situational awareness requirements, each UAV
in the swarm must be equipped with a specific set of sensors based on its unique
operational needs, in addition to the standard sensors essential for autonomous flight
and communications (Tavakol Sadrabadi et al., 2024).

4.4.3 Autonomy and decision making

The National Institute of Standards and Technology (NIST) defines autonomy as the
ability of a drone to operate independently, including sensing, perceiving, analysing,
communicating, planning, decision-making, and taking action to achieve its objectives
(Tavakol Sadrabadi et al., 2024). It may be categorised into four levels: (i) full auton-
omy, when operation requires no human intervention; (ii) semi-autonomy, when tasks
involve different levels of human-robot interaction; (iii) tele-operation, when a human
operator uses feedback to control and assign tasks; and (iv) remote control, when the
operator directly controls the UAV’s actuators (Huang, 2004).

A UAV swarm system requires a high level of autonomy. The system requirements
for an individual UAV to fly autonomously can be classified into: (i) control, (ii) flight
management, and (iii) path planning (Hussein et al., 2021). In addition, perception
is an inherent part of autonomous flight management and planning as the control al-
gorithms of the UAV rely on the data provided by the perception sensors (Campion
et al., 2019). Flight control and navigation, as well as the UAV positioning system,
are also fundamental functions of the autonomous system that enable safe operation
(Hussein et al., 2021). Besides, for the UAV to safely navigate from its current loca-
tion to the desired destination, a series of functions, including flight planning, mission
scheduling, fail-safe protocols, contingency management, conflict resolution, and obsta-
cle detection and avoidance, must be executed (Tavakol Sadrabadi et al., 2024). UAV
positioning is another important element for autonomous navigation, which may be
achieved through technologies like simultaneous localisation and mapping (SLAM) or
GPS sensors (Hussein et al., 2021).
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In a multi-robot or swarm system, decisional autonomy comprises four main capa-
bilities: (i) task allocation, which means dividing tasks among the robots; (ii) mission
planning, scheduling, and refinement, which means converting tasks and missions into
feasible sequences of actions while taking environmental conditions and UAV capa-
bilities into account; (iii) coordination, which deals with resource conflicts and plan-
ning cooperative tasks to guarantee consistent actions among a group of robots; and
(iv) supervision and execution control, which manages encountered circumstances and
guarantees proper task execution (Lacroix et al., 2007).

4.4.4 Swarm communication and coordination strategy

An autonomous UAV swarm allows for a single operator to manage and control a
group of UAVs instead of a group of operators controlling individual UAVs. UAVs
in the swarm exchange information with one another, and self-coordinate to achieve
a common goal. It is virtually impossible for human operators to process the shared
information efficiently, reach consensus, and coordinate collective, cooperative actions.
This makes autonomous swarms significantly more efficient, responsive, and timely
than collections of human-controlled robots in a variety of situations (Arnold et al.,
2019).

Swarm communication and coordination can be categorised into centralised
(infrastructure-based) and decentralised architectures. Centralised communication in-
volves direct communication between all UAVs and a central command center, making
the system semi-autonomous (Akhloufi et al., 2021; Campion et al., 2019). While it
benefits from real-time computation and optimisation, it has drawbacks like suscep-
tibility to attacks and restricted communication range in remote and harsh wildfire
environments. Decentralised architecture involves UAVs communicating with each
other and planning collectively. They rely on onboard processing power, enhancing
redundancy but increasing payload and reducing endurance. In addition, it introduces
higher complexity, requiring distributed coordination algorithms for implementation
(Campion et al., 2019). However, given the typical operational conditions of a UAV
swarm suppressing a wildfire, which often involve BVLOS operations, a decentralised
architecture would inherently be a superior choice provided that sufficient safety mech-
anisms are embedded into the system, such as emergency landing, return-to-home
(RTH), and alternative communication such as satellite communications (SatCom)
(Tavakol Sadrabadi et al., 2024).

Collective behaviours emerge from local UAV–UAV and UAV–environment inter-
actions via self-organisation. This results in a swarm robotic system that is scalable (up
and down), resilient to failure, and flexible in response to changing environmental con-
ditions (Trianni & Campo, 2015) such as the harsh and highly dynamic environment of
a wildfire event. These can be attained through meticulously hand-designed local rules



CHAPTER 4. CONCEPTUAL DESIGN 95

for a desired collective behaviour to emerge often accomplished through a bio-inspired
strategy (reproducing baseline behaviours), or via some automatic design method using
evolutionary-based techniques (evolutionary swarm robotics) or multi-agent reinforce-
ment learning (MARL) methods. Some baseline behaviours include (i) synchronisation
(coordination of actions); (ii) coordinated mobility (coordinated flight to preserve a
stable spatial organisation); (iii) aggregation (gathering in a specific area), (iv) col-
lective exploration, and (v) decision-making (Trianni & Campo, 2015). Whatever the
design method, the swarm robotic system exhibits swarm intelligence (not every group
of UAVs makes a swarm) (Tavakol Sadrabadi et al., 2024).

4.4.5 User interface and human-robot interaction

A user interface (UI) in a human–robot system is a communication platform that
makes it feasible for human users to interact with the robot and exchange information
(Thippeswamy et al., 2022). Conventional robotic systems require human decision-
making, planning, action approval, and close human–system interaction. Such configu-
rations are generally defined as Human-in-the-Loop systems. With the development of
artificial intelligence, however, fully autonomous systems are now at the centre of at-
tention. Human-in-the-Loop systems are capable of autonomous decision-making and
execution without direct human control. However, human operators are still expected
to perform monitoring and supervisory roles (Agrawal, 2022). The UAV swarm system
may be supervised and monitored by fire managers and fire agencies, meaning that the
UI should be simple and easy to use for user agencies (Tavakol Sadrabadi et al., 2024).
On the other hand, it should be comprehensive and inclusive enough to facilitate situ-
ational awareness for the user or command and control centre as a poor UI can become
a source of problems and failures in robotic systems (Agrawal, 2022).

4.4.6 System digital twin

The 2022 NASA workshop highlighted issues in the current firefighting operations,
including an overload of unhelpful data, poorly scaled information from predictive
services, and communication limitations that lead firefighters to rely on intuition rather
than actionable data (NASA, 2020). In order to estimate wildfire behaviour and make
informed decisions, the WER system needs real-time and accurate information about
the wildfire’s status, and reliable estimations of its future behaviour and extent (Tavakol
Sadrabadi et al., 2024).

A digital twin may be described as an integrated model that incorporates different
discipline-specific models (e.g. architecture, mechanical, electrical, software) and infor-
mation from many existing technologies to monitor real-time situations and estimate
future scenarios (D’Amico et al., 2019). Integrating these partial models is important
as it provides the capability to study the multifaceted behaviours that occur from in-
teractions between diverse system components (Vrabič et al., 2018). Different studies
have focused on developing digital twin frameworks of UAV swarm monitoring systems
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(Salinas et al., 2023) and wildfire incidents (Jiao et al., 2023). However, the digital twin
required for a UAV swarm-based WER system interacting with the environment and
participating in suppression, evacuation, and monitoring tasks must be able to consider
(i) fire propagation, (ii) atmospheric conditions variations, (iii) UAV swarm actions
and their effects on the environment, (iv) evacuation behaviour and traffic modelling,
and (v) the effect of suppression activities on the fire dynamics. Besides, these simu-
lations should be executed in faster-than-real time to be utilised in response activities.
An accurate numerical solution over a large domain is prohibitively computationally
expensive (Bakhshaii & Johnson, 2019); hence, a possible solution is to use faster-
than-real-time reduced-order models (e.g. (Grasso & Innocente, 2020b)) and improve
the estimations through other techniques such as data-assimilation(Tavakol Sadrabadi
et al., 2024).

4.4.7 Performance requirements

In order to provide a basis for evaluating the effectiveness of the proposed system,
it is necessary to define measurable quantities to offer insight into how the system is
functioning. A Technical Performance Measure (TPM) is a measurable parameter that
provides a way to compare the system function to the requirements that it needs to
satisfy (Garrett et al., 2011).

Even though performing an exhaustive review of performance assessment metrics
for such systems is beyond the scope of this thesis, it is fair to note that the techni-
cal performance measures for a UAV-swarm-based WER system encompass a range of
aspects important to different stakeholders at different levels of the system. For ex-
ample, at the system level and in terms of evaluating the effectiveness of the response
system, performance assessment metrics may include parameters such as average re-
sponse time, suppression costs, burned area, fire detection and alert time, fire and
spotting localisation and mapping accuracy, system development, maintenance and
operational costs, accuracy of fire behaviour estimations, human crew casualties, and
facilities entrapment(Tavakol Sadrabadi et al., 2024).

On the other hand, the system can be evaluated based on the functional efficiency
of the UAV swarm as a subsystem of the wildfire response system, which may include
metrics for assessing the (i) system robustness and fault/error tolerance which may be
discussed in terms of the effect of a failed agent on group performance and on other
working agents, (ii) scalability which reflects on the system performance improvement
with increasing the swarm size, and (iii) the system adaptability which reflects system
capacity to adjust and respond to the external circumstances and dynamic environ-
ment (Milner et al., 2023). In terms of autonomous navigation and motion planning
at the UAV level, the performance can be evaluated by utilising metrics for trajectory
evaluation such as trajectory corrected distance, maximum curvature, minimum dis-
tance from obstacles, etc (Ermacora et al., 2020). From the standpoint of airworthiness
and operational capabilities, the UAV system performance may be evaluated utilising
metrics like flight endurance, range, collision avoidance, terrain following, energy con-
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sumption, portability and deployment time, wind resistance, navigation and autonomy,
safety measures, payload capacity, suppression effectiveness, communication range and
quality, sensor resolution, scalability, cost-effectiveness, environmental impact, human-
robot interaction, system reliability, and redundancy, among others (Tavakol Sadrabadi
et al., 2024).

4.5 System-Level Synthesis

System-level synthesis is the step in which the abstract concepts and requirements
are turned into a feasible architecture for implementation. It includes establishing
relationships among system elements and forming an initial system configuration to
satisfy system requirements even if such a configuration is not final and could be
expected to undergo significant changes as the design matures (Faulconbridge & Ryan,
2002). This section of the paper proposes a possible swarm composition and defines the
functional relationships among the WER system elements (Tavakol Sadrabadi et al.,
2024).

4.5.1 Swarm composition

The proposed UAV swarmmust be capable of carrying outWERmissions autonomously,
without direct human intervention other than having a human in the loop. However, a
singular UAV type may be inadequate for the varied demands of different WER opera-
tions. For instance, heavy-lift UAVs may not be suitable for long-range inspection mis-
sions, while fixed-wing UAVs—with higher wind resistance than multi-rotors—prove
more reliable for monitoring fire fronts and operations near visible plumes (Ranquist E,
2017). Nevertheless, the very important task of measuring atmospheric characteristics–
which holds the main emphasis of this thesis– can be allocated to every type of UAV
which in turn highlights the flexibility and scalability of the proposed model in chap-
ter 8. Although there is research on the use of heterogeneous swarms, the original
idea of swarm intelligence and swarm robotics is that agents are quasi-identical so
that intelligence emerges from the interactions among similarly capable individuals in
a massively redundant system (no single point of failure). Thus, single individuals
are disposable with a graceful degradation of system performance. Likewise, UAVs
may be incorporated into the swarm to enhance its performance, even during opera-
tions. Therefore, the WER system is proposed to have at least one quasi-homogeneous
swarm composed of quasi-identical fixed-wing UAVs for tasks such as long-range moni-
toring, and one quasi-homogeneous swarm composed of quasi-identical multi-rotors for
tasks such as fire suppression and precision deliveries. Although the spirit of swarm
robotics is to make use of numerous relatively inexpensive robots, certain tasks may
require a trade-off between many small and few heavy-lift UAVs. Hence, the multi-
rotor swarm could potentially be split into one swarm of lightweight and another of
heavy-lift multi-rotors for different tasks. There may–and usually will–be information
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exchanged between swarms, but they will not self-organise to collaboratively perform a
given task (i.e. they will not conform a single heterogeneous swarm). The preliminary
proposed composition includes (i) swarm of fixed-wing UAVs for long-range and long-
endurance reconnaissance and monitoring missions; (ii) swarm of small to medium-size
multi-rotors for local monitoring tasks as well as for supporting or performing fire sup-
pression (e.g. autonomous suppression or ignition of prescribed fires or backfires); and
(iii) swarm of heavy-lift multi-rotors for supporting or performing fire suppression and
equipment delivery missions (e.g. to support and protect firefighters). Heavy payloads
requirements may also be met by means of collaborative transport using only relatively
small multi-rotors, thus making use of only two swarms at the expense of adding com-
plexity to the system. Figure 4.3 shows different tasks to which each of these swarms
could be assigned (Tavakol Sadrabadi et al., 2024).

Figure 4.3: WER missions to which each of the three proposed UAV
swarms could be assigned, adopted from (Tavakol Sadrabadi et al., 2024).

4.5.2 Potential UAV selection

A product planning matrix known as the House of Quality or the Quality Function
Deployment (QFD) may be used to relate stakeholders’ requirements to lower-level
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Table 4.2: Example of importance level of requirements for three different
tasks or UAV types during a WER (Tavakol Sadrabadi et al., 2024)

Importance level from stakeholders’/customers’ point of view

Requirement
Long-range

reconnaissance
fixed-wing UAVs

Small multi-rotors
for local monitoring

and/or fire suppression

Heavy-lift multi-rotors
for fire suppression

and/or equipment deliveries

Portability 3 3 3
Fast deployment 0 3 0
High resolution data 9 9 9
Day and night operation 9 9 9
Controllability 9 9 9
Safety 6 6 6
Cost effectiveness 6 6 3
Long-time flight 9 0 0
Long-range flight 9 0 0
Disaster monitoring and assessment 6 6 0
Temperature resilience 3 6 9
Carrying dragon balls 0 9 9
Participation in fire suppression 0 6 9
Participation in emergency recovery 0 0 6

technological specifications that will meet them (Kiran, 2017). Quality Function De-
ployment (QFD) is generally a planning process that uses a quality approach to de-
signing, developing, and implementing new products while considering the customer’s
needs and importance levels. It is a widely used method in industry and numerous com-
panies active in the automotive, shipbuilding, electronics, aerospace, utilities, leisure
and entertainment, financial, software, and other industries have used QFD with great
success (Kiran, 2017). The Voice of the Customer (VOC) is the term used in QFD
terminology to describe the process of determining customer requirements (Tavakol
Sadrabadi et al., 2024). The other side of the QFD coin is called voice of the organisa-
tion (VOO), which assesses whether the business can meet the customers’ needs under
the current conditions by conducting a gap analysis of the team and the process to eval-
uate the company’s capabilities. However, this can easily be translated into the “How
questions” or the technical performance measures (TPMs). The first step in QFD is
to form a planning matrix that outlines the relative importance of every requirement
the team tries to meet. The next step is to identify the level of relationships between
customer requirements and engineering specifications or TPMs (Kiran, 2017).

UAVs in a WER system will be used to perform a wide range of tasks during
the different phases (see Fig. 2.10). The importance of TPMs can vary based on the
specific function and the corresponding stakeholders’ requirements for each phase or
specific task. An example of key stakeholders’ requirements and the corresponding
importance levels is shown in Table 4.2 for the three types of UAVs discussed in the
previous section. The QFD approach is used to determine the relative value of each
TPM. The relative importance of TPMs may be used to design a system tailored to
the requirements or to choose from commercially available options (Tavakol Sadrabadi
et al., 2024).
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Even though some companies are currently working on developing solutions such
as UAV-based monitoring systems for supporting WER systems, they are still mainly
in the research and development stages and typically utilise frameworks specifically
tailored to their operational needs. As a result, public access to the specs is limited.
Alternatively, a list of commercial off-the-shelf frameworks manufactured by different
companies for use in precision farming and/or other activities such as land mapping
may be utilised (see Tables 4.3 to 4.5), although they may lack high-temperature re-
silience. Considering that the UAV swarm system would be responsible for carrying
out different tasks in the context of the wildfire emergency response, the UAV swarm
is hence formed from a combination of different UAVs for different tasks. It is clear
then that the requirements, their level of importance, and the relationship between dif-
ferent TPMS and those requirements for each UAV would be different. Consequently,
three different QFD matrices are formed and presented in tables 4.6 to 4.8 for three
different UAV types that would form a preliminary combination of the UAV swarm.
The top row of the QFD matrix consists of potentially relevant technical performance
measures (TPMs). The middle section then gives the relationships between customer
requirements and these technical performance measures with zero representing no re-
lationship and 9 representing a strong relationship in this example. The sum of the
product of the customer requirement importance and the relationship value then gives
the Importance value for each TPM. Finding the relative importance then yields the
weighting importance matrix for each TPM that is then used in UAV ranking utilising
a Multi-Criteria Decision Making (MCDM) method (Tavakol Sadrabadi et al., 2024).

It is worth mentioning that all importance levels and the values that represent
the relationship between individual TPMs and customer requirements are estimated
based on the author’s understanding of the topic and might not be necessarily accurate
(Tavakol Sadrabadi et al., 2024).

Table 4.3: Potential alternatives for long-range aerial imaging UAVs
(Tavakol Sadrabadi et al., 2024).

UAV type
Flight Range

(km)
Data link
range (km)

Max
Endurance
(hours)

Maximum
payload (kg)

Cruise Speed
(km/h)

Maximum
windspeed
(m/s)

Maximum
temperature
(deg celcius)

Camera
resolution
(megapixel)

weight
(kg)

UAV
Length

Wing
span

Price
(£)

WingtraOne Gen II 60 10 1 0.8 58 18 40 42 3.7 0.68 1.25 25.5k
Atmosuav Marlyn 50 7 0.83 1 65 15 40 61 5.7 1.6 26k
AgEagle eBee X 37 8 1.5 70 12.8 24 1.6 1.16 20k
deltaQuad Pro Map 120 150 2 1.2 65 14 45 42 5 0.9 2.35 17k
Quantum Systems
Trinity F90+

100 7.5 1.5 1 61 12 50 42 4.5 2.4 19k

Delair UX11 53 160.934 1.33 0.2 54 12.5 49 21 1.6 0.75 1.2 15k
Boeing-Insitu ScanEagle 1500 100 20 5 148.2 49 3.1 1.7 2.64M
SkyRobot FX450 2500 2500 20 30 125 55 100 4.1 7.2
Stalker VXE30 432.914 160.934 4 2.5 93 49 20 2.6 4.9

MCDM focuses on organising and resolving multi-criteria planning and decision-
making issues. The goal is to assist decision-makers who are dealing with these issues.
Usually, there isn’t a single best answer for these kinds of issues, so decision-makers
preferences must be used to distinguish between alternative options. Therefore, we
require tools that assist the decision-maker in concentrating on the alternatives or
chosen options. Typically, some criteria must be ”traded off” for others. Hence, an
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Table 4.4: Potential alternatives for small monitoring and response rotary
wing UAVs (Tavakol Sadrabadi et al., 2024).

UAVs
Max

air speed
(km/hr)

Max
Endurance
(mins)

Communication
Range (km)

Max
Wind speed

(m/s)

Max
payload
(kg)

weight
(kg)

MTOW
(kg)

Max
Temperature

folded
volume
(mˆ3)

Price
(£)

DJI Mavic 3 Enteprise 75 45 15 12 0.1 0.92 1.05 40 0.0019 4800
Yuneec Typhoon H + 70 25 1.6 15 2.1 40 0.0700 2100
Autel robotics evo ii
(Dual 640T)

72 35 15 20 2 40 0.0030 4600

Parrot Anafi USA 53 32 3.99 14.7 0.15 0.5 0.65 50 0.0020 7800
DJI Matrice 30T 83 41 15 12 3.77 4.1 50 0.0150 8500
FreeFly Alta X 95 50 3.2 15 11 34.86 50 0.2977 23000
DJI Matrice 600 65 35 5 8 5.5 9.6 15.1 40 0.2321 5000
Acecore Neo x8 91 25 10 20 9 7.3 16.3 50 0.3651 33000
Vulcan UAV D7 80 40 13.4112 10 14 40 35

Table 4.5: Currently available UAV platforms potentially suitable for
amidst-fire response and post-fire recovery phase (Tavakol Sadrabadi et al.,
2024).

UAV model type
Max

air speed
(km/hr)

Max
Endurance time
With payload

(min)

Communication
range (km)

Max
Wind speed

(m/s)
payload

weight
(kg)

MTOW
(kg)

Max
Temperature

Folded
Volume
Mˆ3

max
speed

(km/hr)

price
(£)

Aeronavics SkyJib
eight-motor

coaxial multi-rotor
90 45 7 24 90

Aeronavics ICON
eight-motor

coaxial multi-rotor
100 20 25 50 100

DJI Agras T40
eight-motor

coaxial multi-rotor
36 6 5 6 51 50 101 50 0.71 36 $26K+

DJI Agras T30
eight-motor

coaxial multi-rotor
36 7.8 5 8 40 26 78 45 0.67 36 £23k+

Hylio AG-272 octocopter 10 68 £65k
Hylio AG-230 octocopter 10 30 £37k
DH- S.L.
WILD HOPPER

octocopter-
thermal engines

30 600 ∼£220K

DH- S.L-agro hopper hexacopter 90 10 11 16 24.5 90

Vulcan UAV D8
eight-motor

coaxial multi-rotor
80 40 13.4 25 16 55

MCDM is necessary when evaluating off-the-shelf UAV options. The Technique for
Order Preference by Similarity to the Ideal Solution (TOPSIS) is employed in this
study to rank the available alternatives (Chakraborty, 2022). The general purpose of
any generic multi-criteria decision-making (MCDM) method is to rank M available
alternatives of Ai(i = 1, 2, ...,M) based on N criteria Cj(j = 1, 2, ..., N). The relative
significance of each criterion for ranking alternatives is presented through a weighting
vector of WJ(j = 1, 2, ..., N). The performance ratings for all alternatives against each
attribute form a decision matrix (X) in the following form (Chakraborty, 2022):

X =


x11 x12 ... x1N

x21 x22 ... x2N

... ... ... ...
xM1 xM2 ... xMN

 (4.1)

The core concept of TOPSIS is that the optimal solution is the one that is furthest
from the negative ideal and closest to the positive ideal. An overall index that is derived
from the separations between the ideal solutions and the alternatives is used to rank
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them. The first stage in TOPSIS is to normalize the X matrix utilizing the following
equation:

yij = xij/

√√√√ M∑
i=1

x2
ij (4.2)

This will then be multiplied by the weighting vector to form the weighted-normalised
decision matrix V :

vij = Wj · yij; (i = 1, 2, ...,M ; j = 1, 2, ..., N) (4.3)

V =


v11 v12 ... v1N
v21 v22 ... v2N
... ... ... ...
vM1 vM2 ... vMN

 (4.4)

The positive and negative ideal solutions are then formed as:

A+ =
[
v+1 , v

+
2 , v

+
3 , ..., v

+
N

]
(4.5)

A− =
[
v−1 , v

−
2 , v

−
3 , ..., v

−
N

]
(4.6)

where v+j and v−j are selected as follows:

v+j =

{
max vij; for benefit type attributes
min vij; for cost type attributes

(4.7)

v−j =

{
min vij; for benefit type attributes
max vij; for cost type attributes

(4.8)

The next step is to calculate the Euclidean distance of each alternative from the positive
and negative ideal solutions:

S+
i =

√√√√ N∑
j=1

(vij − v+j )
2 (4.9)

S−
i =

√√√√ N∑
j=1

(vij − v−j )
2 (4.10)

Finally, the overall preference score Vi for each alternative Ai would be obtained,
which is then used to rank the alternatives:

Vi =
S−
i

S−
i + S+

i

(4.11)
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Table 4.6: Long range monitoring UAV HOQ (Tavakol Sadrabadi et al.,
2024).

TPMs

Customer requirement
Importance

level
Flight time Cruise speed

Maximum wind
resistance

Cost
Payload
capacity

Autonomy
level

Collision
avoidance

Max
Temperature

Communication
range

Uav mass UAV volume
Multi
sensors

portability 3 0 0 0 0 0 0 0 0 0 9 9 0
Fast Deployment 0 0 0 0 0 0 0 0 0 0 6 6 0
High resolution data 9 0 0 0 6 3 0 0 0 6 0 0 9
Day and Night operation 9 0 0 6 6 6 9 6 3 0 0 0 9
Controllability 9 0 0 3 3 0 6 6 0 3 3 3 6
Safety 6 0 0 6 6 0 6 9 3 0 0 0 6
Cost effectiveness 6 6 0 3 9 3 0 3 3 0 3 3 9
Long time flight 9 9 9 6 0 0 3 3 0 3 0 0 0
name Long range flights 9 9 6 6 0 0 9 6 0 6 0 0 0
Distster monitoring
and assessment

6 6 6 3 0 0 0 6 0 0 0 0 6

Importance weight 234 171 261 225 99 279 297 63 162 72 72 342
Relative

Importance weight
0.103 0.075 0.115 0.099 0.043 0.123 0.130 0.028 0.071 0.032 0.032 0.150

Table 4.7: Small monitoring and response rotary-wing UAV HOQ
(Tavakol Sadrabadi et al., 2024).

TPMs

Customer requirement
Importance

level
Flight time Cruise speed

Maximum wind
resistance

Cost
Payload
capacity

Autonomy
level

Collision
avoidance

Max
Temperature

Communication
range

Uav mass UAV volume
Multi
sensors

portability 3 0 0 0 0 0 0 0 0 0 9 9 0
Fast Deployment 3 0 0 0 0 0 0 0 0 0 6 6 0
High resolution data 9 0 0 0 6 3 0 0 0 6 0 0 9
Day and Night operation 9 0 0 6 6 6 9 6 6 0 0 0 9
Controllability 9 0 0 3 3 0 6 6 3 3 3 3 6
Safety 6 0 0 6 6 0 6 9 9 6 0 0 6
Cost effectiveness 6 6 0 3 9 3 0 3 6 0 3 3 9
temperature resilience 6 9 9 6 0 0 3 3 9 0 3 3 0
Carrying dragon balls 9 9 6 6 0 6 9 6 6 6 6 6 0
Disaster monitoring
and assessment

6 6 6 3 0 9 0 6 6 6 0 0 6

Importance weight 207 144 243 225 207 270 288 315 207 162 162 342
Relative

Importance weight
0.075 0.052 0.088 0.081 0.075 0.097 0.104 0.114 0.075 0.058 0.058 0.123

As an example, the TOPSIS method was applied to rank UAVs based on stakehold-
ers’ specifications and requirements weights from the QFD method (presented in Tables
4.6, 4.7, and 4.8), resulting in the preliminary selection of the DelatQuad Pro-Map for
long-endurance/long-range monitoring tasks. DJI Matrice-600 and DJI Agras-T40 are
potential selections for small and heavy-lift multi-rotors, respectively, as presented in
Figure 4.4. All alternatives assume the same autonomy and collision avoidance capa-
bilities, with missing values of TPMs filled with the minimum value of that TPM from
other alternatives as a conservative assumption (Tavakol Sadrabadi et al., 2024).

It should be noted that the maximum endurance and flight range of the DeltaQuad
is limited to 2 h and 120 km in ideal conditions, which exceeds what is achievable in
a real wildfire. This suggests that multiple UAVs are required to ensure continuous
area coverage, leading to increased expenses in terms of purchase and maintenance.
Nonetheless, these costs remain considerably lower than those associated with military
UAVs like ScanEagle or SkyRobot. Similar constraints are applicable to alternatives
considered for smaller and heavy-lift multi-rotors in the preliminary swarm selection.
Take, for instance, the DJI Agras T40, identified as the top commercially available
option for heavy-lift firefighting UAVs. This model, however, offers a mere six-minute
flight time when carrying its maximum payload. Furthermore, its maximum safe tem-
perature and wind speed for operational conditions are limited to 50°C and 6 m/s,
respectively, significantly lower than those encountered during a wildfire event.
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Table 4.8: Heavy-load response rotary-wing UAV HOQ (Tavakol
Sadrabadi et al., 2024).

TPMs

Customer requirement
Importance

level
Flight time Cruise speed

Maximum wind
resistance

Cost
Payload
capacity

Autonomy
level

Collision
avoidance

Max
Temperature

Communication
range

Uav mass UAV volume
Multi
sensors

portability 3 0 0 0 0 0 0 0 0 0 9 9 0
High resolution data 9 0 0 0 3 3 3 3 0 6 0 0 9
Day and Night operation 9 0 0 0 6 6 9 9 9 0 0 0 9
Controllability 9 0 0 6 3 0 3 3 3 3 3 3 6
Safety 6 0 0 6 6 0 9 9 9 6 0 0 6
Cost effectiveness 3 0 0 3 9 3 6 6 0 0 3 3 9
temperature resilience 9 0 0 0 0 0 0 0 9 0 3 3 9
Carrying Heavy payloads 9 9 0 6 9 9 0 0 0 0 6 6 0
Participation in
fire Suppression

9 9 6 6 9 9 9 9 9 6 6 3 6

Participation in
Emergency Recovery

6 9 6 3 9 9 9 9 0 6 6 3 6

Importance weight 216 90 225 387 306 342 342 324 207 234 189 450
Relative

Importance weight
0.065 0.027 0.068 0.117 0.092 0.103 0.103 0.098 0.063 0.071 0.057 0.136

Consequently, it can be inferred that existing commercially available alternatives
for a heavy-lift response UAV require substantial enhancements in terms of resilience
to temperature, endurance, and range before they can effectively contribute to a WER
system (Tavakol Sadrabadi et al., 2024). To further elaborate on the gaps in commer-
cially available UAVs identified above, Table 4.9 presents key hardware and operational
requirements necessary for wildfire monitoring and response UAVs to operate in the
wildfire environment.

Table 4.9: Comparison of UAV hardware and operational requirements
for wildfire operations at 40 m altitude.

Requirement Needed for Wildfire Ops DeltaQuad Pro-Map DJI Agras T40 Gap Identified
Endurance > 2 hours (continuous coverage) 2 hours (ideal conditions) 6 minutes (full payload) Severe (especially T40)
Max Temperature Tolerance > 70°C 50°C 50°C Insufficient
Max Wind Speed Tolerance > 12 m/s 12 m/s 6 m/s Insufficient (T40)
Flight Range > 100 km (real conditions) 20 km (ideal conditions) N/A Moderate concern
Payload Capacity > 30 kg N/A 40 kg (but limited endurance) Good (but endurance tradeoff)
Autonomy Full collision avoidance, terrain following Partial Partial Moderate
Redundancy Required for safe operation in harsh conditions Limited Limited Lacking

4.5.3 Functional relationships

The UAV swarm system will perform various functions to support the safety of human
firefighters, shelter seekers, and other stakeholders. These may include reconnaissance,
search and rescue, fire front monitoring, environmental data collection, data trans-
mission for analysis and decision-making assistance, fire suppression, and delivery of
critical supplies and equipment. Additionally, it may support post-fire damage assess-
ment and emergency environmental recovery efforts. Figure 4.5 shows the functional
process of the system’s operational activities.

The operational process of the system typically commences with the onset of the
wildfire season. At this stage, initial wildfire risk and danger estimations are made using
satellite data and meteorological information. Next, long-range surveillance flights are
planned using fixed-wing UAVs equipped with high-resolution cameras. They aim
to identify potential ignition points in high-risk areas early, before the fire spreads.
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a long-range aerial imaging UAVs

b small monitoring and response rotary wing UAVs

c heavy-lift response UAV platforms

Figure 4.4: preference scores calculated for potential off-the-shelf alterna-
tives for different types of UAVs in the swarm (Tavakol Sadrabadi et al.,
2024).

Confirmation flights and observations from other UAVs enhance accuracy, and reports
from the public and/or other sources contribute to the reliability of the assessment.
A detailed analysis of the fire’s extent and conditions follows, considering factors like
fire intensity, rate of spread, fuel conditions, and environmental variables. This data
is crucial for maintaining situational awareness for the Command and Control Centre
(CCC), and for creating a digital twin of the fire to predict its behaviour, plan its
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a System level functional description

b Decision-making and assessment component level

c Suppression activities component level

Figure 4.5: Functional description of and relationships within the WER
system, adopted from (Tavakol Sadrabadi et al., 2024).

suppression (required amount of suppressant, swarm size, suppression strategies), and
design potential evacuation plans. While the CCC assigns tasks to the UAV swarm
and other response teams, the swarm must operate autonomously (with a human in
the loop) exchanging information with the fire digital twin. The latter is continually
updated, enabling precise predictions of fire behaviour. The UAV swarm receives
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instructions from a central hub, minimising human intervention. Management decisions
are made in the CCC, ensuring coordinated operation (Tavakol Sadrabadi et al., 2024).

Emergency stabilisation is the top priority following a fire to save individuals, prop-
erty, or natural resources (USDA Forest Service, 2020). The recovery response starts
immediately after the fire is suppressed. In this phase, the UAV swarm would nor-
mally be responsible for carrying out high-resolution imagery and measurements of the
burned area, and for delivering the information gathered to the CCC. This would then
be used to provide accurate estimations of damage to infrastructure, property, wildlife,
natural environment (e.g. soil and water bodies), and to construct burned area and
burn severity maps to aid the design of emergency stabilisation programs and envi-
ronmental recovery plans. The same swarm may be used for ecological recovery plans
by planting seed pods and seedlings in vast areas within a short timeframe (Tavakol
Sadrabadi et al., 2024).

4.6 System Design Review

The system design review (SDR) aims to (i) provide a formal evaluation of the con-
ceptual design against specified requirements, (ii) communicate the intended design
approach to key stakeholders, (iii) offer a platform for addressing and resolving inter-
face issues, and (iv) document design decisions and approvals. Additionally, it aims
to examine whether all requirements are fulfilled by the preliminary system architec-
ture established during the system-level synthesis (Faulconbridge & Ryan, 2002). For
example, the SDR should confirm that the system is feasible and would significantly
improve the quality and effectiveness of the WER system, reducing the damage caused
to the natural habitat, facilities, local properties, and infrastructure, and minimising
human casualties. This would fulfil the requirements of insurance companies, author-
ities such as forest management services, land owners, and the natural environment
(Tavakol Sadrabadi et al., 2024). With regards to the potential selection of UAVs in
Section 4.5.2, the cost-effectiveness of UAVs was addressed by means of a multi-criteria
decision-making process. A series of requirements such as those involving safety mech-
anisms, sensor fusion, autonomy units, and high-level swarm control algorithms can be
progressively addressed as the design matures (Tavakol Sadrabadi et al., 2024).





Chapter 5

Effect of Vegetation, Terrain, and
Wind Conditions on Wildfire
Propagation Dynamics

Investigating the effect of vegetation type and height is of inherent importance when
estimating fire propagation dynamics. Contrary to the effect of parameters such as
wind and terrain, the effect of fuel characteristics on fire propagation dynamics is con-
troversial and contrasting results are reported in the literature. This is even more
challenging in sloped terrains where the combined effect of terrain slope, wind condi-
tions and vegetation height could lead to unprecedented behaviours that are still not
adequately studied. Consequently, this chapter attempts to cover this gap by perform-
ing a series of numerical simulations and combining the results with two contradictory
experimental studies to investigate the effect of vegetation height and structure on fire
propagation dynamics for different terrain slopes and ambient wind speed.

5.1 Grasslands and Wildfires

Wildfires can potentially devastate roads and other infrastructure, disrupt natural pro-
cesses such as water supply, and cause immediate and long-term adverse effects on pub-
lic health. In addition, such incidents may interfere with transport and supply chains,
leading to road and business closures (United Nations Environment Programme, 2022).
Grasslands cover up to 50 million square kilometres ( 37%) of the earth’s terrestrial
surface (O’Mara, 2012) and comprise more than 80% of the world’s burned land (Leys
et al., 2018). In the case of the United Kingdom, grasslands constitute almost 40%
(Office for National Statistics, 2015), while in Australia, a substantial 70% (Innocent
et al., 2023) of the land is covered by grasslands, which highlights the importance of
studying grassland fires. The rate of spread of the fire (RoS) is generally a function
of the intricate interplay of various topographical, weather, and fuel elements, includ-
ing but not limited to atmospheric conditions -such as ambient wind speed, humidity,
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temperature-, topographic conditions - such as slope-, and fuel condition -such as veg-
etation type, vegetation height, density, and moisture content- (Innocent et al., 2023;
Moinuddin et al., 2021).

The next sections provide an overview of the simulation results performed in this
study. This chapter aims to provide insight into the practical aspects of wildfire man-
agement concerning the effect of fuel structure on fire behaviour. Due to its importance
in wildfire management and response planning, it mainly focuses on the rate of fire
spread.

5.1.1 RoS as a function of wind speed

The rate of spread of fire (RoS) is inherently dynamic and oscillatory. However, a
dynamic RoS is practically problematic for comparing different situations. Hence, a
quasi-steady rate of spread of fire is calculated for each scenario, which reflects the
average value of the dynamic behaviour of the fire. The quasi-steady rate of spread
of fire is considered to be equal to the slope of the linear regression fitted on the fire
front locations while it reaches a constant increase rate determined by a linear increase
in the fire front location. However, determining the front location is challenging due
to the variety of fuel height conditions. Consequently, the fire front location at each
time instance is identified as the front point along the centerline of the field where the
temperature exceeds 400 degrees Celsius, measured 25 cm above ground level. This
height was chosen to minimize the pulsating effect of the flames on the measurements
(Tavakol Sadrabadi & Innocente, 2025).

Figure 5.1 presents the calculated quasi-steady RoS as a function of the wind speed
(u10) for different terrain slopes, categorized with vegetation heights. Generally speak-
ing, it could be observed that higher wind speed leads to a higher rate of spread
regardless of the vegetation height and the bulk density. This increase mostly follows
a linear trend, with the fuel with lower bulk density (Veg2) indicating a higher RoS
than the fuel with higher bulk density (Veg1) on horizontal terrain conditions, except
for very high wind velocities (≈ u10 >10 m/s). Considering the combined effect of bulk
density and wind velocity, it could be observed that regardless of vegetation height, for
fuels with lower bulk density, the RoS is higher at moderate wind speeds (4–8 m/s).
However, by increasing the wind speed, the RoS of fuel with higher bulk density expe-
riences a sharper increase and ultimately exceeds that of fuels with lower densities at
high wind velocities of u10 >10 m/s) (Tavakol Sadrabadi & Innocente, 2025).

for a constant bulk density (Veg1), it could be observed that the RoS of shorter grass
(Hg = 0.2 m) tends to be higher than that for taller grasses (Hg = 0.5 and 1 m), with
RoS decreasing with increasing the grass height, which is consistent with the results
reported by (Moinuddin et al., 2018). Under high wind speeds (u10 >10m/s) and steep
slope conditions however, the combined effects of vegetation height and terrain can
reverse the usual trend, resulting in a higher RoS for taller grass (Hg=1m) compared
to shorter grass (Hg=0.5 m), even with constant bulk density (see Figure 5.1b and
5.1c).
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Figure 5.1: quasi-steady RoS at different wind speeds and terrain slopes,
adopted from (Tavakol Sadrabadi & Innocente, 2025)
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Figure 5.2: Comparison of the simulated RoS with experimental model
estimations over horizontal terrain, adopted from (Tavakol Sadrabadi &
Innocente, 2025)

Figure 5.2 presents a comparison between the quasi-steady RoS obtained from the
empirical models of CSIRO (Cheney et al., 1998) developed by Cheney et al., the
McArthur mark V model (Noble et al., 1980), as well as the 20% rule of thumb intro-
duced by Cruz et al (Cruz et al., 2022b). The CSIRO model includes three different
equations for estimating the RoS concerning the height or condition of fuels, including
natural vegetation, cut or grazed, and heavy cut or eaten out vegetation as follows for
natural grass:

RoSnatural =

{
(0.054 + 0.269u10)ϕM ϕC , u10 ≤ 5 km.hr−1

(1.4 + 0.838(u10 − 5)0.844)ϕM ϕC , u10 > 5 km.hr−1
(5.1)

for cut grass:

RoScut =

{
(0.054 + 0.209u10)ϕM ϕC , u10 ≤ 5 km.hr−1

(1.1 + 0.715(u10 − 5)0.844)ϕM ϕC , u10 > 5 km.hr−1
(5.2)

and for heavy cut or grazed conditions:

RoSheavycut =
(
0.55 + 0.0357(u10 − 5)0.844

)
ϕM ϕC , u10 > 5 km.hr−1 (5.3)

Where ϕC and ϕM are curing coefficients and fuel moisture coefficients, respectively,
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and could be calculated as follows (Cheney et al., 1998):

ϕM =


e(−0.108M), M ≤ 12%

0.684− 0.0342M, M ≥ 12%, u10 < 10 km.h−1

0.547− 0.0228M, M ≥ 12%, u10 ≥ 10 km.h−1

(5.4)

and ϕC as follows (Cruz et al., 2015):

ϕC =
1.12

1 + 103.99e−0.0996(C−20)
(5.5)

Where C represents the degree of grass curing. The estimations from all models
are presented here assuming fully cured conditions (C=100%).

The RoS in McArthur mark V model is directly related to the grassland fire danger
index (GFDI) as follows:

RoS = 0.13 GFDI (5.6)

where for M <18.8%, the GFDI can be calculated as:

GFDI = 3.35 W e−0.0897M+0.0403u10 (5.7)

McArthur’s model includes the effect of fuel load; hence, the equivalent fuel load for the
V eg1 with Hg=50 cm is utilised to calculate the corresponding RoS (Tavakol Sadrabadi
& Innocente, 2025).

Comparing the estimated values with the simulated results presented in Figure 5.2,
it could be inferred that although the CSIRO model is derived from controlled ex-
perimental burns and is expected to provide more accurate results compared to other
models, estimated RoS for natural grass are significantly higher than the simulated
ones except in low-velocity winds (i.e. 4 m/s). However, the estimations for heavy-
cut grass indicate an under-prediction compared to the FDS. Simulated RoS values
generally show good agreement for wind velocities below 6 m/s with the CSIRO cut
grass model and the 20% rule of thumb, derived from a combination of experimental
data and real wildfires. This agreement, however, declines with increasing wind speed.
However, the best agreement between simulations and empirical models is observed
for the McArthur mark V model (estimated for Hg = 50 cm) for wind speeds up to
≈9 m/s. However, it should be highlighted that the RoS estimated by the McArthur
mark V model utilising the fuel load equivalent for Hg = 0.2 and Hg = 1 m indicated
considerable underestimation and overestimation of the RoS values, respectively (not
shown here). It is generally observed that the RoS simulated by the FDS at higher
wind limits is considerably lower than that estimated by empirical models. Besides, the
overall trend in the increase of RoS with wind speed is weaker than that of empirical
models (Tavakol Sadrabadi & Innocente, 2025).
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Figure 5.3: Variations of the RoS and RoS/RoSh with terrain slopes at
u10= 6 (m/s), and u10= 12 (m/s) for different vegetation heights, adopted
from (Tavakol Sadrabadi & Innocente, 2025)

5.1.2 RoS as a function of terrain slope

As described earlier in section 3.1.7, the effect of bulk density on fire behaviour is
studied solely on horizontal terrain and as a result, this section focuses on the first
fuel type (Veg1). Figure (5.3a) presents the simulated quasi-steady RoS against terrain
slope for different vegetation heights, and wind speeds of u10=6 and 12 (m/s). Gen-
erally, it is not surprising that the RoS of fires uphill is notably faster compared to
horizontal and downhill scenarios, with the highest rate of spread occurring on +40%
(+22.8°) upslopes, while the lowest on downslopes with a slope of -40%(-22.8°). As
previously mentioned, the calculated RoS for shorter grasses are higher than that for
longer grasses. This is specifically clear in the case of u10= 6 (m/s) while this dis-
parity tends to diminish as wind speed increases. This is particularly pronounced at
higher wind speeds, such as u10= 12 (m/s) where the difference in RoS between fires in
grasses of varying heights becomes minimal, especially over horizontal and low-angle
slopes. Additionally, as mentioned in the previous section, the RoS of fire of taller grass
(Hg=1 m) on a terrain slope of S=+22.8°exceeds that of the shorter grass (Hg=0.5 m)
(Tavakol Sadrabadi & Innocente, 2025).

Figure (5.3b) presents the ratio of the rate of spread at each terrain slope and
wind speed to the corresponding rate of spread on horizontal terrain (RoS/RoSh) for
different vegetation heights and wind speeds of u10=6 and 12 m/s. Overall, it could be
concluded that the combined influence of terrain slope and vegetation height on RoS is
more significant in cases with taller vegetation. For example, the rate of increase of the
RoS when increasing terrain slope from S=+11.3°to S=+22.8°for grass with Hg=1 m
and u10= 6 is approximately 10% higher compared to that of other vegetation heights,
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irrespective of wind speed. A similar pattern is observed in downslope conditions, where
e the ratio of RoS to RoSh decreases more rapidly for taller grasses as the negative
slope increases. When comparing the effect of slope on RoS variation across different
wind speeds, it becomes clear that this effect is more obvious at lower wind speeds.
In such conditions, fire propagation is primarily influenced by buoyancy forces which
leads to a plume-dominated fire propagation. This effect tends to diminish at higher
wind speeds where the fire propagation is more controlled by wind forces, known as
wind-driven fire propagation (Tavakol Sadrabadi & Innocente, 2025).
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Figure 5.4: Comparison of the Simulated RoS with similar studies on dif-
ferent terrain slopes, adopted from (Tavakol Sadrabadi & Innocente, 2025)

Figure( 5.4) compares the quasi-steady RoS obtained from simulations against ter-
rain slope for vegetation height equal to Hg=0.2 m and wind speeds equal to u10= 6
and 12 (m/s) with simulation data from (Innocent et al., 2023) study and empirical
models of CSIRO (Cheney et al., 1998) and McArthur mark V model (Noble et al.,
1980) corrected for slope effect utilising the Noble et al (Noble et al., 1980) correction
factors as it is adopted in Australia (Innocent et al., 2023) for upslope and downslope
conditions:

RoSCorrected = RoS e0.069S (5.8)

where RoS is the horizontal forward rate of spread (km.h−1), and S is the slope of
the terrain in degrees. Generally, the trend of simulated RoS of this study agrees with
the simulation results of (Innocent et al., 2023), however, the differences are mainly
due to the utilisation of different fuel models, wind models, grid size, as well as the
longer ignition lines in our study. The Boundary fuel model and a two-step thermal
degradation model are utilised in (Innocent et al., 2023) neglecting the exothermic
char oxidation while our study utilises the three-step reaction model as well as the
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Table 5.1: Average and range of measured environmental and fire variables
in the (Cruz et al. 2020) wheatland and (Cruz et al. 2018) grassland
experiments, adopted from (Tavakol Sadrabadi & Innocente, 2025)

Reference Vegetation T (°C) RH (%) u10 (m/s) W (kg.m−2) Hg (m) ρb (kg.m
−3) M (%) RoS (m/s) RoS/U10 I (KW.m−1)

(Cruz et al., 2020) (Cruz et al., 2020) Wheat
mean 30.2 21.6 8.0 0.42 0.37 1.6 7.5 1.5 0.19 12131
[range] [24.8-38] [13.6-31.7] [5.2-10.8] [0.32 -0.53] [0.08-0.83] [0.73-4.04] [5.4-11.6] [0.7-2.8] [0.08-0.38] [3858-27987]

(Cruz et al., 2018) (Cruz et al., 2018) Grass
mean 25.7 27.8 5.3 0.49 0.39 1.38 7.96 1.0 0.18 7868
[range] [16-33] [6-59] [2-13] [0.17-1.05] [0.16-0.93] [0.43-3.0] [3.5-12.6] [0.2-2.5] [0.1-0.3] [1260-18703]

Lagrangian particle model. Considering the empirical models, it is obvious that both
CSIRO-heavy cut and MK-V with Hg=0.2 models have underestimated the RoS com-
pared to the simulated values. However, the estimated values of the CSIRO-cut model
are closer to the simulated ones (Tavakol Sadrabadi & Innocente, 2025).

5.1.3 RoS as a function of vegetation characteristics

In the previous sections, the combined effects of wind velocity, terrain slope, and vegeta-
tion height on the RoS of fire are examined. Simulation results indicate that generally,
for a constant bulk density (ρb) increasing the vegetation height leads to a decrease
in the fire spread rate, in agreement with reports of (Moinuddin et al., 2018). How-
ever, in some cases under high wind speeds and steep upslope conditions, the RoS of
fire in taller grass is higher than that observed in shorter grass (Tavakol Sadrabadi &
Innocente, 2025).

The practice of mowing grasses is widely adopted as a management strategy to
control and slow down the wildfire spread in grasslands around the world, particularly
favoured by the Australian fire authorities. It is believed that cutting the grass would
result in a less intense and slower propagating fire (Cruz et al., 2021), a conclusion
specifically supported by the experimental burns including (Cheney et al., 1993) and
(Cruz et al., 2020). In contrast, some studies such as (Cruz et al., 2018) and (Moinuddin
et al., 2018) suggest that RoS decreases with increasing vegetation height and the
current practice of mowing grasses should be reconsidered. In this section hence, a
data re-analysis is carried out utilising a combination of experimental and simulation
data of wildfire RoS under varying wind velocities, over flat terrain to explore how
changing vegetation height and bulk density affects the RoS of fire (Tavakol Sadrabadi
& Innocente, 2025).

Two studies are selected with seemingly contradictory results regarding the rela-
tionship between fuel height and RoS of fire including grassland fire experiments by
Cruz et al., (2018)(Cruz et al., 2018), and wheatland fire experiments by Cruz et al.,
(2020)(Cruz et al., 2020), aiming to highlight the sources of the contradictory results
reported. The environmental and fuel conditions for both studies are summarised in
Table (5.1). The two studies are performed in Australian territories under comparable
temperature (T ), relative humidity (RH ), fuel height (Hg), and moisture content (M)
conditions. It is important to highlight that the reported bulk density reported by Cruz
et al., (2020)(Cruz et al., 2020) refers specifically to the standing fuel, while the burn-
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ing experiments are carried out in the presence of matted fuel on the ground. However,
for fire intensity calculations, the total fuel load includes 80% of the matted fuel load
as well. Consequently, in this study, the bulk density is calculated as the consumed
fuel divided by the fuel height. While both the standing fuel bulk density and this
calculated bulk density yield similar trends and insights, the calculated bulk density is
preferred for better visualization, and to maintain consistency with other calculations,
such as fire intensity, as well as with Cruz et al., (2018)(Cruz et al., 2018).

The average fire RoS and intensity (I) obtained from wheatland experiments of
(Cruz et al., 2020) equal to RoSwheat = 1.5 m/s are higher than that from grassland
experiments (RoSgrass=1 m/s) (Cruz et al., 2018) which seemingly are related to the
higher average wind velocity during wheatland experiments. However, experiments
diverge primarily in their findings concerning the correlation between the rate of fire
spread and vegetation height. In the wheatland experiments, RoS is positively cor-
related with fuel height, in agreement with the conclusions made by (Cheney et al.,
1993). In contrast, the grassland experiments reported a negative correlation between
RoS and fuel height. To reconcile these conflicting outcomes, Cruz et al., (2021) (Cruz
et al., 2021) state that the accurate conclusion should indicate a positive correlation be-
tween fuel height and the fire RoS. They attributed the grassland study’s contradictory
conclusion to structural differences in the grasslands, which likely obscured the effect
of fuel height and led to misleading conclusions. However, (Sutherland et al., 2021)
suggested that the variation between the conclusions from the two datasets is mainly
due to the difference in their propagation modes as the wheatland experiments primar-
ily represented wind-driven fires, while the grassland experiments were predominantly
buoyancy-driven and concluded that for wind-driven fires, increasing the vegetation
height leads to an increased RoS. Figure (5.5) presents the experimental data from
both datasets alongside the simulated values, comparing fire RoS behaviour under dif-
ferent combinations of vegetation height, bulk density, and fuel load (Tavakol Sadrabadi
& Innocente, 2025).

Figure (5.5a), illustrates the relationship between Rate of Spread (RoS) and fuel
height, integrating experimental data from (Cruz et al., 2018) and (Cruz et al., 2020),
alongside simulation results from the current study. The positive correlation between
RoS and fuel height (Hg) in (Cruz et al., 2020) contrasts with the negative correlation
in (Cruz et al., 2018) and our simulation results. A linear fit is applied for visualization
purposes only, recognizing that it might not be appropriate for all datasets, each of
which potentially requires a different fit. Notably, the RoS utilization could be mis-
leading, as it is influenced by the ambient wind speed. Hence, utilising the ratio of fire
spread rate to ambient wind speed RoS/u10 provides a more reliable representation of
the data as depicted in Figure (5.5b). A strong positive correlation between RoS/u10

and Hg for the wheatlands experiments is evident, while the significant negative corre-
lation in grassland experiments and our simulations no longer appears. This suggests
that there is no correlation between RoS/u10 and Hg for grassland experiments of (Cruz
et al., 2018) and FDS simulations. A similar behaviour is also observed between the
RoS/u10 and Fuel load (W ) in Figure (5.5c), suggesting that neither Hg nor W can suf-
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Figure 5.5: Comparison of the distribution and trend of the Observed RoS
of the head fire versus fuel height and bulk density for different datasets,
adopted from (Tavakol Sadrabadi & Innocente, 2025)

ficiently characterize the fire behaviour. However, when plotting the non-dimensional
RoS/u10 against bulk density ρb of fuel, a clear negative correlation emerges across all
datasets as depicted in Figure (5.5d). It is consistent with the findings of (Campbell-
Lochrie et al., 2021) that increasing the bulk density leads to a reduction of the RoS
for no-wind conditions. Here, however, it could be observed that this is still valid even
in the presence of wind. By accounting for dead fuel moisture content (M) by simply
dividing the RoS/u10 by the M , Figure 5.5e presents RoS/u10/M against bulk density,
where a consistent negative correlation could be observed improved trend alignment
and Pearson correlation coefficients equal to Rp=-0.57 for wheatland fire and -0.42
for grassland fire datasets. The most intriguing behaviour is found when plotting
the RoS/u10/M against the fuel height (Hg) in Figure (5.5f). For both experimen-
tal datasets, a positive trend is found with a Pearson correlation coefficient equal to
Rp=0.59 for (Cruz et al., 2020) and 0.19 for (Cruz et al., 2018). This highlights a
consistent relationship between RoS and fuel height when corrected for wind speed
and moisture content, reconciling the seemingly disparate findings between the two
datasets in the original studies (Tavakol Sadrabadi & Innocente, 2025).
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Overall, it could be concluded that for a constant moisture content, the RoS/u10

increases with vegetation height. Nevertheless, the slopes of the trends in both datasets
exhibit distinct magnitudes, reflecting the effect of various parameters such as atmo-
spheric humidity and temperature, the surface area to volume ratio of fuel, etc, that
affect the fire behaviour. However, contrary to the experimental data, the results of
our simulations indicate a weak negative correlation which initially appears counter-
intuitive. The following section however delves into the potential reasons behind this
discrepancy and demonstrates that FDS is able to accurately reproduce the correct
relationship between RoS/u10/M and Hg.

5.1.4 RoS as a function of propagation mode

Despite the diverse range of burning conditions, fuel types, vegetation heights, terrain
conditions, and other atmospheric parameters such as moisture content, a unifying
perspective can be achieved by examining their collective impact on fire intensity (I)
and consequently on the equilibrium of buoyancy and inertial forces within the fire
front (Morvan & Frangieh, 2018). Therefore, Figure (5.6) presents the ratio of RoS/u10

against the Nc values for all datasets utilised in this study along with the power law
fit across the dataset. For wind-driven fires, particularly for Nc<1, a saturation of
data points is observed in the range 0.08<RoS/u10<0.2 for all datasets, converging
towards a state independent of the Byram number which aligns with the observations
of (Morvan & Frangieh, 2018) where they suggested that fire propagation in this state
is solely a function of moisture content (M). However, for larger Nc values, a broad
range of RoS/u10 values could be observed, from 0.05 to 0.4, increasing as Nc values
rise (Tavakol Sadrabadi & Innocente, 2025).

5.2 Discussion

The previous section provided insight into the simulation results and the reanalysis of
experimental datasets. However, certain questions were raised or remained partially
unanswered, as they required the consideration of additional factors that affect the
fire, including the fire propagation mode. Consequently, this section aims to combine
analysis conclusions and fire propagation modes to address two key questions:(i) is
FDS capable of accurately reproducing the effect of grass height on fire propagation
as detailed by experimental studies?, and (ii) whether cutting grass effectively limits
wildfires propagation (Tavakol Sadrabadi & Innocente, 2025)?

5.2.1 Are FDS results counter-intuitive?

The previous section revealed that FDS simulations indicate a negative correlation be-
tween RoS/u10/M and fuel height (Hg), whereas experimental data suggest a positive
correlation. Additionally, previously it was mentioned that (Moinuddin et al., 2018)
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Figure 5.6: Ratio of RoS/u10 as a function of Byram convective num-
ber (NC)for the combined dataset of simulations and experimental results;
dashed line represent the values NC=2 and 10, implying two fire propagation
regimes including wind-driven (NC<2) and plume-dominated (NC >10);
solid orange line represents the best fit for the whole dataset, adopted from
(Tavakol Sadrabadi & Innocente, 2025)

reported that the RoS of fire decreases with increasing the vegetation height. However,
it is crucial to highlight that all simulations in (Moinuddin et al., 2018) and the major-
ity of our simulations, assumed a constant bulk density across all vegetation heights.
In contrast, the natural vegetation in the experimental datasets exhibits a decreasing
trend in bulk density with increasing vegetation height. The Pearson correlation coef-
ficient between Hg and ρb was found to be Rp=-0.62 and -0.37 for (Cruz et al., 2020)
and (Cruz et al., 2018) datasets, respectively. As Cruz et al., 2021 mentions, changing
the fuel bed height while keeping bulk density constant–as carried out in (Moinuddin
et al., 2018) and partly in our study– solely changes the amount of fuel available for
combustion, While it is not easily viable to explain the effect of these two fuel charac-
teristics on the RoS. Besides, the representation of fuel as a homogeneous rigid layer
that does not bend towards wind might have contributed to an incorrect estimation of
drag coefficient and roughness length (Tavakol Sadrabadi & Innocente, 2025).

While ignoring the potential effect of vegetation representation and flexibility on the
exerted drag and the RoS imposes certain limitations, the performed analysis suggests
that the disparity in bulk density conditions between simulated and natural vegetation
significantly contributes to the observed differences in RoS/u10/M and fuel height cor-
relations between FDS simulations and experimental observations. To further examine
the effect of bulk density on the RoS and mode of propagation of fire, Figure 5.7a to
5.7c presents the simulated variations in RoS against vegetation height across differ-
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ent wind speeds (u10), terrain slopes (S), and bulk densities (ρb). Additionally, the
corresponding values of the Byram convective number (Nc) for each case are shown in
Figure 5.7d to 5.7f. As previously mentioned, for a constant bulk density (ρb), increas-
ing vegetation height leads to a reduction of the RoS irrespective of the terrain slope
or fire propagation mode. The only exception occurs in the case with Veg2 at S=+40%
and U10=12 where increasing the grass height from 0.5 m to 1m, increases the fire
RoS. This, however, might be influenced by the shift in the fire propagation regime
as characterised by Nc values (red line) crossing the Nc=2 threshold while increasing
the vegetation height in Figure 5.7f. Consequently, our findings mainly contrast with
(Sutherland et al., 2021) where they stated that for constant bulk density and wind-
driven fires, the RoS increases with increasing the vegetation height. However, it is
important to note that this effect was observed for Hg ≤0.2 m, which is below the
range considered in our simulations. Meanwhile, the wide range of wind speeds and
terrain slopes considered in our study does not confirm their observations, suggesting
that factors beyond the fire propagation mode may influenced the outcomes of their
research (Tavakol Sadrabadi & Innocente, 2025).

Considering the effect of bulk density on the RoS and NC values of fire, as shown
in Figure 5.7b and 5.7e, it could be observed that for Nc≫2–plume-dominated and
transitory regimes–, the RoS of fire for Veg1–higher ρb–is smaller than that of Veg2–
lower ρb. This observation aligns with the conclusion highlighted in Section 5.1.3,
asserting that an increase in bulk density (ρb) leads to a reduction in the RoS of
fire. Notably, this discrepancy tends to diminish as values of Nc approach 2 (blue
lines in Figure 5.7b and 5.7e). However, for Nc well below the threshold of 2 (red
lines)–corresponding to wind-driven fires–, an interesting trend emerges. Unlike the
behaviour observed in plume-dominated fires, the estimated RoS for Veg1 with ρb=1.33
kg/m3 is slightly higher than that for Veg2 with ρb=0.616 kg/m3. This highlights a
distinctive trend in wind-driven fires, deviating from the general pattern observed in
plume-dominated conditions (Tavakol Sadrabadi & Innocente, 2025).

In summary, the discussion on the simulated RoS of fires indicates that FDS can
realistically model the relationship between RoS/u10 and vegetation height. This holds
true provided that bulk density decreases as vegetation height increases–a characteristic
observed in natural vegetation types considered in this study (Tavakol Sadrabadi &
Innocente, 2025).

To clarify, Figure (5.8) depicts the RoS/u10 and corresponding Nc values against
vegetation height Hg, as an endeavour to imitate the reduced bulk density ρb seen in
taller natural vegetation. Specifically, in each line, the RoS/u10 of shorter grass corre-
sponds to Veg1 with ρb=1.33 kg/m3, while that of taller grass is extracted from Veg2
with ρb=0.616 kg/m3. It is observed that for transitory and plume-dominated prop-
agation modes Nc > 2, the RoS/u10 increases with increasing vegetation height (and
simultaneously reducing ρb). However, for wind-driven fires Nc < 2, RoS/u10 decreases
with increasing vegetation height (and simultaneously decreasing ρb). Still, it should
be noted that this latter behaviour was not observed in experimental data of wheat-
land (Cruz et al., 2020) experiments–possibly due to the complexity and variability of
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Figure 5.7: Variation of the RoS (a-c) and the corresponding Byram
convective number Nc (d-f) against fuel height (Hg) for two different vege-
tations of Veg1 and Veg2 with bulk densities of ρb = 1.313 and ρb = 0.616
respectively, at different wind (u10) velocities and varying terrain slopes;
grey ; dashed line represent the values NC=2 and 10, implying two fire
propagation regimes including wind-driven (NC<2) and plume-dominated
(NC >10), adopted from (Tavakol Sadrabadi & Innocente, 2025)

experimental conditions and scattered data points–, underscoring the need for further
controlled experimental investigation for wind driven conditions (Tavakol Sadrabadi &
Innocente, 2025).

5.2.2 To cut or not to cut?

As mentioned earlier, mowing grasses is a widely accepted practice globally to curb
the rate of spread (RoS) of wildfires. While reducing grass height can indeed decrease
fire intensity–and hence easier to fight against–, it also makes the fire more prone
to becoming wind-driven. Besides, our analysis indicated that in both experimental
datasets considered, the bulk density of the vegetation layer decreases (ρb ↓) as the
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vegetation grows taller (Hg ↑) (Tavakol Sadrabadi & Innocente, 2025).
Wrapping up all the analysis from previous sections, it can be mentioned that for

transitory and plume-dominated modes of fire propagation, increasing the bulk density
of vegetation (ρb ↑) leads to a reduction of the RoS of the fire (RoS/u10↓). Hence, the
RoS/u10 of fire decreases with decreasing the grass height (Hg ↓). Thus, mowing grasses
could be an effective wildfire management strategy assuming that the bulk density of
vegetation increases with decreasing the height of the vegetation. However, it should
be highlighted that the above statements are valid for constant moisture content higher
moisture content may overshadow the effect of vegetation height (Tavakol Sadrabadi
& Innocente, 2025).

However, the probability of wind-driven fire also increases with cutting the grass.
Although this behaviour was not observed in the experimental data of (Cruz et al.,
2020), our simulation results indicate that for wind-driven fires Nc < 2, increasing
the bulk density (ρb ↑) may lead to faster fire propagation (RoS/u10↑). Moreover,
simulation results of (Sutherland et al., 2021) indicated that for wind-driven fires, even
with constant bulk density, taller vegetation height can promote higher RoS. However,
though unlikely, further experimental research is required to accurately determine if
this effect can outweigh the benefits of reduced vegetation height (Tavakol Sadrabadi
& Innocente, 2025).





Chapter 6

Vegetation Cover Type
Classification Using Cartographic
Data

The primary controlling factor of wildfire propagation is fuel availability. When fuel
is present, wind becomes the main driver of fire spread. Different vegetation and fuel
types exhibit varying combustion dynamics; therefore, accurately identifying the types
of fuels and vegetation within the area of interest is essential for estimating wildfire
propagation dynamics and planning firefighting operations effectively. However, the
thermophysical properties of these vegetation types should be defined before they can
be used as fuel input to combustion simulation models– though this is beyond the pur-
pose of this research. This chapter presents the developed machine-learning method-
ology, which combines recursive feature elimination, state-of-the-art ML algorithms,
and automated hyperparameter tuning utilising Bayesian optimisation to improve the
accuracy of vegetation cover type classification.

6.1 Dataset

This study utilizes the University of California Irvine (UCI) cover type dataset, which
contains 581, 012 datapoints, twelve features, and seven cover type categories. Obser-
vations are taken from four wilderness areas, namely (1) Neota (3,904 ha), (2) Rawah
(29,628 ha), (3) Comanche Peak (27,389 ha), and (4) Cache la Poudre (3,817 ha)
within the Roosevelt National Forest in Northern Colorado, 70 miles northwest of
Denver (Blackard & Dean, 1999) (see Figure 6.1).

The twelve features are: (1) elevation [m]; (2) aspect [degrees] (a.k.a. exposure or
azimuth); (3) slope [degrees]; (4) horizontal distance to hydrology (HDH) [m]; (5) ver-
tical distance to hydrology (VDH) [m]; (6) horizontal distance to roadway (HDR) [m];
(7) hillshade index at 9:00 am (HI9); (8) hillshade index at noon (HI12); (9) hillshade
index at 3:00 pm (HI3); (10) wilderness area designation (four groups); (11) soil type

125
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Figure 6.1: Study area location map: Roosevelt National Forest wilderness
areas (Tavakol Sadrabadi & Innocente, 2023).

designation (40 one-hot encoded soil types); and (12) horizontal distance to near-
est wildfire ignition point (HDF) [m]. The seven forest cover type categories are:
Spruce/Fir (C1), with 211, 840 datapoints; Lodgepole Pine (C2), with 283, 301 data-
points; Ponderosa Pine (C3), with 35, 754 datapoints; Cottonwood/Willow (C4), with
2, 747 datapoints; Aspen (C5), with 9, 493 datapoints; Douglas Fir (C6), with 17, 367
datapoints; and Krummholz (C7), with 20, 510 datapoints. Generally, Neota has the
highest mean elevation and is mainly covered with spruce/fir, while Rawah and Co-
manche Peak are mainly covered with lodgepole pine, spruce/fir, and aspen (Tavakol
Sadrabadi & Innocente, 2023).

This dataset (Blackard & Dean, 1999) was prepared using a combination of digital
spatial data obtained from the US Geological Survey (USGS) and the US Forest Service
(USFS). Thus, using digital elevation model (DEM) data with a resolution of 30 m,
cartographic variables such as aspect, slope, and hillshade indices were extracted using
the Geographic Information System (GIS). The distances from surface water resources
were calculated by applying Euclidean distance analysis to the USGS hydrology and
transport data, while soil type and wilderness areas were obtained from the USFS data.
Hence a series of variables were obtained for each raster, comprising the input features
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into the classifier. Its output is the vegetation cover type.
In order to improve model performance, 5, 339 outliers based on the VDH were

removed from the dataset, reducing the total number of data points to 575,576. This
dataset was then split into two subsets, one for training the models (70%) and the other
for testing their accuracy (30%). Pearson’s correlation coefficients (r) and associated
p-values between different input features and the cover type are shown in Figure 6.2.
Elevation, slope, wilderness area, and soil type are among the features showing a higher
correlation with the cover type. Because HI9 and HI3 were found to be highly correlated
(Pearson’s r = 0.98), the former was eliminated from the dataset and from Figure 6.2.
The p-values show that the correlation coefficients (r) are statistically significant. The
pairwise relationship of several of the most important features and their distributions
are shown in Figure 6.3. It can be observed, for example, that elevation has a trimodal
distribution, HDF and aspect have bimodal and right-skewed distributions, and HDH
has a right-skewed distribution(Tavakol Sadrabadi & Innocente, 2023).

Figure 6.2: Feature correlation matrix (Pearson), with r below and p-
value above the diagonal (Tavakol Sadrabadi & Innocente, 2023).
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Figure 6.3: Pairwise distribution and relationship of features in the
dataset, adopted from (Tavakol Sadrabadi & Innocente, 2023).

6.1.1 Hyperparameter optimisation

The performance of a ML model can be greatly improved by using AutoML (short
for Automated ML), which automates complicated tasks without the need for human
understanding (Tao et al., 2021). A crucial process is the optimal tuning of its hyper-
parameters.

Bayesian optimisation is a robust and potent technique for determining the extreme
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values of computationally difficult functions (Brochu et al., 2009). It can be used
to optimise non-convex functions or those with derivatives that are challenging to
calculate or evaluate (J. Wu et al., 2019). Assuming that F : X → R is a well-behaved
function defined on subset X ⊂ Rd, the optimisation problem is formulated as shown
in Equation (6.1).

x∗ = arg max
x∈X

F(x) (6.1)

Bayesian Optimisation assumes F(x) to be unknown and treats it as stochastic,
with a prior probability distribution that captures the beliefs about its structure.
After collecting function evaluation data, the distribution is updated (the posterior
distribution) and used to sample the next query point. Gaussian processes such as
Kriging are typically used to define the probability distributions over F(x).

Bayesian optimisation is frequently used for optimal hyperparameter tuning (Nguyen,
2019). In this study, it is used to automatically tune all models’ hyperparameters sep-
arately using the Optuna library (Akiba et al., 2019). The dataset is relatively large
and highly imbalanced, with 211,840 data points for the C1, 283,301 data points for
the C2, and 2,747 data points for the C4 cover types. This results in an imbalance
ratio of Nmax/Nmin = 77.1. Therefore, a random under-sampling is utilised to ensure a
balanced dataset, with 2,700 data points for each cover type extracted from the gen-
eral dataset. Hyperparameter tuning was then performed on the smaller dataset using
five-fold cross-validation for the model training corresponding to each candidate set of
hyperparameters. Models were finally trained on the whole dataset with the obtained
optimal set of hyperparameters, again using five-fold cross-validation.

Figures 6.4 and 6.5 show the multi-dimensional space of the hyperparameters searched
during fine-tuning of the DT and XGB models. For each iteration, the correspond-
ing values of the hyperparameters are linked to the resulting accuracy. The model
parameters obtained from the optimisation process for all models are presented in
Tables 6.1 and 6.2.

Table 6.1: Hyperparameters for base learners and bagging ensembles
(Tavakol Sadrabadi & Innocente, 2023).

SVR DT RF XT

Kernel = RBF Splitter : best Splitter : best
tolerance = 0.483 Criterion : entropy Criterion : entropy Criterion : entropy
Regularization(C) = 8.75 Min sample split = 3 Min sample split = 2 Min sample split = 2
gamma = 0.4 Min sample leaf = 1 Min sample leaf = 1 Min sample leaf = 1
Decision Function : ’ovo’ Max depth = 23 Max depth = 25 Max depth = 25

Nestimators = 348 Nestimators = 348
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Figure 6.4: Visualisation of the hyperparameter optimisation procedure
for the DT algorithm (Tavakol Sadrabadi & Innocente, 2023).

Figure 6.5: Visualisation of the hyperparameter optimisation procedure
for the XGB algorithm. Note that the notation Ae-B is meant to represent
A× 10−B in scientific notation (Tavakol Sadrabadi & Innocente, 2023).

6.2 Model Development and Accuracy Assessment

The models in this research made use of the Scikit-learn library (Pedregosa et al.,
2011), XGBoost library (“XGBoost Project”, 2022), and CatBoost (“CatBoost”, 2022)
library. Four measures were used to evaluate the accuracy of the models: accuracy,
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Table 6.2: Hyperparameters for boosting ensembles (Tavakol Sadrabadi &
Innocente, 2023).

AdaB XGB CatB

Baseestimator = DT objective = ’multi:softprob’ iterations = 3, 500
Nestimators = 180 Nestimators = 1, 073 loss functionMultiClassOneV sAll
Learning rate = 1.2 eta = 0.274 Learning rate = 0.47
algorithm = ’SAMME’ max depth = 25 depth = 10

subsample = 0.5 subsample = 0.8
colsample bytree = 0.6 l2 leaf reg = 2.44
tree method = ’exact’ model size reg = 2.62
booster = ’gbtree’ bootstrap type : ’Bernoulli’
min child weight = 2 boosting type : ’Plain’
grow policy = ’lossguide’
lambda = 2.55× 10−5

alpha = 3.95× 10−7

precision, recall, and F1 score (Tavakol Sadrabadi & Innocente, 2023).

1. Accuracy is defined as the ratio of correct predictions over the total number of
instances evaluated, and is calculated as in Equation (6.2).

acc =
tp+ tn

tp+ tn+ fp+ fn
(6.2)

2. Precision is defined as positive patterns that are correctly predicted from the total
predicted patterns in a positive class, and is calculated as in Equation (6.3).

prec =
tp

tp+ fp
(6.3)

3. Recall is defined as the percentage of positive patterns that are correctly cate-
gorised, as in Equation (6.4).

rec =
tp

tp+ tn
(6.4)

4. F1 score is the harmonic mean between recall and precision, and is calculated as
in Equation (6.5) (Hoss).

F1 =
2 · prec · rec
prec+ rec

(6.5)

6.3 Results

6.3.1 Model feature importance

Increasing model accuracy via feature selection is an important step when implementing
ML algorithms, especially for high-dimensional data structures. A reliable approach
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to selecting the features which contribute the most and removing those which are
detrimental is through feature importance analysis. The relative importance of features
for the RF, XT, XGB, and CatB models is shown in Figure 6.6. The stacked models
are not included here due to their hierarchical model fitting procedure.

a XGB b RF

c CatB d XT

Figure 6.6: Relative importance of features.

It can be observed, for instance, that the slope of the terrain, HI12, and HI3 are
among the least important features in the dataset (Tavakol Sadrabadi & Innocente,
2023).

6.3.2 Recursive feature elimination

Recursive Feature elimination is a feature selection technique which eliminates the
weakest feature(s) from a model in a sequential manner until it reaches an optimal
or predefined number of features. The obtained accuracy of the RF, XT, XGB, and
CatB models during recursive feature elimination analysis is presented in Figure 6.7
for an increasing number of features. The highest accuracy for CatB is obtained using
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ten features, excluding slope. For XGB and RF, the maximum accuracy is obtained
using nine features, while XT achieves maximum accuracy using only seven features
(Tavakol Sadrabadi & Innocente, 2023).
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Figure 6.7: Accuracy during recursive feature elimination test (Tavakol
Sadrabadi & Innocente, 2023).

6.3.3 Accuracy measures

The overall classification accuracy (macro average) achieved by each of the different
models studied here is shown in Table 6.3. It can be observed that the highest accuracy
over the whole dataset equals 0.97, and is obtained by XGB. This is slightly higher than
the accuracy achieved by CatB (0.967), SC3(0.967), and XT (0.968). Even though the
optimised RF achieves an accuracy of ”only” 0.964, this still surpasses other similar
research results, including (Kumar & Sinha, 2020; Sjöqvist et al., 2020). Despite its
higher overall accuracy, XGB exhibits lower precision compared to XT and SC2 and
a lower F1 score compared to XT. The lowest overall accuracy is 0.913, achieved by
SVM with radial basis kernel (SVR). Nonetheless, this value surpasses accuracy values
previously reported in the literature using SVM on the same dataset.

Figure 6.8 presents the accuracy achieved by the five best-performing models for
each of the seven cover types in the dataset. It is clear that all models perform poorly
on the C4 and C5 cover types, with the highest accuracy values being 0.881 and 0.884,
respectively. Unsurprisingly, these are the two classes with the fewest data samples.
However, SC3 and RF performed significantly worse than other models for the C5
cover type. Figure 6.9 presents the confusion matrix for the XGB, XT, CatB, and
SC2 models. It can be observed that the accuracy of estimations for the majority C1
and C2 cover type classes is higher than 0.96 for all models. It is interesting to note
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Table 6.3: Accuracy metrics for the implemented models (Tavakol
Sadrabadi & Innocente, 2023).

Metric DT SVR KNN RF XT Ada XGB CatB SC1 SC2 SC3

acc 0.934 0.913 0.934 0.964 0.968 0.963 0.971 0.967 0.935 0.967 0.940
prec 0.901 0.897 0.897 0.951 0.955 0.952 0.952 0.951 0.898 0.955 0.895
rec 0.898 0.869 0.872 0.928 0.939 0.922 0.941 0.938 0.890 0.932 0.910
F1-score 0.900 0.882 0.884 0.939 0.947 0.936 0.946 0.943 0.893 0.943 0.902

that the most prominent misclassifications by all four models are ”C5 misclassified as
C2” and ”C4 misclassified as C3”, and not vice versa (Tavakol Sadrabadi & Innocente,
2023).

Figure 6.8: Accuracy of different classifiers for each cover class, adopted
from (Tavakol Sadrabadi & Innocente, 2025).

6.4 Discussion

This research chapter proposes a methodology based on Machine Learning (ML) al-
gorithms with automated fine-tuning of the model combined with recursive feature
elimination to predict vegetation type from cartographic data. The overall accu-
racy obtained by the proposed approach using the XGB model on the UCI dataset
is 97.1%, which surpasses those reported in other studies. For example, (Sjöqvist et
al., 2020) reported an overall accuracy of 94.7%, (Sameer et al., 2021) reported 93%,
and (Macmichael & Si, 2017) achieved an accuracy of 97.01% (the latter using deep
learning models) (Tavakol Sadrabadi & Innocente, 2023).
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a XGB b SC2

c CatB d XT

Figure 6.9: Confusion matrix of the four best-performing classifiers for
predicted cover type classes (Tavakol Sadrabadi & Innocente, 2023).

Considering class-wise accuracy, Figure 6.9 shows that the four models are slightly
overfitted on the majority class, the C2 cover type (283, 301 datapoints), achieving
the highest accuracy (97.3–97.9%). Unsurprisingly, the lowest accuracy (87.5–88.1%)
corresponds to the minority class, the C4 cover type (2, 747 datapoints). Somewhat
surprisingly, all four models show high accuracy for the C7 cover type, despite its
moderate sampling size (20, 510 datapoints). Nonetheless, it is important to note
that the proposed approach with all four models achieves higher accuracy for the
undersampled classes than those reported by previous researchers. For example, while
our proposed approach with XGB reaches 88.1%, 88.4%, and 93.9% for classes 4, 5, and
6, respectively, (Sjöqvist et al., 2020) reported respective accuracy of 77.9%, 77%, and
86%. This comprises a significant improvement. For classification of the C1 and C2
cover types, the same authors reported an accuracy of 93.7% and 96.7%, respectively,
while our method using the XGB model achieved 96.9% and 97.8%, respectively. It is
notable that using our proposed approach with the RF model used in (Sjöqvist et al.,
2020) resulted in an overall accuracy of 96.4%, which is a significant improvement over
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the results reported in their study (Tavakol Sadrabadi & Innocente, 2023).





Chapter 7

Effect of Fire-Wind Coupling on
Fire Propagation Estimations

As presented in section 2.3, wildfire estimation models could be classified into two
broad groups of (i)Coupled and (ii) Decoupled, based on the level of interaction of
fire and atmosphere in these models. Each of these models has specific advantages
and disadvantages which makes them useful for different types of tasks. However, a
structured evaluation of the effect of choosing the coupling strategy would be highly
valuable when dealing with these types of models.

7.1 Coupled or Decoupled?

The choice of the right wildfire propagation model is highly dependent on the in-
tended application: coupled models are more rigorous though computationally ex-
pensive (hence with limited operational use) whereas decoupled models decrease the
computational cost at the expense of disregarding the effect of the fire on the wind
field (hence sacrificing prediction accuracy). In order to compensate for this drawback,
efforts have been made to increase the accuracy of the wind estimations; e.g. using Nu-
merical Weather Prediction (NWP) models together with methods to downscale and
refine these estimations over the terrain of interest (Höhlein et al., 2020). However,
these large-scale models cannot capture wildfires local effects. Generally, it is clear
that the level of fire-wind interaction considered by the model affects the accuracy and
uncertainty level of the model outputs. Still, there is a gap for a detailed investigation
of the impact of fire-wind coupling on wildfire propagation dynamics including the Rate
of Spread of Fire in different terrain conditions. Hence, this section utilises the FDS-
LevelSet model in order to study the effect of considering or neglecting the fire-wind
interaction of wildfire propagation estimations as presented in (Tavakol Sadrabadi &
Innocente, 2024).
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7.2 Experimental Data and Model Calibration

7.2.1 Experimental data

Numerical simulations are validated against flat terrain grassland fire spread experi-
ments carried out by the Commonwealth Scientific and Industrial Research Organisa-
tion (CSIRO) (Cheney et al., 1993; Cheney et al., 1998). As in (Mell et al., 2007),
C064 and F19 are the selected experiments, which were performed in the middle of
the dry season on flatlands of 100 × 100 m2 covered with dry Kerosene grass and of
200× 200 m2 covered with dry Kangaroo grass, respectively. During each experiment,
the reference wind speed (u2) was measured at 2 m AGL whereas the air tempera-
ture (Tamb) and relative humidity were measured at 1.4 m AGL. Fuel load (m′′

f ) and
height (h) were sampled at different locations and averaged within each plot. Other
fuel characteristics, including surface area-to-volume ratio (σ) and fuel moisture con-
tent (FMC), were also measured and recorded. Two workers ignited fires, starting at
the midpoint and moving towards either side of the plot. The length of ignition is
around 50 m for 100× 100 m2 plots and around 175 m for 200× 200 m2 plots. Fire
behaviour was then studied through data gathered by ground observations and oblique
aerial photographs. The RoS was then calculated for each experiment as the maximum
distance travelled by the fire between successive time steps.

7.2.2 Boundary conditions and grid Sensitivity

Open boundary conditions are used at the top, outlet, right, and left boundaries.
Ambient wind is simulated using Monin-Obukhov similarity theory, with Obukhov
length L = −500 m, aerodynamic roughness length z0 = 0.03 m, u2 = 4.6 m/s for
C064, and u2 = 4.8 m/s for F19.

Structured Cartesian grids with equal spacing in x, y, z directions are used to
discretise a 120× 120× 40 m3 domain for C064 and a 240× 240× 100 m3 domain for
F19. In order to study the sensitivity of the simulated fire propagation to the grid cell
size, sizes between 1 × 1 × 1 m3 and 5 × 5 × 5 m3 are tested for the FDS-LS model
(Tavakol Sadrabadi & Innocente, 2024).

FDS-LS uses Albini’s fuel models (McGrattan et al., 2019) by default, which sets
the values of h, σ, β, νchar, m

′′
f , and RoS0 for different pre-defined fuel types. Following

(Vanella et al., 2021) and as a first step, Albini’s fuel type 1 (short grass) and fuel
type 3 (tall grass) are used here to represent the fuel in C064 and F19 experiments,
respectively. The evolution of the fire front is shown in Figure 7.1 for both experiments,
cell sizes of 1 m, 2 m, 3 m and 5 m, and both coupled (C) and decoupled (D) configura-
tions (Tavakol Sadrabadi & Innocente, 2024). It can be observed that the predicted fire
front is sensitive to both cell size and fire–wind coupling. The C-configuration predicts
higher RoS, which is closer to the experimental results. Increasing cell size generally
leads to higher RoS as well, in agreement with results in (Vanella et al., 2021).
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Figure 7.1: Evolution of simulated fire front location predicted by FDS-
LS for CSIRO C064 and F19 experiments using Albini’s fuel models, cell
sizes of 1 m, 2 m, 3 m and 5 m, and both coupled (C) and decoupled
(D) configurations. Results from field tests are also provided for reference
(Tavakol Sadrabadi & Innocente, 2024).

7.2.3 FDS-LS fuel definition and RoS0 calibration

Although FDS-LS uses Albini’s fuel models (McGrattan et al., 2019) by default, it
is possible to define other fuels. Since the predicted fire front locations in Figure 7.1
do not accurately match the experimental results, a custom fuel type is defined with
the physical characteristics in Table ?? to represent the Kangaroo grass in the CSIRO
F19 field experiment. This experiment is chosen here due to its larger domain, which
is more convenient to study the effect of the fire–wind coupling. Since FDS-LS does
not require the thermal properties of the vegetation, only h, σ, β, νchar, and m′′

f are
required from Table ??, with RoS0 being calibrated(Tavakol Sadrabadi & Innocente,
2024).

Calibration is carried out for three cell sizes and coupled FDS-LS (Mode 4). Fig-
ure 7.2 (a) shows that the evolution of the fire front location now matches the field
measurements, with the calibrated RoS0 only marginally larger than that of Albini’s
fuel type 3 (tall grass). Figure 7.2 (b) shows the predicted fire perimeter of the simu-
lated fire predicted by the coupled FDS-LS with calibrated RoS0 for cell sizes of 2 m,
3 m and 5 m at three time instances since ignition(Tavakol Sadrabadi & Innocente,
2024).

7.3 Effect of Coupling Strategies

Figure 7.2 (b) shows that the coupled FDS-LS with calibrated RoS0 accurately pre-
dicts the CSIRO F19 experiment under no-slope conditions. The effects of fire–wind



CHAPTER 7. EFFECT OF FIRE-WIND COUPLING 141

-100

-80

-60

-40

-20

0

20

40

60

80

100

0 30 60 90 120 150 180 210

y
 (

m
)

x (m)

Exp-T=56

Exp-T=86

Exp-T=138

grid=2m

grid=3m

grid=5m

0

20

40

60

80

100

120

140

160

180

200

0 20 40 60 80 100 120 140

F
ro

n
t 

L
o
ca

ti
o
n
 (

m
)

Time from ignition (s)

Exp-F19

C-grid=2m, RoS0=0.042 m/s

C-grid=3m, RoS0=0.038 m/s

C-grid=5m, RoS0=0.0355 m/s

a Evolution of simulated fire front location.

-100

-80

-60

-40

-20

0

20

40

60

80

100

0 30 60 90 120 150 180 210

y
 (

m
)

x (m)

Exp-T=56

Exp-T=86

Exp-T=138

grid=2m

grid=3m

grid=5m

b Fire perimeter at 56 s, 86 s and 138 s since
ignition (Tavakol Sadrabadi & Innocente, 2024).

Figure 7.2: (a) Evolution of simulated fire front location and (b) fire
perimeter at three time instances since ignition, as predicted by coupled
FDS-LS for CSIRO F19 experiment using custom fuel type defined by phys-
ical characteristics in Table 3.1, calibrated RoS0, and cell sizes of 2 m, 3 m
and 5 m. Results from field test are also provided for reference(Tavakol
Sadrabadi & Innocente, 2024).

coupling on the headfire position and the resulting RoS for a range of wind speeds and
topography slopes during upslope propagation with the same custom fuel can be ob-
served in Figure 7.3, where 2× 2× 1 m3 cells are used for spatial discretisation. Given
that FDS uses structured grids, a sloped topography is modelled using a staircase of
cubic blocks(Tavakol Sadrabadi & Innocente, 2024).

Figure 7.3 shows (a) the headfire position (distance travelled) and (b) corresponding
RoS for eight wind speeds in the range of 1–20 m/s and horizontal topography. It also
shows (c) the head fire position and (d) corresponding RoS for a fire propagating
upslope for all nine possible combinations of three slopes (5%,15%, 30%) and three
wind speeds (1 m/s, 5 m/s, 10 m/s). Both coupled (C) and decoupled (D) FDS-LS
are used to model each scenario. Note that wind speed refers to horizontal reference
wind speed (ur), whilst the resulting upslope wind speed is higher. As expected, higher
wind speed and higher topography slope (for upslope propagation) lead to higher RoS.
Furthermore, higher wind speeds of up to 10 m/s and higher surface slopes of up to
30% also result in larger differences between predictions by corresponding coupled and
decoupled fire–wind models, in agreement with experimental results in (Butler et al.,
2007). For example, the difference between coupled and decoupled predictions of the
RoS is 0.44 m/s for 30% slope and 5 m/s wind, whereas it is 1.51 m/s for 30% slope
and 10 m/s. The RoS predicted by coupled FDS-LS appears to be generally higher
than the one predicted by its decoupled counterpart for wind speeds of up to 12 m/s.
For horizontal topography in Figure 7.3 (b), this trend seems to invert for wind speeds
approximately between 12 m/s and 20 m/s, with the coupling strategy making little
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Figure 7.3: (a) Headfire position for eight wind speeds in the range
of 1–20 m/s and (b) their corresponding RoS for horizontal topography;
and (c) headfire position for nine slope–wind combinations in the range of
1–10 m/s and 5–30% and (d) their corresponding RoS with fire propagating
upslope. Both coupled (C) and decoupled (D) FDS-LS are used to model
each scenario (Tavakol Sadrabadi & Innocente, 2024).

to no difference for a wind speed of 20 m/s. More data points would be required to
analyse this observation(Tavakol Sadrabadi & Innocente, 2024).

It is important to note that these simulations using FDS-LS suggest that increasing
wind speeds always leads to increasing RoS. However, experimental results (McArthur
& Australia., 1966; Potter, 2012a) showed that a turning point and a reduction of the
RoS is to be expected. In fact, the model tends to overestimate the RoS for increasing
wind speeds when compared to typical values reported in the literature, especially for
extreme cases—in which model predictions are counter-intuitive. Since FDS-LS is not
physics-based, it is reasonable to infer that it does not capture some of the relevant
underlying fire propagation dynamics, and therefore may make unreliable predictions
for higher wind speeds (here, higher than ≈10–12 m/s).

Wildfires can propagate upslope surprisingly fast due to the preheating of unburned
fuel ahead of the fire as the plume attaches to the slope surface (Torben P. Grumstrup,
2017). Under no-wind no-slope conditions, fuel preheating is governed largely by ra-
diation, since upstream and downstream air entrainment is the same, hence forming a
vertical uprising plume. As the angle between the fire plume and the fuel bed shrinks,
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the length of the plume attachment increases, resulting in a higher RoS. This angle
shrinks as the flame tilt angle (θ) and the fuel bed inclination angle (α) increase, where
θ is the angle between the centerline of the individually pioneering flame and the verti-
cal axis (M. Li et al., 2020). In turn, θ increases with increasing upslope wind speed and
with increasing α due to the resulting asymmetric air entrainment. Since buoyancy has
an upslope component, air entrainment into the fire from the burned side (upstream) is
greater, hence tilting the plume towards the unburned downstream vegetation (Moran-
dini et al., 2018). Therefore, higher upslope wind speeds and higher surface slopes lead
to faster upslope fire propagation due to the resulting larger plume attachment length.
Even though FDS-LS does not model the flame, radiative heat transfer, or fuel pre-
heating effects, the larger RoS predicted for larger surface slopes when coupling fire
and wind models during upslope fire propagation is likely due to the released latent
heat from the fire front, which contributes to the formation of convective wind patterns
upslope(Tavakol Sadrabadi & Innocente, 2024).
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Figure 7.4: Fire perimeter as predicted by coupled (C) and decoupled (D)
FDS-LS at three different times for three different slopes.

Thus, higher wind speeds and larger inclinations of the fuel bed result in faster
upslope fire propagation. Coupled FDS-LS predicts faster propagation than its decou-
pled counterpart, presumably better capturing the relevant phenomena associated with
fire–induced wind. Figure 7.4 also shows that decoupled FDS-LS displays smoother
perimeters.





Chapter 8

Improving Wildfire Propagation
Prediction Utilising Aerial
Swarm-Based Real-Time Wind
Measurements

Wildfire enhances the surrounding atmosphere and creates local wind patterns. These
fire-induced local wind patterns, in turn, dynamically affect the behaviours of wildfire
and its rate of spread. In the previous section, it was shown that this interaction has
a strong effect on fire’s RoS, and therefore should not be neglected when predicting its
propagation. Still, this is exactly the approach adopted by decoupled wildfire models.
Hence, this chapter proposes a framework to improve wildfire model predictions by
feeding it with near-surface wind fields estimated from UAV measurements taken at
higher altitudes. The idea is to capture the fire-wind interaction without having to
solve the computationally expensive Navier-Stokes equations. Consequently, section
8.1 presents the proposed framework in a conceptual capacity; section 8.2 presents
the details and actual steps for the development of the framework; and finally, section
8.3 studies how such a framework would help to improve the wildfire propagation
estimations.

8.1 The Conceptual Framework

The proposed methodology is model agnostic and therefore can be implemented as a
stand-alone module to be integrated with any wildfire model that includes wind in its
governing equations. Since it aims to mimic the effect of fire–wind coupling, it was
originally proposed with decoupled wildfire models in mind. Nonetheless, it could be
applied to coupled models as well, potentially using data assimilation to correct the
wind field predicted by the model. A top-level description of the methodology is shown
in Figure 8.1 and summarised below (Tavakol Sadrabadi & Innocente, 2024):
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High-Altitude Wind Field
Measurement

High-Altitude Wind Field
Generation

Wildfire
Behaviour
Predictions

Near-Surface Wind Field
Mapping

Downscaling

Data-Driven
Modelling Other Model Inputs

- Boundary conditions.
- Initial conditions.
- Fuel bed descriptors.
- Topography descriptors.
- Et cetera.

         ANN Mapping

Figure 8.1: System-level description of the proposed methodology to en-
hance wildfire model predictions using near-surface wind fields approximated
from measurements at a high altitude (specifically, at flight height) (Tavakol
Sadrabadi & Innocente, 2024).

1. A swarm of UAVs measure wind velocity at different 2D locations at flight height
(here assumed to be equal to H=40 m AGL), at a given time t = ti.

2. The measured wind velocities are used to generate a high-resolution wind field
using a data-driven super-resolution approach.

3. The high-resolution wind field at flight height is used to approximate the near-
surface wind field employing a mapping method such as a neural network.

4. The downscaled near-surface wind field is fed into the FtRT simulator, which
forecasts the fire propagation for the desired predictive horizon (T ). Thus, the
fire propagation is simulated in the interval (ti, ti + T ].

5. Once the desired time increment (∆t) for updates has elapsed, swarm-based
measurements are re-taken at ti+1 = ti + ∆t and the process is repeated to
predict the fire propagation in the (ti+1, ti+1 + T ] interval. Thus, the predictive
horizon moves forward by ∆t ≪ T .

The fire propagation forecast during the predictive horizon (T ) can be used to
assist firefighting operations, with the surface wind field remaining frozen during this
time. Nonetheless, the outputs of the simulator after every ∆t, together with the
updated near-surface wind field at that time, comprise the inputs into the simulator
to forecast the fire propagation during the next predictive horizon (Tavakol Sadrabadi
& Innocente, 2024).

Although it may often be infeasible to have a swarm of UAVs airborne solely to take
wind measurements, equipping them with appropriate sensors (and possibly effectors)
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would enable the swarm to perform more than one task simultaneously. For example,
consider the swarm of self-organising drones proposed by Innocente and Grasso (Inno-
cente & Grasso, 2019a) or the drone fleet system proposed by Ausonio et al. (Ausonio
et al., 2021), which could easily be taking imagery and measuring environmental vari-
ables like wind, temperature, or pressure whilst engaged in fire suppression and/or
monitoring activities. A bird’s eye view of an envisioned wildfire emergency response
system is shown in Figure 8.2, which assimilates the methodology to enhance wildfire
model predictions proposed in this research and shown in Figure 8.1.

The smaller the ∆t between measurements the better, as the wind is kept frozen
for shorter periods. A range of simulations are carried out in Section 8.3 to study
how such model impacts propagation results and to study the effect of ∆t on a flat
grassland covered with a uniform fuel bed. Since actual wind measurements are certain
to be uncertain, Section 8.3.2 provides also an initial attempt at studying the effect of
uncertainty on the wildfire model predictions.

Fire Detection
using a range of

systems, including
UAV-based ones

Wildfire Emergency
Response
(decisions &

planning)

Suppression &
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Wildfire
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Near-Surface Wind Field
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- Et cetera.
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- Boundary conditions.
- Initial conditions.
- Fuel bed descriptors.
- Topography descriptors.
- Uniform, frozen wind field

Fire Ignition

Figure 8.2: Bird’s eye view of an envisioned wildfire emergency re-
sponse system empowered by UAV swarms, which assimilates the proposed
methodology shown in Figure 8.1 to enhance fire propagation model pre-
dictions. For the UAV swarm undertaking suppression activities, adopted
from (Tavakol Sadrabadi & Innocente, 2024).
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8.2 Wind Field Downscaling and Uncertainty Quan-

tification

The previous section conceptually presents the framework proposed in this thesis for
improving the accuracy of wildfire propagation estimations by using real-time UAV
swarm-based wind measurements. This section presents the system development details
including the dataset, approaches, models used, and results.

8.2.1 System description

Generally, downscaling refers to the process of obtaining information about physical
quantities at a smaller local scale from lower-resolution available data through the use
of appropriate refinement methods (Höhlein et al., 2020). Downscaling methods can be
classified into two broad groups including (i) dynamical and (ii) empirical-statistical
approaches (Sachindra et al., 2014). Dynamical downscaling refers to the procedure of
using high-resolution mass-conserving or momentum-conserving numerical models to
interpret the outputs of NWP models on a finer scale. Considering that this method
is computationally expensive and timely, especially for large domains, it is mainly
restricted to small domains (Höhlein et al., 2020). On the other hand, statistical
downscaling efforts to train statistical models between quantities at coarse and fine
scales. Such models would have a very short inference time and hence can provide
instant estimations when fully trained. With the recent advancements in machine
learning (ML) and deep learning (DL) methods, different studies have focused on the
use of state-of-the-art DL algorithms and methods for this purpose (see (Dujardin &
Lehning, 2022; J. Zhang & Zhao, 2021)).

Given that the fire plume in a wildland fire is tilted forward due to the ambient wind
velocity, the turbulent fields near the surface and at the measurement height differ sig-
nificantly. Therefore, downscaling atmospheric turbulence in the presence of fire cannot
be directly addressed through a single-image super-resolution task. Hence, the devel-
oped system consists of three steps to provide real-time wind field maps near the terrain
surface. The steps include (i) real-time UAV-swarm-based measurement of the turbu-
lent wind above the fire, (ii) reconstruction of a high-resolution wind field at UAV flight
altitude from sparse point measurements, and (iii) estimation of the high-resolution
wind field close to the terrain surface based on the reconstructed wind field at UAV
flight altitude. It is important to note that while the downscaling process is typically
equated with the super-resolution or reconstruction step in the literature, this study
considers downscaling to encompass both the super-resolution/reconstruction step and
the estimation of the high-resolution near-surface wind field from the reconstructed
high-altitude wind field.

Utilising the sparsely measured wind values at each time step as input data into the
model, a high-resolution map of the wind field at the measurement altitude (Zm=40
m) is generated which is in turn used to estimate the near-surface wind field Ze=2 m
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AGL. Considering that a high-res wind field is generated for the Zm at the previous
step through a super-resolution method, the equivalent high-res wind field for Ze could
be generated through a regression procedure. To achieve this, the study employs an
image-to-image translation technique, which generates the required wind field at 2 m
AGL from the wind field reconstructed from sparse measurements at 40 m AGL.

8.2.2 Simulations scenarios

Considering that actual measurements of wind velocity in wildfire situations are chal-
lenging to obtain and deep learning models require extensive amounts of data for
training procedures, this study employs coupled three-dimensional computational fluid
dynamics (CFD) simulations of wildland fire propagation to act as synthetic data. An
overview of the physical and geometrical parameters of the simulation conditions in-
cluding wind velocity, vegetation height and type, and terrain slope are presented in
Table 3.3. This chapter utilises the simulated results from V eg1 and V eg3. As shown in
table 3.3, each vegetation type is utilised in 75 field-scale simulations carried out with
three different vegetation heights of Hg, five different terrain slopes (S), and five dif-
ferent ambient wind speeds (u10). Consequently, a total number of 150 simulations are
carried out to provide the data required for developing the wind downscaling framework
in this section. All simulations are performed utilising the Fire Dynamics Simulator
(FDS) as discussed in details in sections 3.1.4 to 3.1.6 and validated in section 3.1.7.
The details of the physical and thermal parameters of fuel utilised in this study are
also presented in Table 3.2 in detail.

The turbulent flow field within the domain is simulated utilising the very large
eddy simulation (VLES) model with Deardorff’s sub-grid scale (SGS) model for tur-
bulent eddy viscosity closure terms. To replicate the turbulent nature of the natural
atmospheric winds, this study utilises the synthetic eddy method (SEM)(Jarrin et al.,
2008) that introduces random eddies into the domain as adopted in relevant studies
(i.e. see (Innocent et al., 2023)). Considering that an accurate definition of the eddy
characteristics requires measurements of the turbulent Reynolds stress within the am-
bient wind and canopy height which are not applicable here, an arbitrary value of
10% turbulence intensity is determined here similar to (Innocent et al., 2023). Utilised
boundary Conditions include a no-slip boundary condition for the ground surface and
’Open’ boundary conditions for the rest of the boundaries.

8.2.3 Model architecture, dataset, and training procedure

Architecture Briefly, this study effort to estimate the spatial distribution of the
near-surface (2m AGL) wind velocity components of u2, v2 and w2 in the presence of
an active grassland fire from the sparsely measured values (u40, v40 and w40) utilising a
swarm of UAVs. As previously described, the problem is addressed through supervised
training of two convolutional neural networks. Figure 8.3 presents the overall workflow



CHAPTER 8. IMPROVING WILDFIRE PROPAGATION PREDICTION ... 150

of the models and data utilised in model training. The first model is trained to recon-
struct the high-resolution wind and temperature field at 40m AGL from the sparsely
measured or low-resolution input data. The low-resolution input data are sampled from
the original high-resolution simulations so that each sampled pixel represents a point
measurement carried out by an individual UAV. Three different numbers of UAVs (n)
are considered in this study so that n ∈ (25, 49, 100). Sampled pixels P ∈ Rn×4 are then
used to generate the low-resolution input file Ilr = Finterp, KNN(P ) ∈ R13×13×4 through
linear interpolation for areas that fall between at least two measurements and assign-
ing values utilising the nearest available value (KNN) to outer regions (figure 8.3a-b).
Extra information including the terrain slope (S ) in degrees, the surface temperature
(Tsurf=2), Vegetation type (Gt) and the vegetation height (Hg) at corresponding co-
ordinates of the terrain are inputted in the model through an encoder branch and is
concatenated with the corresponding upsampled decoder block of the SR model (figure
8.3c&d). Hence, the output of the super-resolution model would be Isr = F(Ilr, Iterrain)
where Isr = (u40, v40, w40, T40) ∈ R416×416×4, and Iterrain=(T2, S, Hg, Gt).

The second model is trained on high-resolution input-output pairs of flow field at
40m AGL and the corresponding values at 2m AGL so that to estimate the near-surface
wind field Isurf = G(C) where Isurf = (u2, v2, w2) from a concatenation of reconstructed
high altitude wind field and the high-resolution data corresponding to the surface
temperature, vegetation height and type, and terrain slope C = concat(Isr, Iterrain) ∈
R416×416×8 (see figure 8.3d-e).

The utilized structure for both networks resembles a UNet with Residual blocks (He
et al., n.d.) in both encoder and decoder branches empowered with the Convolutional
Block Attention Module (CBAM )(Woo et al., 2018) blocks. A sensitivity analysis
is performed and the optimal number of model parameters is selected based on a
trade-off between obtained accuracy and training time. The activation function for the
convolutional layers includes tanh activation for all layers except the output layer which
uses the linear activation function. It should be emphasized that the linear activation
showed better performance compared to LeakyReLU . It is worth mentioning that
commonly used activation functions such as relu performed poorly on this task despite
the promising results on actual image data. It is mainly based on the fact that even
though the data is similar to an image, a large portion of values of the data matrix of
inputs and outputs includes negative values which would be rounded to zero by using
relu. Hence, a linear activation function is deemed necessary. All convolutional layers
use zero padding, a he− normal kernel initializer, and a kernel size of 3×3 except for
the first convolutional layer after the input layer, which benefits from a 7×7 kernel, and
the output layer which uses a 1×1 kernel. Figure 8.3 also presents the structure of the
encoder and decoder blocks in both models. All blocks include a dropout layer with a
dropout ratio of 5% which is meant to assist in improving the model generalisability
and uncertainty quantification analysis. All Models are then trained for 200 epochs
with MAE loss function and the Adam optimizer with an initial learning rate of 0.0006
and an exponential decay rate of beta1=0.9. During the training, accuracy metrics are
observed after each epoch and the best models are saved for later use. To evaluate



CHAPTER 8. IMPROVING WILDFIRE PROPAGATION PREDICTION ... 151

Figure 8.3: Architecture used for reconstructing the high-resolution wind
field from low-resolution sensor data, showing: (a) high-altitude wind field
sampled by UAVs in a structured formation, (b) generated low-resolution
wind field as input to the super-resolution (SR) model, (c) terrain and fire
data used as additional information for wind field reconstruction, (d) recon-
structed high-altitude wind field, and (e) estimated near-surface wind field.
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the performance of neural networks, the mean absolute error MAE, and root mean
squared error RMSE values are calculated as follows:

RMSE(y, y′) =

√√√√ 1

n
(

n∑
i

|yi − y′i|2) (8.1)

MAE(y, y′) =
1

n
(

n∑
i

|yi − y′i|) (8.2)

Where y and y’ are the ground truth and estimated values respectively.
Concerning probabilistic performance, three additional metrics including the stan-

dard deviation (Std), Prediction Interval Coverage Probability (PICP), and Prediction
Interval Normalized Average Width (PINAW) are utilised to quantitatively assess the
model performance. The standard deviation is a measure of variation or dispersion in
a set of data values and can be calculated as follows:

Std =

√∑N
i=1(xi − µ)2

N − 1
(8.3)

where xi is the value of ith data point, µ is the population mean, and N is the number
of datapoints.

The PICP on the other hand, is a fundamental characteristic of prediction intervals
(PIs) and is calculated as the fraction of target values covered by the estimated PIs(S.
Liu et al., 2022):

PICP =
1

N

N∑
i=1

ϵi; and ϵi =

{
1 , if k̂i ∈ [Li, Ui]
0 , otherwise

(8.4)

where Li and Ui are the estimated lower and upper limits at the ith array, and N
is the number of arrays. Generally, a larger PICP indicates more targets covered by
the predicted prediction intervals (PIs). However, it does not necessarily denote an
accurate model. Apart from the coverage probability, the width of the estimated PIs is
an important metric, defining the quality of the PIs, so that for equal PICPs, a smaller
PINAW would normally imply a better model. PINAW measures the average width of
the prediction intervals normalized by the range of the actual observations and can be
calculated as follows (S. Liu et al., 2022):

PINAW =
1

N

N∑
i=1

Ui − Li

Ymax − Ymin

(8.5)

where Ymax and Ymax are the maximum and minimum values of the actual observations,
respectively.
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Table 8.1: Effect of the number of model parameters on the SR perfor-
mance for n=100, utilising first sampling strategy

n. filters N.params
U* (m/s) V* (m/s) W* (m/s) T* °C

MAE RMSE MAE RMSE MAE RMSE MAE RMSE

Attention

32/ 8,16,32,64,128 /128,64,32,16,8 1,030,358 0.744 1.277 0.724 1.241 0.875 1.535 3.860 14.891
32/16,32,64,128,256/256,128,64,32,16 3,901,084 0.735 1.268 0.717 1.225 0.867 1.514 3.841 14.632
32/32,64,128,256,512/256,128,64,32,16 8,332,602 0.732 1.268 0.715 1.223 0.866 1.525 3.889 15.142
32/32,64,128,256,512/512,256,128,64,32 15,334,136 0.736 1.274 0.720 1.234 0.864 1.510 3.797 14.626

No-Attention 32/16,32,64,128,256/256,128,64,32,16 3,901,084 0.741 1.283 0.719 1.230 0.869 1.523 3.857 14.814
Att+Physics Constrained 32/16,32,64,128,256/256,128,64,32,16 3,901,084 0.737 1.275 0.721 1.235 0.868 1.516 3.845 14.683

∗ U(m/s) ∈ [-18.7, 55.3], V (m/s)∈ [-38.4, 37.7], W (m/s)∈ [-22.2, 52.1]

a Regular grid sampling b Random sampling
c Probability-based random sam-
pling

Figure 8.4: Wind sampling strategies

Dataset

As described before, a total number of 150 simulations are carried out with different
combinations of wind speeds, terrain slopes and vegetation height and types. The wind
field at 40m and 2m AGL (parallel to the terrain) along with the temperature field
at the surface are extracted at different time steps after the start of ignition and are
used for training the network. The dataset includes 24568 pairs of input-target data of
which 17343 are randomly adopted for training, 3652 for validation, and 3573 for the
test.

As mentioned before, the low-resolution input data to the SR model Ilr ∈ R13×13×4

are generated from the corresponding high-resolution images by sampling a prescribed
number of pixels (25,49,100) and then creating a continuous response surface by per-
forming linear interpolation between measured pixels and assigning nearest neighbour
value to extrapolation areas to form a structured 13×13 low-resolution data matrix
for each component of flow (u40, v40, w40, T40). To study the effect of sampling distri-
bution on the system performance, three different sampling strategies are adopted in
this study to provide the low-resolution input data as depicted in Figure 8.4. The first
strategy as shown in Figure 8.4a assumes that the UAVs are positioned on a structured
grid of points with equal distances and provide a regular grid of sampled pixels. Note
that the yellow points reflect the fixed position of UAVs for the whole duration of the
simulation. Two other strategies assume that measurements are carried out by UAVs
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while flying above the domain and not positioned in a structured manner. Hence, the
second strategy as shown in Figure 8.4b is a purely random sampling of the 416×416
flow field. In contrast, the third strategy assumes that pixels with higher near-surface
temperatures have a higher probability of being sampled and is defined as follows:

P (x, y) =
|T 0.7(x, y)|∑
(i,j) T (i, j)

(8.6)

where T (x, y) is the temperature at pixel (x, y) and P(x,y) defines the probability of
that pixel being sampled. It should be highlighted that the value of 0.7 is selected
arbitrarily to provide a visual balance between points sampled over the fire line and
samples from the rest of the domain. This third strategy simulates a scenario where
a greater number of UAVs are concentrated over the fire line to perform firefighting
operations, while other UAVs are either en route to the fire line to discharge their
payloads or returning to refill their payloads, battery, etc.

For the first strategy, only one low-resolution image is generated per each high-
resolution image. Hence, models are trained on 17343 pairs of data, validated on
3652 pairs and tested on 3573 data pairs. In contrast, the second and third strategies
produce varying distributions of sampling points for each image, leading to different
low-resolution images every time the sampling process is repeated. This variability re-
flects the numerous possible distributions of UAVs over the terrain at any specific time,
which can have infinite configurations. Therefore, for the second and third strategies,
a sensitivity study is conducted to examine the effect of the number of low-resolution
samples generated per each high-resolution flow field on the model’s generalizability
and accuracy in reconstructing a randomly sampled flow field. This is however dis-
cussed in more detail in the next section.

8.2.4 High altitude flow field reconstruction

The models are expected to learn the highly complex behaviour of the flow and the
relationship between the high-altitude and near-surface flow fields, which is inherently
intricate. First, the shape of the fire front changes over time, affecting the turbulent
structure of the wind field at both measurement height (Zm) and near the surface (Ze)
implying a highly dynamic environment. Additionally, by comparing the near-surface
values to those from 40m AGL, it can be concluded that the wind fields are inherently
different at measurement and estimation heights due to the ambient wind tilting the
fire plume forward and creating complex behaviour at the plume flanks. The highest
velocity regions near the surface are located immediately after the flaming front while
the max velocity at (Zm) is observed at a significant distance downstream of the fire
location. Furthermore, the velocity field near the terrain surface includes two counter-
rotating wake vortices downstream of the fire increasing the complexity of the flow
field.

The models are designed to be time-independent as estimating the previous or
future state of the wind is not of interest to this study. Meanwhile, it is intended to
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Table 8.2: Effect of the number of UAVs on the SR performance utilising
first sampling strategy

N. UAV
U* (m/s) V* (m/s) W* (m/s) T* C

MAE RMSE MAE RMSE MAE RMSE MAE RMSE
25 (5*5) 0.767 1.341 0.745 1.285 0.896 1.589 4.295 16.278
49 (7*7) 0.755 1.315 0.735 1.265 0.882 1.558 4.091 15.613

100 (10*10) 0.735 1.268 0.717 1.225 0.867 1.514 3.841 14.632
∗ U(m/s) ∈ [-18.7, 55.3], V (m/s)∈ [-38.4, 37.7], W (m/s)∈ [-22.2, 52.1]

be capable of estimating the distribution of the near-surface wind velocity components
in real time from sparse measurements carried out by the UAV swarm. To prevent
confusion, this section is divided into two parts where the first part discusses the
experiments regarding the super-resolution model, and the second part explains the
results obtained from a second model trained to estimate the high-resolution near-
surface wind field.

Model sensitivity analysis

A sensitivity analysis was carried out to evaluate the effect of various parameters on the
accuracy of super-resolution output. The number of filters in each layer of the network
is the first parameter examined, focusing on how the quantity of the model’s trainable
parameters influences SR output accuracy. Table 8.1 presents the results for this pre-
liminary examination. It is indicated that increasing the number of trainable parame-
ters from 1M to 4M has impacted the model accuracy positively while further increase
in model depth has resulted in a decline in the model performance. Comparing Model
2 and Model 5 highlights the impact of utilising Convolutional Block Attention Module
(CBAM) blocks which has resulted in improved accuracy of the model outputs. To
include some physics within the model training procedure, a weakly physics-informed
(PI) version of the model is trained by incorporating the incompressible version of the
continuity equation into the loss functions so that:

Losstotal = Lossresidual + |∇ ·
−→
V |

Where Losstotal is the weak PI loss utilised to train the model. However, utilising
this approach showed no positive impact on model performance as indicated in table 8.1
despite increasing the training time and complexity. Consequently, the second model
architecture with 4M trainable parameters with 16,32,64,128,256 filters in convolu-
tional layers within the first to fifth encoder and decoder blocks of UNet architecture,
is adopted as the optimal architecture for the rest of the examinations.

The second examination involves evaluating the effect of the number of UAVs
(sampling points) on the accuracy of the super-resolution output. Consequently, as
previously discussed, three different numbers of UAVs including 25, 49, and 100 were
considered while generating low-resolution inputs and one model was trained for each
UAV quantity. Table 8.2 presents the effect of the number of UAVs or sampling points
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Table 8.3: effect of increasing the number of input randomly sampled
low-resolution versions on SR model accuracy utilising random sampling
strategy and n=100

N. input
samples

U* (m/s) V* (m/s) W* (m/s) T* C
MAE RMSE MAE RMSE MAE RMSE MAE RMSE

2 0.750 1.310 0.726 1.248 0.880 1.558 4.131 15.669
3 0.750 1.306 0.722 1.243 0.877 1.549 4.082 15.614
5 0.732 1.274 0.717 1.236 0.868 1.539 3.995 15.557

∗ U(m/s) ∈ [-18.7, 55.3], V (m/s)∈ [-38.4, 37.7], W (m/s)∈ [-22.2, 52.1]

Table 8.4: performance evaluation metrics and uncertainty of the SR
model against different testing subsets

N. UAV
(strategy)

U (m/s) V (m/s) W (m/s) T
MAE (std) RMSE (std) MAE (std) RMSE (std) MAE (std) RMSE (std) MAE (std) RMSE (std)

25 (1) 0.755 (0.0095) 1.315 (0.0161) 0.731 (0.0088) 1.261 (0.0152) 0.883 (0.0106) 1.562 (0.0188) 4.158 (0.0501) 15.984 (0.1897)
49 (1) 0.752 (0.0092) 1.308 (0.0159) 0.730 (0.0090) 1.259 (0.0154) 0.881 (0.0106) 1.555 (0.0188) 4.111 (0.0494) 15.787 (0.1890)
100 (1) 0.748 (0.0094) 1.301 (0.0163) 0.729 (0.0088) 1.257 (0.0151) 0.878 (0.0107) 1.546 (0.0189) 4.052 (0.0496) 15.570 (0.1896)
25 (2) 0.762 (0.0087) 1.325 (0.0155) 0.732 (0.0088) 1.263 (0.0151) 0.884 (0.0106) 1.565 (0.0189) 4.189 (0.0495) 16.060 (0.1944)
49 (2) 0.756 (0.0097) 1.314 (0.0166) 0.731 (0.0088) 1.261 (0.0152) 0.882 (0.0106) 1.559 (0.0188) 4.145 (0.0499) 15.915 (0.1878)
100 (2) 0.752 (0.0096) 1.307 (0.0163) 0.730 (0.0088) 1.259 (0.0152) 0.880 (0.0106) 1.552 (0.0164) 4.097 (0.0434) 15.729 (0.1652)
25 (3) 0.759 (0.0075) 1.321 (0.0133) 0.732 (0.0077) 1.264 (0.0134) 0.884 (0.0093) 1.566 ( 0.0167) 4.189 (0.0434) 16.122 (0.1652)
100 (3) 0.755 (0.0088) 1.315 (0.0144) 0.732 (0.0077) 1.263 (0.0134) 0.883 (0.0093) 1.563 (0.0165) 4.164 (0.0440) 16.045 (0.1703)
Overall 0.755 (0.0101) 1.313 (0.0177) 0.731 (0.088) 1.261 (0.0153) 0.882 (0.0108) 1.558 (0.0198) 4.138 (0.0736) 15.901 (0.2618)

∗ U(m/s) ∈ [-18.7, 55.3], V (m/s)∈ [-38.4, 37.7], W (m/s)∈ [-22.2, 52.1]

while generating the low-resolution input utilising the first sampling strategy, on the
output accuracy of the super-resolution model. It can be observed that increasing
the number of UAVs results in a marginal improved super-resolution accuracy. While
this is not a surprising outcome, it should be highlighted that the difference between
the estimated MAE values remained within 4% for velocity components and 10% for
temperature, while the number of UAVs changed from 25 to 100, a 4x increase. It is
however a very important conclusion as the model is capable of estimating a 416 by 416
pixel domain while receiving only a sum of 25 data as input, which can be accounted
as a ≈83x super-resolution of the wind field.

The final examination investigates how training models with various low-resolution
versions of a single high-resolution flow field affect model performance. Hence, three
different models were trained utilising varying numbers of low-resolution input samples,
ranging from 2 to 5, for each high-resolution wind field as presented in Table 8.3. The
models are trained to treat each low-resolution and high-resolution pair as a distinct
input pair. For example, the training time for a model with 5 input samples is five
times that of a model with a single input sample. Consequently, it could be concluded
that while increasing the number of low-resolution inputs slightly increases model per-
formance and generalizability, it also increases the model training time linearly. This
hence would make it impractical to account for a high number of inputs while training
the primary model on the whole dataset.
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Model performance and epistemic uncertainty

The main model, as previously mentioned, is trained to ensure accurate super-resolution
estimations regardless of the sampling strategy or UAV number and distribution.
Hence, the training dataset consists of low-resolution and high-resolution pairs ex-
tracted using all three strategies and varying UAV numbers. Consequently, by utilising
three samples per UAV number for the second and third strategies, the training dataset
includes 18×17325 input-output pairs of data, leaving the case with the third sampling
strategy and n=49 out for testing the model. Besides, since the first strategy assumes
UAVs are hovering at fixed locations, only a single sample is extracted for the scenario
per UAV number. Finally, it is important to note that this model was trained for only
100 epochs due to the substantial computational time required and the observed lack
of improvement after 40 epochs.

The model accuracy is evaluated utilising the average MAE, and RMSE of the
model while the uncertainty of estimations is quantified utilising Std of accuracy met-
rics. For each testing subset, the model undergoes 15 inference cycles with randomly
sampled low-resolution inputs to accompany each sample. Table 8.4 presents the aver-
age performance evaluation metrics of the SR model, along with the standard deviation
of these metrics, evaluated against the testing sets of the low-resolution datasets used
to train the model. It should be highlighted that since this section solely focuses on
the model uncertainty, all inference cycles are performed on a fixed testing set for each
scenario so that the data uncertainty does not affect the evaluations.

Overall, the model achieved an MAE and RMSE equal to 0.755, 1.313 (m/s) for the
U component of velocity which ranges from -18.7 to 55.3 m/s. For the V component,
which ranges from -38 to 37 m/s the MAE and RMSE were 0.731 and 1.261. The
MAE and RMSE for the W component that ranges from -22.2 to 52.1 are equal to
0.882, and 1.558, while for temperature (T), they were 4.138 and 15.901. Generally, it
could be concluded that the model presents acceptable accuracy based on a comparison
of MAE and RMSE with the value ranges. Furthermore, the standard deviation of all
metrics are bound within a range of 1.5% of the metrics, indicating a low uncertainty
of model estimations within the training range of data.

In terms of the impact of the sampling strategy on the model output accuracy,
while the first sampling strategy demonstrated a slightly lower MAE and RMSE, the
differences between the three strategies were minimal and hence negligible, suggesting
a proper model generalisation. In addition, increasing the number of UAVs from 25 to
100 also proved to have a negligible effect on the model output accuracy. In terms of
the estimation uncertainty, however, it could be concluded that although indicating a
marginally higher MAE and RMSE, the model exhibits a lower epistemic uncertainty
in its estimation while the low-resolution input is obtained through the third sampling
strategy. This outcome is however advantageous as the third strategy aims to replicate
and is the closest scenario to the actual distribution of the UAVs within the field. Figure
8.5 presents a graphical representation of the SR model target, mean predictions, and
error values while reconstructing the high-resolution wind and temperature field for
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a Reconstruction results for U (m/s) component of velocity

b Reconstruction results for V (m/s) component of velocity

c Reconstruction results for W (m/s) component of velocity

d Reconstruction results for temperature T °C

Figure 8.5: Results of the high-resolution wind and temperature field re-
construction for case 100(3) u10 = 4 m/s, Hg = 0.2 m and S = 0%,
depicting the high-resolution ground truth/target, mean prediction of the
model, the reconstruction error, and comparison of the reconstructed value
at the centre line of the field with model estimation and the model input.

the with case u10 = 4m/s, Hg=0.2 m, and horizontal terrain (S=0 %). The low-
resolution samples were generated from the scenario with 100 UAVs utilising the third
sampling strategy (100(3)). The figure is organised into columns presenting the ground
truth (first column), reconstructed field (second column), and the error values (third
column), for the stream-wise component of velocity (U) 8.5a, transverse component of
velocity (V) 8.5b, normal component of velocity (W) 8.5c, and the temperature field
(T)8.5d. It could be observed that while the model prediction is a smoothed version
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of the true field, the overall performance of the model is satisfactory, capturing the
general pattern of the wind field within the fire plume and surrounding area. The
last column compares the ground truth, input, and the model estimated values at the
centre line of the field. The model demonstrates accurate estimation of the upstream
wind field as well as significantly improved estimations compared to the interpolated
input values. Additionally, the narrow uncertainty bounds around estimations indicate
the model’s low uncertainty.

Table 8.5: Evaluation of performance metrics and uncertainty of the SR
model against unseen UAV numbers

N. UAVs (sampling strategy)
49 (3) 16 (3) 9 (3) 9 (2) 9 (1)

U

MAE 0.755 0.762 0.777 0.786 0.767
RMSE 1.314 1.327 1.347 1.359 1.333
PICP 0.107 0.123 0.142 0.144 0.134

PINAW (%) 0.485 0.568 0.688 0.719 0.661

V

MAE 0.732 0.733 0.734 0.734 0.733
RMSE 1.262 1.265 1.266 1.266 1.265
PICP 0.057 0.059 0.061 0.063 0.060

PINAW(%) 0.168 0.176 0.184 0.192 0.182

W

MAE 0.884 0.885 0.887 0.887 0.886
RMSE 1.564 1.569 1.572 1.571 1.570
PICP 0.058 0.060 0.063 0.065 0.064

PINAW(%) 0.250 0.257 0.269 0.283 0.265

T

MAE 4.168 4.207 4.247 4.261 4.222
RMSE 16.052 16.185 16.274 16.211 16.198
PICP 0.188 0.194 0.202 0.200 0.191

PINAW(%) 0.185 0.194 0.211 0.230 0.212

Effect of measurement uncertainties

Data measurement uncertainty typically stems from two sources: measurement devices
and the measurement points’ spatial distribution, which can result in infinitely different
sampling combinations —or low-resolution versions— of the same high-resolution field.
Wind measurements using UAV swarms are typically subject to different error sources,
leading to high levels of uncertainty. Additionally, the number of UAVs in real-world
scenarios may be significantly lower than those considered in our simulations. There-
fore, the robustness and performance of the trained model are further investigated
against the unseen number of UAVs, as well as various levels of noise in the measured
wind values. Contrary to the previous section where the model was inferenced multiple
times with a fixed dataset, in this section, each high-resolution wind field within the
test subset, is randomly sampled multiple times to generate several Low-resolution ver-
sions of the same high-resolution wind field, replicating the infinitely possible spatial
distribution of UAVs over the domain. These versions are then used to make multiple
estimations of the same high-resolution field, capturing the combined effect of model
uncertainty and data uncertainty. As a result, the inference time and complexity of
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experiments in this section are significantly higher than those of the previous section.
Table 8.5 presents the accuracy and uncertainty metrics of the model, while evalu-
ated against previously unseen combinations of the number of UAVs and sampling
strategies.

The first experiment quantifies the effect of decreasing the number of UAVs from
49 to 16 and subsequently to 9 while utilising third sampling strategies. Generally, it
is indicated that even though the model is not trained on data from the case with 49
UAVs and third sampling strategy 49(3), it provides equally accurate estimations as
those seen during the training phase, i.e. achieving an average MAE =0.755 and an
RMSE=1.314 for U component of velocity. Further reducing the number of UAVs from
49 to 9 leads to a slight increase of MAE from 0.755 to 0.777, which corresponds to
3% increase. However, this increase is relatively minor, suggesting that the model can
provide reliable estimations despite the low-resolution input field being significantly
altered by the reduced number of sampling points. The model uncertainty is how-
ever quantified in terms of Prediction Interval Coverage Probability (PICP), and the
Prediction Interval Normalized Average Width (PINAW) parameters. This is mainly
due to the minimal variations of the MAE and RMSE standard deviations across dif-
ferent cases, making it difficult to identify trends based on that alone. As previously
mentioned, a higher PICP indicates more target values are covered by the predicted
prediction intervals (PIs), however, this does not necessarily imply a better model.
Considering the accuracy and uncertainty metrics presented in Table 8.5, it can be
observed that the PICP for the U component of velocity increases by decreasing the
number of UAVs from case 49(3) to 9(3). Simultaneously, the averaged width of predic-
tion intervals (PINAW) increased from 0.485% to 0.688%, equivalent to 42% increase,
as the number of UAVs decreased from 49 to 9, suggesting that the higher PICP in
cases with smaller UAV numbers primarily corresponds to the increased width of PIs,
reflecting higher uncertainty of the model predictions along with the slightly reduced
average accuracy of the model. This is however more pronounced in the U and T pa-
rameters, where the variations in PICP and PINAW are more significant. In contrast,
it is less pronounced in the V and W parameters, as indicated by the smaller variations
in their corresponding PICP and PINAW values. Comparing the PICP and PINAW
metrics in cases with 9 UAVs and different sampling strategies, it could be observed
that the average accuracy and uncertainty measures of the model for all cases are rel-
atively similar with negligible variations of up to 3% for MAE and 0.002 and 0.01 in
PICP and PINAW.

The second experiment revolves around quantifying the effect of measurement noise
and uncertainty on the model’s output accuracy and reliability. The model perfor-
mance is hence evaluated using low-resolution inputs subjected to varying levels of
measurement noise, replicating the uncertainties and errors that are likely to happen
in real-world scenarios and environments. Similar to the previous experiment, multiple
randomly sampled low-resolution versions of every high-resolution instant are gener-
ated. In this case, sampled data are subjected to random Gaussian noise and are then
used to generate the low-resolution input file. This approach mimics the infinitely
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Table 8.6: Evaluation of performance metrics and uncertainty of the SR
model against different measurement noise

N. UAVs (sampling strategy)
9(2) 25(3) 49(3)

noise level no noise 10% 30% 50% 50% no noise 10% 30% 50%

U

MAE 0.786 0.936 1.513 2.038 1.736 0.755 0.790 1.143 1.579
RMSE 1.359 1.530 2.138 2.730 2.369 1.314 1.358 1.743 2.190
PICP 0.144 0.259 0.494 0.512 0.451 0.107 0.168 0.394 0.430

PINAW(%) 0.719 1.462 3.765 5.121 4.006 0.485 0.865 2.533 3.516

V

MAE 0.734 0.736 0.750 0.766 0.757 0.732 0.733 0.738 0.750
RMSE 1.266 1.270 1.293 1.321 1.304 1.262 1.264 1.273 1.280
PICP 0.063 0.073 0.110 0.132 0.112 0.057 0.062 0.088 0.103

PINAW(%) 0.192 0.228 0.363 0.456 0.378 0.168 0.187 0.271 0.336

W

MAE 0.887 0.890 0.911 0.935 0.921 0.884 0.884 0.894 0.912
RMSE 1.571 1.579 1.628 1.676 1.650 1.564 1.566 1.588 1.628
PICP 0.065 0.075 0.111 0.134 0.115 0.058 0.064 0.091 0.107

PINAW(%) 0.283 0.335 0.524 0.656 0.553 0.251 0.278 0.404 0.501

T

MAE 4.261 4.501 5.263 5.937 5.523 4.168 4.233 4.714 5.292
RMSE 16.211 16.381 17.016 17.624 17.274 16.052 16.094 16.418 16.913
PICP 0.200 0.266 0.431 0.440 0.376 0.188 0.207 0.356 0.351

PINAW(%) 0.230 0.327 0.621 0.818 0.666 0.185 0.242 0.444 0.595

possible spatial distributions of UAVs, as well as the potential errors of mounted sen-
sors. The input Gaussian noise (N) is defined as a function of the input data standard
deviation for each velocity component and each input batch which results in the noisy
input data in the form of UNoisy = N ×U +U . The obtained accuracy metrics for the
test dataset with the prescribed noise levels including 10%, 30% and 50% are presented
in Table 8.6.

Three different combinations of UAV number and sampling strategy are considered.
The obtained results indicate that generally, increasing the measurement noise level
decreases the model’s output accuracy, and increases its uncertainty. For instance,
in the case with 9 UAVs using third sampling strategy 9(3), introducing only 10%
measurement noise has resulted in approximately 19% increase in MAE, and 12%
in MSE corresponding to the U component of velocity, and 6% and 1% for the
corresponding metrics concerning the the temperature. However, for V and W, changes
are mainly limited to 1%. In addition, the model uncertainty is also increased as
indicated through increased normalised average width of PI (PINAW) values, from
0.719% to 1.462% for the U, from 0.192 to 0.228% for the V, from 0.283 to 0.335% for
W, and from 0.230 to 0.327% for temperature (T).

Concerning the impact of varying numbers of UAVs, it could be concluded that
typically increasing the number of UAVs improves the model accuracy and reduces
the model uncertainty under all input noise conditions. However, this effect is more
pronounced when input noise levels are higher. For example, increasing the number of
UAVs from 9 to 25 under 50% measurement noise conditions leads to a reduction of
the MAE and PINAW values from 2.038 to 1.736 and from 5.121 to 4.006, representing
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a Measurement noise= 0%

b Measurement noise= 10%

c Measurement noise= 30%

d Measurement noise= 50%

Figure 8.6: Results of the high-altitude reconstruction of the U-component
for case 49(3), u10 = 4 m/s, Hg = 0.2 m and S = 0% under different
measurement noise levels, depicting the high-resolution ground truth/target,
mean prediction of the model, the reconstruction error, and comparison of
the reconstructed value at the centre line of the field with model estimation
and the model input.

a 15% reduction in MAE and 22% reduction in PINAW values, respectively.
Figure 8.6 presents a graphical representation of the super-resolution reconstruction

of the U component of velocity with 49 UAVs and utilising the third sampling strategy,
under different measurement noise levels. The environmental conditions of this instant
include u10 = 4m/s, Hg=0.2 m, and horizontal terrain (S=0 %). Generally, it could
be observed that the quality and accuracy of reconstruction reduce as the input noise
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increases. Increased width of PIs corresponding to the increased levels of input noise
are also evidently presented.

a Measurement noise= 0%

b Measurement noise= 10%

c Measurement noise= 30%

d Measurement noise= 50%

Figure 8.7: Results of the high-altitude reconstruction of the temperature
(T) for case 49(3), u10 = 4 m/s, Hg = 0.2 m and S = 0% under different
measurement noise levels, depicting the high-resolution ground truth/target,
mean prediction of the model, the reconstruction error, and comparison of
the reconstructed value at the centre line of the field with model estimation
and the model input.

Notably, by increasing the input noise level, the average estimations of the velocity
tend to overestimate the wind velocity at regions behind the fire plume, resulting in a
smoother and more uniform estimation of the wind field estimation under high levels of
noise. This, however, holds while u10 ⩽6 m/s. Nevertheless, for higher wind velocities,
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Table 8.7: performance evaluation metrics and uncertainty of the near-
surface wind estimations against different testing subsets

U (m/s) V (m/s) W (m/s)
UAV number (strategy) MAE (std) RMSE (std) MAE (std) RMSE (std) MAE (std) RMSE (std)
perfect data 0.744 1.202 0.627 1.071 0.545 1.004
25 (1) 0.862 1.337 0.679 1.142 0.552 1.011
49 (1) 0.859 1.335 0.677 1.14 0.551 1.01
100 (1) 0.857 1.331 0.676 1.138 0.551 1.01
25 (2) 0.867 1.345 0.679 1.142 0.552 1.01
49 (2) 0.862 1.337 0.678 1.141 0.552 1.01
100 (2) 0.859 1.334 0.677 1.139 0.551 1.01
25 (3) 0.867 1.344 0.68 1.144 0.552 1.011
100 (3) 0.864 1.341 0.679 1.142 0.551 1.01
Overall 0.849 (0.040) 1.323 (0.046) 0.672 (0.017) 1.022 (0.023) 0.551 (0.002) 1.010 (0.002)

∗ U(m/s) ∈ [-26.1, 41.3], V (m/s)∈ [-33.1, 27.35], W (m/s)∈ [-25.6, 29.95]

increasing the input noise leads to an underestimation of the wind velocity, suggesting
that the model outputs begin to converge to a mean flow field. For the temperature
field (Figure 8.7), the model consistently underpredicts temperature values within the
plume across varying noise levels. However, it indicates a similar trend to the velocity
components for temperature values ahead of the fire plume, with the difference in
predictions being small and mainly limited to 0.5 degrees.

8.2.5 Near surface wind field estimation

This section presents the accuracy metrics and uncertainty measures obtained from
models trained to estimate the near-surface wind field. As previously described, the
purpose of this section is to train a model such that it estimates the near-surface
wind field velocity components Isurf = (u2, v2, w2) ∈ R416×416×3 from a concatenation of
reconstructed high altitude wind field -from previous section- and the high-resolution
data corresponding to the surface temperature, vegetation height and type, and terrain
slope C = concat(Isr, Iterrain) ∈ R416×416×8. Similar to the previous section, the effect
of embedding the attention mechanism in the model on the estimation accuracy is
studied.

Model performance and epistemic uncertainty

The obtained results indicate that the fully convolutional model was able to provide
accurate estimations of the wind velocity with MAE=0.785 and RMSE =1.255 for U,
MAE=0.656 and RMSE =1.123 for V, and MAE=0.555 and RMSE =1.021 forW com-
ponent of velocity, which are however up to 5.5% higher than corresponding values of
the attention-based model presented in Table 8.7. It is also worth mentioning that the
results generated by the fully convolutional model provide a smoother representation
of the wind field compared to when the attention mechanism is utilized. Consequently,
the attention mechanism is embedded into the final model. Table 8.7 presents the
average performance evaluation metrics for the near-surface wind estimation model
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evaluated against the testing subsets of the reconstructed wind fields used to train the
model. Similar to the section 8.2.4, the model has undergone multiple inference cycles
for each testing subset with randomly sampled batches to accompany each sample.
Overall, the model achieved MAE and RMSE equal to 0.849 and 1.323 for the U, 0.672
and 1.142 for the V, and 0.551 and 1.01 for the W velocity component, respectively.
Furthermore, the standard deviation of all metrics is bound in a range of 5% of the
metrics, indicating relatively high confidence in model estimations and low epistemic
uncertainty.

a Estimation results for U (m/s) component of velocity

b Estimation results for V (m/s) component of velocity

c Estimation results for W (m/s) component of velocity

Figure 8.8: The near-surface velocity components (U, V, W) for case
49(3), u10 = 4 m/s, Hg = 0.2 m and S = 0%, showing the high-resolution
ground truth/target, the model’s mean prediction, the reconstruction error,
and a comparison of the estimated value along the centerline of the field
with the ground truth (CFD)

Even though the third sampling strategy shows a slightly higher MAE and RMSE
compared to the other strategies, the impact of the high-altitude wind sampling strat-
egy proved to be negligible as indicated by the minor variation in MAE and RMSE
metrics across different scenarios. Changing the number of UAVs from 25 to 100 on the
near-surface wind field estimation accuracy described a negligible effect of less than 1%
on the average accuracy of the model across different scenarios as presented in Table
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Table 8.8: Evaluation of performance metrics and uncertainty of the near-
surface wind estimations against unseen UAV numbers

N. UAVs ( sampling strategy)
49 (3) 16 (3) 9 (3) 9 (2) 9 (1)

U (m/s)

MAE 0.861 0.873 0.880 0.884 0.873
RMSE 1.337 1.352 1.362 1.367 1.353
PICP 0.0597 0.0653 0.0708 0.0725 0.0689

PINAW (%) 0.6410 0.7210 0.7960 0.8270 0.783

V (m/s)

MAE 0.679 0.681 0.685 0.683 0.682
RMSE 1.142 1.146 1.151 1.149 1.146
PICP 0.075 0.078 0.080 0.081 0.07920

PINAW (%) 0.449 0.472 0.489 0.502 0.48300

W(m/s)

MAE 0.552 0.552 0.553 0.552 0.552
RMSE 1.011 1.011 1.012 1.011 1.011
PICP 0.047 0.048 0.049 0.049 0.049

PINAW (%) 0.2710 0.2770 0.2830 0.2860 0.2830

8.7, thus it could be considered negligible. Figure 8.8 shows the estimated velocity
components (second column), ground truth (first column), error values (yi − y

′
i, third

column), and a comparison of the estimated and ground truth values along the cen-
terline of the field (fourth column) for the case of u10 = 4,m/s, Hg = 0.2,m, and flat
terrain (S = 0%) at a specific time instance. The near-surface wind is estimated utiliz-
ing the reconstructed high-altitude wind field from the scenario with 49 UAVs utilising
the third sampling strategy (49(3)). Overall, the model demonstrates a satisfactory
performance while estimating the near-surface wind fields based the corresponding re-
constructed instantaneous wind field at 40m AGL as depicted in Figure 8.8a, 8.8b, and
8.8c for U, V, and W component of velocity. Testing the model across various wind
conditions and terrain slopes shows that it has successfully learned an accurate map-
ping between input and output values. The visualization of the errors indicates that
the majority of the inaccuracies stem from the stochastic and instantaneous nature of
the wind field, which complicates the estimation of its oscillatory behaviour. Overall,
it can be concluded that the general trend is captured and estimated with satisfactory
accuracy.

The results for the estimation of the U component of velocity -as depicted in Figures
8.8a, 8.12a, and 8.15a- indicate that the model accurately captures the span and for-
mation of the fire-induced wind field, including the accelerated wind above the flaming
front and the downstream vortex zone. The estimations of the V-velocity component
-as depicted in 8.8b, 8.13a, and 8.16a- show that the model estimates the maximum
and minimum values fairly well, particularly within the downwind turbulent structure
of the fire-induced wind. However, the W component of velocity is highly oscillatory
-as depicted in 8.8c, 8.14a, and 8.17a-, leading to higher estimation error values in cer-
tain areas, specifically within the downstream vortex zone. It is important to note that
the W component is inherently the most oscillatory, making it the most challenging
to estimate. However, it should be noted that in certain areas—particularly near the
flaming front, where maximum velocity values occur—the estimates are less accurate
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and can be underestimated up to 24% for the U component of velocity and up to 60%
for the W component. This is however not surprising as the model is trained to esti-
mate the average and large-scale behaviour of the flow rather than the oscillatory and
vortical structure of the wind field at small scales from sparse measurements carried
out at the UAVs’ flying altitude.

a Measurement noise= 0%

b Measurement noise= 10%

c Measurement noise= 30%

d Measurement noise= 50%

Figure 8.9: The near-surface U-component of velocity for case 49(3),
u10 = 4 m/s, Hg = 0.2 m and S = 0%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)
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Table 8.9: Evaluation of performance metrics and uncertainty of the near-
surface wind estimations against different measurement noise

N. UAVs ( sampling strategy)
9(2) 25(3) 49(3)

Noise level 0 % 10% 30% 50% 0 % 50% 0 % 10% 30% 50%

U (m/s)

MAE 0.884 0.965 1.123 1.490 0.867 1.358 0.861 0.893 1.057 1.267
RMSE 1.367 1.460 1.742 2.073 1.344 1.875 1.337 1.374 1.544 1.766
PICP 0.073 0.107 0.187 0.205 0.063 0.179 0.060 0.074 0.148 0.166

PINAW (%) 0.827 1.283 2.642 3.479 0.687 2.734 0.641 0.837 1.798 2.384

V (m/s)

MAE 0.683 0.690 0.710 0.761 0.68 0.748 0.679 0.681 0.702 0.735
RMSE 1.149 1.157 1.197 1.255 1.144 1.235 1.142 1.145 1.171 1.213
PICP 0.081 0.096 0.137 0.156 0.0768 0.139 0.075 0.081 0.114 0.130

PINAW (%) 0.5020 0.585 0.862 1.026 0.461 0.901 0.4490 0.488 0.693 0.831

W(m/s)

MAE 0.552 0.554 0.558 0.565 0.552 0.563 0.552 0.552 0.556 0.561
RMSE 1.011 1.012 1.016 1.022 1.011 1.019 1.011 1.011 1.014 1.017
PICP 0.049 0.057 0.078 0.088 0.0475 0.078 0.047 0.050 0.066 0.073

PINAW (%) 0.286 0.316 0.401 0.451 0.275 0.414 0.271 0.286 0.351 0.392

Effect of measurement uncertainty

This section examines the effect of data measurement uncertainties including the spatial
distribution of sampling points and the measurement device errors, on model perfor-
mance and estimation reliability. As discussed in Section 8.2.4, multiple low-resolution
versions were generated for each high-resolution wind field at flying altitude, which were
then used to reconstruct the high-altitude wind field and conduct uncertainty analysis.
These reconstructed high-altitude wind fields are subsequently utilized in this section
to generate multiple representations of the near-surface wind field, providing both av-
erage estimations and uncertainty measures. Consequently, the uncertainty propagates
throughout the entire process, as the uncertain estimations of the first model are used
to generate uncertain near-surface wind field estimations in the second model, thereby
accounting for the total uncertainty of the approach. Table 8.8 presents the accuracy
metrics and uncertainty measures of the model, against unseen combinations of the
number of UAVs and sampling strategies. The results indicate that the model is gen-
erally robust to changes in the number of sampling points or UAVs. Reducing the
number of UAVs from 49 to 9 led to a slight increase in the MAE, corresponding to
an approximate rise of 2.5% from 0.86 to 0.88 for the U component of velocity. The
RMSE metric also shows a similar trend, with a slight increase, while the uncertainty
metric, PINAW, grows from 0.6410 to 0.7960 as UAV numbers decrease, indicating a
slightly wider range of uncertainty. However, the model indicates consistency in terms
of accuracy metrics and uncertainty measures for the V and W components of velocity,
regardless of the number of UAVs. As a result, it can be concluded that the model
maintains high accuracy across various UAV configurations with a slight increase in
uncertainty as the number of UAVs decreases.

Table 8.9 presents the evaluation of the near-surface estimations of the second model
under different levels of measurement noise. The uncertainty caused by measurement
noise propagates throughout the entire process, as multiple noisy low-resolution mea-
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a Measurement noise= 0%

b Measurement noise= 50%

Figure 8.10: The near-surface V-component of velocity for case 49(3),
u10 = 4 m/s, Hg = 0.2 m and S = 0%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)

a Measurement noise= 0%

b Measurement noise= 50%

Figure 8.11: The near-surface W-component of velocity for case 49(3),
u10 = 4 m/s, Hg = 0.2 m and S = 0%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)



CHAPTER 8. IMPROVING WILDFIRE PROPAGATION PREDICTION ... 170

surements are utilised to generate several versions of high-altitude wind fields. These
in turn are subsequently used to generate multiple representations of the near-surface
wind field, providing both average estimations and uncertainty measures. As expected,
increased measurement noise leads to reduced estimation accuracy and higher uncer-
tainty especially for smaller numbers of UAVs. For example, increasing the input noise
to 50% leads to a rise in MAE from 0.884 to 1.49 for case 9(2), corresponding to 69%
increase, which demonstrates a clear sensitivity to input noise. As noise increases,
RMSE values also rise significantly, indicating larger discrepancies between predicted
and true values. Both PICP and PINAW measures increase by increasing the input
noise, particularly for case 9(2) where PICP for U increases from 0.073 to 0.205 ( 180%)
and PINAW rises from 0.827 to 3.479 (320%). Considering the effect of UAV numbers,
it could be concluded that increasing the number of UAVs, enhances the model robust-
ness against input noise, as evident from the lower MAE, RMSE, PICP, and PINAW
values for case 49(3) compared to 25(3) and 9(2). Regarding the V and W components
of velocity, it could be highlighted that while uncertainty generally increases with noise
-for example, PINAW values change from 0.502 to 1.026 for V and from 0.286 to 0.316
for W in case 9(2)-, this increase is less dramatic compared to the U component. This
is however partly due to the fact that, despite their broad range, a significant portion
of the V and especially W component values are near or equal to zero. When the
model predicts these small values, the uncertainty has little impact on the estimations,
resulting in lower average uncertainty metrics. Even as the uncertainty increases in
regions with non-zero values, the overall average remains small because many of the
predicted values are small or close to zero.

Figure 8.9 presents the estimated U component of the near-surface wind field for
case 49(3), u10 = 4 m/s, Hg = 0.2 m and S = 0%, under different measurement
noise levels. Other examples of wind field estimations are also presented in Figure
8.12 and 8.15 for the U component, Figure 8.10, 8.13, and 8.16 for the V component,
and Figure 8.11, 8.14, and 8.17 for the W component of velocity. It can generally be
observed that although the model produces a satisfactorily smoothed version of the
wind field, the quality and accuracy of the estimations decline as input noise increases.
This is reflected in the widening of prediction intervals (PIs), which corresponds to the
higher levels of input noise. The increased uncertainty in the predictions highlights the
sensitivity of the model to noisy input data, leading to less precise estimations under
higher noise conditions.

8.3 Enhancing Wildfire Model Predictions

The proposed system for wind field downscaling is presented in the previous section.
However, the ultimate goal of developing such a system is to aid in improving the
accuracy of wildfire propagation estimations. Consequently, this section addresses this
purpose by studying how such a system could be used to improve wildfire propagations
of de-coupled models and how it impacts the outputs.
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a Measurement noise= 0%

b Measurement noise= 50%

Figure 8.12: The near-surface U-component of velocity for case 49(3),
u10 = 12 m/s, Hg = 0.5 m and S = +20%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)

a Measurement noise= 0%

b Measurement noise= 50%

Figure 8.13: The near-surface V-component of velocity for case 49(3),
u10 = 12 m/s, Hg = 0.5 m and S = +20%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)
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a Measurement noise= 0%

b Measurement noise= 50%

Figure 8.14: The near-surface W-component of velocity for case 49(3),
u10 = 12 m/s, Hg = 0.5 m and S = +20%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)

a Measurement noise= 0%

b Measurement noise= 50%

Figure 8.15: The near-surface U-component of velocity for case 49(3),
u10 = 12 m/s, Hg = 1 m and S = −20%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)
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a Measurement noise= 0%

b Measurement noise= 50%

Figure 8.16: The near-surface V-component of velocity for case 49(3),
u10 = 12 m/s, Hg = 1 m and S = −20%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)

a Measurement noise= 0%

b Measurement noise= 50%

Figure 8.17: The near-surface W-component of velocity for case 49(3),
u10 = 12 m/s, Hg = 1 m and S = −20%, under different measurement
noise levels, showing the high-resolution ground truth/target, the model’s
mean prediction, the reconstruction error, and a comparison of the esti-
mated value along the centerline of the field with the ground truth (CFD)
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Table 8.10: Wind field inputs/updates during a 120 s simulation of wild-
fire propagation for different values of the time increment ∆t.

No. Wind ∆t (s) Wind Input Times (s)
Inputs

1 120 0
4 30 0, 30, 60, 90
6 20 0, 20, 40, 60, 80, 100
12 10 0, 10, 20, 30, 40, 50, ..., 100, 110
24 5 0, 5, 10, 15, 20, ..., 110, 115

8.3.1 Effect of wind field update time

In this section, a series of 3D grassland fire propagation simulations are performed
using FDS-LPM and FDS-BFM, with the resulting wind field extracted at different
time steps and provided to FireProM-F as if it were the output of the wind field down-
scaling module in Figure 8.1. The effect of feeding the decoupled wildfire propagation
model with the wind field is studied for a range of time intervals between consecutive
”measurement” updates (∆t).

Figure 8.18: Simulated wildfire propagation at three points in time for the
CSIRO C064 experiment using FDS-LPM (top) and FDS-BFM (bottom)
models and 0.5× 0.5× 0.5 m3 cells.

In order to investigate the effect of the time increment between wind measure-
ments, the CSIRO C064 experiment is simulated with FireProM-F for 120 s and for
five different values of ∆t. The specific settings are provided in Table 8.10, whilst
the temperature distributions are shown in Figure 8.19 at three points in time: 27 s,
53 s, and 100 s after ignition. In the first case, there is a single wind field input at the
beginning of the simulation, which effectively means that the wind is frozen. The other
cases consider decreasing values of ∆t between measurements (and therefore between
wind field inputs into the wildfire model) in order to somewhat account for the fire-
induced wind without having to couple a computationally expensive wind model. For
example, there are four wind field inputs into FireProM-F during the 120 s simulation
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for ∆t = 30 s.
The results for a uniform, frozen wind field are shown in Figures 8.19 (a), (b) and

(c), providing a baseline against which to evaluate the effect of ∆t. It can be observed
that the fire front resulting from using a frozen wind field, thus disregarding the fire-
induced wind, has a pointy shape that differs from the shapes displayed both in the
field experiments and in the FDS-LPM simulations (see Figure 8.18). Conversely, the
proposed periodic update of the wind field constructed from measurements every ∆t
leads to more realistic shapes of the fire front. Comparing Figures 8.18 and 8.19 at
t = 27 s, it is clear that the shapes of the fire front are more similar to one another
for smaller values of ∆t (i.e. for higher frequencies of updates). For larger ∆t, the
fire front reaches the counter-rotating vortex pairs which form downstream before the
next update (not shown here), affecting the formation of the fire front and the pace
of its propagation. Therefore, reducing ∆t, consequently increasing the frequency
of wind field updates, may prevent or reduce the effect of this numerical (artificial)
phenomenon. Furthermore, a visual comparison of Figures 8.19 (g), (h) and (i) (∆t =
20 s), Figures 8.19 (j), (k) and (l) (∆t = 10 s), and Figures 8.19 (m), (n) and (o)
(∆t = 5 s) suggests that reducing ∆t results in slightly faster propagation of the fire
(i.e. higher RoS).

It is important to note that FireProM-F is deterministic. Therefore, the fire perime-
ter is symmetric for uniform wind and uniformly distributed fuel, as shown in Fig-
ures 8.19 (a), (b) and (c). The asymmetries in the remaining figures, in which the
wind field is updated during the simulation, are due to FDS relying on LES to model
turbulence, therefore introducing stochasticity. In fact, the fire perimeters predicted
by FDS-LPM and FDS-BFM in Figure 8.18 are also asymmetric. Recall that the wind
field modelled by FDS-LPM is taken here as ground truth to represent actual measure-
ments, and are then provided to FireProM-F to enhance its predictions. Furthermore,
a wind field extracted from the simulations corresponds to a specific point in time,
which means that it is not time-averaged and is therefore affected by the oscillations
of the dynamic combustion phase. This also contributes, albeit to a lesser extent, to
the asymmetries observed in the simulated fire perimeters.

Figure 8.20 shows the simulated fire perimeter corresponding to the CSIRO C064
experiment at three points in time predicted by FireProM-F enhanced by wind field
inputs derived from wind measurements every ∆t = 5 s (red dotted lines). These
predictions are in agreement with actual field measurements shown in the figure by
black markers.

Figure 8.21 shows the burned area at three points in time after ignition: experi-
mentally measured; predicted by FDS-LPM (coupled); predicted by FireProM-F (de-
coupled) with frozen and uniform wind; and predicted by FireProM-F (decoupled)
enhanced by wind field inputs derived from wind measurements with different values
of ∆t. As can be observed, the burned area simulated by FDS-LPM is larger than
the one experimentally measured. One source of this significant discrepancy is that
atmospheric wind (i.e. disregarding fire-induced wind) velocities are variable both
in intensity and direction during field experiments, whereas they are constant during
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Figure 8.19: Temperature profile at three points in time from a 120 s
simulation of the CSIRO C064 experiment by FireProM-F (decoupled) en-
hanced by wind fields inputs derived from wind measurements with update
intervals (∆t) as in Table 8.10. For the first 2 time steps, simulation re-
sults of FDS and experimental data from CSIRO are also included for visual
comparison. Note that ”X DW” stands for ”X dynamic wind field inputs
during the simulation”.
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Figure 8.20: Three time instances of the CSIRO C064 experiment, where
actual measurements are shown by black markers whilst the fire perimeter
predicted by FireProM-F enhanced by wind field inputs derived from wind
measurements every ∆t = 5 s are shown by red dotted lines.

simulations. It can also be observed that the burned area predicted by the enhanced
FireProM-F is closer to the one predicted by FDS-LPM than it is to the one exper-
imentally measured. This makes sense since the wind fields provided to FireProM-F
were extracted from FDS-LPM simulations. In fact, the smaller the ∆t the better the
agreement between them. In contrast, the burned area predicted by the decoupled
Fire-ProM-F is closer to the one experimentally measured.

With regards to the computational effort, it is worth mentioning that simulating
wildfire propagation within a 100× 100 m2 area discretised into 10,000 2D cells is per-
formed up to 3.33 times faster than real time. That is to say that 1 min of wildfire
propagation is simulated in 18 s on a single-core CPU. This may be reduced by or-
ders of magnitude if implemented on parallel processing frameworks, which makes this
approach especially suitable for operational settings.

8.3.2 Effect of wind measurement uncertainty

Wind speed measurement errors have been reported to be in the range of 20–50% when
mounted on quadrotors (Donnell et al., 2018). In order to perform a preliminary study
of the effect of these measurement uncertainties on the simulated wildfire propagation,
two scenarios are considered: (i) 30% and (ii) 50% Gaussian noise added to the ”mea-
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Figure 8.21: Burned area of CSIRO C064 experiment at three time in-
stances after ignition: experimentally measured, predicted by FDS-LPM
(coupled), predicted by FireProM-F (decoupled) with frozen wind, and pre-
dicted by FireProM-F (decoupled) enhanced by wind field inputs derived
from wind measurements with different update intervals (∆t). Note that
”X DW” stands for ”X dynamic wind field inputs during the simulation”,
whilst the percentage refers to Gaussian noise.

surements”. In other words, noise is sampled from a normal distribution with standard
deviation equal to 30% and 50% of the wind velocity, respectively. Figures 8.22 and
8.23 show the temperature distribution at three points in time after ignition returned
by FireProM-F simulating the CSIRO C064 experiment with noisy wind field inputs
every 30 s and 10 s, respectively. As can be observed, the general shape of the burned
area remains despite the noise, with the fire front displaying a more defined shape
and faster propagation (higher RoS) for lower levels of noise (see also Figure 8.19).
This is in agreement with the burned area decreasing when 50% noise is added to the
”measurements” in Figure 8.21.



Figure 8.22: Temperature profile at three points in time from a 120 s
simulation of the CSIRO C064 experiment by FireProM-F (decoupled) en-
hanced by wind fields inputs with 30 % (top) and 50 % (bottom) Gaussian
noise with update interval ∆t = 30 s. Note that ”X DW” stands for ”X
dynamic wind field inputs during the simulation”.
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Figure 8.23: Temperature profile at three points in time from a 120 s
simulation of the CSIRO C064 experiment by FireProM-F (decoupled) en-
hanced by wind fields inputs with 30 % (top) and 50 % (bottom) Gaussian
noise with update interval ∆t = 10 s. Note that ”X DW” stands for ”X
dynamic wind field inputs during the simulation”.



Chapter 9

Conclusions and Future Work

9.1 Conclusions

This research is mainly motivated by the importance of the need for providing reliable
faster-than-real-time wildfire propagation predictions and better integration of UAVs
into the existing wildfire emergency response systems which can benefit firefighters and
decision-makers during wildfire fighting operations. Two types of models are mainly
available for estimating the wildfire propagation considering the level of interaction
between the fire front and the surrounding atmosphere namely (i) coupled, and (ii)
decoupled models. However, coupled models are highly computationally demanding
to solve a large set of underlying physics and can not be utilized in real-time wildfire
fighting scenarios. On the other hand, decoupled models provide fast estimations but
this comes at the cost of low accuracy and high uncertainty. Recognizing the potential
for addressing this gap, this research proposed and developed a solution based on
combining the power of computational fluid dynamics, deep learning, and UAV swarm-
based wind measurements, aiming to reduce the risk of uncontrolled fire spread and
support real-time decision-making in emergency settings.

In this thesis, firstly the current status of UAV utilization in wildfire emergency
response was explored. A conceptual framework was then developed highlighting the
requirements and approaches for successful UAV integration into the wildfire emer-
gency response system, aiming to maximize the benefits of UAV utilization in wild-
fire emergency response operations. However, the main focus of the research was on
designing and developing a framework for improving the accuracy of faster-than-real-
time estimations provided by decoupled models. The developed framework includes
a two-step procedure for estimating the high-resolution near-surface wind field from
sparsely sensed wind velocity and temperature components at the UAV swarm flight
altitude. The first step includes a model that creates a high-resolution representation
of the wind and temperature field at flight altitude. The outputs from this model are
then used as inputs to the second model to estimate the high-resolution wind field
close to the terrain surface. The estimated wind field can be used as input to the de-
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coupled wildfire propagation estimation models. The model’s epistemic and aleatoric
uncertainty are investigated by utilising probabilistic performance evaluation metrics
including the standard deviation (Std), the Prediction Interval Coverage Probability
(PICP), and the Prediction Interval Normalized Average Width (PINAW). The mod-
els’ performance were tested under various numbers of measurement points–or number
of UAVs in the swarm–, and inputs with high levels of measurement noise–up to 50%
–to mimic the effect of swarm size and measurement uncertainties on the wind field
predictions. The developed model proved to be capable of providing fast and fairly
accurate estimations of the three-dimensional velocity components of the near-surface
wind at 2m AGL from the measured wind field at 40m AGL, even under noisy con-
ditions. A pilot test was designed and carried out to indicate the effectiveness of the
proposed method to enhance decoupled wildfire propagation model predictions with
the FireProM-F as the decoupled model. Results of the estimated fire perimeter and
shape demonstrate that the enhanced FireProM-F makes more accurate predictions
than the plain version.

Considering the importance of available fuel and vegetation structure on the wildfire
propagation dynamics and its importance in estimating fire behaviour, a significant
number of field scale simulations were carried out and combined with experimental
data from the literature to provide a comprehensive understanding of fire behaviour
in grassland fires under different vegetation heights, bulk densities, terrain slopes, and
wind conditions. Obtained results indicated that a viable strategy to confine the fire
propagation in grasslands would be to mow the grasses.

Finally, an AI-driven methodology was proposed for the accurate classification of
vegetation cover type over a landscape from cartographic data. In essence, the proposed
methodology is based on state-of-the-art Machine Learning (ML) classifiers combined
with automated tuning of their hyperparameters and recursive feature elimination. The
performance of three boosting (AdaB, XGB, CatB), two bagging (RF, XT), and three
stacking ensemble models were investigated, with XGB outperforming the others. XGB
with nine features and tuned with Bayesian Optimisation on a subsampled balanced
dataset achieved the highest overall accuracy at 97.1% which was higher than previous
values reported in the literature.

9.2 Research Contributions

This thesis primarily contributes to developing an AI-driven framework to improve the
accuracy of decoupled wildfire simulation models, by leveraging comprehensive CFD
simulations, and AI models. It delivers four contributions to the field as follows:

1. Conceptual Design of UAV Swarm Systems for WER Operations:

This research utilizes a system engineering approach to conceptualize a compre-
hensive wildfire emergency response (WER) system, leveraging UAV swarms for
a variety of operational tasks such as fire detection and monitoring, supply de-
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livery, real-time fire and atmospheric measurement, and participating in wildfire
fighting operations. Besides, utilizing a multi-criteria decision-making procedure,
this study compares commercially available UAV frameworks against the criteria
that should be met and introduces the best readily available options to form a
preliminary swarm of UAVs.

2. Vegetation Cover Classification Using Machine Learning:

As part of the contributions, this research introduces a machine-learning clas-
sification framework to improve the accuracy of vegetation cover mapping from
cartographic data, utilizing state-of-the-art ML classifiers, automated fine-tuning
algorithms, and feature engineering. Developing an accurate classifier for vege-
tation type is pivotal to wildfire fuel characterization as the thermal properties
of the estimated vegetation type could be used as input to wildfire propagation
models–though not carried out in this research– to provide a realistic and more
accurate estimation.

3. Characterising the effect of vegetation characteristics on wildfire rate
of spread:

As part of contributions, this research establishes a detailed analysis of the ef-
fect of vegetation characteristics–including vegetation height and bulk density–
on wildfire rate of spread under different ambient wind velocities and terrain
slopes. The work highlights the importance of bulk density as an important fac-
tor along with vegetation height, suggesting practical approaches for grassland
fire management.

4. Enhancing Decoupled Wildfire Propagation Models Using Wind Mea-
surements taken by a Swarm of UAVs:

This research designs and develops a novel framework utilising advanced AI mod-
els to improve the accuracy of decoupled wildfire propagation estimation models,
by incorporating instantaneous sparse wind measurements collected by a UAV
swarm into the wildfire propagation model after undergoing the downscaling pro-
cess. This helps maintain the faster than real-time prediction speed while improv-
ing the accuracy of estimations. This methodological approach offers a practical,
model agnostic and scalable solution for improving the accuracy of faster-than-
real-time wildfire propagation models. A framework is developed that estimates
the high-resolution near-surface wind field from sparse UAV-based wind measure-
ments through a two-step process. First, spatial reconstruction of wind field from
sparse UAV-based wind measurements is achieved by developing a data-driven
super-resolution model, effectively reconstructing wind and temperature field at
the flying altitude as detailed in Section 8.2.4. As detailed in section 8.2.5, a
deep-learning-based model is developed and trained to provide high-resolution
estimations of the near-surface wind field, taking as input the fire line charac-
teristics and high-altitude wind patterns. Finally, as detailed in sections 8.2.4
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and 8.2.5, this research quantifies uncertainties in high-altitude wind field recon-
struction and near-surface wind estimation, to provide a quantitative basis for
the model’s estimation reliability.

9.3 Limitations

The presented work here presents an opening into the significant benefits of utilizing
and integrating autonomous UAV swarms into existing wildfire management systems.
It is highlighted that an accurate estimation of the wildfire behaviour over the fu-
ture hours and days would be one of the main requirements for a successful wildfire
management and fighting operation. Highlighting the limitations of currently available
operational models which are capable of providing faster than real-time simulations in-
cluding being disconnected from the atmosphere, leveraging the power of UAVs, AI and
CFD simulations, a novel framework is designed and developed to improve the accuracy
of wildfire propagation estimations by providing them with high-resolution wind fields
near the terrain surface. This wind field is estimated through an AI model, trained
to translate sparse UAV-based wind estimation into the high-resolution near-surface
wind field.

The developed model, however, is currently valid within a limited range of data.
The limitations could be summarised as follows:

1. only two different vegetation types

2. Wind speeds limited to the range of 4<u10<12 m/s

3. Terrain slopes limited to the range of -22.8°<S<+22.8°

4. Vegetation height limited to the range of 0.2< Hg <1 m

5. the domain-specific limitations including limitation to square terrain of 200×200
m2 area, with a uniform slope over the terrain

6. symmetric line fire

7. constant sampling height

9.4 Future Work

But the question here is ”How applicable is this method to a large-scale wildfire”?
The author suggests that this method could be generalised by a patching technique,
where the desired area or firefront is divided into a series of square patches, with the
wind field estimated independently for each patch. The fire could be treated as a
line fire within each patch, making the proposed framework potentially feasible for
larger wildfires. Nevertheless, the model in its current form has certain limitations
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that require further improvements. For instance, the assumption of a symmetric line
fire across all patches seems simplistic as fire fronts can vary significantly in shape
within each patch. Additionally, the model is trained with input wind directed along
the field length, necessitating that patches be aligned parallel to the ambient wind—an
alignment that would be challenging in real fires and complex terrains. Finally, the
model assumes that all data is collected at a constant height, directly parallel to the
terrain, which may be difficult to obtain in actual fire conditions.

Additionally, it should be emphasised that the frameworks developed in this re-
search, though not yet fully integrated, pave the road towards a fully deployable system
which offers significant advantages. For example, the AI-driven model for vegetation
classification is restricted to a specific geographic location and does not account for
the atmospheric conditions of the area. However, it is hypothesised that the gen-
eralizability of the classifier can be enhanced by some methods, including removing
region-specific features; emphasizing general features such as slope, hillshade indices,
and parameterised soil type; incorporating climatic variables such as temperature and
precipitation; and training on larger datasets covering different regions. Additionally,
it should be highlighted that even though the model can classify vegetation accurately,
it cannot be used directly as input to a wildfire estimation model as it should be first
categorized as a fuel and the thermophysical properties of each species should be de-
fined through appropriate laboratory experiments–steps that extend beyond the scope
of this thesis.

Furthermore, the system development is developed and tested on simulated data
both as input and targets. However, the adopted approach remains a reliable approach
considering the validations against experimental data and the obvious lack of real-world
data in the field. However, this inherently adds uncertainty to the model especially
when employed on an actual UAV operating under highly chaotic field conditions,
integrating highly uncertain UAV-based measurements.

These drawbacks, however, point to opportunities for further study to improve
the system and make it more flexible for use in real-world situations. With additional
development, the proposed technique has the potential to be useful for research projects
as well as fire management and suppression tactics.
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