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Abstract 

Wildfires affect vegetation dynamics, geomorphological processes, biogeochemical cycles, atmos-

pheric chemistry, and climate, posing a severe threat to human lives and activities interacting with 

the natural system. As both fire activity and wildland-urban interface exposure are expected to in-

crease under future climate projections, the improvement of our ability to promptly predict wildland 

fire behaviour, in terms of expected intensity and geographic patterns, has become a tangible need. 

The general purpose of this PhD research is to investigate on wildland surface fire behaviour simula-

tion models and to support disaster managers in optimizing decision making processes in wildfire 

risk management in a Mediterranean-type climate region, namely Sardinia, Italy. This project is in-

tended to pursue two major objectives: (i) develop and validate a predictive spatially distributed 

wildland surface fire behaviour simulation model intended for operational use; (ii) design and imple-

ment a geospatial decision support system to provide decision makers with appropriate strategies and 

tools for an integrated wildland fire risk management. 

Predicting wildland surface fire behaviour requires a deep understanding of the influence of environ-

mental parameters that act as drivers of the fire spread, including geomorphometrical variables, me-

teorological conditions, and fuel characteristics, on fire descriptors, such as the rate and direction of 

the maximum fire spread, the eccentricity of the ellipse approximating the fire shape, the intensity of 

the fire front, and the flame length. The Rothermel’s mathematical model for predicting surface fire 

spread in wildland fuels is currently the most extensively used method to estimate fire descriptors, 

especially for operational purposes. The application of the Rothermel’s model for simulating the be-

haviour of ongoing wildfires calls for the need of a technique for continuous monitoring of the spati-

otemporal variability of weather conditions and fuel characteristics, such as fuel height, loading, and 

moisture content, in the pre-fire environment. Firstly, freely available data sources and remote sensing 

products and datasets have been investigated to define a pre-processing methodology for the near 

real-time estimation of the drivers of fire spread. Secondly, the need for flexibility in handling the 

equations of the Rothermel’s and associated models, together with the necessity of integrating cor-

rections and updates, have led to an original implementation of a computer algorithm that evaluates 

the fire descriptors as defined by the extended Rothermel’s mathematical model. Then, a proxy model 

of this implementation has been developed using a machine learning ensemble method in order to 

analyse the interdependence of the drivers and to understand their relative importance in predicting 

fire descriptors. Furthermore, the proxy model for predicting fire spread across heterogeneous land-

scapes has been integrated into an agent-based simulation model developed to predict the surface fire 

behaviour and growth with the aim of providing fire management authorities with timely information 

on the expected progress of the fire front. Finally, the developed simulation model has been applied 

to and validated against historical wildfire events recorded in Sardinia, Italy, to evaluate its perfor-

mance in terms of predictive capacity. The effects of fire suppression activities have also been simu-

lated according to the availability of accurate information on timing and location of interventions that 

effectively extinguished the fire’s spread. 

As a whole, the developed wildland surface fire behaviour simulation model, together with the pre-

processing methodology, have resulted in a satisfying accuracy in terms of quantitative agreement 
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between modelled and observed patterns of fire growth. The adoption of the proxy model instead of 

its original implementation has guaranteed a significative reduction of the computing time in the face 

of a limited loss in accuracy at the scale of the analysis if compared with the original implementation 

of the Rothermel’s equations. Results of the validation suggest the model’s suitability for operational 

uses for predicting wildland surface fire behaviour. The predictive ability of the simulation model 

could reasonably benefit from the inclusion of some additional mathematical models simulating the 

potential evolution of the surface fire towards passive or active crown fires or spotting fires. Moreo-

ver, major improvements could be granted by implementing in the agent-based simulation model a 

wider range of fire suppression activities and techniques, ranging from ground to aerial interventions. 

The proposed predictive model could become a valid tool for the optimization of risk planning, pre-

vention, and management activities. Within the context of the PhD project, three modules of a geo-

spatial decision support system have been designed and implemented with the aim of improving the 

efficiency of risk management strategies and reducing expected impacts and potential damage. The 

first module is a dynamic workflow of actions and represents the core of the decision support system. 

This module aims to guide decision makers in carrying out the procedures of the intervention model 

compliant with the legislative framework. The workflow is then supported by a second module, a 

customised version of a geographic information system with dynamic forms designed to support users 

with limited expertise in geodatabase management. This module will incorporate a structured rela-

tional geodatabase storing (i) scenarios of wildfire events, produced by means of the developed pre-

dictive wildland surface fire behaviour simulation model, (ii) existing institutional wildfire suscepti-

bility, hazard, and risk maps, (iii) available resources and socioeconomic exposed values, and (iv) 

real-time data from field surveys. Finally, the decision support system will provide authorities and 

technicians with a third module composed by web applications for mobile field data collection and 

sharing. 

The PhD project strived to investigate principles and accepted theories on the complex dynamics of 

wildland surface fire behaviour and to shed light on the need for a better understanding of the differ-

ence between real and simulated fire behaviour in terms of the importance of the drivers of fire spread 

in predicting fire spread and growth. The project also tried proposing solutions integrating remote 

sensing and machine learning techniques with the aim of improving the applicability of near real-

time simulation models as well as the effectiveness of decision-making strategies. 
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Chapter 1 

Introduction 

Wildland fires are an ongoing and pervasive global phenomenon whose frequency and severity dy-

namically respond to interactions among climate regimes, weather conditions, fuels availability, and 

anthropic influence. Wildfires actively maintain diverse naturally fire-prone ecosystems, nevertheless 

they pose a growing threat to ecological and socioeconomic values, with detrimental impacts on hu-

man lives and activities, especially in the wildland-urban interface, where the urban and rural systems 

interact with the natural system. Besides, forest fires may assume a remarkable significance in land-

scape transfiguration with considerable implications for vegetation dynamics (Trabaud, 1994), at-

mospheric composition (Jaffe and Wigder, 2012; Y. Liu et al., 2014; van der Werf et al., 2017), and 

geomorphological processes by altering physico-chemical properties of soils and biogeochemical cy-

cles (Certini, 2005; Lainas et al., 2016; Parise and Cannon, 2012; Shakesby, 2011). 

Globally 400-500 million ha of the Earth's vegetation are estimated to have burnt annually between 

2002 and 2016 (Bowman et al., 2020; Giglio et al., 2018) and the concern over the potential impacts 

of future climate change on fire activity is intensifying the scientific interest in the complex interac-

tions between wildland fires and climate. Despite the intrinsic uncertainties associated with climate 

projections, researches at a global and local scale have already pointed out the pivotal influence of 

climate trends in exacerbating fire activity, in terms of either fire season length, fire density, and 

intensity (Dupuy et al., 2020; Flannigan et al., 2009, 2016; Forkel et al., 2019; Jolly et al., 2015; Jones 

et al., 2020; Y. Liu et al., 2010; Moritz et al., 2012; Pechony and Shindell, 2010; Turco et al., 2018; 

Williams and Abatzoglou, 2016). Mediterranean-type climate regions, i.e. the European Mediterra-

nean Basin, the Southwestern Australia, the West Coast of North America, the central Chile, and the 

Southwestern tip of South Africa, seem to be particularly prone to suffer for the above-mentioned 

increase in fire activity under future climate projections (Bowman et al., 2017). Additional uncertain-

ties stem from the incompleteness in the comprehension of the long-term shifts in the potential veg-

etation under future climate, especially in Mediterranean-type climate regions, where fuel dynamics 

have been indicated as the most relevant factor in driving fire activity (Costa et al., 2020; Dupuy et 

al., 2020; Pausas and Paula, 2012). Besides, fire activity is deeply influenced by human-related fac-

tors, including fuel load and structure modifications as well as fire ignition and suppression activities 

(Bowman et al., 2011). The general tendency to a massive abandonment of traditional rural practices 

is responsible for greater landscape homogeneity, fuel accumulation, continuity and connectivity 

(Kelley et al., 2019; Mantero et al., 2020; Salis et al., 2019; Turco et al., 2016) and the current global 

trends in land uses conversions in terms of both extension and speed of replacement highlight the 

evolutionary drift towards an impressive exposure of the wildland-urban interface. The progressive 

expansion of these areas has compelled anthropic elements to merge with natural ones, leading to a 

dramatic growth of wildfire-related vulnerability and risk to which communities are exposed (C. 
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Miller and Ager, 2013). Wildfire’s impact on wildland-urban interface and its inhabiting communities 

is expected to intensify accordingly. (Caton et al., 2017; Mell et al., 2010). 

The recent worldwide profusion of extraordinary wildfire events has drawn major attention to the 

need for a holistic view of these phenomena which tends to overwhelm suppression capabilities, 

causing substantial damage and often resulting in fatalities amongst both civilian and firefighters 

(Tedim et al., 2018). The concept of extreme wildfire event has been recently introduced to indicate 

exceptionally large and high intensity incidents which result in remarkable ecological impacts and 

substantial socioeconomic losses and disruptions. A significant example is the Pedrógão Grande wild-

fire, Portugal, which in June 2017, caused 66 fatalities (45 of whom died on the roads) and burned 

45,328 ha, spreading at a reported maximum rate of 4.2 m/s (Tedim et al., 2018). The event damaged 

1,042 structures (including 263 residential homes) and completely destroyed 434 of them, leading to 

direct losses estimated at around 200 million euros (Ribeiro et al., 2020). Another meaningful extreme 

wildfire event is the Eastern Attica Fire, Greece, which in July 2018 destroyed approximately 3,000 

dwellings over a total area of 1,250 ha (Lagouvardos et al., 2019) and resulted in the death of 102 

civilians making it the second deadliest wildfire in the 21st century, after the Kilmore East Fire, Aus-

tralia, which killed 120 people in 2009 (Tedim et al., 2020). The Camp Fire, in northern California, 

which in October 2018 burned 62,052 ha, can be classified as extreme wildfire event as well. It 

claimed 85 fatalities and destroyed 18,804 structures, resulting in the deadliest and most destructive 

wildfire event in the California history (Brewer and Clements, 2020). California also faced a severe 

fire season in 2020, when 5 of the 20 largest wildfires in the State’s history took place, burning an 

overall surface of 584,022 ha. Among them, the Creek Fire burned 152,847 ha and destroyed 853 

structures between September 4, 2020, and December 24, 2020 (CAL FIRE, 2020). 

Despite extreme wildfire events have become a very current topic because of their exceptional impact, 

their characteristics have been delineated only in recent years. However, during the period 2000-

2017, the overall impact of forest fires in the European Mediterranean countries has been responsible 

for 8.5 million ha burned (approximately 480,000 ha/year), 611 fatalities (nearly 34 people/year), and 

54 billion euros in damages (approximately 3 billion euros/year) (Costa et al., 2020). Fires in five 

Southern Europe countries, i.e. Greece, Italy, France, Spain, and Portugal, have been estimated to 

account for around 85% of the total burnt area in Europe each year (de Rigo et al., 2017). 

The latest report by the European Commission’s Directorate-General for Research and Innovation 

(Rego et al., 2018), which was aimed at providing evidence-based scientific support to the European 

policymaking process, warned about the emerging risk of a climate-induced disproportionate increase 

in uncontrolled wildfire events and the consequent urgent need for a re-assessment of fire manage-

ment policies and strategies. Wildfire management policies in Mediterranean-type climate regions 

are reported to be predominantly focused on reactive fire suppression strategies, while struggling to 

adequately and proactively address the underlying causes of the increased prevalence of extreme 

wildfire events (Moreira et al., 2020). The effectiveness of wildfire management actions should be 

evaluated not merely as a function of the reduction in total burnt area due to fire suppression, but 

rather as a function of the minimisation in socioeconomic and environmental damage and loss (e.g. 

human lives lost, direct economic losses, soil erosion, carbon emissions, and biodiversity impacts). 

Different mitigation strategies have been recommended, including an exacerbation of wildland-urban 

interface expansion regulations and the introduction of agricultural policies promoting extensive 
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livestock grazing and adequate fuel management strategies, such as prescribed burning (Moreira and 

Pe’er, 2018). However, regardless the uncertainties on the applicability of those measures, they might 

be insufficient alone to prevent fires to evolve beyond a threshold of suppression capability. Indeed, 

an integrated forest fire risk management requires contribution from different thematic areas, ranging 

from enhancement in the scientific comprehension of fire behaviour and spatiotemporal patterns to 

further improvements in early fire detection, fire suppression, and risk mitigation strategies. Accurate 

predictions of spatiotemporal patterns and behaviour of future forest fire are of prominent importance 

for planning and optimizing wildfire risk management strategies and emergency response activities. 

Timely and appropriate intervention strategies, applied since the earliest stages, are essential to bring 

the fire ignition and spread under control before it could evolve in an extreme and uncontrolled wild-

fire event. 

Rego et al. (2018) stressed the exigence of improving the effectiveness of contemporary wildfire 

protection programmes across the European Mediterranean countries by: (i) adopting effective sci-

ence-based forest fire management and risk-informed decision making; (ii) ensuring a balance be-

tween fire suppression, with its immediate but short-term results, and the long-term investment effort 

required for mitigation, prevention, and preparedness actions; (iii) increasing the awareness and pre-

paredness of populations at risk; (iv) promoting resilient landscapes and communities through inte-

grated fire management; and (v) improving firefighting and rescue capacities of first responders in 

crisis management by optimizing their operations and strategies. Those policies are fully compliant 

with the more general Sendai Framework for Disaster Risk Reduction 2015-2030 aimed at defining 

a global strategy directed at enhancing risk-exposed communities’ resilience and improving the effi-

ciency of risk management strategies in order to reduce expected impacts and potential damage 

(UNISDR, 2015). 

1.1 Objectives 

In agreement with the above-mentioned needs, the general purpose of the PhD research is to investi-

gate on wildland surface fire behaviour simulation modelling and to support disaster managers in 

optimizing decision-making processes in wildfire risk management in a Mediterranean-type climate 

region, Sardinia, Italy. The project is intended to pursue two major objectives: (i) develop and validate 

a predictive spatially distributed agent-based wildland surface fire behaviour simulation model in-

tended for operational use; (ii) design and implement a geospatial decision support system to provide 

decision makers with appropriate strategies and tools for an integrated wildland fire risk management. 

The development of a predictive simulation model for wildland surface fire behaviour necessitates 

tackling the key challenge of handling different sources and types of uncertainties stemming from 

data inaccuracy or absolute unavailability and also from the incompleteness in the scientific under-

standing of fire behaviour, even in the presence of impressive modelling advances (Finney et al., 

2013; Thompson and Calkin, 2011). When dealing with the complexity of modelling and predicting 

the behaviour of wildland surface fires, the recent literature reveals an extensive exploration of meth-

odologies capable of integrating the accumulated knowledge with both the growing availability of 

novel datasets provided by rapidly developing remote sensing technologies and the state of the art in 

machine learning techniques. 
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Predicting wildland surface fire behaviour requires a deep understanding of the influence of those 

parameters that act as drivers of fire spread on the fire descriptors, such as the rate and direction of 

the maximum fire spread, the eccentricity of the ellipse approximating the fire growth, the intensity 

of the fire front, and the flame length. The Rothermel’s mathematical model for predicting surface 

fire spread in wildland fuels and subsequent developments (Andrews, 2012; Rothermel, 1972) are 

currently the most extensively used to estimate fire descriptors, especially for operational purposes 

which require a short decision time frame (Andrews, 2018; Sullivan, 2009c). Starting from an in-

depth study of the Rothermel’s mathematical model, the project intends to: (i) propose an original 

implementation of the Rothermel’s mathematical model for the evaluation of fire descriptors; (ii) fit 

a proxy model for predicting fire spread based on those machine learning techniques which offer 

major benefits in terms of model’s interpretability; (iii) provide exhaustive explanations for the proxy 

model to clarify the complexity of the interactions between drivers and fire descriptors according to 

the model itself; (iv) develop an agent-based simulation model based on the estimated fire descriptors 

and capable of predicting the surface fire spread and growth across heterogeneous landscapes in order 

to provide fire management authorities with timely information on the progress of the fire front; (v) 

investigate freely available remote sensing products and datasets to define a methodology for the near 

real-time estimation of drivers of fire spread; (vi) evaluate the performance of the agent-based simu-

lation model in terms of predictive capacity by validating it against historical wildfire events recorded 

in Sardinia, Italy, and chosen as case studies. 

Besides, the project strives to propose a geospatial decision support system integrating different mod-

ule and headed towards supporting risk-informed decision-making. In addition to the developed pre-

dictive wildland surface fire behavior simulation model, the decision support system means to in-

clude: (i) a dynamic workflow of action which aims to guide decision-makers in carrying out those 

procedures that constitute an integral part of the intervention model compliant with the legislative 

framework; (ii) a structured relational geodatabase to store existing institutional and research-based 

information needed, including fire event scenarios, available resources, and socioeconomic exposed 

values; (iii) a web application for immediate field data collection and sharing. 

1.2 Thesis structure 

Chapter 1 has highlighted the general purpose and the specific objectives of the research. The remain-

ing of the manuscript can be distinguished into four conceptual parts and organised as follows. 

The first part of the thesis summarises the state of the art on those aspects of wildfire sciences that 

are of greatest interest for the purposes of the project. Chapter 2 reviews the recent literature investi-

gating on causes and effects of the increasing fire activity at a global and regional scale, with a major 

attention on the current situation in Mediterranean-type climate regions. Chapter 3 introduces the 

concept of wildland surface fire behaviour illustrating its dynamics and the environmental factors 

influencing it. Chapter 4 provides an overview of the state of the art in wildland surface fire behaviour 

simulation modelling, focusing on the Rothermel’s quasi-empirical mathematical model for predict-

ing surface fire spread across heterogeneous landscapes. Chapter 5 describes the state of the art for 

the estimation of the drivers of fire spread that are demanded for wildland surface fire behaviour 

modelling. 
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The second part of the thesis is dedicated to the design and implementation of the spatial simulation 

model developed within the context of the present research. Chapter 6 illustrates the implementation 

of the Rothermel’s quasi-empirical mathematical model for the estimation of the fire descriptors as 

well as the training of the machine learning proxy model for predicting fire spread. Chapter 7 explains 

the development of the agent-based model for wildland surface fire growth simulation modelling and 

verify its conformity with respect to the conceptual model. 

The third part of the thesis gives a synopsis of wildfire activity in Sardinia, Italy, and delineates data 

retrieval and pre-processing needed for the model application. Chapter 8 presents institutional infor-

mation on historical wildfire events occurred in Sardinia, Italy, between 2005 and 2019, and provides 

an overview of the selected case studies. 

Chapter 9 investigates accessible data sources and describes the pre-processing procedure of the avail-

able satellite products and imageries needed to estimate the drivers of fire spread and to recreate the 

pre-fire environmental conditions of the selected case studies. Finally, it discusses the results of the 

application of the developed agent-based simulation model to the case studies. 

The fourth part of the thesis includes Chapter 10 which reviews the recent efforts to develop wildland 

fire management decision support systems and proposes a modular geospatial decision support sys-

tem addressed to support fire managers in optimising decision-making processes and prioritising fire 

suppression interventions according to potential forest fire impacts and exposed assets. 

In conclusion, Chapter 11 summarises the core findings and their implications for the thesis’ purposes 

and emphasises future possible research directions. 
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1.3 Glossary 

Backfire or backburn: a fire set along the inner edge of a fuel-free fireline to consume the fuel in the 

path of a wildfire or change the direction of force of the fire’s convection column (Plucinski, 2019). 

Blow-up: sudden increase in fire intensity or rate of spread strong enough to prevent direct control 

or to upset control plans; often accompanied by violent convection (USDA Forest Service, 2020). 

Canopy: stratum containing the crowns of the tallest vegetation present (NWCG, 2006). 

Containment: status of a wildfire suppression action signifying that a control line has been completed 

around the fire, and any associated spot fires, which can reasonably be expected to stop the fire’s 

spread (NWCG, 2006). 

Control line: constructed or natural barriers and treated fire edges used to control a fire (NWCG, 

2006). 

Control time: time at which a fire is declared controlled (NWCG, 2006). 

Crown fire: fire spreading through the upper layers of the canopies of a tall timber; it can be further 

classified into passive, active, or independent crown fire according to the degree of dependence of 

the crown phase of the fire on the underlying surface phase (Van Wagner, 1977). 

Curing: drying and browning of herbaceous vegetation or slash due to mortality or senescence, and 

also loss of live fuel moisture content of woody fuel following mechanically-caused mortality 

(NWCG, 2006). 

Dead Fuel Moisture Content (DFMC): mass of water contained in dead plant tissues (senescent 

grasses, dry leaves, small twigs, litter, and organic material in the topsoil) relative to its dry mass 

(Nolan et al., 2016). 

Decision Support System (DSS): the use of computers to (i) assist managers in their decision pro-

cesses in semi-structured tasks, (ii) support, rather than replace managerial judgement, and (iii) im-

prove the effectiveness of decision-making rather than its efficiency (Martell, 2011). 

Descriptors of surface fire behaviour: parameters that quantify the emerging characteristics of sur-

face fire behaviour as defined by the Rothermel’s mathematical model and the associated models, i.e. 

the rate and direction of the maximum fire spread, the eccentricity of the ellipse approximating the 

fire shape, the intensity of the fire front, and the flame length (Rothermel, 1983). 

Direct attack: either the removal of unburned fuels adjacent to flames or the application of water, or 

water with suppressant additives, onto burning fuels (Plucinski, 2019). 

Drivers of surface fire behaviour: environmental variables that controls the behaviour of wildland 

surface fires according to the Rothermel’s mathematical model, i.e. local geomorphometrical param-

eters (dip angle and dip direction), meteorological conditions (wind speed and direction), and fuel 

characteristics (synthesised with the concepts of fuel models and fuel moisture content) (Rothermel, 

1983). 

Drought: period of relatively long duration with substantially below-normal precipitation, usually 

occurring over a large area (NWCG, 2006). 

Escaped fire: fire which has exceeded or is expected to exceed initial attack capabilities or prescrip-

tion (NWCG, 2006). 
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Extreme wildfire events: exceptionally large and high intensity incidents which tends to overwhelm 

suppression capabilities resulting in remarkable ecological impacts and substantial socioeconomic 

losses and disruptions (Tedim et al., 2018). 

Fire activity: complex of fire characteristics that can by summarized by three main axes: fire density, 

the number of fires within a given area; fire season length, periods with significant fire density (i.e. 

with more than 10% of the annual fire density) and closely related to weather conditions and vegeta-

tion fire resistance and resilience; fire interannual variability, standard deviation of the average fire 

density over a period (Chuvieco et al., 2008). 

Fire behaviour: study of how a fire reacts to the influences of geo-environmental conditions, includ-

ing fuel characteristics, weather conditions and geomorphometrical properties (USDA Forest Service, 

2020). 

Firebrand: piece of hot or burning fuel lofted by the plume of the fire and both spotting ahead of the 

fire front or rolling downslope (Fernandez-Pello, 2017). 

Firebreak, also fuel break: natural or constructed discontinuity in fuel that might be used to stop the 

spread of a fire or provide a control line (Plucinski, 2019). 

Fire flank: portion of a fire’s perimeter that is roughly parallel to the main direction of maximum 

spread (USDA Forest Service, 2020). 

Fire frequency: return interval of fire, measured on a time scale (Chuvieco et al., 2008). 

Fire front: portion of a fire’s perimeter within which continuous flaming combustion takes place and 

commonly corresponding to be the leading edge of the fire perimeter (USDA Forest Service, 2020). 

Fire intensity: general term relating to the heat energy released by a fire front and associated with 

fire behaviour characteristics (Chuvieco et al., 2008). 

Fire perimeter: a series of vertices that collectively define the edge of propagating fire at a particular 

instant of time (Glasa and Halada, 2011). 

Fire-prone ecosystem: ecosystem where fire is the primary disturbance and frequent enough to act 

as a strong selective pressure (Pausas and Keeley, 2014). 

Fire regime: a description of the average fire conditions occurring over a long period by means of 

parameters of when, where and which fires occur (e.g. fire density, fire frequency, fire intensity, fire 

seasonality, fire size, and distribution), but in a broader sense it can also include parameters that refer 

to the conditions of fire occurrence (e.g. fuel characteristics and distribution, meteorological condi-

tions, and anthropogenic influence) and to the immediate effects of fires (both ecological and socio-

economic) (Krebs et al., 2010). 

Fire season: period(s) of the year during which wildland fires are likely to occur, spread, and affect 

resource values sufficient to warrant organized fire management activities (USDA Forest Service, 

2020). 

Fire severity: degree to which a site has been altered or disrupted by fire; loosely, a product of fire 

intensity and residence time (NWCG, 2006). 

Fire weather: periods with a high likelihood of fire due to a combination of high temperatures, low 

humidity, low rainfall, and often high winds (Jones et al., 2020). 

Fire weather season length: number of days (not necessarily continuous) during each calendar year 

at a given location that observed high fire danger and thus experienced weather conditions most con-

ducive to ignition and burning (Jolly et al., 2015). 
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Flame height: average maximum vertical extension of flames at the leading edge of the fire front, 

without considering occasional flashes that rise above the general level of flames. This distance is 

less than the flame length if flames are tilted due to wind or slope (USDA Forest Service, 2020). 

Flame length: distance between the flame tip and the midpoint of the flame depth at the base of the 

flame; commonly used as an indicator of fire intensity (USDA Forest Service, 2020). 

Flaming combustion: homogeneous combustion, where both the fuel and the oxidiser are usually 

gaseous, and their reaction typically result in a flame visible to the naked eye at some distance on the 

top of the surface of the solid fuel (Rein, 2013). 

Flare-up: any sudden acceleration of fire spread or intensification of a fire; unlike a blow-up, a flare-

up lasts a relatively short time and does not radically change control plans (USDA Forest Service, 

2020). 

Fuel array: array of fuels usually constructed with specific loading, depth, and particle size to meet 

experimental requirements (USDA Forest Service, 2020). 

Fuel depth: average distance from the bottom of the litter layer to the top of the layer of fuel, usually 

the surface fuel (NWCG, 2006). 

Fuel load: amount of fuel expressed quantitatively in terms of dry weight of fuel per unit area (USDA 

Forest Service, 2020). 

Fuel model: numerical description of the fuel bed and particle properties that characterise a homo-

geneous unit of vegetation in terms of its influence on the surface fire behaviour (Rothermel, 1972). 

Fuel size class: category used to describe the diameter of down dead woody fuels; fuels within the 

same size class are assumed to have similar wetting and drying properties, and to preheat and ignite 

at similar rates during the combustion process (NWCG, 2006). 

Fuel stick: specially prepared stick or set of sticks of known dry weight continuously exposed to the 

weather and periodically weighed to determine changes in moisture content as an indication of mois-

ture changes in wildland fuels (NWCG, 2006). 

Ground fire: fire that consumes the organic material beneath the surface litter ground as result of the 

smouldering combustion in organic matter accumulated in the organic horizon of the soil (NWCG, 

2006). 

Heat transfer: process by which heat is imported from one body to another, through conduction, 

convection, and radiation (NWCG, 2006). 

Indirect attack: manipulation of unburned fuel ahead of the moving fire, either by consuming it in a 

backfire or by chemically altering it through the application of retardants designed to reduce the flam-

mability of unburned fuel (Plucinski, 2019). 

Lazy evaluation: computer science language theory strategy that delays the evaluation of an expres-

sion as late as possible or until the value is needed (Watt, 2006). 

Live Fuel Moisture Content (LFMC): mass of water contained in live foliage relative to its dry mass 

(Yebra et al., 2013). 

Moisture of extinction: fuel moisture content, weighted over all the fuel classes, at which the fire 

will not spread (NWCG, 2006). 

Mop-up: firefighting operation aimed at reducing residual smoke after the fire has been controlled 

by extinguishing or removing burning material along or near the control line, felling snags, or moving 

logs to prevent them to roll downhill (USDA Forest Service, 2020). 
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Parallel attack: construction of a control line as close to the fire as heat and flame permit (Plucinski, 

2019). 

Parallel computing: type of calculation where many different operations are executed at the same 

time, e.g. via multi-threading or multi-processing (Almasi and Gottlieb, 1989). 

Pockets of a fire: unburnt indentations in the fire edge formed by fingers or slow burning areas 

(NWCG, 2006). 

Preignition: preliminary phase of combustion in which fuel elements ahead of the fire are heated, 

causing fuels to dry (NWCG, 2006). 

Pyrocumulonimbus: intense convective thunderstorms that develop above highly energetic wild-

fires, which can reach the stratosphere and create localized weather, including rain, hail, lightning 

and pyro-tornadoes (Bowman et al., 2020). 

Rate of spread: expressed by means of an algebraic relationship between the quantity of heat re-

ceived by the fuel and the quantity of heat necessary to bring it to the ignition temperature (Rothermel, 

1983). 

Resilience of an ecosystem: property of an ecosystem that describes its ability to maintain funda-

mental structures, processes, and functioning following disturbances. It is indicated by an ecosys-

tem’s capacity to return to the prior or desired state and/or the recovery time after disturbances. It is 

a useful concept for describing differences among ecosystems (Chambers et al., 2019). 

Resprouting: ability to generate new shoots from dormant buds after stems have been fully scorched 

by fire (Pausas and Keeley, 2014). 

Retardant, also long-term retardants: chemicals, such as diammonium phosphate and ammonium 

sulphate, typically applied to unburned fuels ahead of fires but also used to reduce the flammability 

of treated fuels even after the water used to help transport them has dried (Plucinski, 2019). 

Seedling recruitment: ability to generate a fire-resistant seed bank with seeds that germinate pro-

fusely after fires (Pausas and Keeley, 2014). 

Serotiny: persistence of mature cones in the plant crown until an environmental cue triggers seed 

release, usually fire heat that causes death of the supporting stem (He and Lamont, 2018). 

Smouldering combustion: slow, low-temperature, flameless form of combustion, sustained by the 

heat evolved when oxygen directly attacks the surface of a condensed-phase fuel (Rein, 2013). 

Spotting: behaviour of a fire producing firebrands or embers that are carried by the wind and cause 

secondary outbreaks of surface or crown fire beyond the zone of direct ignition by the main fire 

(USDA Forest Service, 2020). 

Suppressant, also short-term retardants: wet solutions of either plain water or water with additives, 

such as foam surfactants or gel thickeners, typically applied directly onto burning fuels to cool the 

fire (Plucinski, 2019). 

Surface fire: fire spreading across the surface fuel layer, which lies above the ground fuels, consum-

ing needles, leaves, dead-down woody material, and other undecomposed plant residues in the litter, 

as well as grass, shrubs, low brushes, short trees, and low branches of tall timber (Rothermel, 1983). 

Time lag: time needed under specified conditions for a fuel particle to lose about 63 percent of the 

difference between its initial moisture content and its equilibrium moisture content; if conditions re-

main unchanged, a fuel will reach 95 percent of its equilibrium moisture content after 4 time lag 

periods (USDA Forest Service, 2020). 



Introduction Chapter 1 

10 

Torching: envelopment in flames and burning of the foliage of a single tree crown or a small group 

of trees, from the bottom up (NWCG, 2006). 

Wildfire or forest fire: uncontrolled combustion events occurring in the natural environment, where 

the energy released from exothermic combustion processes invests and ignites the surrounding un-

burnt fuel (Santoso et al., 2019); complicated combination of energy released due to chemical reac-

tions in the process of combustion and the transport of that energy to surrounding unburnt fuel and 

the subsequent ignition of said fuel (Sullivan, 2009a). 

Wildfire suppression: quelling of flames and containment of the fire perimeter within fuel-free bar-

riers, i.e. firelines, or wet edges, followed by early detection and extinction of residual combustion 

(Plucinski, 2019). 

Wildland-urban interface (WUI): area where humans and their development meet or intermix with 

wildland fuels; operationally, it is defined by means of three components: human presence, mainly 

expressed as housing density, wildland vegetation characteristics, such as land cover data, and a 

buffer distance that represents the potential for effects to extend beyond boundaries and impact neigh-

bouring lands (Stewart et al., 2007). 

 



 

 

Chapter 2 

Wildland fire activity 

2.1 Changing global fire activity 

The presence of fossil charcoal in the sedimentary record provides direct evidence that fire turned 

into a distinctive trait of long-term Earth system’s processes as soon as plants colonised lands in the 

Late Silurian, 420 Ma (He and Lamont, 2018). However, fires became more widespread in the Middle 

Devonian, 370 Ma, with the evolution of woody stems in terrestrial vascular plants, which represented 

the first extensive and continuous fuel loads able to sustain and carry fire for significant periods over 

broad spatial scales. This increase may be also a function of rising atmospheric oxygen levels and the 

occurrence of fire itself may have contributed to this rise through a positive feedback (Rimmer et al., 

2015). Since then, wildland fires have been playing a decisive role in the evolution of the terrestrial 

floras and in the development of some biomes (Staver et al., 2011), also contributing to the diversifi-

cation and spread of conifers and angiosperms (Belcher et al., 2021; He et al., 2016). By the Upper 

Cretaceous, 100-66 Ma, some taxa of land plants were already specialised for fire-prone environments 

thanks to fire-adaptive traits that are the result of both adaptations or exaptations to particular fire 

regimes (Keeley et al., 2011). 

Fuel, weather, and climate are certainly dominant drivers of fire activity, but it is also true that humans 

have been shaping global patterns of fire activity for millennia. Bowman et al. (2011) analysed the 

historical development of humanity’s relationship with fire and reported evidences for routine con-

trolled use of fire by the Middle Pleistocene, 790-690 ka. Humans have altered fire regimes by mod-

ifying fuel structure and continuity as well as igniting fires in different seasons under various weather 

conditions. However, the anthropogenic impact on fire activity has become more pronounced since 

the late eighteenth century, reflecting the effects of industrialization, land clearing for agricultural 

purposes, human population growth, and replacement of traditional fire management with large-scale 

firefighting and fuels management in the twentieth century (Bowman et al., 2020). Several researches 

have outlined the severe human impact on fire frequency, occurrence, and activity at a global scale 

(Hantson et al., 2015; Kelley et al., 2019; Knorr et al., 2014), suggesting a long-term transition from 

natural to human dominated fire regimes (Bowman et al., 2011). Human activity is currently regarded 

as a dominant source of ignition in different ecosystems, such as Mediterranean-type climate regions. 

However, extreme weather conditions continue to play a relevant role in modulating interannual var-

iations in fire activity and lightning strikes have been associated with unusually large wildfire events, 

even if rare (Couto et al., 2020; Ganteaume et al., 2013). Lightning strikes are the main natural cause 

of ignition all over the Earth and they assume significant relevance also in areas characterised by low 

population densities, such as the boreal forests where they represent the primary cause of ignition 

(Coogan et al., 2020; Portier et al., 2019; Veraverbeke et al., 2017). 
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The complex fire-human-climate interactions make it challenging to discern their specific influence 

on fire dynamics at regional and global scales. 

The increased population at the wildland-urban interface, where anthropogenic structures directly 

interact or intermix with vegetated areas, has been associated to a higher number of human ignitions 

in Australia (Collins et al., 2015) and in the Mediterranean Basin (Calviño-Cancela et al., 2017; Elia 

et al., 2019). Ineffectual fuel management practices has been also addressed as a contributing factor 

to the increasing impact of wildfire in the Western United States (R. K. Miller et al., 2020) and other 

regions with Mediterranean-type climate (Efthimiou et al., 2020; Moreira et al., 2020; Ribeiro et al., 

2020). Nevertheless, demographic and forest management factors alone has been reported to be in-

sufficient to explain the magnitude of the observed extraordinary increase in wildfire size and inten-

sity over the last decades in California and the Western United States (Goss et al., 2020; Westerling, 

2016). Similarly, fire risk in southern Europe has been exacerbated in recent years by the extension 

of the wildland-urban interface combined with anthropogenic climate change (Ganteaume et al., 

2021; Ruffault et al., 2020; Turco et al., 2019). 

Conversely, some authors have recently pointed out an apparent decline in global burned area over 

the last two decades (Andela et al., 2017; Chuvieco et al., 2018; Doerr and Santín, 2016; Earl and 

Simmonds, 2018), sometimes associating it to anthropic factors, such as population growth, pastures, 

croplands and livestock expansion, improved land management practices, and increased effort in fire 

prevention, management, and suppression activities, especially in highly capitalized regions. Andela 

et al. (2017) identified a human-driven decline in global burned area of 1.35 ± 0.49% per year over 

the period 1998-2015; a decline mostly explained by a decrease in the number of fires rather than by 

a reduction in fire sizes. Consistently, a slight trend towards a decline in the global burned area has 

been observed for the period 2001-2016, albeit with substantial geographic variability (Chuvieco et 

al., 2018). However, Forkel et al. (2019) proved those trends to be not significant and strongly af-

fected by the length of the considered time series, the start and end year chosen for the analysis, and 

the interannual variability in burned area. Those results rather suggest the impact of human activities 

can counteract those of climate change, attenuating trends or stabilizing the burned area at least in 

some regions (Forkel et al., 2019). 

Albeit the lack of consensus in the scientific community on the global trend of fire activity (Bowman, 

2018), recent literature has seen a significant upsurge in research investigating the influence of Earth’s 

changing climate on global and local fire activity. Earlier studies had warned of potentially significant 

global increases in fire activities under future climate projections for the 21st century, with most con-

siderable effects, in terms of both fire weather season length and extreme wildfire events occurrence, 

expected in South America, southern Africa, and Australia (Y. Liu et al., 2010) and in the circumbo-

real region (Russia, Canada, Alaska) (Flannigan et al., 2013). Jones et al. (2020) and Smith et al. 

(2020) lately reviewed 116 scientific studies published since the release of the Fifth Assessment Re-

port of the Intergovernmental Panel on Climate Change (IPCC) (Stocker et al., 2013) analysing the 

linkages between climate change and increased frequency or severity of fire weather (i.e. periods with 

a high likelihood of fire due to a combination of high temperatures, low humidity, low rainfall, and 

often high winds). Overall, the 116 research papers support the hypothesis that climate change pro-

motes the conditions on which wildfires depend, enhancing their likelihood. The evidence also 

emerges that human-induced warming has already had a profound impact on wildland fire activity 
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and led to a global increase in the frequency and severity of fire weather, increasing the risks of 

wildfire (Jones et al., 2020). Jolly et al. (2015) analysed daily global fire weather trends from 1979 

to 2013 showing that combined surface weather changes over that period have promoted global wild-

fire weather season lengthening (i.e. an increase in the number of days per year of fire weather). 

Specifically, they observed (i) an 18.7% increase in global mean fire weather season length, with a 

statistically significant lengthening across 25.3% of the Earth’s vegetated surface, and (ii) an in-

creased frequency of long fire weather seasons across 53.4% of the global vegetated area between 

1996 and 2013 if compared with 1979 to 1996. Between 1979 and 2013, South America’s ecosystems 

have recorded a median increase of 33 days in fire weather season length and European Mediterranean 

forests suffered a fire weather season lengthening of 12 to 29 days. Australia showed no significant 

changes in biome-level fire season length from 1996 to 2013, but a regional increase in the frequency 

of anomalously long fire weather seasons has been recorded (Jolly et al., 2015). 

Beyond the fire weather season lengthening, the occurrence of objectively defined extreme wildfire 

events distributed across all flammable biomes has also been investigated. The occurrence of 96% of 

globally distributed extreme wildfire events between 2002 to 2014 has been proved to be associated 

with highly anomalous fire weather conditions, mostly strong winds (34.7%) or protracted drought 

(45%), and approximately 65% of those events occurred on days with a Fire Weather Index above 

the historical 93% (Bowman et al., 2017). Moreover, a pseudo-climate change experiment predicted 

an area-weighted 35% global increase in the number of days per year with a Fire Weather Index 

exceeding the historical 93rd percentile, albeit with sharper increases in the European Mediterranean 

Basin, subtropical Southern Hemisphere (Eastern Brazil, Southern Africa, and Eastern Australia), and 

Southwestern USA and Mexico (Bowman et al., 2017). Abatzoglou et al. (2019) used simulations 

from 17 climate models participating in the Fifth Phase of the Coupled Model Intercomparison Pro-

ject (CMIP5) (Taylor et al., 2012) of the World Climate Research Programme (WCRP) to evaluate 

where and when anthropogenic climate change could be expected to cause fire weather conditions to 

exceed that of natural variability. The study concluded that an anthropogenic increase in the number 

of days with an extreme Fire Weather Index was already under way for 22% of global burnable land 

area by 2019, including southern Europe and the Amazon, and warned an expansion of this area, up 

to 33-62% of global burnable area, by the mid-twenty-first century with continued warming projec-

tions (Abatzoglou et al., 2019). 

These global findings identifying correlations between climate change and fire weather increase 

across all vegetated continents are corroborated by several regional and local studies witnessing that 

climate variability explains a majority of the interannual variability in fire activity (Abatzoglou, 

Williams, et al., 2018). 

 





 

 

Chapter 3 

Wildland surface fires 

Wildland surface fire behaviour includes “a set of characteristics that describe the rate of the fire’s 

spread, the fuel strata it consumes, the overall shape of its perimeter, its rate of energy release along 

the perimeter, its mode of propagation, and perhaps the geometry of the flames along the perimeter” 

(Albini, 1984). 

3.1 The process of combustion 

Fire is the visible manifestation of the combustion process, a chemical reaction consisting in the ox-

idation of a fuel, the reductant, upon contact with an oxidant. In order for a fire to develop, it is also 

necessary to supply the system with enough activation energy to guarantee ignition. 

Wildfires are uncontrolled combustion events occurring in the natural environment, where the energy 

released from exothermic combustion processes invests and ignites the surrounding unburnt fuel 

(Santoso et al., 2019). In a wildfire the fuel is represented by a mixture of live and dead plant material, 

including organic matter of plant origin, while the oxidizer is the atmospheric oxygen. The activation 

energy usually derives from lightning strikes and volcanic activity in natural systems; however, an-

thropogenic ignition sources are increasingly becoming prevalent across most of the ecosystems, es-

pecially in Mediterranean-type regions (Ganteaume et al., 2013). Once ignited, the combustion re-

leases heat which, by thermal conduction, convection, or radiation, warms the adjacent fuels up to 

the temperature threshold in a self-sustaining process that becomes independent from the original 

heat source. The combustion involves a chain of elementary chemical reactions, but the overall pro-

cess can be distinguished into two consequent phases: pyrolysis and oxidation. Following the expo-

sure to a heat source, solid fuels eventually reach a temperature threshold where they undergo dehy-

dration and pyrolysis, which involves both exothermic and endothermic reactions: in the absence of 

oxygen, the three major components of the plant biomass, i.e. cellulose, hemicellulose (heteropoly-

mers such as xylans and xyloglucans), and lignin (a large group of aromatic polymers rich in phenolic 

compounds), undergo a thermal decomposition into simpler products consisting of solid charcoal and 

pyrolytic oils and gases. Pyrolytic oils contain a great amount of water and several organic com-

pounds (e.g. acids, alcohols, ketones, aldehydes, phenols, ethers, esters, sugars, furans, alkenes, ni-

trogen compounds and miscellaneous oxygenates) whereas thermogenic gases may consist of carbon 

dioxide (CO2), carbon monoxide (CO), hydrogen (H2), low carbon hydrocarbons, such as methane 

(CH4), ethane (C2H6), and ethylene (C2H4), and small amount of other gasses (e.g. propane (C3H8), 

ammonia (NH3), nitrogen oxides (NOx), sulphur oxides (SOx) and low carbon alcohols) (Kan et al., 

2016; Yang et al., 2007). The products of the pyrolysis process react with the atmospheric oxygen 

powering up an exothermic oxidation process: solid products usually undergo an in-situ oxidation 
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leading to smouldering combustion, whereas gaseous products are more prone to an ex-situ oxida-

tion which leads to a flaming combustion (Rein, 2013). In a flaming combustion both the fuel and 

the oxidizer are gaseous (homogeneous combustion) and their reaction typically result in a flame that 

is visible to the naked eye at some distance on top of the surface of the solid fuel. In a smouldering 

combustion the atmospheric oxygen directly attacks the surface of the solid fuel (heterogeneous com-

bustion) and the process spreads in-depth inside porous materials (i.e. coal, wood, and peat). The 

smouldering combustion is defined as a slow, low-temperature, flameless form of combustion (Rein, 

2009), since the characteristic temperature and the spread rate are low if compared to those in the 

flaming combustion: typical values for smouldering are 450-700 °C for the peak temperature and 1 

mm/min for the spread rate; whereas typical values for flaming are around 1500-1800 °C and 100 

mm/min respectively (Santoso et al., 2019). Both smouldering and flaming combustion are suscepti-

ble to evolve one into the other, especially in wildland fuels: some residual smouldering combustion 

may persist above- or below-ground after the extinction of a flaming combustion (flaming-to-smoul-

dering transition) as well as a smouldering combustion can abruptly ignite or reignite partially ex-

hausted fuels in a flaming combustion (smouldering-to-flaming transition) (Rein, 2013). Santoso et 

al. (2019) identified in the presence of a vertical channel configuration in permeable fuels one of the 

main driver of the smouldering-to-flaming transition: vertical channels are susceptible of both in-

creasing the oxygen supply to the smouldering reaction and compensating for the convective heat 

loss by the external supply of heat flux due to the radiation exchange between the two smouldering 

surfaces facing each other. Embers are also widely reported to increase the propensity of smoulder-

ing-to-flaming transition due to their contribution in the fuel heating process and to the initiation of 

new flaming sites (i.e. spotting) (Caton et al., 2017; Fernandez-Pello, 2017). Despite the smouldering-

to-flaming transition is considered a major threat because of the sudden increase of the spread rate, 

limited research is currently available on the topic (Santoso et al., 2019). 

3.2 Types of wildfire behaviour 

In wildland fire science three types of wildfires are traditionally recognised depending on the fuel 

stratum in which the combustion process is spreading: ground fire, surface fire, and crown fire (Scott 

and Reinhardt, 2001). Ground fires are mainly the result of smouldering combustion in organic mat-

ter accumulated in the organic horizon of the soil, including roots, and rotten buried logs. Smoulder-

ing combustion is the most persistent type of combustion and is reported to be responsible of the 

largest and long-lasting ground fire on Earth: some ground fires in peatlands and coalfields in India 

and United States have been burning for decades and some in Northern China for several centuries 

(Huang and Rein, 2017; Stracher and Taylor, 2004). Ground fires are extremely difficult to locate, 

control, and extinguish, and due to the prolonged smouldering combustion (e.g. months and years) 

they have been proven to have significant detrimental effects on both vegetation and soils (Gabbasova 

et al., 2019; Rein et al., 2008). However, neither causes and effects, nor behaviour of smouldering 

combustion in ground fires have been widely investigated thus far (Watts and Kobziar, 2013). Sur-

face fires are the most frequent and studied type of wildland fire. Surface fires spread across the 

surface fuel layer, which lies immediately above the ground fuels, consuming needles, leaves, dead-

down woody material, and other undecomposed plant residues in the litter, as well as grass, shrubs, 
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low brushes, short trees, and low branches of tall timber. These surface fuel layers are regularly con-

sumed by flaming combustion, which could be primary if directly ignited by lightning strikes or an-

thropogenic sources but also secondary if resulting from a smouldering-to-flaming transition. Surface 

fires, in turn, may also kindle ground fires because of flaming-to-smouldering combustion transitions. 

The essential condition for a surface fire to spread is the presence of a horizontal continuity in the 

fuel bed layer and, typically, there is no interaction with the overstory. However, depending on the 

vertical continuity in the vegetation cover, a surface fire may extend to the upper layers of the cano-

pies of a tall timber, evolving in a crown fire. Crown fires are relatively rare compared to surface 

fires, but their impact on the canopies can be severe (Rothermel, 1991). Three distinct classes of 

crown fires can be distinguished according to the degree of dependence of the crown phase of the fire 

on the underlying surface phase: passive, active, or independent crown fire (Van Wagner, 1977). 

Passive crown fire occurs in the presence of sparse canopy cover and where the crown base is partic-

ularly low, with dead branches hanging from it. The most typical form of passive crown fire is 

torching, i.e. the sudden envelopment of an entire tree crown in flames, from the base to the very top, 

and it does not imply the spread of the flaming combustion from one canopy to the other. Active 

crown fire, contrarily, occurs in the presence of a fairly continuous crown layer with a crown base 

moderately high aboveground. High intensity surface fires with high spread rates are susceptible to 

support the development of an actively spreading crown phase, that, however, remains unable to sup-

ply the required heat transfer without the support of the underlying surface phase. Occasionally, in 

the presence of a continuous and dense crown layer the crown phase may acquire the ability to support 

the spread by itself, no longer depending in any way on the surface phase and evolving into an inde-

pendent crown fire. Active and independent crown fires are especially frequent in fire-prone ecosys-

tems dominated by fire-adapted highly flammable species, rich in aromatic resins, terpenes, and fatty 

acids, such as conifers, that often retains dead branches hanging from the crown base. Despite crown 

fires generally develop as a natural transition from surface fires, they can also originate directly in 

the canopy as a result of spotting phenomena. In spotting behaviour, firebrands are carried by the 

wind and ignites new surface or crown fires beyond the active fire front. 

Wildland fires in Mediterranean-type climate regions are essentially represented by surface fires, with 

crown fires being limited to passive or active crown fires but rarely evolving in independent crown 

fires, that are more typical, if not exclusive, of the coniferous forests of the Boreal climate region. 

Surface fires henceforth represent the object of major interest within the context of this research. 

3.3 Environmental factors influencing surface fire behaviour 

A forest fire is a dynamic phenomenon that continues to evolve over space and time. The spatial 

configuration of the flame front, i.e. the ideal surface that separates the burnt from the not yet burned 

matter, is influenced by environmental variables that depends on both intrinsic characteristics of an 

area (i.e. geo-environmental drivers, such as geomorphometrical characteristics, land cover, and veg-

etation type, but also anthropogenic drivers, such as road network and population density) and local 

condition insisting on that area (i.e. meteorological factors such as wind speed and direction, temper-

ature, and humidity) (Figure 3-1). 
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Figure 3-1 Surface fire behaviour: fire spreading in isotropic conditions (upper) or anisotropic conditions, with effects of 

wind (centre) and dip angle (lower) considered individually. Credits: Rothermel, 1972. 

3.3.1 Geomorphometrical characteristics 

Surface fire behaviour is primarily conditioned by the local geomorphometrical characteristics in 

terms of both dip angle and direction. 

The effect of the dip angle is due to the influence it exerts on the heating of the fuel ahead of the 

flame front and on the development of the convection column. The heat released by combustion heats 

up the mass of air above, generating upward convective currents that originate a convection column. 

If the fire develops along a slope, the upward movements more easily transmit heat by convection to 

the vegetation present at higher altitudes. It follows that the speed of fire spread increases proportion-

ally with the dip angle. In the absence of other conditioning factors, the surface fire then proceeds 

more rapidly towards higher altitudes and more slowly towards lower altitudes. The flame front tends 

to slow down or to arrest its spread as it approaches the ridgeline, because of the close to the ground 

convective winds blowing from the opposite side of the ridgeline. However, burning embers can roll 

downstream kindling secondary ignitions in a phaenomenon that is counted under the umbrella of 

spotting fires. 
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On the other hand, the dip direction directly influences the fire spread direction and indirectly alters 

the fire spread rate by determining the slope exposure. The differential solar radiation produces dif-

ferent surface energy balances that results in diverse microclimate, with diverse near-surface temper-

atures, potential evapotranspiration, and soil moisture content. The spatial variation of the amount of 

available solar radiation may also results in a significant alteration of the vegetation patterns, species 

distribution, and ecosystem processes (Bennie et al., 2008). 

3.3.2 Plant communities 

In addition to local geomorphometrical characteristics, the influence of fuel properties is extremely 

important in the initiation and the spread of forest fires. Wildland fuel is composed of live and dead 

plant material consisting of a blend of wood, bark, twigs, shrubs, grasses, and litter, with a consider-

able range of dimensions, physical structures, and chemical components. Wildland fire behaviour and 

ignition are deeply influenced by the flammability, which is the ability of the fuel to ignite in contact 

with a heat source and to sustain fire, and the combustibility, which is the ability of the fuel to sustain 

a rapid and long-lasting combustion process. 

The degree of flammability of vegetal fuel varies from species to species according to their tissues’ 

content in water per dry weight and in substances with a high calorific value (i.e. aromatic resins, 

tannins, terpenes, fatty acids and lignin). The higher the water content, the lower its flammability, 

since an higher amount of heat is required to ignite the combustion process, and the lower the calorific 

value, the heat released by the complete combustion of a unit of weight or volume of the fuel. The 

excess in moisture content therefore results in reduced intensity and speed. 

The combustibility largely depends on fuel dimensions. Bushes, shrubs, and grasses, as well as dead 

leaves and branches with small diameters, are considered light fuels. Due to their high surface-area-

to-volume ratio, light fuels ignite very rapidly, causing the development of fires with low intensity 

but high spread rates. First order ramifications, trunk, and roots, defined as heavy fuels, have a higher 

combustibility and can give rise to fires with higher intensity but spreading slower. 

Beside their floristic composition, the texture, structure, and phenology of the plant communities take 

on particular importance in determining the evolution of forest fires as well. Whereas the texture is 

referred to the composition of morphological elements, the structure and phenology indicate the spa-

tial and temporal arrangement of these morphological elements respectively. In vegetation ecology 

four overall measurements are commonly used to characterise vegetation: (i) phytomass, the total 

plant biomass in the plant community, expressed as dry-weight (kg/m2); (ii) leaf area index, the total 

area of leaf surface expressed per surface area (m2/m2); (iii) cover, the relative area occupied by the 

vertical projection of all aerial parts of plants, as a percentage of the surface of the unit area; (iv) 

stratification, the vertical arrangement of phytomass in different layers (i.e. low or tall herbs, low or 

tall shrubs, and low or tall trees. As the vertical continuity in the stratification allows the transition 

from surface fires to crown fires, the horizontal continuity in either herbaceous fuel or canopy favours 

the rapid spread of the fire. On the contrary, in sparse formations, with scarce shrub cover, the flames 

struggle to effectively heat the fuel and therefore to spread, both vertically and horizontally. 

Furthermore, at the ecosystem level, the recurrence of forest fires induces the emergence of adaptation 

strategies which might in turn influence fire behaviour in a deep positive feedback. 
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Plant communities, which supply the fuel consumed by forest fires, are the expression of the climatic 

regimes insisting at different spatial scales, ranging from the continental scale of the macroclimate to 

the local scale of the microclimatic conditions, and are strongly influenced by major disturbances and 

evolutionary forces, including different anthropic activities and fire itself. Fires represent an environ-

mental disturbance factor which interfere with vegetation dynamics by periodically consuming veg-

etal biomass. Vegetation dynamics represent a complex sequence of stages, defined successions, aim-

ing at the climax, a self-perpetuating equilibrium between vegetation and climate. Until the 1960s, 

forest fires have been regarded mainly as a severe economic threat to forest resources and a deleteri-

ous environmental factor compelling the plant communities to remain in a sub-climax stage; only in 

the early 1960s, fire disturbance began to be conceived as a natural evolutionary driving force essen-

tial for the maintenance of fire grass climax, i.e. grasslands and savannas (Krebs et al., 2010). Fires 

are nowadays perceived as an inherent ecosystem disturbance process and the threat is rather identi-

fied in perturbations of the natural fire regime (Keeley and Pausas, 2019). 

In fire-prone ecosystems, where fire is recurrent enough to exert a strong selective pressure, species 

evolve survival strategies and traits that represent the adaptive response to fire regimes and can have 

significant implications on fire behaviour. Species adaptations shape the resilience of the ecosystems, 

i.e. their ability to maintain fundamental structures, processes, and functioning following fire disturb-

ance (Chambers et al., 2019). Two main adaptive response traits are found in resilient Mediterranean-

type climate ecosystems: (i) resprouting, that is the ability to generate new shoots from surviving 

tissues, such as dormant buds, roots, or rhizomes; and (ii) seedling recruitment, that is the ability to 

nurture new seedlings germinating from fire-resistant seed banks which could remain quiescent for 

years in serotinous cones (i.e. closed woody reproductive structures still stored in the canopy), which 

only release their seeds in response to fire (pyriscence), or remain dormant in the soil for decades to 

centuries waiting for heat or smoke as signals to germinate (He et al., 2016; Pausas and Keeley, 2014). 

Since fire-prone ecosystems needs for fire in order to regenerate, those adaptive traits usually come 

together with some other traits that are intended to promote the spread of surface fire or even to foster 

the transition from surface fire to crown fire. These traits may include the retention of dead hanging 

branches, the large accumulation of dead organic matter in the litter, or the high concentration in 

terpenes, resins, volatile oils and other extractives in plant tissues, with a consequent inherently high 

flammability. Some species instead adopt a strategy of resistance, evolving adaptive traits headed to 

minimise the effects of the fire disturbance rather than promoting a rapid recovery. One of the most 

typical resistance strategies in Mediterranean-type climate ecosystem is the increased thickness of the 

bark, often with the production of cork which acts as a thermal insulation of the cambium and buds. 

Conversely, non-fire-prone ecosystems are not accustomed to the impact of wildland fires, and recur-

rent fires here could lead to an insufficient regeneration and result in the conversion of the ecosystem 

into another one richer in resilient or resistant species (Stevens-Rumann et al., 2018). 

3.3.3 Meteorological conditions 

While the climatic regime has strong impacts on fire activity, meteorological conditions have a deci-

sive influence on the evolution and behaviour of single fire events. A rise in air temperature favours 

the heating of the fuel and, together with a reduction in the atmospheric relative humidity, it 
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determines an intensification of the evapotranspiration process, inducing a reduction in the water 

content of both plant biomass and necromass increasing their flammability. 

What spreads the flames, however, is the wind, which pushes the air generated by the flame onto 

nearby plants. Winds exert a direct action on the flames, controlling their direction and rate of spread, 

and an indirect action on the vegetation, promoting its desiccation. The presence of medium to high 

winds may allow the flame front to propagate at higher speed due to the continuous provision of 

oxygen and the lengthening of the flame, which, by thermal convection and radiation, favours the 

heating of the adjacent fuels up to the temperature threshold for the beginning of the combustion 

process. Furthermore, wind is responsible for the spotting phenomenon, where incandescent materials 

can be taken over by the wind kindling secondary ignitions even at considerable distances from the 

original flame front. However, excessively high winds can have an inhibitory effect on flames by 

extinguishing new ignitions or blowing oppositely to the dip direction lessening its effect on the fire 

spread. 

Extremely large and intense fires are even able to generate winds on their own: hot air rises rapidly 

and air rushes from the surrounding areas. The result is self-sustaining convective plumes capped by 

deep cumulus clouds which may form pyrocumulonimbus storms, sometimes described as fire‐trig-

gered thunderstorms (Terrasson et al., 2019). Pyrocumulonimbus storms inject aerosols into the strat-

osphere, where they can be transported globally, impacting radiation budgets and, thus, further facil-

itating extreme fire behaviour by encouraging lightning ground strikes, which ignite new fires, trig-

gering a positive feedback (Bowman et al., 2020). 

3.4 Spatial configuration of the flame front 

Surface fire spreads in time and space with continuous movements like a wave expanding on a flat 

surface. The fire front, analogously to the wave front, can be defined as the geometric locus of the 

points in space which, at a given time 𝑡𝑛, is reached by the perturbation generated by the source at a 

given previous time 𝑡𝑛−1. In homogeneous environmental conditions, a surface fire would propagate 

in an isotropic and uniform medium, spreading radially with the same speed and intensity in all di-

rections. The fire front would then ideally coincide with the geometric locus of the points equidistant 

from the ignition point, a circle (Curry and Fons, 1940). Nevertheless, the natural environment in 

which surface forest fires are expected to spread is characterized by various degrees of inhomogene-

ous environmental conditions, generated by the interactions amongst geomorphometrical character-

istics, meteorological conditions, and structure, texture, composition, and moisture content of the 

plant communities. The natural environment therefore establishes a directional component in the 

propagation medium that force the fire front to an anisotropic propagation oriented according to one 

or more preferential directions: (i) the portion of the fire front which advances more rapidly immedi-

ately after ignition is designated the head of the fire; (ii) the sides of the fire, known as the flanks, 

advances in a direction perpendicular that of the maximum rate of spread; (iii) the portion of the fire 

front with minimal intensity and speed is the tail. As combustion progresses, areas characterized by 

fuels with different flammability may they generate local slowdowns or accelerations of the fire front 

propagation speed which consequently undergoes conformational variations. The fire front can 
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generate elongated extensions of the main body of the fire, called digitation, and unburned indenta-

tions, referred to as pockets, which can evolve into unburned areas surrounded by flames, defined 

islands. 

 

 

Figure 3-2 Fire spreading in isotropic conditions, with no-wind (upper), and in anisotropic conditions, with wind of constant 

wind (lower). Credits: Curry and Fons, 1940. 

 



 

 

Chapter 4 

Wildland surface fire behaviour modelling 

The general purpose of fire behaviour modelling and simulation is to provide wildland fire manage-

ment authorities with practical tools able to provide information on the spatiotemporal progress of 

fire spread. Wildland surface fire behaviour simulation modelling requires to develop both (i) a fire 

spread model, i.e. a method of converting a multi-dimensional set of drivers into concise parameters 

describing the fire spread, and (ii) a fire growth model, i.e. a spatial simulation model that could 

simulate the spatial and temporal spread of the entire flame front in two or three dimensions across a 

landscape. In recent years, the growing availability of computational resources has fuelled the devel-

opment of a considerable number of wildland surface fire behaviour models, each characterized by 

different scales of interest and diverse purpose of the study, some intended for operational uses, others 

of purely academic interest (Sullivan, 2009a). 

4.1 Fire spread models 

Sullivan (2009a, 2009b) achieved an exhaustive review of the strategies recently adopted and devel-

oped to model the spread and behaviour of wildland fire, classifying developed models into two broad 

categories: (i) physical and quasi-physical models, which are deeply grounded in the fundamental 

principles of the physics and chemistry of wildland surface fire behaviour, and (ii) empirical models, 

which are exclusively based upon statistical analysis of fire behaviour observations and laboratory 

experiments, and quasi-empirical models, which are contextualised in a broader physical framework. 

Even though some physical and quasi-physical models have been developed for specific fire man-

agement purposes, the high requisites discourage their operational use: (i) the computational require-

ments to solve the equations at the desired resolutions, (ii) the level of detail of data needed, either in 

terms of type, resolution, precision, and accuracy, (iii) the excessive nominal computation times, that 

varies from close to real time to several order of magnitude slower than real time, and (iv) the com-

plexity in designing laboratory and field experiments suitable for models' validation. On the other 

hand, in spite of their potentially elevated site-specificity and tight dependence on the environmental 

condition under which the data for the construction of the model were collected, empirical and 

quasi-empirical models are increasingly being adopted for operational fire suppression purposes. 

When considering models that can be used as decision support tools for operational fire management, 

some constraints become evident: (i) short decision time frame, at least less than the duration of the 

ongoing event; (ii) fine-scale spatial resolution, ideally less than or equal to 100 m; (iii) input data 

availability in operational environment; (iv) minimum computational requirements. These constraints 

preclude the application of most physical and quasi-physical models, whereas favours the use of 
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empirical and quasi-empirical models, primarily the Rothermel’s mathematical model (Rothermel, 

1972). Amongst the major advantages in using empirical and quasi-empirical simulation models for 

operational use there are the models’ simplicity and calculation promptness and the direct relation to 

the behaviour of real fires rather than laboratory experiments. 

4.1.1 Quasi-empirical models and the Rothermel’s equations 

The Rothermel’s mathematical model for predicting fire spread in wildland fuels (Rothermel, 1972) 

is undoubtedly one of the most widely used fire spread model and is currently implemented in diverse 

simulation modelling software (Papadopoulos and Pavlidou, 2011). According to Sullivan (Sullivan, 

2009b), the Rothermel’s mathematical model adopts a quasi-empirical modelling approach by inte-

grating statistical descriptors of the observed behaviour and considerations on the physical and chem-

ical processes that regulates the combustion of plant biomass and the spread of the flame front. This 

combined approach of the quasi-empirical models has the advantage to attenuate difficulties of im-

plementing both purely physical and purely empirical models. If the physical models involve issues 

related to finding the required input data and understanding computational limitations due to the large 

number of data and variables that contribute to the evolution of the event, the empirical ones are 

difficult to extrapolate, adapt, and apply outside the peculiar ecological and biogeographical context 

for which they were developed and calibrated. A quasi-empirical modelling approach, offers a valid 

alternative particularly suitable for real-time computations, which need to be computed in a short time 

frames and often with a reduced amount of available data (Papadopoulos and Pavlidou, 2011). 

Andrews (2018) has recently reviewed the original Rothermel’s surface fire spread model and the 

associated developments (Albini, 1976b, 1976a; Byram, 1959), providing an up to date reference for 

the application of an extended version of the Rothermel’s mathematical model to wildland surface 

fire behaviour modelling and prediction. The extended version of the model consists of a non-linear 

system of equations that relates the drivers of surface fire behaviour in the pre-fire environment 

(input parameters) to a set of descriptors that quantifies the emerging characteristics of surface fire 

behaviour (output parameters). Drivers are variables influencing surface fire behaviour in wildland 

fuels and include local geomorphometrical parameters, meteorological conditions, and a comprehen-

sive set of fuel characteristics. Descriptors are fire quantities characterising the resultant wildland 

surface fire in terms of either the rate and direction of the maximum fire spread, the eccentricity of 

the ellipse approximating the fire shape, the intensity of the fire front, and the flame length. 

The formulation of the original Rothermel's model (1972) is based on the assumption that a flame 

propagates with a constant speed in conditions of spatial homogeneity and in an isotropic medium. 

In nature, the advancement of the fire front is influenced by the environmental heterogeneity and by 

the anisotropy of the propagation medium, guaranteed by variations in slope, exposure, intensity, and 

direction of the wind, as well as composition, structure, and texture of the plant communities. Hence, 

many factors influence fire behaviour in wildland fuels. The four primary inputs to the fire model are 

fuels, fuel moisture, wind, and slope. Second-order variables such as temperature, humidity, shading, 

and sheltering operate through one of the four primary groups (Rothermel, 1983). The primary output 

of the model is the rate of spread, whose formulation is rooted in the principle of the conservation of 

energy applied to a unit volume of fuel ahead of an advancing fire in a homogeneous fuel bed, as 

theorised by Frandsen (1971). 
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The rate of spread can be expressed by means of an algebraic relationship between the quantity of 

heat received by the fuel, i.e. heat source, and the quantity of heat necessary to bring it to the ignition 

temperature, i.e. heat sink. The rate of spread 𝑅 of the fire front for a uniform fuel is therefore regu-

lated by the relationship described in the Equation [4.1]: 

 𝑅 =
𝐼𝑅𝜉(1 + 𝜑𝑤 + 𝜑𝑠)

𝜌𝑏휀𝑄𝑖𝑔
 [4.1] 

where the numerator 𝐼𝑅𝜉(1 + 𝜑𝑤 + 𝜑𝑠) indicates the propagating flux, i.e. the heat released from a 

fire to the fuel ahead of the fire front, and the denominator 𝜌𝑏휀𝑄𝑖𝑔 signifies the heat required to ignite 

the fuel. A comprehensive summary of the Rothermel’s model is provided in Table 4-4. 

4.1.1.1 Input parameters 

The input variables can be grouped into three categories: environmental values, fuel particle proper-

ties, and fuel array properties. Environmental values include: fuel moisture 𝑀𝑓, specified as the 

weight of water divided by the dry weight of the fuel; midflame wind speed 𝑈, the wind at the height 

that affects the surface fire; and slope steepness  𝑡𝑎𝑛𝜑. Fuel particle properties are intrinsic param-

eters to the fuel particle and include: heat content ℎ, which is the heat released during combustion; 

mineral content total 𝑆𝑡 or effective 𝑆𝑒, indicating the quantity and type of inorganic material in the 

fuel which affects the rate at which it burns; and oven-dry particle density 𝜌𝑝. Fuel array properties 

are: surface-area-to-volume ratio 𝜎, which quantifies the fuel particle size; oven-dry fuel load 𝑤0, 

including the incombustible mineral fraction; fuel bed depth 𝛿; and dead fuel moisture of extinction 

𝑀𝑥, that is the moisture at which the dead fuel will not sustain a spreading surface fire. 

Fuel bed and particle properties are classified by live and dead category (𝑖) and by size classes (𝑗) as 

defined by surface-area-to-volume ratio. The size classes are different for live and dead plant mate-

rial: live fuel components are distinguished in herbaceous (living grasses and forbs, either annual or 

perennial) and woody (foliage and very fine stems of living shrubs), whereas dead fuel components 

are classified by ascending sizes (less than 1/4 inch in diameter, equal or more than 1/4 inch but less 

than 1 inch in diameter, and equal or more than 1 inch but less than 3 inches). 

Table 4-1 Input parameters. Category is indicated by 𝑖 =  1 for dead and 𝑖 =  2 for live; size class is indicated by 𝑗. 

  Parameter Measure unit 

Fuel particle ℎ𝑖𝑗 Heat content Btu/lb 

 (𝑆𝑡)𝑖𝑗 Total mineral content (fraction) 

 (𝑆𝑒)𝑖𝑗 Effective mineral content (fraction) 

 (𝜌𝑝)
𝑖𝑗

 Oven-dry particle density lb/ft3 

Fuel bed array 𝜎𝑖𝑗 Surface-area-to-volume ratio ft2/ ft3 

 (𝑤0)𝑖𝑗 Oven-dry fuel load lb/ft2 

 𝛿 Fuel bed depth ft 

 (𝑀𝑥)𝑖𝑗 Dead fuel moisture of extinction (fraction) 

Environmental (𝑀𝑓)
𝑖𝑗

 Moisture content (fraction) 

 𝑈 Wind speed and direction at midflame height ft/min 

 𝑡𝑎𝑛𝜑 Slope steepness (fraction) 
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4.1.1.2 Weighting factors 

Fuels are composed of heterogeneous mixtures of fuel types and particle sizes. For the Rothermel’s 

model, these various size fuels are assumed to be uniformly distributed within the fuel array and this 

assumption is especially critical for the fine fuels (foliage and twigs under 1/4 inch in diameter). To 

aid in the understanding of fuel distribution, Rothermel makes use of the concept of unit fuel cell, 

which permits the mathematical representation of the fuel distribution to be referenced to a unit fuel 

cell rather than to the heterogeneous mixture of fuels. A unit fuel cell is the smallest volume of fuel 

within a stratum of mean depth that has sufficient fuel to be statistically representative of the entire 

fuel complex (Rothermel, 1972). 

The extended and revised version of the Rothermel’s model uses the weighting factors 𝑓𝑖𝑗 and 𝑓𝑖  re-

ported in Rothermel (1972) as well as the 𝑔𝑖𝑗 weighting factors developed by Albini (1976a). 

Weighting factors are based on the surface area of the fuel within each size class 𝑗 and category 𝑖. 

The mean total surface area per unit fuel cell of each size class within each category 𝐴𝑖𝑗 is determined 

from the mean load of that size class (𝑤0)𝑖𝑗 , its surface-area-to-volume ratio 𝜎𝑖𝑗, and particle density 

(𝜌𝑝)
𝑖𝑗

. 

 𝐴𝑖𝑗 =
𝜎𝑖𝑗(𝑤0)𝑖𝑗

(𝜌𝑝)
𝑖𝑗

 [4.2] 

The weighting factor 𝑓𝑖𝑗 is calculated as the ratio of the surface area of the 𝑗th size class, 𝐴𝑖𝑗, to the 

total surface area of the dead or live categories per unit fuel cell, whereas weighting factor 𝑓𝑖 is cal-

culated as the ratio of the total surface area of the dead or live categories to the total surface area per 

unit fuel cell. 

 𝑓𝑖𝑗 = 𝐴𝑖𝑗 ∑ 𝐴𝑖𝑗
𝑗

⁄  [4.3] 

 𝑓𝑖 = ∑ 𝐴𝑖𝑗
𝑗

∑ ∑ 𝐴𝑖𝑗
𝑗𝑖

⁄  [4.4] 

Fuel particle and fuel array properties are used to compute comprehensive descriptions of the fuel 

bed. The 𝑓𝑖𝑗 weighting factors are used to find characteristic values for dead and live 𝑖th categories, 

whereas the 𝑓𝑖 weighting factors are used to find fuel bed characteristic values. Albini (1976a) devel-

oped 𝑔𝑖𝑗 weighting factors for net fuel load (𝑤𝑛)𝑖 because 𝑓𝑖𝑗 factors suffered the logical flaw that 

the net fuel load is sensitive to the partitioning of the fuel load among nearly equal size classes. Hence, 

fuels are partitioned by size into six subclasses, with all members of each subclass having the same 

weighting factor. The weighting factor for a subclass 𝑔𝑖𝑗 is the fraction of the total fuel surface area 

contributed by that subclass and is equal to 0 for 𝜎 < 16 ft2/ft3. 

 
𝑔𝑖𝑗 = ∑ 𝑓𝑖𝑗

𝑠𝑢𝑏𝑐𝑙𝑎𝑠𝑠
𝑡𝑜 𝑤ℎ𝑖𝑐ℎ
𝑗 𝑏𝑒𝑙𝑜𝑛𝑔𝑠

 
[4.5] 
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4.1.1.3 Characteristic values for live and dead categories 

The net fuel load (𝑤𝑛)𝑖 of the live and dead fuel categories is calculated by summing the load of each 

of the 𝑗th size classes in the 𝑖th category (𝑤𝑛)𝑖𝑗, multiplied by the weighting factor 𝑔𝑖𝑗. The net fuel 

load (𝑤𝑛)𝑖𝑗 is the oven-dry fuel load (𝑤0)𝑖𝑗 purged of the total mineral content (𝑆𝑡)𝑖𝑗.  

 (𝑤𝑛)𝑖𝑗 = (𝑤0)𝑖𝑗(1 − (𝑆𝑡)𝑖𝑗) [4.6] 

 (𝑤𝑛)𝑖 = ∑ 𝑔𝑖𝑗(𝑤𝑛)𝑖𝑗
𝑗

 [4.7] 

Fuel particle properties for each category, such as the surface-area-to-volume ratio 𝜎𝑖, the heat content 

ℎ𝑖, the effective mineral (𝑆𝑒)𝑖 content or the moisture content (𝑀𝑓)
𝑖
 are obtained by summing the 

particle properties of each of the 𝑗th size class in the category multiplied by the weighting factor 𝑓𝑖𝑗 

as shown in The optimum packing ratio 𝛽𝑜𝑝 is a function of the surface-area-to-volume ratio 𝜎 of the 

complex. 

 𝛽𝑜𝑝 = 3.348(𝜎)−0.8189 [4.13] 

The evaluation of fuel particle properties for each category allows for the introduction of two dimen-

sionless damping coefficients having values ranging from 1 to 0, which are used for the definition of 

the fuel mineral and moisture content of each category: mineral damping coefficient (𝜂𝑠)𝑖 and mois-

ture damping coefficient (𝜂𝑀)𝑖 respectively. 

 (𝜂𝑠)𝑖 = 0.174(𝑆𝑒)𝑖
−0.19

 [4.8] 

 (𝜂𝑀)𝑖 = 1 − 2.59
(𝑀𝑓)

𝑖

(𝑀𝑥)𝑖
+ 5.11 (

(𝑀𝑓)
𝑖

(𝑀𝑥)𝑖
)

2

− 3.52 (
(𝑀𝑓)

𝑖

(𝑀𝑥)𝑖
)

3

 [4.9] 

4.1.1.4 Fuel bed characteristic values 

The characteristic surface-area-to-volume ratio 𝜎 of the complex is obtained by summing the surface-

area-to-volume ratio 𝜎𝑖 for each category and by multiplying it by the weighting factor 𝑓𝑖. 

 𝜎 = ∑ 𝑓𝑖𝜎𝑖
𝑖

 [4.10] 

Other fuel bed characteristic values are obtained by summing the particle properties of each size class 

of each category. The oven-dry bulk density 𝜌𝑏 is the sum of the oven-dry fuel loads (𝑤0)𝑖𝑗 divided 

by the fuel bed depth 𝛿. 

 𝜌𝑏 =
1

𝛿
∑ ∑ (𝑤0)𝑖𝑗

𝑗𝑖
 [4.11] 

The compactness of the fuel bed, which have significant effects upon combustibility, is quantified by 

the packing ratio 𝛽, which is defined as the fraction of the fuel array volume that is occupied by fuel 

and is computed as the ratio of the oven-dry bulk density 𝜌𝑏 to the oven-dry particle density (𝜌𝑝)
𝑖𝑗

.  
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 𝛽 = 𝜌𝑏 (𝜌𝑝)
𝑖𝑗

⁄  [4.12] 

The optimum packing ratio 𝛽𝑜𝑝 is a function of the surface-area-to-volume ratio 𝜎 of the complex. 

 𝛽𝑜𝑝 = 3.348(𝜎)−0.8189 [4.13] 

4.1.1.5 Heat source 

If computed without considering wind and slope influence, the heat source is defined by the product 

𝐼𝑅𝜉 where 𝐼𝑅 is the reaction intensity and 𝜉 is the no-wind no-slope propagating flux ratio. The reac-

tion intensity 𝐼𝑅 is the total heat release rate per unit area of fire front, and includes the heat convected, 

conducted, and radiated in all directions, not just in the direction of the adjacent potential fuel. The 

reaction intensity 𝐼𝑅 is defined as: 

 𝐼𝑅 = 𝛤′ ∑ (𝑤𝑛)𝑖ℎ𝑖(𝜂𝑀)𝑖(𝜂𝑠)𝑖
𝑖

 [4.14] 

where 𝛤′ is the optimum potential reaction velocity, (𝑤𝑛)𝑖 is the net fuel load for the 𝑖th category, ℎ𝑖 

is the heat content for the 𝑖th category, (𝜂𝑠)𝑖 and (𝜂𝑀)𝑖 are the mineral and moisture damping coef-

ficient for the 𝑖th category, Equations [4.8] and [4.9]. The optimum potential reaction velocity 𝛤′ is a 

function of the characteristic surface-area-to-volume ratio 𝜎 of the complex, Equation [4.10]: 

 𝛤′ = 𝛤′𝑚𝑎𝑥(𝛽 𝛽𝑜𝑝⁄ )
𝐴

𝑒𝑥𝑝[𝐴(1 − 𝛽 𝛽𝑜𝑝⁄ )] [4.15] 

where 𝛤′𝑚𝑎𝑥 is the maximum reaction velocity and 𝐴 is a correction factor from Albini (1976a). 

 𝛤′𝑚𝑎𝑥 = 𝜎1.5(495 + 0.0594𝜎1.5)−1 [4.16] 

 𝐴 = 133𝜎−0.7913 [4.17] 

The propagating flux ratio 𝜉 is the proportion of the total reaction intensity that actually heats adjacent 

fuel particles to the heat of preignition. The propagating flux ratio 𝜉 is a function of the packing ratio 

𝛽, Equation [4.12], and of the surface-area-to-volume ratio 𝜎 of the complex, Equation [4.10]. 

 𝜉 = (192 + 0.2595𝜎)−1𝑒𝑥𝑝[(0.792 + 0.681𝜎0.5)(𝛽 + 0.1)] [4.18] 

The propagating flux 𝐼𝑅𝜉 computed for a fire spreading on a flat ground with no wind is then multi-

plied by empirical correction factors that adjust for the influence of wind 𝜑𝑤 and slope 𝜑𝑠. The slope 

and wind factors are again a function of the characteristic surface-area-to-volume ratio 𝜎 for the fuel 

bed, Equation [4.10], and of the relative packing ratio 𝛽 𝛽𝑜𝑝⁄ . 

 𝜑𝑠 = 5.275𝛽−0.3(tan 𝜑)2 [4.19] 

 𝜑𝑤 = 𝐶𝑈𝐵(𝛽 𝛽𝑜𝑝⁄ )
−𝐸

 [4.20] 

where 𝑡𝑎𝑛𝜑 is the slope steepness, 𝑈 is the midflame wind speed, whereas 𝐶, 𝐵, and 𝐸 are empirical 

correction factors function of the characteristic surface-area-to-volume ratio 𝜎 for the fuel bed. 
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 𝐶 = 7.47𝑒𝑥𝑝(−0.133𝜎0.55) [4.21] 

 𝐵 = 0.02526𝜎0.54 [4.22] 

 𝐸 = 0.715𝑒𝑥𝑝(−0.000359𝜎) [4.23] 

4.1.1.6 Heat sink 

The heat sink 𝜌𝑏휀𝑄𝑖𝑔, Equation [4.24], is the heat required for ignition and depends on the ignition 

temperature, moisture content of the fuel, and the amount of fuel involved in the ignition process. It 

is defined as the product of the heat of preignition 𝑄𝑖𝑔 and the effective bulk density 𝜌𝑏휀. The heat of 

preignition 𝑄𝑖𝑔, which is the amount of heat required to ignite per unit mass, is evaluated analytically 

for cellulosic fuels by considering the change in specific heat from ambient to ignition temperature 

and the latent heat of vaporization of the fuel moisture 𝑀𝑓. The effective bulk density 𝜌𝑏휀 is the 

amount of fuel involved in the ignition process and is computed as the bulk density 𝜌𝑏 times an 

effective heating number 휀, a dimensionless number that approaches unity for fine fuels and decreases 

toward 0 as fuel size increases. 

 𝜌𝑏휀𝑄𝑖𝑔 = 𝜌𝑏 ∑ 𝑓𝑖 ∑ 𝑓𝑖𝑗[𝑒𝑥𝑝(−138 𝜎𝑖𝑗⁄ )]
𝑗𝑖

(𝑄𝑖𝑔)
𝑖𝑗

 [4.24] 

where (𝑄𝑖𝑔)
𝑖𝑗

 is the heat of preignition for the 𝑗th size class within the 𝑖th category: 

 (𝑄𝑖𝑔)
𝑖𝑗

= 250 + 1116(𝑀𝑓)
𝑖𝑗

 [4.25] 

Table 4-2 Characteristic values for live and dead categories. 

Parameter  Measure unit 

Net fuel load (𝑤𝑛)𝑖 = ∑ 𝑔𝑖𝑗(𝑤0)𝑖𝑗(1 − (𝑆𝑡)𝑖𝑗)
𝑗

 lb/ft2 

Heat content ℎ𝑖 = ∑ 𝑓𝑖𝑗ℎ𝑖𝑗
𝑗

 Btu/lb 

Effective mineral content (𝑆𝑒)𝑖 = ∑ 𝑓𝑖𝑗(𝑆𝑒)𝑖𝑗
𝑗

 (dimensionless) 

Mineral damping coefficient (𝜂𝑠)𝑖 = 0.174(𝑆𝑒)𝑖
−0.19

 (dimensionless) 

Moisture content (𝑀𝑓)
𝑖

= ∑ 𝑓𝑖𝑗(𝑀𝑓)
𝑖𝑗𝑗

 (dimensionless) 

Moisture damping coefficient (𝜂𝑀)𝑖 = 1 − 2.59(𝑟𝑀)𝑖 + 5.11(𝑟𝑀)𝑖
2

− 3.52(𝑟𝑀)𝑖
3
 (dimensionless) 

 (𝑟𝑀)𝑖 = (𝑀𝑓)
𝑖

(𝑀𝑥)𝑖⁄  (dimensionless) 

Live fuel moisture of extinction (𝑀𝑥)2 = 2.9𝑊(1 − 𝑀𝑓,𝑑𝑒𝑎𝑑 (𝑀𝑥)1⁄ ) − 0.226 (dimensionless) 

Dead-to-live load ratio 𝑊 =
𝛴𝑗(𝑤0)1𝑗𝑒𝑥𝑝(−138 𝜎1𝑗⁄ )

𝛴𝑗(𝑤0)2𝑗𝑒𝑥𝑝(−500 𝜎2𝑗⁄ )
 (dimensionless) 

Fine dead fuel moisture 𝑀𝑓,𝑑𝑒𝑎𝑑 =
𝛴𝑗(𝑀𝑓)

1𝑗
(𝑤0)1𝑗𝑒𝑥𝑝(−138 𝜎1𝑗⁄ )

𝛴𝑗(𝑤0)1𝑗𝑒𝑥𝑝(−138 𝜎1𝑗⁄ )
 (dimensionless) 
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Table 4-3 Characteristic values for the entire fuel bed 

Parameter  Measure unit 

Surface-area-to-volume ratio 𝜎 = ∑ 𝑓𝑖 ∑ 𝑓𝑖𝑗𝜎𝑖𝑗
𝑗𝑖

 ft2/ft3 

Oven-dry bulk density 𝜌𝑏 =
1

𝛿
∑ ∑ (𝑤0)𝑖𝑗

𝑗𝑖
 lb/ft3 

Packing ratio 𝛽 = 𝜌𝑏 (𝜌𝑝)
𝑖𝑗

⁄  fraction 

Optimum packing ratio 𝛽𝑜𝑝 = 3.348𝜎(−0.8189) (dimensionless) 

Table 4-4 Summary of the surface fire spread model’s equations for heterogeneous wildland fuels. 

Parameter  Measure unit 

Maximum reaction velocity 𝛤′𝑚𝑎𝑥 = 𝜎1.5(495 + 0.06𝜎1.5)−1 1/min 

Optimum reaction velocity 𝛤′ = 𝛤′𝑚𝑎𝑥(𝛽 𝛽𝑜𝑝⁄ )
𝐴

𝑒𝑥𝑝[𝐴(1 − 𝛽 𝛽𝑜𝑝⁄ )] 1/min 

 𝐴 = 133𝜎−0.79 (dimensionless) 

Reaction intensity 𝐼𝑅 = 𝛤′ ∑ (𝑤𝑛)𝑖ℎ𝑖(𝜂𝑀)𝑖(𝜂𝑠)𝑖
𝑖

 Btu/ft2/min 

Propagating flux ratio 𝜉 = (192 + 0.26𝜎)−1𝑒𝑥𝑝[(0.79 + 0.68𝜎0.5)(𝛽 + 0.1)] (dimensionless) 

Heat of preignition for each size class (𝑄𝑖𝑔)
𝑖𝑗

= 250 + 1116(𝑀𝑓)
𝑖𝑗

 Btu/lb 

Effective heating number 휀 = 𝑒𝑥𝑝(−138 𝜎𝑖𝑗⁄ ) (dimensionless) 

Heat sink 𝜌𝑏휀𝑄𝑖𝑔 = 𝜌𝑏 ∑ 𝑓𝑖 ∑ 𝑓𝑖𝑗
𝑗𝑖

휀(𝑄𝑖𝑔)
𝑖𝑗

 Btu/ft3 

Rate of spread, no-wind no-slope 𝑅0 =
𝐼𝑅𝜉

𝜌𝑏휀𝑄𝑖𝑔
 ft/min 

 𝑅 = 𝑅0(1 + 𝜑𝑤 + 𝜑𝑠) ft/min 

Slope factor 𝜑𝑠 = 5.275𝛽−0.3(tan 𝜑)2 (dimensionless) 

Wind factor 𝜑𝑤 = 𝐶𝑈𝐵(𝛽 𝛽𝑜𝑝⁄ )
−𝐸

 (dimensionless) 

 𝐶 = 7.47𝑒𝑥𝑝(−0.133𝜎0.55) (dimensionless) 

 𝐵 = 0.025𝜎0.54 (dimensionless) 

 𝐸 = 0.715𝑒𝑥𝑝(−0.000359𝜎) (dimensionless) 

Rate of spread 𝑅 =
𝐼𝑅𝜉(1 + 𝜑𝑤 + 𝜑𝑠)

𝜌𝑏휀𝑄𝑖𝑔
 ft/min 

4.1.1.7 Related model 

Diverse mathematical models are commonly associated with the Rothemel’s model. Byram (1959) 

developed a model for estimating the fireline intensity 𝐼𝐵 as a function of the rate of spread 𝑅, the 

reaction intensity 𝐼𝑅, and the residence time 𝑡𝑟 computed according to H. E. Anderson (1969). 

 𝐼𝐵 = 𝐼𝑅(384 𝜎⁄ ) 𝑅 60⁄  [4.26] 

From the fireline intensity 𝐼𝐵, Byram (1959) derived the equation for estimating the flame length 𝐹𝐵. 
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 𝐹𝐵 = 0.45𝐼𝐵
0.46 [4.27] 

Table 4-5 Models related to the Rothermel’s surface fire spread model.  

Parameter  Measure unit 

Residence time 𝑡𝑟 = 384 𝜎⁄  min 

Fireline intensity 𝐼𝐵 = 𝐼𝑅𝑡𝑟𝑅 60⁄  Btu/ft/s 

Flame length 𝐹𝐵 = 0.45𝐼𝐵
0.46 ft 

4.1.2 Directions of fire spread 

The Rothermel’s model for predicting spread in wildland fuels has been specifically developed for 

upslope spread with the wind. Adaptations have been made to find maximum rate of spread, fireline 

intensity, and flame length when the wind is not blowing upslope and the fire spreads in directions 

other than maximum. Vector addition is mostly used to model fire spread with other than upslope 

wind. 

At a time 𝑡 after ignition, the magnitude and direction of the vector sum 𝐷ℎ for the two vectors 𝐷𝑠 

and 𝐷𝑤 will represent the rate of spread 𝑅ℎ in the direction 𝛼, relative to upslope (Figure 4-1). Let be 

the vectors 𝐷𝑠 and 𝐷𝑤 function of the rate of spread for a fire propagating on a flat ground with no 

wind 𝑅0 (Table 4-4) and of the empirical correction factors for slope 𝜑𝑠, Equation [4.19], and wind 

𝜑𝑤, Equation [4.20]. 

 𝐷𝑠 = 𝑅0𝜑𝑠𝑡 [4.28] 

 𝐷𝑤 = 𝑅0𝜑𝑤𝑡 [4.29] 

The magnitude and direction relative to upslope of the resultant vector are defined by 𝐷ℎ and 𝛼. 

 𝐷ℎ = √(𝐷𝑠 + 𝐷𝑤 cos 𝜔)2 + (𝐷𝑤 sin 𝜔)2 [4.30] 

 𝛼 = sin−1(|𝐷𝑤 sin 𝜔| 𝐷ℎ⁄ ) [4.31] 

The rate of spread 𝑅ℎ in the direction 𝛼, relative to upslope is computed as: 

 𝑅ℎ = 𝑅0 + 𝐷ℎ 𝑡⁄  [4.32] 

 

Figure 4-1 Vector addition to compute the fire’s spread rate when wind is not blowing upslope. Credits: Andrews, 2018. 
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The effective wind factor 𝜑𝑒 in the direction of the maximum rate of spread is extrapolated from the 

rate of spread 𝑅ℎ in the direction 𝛼, relative to upslope, according to the Equation [4.41]. Hence, the 

effective wind speed 𝑈𝑒 can be derived from the Equation [4.20] as a function of effective wind factor 

𝜑𝑒 and the relative packing ratio 𝛽 𝛽𝑜𝑝⁄ , Equations [4.12] and [4.13]. 

 𝜑𝑒 = 𝜑𝑠 + 𝜑𝑤 [4.33] 

 𝜑𝑒 = (𝑅ℎ 𝑅0⁄ ) − 1 [4.34] 

 𝑈𝑒 = (
𝜑𝑒(𝛽 𝛽𝑜𝑝⁄ )

𝐸

𝐶
)

1
𝐵⁄

 [4.35] 

4.1.2.1 Fire spread from the ignition point 

The ellipse is traditionally used as growth model for the development of a fire spreading in homoge-

neous conditions (i.e. constant wind velocity, uniform fuel, flat or uniformly sloping terrain) in either 

continuous or discontinuous fuels (D. H. Anderson et al., 1982; Catchpole et al., 1992; Glasa and 

Halada, 2011). An elliptical shape implies a variation in the spread rate at different angles to the 

prevailing wind direction (Figure 4-2). 

The length-to-width ratio of the ellipse 𝑍, which is determined from the effective wind speed 𝑈𝑒, 

Equation [4.35], allows to compute the eccentricity 𝑒 of the ellipse: 

 𝑍 = 1 + 0.25𝑈𝑒 [4.36] 

 𝑒 =
√(𝑍2 − 1)

𝑍
 [4.37] 

The rate of spread 𝑅𝛾 in a direction 𝛾 from the ignition point depends on the rate of spread 𝑅ℎ in the 

direction 𝛼, relative to upslope, Equation [4.32]. 

 𝑅𝛾 =
𝑅ℎ(1 − 𝑒)

(1 − 𝑒 cos 𝛾)
 [4.38] 

 

Figure 4-2 Computation of the rate of spread in a direction 𝛾 from the ignition point with respect to the direction of 

maximum spread. Fire spreading from a single ignition point is assumed to be elliptically shaped. Credits: Andrews, 2018. 

Two exceptions are represented by the rate of spread of the heading fire which is equal to 𝑅ℎ and the 

rate of spread of the backing fire 𝑅𝑏. 
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 𝑅𝑏 =
𝑅ℎ(1 − 𝑒)

(1 + 𝑒)
 [4.39] 

4.1.2.2 Fire spread from the fire perimeter 

The rate of fire spread and the intensity along the fire perimeter are described by Catchpole et al. 

(Catchpole et al., 1992) Given the direction from the ignition point 𝛾, it is possible to find the asso-

ciated direction normal to the perimeter 𝜓 and the rate of spread in that direction 𝑅ψ by means of the 

direction 𝜃 measured from the centre of the ellipse. Let 𝑎 be the semi-major axis, 𝑏 the semi-minor 

axis, and 𝑐 the distance between the ignition point and the centre of the ellipse: 

 𝜓 = tan−1(𝑎 𝑏 tan 𝜃⁄ ) [4.40] 

 𝑅𝜓 = 𝑐 cos 𝜓 + (𝑎2 cos2 𝜓 + 𝑏2 sin2 𝜓)0.5 [4.41] 

 

Figure 4-3 Computation of the rate of spread in a direction 𝜓 form the fire growth perimeter with respect to the direction 

of maximum spread. Credits: Andrews, 2018. 

4.2 Fire growth models 

Sullivan (2009c) and, then, Papadopoulos and Pavlidou (2011) conducted comparative reviews on 

simulation and mathematical analogue models, which implement both the previous classes of models, 

physical and empirical. Fire simulators currently implement fire growth models based on two differ-

ent approaches for fire growth representation: (i) the first, described in the literature as vector imple-

mentation, treats the fire perimeter as a closed curve discretised through a number of points, each 

one expanding based on the given spread model; (ii) the second, described in the literature as raster 

implementation, treats the fire as a group of mainly contiguous independent cells that grows in num-

ber simulating the spread mechanism from a cell to its neighbours. The fire propagation across the 

landscape is then carried out using different expansion algorithms, e.g. the Huygens’ wavelet princi-

ple or a nearest neighbour algorithm, which are commonly exclusively tied to vector or raster imple-

mentations, even though hybrid implementations are equally possible. 
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4.2.1 Vector implementation 

Vector implementations are mainly based on the Huygens’ wavelet principle, which states that each 

point on the flame front becomes a new source of fire spread and growth. New ignitions around the 

perimeter are assumed to ignite simultaneously and to not interact with each other. The outer shape 

formed by all individual fires after a given time ∆𝑡 constitutes the new fire perimeter, which is in turn 

further discretised into new ignitions and then expanded. 

 

Figure 4-4 Fire growth under constant wind speed and direction conditions according to the Huygens’ wavelet principle: 

initial elliptical fire perimeter (inner) and new fire perimeter (outer) represented by the envelope of the secondary ellip-

ses. Credits: Glasa and Halada, 2008. 

The Huygens’ wavelet principle has been first proposed in the context of fire growth simulation by 

D. H. Anderson et al. (1982), who used an ellipse to define the shape of the fire perimeter, with the 

major axis aligned in the direction of the maximum rate of spread. The ellipse shape has been found 

to adequately describe the propagation of wildland fires burning unhindered for considerable amount 

of time (D. H. Anderson et al., 1982). However, Glasa and Halada (2011) recently proved diverse 

real cases of fire spread to be accurately represented by diverse mathematical shapes, such as single 

ellipse, double ellipse, oval, tear drop, lemniscate, or other complex shapes. Richards (1995) provided 

mathematical formulations for the spread rate as a function of the angle from the direction of maxi-

mum rate of spread for various observed shapes. Analytical solutions for the modelling approach 

based on the Huygens’ wavelet principle and based on the elliptic template of D. H. Anderson et al. 

(1982) have been implemented into some of the most commonly used software for fire behaviour 

modelling, such as FARSITE (Finney, 1998) or the Canadian Wildland Fire Growth Model, Prome-

theus (Tymstra et al., 2010).  

According to Sullivan (2009c), the Huygens’ wavelet principle showed only small distortion of the 

fire perimeter when spreading in homogeneous fuel and weather conditions, while introducing errors 

and distortions in heterogenous and dynamic environments. Changes in conditions during the propa-

gation period ∆𝑡 cause the modelled fire perimeter to over- or under-predict the fire growth because 

those changes are not reflected in the predicted perimeter. Thus, some form of spatial and temporal 

discretization is required to account for landscape and weather non-homogeneity. Finney (1998) ef-

fectively limited the impact of this distortion by reducing the length of the propagation period ∆𝑡. 

The main weakness of vector implementations is the need for a computationally expensive algorithm 

for generating the growingly complex convex hull fire-spread perimeter at each time step (Ghisu et 

al., 2015; Glasa and Halada, 2008). 
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4.2.2 Raster implementation 

Raster implementations represent the fire growth by means of groups of contiguous cells that can be 

either active or inactive (either burnt or unburnt). An expansion algorithm or a set of rules, usually 

based on minimum travel time methods, define the mechanism of interactions between cells and the 

environment, posing the basis for simulating the fire growth. This approach is typically described in 

terms of cellular automata, discrete computational models which consist of a regular two-dimensional 

array of cells, each in one of a finite number of states. The complexity of wildland fire spread dynam-

ics is traditionally simulated as a stochastic process, in which the propagation of the fire front towards 

neighbouring cells is modelled via a probabilistic approach (Alexandridis et al., 2008; Freire and 

Castro DaCamara, 2018; Ntinas et al., 2017; Trucchia et al., 2020). Less common is the use of deter-

ministic models, where the fire behaviour is controlled by means of the application of pre-existing 

physical, mathematical, or empirical fire spread models as rules for simulating the fire growth within 

a cellular automaton (Encinas et al., 2007; Ghisu et al., 2014, 2015; Trunfio et al., 2011). 

Approaches based on raster implementations tend to be computationally more efficient but can suffer 

from significant distortion of the produced fire shape. Under homogeneous geo-environmental con-

ditions, the heading portion of the fire front tends to be angular rather than rounded due to the con-

straints of the grid cell restriction to a fixed number of directions of movement, which is determined 

by the chosen neighbourhood (Ghisu et al., 2015; Karafyllidis and Thanailakis, 1997). The use of 

larger neighbourhoods partly allows to mitigate the distortion of the theoretically elliptic shape but 

the use of indefinitely large neighbourhoods comes at the cost of larger computational costs and still 

results in errors under heterogeneous geo-environmental conditions (Finney, 2002). Hexagonal grid 

cells have been proven to suffer from the same distortion suffered by traditional square grid cells 

(Encinas et al., 2007). Trunfio et al. (2011) effectively mitigated the problem of distortion and pro-

duced shapes more closely resembling the theoretically elliptic shape by proposing a hybrid raster-

vector implementation, where local ellipse expands from each cell towards the neighbouring cells 

without restricting the location of the ignition points to the cell centres. Ghisu et al. (2015) proposed 

a cellular automaton approach which approximates the expected elliptical fire shapes more closely 

than other similar techniques by applying to the Rothermel’s equations some empirical corrections 

factors defined as a result of an optimization process. More recently, Trucchia et al. (2020) developed 

a stochastic cellular automaton model for simulating fire growth with a good overall performance in 

very heterogeneous geo-environmental conditions. The agreement with real-world test cases is satis-

fying but the level of conformity to the expected elliptical patterns is not declared. 

Advantages of raster implementations over vector implementations include simpler implementation, 

better portability to parallel computing environments, and higher computational efficiency. 

 





 

 

Chapter 5 

Drivers of surface fire behaviour 

The development of spatial simulation models of wildland surface fire behaviour requires a deep 

comprehension of the spatiotemporal variability over the landscape of the factors that control the fire 

behaviour and represent the input parameters for the Rothermel’s equations. Most fire behaviour 

models imply the use of information ideally referring to the conditions existing little before the fire 

ignition. The real time estimation of the drivers of surface fire behaviour poses major challenges to 

the operational application of the existing models for fire behaviour simulation and prediction. The 

conventional on-the-spot sampling approach of the models’ input parameters is not a viable solution 

in the emergency context of an ongoing wildland fire event, with the only rare exception of prear-

ranged field sampling campaigns. Rothermel (1972) argued that the application of its mathematical 

model to forecasting the behaviour of ongoing wildfire calls for the need of a technique for continuous 

monitoring and rapid updating of fuel characteristics and weather conditions according with their 

high spatiotemporal variability. Over the last decades, improvements in geospatial technology have 

catalysed a substantial proliferation of applications in fire sciences (Panda et al., 2016). The applica-

tion of remote sensing technologies for earth observation purposes has turned out to be extremely 

useful in the development of early fire and smoke detection and warning systems (Alkhatib, 2014; 

Barmpoutis et al., 2020). Moreover, the huge amount of remotely sensed data and their increasingly 

higher spatiotemporal resolution, together with the growing diffusion of machine learning tech-

niques for their massive analysis, opened the way for a deeper examination and a continuous moni-

toring of the most critical factor influencing fire ignition and behaviour (Chowdhury and Hassan, 

2013; Sayad et al., 2019; Valdez et al., 2017). Remote sensing methodologies, making use of either 

airborne or spaceborne active and passive sensors, provide exceptional advantages over traditional 

methods for the estimation of environmental variables, especially in an operational context. Polar 

orbiting and geostationary weather satellites offer the opportunity to monitor atmospheric conditions 

with suitable spatiotemporal resolution, independently form the location of weather stations with re-

spect to the site of the fire ignition. Moreover, remotely sensed data coupled with appropriate image 

processing techniques allow for the production and updating of inventories of fuel characteristics over 

large regions with unprecedented regularity. 

Drivers of fire spread can be distinguished in geomorphometrical variables, meteorological condi-

tions, and a comprehensive set of fuel characteristics. According to the requirements of the Rother-

mel’s model, drivers will be organised and presented here as: (i) fuel models, a mathematical repre-

sentation of fuel bed and particle properties, (ii) fuel moisture content, the fraction of water content 

of live and dead components, variously affected by weather conditions, and (iii) wind speed and di-

rection at midflame height, which in turn vary in response to the complexity of the underlying topog-

raphy and vegetation cover. 
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5.1 Fuel models 

The application of the Rothermel’s mathematical model requires the estimation of an ensemble of 

fuel particles and fuel bed properties which, depending on the variability of environmental conditions 

can result in a vast amount of arrangements and combinations. However, Rothermel (1972) identified 

in the existing patterns in the spatial distribution of vegetation the key to simplify the inventory pro-

cess. The vegetation cover can be interpreted as a juxtaposition of homogeneous areas in terms of 

structure, texture, and specific composition. The set of chemical and physical properties that charac-

terize these homogeneous units of vegetation can be readily determined in the laboratory and assem-

bled in a mathematical representation of the surface fuels that should have wide applicability. 

“On-the-spot sampling of all input parameters is costly, time consuming, and tedious. Cataloguing fuel prop-

erties and relating them to observable site characteristics does not eliminate the fuel sampling process, but it 

will permit a wide application of sampling results. These results can be further refined for use in the mathe-

matical model by assembling them into fuel models that represent typical field situations. Such fuel models 

contain a complete set of inputs for the mathematical fire spread model.” (Rothermel, 1972) 

5.1.1 Standard fuel models 

The concept of fuel model has been introduced by Rothermel (1972) and refers to a numerical de-

scription of the fuel properties that characterise a uniform vegetation unit in terms of its influence on 

the surface fire behaviour. With the assumptions of homogeneity and continuity of the fuel bed, 

Rothermel initially described 11 standard fuel models. This original set has been reviewed and ex-

panded by Albini (1976), who refined those 11 fuel models and added 2 more (Table 5-1). The 13 

standard fuel models have been organized into 4 major categories (i.e. grass, shrub, timber, and slash) 

and later described in detail by H. E. Anderson (1982). Each fuel model is characterised by a set of 

descriptors that are categorised as fuel particle properties and fuel bed properties. Fuel particle prop-

erties are generally treated as constants and describe the fuel heat content, its oven-dry particle den-

sity, and its total and effective mineral content. Fuel bed properties include the thickness or height 

of the fuel bed depth engulfed by the flame front, the moisture of extinction of the dead fuel (i.e. a 

value of the percentage moisture content capable of suppressing the rate of spread), and parameters 

specific for each live and dead size class, such as the oven-dry fuel load and the surface-area-to-

volume ratio. Fuels are described for the Rothermel’s model by live and dead category and by size 

classes as defined by surface-area-to-volume ratio. The size classes are different for live and dead 

plant material: live fuel components are distinguished in herbaceous (living grasses and forbs, either 

annual or perennial) and woody (foliage and very fine stems of living shrubs), whereas dead fuel 

components are classified by ascending time lags (1 h, 10 h, and 100 h). The time lag can be defined 

as the time interval necessary for a dead fuel particle to lose 63% of the difference between its initial 

moisture content and the equilibrium moisture content, that is a function of the atmospheric temper-

ature and relative humidity. The time lag is equal to 1 h for fuel particles less than 1/4 inch in diameter, 

10 h for fuel particles equal or more than 1/4 inch but less than 1 inch in diameter, and 100 h for fuel 

particles equal or more than 1 inch but less than 3 inches. Fine dead fuels (1 h time lag) have a higher 

surface-area-to-volume ratio than 10 h and 100 h time lag fuels, and they respond more rapidly to 

changes in the environmental conditions.  
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Table 5-1 Standard fuel models (Albini, 1976a; Rothermel, 1972). 

Fuel 
Model 

Fuel load 
1h [lb/ft²] 

Fuel load 
10h 
[lb/ft²] 

Fuel load 
100h 
[lb/ft²] 

Fuel load 
live herb 
[lb/ft²] 

Fuel load 
live wood 
[lb/ft²] 

SAVR 1h 
[ft2/ft3] 

Fuel bed 
depth 
[ft] 

Dead fuel 
moisture 
of extinc-
tion [%] 

Heat con-
tent 
[Btu/lb] 

GRs1 0.034 0.000 0.000 0.000 0.000 3500 1.0 12 8000 

GRs2 0.092 0.046 0.023 0.023 0.000 3000 1.0 15 8000 

GRs3 0.138 0.000 0.000 0.000 0.000 1500 2.5 25 8000 

SHs4 0.230 0.184 0.092 0.000 0.230 2000 6.0 20 8000 

SHs5 0.046 0.023 0.000 0.000 0.092 2000 2.0 20 8000 

SHs6 0.069 0.115 0.092 0.000 0.000 1750 2.5 25 8000 

SHs7 0.052 0.086 0.069 0.000 0.017 1750 2.5 40 8000 

TLs8 0.069 0.046 0.115 0.000 0.000 2000 0.2 30 8000 

TLs9 0.134 0.019 0.007 0.000 0.000 2500 0.2 25 8000 

TLs10 0.138 0.092 0.230 0.000 0.092 2000 1.0 25 8000 

SBs11 0.069 0.207 0.253 0.000 0.000 1500 1.0 15 8000 

SBs12 0.184 0.644 0.759 0.000 0.000 1500 2.3 20 8000 

SBs13 0.322 1.058 1.288 0.000 0.000 1500 3.0 25 8000 

The 13 standard fuel models have been originally designed for severe period of the fire season when 

surface fire events pose major control problems, but Scott and Burgan (2005) called for the necessity 

of simulating the effects of prescribed burning and fuel treatments on potential fire behaviour as well 

as of simulating the potential transition to crown fire, especially in timber-dominated conditions. They 

identified the need for fuel models appropriate for not fully cured grassy fuels and applicable in con-

ditions of relatively high fuel moisture content. Moreover, they focused on developing fuel models 

leading to an increased precision in crown fire behaviour prediction, according to the conditions for 

the start and spread of crown fire defined by Van Wagner (1977). Scott and Burgan (2005) therefore 

expanded the original 13 standard fuel models by developing a comprehensive set of 40 fuel models 

for use with the Rothermel’s surface fire behaviour model (Table 5-2). Among the set of 40 fuel 

models, those that possess a live herbaceous component are defined as dynamic. In dynamic fuel 

models, a fraction of fuel herbaceous load, ranging from 0 to 1, is transferred from the live to the 

dead category depending on the live herbaceous moisture content in order to represent curing. The 

portion of fuel load transferred is inversely proportional to the live herbaceous moisture content if it 

assumes values between 30% and 120%, indicating that fuel is partly cured. No live herbaceous fuel 

is transferred if live herbaceous moisture content is equal to 120% or higher, meaning that fuel is 

uncured, whereas all live herbaceous fuel is transferred to dead if live herbaceous moisture content is 

30% or lower, meaning that fuel is fully cured. Based on the physiognomy of the plant communities 

and the type of plant material mainly involved in surface fire spread, the 40 fuel models are grouped 

into 6 broad categories: grasslands (GR), grasslands with shrubs (GS), shrublands (SH), timber un-

derstory (TU), timber litter (TL) or sparse wood with accumulation of necromass on the ground from 

residues of forestry uses, slash, or blowdown (SB). Land covered by permanent snow, ice, and open 

water bodies, land devoid of enough fuel to support wildland fire spread, such as sand dunes and rock 

outcroppings, and land covered by urban and suburban development and some agricultural land such 

as irrigated annual crops, mowed or tilled orchards, are classified as non-burnable areas (NB). 
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Table 5-2 Dynamic fuel models (Scott and Burgan, 2005). 

Fuel 
Model 

Fuel 
loading 
1h 
[lb/ft²] 

Fuel 
loading 
10h 
[lb/ft²] 

Fuel 
loading 
100h 
[lb/ft²] 

Fuel 
loading 
live herb 
[lb/ft²] 

Fuel 
loading 
live wood 
[lb/ft²] 

SAVR 
1h 
[ft2/ft3] 

Fuel 
bed 
depth 
[ft] 

Dead fuel 
moisture of 
extinction 
[%] 

Heat 
content 
[Btu/lb] 

GR1 0.005 0.000 0.000 0.014 0.000 2200 0.40 15 8000 

GR2 0.005 0.000 0.000 0.046 0.000 2000 1.00 15 8000 

GR3 0.005 0.018 0.000 0.069 0.000 1500 2.00 30 8000 

GR4 0.011 0.000 0.000 0.087 0.000 2000 2.00 15 8000 

GR5 0.018 0.000 0.000 0.115 0.000 1800 1.50 40 8000 

GR6 0.005 0.000 0.000 0.156 0.000 2200 1.50 40 9000 

GR7 0.046 0.000 0.000 0.248 0.000 2000 3.00 15 8000 

GR8 0.023 0.046 0.000 0.335 0.000 1500 4.00 30 8000 

GR9 0.046 0.046 0.000 0.413 0.000 1800 5.00 40 8000 

GS1 0.009 0.000 0.000 0.023 0.030 2000 0.90 15 8000 

GS2 0.023 0.023 0.000 0.028 0.046 2000 1.50 15 8000 

GS3 0.014 0.011 0.000 0.067 0.057 1800 1.80 40 8000 

GS4 0.087 0.014 0.005 0.156 0.326 1800 2.10 40 8000 

SH1 0.011 0.011 0.000 0.007 0.060 2000 1.00 15 8000 

SH2 0.062 0.110 0.034 0.000 0.177 2000 1.00 15 8000 

SH3 0.021 0.138 0.000 0.000 0.285 1600 2.40 40 8000 

SH4 0.039 0.053 0.009 0.000 0.117 2000 3.00 30 8000 

SH5 0.165 0.096 0.000 0.000 0.133 750 6.00 15 8000 

SH6 0.133 0.067 0.000 0.000 0.064 750 2.00 30 8000 

SH7 0.161 0.243 0.101 0.000 0.156 750 6.00 15 8000 

SH8 0.094 0.156 0.039 0.000 0.200 750 3.00 40 8000 

SH9 0.207 0.112 0.000 0.071 0.321 750 4.40 40 8000 

TU1 0.009 0.041 0.069 0.009 0.041 2000 0.60 20 8000 

TU2 0.044 0.083 0.057 0.000 0.009 2000 1.00 30 8000 

TU3 0.051 0.007 0.011 0.030 0.051 1800 1.30 30 8000 

TU4 0.207 0.000 0.000 0.000 0.092 2300 0.50 12 8000 

TU5 0.184 0.184 0.138 0.000 0.138 1500 1.00 25 8000 

TL1 0.046 0.101 0.165 0.000 0.000 2000 0.20 30 8000 

TL2 0.064 0.106 0.101 0.000 0.000 2000 0.20 25 8000 

TL3 0.023 0.101 0.129 0.000 0.000 2000 0.30 20 8000 

TL4 0.023 0.069 0.193 0.000 0.000 2000 0.40 25 8000 

TL5 0.053 0.115 0.202 0.000 0.000 2000 0.60 25 8000 

TL6 0.110 0.055 0.055 0.000 0.000 2000 0.30 25 8000 

TL7 0.014 0.064 0.372 0.000 0.000 2000 0.40 25 8000 

TL8 0.266 0.064 0.051 0.000 0.000 1800 0.30 35 8000 

TL9 0.305 0.152 0.191 0.000 0.000 1800 0.60 35 8000 

SB1 0.069 0.138 0.505 0.000 0.000 2000 1.00 25 8000 

SB2 0.207 0.195 0.184 0.000 0.000 2000 1.00 25 8000 

SB3 0.253 0.126 0.138 0.000 0.000 2000 1.20 25 8000 

SB4 0.241 0.161 0.241 0.000 0.000 2000 2.70 25 8000 

  



Section 5.1 Fuel models 

41 

5.1.2 Custom fuel models 

The set of 13 standard fuel models has been developed to represent a large portion of forests, brush 

fields, and grasslands found in the temperate climates of North America by cataloguing fuel bed and 

particle properties directly measured in the field (Rothermel, 1972). Conversely, the additional 40 

fuel models have been defined by assigning fuel particle and fuel bed properties after subjective in-

terpretation of fuel complex data and visual inspection of the stereo photo series produced by the 

National Interagency Fire Center of the United States between 1998 and 2003 (Scott and Burgan, 

2005). Since fuel models are based on physico-chemical properties of plant communities, each fuel 

model can theoretically represent various vegetation types with comparable physico-chemical prop-

erties regardless of the biome or the phytochorion (phytogeographic region) they belong to or their 

specific floristic composition. However, due to their empirical nature, it is still unclear to what extent 

standard and dynamic models are applicable to plant communities different from those they have 

been assembled and tailored for. Even though the development of the 40 additional fuel models, there 

is no guarantee that they can match all fuel situations and it is unclear to what extent such an extrap-

olation might result in biased outcomes (Salis et al., 2016). 

All the 53 fuel models are currently integrated into most of the available fire behaviour simulation 

models and those of them based on the BEHAVE system (Andrews, 1986; Burgan and Rothermel, 

1984) enable the use of custom fuel models instead of, or together with, standard and dynamic fuel 

models. The process of developing a custom fuel model, as described by Burgan and Rothermel 

(1984), is in all respects a modelling process which involves collecting field data, exercising the fire 

model, and comparing results to observed fire behaviour. It is not simply a matter of using raw data 

measured in the field. 

Several custom fuel models have been designed for the European Mediterranean-type climate regions 

in order to fulfil the need for fuel models synthesising conditions potentially not satisfied by the 

standard and dynamic fuel models (Sebastián López et al., 2002) (Table 5-3). Conversely to the ap-

proach of Scott and Burgan (2005), who obtained fuel properties data from photointerpretation, the 

most frequent approach to the design of custom fuel models is to collect fuel bed and particle prop-

erties from field sampling and to perform a cluster analysis to aggregate these samples in clusters 

characterised by significantly different fuel bed and particle properties. Dimitrakopoulos (2002) iden-

tified 7 custom fuel models by analysing 181 field samples representative of the dominant Mediter-

ranean vegetation types of Greece, ranging from grasslands to closed-timber of Mediterranean pine 

species, including typical shrublands such as the maquis (evergreen-sclerophyllous shrublands) or the 

phrygana (a complex of small, xeric shrubs up to 0.5 m height). Fernandes (2009) analysed the clas-

sification of 19 forest types of Portugal (Godinho-Ferreira et al., 2005) by assigning them specific 

fuel properties collected in the literature and grouped them into 4 clusters according to their effect on 

surface fire behaviour spread rate, intensity, and potential crowning. Duce et al. (2012) presented 4 

additional custom fuel models representative of a wide range of Mediterranean shrublands in Sar-

dinia, Italy and Corsica, France, from low and open maquis to high, mature, and close maquis. Elia 

et al. (2015) summarised forest types and shrublands into 4 site-specific custom fuel models by per-

forming a hierarchical cluster analysis on 72 field sampling sites in Apulia, Italy. Rodríguez y Silva 

and Molina-Martínez (2012) defined a complete set of 40 custom fuel models tailored for Andalusia, 

Spain, but declared to be suitable for the application to other European Mediterranean countries, such 
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as Portugal, Italy, or Greece. Indeed, they found out that vegetations with different structures or dif-

ferent specific compositions, i.e. different associations, may define the same fuel model based on the 

potential surface fire behaviour. Similarly to Scott and Burgan (2005), the 40 custom fuel models for 

European Mediterranean applications are grouped into 6 broad categories according with the preva-

lent fire carrying fuel type: nearly pure grasslands (P), grasslands with up to 50% of shrub coverage 

(PM), shrublands (M), forest understory with grass, shrub, and litter from the canopy (HPM), litter 

beneath the forest canopy (HR) or sparse wood with accumulation of necromass on the ground from 

residues of forestry uses (R). Rodríguez y Silva and Molina-Martínez (2012) successfully validated 

their results by comparing field data of the rate of spread with those obtained by applying the 13 

standard fuel models by Rothermel (1972) or the newly developed set of 40 custom fuel models. 

Table 5-3 Sets of developed fuel models. 

Set of fuel models Case studies Methods for data 
collection 

Methods for clustering 
and estimation of sig-
nificance 

Systems of units 

Rothermel (1972) and 
Albini (1976) 

North America Field sampling --- Imperial 

Scott and Burgan (2005) North America Stereo photo 
interpretation 

--- Imperial 

Dimitrakopoulos (2002)  Greece Field sampling  
(181 samples) 

K-Means clustering 
with ANOVA 

International 

Godinho-Ferreira et al. 
(2005) 

Portugal Literature --- International 

Rodríguez y Silva and 
Molina-Martínez (2012)  

Andalusia, Spain Field sampling --- Imperial 

Duce et al. (2012) Sardinia, Italy Field sampling 
(57 samples) 

Hierarchical clustering 
with ANOVA 

International 

Elia et al. (2015) Apulia, Italy Field sampling 
(72 samples) 

Hierarchical clustering 
with Kruskal–Wallis 
test 

International 

5.1.3 Mapping fuel models 

The application of wildland fire behaviour simulation models requires the process of mapping fuel 

models, which consists in both recognising patterns of homogeneous vegetation units and assigning 

a fuel model to each identified unit. 

Traditionally, homogeneous patterns and related fuel properties are extracted from direct field sam-

pling and later extended to similar areas non directly investigated through a phytosociological ap-

proach. Over the last decades, remote sensing techniques have become a useful source of spatial 

data for mapping fuel models, offering a wide range of different sensors and algorithms that can 

support in these efforts. The dichotomy between field sampling and the use of remote sensing tech-

niques for mapping fuel models is also expressed by the contrast between direct and indirect ap-

proaches. A direct approach considers the direct measurement of fuel properties to be assigned to 

the results of multitemporal image classification techniques based on seasonal changes in plant phe-

nology. An indirect approach, instead, assumes that biophysical properties that can be accurately 

classified from remotely sensed imagery can be used as proxies of those fuel properties needed for 

the assignment of a specific fuel model to that class. Whatever the chosen approach, the development 

of site-specific thematic maps of fuel models is subject to a rigorous validation of its accuracy, that 

can be carried out through the comparison with ground truth, i.e. field observations. 
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Passive sensors have been largely exploited to distinguish some fuel properties useful to retrieve 

information for mapping fuel models with a direct approach. Lanorte and Lasaponara (2008) and, 

lately, Bajocco et al. (2015) showed the suitability of coarse-resolution satellite time-series from the 

Terra and Aqua Moderate Resolution Imaging Spectrometer (MODIS) to provide a classification of 

some fuel properties and to develop a medium-scale fuel maps in Southern Italy and Sardinia, Italy, 

respectively. Unfortunately, the spatial resolution of these fuel maps does not satisfy that required for 

the application of fire behaviour simulation models. More recently, Stefanidou et al. (2018) proved 

the Operational Land Imager (OLI) instrument onboard Landsat-8 to be applicable for the operational 

mapping of the European Mediterranean fuel types at a regional scale. Moreover, multi-temporal 

analysis of Sentinel-2 data acquired across distinct phenological seasons confirmed its potential to 

accurately delineate patterns of forest cover and forest type, as well as distinguishing dominant spe-

cies at the regional scale (Franke et al., 2018; Hościło and Lewandowska, 2019). Similar results have 

been previously obtained only by means of high-resolution sensors onboard commercial satellites, 

such as IKONOS or QuickBrid (Arroyo et al., 2006). 

However, optical sensors are unable to penetrate forest canopies and to reconstruct the vertical strat-

ification of the plant communities, which is a critical variable when discriminating amongst fuel 

types. The increasing availability and usage of active sensors has allowed to overcome the limitations 

of optical sensors in differentiating the specific composition of plant communities and directly eval-

uating fuel height and distribution in the vertical strata even in the presence of a dense canopy cover 

(Pettinari and Chuvieco, 2020). Synthetic Aperture Radar (SAR) data have also been used for fuel 

characteristics retrieval at regional and global scale, and specifically to estimate the upper canopy 

height and the above-ground biomass, defined as the dry weight of live organic matter above the soil 

and expressed in Mg/ha. L-band SAR have been proven suitable to investigate above-ground biomass 

of savannahs as well as sparse woodlands with estimated above-ground biomass up to around 100 

Mg/ha before losing sensitivity (Quegan et al., 2019). Bouvet et al. (2018) mapped the above-ground 

biomass of African savannahs at 25 m resolution by means of the Phased Array L-band SAR 2 (PAL-

SAR-2) sensor onboard the commercial Advanced Land Observing Satellite 2 (ALOS-2) from the 

Japanese Space Exploration Agency (JAXA), whose data policy, however, makes data acquisition 

rather expensive, except for annual mosaics that are freely available for scientific purposes. C-band 

and X-band SARs which are particularly sensitive to grasses and leaves, have been found suitable for 

above-ground biomass estimation in grasslands. Berger et al. (2019) used Sentinel-1 C-band data to 

develop a biomass map of herbaceous vegetation in the Kruger National Park, South Africa. How-

ever, since most of the backscatter is from leaves and small twigs, the application of C-band for 

biomass estimation requires long time series (Santoro et al., 2011). Airborne light detection and rang-

ing (LiDAR) sensors have been extensively employed alone or combined with optical data to acquire 

information on vegetation stratification, fuel bed height and load, directly applicable for operational 

mapping of fuel types (Alonso-Benito et al., 2016; Domingo et al., 2020; González-Olabarria et al., 

2012; Hermosilla et al., 2014; Huesca et al., 2019; Price and Gordon, 2016; Saarela et al., 2020). The 

NASA’s Global Ecosystem Dynamics Investigation (GEDI) mission launched a near infrared light 

detection and ranging (LiDAR) laser system onboard the International Space Station (ISS) in late 

2018 providing new opportunities to observe the 3D structure of the Earth’s temperate, Mediterra-

nean, and tropical forests (Dubayah et al., 2014; Dubayah, Blair, et al., 2020; Schneider et al., 2020; 
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Stysley et al., 2016). The mission is addressed to (i) quantify the amount of carbon stored by vegeta-

tion, (ii) clarifying the role of above-ground biomass in mitigating carbon fluxes, (iii) analyse the 

vertical structure of the vegetation to provide an improved characterisation of habitat quality. GEDI 

is intended to provide the first massive sampling of forest vertical structure across forests between 

51.5° S and 51.5° N, returning measurements of forest canopy height, canopy vertical structure, and 

surface elevation potentially improving existing canopy height products at a near global scale. GEDI 

has been collecting data since April 2019 and the first validated dataset has been released in early 

2020. Preliminary results show that forest canopy height is overestimated within temperate and sub-

tropical mountain grasslands, highlighting limitations in its applicability for estimations in areas of 

complex topography and sparse tree cover. Moreover, metrics do not discriminate between the height 

of trees and anthropic features (Potapov et al., 2020). 

Fuel model maps at national or continental scale have been generated through an indirect approach 

based on coarse-scale optical remotely sensed information. Within the context of the National Fire 

Danger Rating System (NFDRS) a 1 km resolution fuel model map has been created for the United 

States through use of previously mapped land cover classes and extensive campaign of field sample 

data. More recently, the Landscape Fire and Resource Management Planning Tools (LANDFIRE) 

program promoted the use of Landsat information for the development of an up to date map of fuel 

models for the United States (Nelson et al., 2016). The European Forest Fire Information System 

(EFFIS) generated a 250 m resolution European Fuel Map (Figure 5-1) by assigning to each CORINE 

Land Cover (CLC) class (Bossard et al., 2000) one of the 13 standard fuel models by Rothermel 

(1972) and Albini (1976), excluding those models representing residues of forestry uses (European 

Forest Fire Information System, 2017). 

 

Figure 5-1 European Fuel Map representing the distribution of the 13 standard fuel models by Rothermel (1972) and 

Albini (1976). Data source: EFFIS. 
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The European Fuel Map is suitable for coarse-resolution fire danger estimations, but its applicability 

for fine-resolution surface fire behaviour modelling is limited. Moreover, agricultural and non-vege-

tated land have been masked out from the thematic map, making it difficult to apply it in European 

Mediterranean countries, where the vast majority of fires are caused by human activity, whether ac-

cidental, negligent or deliberate, and agricultural burning are reported among the most important 

drivers of wildfires (Ganteaume et al., 2013). 

Similarly to the methodology adopted for the development of the European Fuel Map by EFFIS, local 

thematic maps of fuel models have been generated through the reclassification of previously recog-

nised patters of land use or land cover and the assignment of one of the available fuel models to the 

defined patches according to the prevalent type of vegetation that would carry the fire (Sebastián 

López et al., 2000). Crucial questions are the representativeness of the chosen classification system 

over the actual vegetation community composition as well as the accuracy in distinguishing features 

of each mapping unit within the classification. Also, the choice of the most appropriate fuel model 

and the quantification of the canopy abundance and distribution in the horizontal and vertical strata 

of the vegetation remains a major challenge if the possibility of performing real-time field measure-

ments is precluded. 

5.2 Fuel moisture content 

The amount of moisture contained in wildland fuels is reported to be a decisive factor in determining 

wildfire ignition and spread (Albini, 1976b; Rothermel, 1983). The dryer the fuel, the more rapidly it 

will ignite, and the higher the expected rate of spread of the fire front will be. The Rothermel’s math-

ematical model utilizes fuel moisture content in the determination of both the reaction intensity and 

the heat of preignition, i.e. the heat required to bring the fuel ahead of a spreading fire up to ignition 

temperature (Rothermel, 1983). The fuel moisture content is the result of past and present weather 

conditions and is expressed as the mass of water contained within fuel in relation to the dry mass 

(Yebra et al., 2013). A distinction is made between dead and live components, that are differently 

affected by weather conditions. 

5.2.1 Live fuel moisture content 

Live fuel moisture content (LFMC) is the mass of water contained in live foliage relative to its dry 

mass. LFMC slightly responds to atmospheric conditions and, more significantly, varies according to 

morphological and physiological strategies adopted by different species to regulate their water con-

tent over different phenological conditions. Pellizzaro et al. (2007) identified two distinct seasonal 

patterns of LFMC for different species of Mediterranean shrubs: (i) species, such as Cistus mon-

speliensis L., Rosmarinus officinalis L., and Helichrysum italicum Roth., revealed a stronger sensi-

tivity to seasonal environmental changes, showing LFMC values ranging from as low as 30% in 

summer up to 302% in spring; contrarily, (ii) species like Pistacia lentiscus L., Phillyrea angustifolia 

L., Juniperus phoenicea L., and Chamaerops humilis L., exhibited a narrower variability of LFMC 

values throughout the year, with maximum values close to 100% and minimum values of 65-80%, 

suggesting a little dependence from meteorological conditions. Experimental evidences suggest that 

those patterns reflect the different physiological and morphological strategies adopted by the various 
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species to cope with the summer drought season typical of the Mediterranean-type climate: species 

more sensitive to seasonal variability are swallow-rooted shrubs that avoid water stress by adjusting 

their growth and reducing the surface they expose in order to limit the evapotranspiration, whereas 

species exhibiting slighter changes in moisture content are deep-rooted evergreen sclerophyllous spe-

cies which are far more tolerant to water stress. While LFMC predictive models based solely on 

meteorological variables are supposed to be inadequate to describe seasonal variations of fuel mois-

ture content of species like Pistacia lentiscus L. and Phillyrea angustifolia L., for practical purposes, 

it seems not to be of crucial importance to accurately model their LFMC seasonal variation (Pellizzaro 

et al., 2007). At a landscape scale, that seasonal variability moisture content of live fuels has shown 

high accuracy in predicting the number of fires and of the total burned area in Mediterranean-type 

climate regions, especially in grasslands and shrublands (Chuvieco et al., 2009). However, the imme-

diate influence of LFMC on fire behaviour has not been effectively evaluated so far (Yebra et al., 

2013). 

LFMC can be directly measured in the field or can be estimated from satellite observations which, in 

any case, need to be calibrated and validated against field measurements. Field measurements are 

accurate but prohibitive for monitoring LFMC spatiotemporal variability at regional or national scale. 

Yebra et al. (2013) provided an extensive review of the diverse methods that have been developed to 

estimate LFMC from remotely sensed data, distinguishing empirical methods and physical model-

based methods. Empirical methods for LFMC estimation are based on statistical fitting between 

field measurements and spectral measures based on reflectance data. The most used spectral infor-

mation comes from various vegetation indices, mostly the Normalized Difference Vegetation Index 

(NDVI), Normalized Difference Water Index (NDWI), or the Enhanced Vegetation Index (EVI), that 

are analysed together with ancillary information such as the surface temperature. This extensive use 

of vegetation indices is rooted in the sensitivity of the reflectance in the visible bands, especially in 

the red end of the visible spectrum, to the leaf water content. Senescence or dehydration of the tissues 

causes a depletion of the chlorophyll content significantly reducing the vegetation reflectance in the 

near-infrared (NIR) and short-wave-infrared (SWIR) spectral regions (Yebra et al., 2013). Physical 

model-based methods, instead, estimate LFMC based on simulation scenarios derived from physical 

models, such as the inversion of radiative transfer model (RTM) (Jurdao et al., 2013; Yebra et al., 

2008; Yebra and Chuvieco, 2009a, 2009b). The observed reflectances of every pixel are compared to 

those simulated in a lookup table and the parameters of the most similar simulated spectrum are as-

signed to each pixel. The concept of similarity is commonly formalised using a merit function, which 

implies minimising the differences between the observed and modelled reflectance. Physical model-

based methods are independent of sensor or site conditions and have been proved more robust when 

several calibration samples were selected (Yebra et al., 2008). Yebra et al. (2008) compared the ef-

fectiveness of LFMC estimations from empirical methods and those based on simulated data for Med-

iterranean grasslands and shrublands. According to their results simulation methods performed better 

with respect to empirical methods, but their calibration is far more complex since it requires detailed 

parametrisation, such as plant physiological and structural variables that are not always available, 

and, hence, they are considered less suitable for operational purposes. On the other hand, empirical 

relationships cannot be easily applied to regional or global scales due to spatial differences in leaf 

and canopy characteristics, soil background, sensor characteristics, and observation conditions 



Section 5.2 Fuel moisture content 

47 

(Yebra et al., 2013). Whatever the method of choice, methodologies tailored to grasslands or shrub-

lands physiology cannot be easily extended to other vegetation types, such as woodlands (Mendiguren 

et al., 2015). 

Coarse-to-medium-resolution optical sensors have been widely used for LFMC estimation in Medi-

terranean-type climate regions, ranging from the Advanced Very High Resolution Radiometer 

(AVHRR) onboard the polar-orbiting National Oceanic and Atmospheric Administration (NOAA) 

(Chuvieco et al., 2004; García et al., 2008) to the Moderate Resolution Imaging Spectroradiometer 

(MODIS) onboard Terra and Aqua satellites (Caccamo et al., 2012; Mendiguren et al., 2015; Myoung 

et al., 2018). Higher spatial resolution optical sensors, such as the Landsat or the Sentinel-2 Multi-

Spectral Instrument (MSI), have been recently employed as well (Marino et al., 2018; Shu et al., 

2019) despite their lower temporal resolution. More recently, Konings et al. (2019) illustrated the 

potential of both passive and active microwave remote sensing observation to estimate plant water 

content metrics, including LFMC, and Wang et al. (2019) demonstrated the possibility of developing 

new operational methodologies for forest LFMC estimation based on the C-band Sentinel-1A. 

5.2.2 Dead fuel moisture content 

Dead fuel moisture content (DFMC) is the mass of water contained in dead plant tissues (senescent 

grasses, dry leaves, small twigs, litter, and organic material in the topsoil) relative to its dry mass. 

DFMC is inversely related to the probability of ignition because part of the energy is consumed in 

the process of evaporation right before the ignition (Dimitrakopoulos and Papaioannou, 2001). More-

over, DFMC critically affects the rate of spread by reducing fuel flammability (Rothermel, 1983; 

Viney, 1991). DFMC values are usually less than 30% and can range as low as 1% in extreme drought 

conditions (Aguado et al., 2007). The moisture content of dead fuels lying on the forest floor, includ-

ing litter, fallen foliage and branches, is highly dependent on rapid atmospheric changes, especially 

temperature and relative humidity, and tend to gain or lose moisture until the equilibrium moisture 

content (EMC), the equilibrium with the surrounding atmosphere, is achieved (Nieto et al., 2010). 

The moisture content of dead fuels is a function of their size, and respond to both prolonged periods 

of drought and to hourly changes in the microclimate surrounding the fuel particle (Nolan et al., 2016; 

Rothermel, 1983). The estimation of DFMC rests on the unique system for classifying dead fuels 

defined by Rothermel (1972), which is based on the length of time required for a fuel particle to 

change its moisture content by a specified amount when subjected to a change in its environment. 

Dead fuels are classified based on 1 h, 10 h, or 100 h classes, or time lags, depending on their size 

and how slowly they lose or gain moisture; the larger the fuels that dry out, the slower they return to 

normal conditions and the longer they can sustain a possible combustion. Fuel particles more than 

1/4 inch but less than 1 inch in diameter constitute the class of fine dead fuels (10 h time lag), that 

take 10 h to lose 63% of the difference between their initial moisture content and equilibrium moisture 

content in an atmosphere of constant temperature and humidity (Sebastián López et al., 2002). 

Field sampling provides the most accurate estimations of DFMC, but it is costly and unfeasible over 

wide areas. In addition, field sampling does not provide instantaneous estimations since the samples 

must be oven-dried for at least 24 h; hence, this approach has limited applicability when continuous 

or real-time moisture information is needed or when monitoring needs to be performed remotely 

(Aguado et al., 2007). Meteorological indices measured at weather stations have been traditionally 
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used to estimate the degree of dryness of different fuel types. Relying on current and past weather 

conditions, the estimation of the moisture content of fine dead fuels makes use of the concept of EMC, 

which is a function of the atmospheric temperature and the relative humidity (Simard, 1968). Another 

increasingly popular approach is the use of automated fuel moisture sticks, which are designed to 

emulate 10 h fuels and to collect moisture data, providing a real-time continuous monitoring (Nelson 

Jr, 2000). Cawson et al. (2020) assessed the ability of automated fuel sticks to predict surface DFMC 

across a range of forest types from 27 sites, concluding that despite fuel sticks typically underesti-

mates surface DFMC, forest fuel-specific linear calibration functions can provide a reasonable accu-

racy. Among the difficulties associated with the estimation of DFMC form meteorological indices, 

or by means of fuel sticks, there is the need for spatial interpolation techniques which may introduce 

added estimation errors (Aguado et al., 2007). Remotely sensed predictions of fuel moisture have 

been typically focused on live fuels, while spatially explicit estimates of dead fuel moisture have been 

less common. Nieto et al. (2010) proposed a methodology to estimate hourly meteorological data (i.e. 

relative humidity and air temperature) and then assess the EMC of dead fuel with remotely sensed 

data acquired by the Spinning Enhanced Visible and Infrared Imager (SEVIRI) sensor, onboard the 

Meteosat Second Generation (MSG) satellite. Their results, however, showed the remotely sensed 

EMC tends to underestimate the EMC from ground data. More recently, the spatial variation of dead 

fuel moisture content has been successfully assessed based on the exponential decline of fine fuel 

moisture with increasing vapour pressure deficit, calculated with observations from the MODIS in-

strument onboard the Terra satellite (Nolan et al., 2016). 

5.3 Wind speed and direction at midflame height 

Horizontal wind speed and direction are the most variable drivers required to predict surface fire 

behaviour (Rothermel, 1983). Besides their inherent temporal variability, the horizontal and vertical 

components of the wind vector significantly vary across the landscape as a result of the influence of 

both complex topography and vegetation cover. Indeed, due to the increasing friction, the horizontal 

wind speed vertically decreases with the proximity to the surface producing a logarithmic vertical 

profile. According to the World Meteorological Organization (WMO), wind measurements are usu-

ally provided by land management agencies at a standard height of 10 m above the ground, except 

for the National Weather Service of the United States, whose forecasts are provided at a 6.01 m (20 

ft) height above the bare ground or above the vegetation. Most fires in surface fuels burn below those 

heights, specifically at a height above the surface fuel equivalent to the mid-level height of flames, 

hereafter midflame height. The term midflame height was coined by Rothermel (1972) to make a 

clear distinction between the wind speed measured at 20 ft or 10 m above the vegetation and the 

reduced wind that is required to calculate the rate of spread of the surface fire. The midflame wind 

speed calculated at a midflame height is, hence, the average wind velocity that actually affects the 

surface fire spread. Fine-scale near-surface wind predictions are significantly affected by mechanical 

channelling and velocity variations induced by complex topographies and sheltering conditions from 

the overstory layer of forest canopies. 
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5.3.1 Effects of complex topography 

Ideally, simulation of wildland surface fire behaviour should be linked to the atmosphere in a coupled 

approach taking into consideration fire-atmosphere interactions. However, fully coupled models are 

not likely to be used in truly operational applications because of their high computational demands 

and coarse spatial resolution of the outputs. Hence in order to meet operational constraints, near real-

time incident support in wildland surface fire management are typically operated in a decoupled mode 

(Finney, 1998). Variation in the local terrain configuration, such as wind speed-up over ridges, flow 

channelling in valleys, flow separation around terrain obstacles, and enhanced surface roughness, 

alter the flow of the wind field over spatial scales finer than those employed by prognostic models, 

such as those used in numerical weather forecasting. Mesoscale numerical weather prediction systems 

provide accurate real-time weather predictions over a range of spatiotemporal scales but, with hori-

zontal resolutions from 3 km up to 12 km, these models could not resolve winds at sufficient scales 

to capture detailed and complex topographic effects that can influence surface fire behaviour (Quill 

et al., 2019). Hence, Wagenbrenner et al. (2016) stressed the need for downscaling results from prog-

nostic models to better predict meteorological variables at fine-scale. Steady-state or diagnostic mod-

els are mostly preferred to simulate fine-scale near-surface winds for operational fire management 

(Forthofer, Butler, and Wagenbrenner, 2014). Steady-state models predict the wind field at a single 

instant in time and can be used to represent winds during a quasi-steady or time-averaged period. 

Forthofer et al. (2009) developed a diagnostic model specifically intended for operational wildland 

fire modelling. It produces spatially varying wind fields and is the primary wind model used to dy-

namically downscale hourly 10 m or 20 ft predictions starting from the numerical weather predictions. 

Two different steady-state models with different physical assumptions are implemented in the model 

by Forthofer et al. (2009): a mass conserving model, based solely on conservation of mass, and a 

mass and momentum conserving model, capable of solving some form of turbulent conditions. 

Both solvers exhibited a reduced accuracy when predicting downslope wind flows, although the mass 

and momentum conserving solver outperformed the solely mass conserving solver (Forthofer, Butler, 

and Wagenbrenner, 2014; Wagenbrenner et al., 2016). However, a threshold of acceptable accuracy 

should be determined by the user according to the specific application. Under operational constraints 

of restricted decision time frames for fire management, the use of the momentum conserving model 

could be precluded in favour of the near real-time outputs of the mass-conserving model with the 

trade-off being the loss of some accuracy, especially in the wake region of a terrain feature (Forthofer, 

Butler, Mchugh, et al., 2014). Recently, Quill et al. (2019) recommended a probabilistic modelling 

approach to predict multi-modal wind direction distributions and to perform a quantitative assess-

ments of uncertainty in operational fire spread and behaviour predictions. However, quantifying the 

effects of probabilistic prediction of input variables, including wind speed and direction, remain an 

open quest and no detailed analysis of the influence of individual input parameters has been conducted 

(Quill et al., 2019). 

5.3.2 Effects of sheltering from forest canopy 

Andrews (2012) conceived the concept of wind adjustment factor (WAF) to indicate a multiplier 

intended to reduce the wind speed measured at 10 m or 20 ft above the vegetation to a value at 
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midflame height as needed by the Rothermel’s surface fire behaviour model. The evaluation of the 

wind adjustment factor is based on the logarithmic vertical profile of the wind, the surface fuel bed 

depth, and the presence, or absence, of a sheltering from overstory vegetation. Andrews (2012) pre-

sented two distinct models for determining the wind speed at a midflame height above a surface fuel 

that is sheltered or unsheltered from the wind by the overstory layer of a forest canopy. 

Given that the midflame height is not consistently defined, the midflame wind speed in unsheltered 

conditions is evaluated as the average wind speed over a height ranging from the surface fuel bed 

depth 𝐻 and the flame extent above the fuel 𝐻𝐹, which is mostly assumed to be equal to the surface 

fuel bed depth 𝐻 itself. The unsheltered WAF is then evaluated as an average wind speed from the 

top of the fuel bed to a height of twice the fuel bed depth. 

 𝑊𝐴𝐹 =  
1.83

ln (
20 + 0.36 𝐻

0.13 𝐻 )
 [5.1] 

The sheltered WAF instead assumes that (i) the wind speed is approximately constant with height 

below the top of a uniform forest canopy and that (ii) the tree crown can be approximated to a conical 

shape. The evaluation of the sheltered WAF is based on both the total canopy height 𝐻 and the crown 

fill portion 𝑓, that is the volume of the canopy layer that is occupied by tree crowns. The crown fill 

portion 𝑓 is in turn a function of the horizontal fraction canopy cover 𝑐 and of the crown ratio 𝑟, that 

is the fraction of the total canopy height occupied by tree crowns. 

 𝑊𝐴𝐹 =  
0.555

√𝑓𝐻 𝑙𝑛 (
20 + 0.36 𝐻

0.13 𝐻 )
, 𝑓 =

𝑐𝑟

3
 [5.2] 

Given the description of the overstory, different factors contribute to determining whether the fuel is 

sheltered or unsheltered from the wind. While the ability of the wind to penetrate the canopy also 

depends on the relative location on the slope and on the presence of adjacent overstory, the adjustment 

of the 20 ft wind speed to the midflame height provided by Andrews (2012) currently depends only 

on the overstory sheltering. Different methods and criteria are adopted by existing simulation models 

implementing the Rothermel’s equations. The BehavePlus system directly provides precalculated 

WAF values in a tabular form indicating WAF values for sheltered and unsheltered conditions for 

each of the 53 standard fuel models. However, it also allows calculating WAF values for each pixel 

by making use of a crown fill portion 𝑓 greater than 5% as a criterion indicating sheltering conditions. 

Instead, the FARSITE-FlamMap system criterion for sheltered conditions is a canopy cover 𝑐 greater 

than 0. 



 

 

Chapter 6 

Proxy model for predicting fire spread 

The development of a spatial simulation model capable of predicting the surface fire behaviour in 

terms of spread and growth across heterogeneous landscapes, firstly requires the implementation of 

a consistent methodology for the evaluation of fire descriptors. The need for flexibility in handling 

the equations of the Rothermel’s original and associated models (Albini, 1976b, 1976a; H. E. 

Anderson, 1969; Andrews, 2012; Rothermel, 1972), together with the necessity of integrating recent 

updates from Andrews (2018), have led to an original implementation of a computer algorithm that 

evaluates the descriptors of fire behaviour defined within the context of the extended Rothermel’s 

model: (i) the rate and direction of the maximum fire spread, (ii) the eccentricity of the ellipse ap-

proximating the fire shape, (iii) the intensity of the fire front, and (iv) the flame length. Then, the 

Rothermel’s model has been approximated by means of a machine learning ensemble method and its 

behaviour and its ability to detect patterns produced by the Rothermel’s model have been evaluated 

by means of a synthetic dataset specifically designed for this application. Finally, explanations for 

each model’s prediction have been elaborated and a feature importance analysis has been performed 

on the proxy model to enhance the comprehension of the interdependence of the drivers and to un-

derstand their relative importance in predicting fire descriptors. 

6.1 Model development 

6.1.1 Implementation of the Rothermel’s model 

Andrews (2018) has recently conducted a detailed analysis of the Rothermel’s equations and of the 

existing relations among input variables in order to provide a comprehensive documentation of the 

model. Within the context of this study, an authentic implementation of the Rothermel’s model has 

been developed leveraging on NumPy (Harris et al., 2020; Van Der Walt et al., 2011), the primary 

array programming library for the Python language. Python is an open source interpreted program-

ming language that has been recently provided with a solid foundation for array programming thanks 

to NumPy, together with interactive environment such as IPython (Pérez and Granger, 2007) or Ju-

pyter (Kluyver et al., 2016). The NumPy array is a data structure that efficiently stores and accesses 

multi-dimensional data, enabling the parallelisation of requested operations. Array operations can be 

vectorised and executed in parallel over a chosen dimension rather than on individual elements, po-

tentially accelerating the final process by leveraging on more than one processing unit. Numba has 

been employed as a just-in-time compiler to perform dynamic translation and optimise operations 

(Lam et al., 2015). 
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6.1.2 Synthetic dataset generation 

In order to develop a proxy model of the original implementation of the Rothermel’s model based on 

supervised machine learning regression techniques, it has been chosen to generate an ad hoc synthetic 

dataset to be used for model’s training and testing. The synthetic dataset contains 1.000.000 records 

each one composed by multiple input features, i.e. drivers of fire spread, plus a target variable. Each 

record is generated by randomly sampling unique combinations of drivers of fire spread and providing 

them to the original implementation of the Rothermel’s model as input data in order to compute the 

maximum rate of spread relative to upslope, Equation [4.32], the direction of the maximum rate of 

spread relative to upslope, Equation [4.31], and the eccentricity of the ellipse approximating the fire 

perimeter, Equation [4.37], which are alternatively chosen here as target variables (Table 6-1). Com-

binations of drivers of fire spread have been generated by sampling each parameter from its estimated 

frequency distribution (Figure 6-1) in Sardinia over the period 2015-2019. The methodology adopted 

for the estimation of each of the drivers of fire spread will be described in detail in Chapter 9. In a 

nutshell, (i) fuel models have been sampled from an harmonised dataset collecting 123 fuel models 

from both North American (Albini, 1976b; Rothermel, 1972; Scott and Burgan, 2005) and European 

Mediterranean sets (Dimitrakopoulos, 2002; Duce et al., 2012; Elia et al., 2015; Godinho-Ferreira et 

al., 2005; Rodríguez y Silva and Molina-Martínez, 2012), (ii) live and dead fuel moisture fractions 

have been estimated from the MODIS instrument onboard the Terra satellite by applying and adapting 

relations from García et al. (2008) and Nolan et al. (2016) respectively, and (iii) hourly horizontal 

wind speeds and directions at a 10 m height have been retrieved from ERA5-Land (Muñoz Sabater, 

2019) and downscaled to 20 ft. The custom implementation also includes the adjustment of the hori-

zontal wind speed and direction at 20 ft height to the midflame height accounting for the effects of 

vegetation according to Andrews (2012). 

Table 6-1 Subsample of the synthetic dataset. The maximum rate of spread [m/min] represents the target variable. 

Superscripts beside the fuel model’s code refer to (1) Rothermel, 1972 or (2) Rodríguez y Silva and Molina-Martínez, 2012. 

Fuel 
model 

Live mois-
ture frac-
tion 

Dead 
moisture 
fraction 
(10h) 

Wind direc-
tion [degree 
CW from N] 

Wind 
speed 
20 ft 
[m/s] 

Canopy 
cover 

Crown 
ratio 

Dip direc-
tion [de-
gree CW 
from N] 

Dip angle 
[degree] 

Maximum 
rate of 
spread 
[m/min] 

GRs3(1) 1.82 0.10 259 2.13 0.24 0.23 181 6.24 19.87 

GRp7(2) 1.20 0.09 18 5.52 0.03 0.87 64 24.06 106.15 

SHs4(1) 1.22 0.07 40 0.17 0.63 0.48 359 0.55 1.90 

SHm9(2) 1.01 0.08 34 2.40 0.11 0.18 183 8.09 38.56 

TUhpm2(2) 0.76 0.07 239 7.24 0.86 0.14 326 1.48 14.11 

The large multidimensional dataset strives to fulfil the need for an exhaustive exploration of the space 

of all possible solutions. When dealing with multi-temporal higher-dimensional spatial data, the num-

ber of operations to be executed over all the dimensions of the dataset might become too large to fit 

into a single processing pipeline or the amount of data required for a single operation might become 

too large to fit into the available RAM memory of a single workstation. The Dask parallel computing 

framework (Rocklin, 2015) has been employed to perform parallel and out-of-core computation in 

order to use the available processing resources simultaneously and to efficiently use external memory 

as extensions of the RAM memory. The Dask framework has been used jointly with other libraries 
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from the scientific Python ecosystem founded on NumPy, such as SciPy (Virtanen et al., 2020), pan-

das (McKinney, 2011), xarray (Hoyer and Hamman, 2017), and scikit-learn (Pedregosa et al., 2011). 

 

Figure 6-1 Frequency distribution of the drivers of fire spread in Sardinia from 2015 to 2019: horizontal wind speeds at 

20 ft height (upper left), dip angle (upper right), live and dead fuel moisture fractions (lower left and right respectively). 

6.1.3 Proxy model development 

6.1.3.1 Model selection 

A tree boosting machine learning method has been chosen to develop a proxy model of the original 

implementation of the Rothermel’s model for predicting fire spread in wildland fuels. 

The eXtreme Gradient Boosting (XGBoost), a scalable end-to-end tree boosting system, is currently 

used in literature to achieve state-of-the-art results for supervised learning regression problems where 

training data with multiple features 𝑥𝑖 are used to predict a target variable 𝑦𝑖 (Chen and Guestrin, 

2016). Because of its scalability, XGBoost is particularly suitable for large multidimensional datasets, 

such as the synthetic dataset generated for this implementation. 

XGBoost is an efficient implementation of gradient boosted decision trees, an ensemble method 

which combine the predictions of several base decision tree estimators built with a given learning 

algorithm in order to improve the robustness and generalisability over a single estimator. A decision 

tree can be described by a root node, some internal nodes, and leaf nodes, i.e. end nodes. Decision 

tree algorithms generally use simple rules to start from the root node and branch out, going through 

internal nodes, to finally end up in the leaves. Ensemble methods combine several weak decision tree 

models to produce a powerful ensemble. Gradient boosted decision trees, such as XGBoost, belong 

to the family of boosting methods, where base estimators are built sequentially in order to reduce the 

bias of the combined estimator, as opposed to the family of averaging methods, such as Random 

Forests, where several estimators are built independently and their predictions are later averaged. 
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XGBoost generates high accuracy and fast processing time while being computationally less costly 

and less complex with respect to other machine learning methods such as deep learning methods 

(Chen and Guestrin, 2016). As an added benefit, XGBoost is scarcely impacted by multi-collinear-

ity. Decision trees are inherently robust to multi-collinearity (Kotsiantis, 2013). When deciding upon 

a split the decision tree randomly chooses only one of two highly correlated features, whereas other 

models such as logistic regression would use both the features. However, correlated features can have 

significant impacts in feature importance analysis of ensemble methods. In averaging methods, such 

as Random Forests (Breiman, 2001), the random choice of one of two correlated features is performed 

independently for each tree, potentially leading to an importance equally distributed among the two 

correlated features. Boosting methods, such as XGBoost, are reported to be less affected by multi-

collinearity than averaging methods because the candidate splitting is not performed independently 

for each tree but sequentially (Chen and Guestrin, 2016). Indeed, gradient boosted decision trees use 

a sequence of estimators, where each decision tree learns from the previous tree and affects the next 

tree to improve the model and build a strong learner (Friedman, 2001). Therefore, even if two varia-

bles capture the same phenomenon in a system, both can be kept, and their collinearity can be detected 

by performing a significant feature analysis. 

Another major advantage in using gradient boosted decision trees is their interpretability. Even 

though complex machine learning approaches such as deep learning can easily provide satisfying 

prediction accuracy, their application to real world regression problems is often limited by the scarce 

interpretability of their results. Lundberg, Nair, et al. (2018) proved the capability of gradient boosted 

decision trees, and more specifically of XGBoost to combine high-accuracy complex models with 

interpretable explanations for each prediction. 

6.1.3.2 Hyper-parameters tuning 

Overfitting frequently affects the performance of several machine learning non-linear algorithm like 

gradient boosting trees. Overfitting happens when a model starts to learn noises and random fluctua-

tions and finally considers them as meaningful facts or concepts. In order to prevent overfitting, the 

hyper-parameters space has been explored by means of a 𝒌-fold cross-validation, that is, the training 

set is randomly divided into 𝑘 subsamples, and 𝑘 models are trained so that each time 𝑘 − 1 subsam-

ples are used to train a model and 1 subsample is used to test a model. Moreover, the cross-validation 

process allowed for hyper-parameters’ tuning. Hyper-parameters are parameters that are not directly 

learnt within estimators but passed as arguments to the constructor of the estimator classes. Hyper-

parameters which might cause overfitting includes: (i) the overall number of estimators or the number 

of gradient boosted trees that are fitted in the model, (ii) the maximum depth of each single tree, 

which represents the maximum number of splits, (iii) the learning rate, (iv) the parameters lambda 

and alpha, which are regularization terms on weights, and (v) the subsample, which represents the 

fraction of observations that are randomly selected as training instances prior to growing trees in 

every boosting iteration. Specifically, increasing both the number of estimators and the maximum 

depth will generate a complex model more likely to overfit. Similarly, higher learning rates tends to 

cause the model to overfit and an increment of both lambda and alpha parameters makes the model 

more conservative. At each step, the learning rate is used to shrink the weights and change the impact 

of each individual tree and make the model more robust (Chen and Guestrin, 2016). Subsampling the 

training instances might also effectively prevent overfitting. 
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An early stopping approach has been jointly adopted for monitoring training performance on the test 

set in order to prevent the model to overfit. Early stopping avoids overfitting by automatically inter-

rupting the training procedure once the performance on the test dataset has not improved after a fixed 

number of training iterations. For the purpose of this study, the mean absolute error (MAE) has been 

optimised as performance measure to train the model. 

In order to evaluate the proxy model predictive capacity, its predictions of the maximum rate of 

spread have been compared with the maximum rate of spread computed by means of the custom 

implementation of the Rothermel’s model. The model’s evaluation based on linear regressions has 

been performed according to Piñeiro et al. (2008) by plotting computed values on the y-axis and 

predicted values on the x-axis. 

6.1.4 Model explanation 

Interpretability is referred to the possibility of understanding how models based on gradient boosted 

trees uses input features to make predictions. Scarce attention is generally paid to local explanations 

which reveal the impact of input features on individual predictions and can be combined across an 

entire dataset to enhance traditional global representations of feature importance. 

The SHapley Additive exPlanations (SHAP) framework (Lundberg, Erion, et al., 2018; Lundberg and 

Lee, 2017) has been employed in this study to explain the output of the implemented proxy model 

and to consistently interpret its predictions. The SHAP framework has been developed by Lundberg 

and Lee (2017) to assign an importance value or SHAP value to each prediction of each feature. 

Given a specific prediction, Lundberg and Lee (2017) computed the SHAP values by approximating 

the Shapley values that represents the contribution of each feature to the model output. Shapley val-

ues, initially proposed by Shapley (1953), are a concept from the game theory literature borrowed to 

explain the output of gradient boosting model and to provide a consistent individualised feature im-

portance attribution method for individual trees that can be extended to tree ensembles. Shapely val-

ues have been shown to be the only way to assign feature importance while maintaining consistency, 

meaning that if a feature is more important in one model than another, no matter what other features 

are also present, then the importance attributed to that feature should also be higher (Lundberg, Nair, 

et al., 2018). 

More recently, local explanations have been computed within the SHAP framework based on exact 

Shapley values rather than on their approximations (Lundberg et al., 2020). Hence, within the SHAP 

framework, Shapely values are computed as defined in Equation [6.1] by introducing each feature, 

one at a time, into a conditional expectation function 𝑓𝑥(𝑆) of the model’s output and attributing the 

change produced at each step to the feature that was introduced; then averaging this process over all 

possible feature orderings (Lundberg et al., 2020): 

 𝑓𝑥(𝑆) = 𝐸[𝑓(𝑥)|𝑑𝑜(𝑋𝑆 = 𝑥𝑆)] [6.1] 

where 𝑆 is the set of features, 𝑋 is a random variable representing the model’s input features, and 𝑥 

is the model’s input vector for the current prediction. The 𝑑𝑜-notation formulation has been adopted 

following Janzing et al. (2020). 
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The application of Shapley values for explaining prediction models and individual predictions with 

feature contributions is not new (Štrumbelj and Kononenko, 2014), but SHAP is increasingly being 

used for varied applications (Lundberg et al., 2020; Lundberg, Nair, et al., 2018; Parsa et al., 2020). 

For the purpose of this study, SHAP values have been computed as a consistent measure of the im-

portance of individual features, i.e. drivers of fire spread, in driving the model’s predictions in terms 

of the maximum rate of spread, expressed as ft/min. By means of the SHAP framework, local expla-

nations have been then combined in concise representations of the magnitude, prevalence, and direc-

tion of each feature’s effect on the overall SHAP value. Moreover, the SHAP values of all features 

can be summed up to explain why a specific prediction is different from the base value or expected 

value, that is the average model output value over the training dataset. Hence, the SHAP values allow 

to decompose a prediction to show the contribution of each feature to push the model output towards 

higher or lower values. 

6.2 Results 

6.2.1 Implementation of the Rothermel’s model 

The implementation of the equations of the Rothermel’s extended model as described in Chapter 4, 

Section 4.1.1 has resulted in a computer algorithm designed to perform pixel-based evaluations of 

the descriptors of fire behaviour: (i) maximum rate of spread relative to upslope, (ii) direction of the 

maximum rate of spread relative to upslope, (iii) flame length, and (iv) eccentricity. The custom im-

plementation takes as inputs the drivers of fire spread defined in Chapter 5: (i) fuel bed properties and 

fuel particle properties, which can be summarised in a fuel model, (ii) canopy cover and crown ratio, 

(iii) live and dead moisture fractions, (iv) dip angle and direction, and (iv) horizontal wind speed and 

direction at 20 ft height. Horizontal wind speed and direction data are pre-processed according to 

Andrews (2012) as described in Chapter 5, Section 5.3, to obtain values of the horizontal wind speed 

and direction at a midflame height, as required by the Rothermel’s model. 

6.2.2 Proxy model for predicting the maximum rate of spread 

The proxy model based on a XGBoost regressor has been trained on 60% of the records in the original 

synthetic dataset, whereas the remaining 40% have been used to test the model and to evaluate its 

predictive capacity on previously unseen records. 

When the space of all possible solutions is too vast to be exhaustively explored, a search algorithm 

can only propose a local minimum instead of an absolute global minimum of the objective function. 

The local minimum detected by the 5-fold cross-validation identified a maximum depth of 5 nodes 

for each tree and a learning rate of 0.3. The complete set of hyper-parameters is reported in Table 6-2. 

The local minimum of the error function identified by means of the early stopping suggested that 931 

estimators are sufficient to limit the mean absolute error on the test set while containing the overfit-

ting, being the mean absolute error on the training and test set of 1.05 m/min (3.45 ft/min) and 1.21 

m/min (3.97 ft/min) respectively, as shown in Figure 6-2. Figure 6-3 illustrates the regression equa-

tions of computed vs. predicted values of the maximum rate of spread for both the training and test 

sets. The coefficient of determination 𝑟2, indicating a measure of the proportion of the variance in 
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computed values that is explained by the variance in predicted values, is reported for both the training 

and test sets. Both the training and test sets returned intercept values close to 0 whereas slope values 

did not differ significantly from 1. Moreover, the 𝑟2 values approximate to 1 for both the training and 

test sets, 0.98 and 0.97 respectively, suggesting a good agreement between the maximum rate of 

spread relative to upslope computed by means of the custom implementation of the Rothermel’s 

model and that predicted by the proxy model. 

Table 6-2 Hyper-parameters tuned by means of a 5-fold cross-validation and an early stopping strategy. 

Hyper-parameters Tuned values  

Early stopping rounds 10 

Number of estimators 931 

Maximum depth of a tree 5 

Learning rate 0.3 

Minimum sum of instance weight 1 

Regularisation lambda 1 

Regularisation alpha 0 

Tree method exact 

Subsample 1 

Figure 6-2 Mean absolute error (MAE) for the training set (grey line) and for the test set (black line) as a function of the 

number of estimators included in the XGBoost regressor. After 10 rounds with no improvements in the MAE on the test 

set, the model’s training is stopped. The local minimum is identified at 931 estimators, with an error of 1.05 m/min (3.45 

ft/min) for the training set and 1.21 m/min (3.97 ft/min) for the test set. 

 

Figure 6-3 Computed vs. predicted values of maximum rate of spread. Computed and predicted values have been plotted 

on the y-axis and x-axis respectively, according to Piñeiro et al. (2008). Hence, the regression of computed vs. predicted 

values of maximum rate of spread are expected to have no bias from the 1: 1 line (black line) and the slope and intercept 

of the regression are expected to be equal to 1 and 0 respectively. In order to improve the readability of the figure, only 

small fractions (1%) of both the training and test sets have been represented in the scatter plot, whereas the regression 

equations and parameters have been computed from the complete training (grey) and test (petrol green) sets. 



Proxy model for predicting fire spread Chapter 6 

58 

Figure 6-4 shows a single estimator, a decision tree, with a maximum depth of 5 nodes randomly 

sampled from those generated by the XGBoost regressor. 

 

Figure 6-4 Decision tree randomly sampled from those generated by the XGBoost regressor. The root node (leftmost 

node) represents the feature that best splits the data, whereas each leaf node (rightmost node) evaluates the predicted 

value of the maximum rate of spread. Each internal node represents a single variable with a threshold value used to 

determine the model’s output.  
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6.2.2.1 Feature importance analysis 

While the Rothermel’s model takes as input fuel bed properties and fuel particle properties as distinct 

features, they can be treated as a single entity and summarised by means of the concept of fuel model. 

Hence, two distinct feature importance analyses performed on the proxy model for the Rothermel’s 

extended model are presented: the one by considering all fuel bed properties and fuel particle prop-

erties as independent features, the other by summarising their importance into a single feature repre-

senting the fuel model. Results of the feature importance analyses are presented in Figure 6-5, Figure 

6-6, and Figure 6-7, where features are sorted according to their importance in determining the 

model’s output. Their ordering suggests that the trained XGBoost regressor has been able to detect 

highly correlated features, such as dead moisture fractions at different time lags (1h, 10h, and 100h), 

assigning a high relative importance to only one of those correlated features, while the remaining are 

given a limited or null importance. 

As detailed in Chapter 5, Section 5.1, fuel bed properties include the thickness of the fuel bed depth, 

the moisture of extinction of the dead fuel, and parameters specific for each live and dead size class, 

such as the oven-dry fuel load and the surface-area-to-volume ratio, whereas fuel particle properties 

include the fuel heat content, its oven-dry particle density, and its total and effective mineral content. 

The feature importance analysis performed by considering fuel bed properties and fuel particle prop-

erties as independent features shows horizontal wind speed at 20 ft height as the most important 

feature in determining the maximum rate of spread (Figure 6-5), with an average absolute impact on 

the model output of 4.45 m/min (14.6 ft/min). Similarly, fuel bed depth and dip angle exhibit an 

average impact of 3.99 m/min (13.1 ft/min) and 1.89 m/min (6.2 ft/min) respectively, whereas re-

maining features display an average impact lower than 1.65 m/min (5.4 ft/min). Figure 6-6 provides 

a concise representation of the magnitude, prevalence, and direction of a feature’s effect on the overall 

model output by representing each feature’s global importance as an ensemble of local explanations. 

This representation enables a better comprehension of the model’s output by indicating which values 

of a single feature has the major impact on each single prediction. It emerges that higher values of 

horizontal wind speed at 20 ft height, fuel bed depth, dip angle, and surface-area-to-volume ratio (1h 

time lag) are predictive of higher values of maximum rate of spread. The distribution of individual 

predictions for these features reveal strong positive impacts of maximum rate of spread, adding up to 

64.77 m/min (212.5 ft/min) and 80.71 m/min (264.8 ft/min), for wind speed and dip angle respec-

tively, to the mean expected output value of 8.25 m/min (27.06 ft/min). Other features show long left 

and right tails indicating that even features with a low global importance can be extremely incisive 

for some individual predictions. 

However, by adding up the local explanations for fuel bed properties and fuel particle properties in a 

summarised importance value of the fuel model, the feature importance analysis reveals that the fuel 

model has the highest average impact of 6.19 m/min (20.3 ft/min) on the maximum rate of spread 

(Figure 6-7). The importance values of horizontal wind speed at 20ft height and dip angle remain 

stable (at 4.45 m/min (14.6 ft/min) and 1.89 m/min (6.2 ft/min) respectively) and so the average 

impact of the remaining features. Local explanations of the effect of encoded fuel models on the 

model’s output indicate a decreasing impact when passing from grasslands mixed with shrublands 

(lower values) to timberlands with grassy and shrubby understories (higher values).  
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Figure 6-5 Global feature importance. Bar chart representing on the x-axis the impact of each feature on the model’s 

predictions computed by averaging the absolute SHAP values of that feature across the dataset. Features are sorted on 

the y-axis according to their importance in determining the model’s output. 

 

Figure 6-6 Local explanation summary plots. Each dot in each beeswarm plot corresponds to an individual prediction 

(row) from the synthetic dataset. The dot’s position on the x-axis shows the SHAP value for that feature, that is its impact 

on the model’s prediction for that record. When multiple dots land at the same x position, they are jittered in y-axis 

direction to show the density of the SHAP values per that feature. The colour represents the value of the feature from 

low to high. Features are sorted on the y-axis according to their importance in determining the model’s output. 
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Figure 6-7 Global feature importance (upper) and local explanation summary plots (lower). The impact on the model 

output of the selected fuel model is computed by adding up the impacts of fuel bed properties and fuel particle properties. 

Feature values of the fuel model indicate encoded values referring to (from lower to higher values): nearly pure grass-

lands; grasslands with shrubs; shrublands; timberlands with litter; timberlands with grassy or shrubby understories. 

6.2.2.2 Explained model’s predictions 

The decision plots shown in Figure 6-8 and Figure 6-9 illustrate how the proxy model arrives at 

individual predictions starting from a base value of 8.25 m/min (27.06 ft/min) and successively add-

ing positive or negative effects of different features until the model’s output value for each individual 

prediction is reached. An individual prediction has been randomly sampled from the synthetic dataset 

and taken as an example to explain the inner operating mode of the proxy model (Figure 6-8). The 

sampled prediction describes a surface fire spreading onto an almost flat topography covered by 

nearly pure grasslands, represented by the standard fuel model GRs3 (Rothermel, 1972), and sus-

tained by a light horizontal wind (0.5 m/s). The decision plot indicates that live fuel moisture fraction 

as well as wind and dip directions have limited effects in determining the model’s output value, 

whereas low values of dead fuel moisture fraction, canopy cover, and crown ratio slightly shifts the 

models’ prediction toward higher values of maximum rate of spread. The strongest positive effect (+ 

11.6 m/min or 38 ft/min) is provided by the selected fuel model, while the strongest negative effect 

(- 13.1 m/min or 43 ft/min) is offered by the weak wind speed, followed by the flat topography, 

leading to a model’s output value of 7.11 m/min (23.33 ft/min). Typical prediction paths can be iden-

tified by cumulating multiple individual predictions. Figure 6-9 reports cumulative decision plots for 

different standard fuel models (Rothermel, 1972) representing: nearly pure grasslands (GRs3), shrub-

lands of Mediterranean type climate regions in North America (SHs4), and timberlands with under-

storeys (TLs10). Recurrent patterns emerge across the different cumulative decision plots: (i) fuel 

model and wind speed at 20 ft return the highest impacts on the overall model’s predictions, whereas 

other input features show a lesser effect; (ii) wind speed has a little negative impact on many individ-

ual predictions and a strong positive impact on others. Each fuel model, instead, generates a peculiar 

pattern of positive (GRs3 and SHs4) or negative (TLs10) effects on the model’s output value.  
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Figure 6-8 Decision plot for a single model’s prediction for the standard fuel model GRs3 (Rothermel, 1972), representing 

tall grasslands with a fuel bed depth of 0.76 m or 2.5 ft. Starting at the lower limit of the plot, the prediction line (green 

dash-dotted line) indicates how the SHAP values accumulate from the model’s base value, 8.25 m/min or 27.06 ft/min 

(grey vertical line), to arrive at the model’s final score at the top of the plot, 7.11 m/min or 23.22 ft/min for that specific 

prediction. True values of each feature are reported next to the prediction line for reference. Features are sorted accord-

ing to their importance in determining the model’s output for that specific prediction. 

 

 

 

 

Figure 6-9 Cumulative decision plots for some of the standard fuel models (Rothermel, 1972): GRs3 (upper), SHs4 (cen-

tre), TLs10 (lower). Note that features are sorted differently amongst the different plots and according to their relative 

importance in determining the model’s outputs. Prediction lines are coloured according to their correspondent model’s 

output values (represented with different scales across the different plots).  
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6.2.2.3 Feature dependences 

Local feature dependence reveals both global patterns and individual variability in the maximum rate 

of spread. Feature dependences have been investigated posing major attention to features with the 

highest importance in determining the model’s output according to the feature importance analysis, 

i.e. fuel model, wind speed at 20 ft, and dip angle. 

Figure 6-10 further investigates the impacts of different fuel models on the maximum rate of spread. 

Most of the fuel models describing timberlands (TU and TL) shows a negative impact on the maxi-

mum rate of spread, while fuel models representing grasslands and shrublands (GR, GS and SH) 

provide both negative and positive impacts on the model’s output values, with the positive impacts 

being more significant than the negative ones. It becomes evident that fuel models describing grass-

lands and shrublands typical of the European Mediterranean regions (Dimitrakopoulos, 2002; Duce 

et al., 2012; Elia et al., 2015; Godinho-Ferreira et al., 2005; Rodríguez y Silva and Molina-Martínez, 

2012) show an overall major impact on the maximum rate of spread with respect to those developed 

for North America (Albini, 1976b; Rothermel, 1972; Scott and Burgan, 2005), which generally show 

negative impacts on the model’s output values. The interaction effect between fuel models and wind 

speed is confirmed by the large dispersion in the impacts of diverse fuel models on the maximum rate 

of spread, which is partially driven by differences in values of wind speed at 20 ft height. The vertical 

dispersion of the effects of fuel models with extremely high positive impacts, such as GRp6 or SHm9 

(Rodríguez y Silva and Molina-Martínez, 2012) seems to be not fully explained by the variability in 

wind speeds. Contrarily, the vertical dispersion of fuel models with lesser impacts seems to be mostly 

explained by variation in wind speeds, so that, the lower the wind speed, the more the impacts, both 

positive or negative, of fuel models on the maximum rate of spread get close to 0. The greater the 

wind speed, the more significant is the impact, both positive or negative, of the fuel model on the 

maximum rate of spread: for fuel models with positive impacts on the maximum rate of spread, the 

occurrence of higher values of wind speed raises the expected model’s output value, whereas for fuel 

models with negative impacts on the model’s output value, the occurrence of higher values of wind 

speed reduces the predicted maximum rate of spread. Figure 6-11 illustrates the effects of the hori-

zontal wind speed at 20 ft above ground and of the dip angle on the model’s predictions, while also 

highlighting the presence of interaction effects between these features and the fuel model. The func-

tions describing the relation between both wind speed or dip angle and their relative impacts on the 

maximum rate of spread are monotonically non-decreasing. Wind speeds of 3 m/s and dip angles of 

16 degrees represent the thresholds between negative and positive impacts on the model’s output, but 

these thresholds are strictly dependent on the initial distribution of the input features. The vertical 

dispersion in the impacts on the maximum rate of spread of both wind speed and dip angle, which is 

higher for higher values of both wind speed and dip angle, appears to be mostly explained by differ-

ences in fuel models. More specifically, wind speeds have less significant impacts on the maximum 

rate of spread when fuels, such as timber litter, are involved in the fire spread rather than shrubs and 

grasses. Similarly, reduced dip angles have limited impacts on the maximum rate of spread in the 

presence of fuels with little effects on the model’s output values, such as those referring to timber 

litter understories. However, the vertical dispersion in the impacts on the maximum rate of spread of 

both wind speed and dip angle seems to be better explained by fuel bed depth (Figure 6-12 upper left 

and upper right).



 

 

 

Figure 6-10 Local feature dependence illustrating the effects that different fuel models have on the model’s predictions, expressed in terms of maximum rate of spread. Each dot corresponds to an individual prediction, i.e. a single row from the 

synthetic dataset. The y-axis indicates the encoded values for each fuel model, whereas the x-axis represents the SHAP value of the fuel model, i.e. the entity of the variation in the model’s output induced by a specific fuel model. The colour bar 

refers to a second feature, i.e. the wind speed at 20 ft [m/s]. Superscripts beside the fuel model’s code refer to (1) Rothermel, 1972, (2) Scott and Burgan, 2005, (3) Duce et al., 2012, (4) Elia et al., 2015; (5) Godinho-Ferreira et al., 2005, (6) Dimitrakopoulos, 

2002, (7) Rodríguez y Silva and Molina-Martínez, 2012.



 

 

 

  

Figure 6-11 Local feature dependence illustrating the effects the wind speed at 20 ft (upper) and the dip angle (lower) have on the model’s predictions, expressed in terms of maximum rate of spread. Each dot corresponds to an individual prediction, 

i.e. a single row from the synthetic dataset. The x-axis indicates the value for the wind speed at 20 ft or for the dip angle, whereas the y-axis represents their relative SHAP value, i.e. the entity of the variation in the model’s output induced by a 

specific value of wind speed or dip angle. The colour bar refers to a third feature, i.e. the encoded values for fuel models. Superscripts beside the fuel model’s code refer to (1) Rothermel, 1972, (2) Scott and Burgan, 2005, (3) Duce et al., 2012, (4) Elia 

et al., 2015; (5) Godinho-Ferreira et al., 2005, (6) Dimitrakopoulos, 2002, (7) Rodríguez y Silva and Molina-Martínez, 2012.





 

 

 

Figure 6-12 Local feature dependences illustrating the impacts of single features on the model’s output value. Each dot 

in each scatter plot corresponds to an individual prediction, i.e. a single row from the synthetic dataset. The value of the 

feature is reported on the x-axis, whereas the y-axis represents the SHAP value of that feature, i.e. the entity of the 

variation in the model’s output induced by a specific feature’s value. The colour bar refers to a second feature from the 

dataset showing the most significant interaction effect with the analysed feature. 

Figure 6-12 also illustrates partial interaction effects between fuel moisture fractions and fuel bed and 

particle properties, which together constitute and describe the fuel model. The impacts of live fuel 

moisture fraction on the maximum rate of spread are positive for live fuel moisture values lower than 

1.5 (Figure 6-12 centre left), while the impacts of dead fuel moisture fraction on the maximum rate 

of spread are positive only for dead fuel moisture values lower than 0.1 (Figure 6-12 centre right). 

The vertical dispersion of impacts values of live and dead fuel moisture fractions is partially explained 

by variations in surface-area-to-volume ratio (live class) and fuel load (1h time lag) respectively. 

Finally, relations between both canopy cover (Figure 6-12 lower left) and crown ratio (Figure 6-12 
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lower right) and their relative impacts on the model’s output values describe monotonically decreas-

ing functions. The vertical dispersion is mostly explained by variations in wind speed values and the 

interaction effects might reflect the softening effect of the overstory layer of the forest canopy on the 

horizontal wind speed. Accordingly, positive impacts on the model’s output are produced by reduced 

values of both canopy cover and crown ratio indicating vegetation dominated by grass and shrubs 

with sparse trees, whereas negative impacts originate from more dense forest canopies with minor 

crown ratios. 

6.2.3 Proxy model for predicting other fire descriptors 

The implementation of the proxy models for predicting the direction of the maximum rate of spread 

and the eccentricity of the ellipse follows the same procedure defined for the implementation of the 

proxy model for predicting the maximum rate of spread relative to upslope. Two different XGBoost 

regressors have been trained on 60% of the records in the original synthetic dataset, whereas the 

remaining 40% have been used to test the model and to evaluate its predictive capacity on previously 

unseen records. Both the models required a significatively lower number of estimators to limit the 

mean absolute error on the test set while containing the overfitting: 446 estimators for the eccentricity 

and 236 estimators for the direction of the maximum rate of spread. The 𝑟2 values approximate to 1 

for both the models and for both training and test sets, with better results for the model estimating 

eccentricity with respect to that for the direction of the maximum rate of spread. Results suggest a 

good agreement between the values computed by means of the custom implementation of the Roth-

ermel’s model and that predicted by the proxy models (Figure 6-13). 

  

Figure 6-13 Computed vs. predicted values of direction of the maximum rate of spread (left) and eccentricity (right). The 

regression of computed vs. predicted values of maximum rate of spread are expected to have no bias from the 1: 1 line 

(black line) and the slope and intercept of the regression are expected to be equal to 1 and 0 respectively. In order to 

improve the readability of the figure, only small fractions (1%) of both the training and test sets have been represented 

in the scatter plot, whereas the regression equations and parameters have been computed from the complete training 

(grey) and test (petrol green) sets. 
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Figure 6-14 Global feature importance (upper) and local explanation summary plots (lower) evaluating the impact of 

the model’s input features on the model’s output, i.e. the direction of the maximum rate of spread. 

 

 

 

 

Figure 6-15 Global feature importance (upper) and local explanation summary plots (lower) evaluating the impact of 

the model’s input features on the model’s output, i.e. the eccentricity. 
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6.2.3.1 Feature importance analysis 

The feature importance analyses performed by considering fuel bed properties and fuel particle prop-

erties as a single input feature, suggested that horizontal wind at 20 ft height and geomorphometrical 

characteristics are the most important feature in determining the direction of the maximum rate of 

spread and the eccentricity. Figure 6-14 shows horizontal wind direction has a more than twice aver-

age absolute impact on the direction of maximum rate of spread with respect to the dip direction. 

Other features show a relatively low global feature importance, but long left and right tails indicate 

that they are indeed extremely incisive for some individual predictions. Figure 6-15 indicates hori-

zontal wind speed and dip angle as the most incisive features in determining the eccentricity of the 

ellipse that describes the fire perimeter and, specifically, higher values of both horizontal wind speed 

and dip angle have a positive impact on the model’s output. Left and right tails are less pronounced 

with respect to those observed for the estimation of the direction of the maximum rate of spread.  

6.2.4 Computing time 

To allow a direct comparison, the same drivers of fire spread have been chosen as input data for both 

the implementation of the Rothermel’s model and the developed proxy model based on gradient 

boosted trees. Both the models also include implicit or explicit procedures for the horizontal wind 

data adjustment. By comparing the computing time required to execute both the custom implementa-

tion of the Rothermel’s model and the proxy model, it emerges that in both cases the processing time 

increases linearly with the number of samples, which is a function of the total surface of the study 

area, the temporal extent of the event, and the desired output resolution. However, the growth of the 

computing time is sharper for the implementation of the Rothermel’s model with respect to the proxy 

model. Figure 6-16 shows that for 100,000 samples, the computing time of the proxy model is 10% 

of that required to run the Rothermel’s implementation. 

 

Figure 6-16 Comparison of the computing time required to run the implementation of the Rothermel’s model (black line) 

and the proxy model (dashed black line). 
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6.3 Discussion 

Two different tools have been presented within the context of this Chapter: a custom implementation 

of the extended Rothermel’s model for Python and its proxy model based on gradient boosted trees. 

The custom implementation of the extended Rothermel’s model poses itself as a useful tool to further 

investigate on the Rothermel’s equations and to continue improving the scientific understanding of 

the dynamics regulating wildland surface fire behaviour. 

The proxy model comprehensively integrates easily accessible input data to predict the maximum 

rate of surface fire spread in wildland fuels. Achieved results show that the proxy model based on 

gradient boosted trees operates analogously to the Rothermel’s model as described by Andrews 

(2018) and including the adjustment of the horizontal wind at 20 ft at midflame height which accounts 

for the effect of the forest canopy cover according to Andrews (2012). This suggests that the proxy 

model could effectively replace the Rothermel’s implementation as an operational tool for decision 

support system in wildland surface fire management. The proxy model combines high-accuracy com-

plex models based on ensemble machine learning methods with interpretable explanation. This com-

bination of accuracy and interpretability provides fire managers with near real-time reliable predic-

tions while also suppling insight into the operating mode of the model. 

The explanations of the proxy model provided by SHAP offered the opportunity to perform an in-

depth exploration of the relations existing among the drivers of fire spread, i.e. the inputs of the model, 

with the aim of understanding their relative importance in determining the descriptors of fire spread 

and growth, i.e. the outputs of the model. 

The horizontal wind speed at 20 ft height has been identified as the feature with the most significant 

impacts on the maximum rate of spread when considering fuel bed properties and fuel particle prop-

erties as independent features. This relevance may be higher with respect to that expected for the 

original implementation of the Rothermel’s model and this might be partially due to the integration 

of the adjustments factor accounting for the interactions with fuel bed characteristics and heat transfer 

mechanisms, which together have allowed to reproduce the complex effect of the horizontal wind 

speed on the rate of spread of the flame front. However, the data of the horizontal wind speed provided 

as input to the proxy model does not account for wind gusts which might further increase the im-

portance of the wind speed in determining the maximum rate of spread. The availability of accurate 

near real-time information on the spatiotemporal variability of weather conditions and more specifi-

cally of the horizontal wind speed assume a primary significance for reliable estimation of the maxi-

mum rate of spread. 

The feature importance analyses highlighted the relevance of the fuel model in determining the de-

scriptors of fire spread and growth. More specifically, the thickness of the fuel bed depth, the surface-

area-to-volume ratio and the oven-dry fuel load of the 1h dead size class have revealed the highest 

impacts on the model’s output value with respect to the other fuel bed properties and fuel particle 

properties when considered as independent features. An overall tendency emerges for fuel models 

developed for the European Mediterranean regions to produce higher impacts on the maximum rate 

of spread with respect to those developed for North America by Scott and Burgan (2005). These 

diverse behaviours might be due to inherent discrepancies in sampling techniques or might reflect 

tangible differences amongst the various fuel types in terms of their physico-chemical properties. The 
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more fuel models are developed in literature, the more accurate might be the characterisation of the 

existing fuel types and the representation of their spatial variability across diverse ecosystems. On 

the other hand, the growing number of fuel models poses major challenges in the assignment of fuel 

models to existing patterns of vegetation. Hence, a clear understanding of the impacts of each single 

fuel model in terms of its effects on the maximum rate of spread, could serve as a guideline to identify 

those fuel models with similar behaviour and thus simplifying the process of fuel model assignment 

(Figure 6-10). That is to say that assigning an incorrect fuel model does not always have the same 

impact: fuel models describing timber understories show quite similar behaviours with limited im-

pacts on the maximum rate of spread, whereas fuel models representing grasslands and shrublands, 

which are mostly unsheltered fuel types, show a greater variability but also a greater impact in terms 

of values of maximum rate of spread they are potentially able to sustain. 

Presented outcomes strengthen the idea that accurate estimations of the horizontal wind fluxes as well 

as fuel types characterisation and mapping should assume a central role in wildland surface fire be-

haviour modelling when simulators based on the Rothermel’s model are chosen. Results from this 

research agree with findings from other studies according to which both fuel models and wind flows 

are frequently addressed as major sources of errors and uncertainties in surface fire spread and growth 

simulation modelling (Arca et al., 2007; Ricotta and Di Vito, 2014; Salis et al., 2016). Furthermore, 

extreme weather conditions, the accumulation of heavy fuel loads and the lack of appropriate thinning 

fuel treatments are increasingly identified as prevailing factors in the upsurge of extreme wildfire 

events across Mediterranean type climate regions which can be distinguished in fuel-dominated and 

wind-dominated fires (Keeley and Syphard, 2019; Salis et al., 2018; San-Miguel-Ayánz et al., 2013). 

The proxy model trained for those purposes accurately reproduces the Rothermel’s model with the 

advantage of providing truthful results in a lesser amount of time, thus making it more suitable for 

operational purposes. However, some input features that have been proven extremely relevant in de-

termining the model output are difficult, if not impossible, to estimate in near real-time by means of 

field sampling. The growing availability of remotely sensed data and their increasingly higher spati-

otemporal resolution might help in the extensive detection and continuous monitoring of some rele-

vant fuel bed properties. Challenges in the procedure of fuel models’ mapping from remotely sensed 

data mainly concern the estimation of fuel particle properties, such as the surface-area-to-volume 

ratio of the 1h dead size class which showed a significant relevance in determining the model’s output 

values. Hence, future activities will be addressed to retrain the developed proxy model providing it 

solely with input features that could be directly and accurately retrieved from remotely sensed data. 

Preliminary tests showed 𝑟2 values of 0.94 and 0.93 for the training and test sets respectively, sug-

gesting a good agreement between the maximum rate of spread computed by means of the custom 

implementation of the Rothermel’s model and that predicted by the proxy model while conserving 

the feature importance. 

More interestingly, the availability of a consistent dataset of field observations of the maximum rate 

of spread together with associated information on input features, e.g. fuel bed properties and horizon-

tal wind speed and direction at the time of ignition, would provide the opportunity to train a machine 

learning model untied from assumptions and constraints of the Rothermel’s model and enriched by 

interpretable explanation. 



 

 

Chapter 7 

Agent-based model for simulating fire growth 

The structure of an agent-based spatial simulation model for predicting patterns of fire growth and its 

performance under simplified test conditions will be described in the following Sections. The agent-

based model incorporates the proxy model built on top the Rothermel’s equations (Chapter 6, Section 

6.1.3), which provides the input for a hybrid vector-raster propagation technique for fire perimeter 

expansion that controls for both spatial and temporal resolution of fire growth over the landscape. 

The model is intended for operational purposes so that its design and implementation are aimed at 

providing near real-time multi-temporal maps of fire growth capable of accurately and dynamically 

capture the intrinsic spatiotemporal variability of the drivers of fire spread. Fire growth simulations 

have been then performed under synthetic conditions to test for the conceptual validity of the devel-

oped model, whereas the model’s validation on case studies from the real world will be presented in 

Chapter 9. 

7.1 Agent-based models 

Agent-based models (ABMs) are a class of computational models for simulating behaviours, actions, 

and interactions of autonomous individual or collective entities, with the aim of emulating the overall 

system behaviour and predicting the spatial patterns of complex phenomena (Clarke, 2014). ABMs 

share their origins with Cellular Automata (Wolfram, 2002) whereas one of the earliest ABMs in 

concept was the Schelling's segregation model (Schelling, 1971). 

ABMs’ concepts and theories are rooted in the complexity theory and aims to model and comprehend 

system-level patterns and properties emerging from interactions amongst individual agents. Agents 

are discrete and autonomous entities capable of processing information and interacting with the en-

vironment or with other agents to make independent decisions and even to learn and adapt to the 

surrounding conditions. Agents’ interactions with other agents and with their surrounding environ-

ment are basically expressed by rules which are derived from theory or empirical data and provides 

the foundation of an agent’s behaviour. Rules and relationships may be specified in a variety of ways, 

with agents being simply reactive, i.e. performing actions only then triggered by external stimulus 

such as other agents, or proactive, i.e. intrinsically oriented to the achievement of specific goals. The 

same set of rules can be applied to all agents or each agent or category of agents can have its own 

unique set of custom rules. The environment provides the spatial context in which agents operate 

and is typically represented by a grid of raster cells with specific attributes that change in space and 

time. Agents within an environment may be spatially explicit, meaning they have a precise location 

in geometrical space although the agent itself may be static, or spatially implicit, meaning that their 

location within the environment is irrelevant. Agents are also characterised by a specific location in 



Agent-based model for simulating fire growth Chapter 7 

74 

time which is conceptualised in discrete time steps regardless of whether the analysed phenomenon 

is continuous or discrete. Agents’ actions can be scheduled to take place synchronously or asynchro-

nously at each discrete time step, with a specific order or randomly. 

7.2 Model development 

7.2.1 Conceptualisation 

An agent-based spatial simulation model has been developed with the specific purpose of predicting 

complex patterns of fire growth starting from the spatiotemporal variability in both intensity and 

direction of the maximum rate of spread. The agent-based approach has been chosen for the purpose 

of this research because of its flexibility, particularly in relation to the geospatial component, and its 

ability to design heterogeneous populations of agents. Whereas ABMs are typically used to capture 

emergent patterns by means of stochasticity, this study implements a deterministic approach, where 

the surface fire growth is regulated by the values of the fire descriptors estimated by means of the 

proxy model based on the Rothermel’s equations and introduced in Chapter 6. 

The designed ABM is grounded on a hybrid raster-vector implementation, where the space is discre-

tised into a grid of hexagonal cells within which a vectorial simulation is executed to compute the 

fire growth. 

7.2.1.1 Entities 

Hexagonal grid cells represent the model’s discrete spatial units within which the space is treated as 

continuous by the vectorial simulation. A hexagonal grid have been preferred over square grid be-

cause hexagons closely approximate the circular radiation pattern that is proper of the process of fire 

growth in hypothetical isotropic environmental conditions (Chapter 3). The advantage of a hexagonal 

mesh in simulating fire growth with ABM is the isotropy of the hexagonal neighbourhood: each pair 

of adjacent hexagonal grid cells shares an edge and all their centroids are equidistant. Each hexagonal 

cell stores multitemporal sets of dynamic variables whose characteristics have been extensively dis-

cussed in the previous Chapters. At any discrete time step each hexagonal grid cell is characterized 

by both time independent and dependent state variables. Time independent state variables include the 

location of the grid cell’s centroid and an indicator of the presence of an outbreak in that grid cell. 

Time dependent variables are (i) the maximum rate of spread relative to upslope, (ii) the direction of 

the maximum rate of spread, and (iii) the eccentricity of the ellipse approximating the fire perimeter. 

The sequence of discrete time step allows the model to reproduce the intrinsic spatiotemporal varia-

bility of time dependent variables according to data availability. 

Each hexagonal cell can accommodate a single agent which may assume any static spatially explicit 

position inside the hosting cell: the position of each agent remains unchanged throughout the model’s 

time steps. Agents might represent both primary fire outbreaks as well as secondary sources of igni-

tion which are identified over the course of the vectorial simulation. The agents’ behaviour is con-

ceptually inspired by the Huygens’ wavelet principle, which states that each point on a fire perimeter 

can be considered a new source of ignition for the vectorial simulation. Starting from an ignition 

source, i.e. an agent, the fire spreads in any direction with a rate that is computed from the maximum 

rate of spread assuming the fire perimeter to be elliptically shaped.  
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Figure 7-1 UML activity diagram to describe the logical flow of agents’ behaviour and interactions with the hexagonal 

grid cells. 

7.2.1.2 Spatial and temporal scales 

The model includes explicit spatial and temporal dimension and is intended to be applied to multiple 

sites and scenarios that can vary in spatial and temporal scales and extent. The selection of spatial 

and temporal scales and extent also strictly depends on the available computational resources. How-

ever, to test the fire growth conformity to idealised patterns, simulations have been performed under 

simplified test conditions with synthetic spatial and temporal extents. The spatial resolution, which 

is the area of a single hexagonal grid cell, has been set to 1 ha, whereas the temporal resolution, 

which is conceptualised by discrete time steps, has been set to 1 minute. 
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7.2.1.3 Process overview 

The fire growth process is modelled as a diffusion process between adjacent cells of the considered 

domain, where the status of each hexagonal cell at the time step 𝑡𝑛 is defined by the status of the same 

cell at the time step 𝑡𝑛−1 and the status of its six neighbouring cells at the time step 𝑡𝑛−1. The simu-

lation starts at the time step 𝑡0 with a single agent being instantiated in the centroid of the hexagonal 

cell for each given fire outbreak. It can be said the state of that cell is changed from unburnt to 

burning. Then a continuous vector process makes the fire starts propagating from the centroid of the 

burning cell towards its edges in any possible direction. The rate of spread in each direction and hence 

the elliptical shape of the fire growth within each burning cell are computed from the maximum rate 

of spread, the direction of the maximum rate of spread, and the eccentricity defined for that cell 

according to the Equation [4.38]. Once the vector process overreaches the edge of the burning cell, a 

new agent is instantiated in the centroid of the intersection between each neighbouring unburnt hex-

agonal cell and the elliptical shape of the fire growth. New vector simulations start from those agents 

and unburnt cells change their status to burning. A cell persists into the burning status until the vector 

simulation within it has reached all its edges; then, the agent is removed, and the state of the cell is 

turned into exhaust. 

Depending on the time step length and on the maximum rate of spread, each cell might need one or 

more steps to complete the transition from unburnt, to burning, and then exhaust states, so that the 

vector simulation continue to spread over multiple time steps with different rates according to updated 

information on the maximum rate of spread, direction of the maximum rate of spread, and eccen-

tricity. 

7.2.1.4 Initialisation 

The model’s initialisation is intended to be generic since the model itself is designed to be applicable 

to multiple sites. The initialisation varies amongst diverse scenarios, which differ from each other in 

terms of location and characterisation of both hexagonal grid cells and agents. 

The initialisation of the model at time 𝑡0 starts with the definition of global conditions that are expe-

rienced by all the model’s entities: (i) the time step length is set and (ii) constants describing the 

geometry of the hexagonal grid cells are initialised, defining the cells’ side length and their orientation 

as well as their neighbourhood, which includes the six adjacent cells which surround each cell. Then, 

time- and site-specific information for the initial time step 𝑡0 are imported: (i) the list of initial agents 

representing the real fire outbreaks is retrieved together with information on their timing and location 

and (iii) maps of maximum rate of spread, its direction, and eccentricity for the initial time step 𝑡0. 

Finally, (i) the hexagonal grid cell is instantiated together with (ii) the agents and (iii) the scheduler, 

which handles the time component by defining when agents are called upon to act. 

7.2.1.5 Scheduling 

At each step of the model and all the agents are activated and take their own actions, changing their 

state variables and interacting with one another or the environment. 

An overview of the whole initialisation and scheduling process is provided by the activity diagram in 

Figure 7-1, whereas Figure 7-2 provides a schematic representation of the vector simulation that oc-

curs within a single hexagonal cell and how it propagates to its neighbouring cells over multiple time 

steps.  
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Figure 7-2 Agents behaviour from the model’s time step 𝑡0 to 𝑡3. Unburnt hexagonal cells are represented in white, 

burning hexagonal cells, i.e. containing an active agent, are highlighted in grey, and cell’s centroid are identified by black 

dots. Agents’ location is pinpointed by light grey dots. At the time step 𝑡0, the first agent is initialised in the centroid 𝑥1, 𝑦2 

of the hexagonal cell containing the fire outbreak (upper left); at the end of the time step 𝑡1, the vector simulation started 

from that agent has produced an elliptical shape (upper right); at the end of the time step 𝑡2, a new agent has been 

instantiated with an offset from the centroid 𝑥2, 𝑦1 of the neighbouring cell whose edges have been overreached by the 

vector simulation (lower left); at the end of the time step 𝑡3, two more agents have been instantiated starting new vector 

simulations (lower right). Simulation parameters: maximum rate of spread of 50 ft/min, direction of the maximum rate 

of spread of 60 degrees clockwise from north and eccentricity equal to 0.8. 

At the beginning of each time step, the model (i) calculates the current epoch 𝑡𝑛+1 to keep track of 

the simulation time, (ii) updates the list of agents and initialises new agents for any ignition point that 

exists before the current epoch 𝑡𝑛+1, (iii) updates the maps of maximum rate of spread, direction of 

the maximum rate of spread, and eccentricity for the current epoch, and (iii) executes the agent’s 

process by activating all agents once per step in random order according to the scheduler. While each 

process is performed by agents in random order, state variables are updated synchronously, meaning 

that the new values are not stored until all agents have executed their process and then they are up-

dated all at once. 
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During each time step, each agent (i) collects updated time dependent variables, i.e. maximum rate 

of spread, direction of the maximum rate of spread, and eccentricity, for the hexagonal cell in which 

it is accommodated, (ii) calculates vectors of the rate of spread in any radial direction from its own 

location inside the hexagonal cell if the maximum rate of spread is greater than 0, (iii) calculates the 

elliptical shape defined by the vectors of the rate of spread at the end of the current epoch 𝑡𝑛+1, (iv) 

calculates the intersection between the elliptical shape and each hexagonal cell in neighbourhood, (v) 

computes the offset location of each centroid’s intersection with respect to the location of the hexag-

onal cell’s centroid, (vi) instantiates a new agent in the offset location and add it to the scheduler if 

the cell does not contain any other agent, and, then, (vii) deactivates itself if all the cells in the neigh-

bourhood have been ignited, i.e. contains an agent yet. 

Finally, at the end of each time step the model computes the modelled fire growth at time 𝑡𝑛+1. 

7.2.2 Formalisation 

The Hex-utils tool-kit has been employed to handle the hexagonal meshes (de Sousa and Leitão, 

2017). To the purpose of the present study, a flat-topped orientation for the hexagonal cells has been 

chosen and hexagonal grids are built by offsetting odd columns producing an odd-q vertical layout. 

The conceptualised fire growth model has been implemented in a Python environment by means of 

the Mesa agent-based modelling framework (Masad and Kazil, 2015) and rendered with Matplotlib 

(Hunter, 2007) and Shapely (Gillies, 2013). The model is basically made up of two core classes: one 

for the overall model, the other for the agents. Both the model and agent classes are child classes of 

Mesa’s generic Model and Agent classes. The model class holds the model-level attributes, manages 

the agents, and handles the global level of the model. Each instantiation of the model class constitutes 

a specific model run, whereas each model contains multiple agents, all of which are instantiations of 

the agent class. 

7.2.3 Verification 

To test the fire growth conformity to idealised patterns, simulations have been performed under sim-

plified test conditions with synthetic spatial and temporal extents. Model verification is intended as 

the process of determining whether an implemented model corresponds to the target conceptual model 

(Wilensky and Rand, 2007). Model verification is equivalent to making sure that the implemented 

model is correct and executes properly. By contrast, the model validation is intended as the process 

of determining whether the implemented model corresponds to and explains some phenomenon in 

the real world. 

To iteratively verify the model’s outputs, raster maps of homogenous sets of combinations of drivers 

of fire spread, i.e. horizontal wind speed and direction, dip angle and direction, fuel models and fuel 

moisture fractions, have been provided as inputs to the developed proxy model (Chapter 6). Resulting 

raster maps of maximum rate of spread, direction of the maximum rate of spread, and eccentricity 

have been turned into hexagonal meshes to be provided as inputs to the developed ABM. Resulting 

simulations of fire growth in synthetic homogeneous environments have been arranged in multiple 

matrices. Each matrix aims at analysing the combined effects of couples of drivers of fire spread by 

representing their variations along the x and y axis while maintaining constant all the other variables.  
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7.3 Results 

In this Section, fire growth simulations performed under synthetic homogenous conditions are pre-

sented. Spatial and temporal scales are kept constants across all the executed fire growth simulations. 

Each simulation is the result of one single run of the model for 60 discrete time steps, each one of a 

length of 1 minute. 

Figure 7-3 and Figure 7-4 illustrate the joint effect on simulated fire growth produced by varying dip 

angles and varying horizontal wind speed at 20 ft height above ground, while all other drivers of fire 

spread remaining unchanged within each matrix. Dip angle and wind speed varies along x and y axis 

respectively producing similar effects on simulated fire growth. Specifically, fires propagating on 

topographies with increasing dip angles in the absence of wind generate patterns similar to that pro-

duced by fires propagating on flat topographies with increasing wind speeds. Sustained by winds 

blowing upslope, the fire front spreads upslope with maximum rates in conditions of higher wind 

speeds (15 m/s) and higher dip angles (60 degrees). Figure 7-3 and Figure 7-4 only differ from each 

other for the fuel model: SHs4 and GRs2 respectively (Rothermel, 1972), which are representative of 

Mediterranean shrublands and tall grasslands. Differences in terms of patterns of fire growth are em-

phasised for both higher wind speeds and higher dip angles. 

Figure 7-5 and Figure 7-6 represent the joint effect on simulated fire growth produced by varying 

wind direction and increasing dip angles; all other drivers of fire spread remain unchanged within 

each matrix, while the two matrices only differ from each other only for the wind speed, which is 

equal to 3 m/s and 10 m/s respectively. Figure 7-5 shows that at relatively low wind speeds (3 m/s) 

and low dip angles (less than 30 degrees), the wind direction determines the direction of maximum 

rate of spread of the fire front, with the borderline case of a dip angle of 30 degrees with wind blowing 

downslope impeding the fire to spread in any direction. However, higher dip angles generate higher 

rates of spread and causes the dip direction (240 degrees clockwise from north) to become dominant 

on the wind direction in determining the direction of the maximum rate of spread. For example, with 

a dip angle of 60 degrees and a wind blowing exactly downslope (240 degrees clockwise from north), 

the fire front continues to spread upslope with rates similar to that of simulations with wind blowing 

upslope (60 degrees clockwise from north). Different patterns emerge from Figure 7-6, where rela-

tively high wind speeds (10 m/s) makes the wind direction always dominant on the dip direction, 

even at high dip angles (60 degree). Here, a wind blowing exactly downslope (240 degrees clockwise 

from north) causes the fire front to spread more rapidly downslope rather than upslope, but with a 

rate of spread significantly reduced. 

Figure 7-7 and Figure 7-8 show the joint effect on simulated fire growth produced by varying wind 

directions and dip directions; all other drivers of fire spread remain unchanged within each matrix, 

while the two matrices differ from each other only for the dip angle, which is equal to 15 and 60 

degrees respectively. Figure 7-7 sharply underlines that, with low dip angles (15 degrees), wind di-

rection plays a dominant role in determining the direction of the maximum rate of spread with respect 

to the dip direction. Higher dip angles (60 degrees) alter this pattern so that the dip direction assumes 

a growing influence on the direction of the maximum rate of spread, but without overcoming the 

dominant effect of the wind direction (Figure 7-8). 
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Figure 7-3 Joint effect of wind speed at 20 ft height and dip angle for fuel model SHs4 (Rothermel, 1972). Simulation 

parameters: wind speed varying between 0 and 15 m/s; wind direction equal to 60 degrees clockwise from north; dip 

angle varying between 0 and 60 degrees; dip direction equal to 240 degrees clockwise from north; live and dead moisture 

fraction equal to 1.0 and 0.07 respectively. 
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Figure 7-4 Joint effect of wind speed at 20 ft height and dip angle for fuel model GRs2 (Rothermel, 1972). Simulation 

parameters: wind speed varying between 0 and 15 m/s; wind direction equal to 60 degrees clockwise from north; dip 

angle varying between 0 and 60 degrees; dip direction equal to 240 degrees clockwise from north; live and dead moisture 

fraction equal to 1.0 and 0.07 respectively. 
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Figure 7-5 Joint effect of wind direction and dip angle for fuel model SHs4 (Rothermel, 1972). Simulation parameters: 

wind direction varying between 0 and 300 degrees clockwise from north; wind speed equal to 3 m/s; dip direction equal 

to 240 degrees clockwise from north; dip angle varying between 0 and 60 degrees; live and dead moisture fraction equal 

to 1.0 and 0.07 respectively. 
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Figure 7-6 Joint effect of wind direction and dip angle for fuel model SHs4 (Rothermel, 1972). Simulation parameters: 

wind direction varying between 0 and 300 degrees clockwise from north; wind speed equal to 10 m/s; dip direction equal 

to 240 degrees clockwise from north; dip angle varying between 0 and 60 degrees; live and dead moisture fraction equal 

to 1.0 and 0.07 respectively. 
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Figure 7-7 Joint effect of wind direction and dip direction for fuel model SHs4 (Rothermel, 1972). Simulation parameters: 

wind direction varying between 0 and 300 degrees clockwise from north; wind speed equal to 10 m/s; dip direction 

varying between 0 and 300 degrees clockwise from north; dip angle equal to 15 degrees; live and dead moisture fraction 

equal to 1.0 and 0.07 respectively.  
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Figure 7-8 Joint effect of wind direction and dip direction for fuel model SHs4 (Rothermel, 1972). Simulation parameters: 

wind direction varying between 0 and 300 degrees clockwise from north; wind speed equal to 10 m/s; dip direction 

varying between 0 and 300 degrees clockwise from north; dip angle equal to 60 degrees; live and dead moisture fraction 

equal to 1.0 and 0.07 respectively. 
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Figure 7-9 Joint effect of live and dead moisture fractions for fuel model GRs3 (Rothermel, 1972). Simulation parame-

ters: wind speed equal to 3 m/s; wind direction equal to 60 degrees clockwise from north; dip angle equal to 15 de-

grees; dip direction equal to 240 degrees clockwise from north; live moisture fraction varying between 0.40 and 2.40; 

dead moisture fraction varying between 0.05 and 0.30. 
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Figure 7-9 illustrates the joint effect of live and dead fuel moisture fractions on the simulated fire 

growth, which is more clearly perceptible for low values of wind speed (3 m/s). Both live and dead 

fuel moisture fractions show a limited influence on the maximum rate of spread, with a slightly more 

significant impact of the dead moisture fraction with respect to the live moisture fraction.  

7.4 Discussion 

Patterns resulting from the simulations of fire growth exhibited a satisfying level of agreement with 

theoretical knowledge on fire behaviour modelling. Horizontal wind speed and direction have played 

a pivotal role in determining both direction and intensity of the maximum rate of spread across most 

of the performed simulations. Analogous effects have been observed for the dip angle. Indeed, in-

creasing dip angles as well as increasing upslope winds generated higher rates of upslope spread with 

respect to downslope, reflecting the fire behaviour observed in the real world, where fuel ahead of a 

fire front is subject to an increasing convection that is greater the more the dip angle and the upslope 

wind speed upslope increase. Conversely, higher downslope wind speeds resulted in higher rates of 

downslope spread with respect to upslope, thus demonstrating the dominant role of wind speed and 

direction in determining both the intensity and direction of the maximum rate of spread. 

Furthermore, obtained results essentially confirmed the explanations of the proxy model presented in 

Chapter 6. Wind speed and dip angle resulted in the most significant variations in terms of fire growth, 

reflecting their high feature importance in determining both maximum rate of spread (Figure 6-7) and 

eccentricity (Figure 6-15). However, significant variations in the resultant simulations of fire growth 

need to be attributed to the selected fuel model. For instance, differences in terms of patterns of fire 

growth can be observed when comparing Figure 7-3 and Figure 7-4 which only differ from one an-

other for the selected fuel model, SHs4 and GRs2 respectively (Rothermel, 1972), which have been 

proven to sustain different rates of spread (Figure 6-10). Finally, wind direction and dip direction 

have been correctly identified as the most important features in determining the direction of the max-

imum rate of spread (Figure 6-14). 

Obtained outcomes suggest that the developed ABM for simulating fire growth produces patterns 

showing an adequate accordance with the target conceptual model. However, in most of the simulated 

fire growth, the fire front exhibits an angular rather than rounded pattern suggesting that the model 

slightly suffers from the distortion that is typical of the raster implementations, especially in synthetic 

conditions and potentially in real-world applications. Major improvements to the developed agent-

based spatial simulation model could be granted by addressing these distortions.  

To determine whether the implemented model corresponds to and explains phenomena in the real 

world, it has been validated against historical events occurred in Sardinia, Italy (Chapters 8 and 9). 

 





 

 

Chapter 8 

Historical wildfire events in Sardinia 

8.1 Wildfires in Italy 

According to the results of the most recent National Inventory of Forests and forest Carbon pools 

(INFC), forest areas in Italy occupy 35% of the national territory, covering an overall surface of 

10,982,013 ha, with 9,165,505 ha of forests and 1,816,508 ha of wooded land, mainly shrublands, 

maquis, and garrigues (INFC 2015). Forest areas have steadily increased over the last century across 

the whole nation, thanks to the spontaneous recolonization of marginal agricultural areas that fol-

lowed the abandonment of croplands and the resulting changes in land use. The overall annual in-

crease in forest areas (forests and woodlands) for the periods 1985-2005 and 2005-2015 is 0.3% and 

0.2% of the national territory respectively, with correspondent annual increases of 77,960 ha and 

52,856 ha (Gasparini and Marchetti, 2019). However, forest areas are increasingly exposed to forest 

fires. In the period 1980-2017, forest fires in Italy affected an overall surface of 4,061,988 ha with an 

annual average of 106,894 ha of burnt areas (Corona and Gismondi, 2019). According to the annual 

report on environmental data produced by the Italian Institute for Environmental Protection and Re-

search (ISPRA, 2019), the annual burnt area and the total number of fires showed fluctuating trends 

in the period 1970-2018 (Figure 8-1), with peaks in 2007, 2012, and 2017 in the last couple of decades 

and softening in fire activity in 2013, 2014, and 2018. More specifically, the 2007 fire season was 

one of the heaviest ever recorded, with 10,639 forest fires that affected an area of 227,729 ha, of 

which 116,602 were wooded (Camia et al., 2008). 

 

Figure 8-1 Total surface burnt area (forest and non-forest) and overall number of fires in Italy from 1970 to 2018. Data 

sources: ISPRA, 2019.  
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Data published in the JRC Technical Reports highlight that 58,593 wildland fires occurred in Italy in 

the years 2009-2019 burning an overall surface of 694,860 ha, of which 381,553 wooded. When 

analysing the spatial distribution of wildland fires on the national territory, Figure 8-2 show a clear 

difference in terms of fire activity amongst Italian Regions and thus reflecting the diversity between 

fire-prone Mediterranean ecosystems and non-fire-prone ecosystems. Indeed, 56.2% of the total num-

ber of events occurred in Sicily (16.6%), Calabria (15.2%), Campania (14.0%), and Sardinia (10.4%), 

whereas 60.1% of the overall burnt area were located in Sicily (29%), Calabria (15.9%) and Sardinia 

(15.2%) alone (Figure 8-2). Wildfires in Sardinia are larger on average (20.63 ha per event) if com-

pared with other Regions severely affected by wildfires, such as Campania (6.2 ha per event). Ac-

cording to these estimates, 8,252 wildfires have ignited during the 2012 fire season, the greatest num-

ber of events in Italy for the period 2009-2019, burning an overall surface of 130,814 ha. However, 

the 2017 fire season is responsible for the largest annual burnt area, affecting 161,987 ha, which 

account for 23.3% of the overall area burnt in the period 2009-2019, consumed by 7,855 events (San-

Miguel-Ayánz et al., 2018). 

Estimates provided by the JRC Technical Reports point out that while the 2017 fire season have 

fuelled exceptionally large events across most of the Italian Regions, this seems not true for Sardinia, 

where the largest annual burnt area has been recorded in 2009, with 37,104 ha compared to 7,843 ha 

burnt in 2017 and an average annual burnt area of 6,841 ha for the period 2010-2019. Moreover, only 

684 wildfire events are reported for the 2009 fire season, implying an average burnt area of 54.25 ha 

per event, while the reported average brunt area per each single event for the period 2010-2019 is 

17.27 ha. However, more accurate sources of data, such as the Sardinia Forest Service, suggest an 

underestimation of both the number of fire events and the total burnt areas for the period 2009-2019. 

 

Figure 8-2 Wildfire events in the diverse Regions of Italy from 2009 to 2019. Bar width represents the total burnt area 

[ha] in different years. The number of wildland fires per year is also reported on respective bars for reference. Data 

sources: JRC Technical Reports for the years 2009-2019. 
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8.2 Wildfires in Sardinia 

This section is aimed at characterising the study area in general terms of fire activity by performing 

an exploratory data analysis on available institutional information on historical wildfire events. The 

chosen study area is Sardinia, Italy, the second largest island of the Mediterranean Basin. According 

to the latest JRC Technical Reports, Sardinia has been of the most affected regions in Italy in the 

period 2009-2019 in terms of total number of fires (6,097 events), overall burnt area (105,518 ha), 

and average fire size (20.6 ha). 

An in-depth analysis of the historical events occurred between 1974-2003 has been derived from the 

Proceedings of the Conference “Incendi boschivi e rurali in Sardegna. Dall’analisi delle cause alle 

proposte d’intervento” (Section 8.2.1). Data of wildfire events occurred between 2005 and 2019 have 

been specifically investigated for the purpose of the present study (Section 8.2.2). 

8.2.1 Period 1974-2003 

In the period 1974-2003, 3,436 fires have been recorded annually in Sardinia, with an average burnt 

area of 34,394 ha, of which 8,440 ha wooded (Boni, 2004). In 1983, a critical year for wildland fires, 

1,600 events corresponded to an overall forest area burnt of 37,500 ha. Although an extremely irreg-

ular trend, the number of events has remained almost stable with about 3,000 events per year from 

1983 to 2003, but the average burned area has decreased, with 92% of burnt areas under 10 ha and 

67% under 1 ha. This drop is traditionally ascribed to an increased efficiency and effectiveness of fire 

suppression activities as well as to the introduction and enforcement of the general policy on wild-

fires, L. November 21st, 2000 n. 353 (Legge Quadro in materia di incendi boschivi). However, Boni 

(2004) has raised concerns about the increase in ignition locations’ proximity to the roadsides: while 

in the period 1983-1989 wildfires ignited along the roadside represented just 16% of the total, in the 

period 1995-2003 reached 42% of the total (46% for the 3-year period 2001-2003). Moreover, while 

from 1974 to 2003 the greater number of fires that caused larger burnt areas occurred between 10:00 

in the morning and 19:00 in the evening, with peaks at around 13:00, wildfires rage more and more 

frequently after the sunset. 

Burnt areas are surveyed in Sardinia by the local Forestry Corps of the Autonomous Region of Sar-

dinia (Corpo forestale e di vigilanza ambientale della Regione Autonoma della Sardegna, CFVA) 

which is also in charge of the control and repression of criminal offenses related to wildfires as well 

as of the investigation on their causes. Indeed, in compliance with the general policy on wildfires, L. 

November 21st, 2000 n. 353, kindling wildland fuels constitutes a criminal offense which can be 

punished with 4-10 years of detention. However, the vast majority (99%) of fires in Sardinia in the 

period 1974-2004 (Saba, 2004) have been attributed to anthropogenic causes, both arson and unin-

tentional. At a national level, complete surveys on wildfire crimes carried out by the former State 

Forestry Corps (Corpo forestale dello Stato) confirmed that only 1.23% of recorded wildland fires in 

Italy in the period 1997-2007 were a result of natural causes (Lovreglio et al., 2010). These results 

reflect the general tendency observed in European Mediterranean regions where 97.1% of wildland 

fires are directly or indirectly caused by human agents (Ganteaume et al., 2013). 

From the investigations carried out by the CFVA relatively to the period 1996-2016, it emerges that 

70.0% of human-caused wildfires in Sardinia were due to intentional causes (arson), 14.2% were due 
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to unintentional causes (negligence), and 15.8% were due to undefined human-causes (Autonomous 

Region of Sardinia, 2017b). According to Saba (2004), most frequent intentional causes of wildfire 

events occurred in Sardinia between 1974 and 2004 included: pasture renewal or creation; agricultural 

use of fire; ownership conflicts and personal revenge; conflicts with Authorities; protest of seasonal 

firefighters; acts of intimidation, vandalism, and pyromaniacs. Building speculation, i.e. the use of 

fire as a tool to convert rural or natural lands into urban lands, is also enumerated among intentional 

causes. Instead, motives connected to negligent fires occurred in Sardinia between 1974 and 2004 

included: careless use of agricultural fires; stubble burning; unsafety use of mechanical, electrical or 

fuel-burning tools; lack of maintenance of power lines, pipelines, railroad lines; and careless discard 

of cigarettes. Those results are in line with main findings at a national level (Lovreglio et al., 2010). 

8.2.2 Period 2005-2019 

According to the official Sardinia Forest Service database, the average annual number of fire ignitions 

for the period 2005-2019 is about 3,000 per year. Institutional information about historical wildfire 

events in Sardinia between 2005 and 2019 have been specifically collected and analysed for the pur-

pose of the present study. Data are provided on a vector basis by the official website of the Autono-

mous Region of Sardinia (Autonomous Region of Sardinia, 2020b). The database currently consists 

of institutional delimitation of a selection of burned scars with a final area greater than 0.1 ha, which 

is the size threshold set by the Forest Service to map an event, produced by wildland fires occurred 

between 2005 and 2019, each supplied with information on the date of the ignition. The maps of 

burned scars have been delineated directly with GPS ground surveys and cross-validated through 

photointerpretation by the local Forestry Corps of the Autonomous Region of Sardinia (Corpo 

forestale e di vigilanza ambientale della Regione Autonoma della Sardegna, CFVA) in compliance 

with the local and national general policy on wildfires, L. November 21st, 2000 n. 353 (Autonomous 

Region of Sardinia, 2017b). 

8.2.2.1 Exploratory data analysis 

An exploratory data analysis has been performed on the available dataset. It emerges that 21,020 

historical events greater than 0.1 ha occurred between 2005 and 2019 in Sardinia, with an average of 

1,401 events per year, burning an overall surface of 223,543 ha (a mean of 15,967 ha per year). 

The 2007 fire season has fuelled the highest number of events greater than 0.1 ha, with 2,211 fire 

outbreaks, an overall burnt area of 34,404 ha, and an average fire size of 15.6 ha (Figure 8-3). Both 

the largest annual burnt area and the largest average fire size were recorded in 2009, when 1,442 

events with an average fire size of 31.1 ha have burnt an overall surface of 44,875 ha. However, this 

anomaly can be attributed to 8 concurrent extreme wildfire events occurred on July 23rd and a relight 

on July 24th, which together accounted for 30,347 ha, i.e. 67.6% of the annual burnt area, of which 

21,622 ha burnt by 3 events alone. At the opposite, the 2018 fire season sustained 461 fire outbreaks 

that burnt an average of 4.5 ha per year and an overall annual surface of 2,094 ha. 

Figure 8-4 describes the seasonality of fire events greater than 0.1 ha occurred between 2005 and 

2019. Wildfire outbreaks are quite evenly distributed in the months from June to October, when 

93.15% of the events occurred, 28.3% of which in July. Similarly, months from June to October 

account for 97.49% of the overall burnt area, of which July represents 55.25% and August 18.72%.  
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Figure 8-3 Total surface burnt area and overall number of fires in Sardinia from 2005 to 2019. Data sources: Autonomous 

Region of Sardinia, 2019 

 

 

Figure 8-4 Heatmap representing the distribution by month and years of both the number of wildfire events (upper) and 

the average fire size [ha] (lower) in Sardinia between 2005 and 2019.  
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These findings seem to confirm the observed decreasing trend in both number of fire events and 

overall annual burnt area as well as the 15 days advance in the fire season peak identified in Sardinia 

between 1980-1994 and 1995-2009 by Salis, Ager, Finney, Arca, et al. (2014). 

Figure 8-5 show the distribution of fire events into different size classes, highlighting the presence of 

a higher number of fire events with an area smaller than 100 ha, mostly located in the rural plain of 

Campidano, in southern Sardinia. Events with a size between 100 ha and 5,000 ha are evenly distrib-

uted across the whole region. Events larger than 5,000 ha are rarer and mainly found in the north-

western uplands of Marghine and Meilogu subregions. 

Only 4.41% of the wildfires greater than 0.1 ha recorded in Sardinia between 2005 and 2019 have an 

area burnt greater than 30 ha, but they contribute to 71.03% of the total burnt area (223,543 ha). 

Moreover, 1.23% of the fires exceed 100 ha, and less than 0.22% are greater than 500 ha, respectively 

contributing to 55.71% and 36.47% of the overall burnt area. 

 

Figure 8-5 Wildfire events in Sardinia. Each event is represented as a point with a size proportional to the surface it has 

burnt, Different colours represent different classes of burned area [ha]: events with an area less than 1 ha are repre-

sented in dark purple, whereas events bigger that 10.000 ha are represented in yellow.  



Section 8.2 Wildfires in Sardinia 

95 

 

Figure 8-6 Kernel density estimation of the spatial distribution of wildfire events (left) and kernel density estimation of 

the spatial distribution of wildfire events weighted by burnt area (right). 

Only less than 0.10% of the wildfires greater than 0.1 ha spread for over 1,000 ha, but alone these 

fires are responsible for 29.32% of the damaged area in Sardinia. Events greater that 10,000 ha rep-

resent 0.005% of the total and represent 4.72% of the overall burnt area. These findings are in agree-

ment with the general trends identified across Europe (Costa et al., 2020). 

Figure 8-6 shows the greater density of fire outbreaks is found in the rural plain of Campidano, where 

events with a burnt area less than 1 ha are gathered. However, if weighted by their burnt area, the 

density of occurred events is greater in north-western uplands of Marghine and Meilogu, where events 

with an area greater than 5,000 ha are accumulated (Autonomous Region of Sardinia, 2017b). Those 

findings are in satisfying agreement with results from Ager et al. (2014). 

According to the land use map of Sardinia developed at a regional scale (Autonomous Region of 

Sardinia, 2008), land use classes with greatest incidence on the overall areas burnt by wildfires larger 

than 1 ha (194,245 ha) include (Figure 8-7): permanent and non-irrigated arable lands (31.4%), arti-

ficial meadows (12.8%), natural pastures (9.4%), maquis and garrigue (15.6%), broad-leaved forests 

(5.1%), forests with prevalence of cork oaks (3.6%), non-permanent crops associated with permanent 

crops, including fruit trees or olive trees or vines (3.6%), olive groves and vineyards (1.7%). 
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Figure 8-7 Incidence [%] of land use classes on the overall burnt areas in Sardinia from 2005 to 2019. 

 

Figure 8-8 Case studies’ location in Sardinia, Italy.  
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8.3 Selection of case studies 

In addition to institutional delimitation of burned areas, simulation modelling of wildland surface fire 

behaviour requires information on both the overall burning time and the exact timing and location of 

fire occurrence. Moreover, detailed information on the timing and location of any fire suppression 

activity are needed to correctly evaluate the accuracy of a simulation. Hence, the selection of the case 

studies for the validation of the developed wildland surface fire behaviour simulation model has been 

guided by the availability of ancillary sources of information, including official daily or annual re-

ports provided by the Autonomous Region of Sardinia (2017b, 2020a) for events occurred in 2016, 

but also local newspapers and chronicles for events occurred in 2017. 

The selected case studies (Figure 8-8) occurred between July and August 2016 and in July 2017 in 

Sardinia, Italy, under a varied range of geo-environmental conditions, with direct and indirect conse-

quences on human lives, properties, and activities as well as on the environmental heritage. Authori-

tative reports describe in detail ignition date, time, and location of two events occurred in 2016 as 

well as the fire suppression activities carried out to extinguish the flames. Contrarily, information on 

wildfires occurred in 2017 have been retrieved from local newspapers and chronicles. 

In the 2016 fire season, Isili and Sagama events burned a total area of 3,444 ha, equal to almost 22.8% 

of the overall burnt area in the whole fire season. The events of Gonnosfanadiga and Villagrande 

Strisaili burned a total area of 2,525 ha, 16.7% of the overall burnt area in the 2017 fire season. 

All fire outbreaks occurred between 10:00 and 12:00 UTC (Table 8-1), mainly in conjunction with 

meteorological conditions that can be defined as severe or extreme. The active propagation lasted less 

than 24 hours for each of the selected case studies excluding secondary outbreaks and mop-up oper-

ations which continued for a further 24-72 hours. Fire duration time is intended as the time interval 

between the fire ignition and the conclusion of active fire suppression operations, so that the fire size 

reflects the perimeter burned in this interval. Information on the timing and location on both ground 

and aerial fire suppression intervention, involving either direct, indirect, or parallel attack, have been 

collected for each case study. 

Table 8-1 Selected case studies with information provided by authoritative reports by the Autonomous Region of Sardinia 

(*) or by local chronicles (°). 

 Ignition date Ignition time UTC Burnt area [ha] Suppression 

Sagama* 24-08-2016 11:20 1,841 Terrestrial and aerial 

Isili* 20-07-2016 10:10 1,603 Terrestrial and aerial 

Villagrande Strisaili° 25-07-2017 11:00 489 Mostly terrestrial 

Gonnosfanadiga° 31-07-2017 12:00 2,036 Mostly terrestrial 

8.3.1 Sagama 

The case study of Sagama occurred on August 24th, 2016 and burned an overall surface of 1,841 ha. 

According to the authoritative report provided by the Autonomous Region of Sardinia (2017b), it has 

originated from two simultaneous ignition points 2 km apart from each other and located in agricul-

tural lands outside the urban circuit of the municipality of Sagama (OR) in the sub-region of Planar-

gia, north-western Sardinia. Contextually, an accurate description of the evolution of the observed 

wildfire event is also provided starting from the outbreaks signalled at 11:20 UTC (13:20 local time).  
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The synoptic framework depicted by the authoritative report suggests that the Sagama event occurred 

with a maximum temperature of 30° C and a relative humidity varying between 15 and 30%. Sus-

tained by north-east winds with intensities up to 8 m/s, the flaming front rapidly consumed the cured 

grassy fuels threatening the residential area of Sagama for the defence of which the first ground sup-

pression activities have been organised. These interventions secured exposed anthropogenic elements 

but did not prevent the fire to further propagate toward south-west. The flaming front spread on a 

nearly flat surface (1.4% slope) and covered 8 km along the maximum direction of fire spread (Figure 

8-9). The fire spread has been characterised by high flame length and frequent spotting events due to 

the moderate wind speeds, contributing to low visibility for the aerial interventions that, however, 

have focused on the fire flanks rather than on the proper fire front until 18:00 UTC. In order to con-

sume the fuel in the path of the fire flanks and front, multiple backfires have been set along the edges 

of fuel-free firelines: (i) on the east side of the provincial road SP21 at about 14:00 UTC for the 

defence of the residential area of Scano di Montiferro; (ii) on the east side of the dual carriageway 

SS292 at around 16:00 UTC for the defence of the residential area of Sennariolo; (iii) on the east side 

of the provincial road from Sagama to Sennariolo after 18:00 UTC. Secondary outbreaks along the 

fire perimeter, especially in forest areas, engaged ground crews and aircrafts until 18:00 UTC, on 

August 25th. Mop-up operations, on the other hand, continued until August 28th. 

 

 

Figure 8-9 Sagama case study: buildings, roads, and railway lines from the topography database provided by the Auton-

omous Region of Sardinia (upper left) and DTM (upper right). Fire burnt scars (light grey) and fire outbreaks (✻) are 

reported. The topographical profile (lower) is computed along the section AB suggesting a slightly downslope fire spread. 
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In terms of land use classes (Autonomous Region of Sardinia, 2008), the event mainly consumed 

artificial and stable meadows (41.5%), non-irrigated arable lands (27.5%), pastures (8.5%), broad-

leaved forests (5.7%), olive groves and vineyards (3.7%), broad-leaved forests with cork oak (Quer-

cus suber L.) (1.4%), and Mediterranean maquis (0.9%) (Figure 8-10). According to the habitat map 

developed as part of the national project Carta della Natura (Camarda et al., 2015), Mediterranean 

meadows represent 80.7% of the burnt area and include abandoned agricultural areas interspersed 

with areas of significant natural or semi-natural vegetation, such as dehesas with evergreen Quercus 

spp., mainly cork oaks (Quercus suber L.). 

 

Figure 8-10 Incidence [%] of land use classes on the burnt scar of Sagama fire event. 

8.3.2 Isili 

The Isili wildfire event occurred on July 20th, 2016 and burned an overall surface of 1,603 ha. As for 

the previous case study, an accurate description of the evolution of the fire spread has been provided 

by the Autonomous Region of Sardinia (2017b). According to the authoritative report, the outbreak 

has been firstly signalled at 10:10 UTC (12:10 local time), in agricultural lands, north-west from the 

residential area of the municipality of Isili (SU) in the sub-region of Sarcidano. Ground suppression 

activities started a few minutes later, namely at 10:18 UTC, and focused on both fire flanks but suc-

cessfully extinguishing flames on the left flank solely. Indeed, the right flank and the fire front con-

tinued to spread sustained by increasing wind intensities from south-west, up to 6.9 m/s. The depicted 

synoptic framework reports a maximum temperature of 35° C and a relative humidity varying be-

tween 13 and 25%. The complexity of the topography, together with high fuel load accumulations 

and frequent spotting events, led to the request for aerial suppression intervention at 10:50 UTC (Fig-

ure 8-11). Indeed, the area is characterised by the presence of geomorphological landforms recog-

nisable as mesas such as Taccu de Nurri (694 m), i.e. a tabular plateaux of Middle-Upper Jurassic 

dolomitic limestones of the Dorgali Formation, and Monte Guzzini (734 m), i.e. a tabular plateaux of 

Middle-Upper Pliocene sub-alkaline basalts, generally constituting tabular expansions locally known 

as Giare. Ground fire suppression activities continued until July 22nd and 23rd to rapidly contain and 

control secondary outbreaks. 

Most affected land use classes (Autonomous Region of Sardinia, 2008) were: non-irrigated arable 

lands (40.1%), followed by broad-leaved forests (15.1%), pastures (11.6%), artificial meadows 

(8.3%), agro-forestry areas (4.6%), Mediterranean maquis (4.3%) and garrigue (7.9%) (Figure 8-12). 

According to the habitat map developed as part of the national project Carta della Natura (Camarda 

et al., 2015), the Isili event consumed complex agricultural systems (51.6%), Mediterranean maquis 
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(25.3%), Mediterranean meadows (11.3%), and Olea and Ceratonia forests dominated by scle-

rophyllous vegetation including Olea europaea ssp. sylvestris L., Ceratonia siliqua L., Pistacia len-

tiscus L., Myrtus communis L. (11.1%). 

 

 

 

Figure 8-11 Isili case study: buildings, roads, and railway lines from the topography database provided by the Autono-

mous Region of Sardinia (left) and DTM (right). Fire burnt scars (light grey) and fire outbreaks (✻) are reported. The 

topographical profiles (centre and lower) are computed along the sections AB and CD suggesting an overall upslope fire 

spread. 

 

Figure 8-12 Incidence [%] of land use classes on the burnt scar of Isili fire event. 
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8.3.3 Gonnosfanadiga 

The case study of Gonnosfanadiga refers to a wildland fire occurred on July 31st, 2017 in the agri-

cultural lands of the municipality of Gonnosfanadiga (SU) in the sub-region of Medio Campidano. 

According to a press release of the Autonomous Region of Sardinia (2017a), the investigations by the 

local Forestry Corps (Corpo forestale e di vigilanza ambientale della Regione Autonoma della Sar-

degna, CFVA) have ascertained the anthropic origin of the event as a result of an act of negligence 

and the violation of the local regulations prohibiting the disposal of waste through the use of fire. 

Reconstructions identified an outbreak in the early hours of July 31st in Sibiri, in the countryside of 

Gonnosfanadiga, as the source of the secondary outbreak, which, in the afternoon of the same day at 

around 12:00 UTC (14:00 local time), sustained by strong south-east winds, burned an overall surface 

of 2,036 ha south-west of the residential area of the municipality of Arbus (SU) (Figure 8-13). Aerial 

fire suppression activities have been diffusely carried out, along with ground interventions, by 9 air-

crafts of both the local Forestry Corps and the State air fleet. Notwithstanding fire suppression activ-

ities, the event has damaged properties, touristic infrastructure, and farms, with grave consequences 

for crops and livestock. The dual carriageway SS126 “Sud Occidentale Sarda” was temporarily 

closed, from kilometre 73 to kilometre 80. Then, the fire front climbed over the ridge between Punta 

Tintillonis (609 m) and Passo Bidderdi (492 m) threatening residential areas of Ingurtosu, Pitzinurri, 

and Gennamari, and compelling the evacuation of the prison “Is Arenas”, in Bau. Finally, the fire 

front has reached the aeolian dune field of Piscinas, a Site of Community Importance (SCI 

ITB040071, “Da Piscinas a Riu Scivu”) according to the European Commission Habitats Directive 

(92/43/EEC), burning 355 ha of Mediterranean maquis and garrigue of the dune field, including 

patches of costal dunes with Juniperus spp. (Priority Habitat 2250*). 

 

 

Figure 8-13 Gonnosfanadiga case study: buildings and roads from the topography database provided by the Autonomous 

Region of Sardinia (upper left) and DTM (upper right). Fire burnt scars (light grey) and fire outbreaks (✻) are reported. 

The topographical profile (lower) is computed along the section AB suggesting a downslope fire spread. 
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Figure 8-14 Incidence [%] of land use classes on the burnt scar of Gonnosfanadiga fire event. 

In terms of land use classes (Autonomous Region of Sardinia, 2008), the event mainly consumed 

Mediterranean maquis (46.8%) and garrigue (12.4%), broad-leaved forests (12.4%), non-irrigated 

arable lands (9.5%), non-permanent crops associated with permanent crops, including fruit trees or 

olive trees or vines (2.9%), arable lands with significant areas of natural vegetation (2.5%), artificial 

meadows (2.3%), and broad-leaved forests with cork oak (2%) (Figure 8-14). According to the habitat 

map developed as part of the national project Carta della Natura (Camarda et al., 2015), burnt areas 

included Mediterranean maquis and garrigue (58.5%), complex cultivation patterns (14.3%), costal 

dunes with Juniperus spp. (10.5%), Mediterranean meadows (7.9%), and broad-leaved forests with 

evergreen oak (Quercus ilex L.) (4.9%) and cork oak (Quercus suber L.) (2.1%). 

8.3.4 Villagrande Strisaili 

Villagrande Strisaili wildfire event occurred on July 25th, 2017, burning an overall surface of 489 ha. 

The event is poorly documented except for some information that have been retrieved from local 

newspapers and chronicles. The primary outbreak is supposed to have been taken place at around 

10:00 UTC (12:00 local time) along the provincial road SP27 at the level crossing in Tricarai, in the 

countryside of Villagrande Strisaili (NU), in the sub-region of Ogliastra. Sustained by strong north-

west winds, the fire damaged at least 3,600 sleepers of the tourist railway line Arbatax-Gairo causing 

an estimated economical losses 300,000 euros. Aerial fire suppression interventions have been sus-

pended due to the turbulence caused by the convection column. 

The fire spread across complex topographies (Figure 8-15), essentially consuming Mediterranean 

maquis (63.1%) according to the land use classes (Autonomous Region of Sardinia, 2008). The re-

maining portions of the burnt area is represented essentially by olive groves, and vineyards, and com-

plex cultivation patterns (Figure 8-16). 
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Figure 8-15 Villagrande Strisaili case study: buildings, roads, and railway lines from the topography database provided 

by the Autonomous Region of Sardinia (left) and DTM (right). Fire burnt scars (light grey) and fire outbreaks (✻) are 

reported. The topographical profiles (centre and lower) are computed along the sections AB and CD suggesting a mixed 

upslope-downslope fire spread. 

 

Figure 8-16 Incidence [%] of land use classes on the burnt scar of Villagrande Strisaili fire event. 

 





 

 

Chapter 9 

Model application 

The extensive review of the state of the art for the estimation of the drivers of surface fire behaviour 

(Chapter 5) suggests that parameters characterising fuel models and fuel moisture content have been 

traditionally collected in the field following standard protocols. Nevertheless, field measurements 

have revealed to be inadequate to elaborate operative response plans due to the effort needed to obtain 

a sufficient number of samples over a realistically wide spatial extent in a brief period of time (San-

Miguel-Ayánz et al., 2011). Whereas field samplings still remain crucial in models’ calibration and 

validation, the general tendency is to shift the attention on remote sensing methods for spatial map-

ping of fuel models and fuel moisture content (Mutlu, Popescu, Stripling, et al., 2008). 

An in-depth investigation of freely available products from optical sensors onboard non-commercial 

satellites have been conducted in order to define a comprehensive methodology for a near real-time 

estimation of the drivers of surface fire behaviour in the pre-fire environment. 

Data collection and processing for the estimation of the drivers of surface fire behaviour has been 

mainly performed by means of Google Earth Engine (EE), a cloud-based platform for planetary-

scale geospatial analysis (Gorelick et al., 2017). The EE data catalogue holds a large repository of 

publicly available geospatial datasets, including observations from a variety of satellite and aerial 

imaging systems in both optical and non-optical wavelengths, environmental variables, weather and 

climate forecasts and hindcasts, land cover, and topographic and socioeconomic datasets. Datasets 

not yet included in the EE data catalogue, have been retrieved from other data sources and loaded as 

external assets. The major advantage offered by EE is an intrinsic parallel computing service that 

can be accessed and controlled through an Internet-accessible application programming interface 

(API), the EE JavaScript API, and an associated web-based interactive development environment 

(IDE), the EE Code Editor. Indeed, EE uses a lazy evaluation which is a computer science language 

theory strategy that delays the evaluation of an expression as late as possible or until the value is 

needed, e.g. only the portions of output that are necessary to fulfil the current request are computed. 

EE programs track a chain of function calls before their execution and assemble them into a directed 

acyclic graph expressing the complete computation. This dependency graph is then sent to the EE 

service for evaluation. This structure potentially allows to maximize the geographical extent for com-

putations, i.e. to simultaneously evaluate the model outputs at a global scale. 

The EE programs developed for the purpose of the present research project cover the whole proce-

dure, ranging from data collection to data pre-processing, and have been initially implemented within 

the Code Editor, which enables rapid visualisation of results and exploration and analysis of spatial 

data. However, to easily integrate the EE programs within the working environment chosen for the 

present study, the code has been converted by means of the Earth Engine Python API that have been 

accessed through Jupyter Notebook.  
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9.1 Data sources 

Within the context of this project, information on the spatiotemporal variability of fuel models, hori-

zontal wind speed and direction and of live and dead fuel moisture content have been gathered mainly 

from Earth Observation (EO). Diverse products have been retrieved from online archives made avail-

able by United States Government agencies (NASA, 2020; USGS, 2020) as well as from the Coper-

nicus Open Access Hub of the European Space Agency (ESA, 2020). However, most of the collected 

data products have been lately made available also in the EE data catalogue, as summarised in Table 

9-1. The selection of specific products and granules will be further detailed in the current Section.  

9.1.1 Static assets: topography and fuel models 

Topography and fuel models are considered as static in time because their variability is limited at the 

temporal scale of interest for wildfire events’ spatial simulation modelling. 

Dip angle and direction have been computed from the regional Digital Terrain Model (DTM) with 

a spatial resolution of 5 m (Autonomous Region of Sardinia, 2010). The DTM represents the bare 

ground surface excluding vegetation, anthropic structure and infrastructure, or other geomorpholog-

ical objects that are not mappable at a 5 m resolution but might have a significative influence on the 

surface fire spread and growth. 

An indirect approach has been chosen to generate maps of fuel models. Hence, different maps de-

signed for different purposes have been jointly examined in order to elicit the information required 

for defining homogeneous vegetation units: (i) the land cover map from the CORINE Land Cover 

(CLC) programme (European Union, Copernicus Land Monitoring Service, European Environment 

Agency (EEA), 2012); (ii) the land use map of Sardinia developed at a regional scale (Autonomous 

Region of Sardinia, 2008); (iii) the habitat map developed as part of a national project Carta della 

Natura coordinated by the Italian Institute for Environmental Protection and Research (ISPRA) 

(Camarda et al., 2015). The CLC 2012 map consists of an inventory of land cover across Europe in 

44 unique classes with a minimum mapping unit of 25 ha, and a minimum mapping width of 100 m. 

Whereas the land cover indicates the physical land type and can help in distinguishing amongst forest, 

wetlands, or grasslands, the land use documents how people are using those lands. However, the land 

use map provided by the Autonomous Region of Sardinia, has been realised according to the same 

standard classification methodology of the CORINE Land Cover programme, and units have been 

adjusted through photointerpretation and field sampling (Autonomous Region of Sardinia, 2008). The 

land use map has a minimum mapping unit of 0.5 ha in urban areas and 0.75 ha in rural and natural 

areas (reference scale 1:25.000). The habitat map, instead, provides detailed information on regional 

plant communities, on their phytosociology, on their specific composition, and on forest stratification 

and canopy cover. The habitat map by ISPRA has a minimum mapping unit of 1 ha and has been 

developed by applying supervised machine learning classification techniques on Landsat products 

that have been trained and validated with 10.000 field measurements (Camarda et al., 2015). 

Data sources employed for fuel model assignment have included: (i) the Global Aboveground and 

Belowground Biomass Carbon Density Maps (Spawn and Gibbs, 2020), provided by the NASA’s 

Oak Ridge National Laboratory (ORNL) Distributed Active Archive Center (DAAC), and (ii) the 

GEDI Level 2B dataset Canopy Cover and Vertical Profile Metrics, provided by NASA (Dubayah, 
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Tang, et al., 2020). Specifically, the Global Aboveground and Belowground Biomass Carbon Density 

Maps integrate multiple local and global data sources, including a combination of L-band SAR im-

agery and ancillary maps of percent tree cover and landcover, in order to provide temporally con-

sistent and harmonized global maps of above-ground and below-ground biomass carbon density es-

timates (Mg C ha−1) across different vegetation types for the year 2010 at a 300 m spatial resolution 

(Spawn et al., 2020). The GEDI Level 2B dataset provides, instead, canopy cover metrics, canopy 

height above ground metrics as well as vertical structure metrics. The GEDI lidar instrument consists 

of 3 lasers producing a total of 8 beam ground transects of structural information separated by about 

600 m across the flight track direction within a ~4.2 km swath. The GEDI waveforms are intended to 

quantify the vertical distribution of vegetation at different heights above the ground at a footprint 

resolution of 25 m (Dubayah, Blair, et al., 2020). Data collected from the GEDI Level 2B dataset 

include the first year of observations (April 2019 - June 2020) and have been investigated in an at-

tempt to reconstruct the stratification of forested areas. 

9.1.2 Dynamic assets: fuel moisture content and horizontal wind speed and direction 

Information on the spatiotemporal variability of live and dead fuel moisture have been gathered from 

the adaptation of empirical relationships defined in literature for plant communities in Mediterranean-

type climate regions. 

In the search for a trade-off between spatial and temporal resolution, major attention has been focused 

on the MODIS instrument onboard the Terra satellite. LFMC and DFMC have been retrieved by 

combining MOD09GA MODIS Terra Surface Reflectance Daily Level 2 (Vermote and Wolfe, 2015) 

Table 9-1 Data sources used for the estimation of the drivers of fire spread. 

Source Description EE data catalogue 

Copernicus Land 

Monitoring Service, 2012 

CORINE Land Cover 2012 (1:250.000) COPERNICUS/CORINE/V20/100m 

Autonomous Region of Sardinia, 
2008 

Land use map for the year 2008 (1:25.000) (external asset) 

Camarda et al., 2015 Habitat map for the year 2013 (1:50.000) (external asset) 

Spawn and Gibbs, 2020 Global Aboveground and Belowground Biomass 

Carbon Density Maps for the year 2010 

NASA/ORNL/biomass_carbon_density/v1 

Dubayah, Tang, et al., 2020 GEDI L2B Canopy Cover and Vertical Profile 

Metrics Data Global Footprint Level V001 

(external asset) 

Abatzoglou, 

Dobrowski, et al., 2018 

TerraClimate, a high-resolution (1/24°, ~4 km) 

global dataset of monthly climate and climatic 

water balance from 1958-2015 

IDAHO_EPSCOR/TERRACLIMATE 

Vermote and NOAA 

CDR Program, 2019 

NOAA CDR of AVHRR Normalized Difference 

Vegetation Index (NDVI), Version 5 

NOAA/CDR/AVHRR/NDVI/V5 

Vermote and Wolfe, 2015 MODIS MOD09GA.006 Terra Surface Reflectance 

Daily Global 1km and 500m 

MODIS/006/MOD09GA 

Wan et al., 2015 MODIS MOD11A1.006 Terra Land Surface 

Temperature and Emissivity Daily Global 1km 

MODIS/006/MOD11A1 

Autonomous Region of Sardinia, 
2010 

Digital Terrain Model (DTM), pace 5 m (external asset) 

Muñoz Sabater, 2019 ERA5-Land hourly data from 1981 (~9 km) ECMWF/ERA5_LAND/HOURLY 
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and MOD11A1 MODIS Terra Land Surface Temperature Daily Level 3 (Wan et al., 2015) products. 

Additional data sources included: (i) the NOAA AVHRR NDVI (Vermote and NOAA CDR Program, 

2019) and (ii) the TerraClimate dataset of high-resolution (1/24°, ~4 km) monthly climate and cli-

matic water balance for global terrestrial surfaces from 1958–2019 (Abatzoglou, Dobrowski, et al., 

2018). 

Horizontal wind speed and direction data have been retrieved from the climate reanalysis ERA5-

Land, which has been produced by replaying the land component of the European Centre for Medium-

Range Weather Forecasts (ECMWF) ERA5 climate reanalysis (European Union, Copernicus Climate 

Change Service, European Environment Agency (EEA), 2020; Muñoz Sabater, 2019). Speed and 

direction of the horizontal wind are provided every 3 hours as eastward and northward component of 

the 10 m wind above ground with a spatial resolution of 9 km. 

9.2 Data pre-processing 

9.2.1 Harmonised dataset of fuel models 

The procedure of assigning fuel models to homogenous patterns of vegetation requires a profound 

knowledge of the local plant communities as well as a deep comprehension of the distinctive charac-

teristics of each fuel model including fuel bed properties and fuel particle properties (described in 

Section 5.1). The differential effects produced by diverse fuel models on surface fire behaviour have 

been investigated in literature with various levels of detail, mainly by comparing fuel models within 

each developed set rather than across different sets. That is to say, the effects of each of the 53 stand-

ard and dynamic fuel models on surface fire behaviour have been exhaustively described in terms of 

the fire descriptors defined by Rothermel (H. E. Anderson, 1982; Andrews, 2018; Rothermel, 1983; 

Scott and Burgan, 2005). Accordingly, authors that developed single sets of custom models specific 

for the European Mediterranean fuel types evaluated the differential effects of their fuel models in 

terms of fire descriptors. However, only few comparative studies have been conducted in recent years 

with the specific aim of analysing differential effects on fire descriptors of standard and custom fuel 

models that have been developed for the European Mediterranean vegetation types (Arca et al., 2007, 

2009; Rodríguez y Silva and Molina-Martínez, 2012; Salis et al., 2016). 

Available sets of standard and custom fuel models have been collected from literature and harmonised 

to populate a standardised database of 123 fuel models (Appendix) divided into 2 subsets: a set of 53 

fuel models for North America (Albini, 1976b; Rothermel, 1972; Scott and Burgan, 2005) and a set 

of 70 fuel models for European Mediterranean regions (Dimitrakopoulos, 2002; Duce et al., 2012; 

Elia et al., 2015; Godinho-Ferreira et al., 2005; Rodríguez y Silva and Molina-Martínez, 2012). 

Firstly, the whole dataset has been harmonised to the Imperial system to maintain measure units con-

sistent with the original implementation of the Rothermel’s model. Secondly, some fuel models re-

quired additional processing. Specifically, fuel models developed by Dimitrakopoulos (2002) were 

characterised only by fuel bed properties, while fuel particle properties have been obtained from 

Dimitrakopoulos and Panov (2001) by mediating the values measured for the dominant plant species 

compatible with described fuel model. Finally, each fuel model has been given a unique identifier 

with a two-character prefix reflecting the prevalent fire carrying fuel type following the nomenclature 
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by Scott and Burgan (2005) and Rodríguez y Silva and Molina-Martínez (2012): GR for nearly pure 

grass fuels; GS for mixed grass and shrub fuels; SH for dominant shrub; TU for timber understory 

with grass and shrub; TL for timber litter; SB for slashed or blowdown timber. An exception to these 

classification is represented by the fuel models developed for 19 different forest types in Portugal and 

reported by Fernandes (2009). Those fuel models describe timber understory with grass and shrub 

(TU) but are further classified as TOT for open and tall timber stands, TOL for open and low timber 

stands, TCT for closed and tall timber stands, and TCL for closed and low timber stands. 

9.2.2 Assignment of fuel models 

The CORINE Land Cover is the most used map in literature for the development of maps of fuel 

models in Sardinia and in the European Mediterranean regions (Arca et al., 2007; Bajocco et al., 

2015; Rodriguez-Aseretto et al., 2013; Salis et al., 2013, 2016). According to the feature importance 

analysis of the developed proxy model of surface fire spread (Chapter 6, Section 6.2.2.1) fuel models 

seem to represent the most important driver. Hence, the land use map of Sardinia (1:25.000) for the 

year 2008 (Autonomous Region of Sardinia, 2008) integrated with information from the habitat map 

(Camarda et al., 2015) has been preferred as reference map for the present study for the definition of 

homogenous patterns of vegetation. 

Study areas have not been directly investigated in the field. Fuel models have been assigned to each 

homogeneous pattern of vegetation by combining different data sources. A distinct map has been 

generated for each of the 2 subsets of fuel models, one for North American fuel models (Rothermel, 

1972; Scott and Burgan, 2005) and one for European Mediterranean fuel models (Dimitrakopoulos, 

2002; Duce et al., 2012; Elia et al., 2015; Godinho-Ferreira et al., 2005; Rodríguez y Silva and 

Molina-Martínez, 2012). In both cases, the process of fuel model assignment followed distinct pat-

terns: one for grasslands and shrublands (GR, GS, and SH fuel models) and the other for timber litter 

and understories (TU and TL fuel models). 

In order to distinguish amongst GR, GS, and SH fuel models, their total live and dead ultrafine (1 h 

time lag) fuel loadings have been compared with the amount of above-ground biomass carbon which 

have been estimated for grasslands and shrublands by Spawn et al. (2020) and distributed as an har-

monised global map of above-ground and below-ground biomass carbon density for the year 2010. 

The unavailability of locally specific products lead to the utilisation of these maps even though they 

are more explicitly intended for global applications and not fully suitable for areas where shrublands 

biomass is of primary importance (Spawn and Gibbs, 2020). Because of these assumptions, credence 

should be given to the pixel-level uncertainty estimates; however, for the purpose of this study the 

accuracy of the estimates has not yet been evaluated. Furthermore, while fuel loadings can be accu-

rately estimated from above-ground biomass in grasslands and savannas (Eames et al., 2021; Garcia 

et al., 2017), in shrublands and timberlands the fuel load, which is the combustible portion of the 

biomass, should be distinguished from the total above-ground biomass (Pearce et al., 2010). The total 

above-ground biomass includes all live and dead matter from the overstorey and understorey layers 

as well as surface litter, whereas the above-ground available fuel comprises fine dead material and a 

fraction of the fine live material, because fires rarely consume the entire live material of shrublands 

and timberlands (Ivanova et al., 2020). Nonetheless, for the aim of the present study, the fuel loadings 

of both grasslands and shrublands have been approximated to the total above-ground biomass. 
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Figure 9-1 Percent distribution of North American (upper) or Mediterranean (lower) fuel models assigned to each land 

use geometries dominated by herbaceous material and ranked according to their representativeness in the study area. 

Superscripts beside the fuel model’s code refer to (1) Rothermel, 1972, (2) Scott and Burgan, 2005, (3) Duce et al., 2012, 
(4) Elia et al., 2015; (5) Godinho-Ferreira et al., 2005, (6) Dimitrakopoulos, 2002, (7) Rodríguez y Silva and Molina-Martínez, 

2012.  
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Firstly, zonal statistic methods have been employed to aggregate information on the above-ground 

biomass and to assign a mean value to each land use geometry. Secondly, this mean value has been 

then compared with the total live and dead fine fuel load of each fuel model of the harmonised dataset. 

Finally, the fuel model with a total fine fuel load closest to the average above-ground biomass has 

been assigned to each land use geometry. The same procedure has been applied on land use geome-

tries dominated by both grassy (Figure 9-1) and shrubby fuels (Figure 9-2). 

 

 

 

 

Figure 9-2 Percent distribution of North American (upper) or Mediterranean (lower) fuel models assigned to each land 

use geometries dominated by shrubs and ranked according to their representativeness in the study area. Superscripts 

beside the fuel model’s code refer to (1) Rothermel, 1972, (2) Scott and Burgan, 2005, (3) Duce et al., 2012, (4) Elia et al., 

2015; (5) Godinho-Ferreira et al., 2005, (6) Dimitrakopoulos, 2002, (7) Rodríguez y Silva and Molina-Martínez, 2012. 

A different approach has been applied for the assignment of TU and TL fuel models. The fuel loading 

of fuel models for woodlands and timberlands only account for forest litter and understory. Contrarily, 

the global above-ground biomass carbon also includes the forest overstory, which is not easily sepa-

rable from the forest understory. Hence, the assignment of TU and TL fuel models to each homoge-

neous vegetation patch is based on its prevalent fire-carrying fuel type as well as on the specific 

descriptions for these models provided by the different authors. Therefore, the GEDI relative height 

(RH100) metrics have been investigated with the aim of reproducing the vertical stratification of 

vegetation with a height of 3 m or above in each homogeneous patch within the study areas. Low-to-

medium quality shots have been masked out in order to filter only highest quality data, i.e. shots with 

a quality flag equal to 1, indicating they meet criteria based on energy, sensitivity, amplitude, and 

real-time surface tracking quality. The filtered GEDI dataset resulted in 193,662 shots and only 860 

shots reported a height of 3 m or above. As observed by Potapov et al. (2020) GEDI do not 
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discriminate trees from building, confounding vegetation height mapping in urban areas: GEDI shots 

reporting a RH100 of 3 m or above show a good agreement with the distribution of broad-leaved and 

coniferous woodlands, but groups of points are clustered together close to the urban centres of Sassari 

and Cagliari (Figure 9-3). Moreover, vegetation height is overestimated in areas of complex topogra-

phy, especially on steep slopes. 

 

Figure 9-3 GEDI high quality dataset (grey dots) with highlighted 3 m height shots (black dots). Shots’ location is com-

pared with the location of broad-leaved (light green), coniferous (dark green), and mixed woodlands (blue) (left) and 

urban areas (right).  
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9.2.3 Estimation of fuel moisture fractions 

9.2.3.1 Live fuel moisture fraction 

Obtaining spatially comprehensive and temporally frequent estimates for LFMC, less dependent on 

meteorological variables than DFMC, is far more problematic. Remotely sensed data provided the 

opportunity to estimate LFMC over large areas at fine spatial and temporal resolutions (Yebra et al., 

2013). According to the need for a methodology applicable for operational purposes, the empirical 

approach proposed by Chuvieco et al. (2004) and updated by García et al. (2008) has been preferred 

over simulated approaches. Those empirical relations, calibrated and validated in different homoge-

neous areas of grasslands and shrublands across Spain, has been applied for the LFMC estimation in 

the selected study areas. The original relations from García et al. (2008) assess the LFMC from the 

NOAA AVHRR as a function of the day of the year, the Normalized Difference Vegetation Index 

(NDVI) and the Land Surface Temperature (LST). The NOAA AVHRR capability to estimate both 

NDVI and LST has been compared in literature to those of MODIS Terra and those empirical rela-

tions have been employed to numerically adjust MODIS Terra estimates to AVHRR in order to im-

prove the spatial resolution of the analysis. 

Even if MODIS Terra LST was expected to produce higher quality LST estimates with respect to 

AVHRR, Frey et al. (2012) showed a good agreement (𝑟2 = 0.99) between AVHRR LST and MODIS 

Terra LST, which accuracy is claimed to be better than 1 K. Hence, for the purposes of the present 

research, estimates from MODIS MOD11A1.006 Terra Land Surface Temperature (Wan et al., 2015) 

have been assumed as a good proxy for AVHRR LST estimates and directly employed for LFMC 

evaluation. 

Contrarily, Fensholt and Sandholt (2005) demonstrated that in situ NDVI was more accurately emu-

lated by estimates from the MODIS Terra rather than from AVHRR. The AVHRR sensors were not 

originally intended for vegetation study and their spectral configuration does not permit an accurate 

atmospheric correction introducing errors in AVHRR estimates of surface NDVI (Fensholt and 

Proud, 2012). Fensholt and Proud (2012) derived NDVI AVHRR to MODIS conversion coefficients 

specific for land cover types on a global scale, but Europe were not directly included in the analysis. 

Hence, a similar approach has been adopted in this study to develop NDVI AVHRR to MODIS con-

version coefficients specifically tailored to Sardinia. Daily AVHRR NDVI (Vermote and NOAA 

CDR Program, 2019) and MODIS MOD09GA.006 Terra Surface Reflectance (Vermote and Wolfe, 

2015) have been collected from the EE data catalogue for the period 2016-2018. NDVI composites 

have been created from daily cloud-masked 250 m MODIS Terra surface reflectance images. Punc-

tual NDVI values have been sampled from each couple of AVHRR NDVI and MODIS Terra NDVI 

daily water and cloud-masked images. Pixel wise linear regression analyses have been performed to 

compare AVHRR NDVI and MODIS Terra NDVI monthly estimates as a function of different 

CORINE Land Cover classes (Figure 9-4). The agreement between AVHRR and MODIS NDVI es-

timates varies according to the CORINE Land Cover class, showing the best accuracy for perma-

nently irrigated arable lands (𝑟2 = 0.73), non-irrigated arable lands (𝑟2 = 0.62), and pastures (𝑟2 = 

0.7), whereas the worst accuracy is observed for coniferous woodlands (𝑟2 = 0.21), broad-leaved 

woodlands (𝑟2 = 0.24), and sclerophyllous vegetation (𝑟2 = 0.28).  
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Figure 9-4 Scatterplots including regression line (black line) with slope, intercept, and coefficient of determination for the 

comparison between AVHRR NDVI monthly estimates and MODIS NDVI monthly estimates over the period 2016-2018 in 

Sardinia for different CORINE Land Cover classes. Pixels containing clouds or cloud shadows and pixels over water have 

been masked.  
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In order to avoid altering the empirical relations defined by Chuvieco et al. (2004) and García et al. 

(2008), MODIS Terra NDVI estimates have been numerically calibrated to AVHRR NDVI measures 

by means of the previously derived conversion coefficients specific for each land cover class 

(Fensholt and Proud, 2012). 

Then, MODIS Terra LST and adjusted MODIS Terra NDVI have been employed to estimate LFMC 

according to García et al. (2008), who derived different empirical estimation models for grasslands, 

Equation [9.1], and shrublands, Equation [9.2]: 

 𝐿𝐹𝑀𝐶𝑔𝑟𝑎𝑠𝑠 = 27.745 − 1.1 × 𝐿𝑆𝑇 + 293.197 × 𝑁𝐷𝑉𝐼 + 0.676 × 𝑓𝑑 [9.1] 

 𝐿𝐹𝑀𝐶𝑠ℎ𝑟𝑢𝑏 = 31.773 − 0.476 × 𝐿𝑆𝑇 + 45.81 × 𝑁𝐷𝑉𝐼 + 0.761 × 𝑓𝑑 [9.2] 

where 𝑓𝑑 is the function of the day of the year, derived by an adjustment based on a nonlinear regres-

sion analysis, and expressed by the Equation [9.3]: 

 𝑓𝑑 = 𝐴 × sin (𝜋 ×
𝐷𝑂𝑌 + 𝜑

365
)

𝑥

+ 𝑡 [9.3] 

where 𝐴 is the amplitude of the range of LFMC values, 𝐷𝑂𝑌is the day of the year (from 1 to 365), 𝜑 

is the initial phase, i.e. the 𝐷𝑂𝑌 at which the actual maximum LFMC value is reached, 𝑥 represents 

the flatness of the function, which will depend on the water stress, and 𝑡 is the offset over the y axis, 

which is related to the minimum LFMC value. García et al. (2008) developed different set of param-

eters for grasslands and shrublands, for dry and wet years, which are presented in Table 9-2. Accord-

ingly, dry and wet years have been discerned by evaluating the regional drought stress by means of 

the Cumulative Water Balance Index (CWBI) (Dennison et al., 2003). The CWBI cumulatively sums 

precipitation and reference evapotranspiration over time so that the CWBI at time 𝑇 is defined by the 

Equation [9.4]: 

 𝐶𝑊𝐵𝐼𝑇 = ∑(𝑃𝑡 − 𝐸𝑇0𝑡)

𝑇

𝑡=0

 [9.4] 

where t is the time interval, 𝑃𝑡 is the precipitation over each interval, and 𝐸𝑇0𝑡is the reference evap-

otranspiration over each interval. Monthly cumulative precipitation and reference evapotranspiration, 

calculated using the Penman Montieth approach, have been estimated from the TerraClimate dataset 

(Abatzoglou, Dobrowski, et al., 2018), which provides monthly climate and climatic water balance 

for global terrestrial surfaces at a resolution of ~4 km. Only years with a negative CWBI, calculated 

monthly for each hydrological year from September to April, have been classified as dry. 

Table 9-2 Parameters for 𝑓𝑑 developed by García et al. (2008) for grasslands and shrublands, for dry and wet years. 

 𝐶𝑊𝐵𝐼 𝐴 𝜑 𝑥 𝑡 

Dry grasslands < 0 99.08 55.15 25.97 3.93 

Wet grasslands > 0 280.35 67.73 15.82 1.28 

Dry shrublands < 0 57.57 61.78 11.72 50.97 

Wet shrublands > 0 61.66 63.44 8.8 76.21 
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9.2.3.2 Dead fuel moisture fraction 

Since DFMC is more closely related to meteorological conditions, it is traditionally estimated in lit-

erature as a function of air temperature and relative humidity from ground weather stations (Aguado 

et al., 2007). To reduce potential errors arising from spatial interpolation, in this study, DFMC has 

been indirectly predicted from remotely sensed data according to Nolan et al. (2016), who showed 

the moisture content of suspended dead fine fuels can be monitored and forecast across large spatial 

areas using a model based on vapour pressure deficit 𝐷 as expressed by the Equation [9.5] from Resco 

de Dios et al. (2015). Nolan et al. (2016) suggested this model can be effectively applied across forest 

and woodlands without the need for site-specific calibration, but warned the tendency of remotely 

sensed LST to be under-predicted in arid and semi-arid areas. 

 𝐷𝐹𝑀𝐶 = 7.86 + 140.94 × 𝑒−3.73𝐷 [9.5] 

The vapour pressure deficit 𝐷 has been estimated by applying Equation [9.6], an empirical relation-

ship between the saturation vapour pression 𝑒𝑠 and ground-based observations of 𝐷 defined by Hash-

imoto et al. (2008) and further validated by Nolan et al. (2016): 

 𝐷 = 0.353 × 𝑒𝑠 + 0.154 [9.6] 

where 𝑒𝑠 is the saturation vapour pression, calculated using Equation [9.7]: 

 𝑒𝑠 = 0.6108 × 𝑒17.27×
𝐿𝑆𝑇

𝐿𝑆𝑇×237.3 [9.7] 

where 𝐿𝑆𝑇 has been estimated from MODIS MOD11A1.006 Terra Land Surface Temperature (Wan 

et al., 2015), as originally suggested by Nolan et al. (2016). 

9.2.4 Downscaling the horizontal wind at midflame height 

Speed and direction of the horizontal wind have been retrieved from ERA5-Land (Muñoz Sabater, 

2019) as eastward and northward component of the 10 m wind above ground with a spatial resolution 

of 9 km and a 3 hour forecast interval. 

The mass conserving model implemented by Forthofer et al. (2009) has been employed to downscale 

the horizontal wind predictions from ERA5-Land to a 100 m spatial resolution. Horizontal winds at 

10 m height above ground have been extrapolated at 20 ft above ground by means of the mass con-

serving model and then reduced to the midflame height by computing unsheltered or sheltered wind 

adjustment factors (WAF) according to Equations [5.1] and [5.2] as defined by Andrews (2012). The 

horizontal fraction canopy cover 𝑐 and the crown ratio 𝑟 for the evaluation of the sheltered conditions 

have been deduced form the land cover map and the habitat map. 
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9.3 Model performance 

The data pre-processing methodologies described in Section 9.2 have been applied to extrapolate 

multitemporal maps of drivers of fire spread describing the geo-environmental conditions at the igni-

tion time and their spatiotemporal evolution throughout the duration of the fire event of the selected 

case studies (Figure 8-8). Obtained maps of horizontal wind speed and direction, dip angle and direc-

tion, fuel models and fuel moisture fractions, have been provided as input to the developed proxy 

model for predicting fire spread (Chapter 6). Resulting sets of raster maps of maximum rate of spread, 

direction of the maximum rate of spread, and eccentricity have been turned into hexagonal meshes 

preserving the cells’ area by means of the Hex-utils tool-kit (de Sousa and Leitão, 2017) to be pro-

vided as inputs to the developed ABM for simulating the fire growth (Chapter 7). The whole modelling 

procedure (Figure 9-5) has been run twice in order to test the performance of each of the two subsets of 

fuel models, the one designed for North America and the one specifically developed for European Medi-

terranean regions. 

 

Figure 9-5 Processing pipeline. 

The Web Mercator or WGS84/Pseudo-Mercator projected coordinate system (EPSG:3857) has been 

adopted as reference coordinate system. It is a variant of the Mercator projection that, despite signif-

icant distortion in high latitude areas, has become the standard for sharing data on the web (Lumley 

and Sieber, 2019). Spatial and temporal extents vary with the selected case study according to data 

availability. The spatial extent of the model’s computational region varies according to the simulated 

scenario but typically includes a hexagonal grid with an extent between 100 x 100 and 500 x 500 

cells. The spatial resolution has been set to 1 ha, which is the Cartesian area of a single hexagonal 

grid cell, while the temporal resolution has been set to 1 minute. The temporal extent varies accord-

ing to the applications time window and depends on data availability. 

Input data Pre-processing
Proxy model for 
predicting fire 

spread

Agent-based 
model for 

simulating fire 
growth

Fire growth 
pattern

Rate of spread

Fuel models

Land use

Biomass 
carbon density

Fuel moisture 
fraction

Vegetation 
indexes

Land surface 
temperature

Dip angle and 
direction

Digital Terrain 
Model

Midflame wind 
speed and 
direction

Wind speed 
and direction

Ignition point

Duration



Model application Chapter 9 

118 

9.3.1 Fire suppression activities 

The selected wildfire case studies are characterised by large impact of fire suppression activities un-

dertaken in order to contain and control the event. Hence, to properly compare observed and modelled 

burnt areas, fire suppression operations have been simulated as well. Different fire suppression tactics 

have been adopted according to the incident reports provided by the Autonomous Region of Sardinia. 

Offensive suppression tactics have been carried out by both ground and aerial crews to contain fires 

using control lines, including both direct and indirect attacks: direct attacks essentially involved the 

application of water, or water with suppressant additives, onto burning fuels, whereas indirect attacks 

involved the manipulation of unburned fuels ahead of the moving fire, either by consuming it in a 

backfire or by chemically altering it through the application of retardants designed to reduce the flam-

mability of unburnt fuels. Defensive tactics have been adopted as well to protect points of value along 

the fire’s path, mainly residential buildings, by means of firebreaks or reducing the ignitability of 

exposed surfaces or suppressing spot fires. Most controlled firelines also required mop-up operations 

to maintain control of the fire, preventing fuels to re-ignite and flames to spread into unburnt areas. 

However, only fire suppression operations that, according to the incident reports, successfully con-

tributed to the fire containment have been simulated by means of impermeable barriers, independently 

form the adopted tactics. Those barriers are designed to stop the fire spread by nullifying the maxi-

mum rate or fire spread of the hexagonal grid cells they intersect. Where accurate information on both 

timing and location of interventions were not made available, fire suppression activities have been 

located exclusively along roads where major ground suppression activities are supposed to have been 

deployed. 

Simulations with and without the fire suppression actions have been both performed to illustrate the 

differential effects of the fire suppression actions on the modelled burnt area. 

9.3.2 Quantitative analysis 

Standard quantitative indexes have been computed to estimate the performance of the obtained spatial 

simulation model in terms of spatiotemporal agreement between observed and modelled burnt areas. 

The Sørensen similarity coefficient, together with sensitivity and specificity measures, have been 

computed for each time step of the implemented fire growth model for each simulated scenario for 

each wildfire case study. 

The Sørensen similarity coefficient is a statistical index which computes the value of similarity be-

tween two samples. Perry et al. (1999) firstly adopted this index to assess the agreement between fire 

simulation models and observation according to the Equation [9.8]: 

 𝑆ø𝑟𝑒𝑛𝑠𝑒𝑛 =
2𝑎

2𝑎 + 𝑏 + 𝑐
 [9.8] 

where 𝑎 is the number of hexagonal cells coded as burnt into both observed and modelled fire scars, 

𝑏 is the number of hexagonal cells predicted as burnt by the model but unburnt in the actual fire, and 

𝑐 is the number of cells burnt in the actual fire but predicted as unburnt by the model. The result is a 

value between 0 and 1, with 0 indicating no agreement between observed and modelled fire scar and 

1 indicating a perfect agreement. 
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Sensitivity and specificity are statistical measures of the performance of binary classification prob-

lems computed according to Equation [9.9] and Equation [9.10] respectively. Sensitivity is intended 

as the proportion of burnt areas that are correctly identified by the model, i.e. the ratio of the number 

of cells correctly classified as burnt by the model (𝑎) to the total number of burnt cells in the actual 

fire perimeter (𝑎 + 𝑐). Its complementary measure, 1-sensitivity, stands for the probability of com-

mitting an error of omission (false negative). Specificity measures the proportion of unburnt areas 

that are correctly identified by the model, i.e. the ratio of the number of cells correctly classified as 

unburnt by the model (𝑑) and the total number of cells effectively unburnt (𝑑 + 𝑏). Its complementary 

measure, 1-specificity, corresponds to the probability of committing an error of commission (false 

positive). 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑎

𝑎 + 𝑐
 [9.9] 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑑

𝑑 + 𝑏
 [9.10] 

9.4 Results 

9.4.1 Sagama 

The case study of Sagama, August 24th, 2016, has been simulated starting from the two simultaneous 

ignition points indicated by the authoritative incident report. The model’s runs have been stopped 

once the simulation time reached the declared time of fire containment, even when no fire suppression 

operation had been implemented. An improved performance in terms of the Sørensen similarity co-

efficient (Table 9-3) has been obtained by implementing the set of European Mediterranean fuel mod-

els rather than the set of North American fuel models. By comparing the model’s outputs at the time 

of fire containment, the set of North American fuel models (Figure 9-6) seems to underpredict the 

maximum rate of spread, generating fire growth patterns with limited sensitivity. Conversely, the set 

of European Mediterranean fuel models (Figure 9-7) have produced higher sensitivity and, hence, 

lower error of omission, while maintaining a high specificity, even if lower with respect to the set of 

North American fuel models. However, large portions of unburnt areas, both east and west of the 

observed burnt area, are identified as burnt by the model. The performance of the model has been 

further enhanced thanks to the implementation of barriers simulating the fire suppression activities 

(Figure 9-8) that have been dispatched to protect the residential areas of Sagama, Scano di Montiferro, 

and Sennariolo. The barriers effectively prevented the fire from enveloping points of value, slightly 

improving the model’s specificity, but they are rapidly bypassed south of Sagama. Similarly, the false 

positives east of the actually burnt areas are not mitigated by fire suppression activities. 

Table 9-3 Quantitative model performance for the Sagama case study. USA indicates the set of fuel models for North 

America, whereas MED indicates the set of fuel models developed for European Mediterranean regions. Measures of 

performance are referred to the declared time of fire containment. 

 𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑆ø𝑟𝑒𝑛𝑠𝑒𝑛 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 𝑇𝑖𝑚𝑒 [min] 

Sagama USA 0 0.42 0.30 0.98 420 

Sagama MED 0 0.57 1.00 0.80 420 

Sagama MED  1 0.64 0.96 0.86 420 
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Figure 9-6 Sagama wildfire event, August 24th, 2016, with the fuel model set for North America and without fire sup-

pression activities.  
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Figure 9-7 Sagama wildfire event, August 24th, 2016, with the fuel model set for European Mediterranean regions and 

without fire suppression activities.  
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Figure 9-8 Sagama wildfire event, August 24th, 2016, with the fuel model set for European Mediterranean regions and 

with implemented fire suppression activities.  



Section 9.4 Results 

123 

 

Figure 9-9 Maps of North American (left) and European Mediterranean (right) fuel models for the Sagama wildfire case 

study. 

The portion of unburnt area, which is predicted to burn by the model and is located northeast from 

the fire outbreaks, is dominated by broad-leaved forests with cork oak (Quercus suber L.) according 

to the land use map. Both the North American and the European Mediterranean fuel maps classified 

those patches using fuel models compatible with the understory of broad-leaved forests (Figure 9-9). 

Such an overprediction in the obtained patterns of fire growth might be due to both overestimated 

rates of fire spread or underestimated fire suppression interventions. 

9.4.2 Isili 

The case study of Isili, July 20th, 2016, has been simulated starting from the ignition point signalled 

by the authoritative incident report. Analogously to the case study of Sagama, the model’s runs have 

been stopped once the simulation time reached the declared time of fire containment, even when no 

fire suppression operation had been implemented. The model’s performances in terms of spatiotem-

poral agreement between observed and modelled burnt areas are significatively better with the set of 

European Mediterranean fuel models with respect to the North American one, which, instead, resulted 

in a particularly low sensitivity (Table 9-4). The set of North American fuel models has generated 

sharply underpredicted patterns of fire growth (Figure 9-10). Similarly, the patterns of fire growth 

produced with the set of European Mediterranean fuel models were not able to completely cover the 

southeast portion of the burnt area, which is characterised by the presence of the mesa known as 

Taccu de Nurri (694 m) (Figure 9-11). This discrepancy might be due to either an inaccurate model-

ling of wind fields in the presence of complex morphology or underpredicted values of the maximum 

rate of spread. The implementation of fire suppression operations on the right and left fire flanks 

slightly improved the model’s performances, especially in terms of specificity (Figure 9-12). 
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Figure 9-10 Isili wildfire event, July 20th, 2016, with the fuel model set for North America and without fire suppression 

activities.  
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Figure 9-11 Isili wildfire event, July 20th, 2016, with the fuel model set for European Mediterranean regions and without 

fire suppression activities.  
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Figure 9-12 Isili wildfire event, July 20th, 2016, with the fuel model set for European Mediterranean regions and with 

implemented fire suppression activities.   
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Table 9-4 Quantitative model performance for the Isili case study. USA indicates the set of fuel models for North America, 

whereas MED indicates the set of fuel models developed for European Mediterranean regions. Measures of performance 

are referred to the declared time of fire containment. 

 𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑆ø𝑟𝑒𝑛𝑠𝑒𝑛 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 𝑇𝑖𝑚𝑒 [min] 

Isili USA 0 0.14 0.07 1.00 600 

Isili MED 0 0.61 0.82 0.89 600 

Isili MED  1 0.63 0.82 0.90 600 

9.4.3 Gonnosfanadiga 

The case study of Gonnosfanadiga, July 31st, 2017, has been simulated starting from a single ignition 

point and the model’s runs have been stopped once the simulation time had reached the estimated 

time of fire containment. The sets of North American (Figure 9-13) and European Mediterranean fuel 

models (Figure 9-14) produced similar patterns of fire growth, both resulting in large portion of un-

burnt areas that are incorrectly identified as burnt by the model, especially in the portion northwest 

of the fire outbreak. However, these areas are significatively reduced and correctly classified as un-

burnt when simulating the implementation of fire suppression activities along the dual carriageway 

SS126 “Sud Occidentale Sarda” (Figure 9-15 and Figure 9-16). A narrow opening has been left in 

the implemented barrier where the fire front is supposed to have eluded the suppression operations. 

That allowed to successfully reproduce the fire plume which, headed towards northwest, climbed 

over the ridge with a southwest-northeast orientation. Nevertheless, a minor portion of actually burnt 

area, located at the north-western tip of the recorded event, has resulted not to burn neither with the 

North American set nor with the European Mediterranean set. According to the land use map, that 

area is populated by sclerophyllous shrubs representative of the Mediterranean garrigue on sandy 

soils. North American and European Mediterranean fuel models with a low fuel load, SH2 and SHm1 

respectively, have been assigned to that area reflecting the low aboveground biomass carbon density 

predicted by the global map (Spawn et al., 2020). Discrepancies in the observed and predicted patterns 

in that area might be attributed to either inaccuracies in the fuel mapping procedure or the complexity 

of the topography. 

The sets of North American and European Mediterranean fuel models resulted in overall similar 

model’s performances both with and without the implementation of fire suppression activities (Table 

9-5). Specifically, European Mediterranean fuel models provided slightly better results in terms of 

Sørensen similarity coefficient if compared with the North American fuel models when fire suppres-

sion activities were introduced. 

Table 9-5 Quantitative model performance for the Gonnosfanadiga case study. USA indicates the set of fuel models for 

North America, whereas MED indicates the set of fuel models developed for European Mediterranean regions. 

 𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑆ø𝑟𝑒𝑛𝑠𝑒𝑛 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 𝑇𝑖𝑚𝑒 [min] 

Gonnosfanadiga USA 0 0.40 0.91 0.76 420 

Gonnosfanadiga MED 0 0.38 0.90 0.75 420 

Gonnosfanadiga USA  1 0.49 0.90 0.84 420 

Gonnosfanadiga MED 1 0.52 0.88 0.86 420 
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Figure 9-13 Gonnosfanadiga wildfire event, July 31st, 2017, with the fuel model set for North America and without fire 

suppression activities.  
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Figure 9-14 Gonnosfanadiga wildfire event, July 31st, 2017, with the fuel model set for European Mediterranean regions 

and without fire suppression activities.  
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Figure 9-15 Gonnosfanadiga wildfire event, July 31st, 2017, with the fuel model set for North America and with imple-

mented fire suppression activities.  
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Figure 9-16 Gonnosfanadiga wildfire event, July 31st, 2017, with the fuel model set for European Mediterranean regions 

and with implemented fire suppression activities.  
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9.4.4 Villagrande Strisaili 

The case study of Villagrande Strisaili, July 25th, 2017, has been simulated starting from a single 

ignition point and the model’s runs have been stopped once the simulation time had reached the esti-

mated time of fire containment. The sets of North American and European Mediterranean fuel models 

resulted in overall similar model’s performances if compared without the implementation of fire sup-

pression activities (Table 9-6). Specifically, the sets of North American (Figure 9-17) and European 

Mediterranean fuel models (Figure 9-18) produced similar patterns of fire growth, introducing large 

portions of unburnt areas that are incorrectly modelled as burnt areas because of the strong northwest 

winds. Those same winds prevent the model from simulating the fire growth upslope in areas located 

east from the ignition points. 

The model’s performance has been improved, in terms of both the Sørensen similarity coefficient and 

the specificity, with the implementation of fire suppression activities along the provincial road SP27 

(Figure 9-19). As expected, the model’s sensitivity has decreased because of a large portion of the 

actually burnt surface which has remained unburnt according to the simulation. This area is charac-

terised by the presence of a quite complex topographies which might have generated the turbulences 

that forced the interruption of the aerial intervention. 

Table 9-6 Quantitative model performance for the Villagrande Strisaili case study. USA indicates the set of fuel models 

for North America, whereas MED indicates the set of fuel models developed for European Mediterranean regions. 

 𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑆ø𝑟𝑒𝑛𝑠𝑒𝑛 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 𝑇𝑖𝑚𝑒 [min] 

Villagrande USA 0 0.34 0.79 0.81 210 

Villagrande MED 0 0.26 0.56 0.82 210 

Villagrande USA  1 0.53 0.57 0.96 210 

Villagrande MED 1 0.40 0.34 0.98 210 
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Figure 9-17 Villagrande Strisaili wildfire event, July 25th, 2017, with the fuel model set for North America and without fire 

suppression activities.  
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Figure 9-18 Villagrande Strisaili wildfire event, July 25th, 2017, with the fuel model set for European Mediterranean re-

gions and without fire suppression activities.  
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Figure 9-19 Villagrande Strisaili wildfire event, July 25th, 2017, with the fuel model set for North America and with im-

plemented fire suppression activities.  



Model application Chapter 9 

136 

9.5 Discussion 

Modelling fire spread and growth is a complex task due to multiple factors including the spatiotem-

poral heterogeneity of geo-environmental conditions as well as the effect of fire suppression inter-

ventions (Alexander and Cruz, 2013; Mutlu, Popescu, and Zhao, 2008). 

The selection of case studies is certainly not representative of the complexity and diversity of geo-

environmental conditions in the study area. Nevertheless, they strived to capture different conditions 

ranging from grasslands to Mediterranean maquis and garrigue, and from flat to complex topogra-

phies. Both the case studies dominated by herbaceous fuels (Sagama and Isili) showed a significa-

tively improved model’s performance by implementing the set of European Mediterranean fuel mod-

els rather than the North American ones, which produced underestimated patterns of fire growth. 

Conversely, the case studies dominated by sclerophyllous shrubby fuels of the Mediterranean maquis 

and garrigue (Gonnosfanadiga and Villagrande Strisaili) showed similar model’s performances by 

implementing North American or European Mediterranean fuel models. However, case studies with 

prevalent herbaceous fuels resulted in better model’s performances with respect to case studies with 

prevalent shrubby fuels, suggesting the procedure of fuel model mapping might result in greater ac-

curacy when dealing with grasslands rather than shrublands. Indeed, discrepancies between above-

ground biomass and fuel load, that is the combustible portion of the biomass, are more pronounced 

for shrublands with respect to grasslands. Moreover, the maps of above-ground and below-ground 

biomass carbon density which have been employed to approximate the fuel load are overtly not fully 

suitable for areas where shrublands biomass is of primary importance (Spawn et al., 2020). 

According to the obtained results on its performance, the model is more suitable in the absence of 

complex topographies. This could be due to either the Rothermel’s model inheritance or the intrinsic 

difficulties in simulating and downscaling the wind fields with the mass conserving model by Fortho-

fer (2007). Horizontal wind speed and direction deserve major attention since, while data seem to 

accurately reproduce the wind fields, wind speed and direction have resulted of dominant importance 

in predicting both the rate and direction of maximum fire spread (Chapter 6). For instance, it could 

be valuable to evaluate the level of agreement between wind data obtained from the downscaling of 

the ERA5-Land climate reanalysis and ground measurements. Moreover, the spatiotemporal resolu-

tion of the ERA5-Land estimates makes the model blind to wind gusts, which instead might have a 

significative influence on the maximum rates and directions of fire spread. Finally, uncoupled models 

could be used to further improve the surface fire behaviour modelling outputs by simulating winds 

and turbulences generated by the fire events themselves. 

As expected, the case studies simulated with a proper implementation of fire suppression activities 

provided an improved performance on their counterpart simulations without fire suppression activi-

ties. However, since the simulation without fire suppression actions covered a much wider area, it 

exhibits better indices for what concerns sensitivity. This motivates the inclusion of a complete set of 

performance indicators, capable of accounting for both errors of omission and commission. Never-

theless, this suggests that further attention should be paid in simulating fire suppression activities 

when modelling historical case studies. Impermeable barriers implemented to simulate fire suppres-

sion activities tend to be easily bypassed by the fire front. It could be because of barriers are not 

suitable for simulating every fire suppression tactic, especially backfires, i.e. fires set along the inner 
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edge of a fuel-free fireline to consume the fuel in the fire’s path. The simulation of fire suppression 

activities conducted by aerial crews might be also improved, integrating the use of both suppressants 

and retardants. 

Future research activities will be addressed to the validation of the proposed methodology for data 

pre-processing, especially for the estimation and mapping of fuel models and fuel moisture content. 

Indeed, part of the procedure is derived from empirical relationships whose applicability to the study 

area should be further investigated. 

The process of mapping fuel models could be significatively improved by integrating results from 

GEDI with those from the upcoming NASA-ISRO SAR (NISAR) mission (Kellogg et al., 2020; 

Rosen et al., 2015). The NISAR mission (to be launched in 2022) will observe Earth’s surface through 

two fully polarimetric SARs, one at L-band and one at S-band, in exact repeating orbits every 12 

days. NISAR will measure the above-ground biomass and its disturbance in low biomass forests 

(above-ground biomass < 100 t/ha) at 1 ha resolution, focusing on boreal and temperate forests and 

savanna woodlands. At a global scale, unique relevance will be assumed by the complementarity of 

GEDI and NISAR missions with the ESA’s BIOMASS mission (Quegan et al., 2019). The BIOMASS 

mission (to be launched in 2022) will investigate upper canopy height and above-ground biomass in 

dense forests (above-ground biomass > 50 t/ha) at 4 ha resolution by means of a polarimetric P-band 

SAR, but focusing its attention on tropical and sub-tropical woodlands. Hence, GEDI, NISAR, and 

BIOMASS missions will retrieve measurements of different components of the above-ground bio-

mass at different spatial and temporal scales, providing unprecedent opportunities to develop more 

consistent fuel type classifications at a global scale. Furthermore, recently developed and defined fuel 

models for different Italian Alpine, temperate, and Mediterranean conditions (Ascoli et al., 2020) will 

be also integrated into the harmonised dataset of fuel models. 

Estimated fuel moisture contents should be then validated against direct ground measures. For exam-

ple, live fuel moisture content estimates could be validated against field measurements from local 

datasets specific for the European Mediterranean area (Fan et al., 2018; Martin-StPaul et al., 2018) 

as well as from the global plant water status database, Globe-LFMC (Yebra et al., 2019), which pro-

vides in situ live fuel moisture content measurements from Argentina, Australia, China, France, Italy, 

Senegal, Spain, South Africa, Tunisia, United Kingdom and the United States of America. 

Finally, major attention will be focused on the improvement of the model’s ability to explain phe-

nomena from the real world. Indeed, results suggest that fire growth’s patterns suffered from overes-

timated rates of fire spread in the rear portions of the fire and underestimated rates of fire spread in 

all the other portions of the fire front and flanks. 

 





 

 

Chapter 10 

Geospatial decision support system 

The reduction of disaster risk is a common concern for all governments at different institutional levels 

(UNISDR, 2015). According to the Sendai Framework 2015-2030, policies and practices for disaster 

risk prevention and management should be firmly grounded in the comprehension of risk in its com-

plexity, ranging from susceptibility and hazard characterization to vulnerability and exposure assess-

ment. Leveraging on such knowledge, appropriate preparedness and effective response can be effi-

ciently developed. Progress in disaster risk reduction research has also placed emphasis on the insuf-

ficient advancement in converting new findings into concrete applications in practical disaster risk 

reduction actions (Weichselgartner and Pigeon, 2015). 

Hence the need to identify strategies aimed at strengthening communities’ resilience and risk aware-

ness as well as reducing expected impacts and potential damage. Collecting, analysing, processing 

data, and organizing information are fundamental in eliciting and constructing knowledge that has to 

be inevitably transferred and applied in disaster risk management to make individual and common 

risk awareness arise. Further actions should be hence directed towards sharing and disseminating 

results, both among public administrations and citizens (Haworth, 2018). The strengthening of disas-

ter risk governance requires promoting informed decision making and coordinated action across rel-

evant institutions and stakeholders at appropriate levels (UNISDR, 2015). Potential hindrances in the 

science-policy interface threatening the effective use of existing knowledge have to be minimized 

and decision makers need to have most appropriate scientific information available in decision mak-

ing processes. At the same time, citizens should be given the opportunity to actively participate and 

contribute to institutional risk management activities. The enhancement of both personal and societal 

aware and conscious involvement is indeed the way to trigger communities’ ability to anticipate, 

respond to, and recover from disaster effects (UNISDR, 2015). 

To accomplish its tasks, the Sendai Framework promotes «a real time access to reliable data, the use 

of space and in situ information, including geographic information systems (GIS), and use infor-

mation and communications technology (ICT) innovations to enhance measurement tools and the 

collection, analysis and dissemination of data» (UNISDR, 2015). 

At global and regional scales, innovative early warning systems for natural disaster are increasingly 

being developed (Alfieri et al., 2013; Canli et al., 2018; Glade and Nadim, 2014), providing useful 

entry points for disaster risk management (W. Liu et al., 2018). Nonetheless, gaps still exist between 

offered models and local managers' needs and there is a significant lack of appropriate local infor-

mation on disaster impacts, as well as on exposure and vulnerability. Here the urgency of promoting 

science-based risk management policies and participatory activities among citizens comes to light. 
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In line with that needs, the objective of the present study is to strengthen communities’ resilience to 

disaster-related emergencies by both improving and optimizing decision-making processes as well as 

promoting individual and societal conscious involvement in risk preparedness and management. 

Within the context of the PhD project, three modules of a geospatial decision support system have 

been designed and implemented with the aim of improving the efficiency of risk management strate-

gies and reducing expected impacts and potential damage. The first module is a dynamic workflow 

of actions and represents the core of the decision support system. This module aims to guide decision 

makers in carrying out the procedures of the intervention model compliant with the legislative frame-

work. The workflow is then supported by a second module, a customised version of a geographic 

information system with dynamic forms designed to support users with limited expertise in geodata-

base management. This module will incorporate a structured relational geodatabase storing (i) exist-

ing institutional susceptibility, hazard, and risk maps, (ii) newly developed event scenarios, (iii) avail-

able resources and socioeconomic exposed values, and (iv) real-time data from field surveys. Finally, 

the decision support system will provide authorities, technicians, and volunteers with a third module 

composed by web applications for mobile field data collection and sharing. 

The architecture of the geospatial decision support system is inherently applicable to diverse natural 

hazards, ranging from seismic, hydraulic, and hydrogeologic events to chemical accident or sanitary 

emergencies. The following sections will focus on the specific application to wildland fire manage-

ment. 

10.1 Decision support system for wildland fire management 

The geospatial decision support system is meant to cover the whole risk management cycle and to 

endorse interventions in diverse stages, ranging from prevention and preparedness to response and 

post-event recovery. The system is meant to help in: (i) planning mitigation strategies and disaster 

relief operations, (ii) enhancing disaster managers’ knowledge of intervention procedures and state-

of-the-art strategies and tools for geospatial data analysis, (iii) organising and managing resources 

and responsibilities, and (iv) promoting data collection and sharing during ongoing hazardous events 

and in their aftermath. 

10.1.1 Procedural workflow 

The procedural workflow is the core of the decision support system and has been designed to guide 

risk managers through the intervention model by providing them a procedural workflow fully com-

pliant with the regulatory framework in force at national and regional level. As part of a decision 

support system, the procedural workflow does not possess any decision-making ability and does not 

substitute decision makers. Instead, it is supposed to support them by providing at any emergency 

stage a selection of possible, recommended or compulsory actions together with (i) instructions of 

execution, (ii) contacts of actors in charge of performing each operation, (iii) legal documents or 

modules to be issued at each emergency stage, and (iv) real-time reports of resources and structures 

availability will be implemented in the near future. 

The flow of procedures is the result of an accurate and in-depth analysis of the regulatory framework 

at different institutional level. The intervention model can be customized based on specific policies 
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and needs. Once defined, the workflow has been formalised by means of the graphical and mathe-

matical formal notation of Generalized Stochastic Petri Nets for mutually exclusive, interactive or 

concurrent stepwise processes modelling, capable of representing the rules that control the evolution 

of distributed systems (Murata, 1989). Such formalization allows a preliminary validation of the 

whole intervention model even before the emergency outbreak by testing the coherence of the work-

flow, synthesizing redundant operations, and suppressing those preventing the whole system to fail 

or to precociously conclude the procedure. Figure 10-1 provides an example of a Petri Net represent-

ing the procedural workflow for the wildfire emergency management in the wildland urban interface. 

Petri Nets have been modelled and validated with the open source software package GreatSPN 

(GRaphical Editor and Analyzer for Timed and Stochastic Petri Nets) (Amparore et al., 2016). 

10.1.2 Geographic information system 

The geographic information system (GIS) module consists of a customized version of QGIS 3 pro-

vided with simplified editing tools and dynamic forms to support users with small expertise in geo-

graphic information systems and database management systems. The GIS module is deputed to inte-

grate the developed model for predicting and simulating wildland surface fire spread and growth 

(Chapter 6, Chapter 7, and Chapter 9). 

The GIS module incorporates a repository to store, manage, and retrieve heterogeneous spatially dis-

tributed data including susceptibility/hazard and risk maps, either authoritative and research-based, 

newly generated event scenarios, volunteered geographic information provided by citizens, and every 

other information useful to cope with disasters. The GIS module is conceived to ease and validate the 

data entry and the database updating procedure in order to improve emergency preparedness and 

response. The relational database stores data related to (i) contacts of institutional roles and entities 

involved in Civil Protection activities, (ii) locations and auxiliary information on surfaces, structures 

and infrastructures susceptible to assume strategic or significant importance for Civil Protection aims, 

such as coordination centres and emergency areas establishment, as well as (iii) additional sources of 

information, e.g. topographic maps and other thematic maps. Crucial is also the (iv) characterization 

of event scenarios which might be conducted in near real-time by collecting remotely sensed infor-

mation and running multiple simulations. In the near future, databases will also include information 

concerning (v) real-time availability of resources and structures. Users can easily interact with col-

lected information through a GIS installation which provides simplified forms with validation and 

visibility rules to facilitate data insertion in order to preserve the database structure in compliance 

with national and regional guidelines and needs. The local databases are periodically synchronized 

with the central server, to make information available even at supra-municipal level. 

The GeoPackage format has been chosen for the relational database structure so that the SQLite da-

tabase could be populated in compliance with the GeoPackage Encoding Standard. Custom forms 

have been developed from scratch using QGIS form design functionalities and validation and visibil-

ity rules are inspired to the RDForms Javascript library. 
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Figure 10-1 Formalisation by means of the formal notation of Generalized Stochastic Petri Nets of a procedural workflow 

for wildfire risk management in the wildland urban interface. 
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10.1.3 Web applications for field data collection 

The last module is constituted by a pool of web applications which have been designed and imple-

mented by means of KoBoToolbox, a suite of tools for field data collection for use in challenging 

environments. Web applications are intended for field data collection, analyses, and share, and ask 

for signallers to contribute with georeferenced, qualified, and updated information on where, when, 

and what kind of evidence they are reporting. 

The module allows to create, collect, share and analyse Volunteered Geographic Information (VGI) 

freely provided in the earliest stages of the emergency or in the aftermath by newly enrolled signallers, 

i.e. properly trained citizens and technicians or volunteers with an adequate technical background. 

Because of legal issues, only technicians and volunteers will be allowed to submit their signals in the 

midst of the emergency. However, the module is even conceived as a strategy to increase citizens’ 

understanding of the multiple risk dimensions in order to lead them to a proactive participation in risk 

management activities. The goal is indeed to leverage on citizens' newly acquired risk awareness to 

make them act like human sensors and to further improve their consciousness of the spatial distribu-

tion of both local resources and critical circumstances. 

Interactive dynamic forms with validation rules and skip logic defined for every question permit the 

users to quickly report data on expected, ongoing or completed hydrogeological events, forwarding 

standardized and structured information. The forms include many multiple-choice questions and only 

a few free text responses, collect detailed temporal and spatial information and support various media 

files inputs, e.g. images, audio, and video. The developed forms rest on the XLSForm standard, com-

patible with the subset of XForm functionalities supported by Javarosa project, an open-source plat-

form for data collection on mobile devices. 

Data collection is allowed either online or offline thanks to the strong safeguards against data loss 

provided by KoBoToolbox: answers are automatically saved and stored for future submission. A 

back-end system gathers submitted reports from users that will be progressively profiled and catego-

rized according to their role, e.g, volunteers or technicians, as well as to the accuracy and reliability 

of their submissions, in order to discard inappropriate warnings. The central crawler implemented in 

the geospatial decision support system periodically checks local independent databases looking for 

new reports. Advisories will be imported in the database in order to be checked and validated. Thanks 

to a flexible query system, newly provided observations can be consulted separately or jointly to 

recover, analyse, process, and display on maps only those reports that satisfy query constraints. More-

over, reliable information can be exploited to validate and update available institutional or non-insti-

tutional susceptibility, hazard, and risk scenarios, raising those reports to a dynamic support for dis-

aster risk management. 

 





 

 

Chapter 11 

Conclusions and future research 

Simulating wildland surface fire spread and growth assumes a crucial role in planning and optimising 

wildfire risk management strategies and emergency response activities. Nevertheless, modelling fire 

behaviour is a remarkably challenging task due to the complex combination of interdependent multi-

scale physical and chemical phenomena involved. 

An operational predictive wildland surface fire simulation model has been designed and developed 

within the context of the present research. As a whole, the model is composed of three distinct mod-

ules corresponding to as many independent sets of algorithms: (i) the first module promotes a dy-

namic, consistent, and fully reproducible pre-processing methodology for the remotely sensed near 

real-time estimation of the drivers of fire spread, i.e. fuel models, live and dead fuel moisture content, 

dip angle and direction, horizontal wind speed and direction; (ii) the second module implements a 

proxy model for predicting wildland surface fire spread based on an explainable ensemble learning 

method; and (iii) the third module consists of an agent-based model for simulating fire growth across 

heterogeneous geo-environmental conditions. Given the spatiotemporal location of the primary out-

breaks as input, the model sequentially applies the three modules in order to (i) automatically and 

dynamically retrieve near real-time estimations of the drivers of fire spread, (ii) compute the direction 

and intensity of the maximum rate of spread as well as the eccentricity of the elliptical fire shape, and 

(iii) simulate the fire growth returning a spatiotemporal map representing the predicted fire behaviour. 

The use of remote sensing methodologies for the estimation of the drivers of fire spread provided 

exceptional advantages over traditional methods in terms of near real-time data collection and dy-

namic updating with unprecedent regularity. The adoption of a machine learning based proxy model 

for predicting the fire spread has guaranteed a significative reduction of the computing time in the 

face of a limited loss in accuracy, at the scale required for the model’s application, if compared with 

the original implementation of the Rothermel’s equations. The choice of an agent-based model for 

simulating fire growth is rooted in its intrinsic ability to handle heterogeneous geo-environmental 

conditions and their spatiotemporal variability with limited computational requirements. Moreover, 

agent-based models allow for exceptional modelling flexibility which is still far from being fully 

exploited in wildland fire management sciences. The implementation of simple fire suppression ac-

tivities has allowed to effectively compare the modelled and observed fire growths, which otherwise 

would have led to biased comparisons. Comprehensively, the developed modular wildland surface 

fire simulation model has resulted in a satisfying predictive capacity, which has been quantitatively 

evaluated in terms of spatial and temporal agreement between modelled and observed burnt areas. 

Despite the intrinsic uncertainties in input data as well as in models’ assumptions and limitations the 

outcomes open to the possibility of an effective operational use of the developed simulation model 

for predicting surface fire spread and growth in wildland fuels. 



Conclusions and future research Chapter 11 

146 

Future research could be addressed at improving each single module of the developed wildland sur-

face fire simulation model. Simulations making use of mathematical models are subject to parametric 

uncertainty, which includes uncertainty in the input data for initial conditions that may vary tempo-

rally or spatially, affecting the model outputs, as well as error in the model parameters due to either 

measurement error or intrinsic variability in the parameters. In the Rothermel’s mathematical model, 

abrupt changes in input parameters have immediate impact on fire spread rate and direction, so that 

parametric uncertainty is directly propagated to the model outputs. The developed proxy model based 

on the Rothermel’s equations suffers from the same parametric uncertainty. It emerges the need for 

further improvements in managing uncertainties in the drivers of fire spread stemming from multiple 

sources including their inherent spatiotemporal variability, the accuracy and precision of the satellite 

products employed for their estimation, and the propagation of those uncertainties throughout the 

whole modelling process. Major attention should be given to those drivers of fire spread that resulted 

to have the greatest influence on the direction and intensity of the maximum rate of spread, i.e. fuel 

models and horizontal wind speed and directions. Indeed, recent research into extreme wildfire events 

suggests that both horizontal wind speed and direction can have significant impacts on surface fire 

spread and growth. Finally, while a single run of the model for predicting fire spread might result in 

a poor accuracy because of the propagation of uncertainty, estimated distribution of the direction and 

intensity of the maximum rate of spread with an associated measure of uncertainty can be more useful 

than a single prediction. 

The developed wildland surface fire spread model, together with the use of easily accessible remotely 

sensed data, might assume specific relevance for risk and emergency management. Within the context 

of the PhD project, three modules of a geospatial decision support system have been designed and 

implemented with the aim of improving the efficiency of risk management strategies and reducing 

expected impacts and potential damage: (i) the first module is a dynamic workflow of actions, de-

signed by means of the formal mathematical approach of the Petri Nets, which aims to guide decision 

makers in carrying out the procedures of the intervention model compliant with the legislative frame-

work; (ii) the second module is a customised version of a geographic information system with dy-

namic forms designed to ease the handling of the underlying relational geodatabase which stores the 

required information for risk and emergency management, among which scenarios of wildfire events, 

produced by means of the developed predictive wildland surface fire behaviour simulation model; 

(iii) the third module is composed by web applications for mobile field data collection and sharing. 

Amongst the major advantages in the developed geospatial decision support system, there is the op-

portunity to methodically check the stakeholders’ intervention models for coherence, effectiveness, 

and legal compliance. 

The PhD project strived to investigate principles and accepted theories on the complex dynamics of 

wildland surface fire behaviour and to shed light on the need for a better understanding of the differ-

ence between real and simulated fire behaviour in terms of the importance of the drivers of fire spread 

in predicting fire spread and growth. The project also tried proposing solutions integrating remote 

sensing and machine learning techniques with the aim of improving the applicability of near real-

time simulation models as well as the effectiveness of decision-making strategies. 
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Appendix 

Table 12-1 Standard fuel models (Albini, 1976a; Rothermel, 1972). 

Fuel 
Model 

Fuel 
loading 
1h 
[lb/ft²] 

Fuel 
loading 
10h 
[lb/ft²] 

Fuel 
loading 
100h 
[lb/ft²] 

Fuel 
loading 
live herb 
[lb/ft²] 

Fuel 
loading 
live wood 
[lb/ft²] 

SAVR 
1h 
[ft2/ft3] 

Fuel 
bed 
depth 
[ft] 

Dead fuel 
moisture of 
extinction 
[%] 

Heat 
content 
[Btu/lb] 

GRs1 0.034 0.000 0.000 0.000 0.000 3500 1.00 12 8000 

GRs2 0.092 0.046 0.023 0.023 0.000 3000 1.00 15 8000 

GRs3 0.138 0.000 0.000 0.000 0.000 1500 2.50 25 8000 

SHs4 0.230 0.184 0.092 0.000 0.230 2000 6.00 20 8000 

SHs5 0.046 0.023 0.000 0.000 0.092 2000 2.00 20 8000 

SHs6 0.069 0.115 0.092 0.000 0.000 1750 2.50 25 8000 

SHs7 0.052 0.086 0.069 0.000 0.017 1750 2.50 40 8000 

TLs8 0.069 0.046 0.115 0.000 0.000 2000 0.20 30 8000 

TLs9 0.134 0.019 0.007 0.000 0.000 2500 0.20 25 8000 

TLs10 0.138 0.092 0.230 0.000 0.092 2000 1.00 25 8000 

SBs11 0.069 0.207 0.253 0.000 0.000 1500 1.00 15 8000 

SBs12 0.184 0.644 0.759 0.000 0.000 1500 2.30 20 8000 

SBs13 0.322 1.058 1.288 0.000 0.000 1500 3.00 25 8000 

 

Table 12-2 Dynamic fuel models (Scott and Burgan, 2005). 

Fuel 
Model 

Fuel 
loading 
1h 
[lb/ft²] 

Fuel 
loading 
10h 
[lb/ft²] 

Fuel 
loading 
100h 
[lb/ft²] 

Fuel 
loading 
live herb 
[lb/ft²] 

Fuel 
loading 
live wood 
[lb/ft²] 

SAVR 
1h 
[ft2/ft3] 

Fuel 
bed 
depth 
[ft] 

Dead fuel 
moisture of 
extinction 
[%] 

Heat 
content 
[Btu/lb] 

GR1 0.005 0.000 0.000 0.014 0.000 2200 0.40 15 8000 

GR2 0.005 0.000 0.000 0.046 0.000 2000 1.00 15 8000 

GR3 0.005 0.018 0.000 0.069 0.000 1500 2.00 30 8000 

GR4 0.011 0.000 0.000 0.087 0.000 2000 2.00 15 8000 

GR5 0.018 0.000 0.000 0.115 0.000 1800 1.50 40 8000 

GR6 0.005 0.000 0.000 0.156 0.000 2200 1.50 40 9000 

GR7 0.046 0.000 0.000 0.248 0.000 2000 3.00 15 8000 

GR8 0.023 0.046 0.000 0.335 0.000 1500 4.00 30 8000 

GR9 0.046 0.046 0.000 0.413 0.000 1800 5.00 40 8000 

GS1 0.009 0.000 0.000 0.023 0.030 2000 0.90 15 8000 

GS2 0.023 0.023 0.000 0.028 0.046 2000 1.50 15 8000 

GS3 0.014 0.011 0.000 0.067 0.057 1800 1.80 40 8000 

GS4 0.087 0.014 0.005 0.156 0.326 1800 2.10 40 8000 

SH1 0.011 0.011 0.000 0.007 0.060 2000 1.00 15 8000 

SH2 0.062 0.110 0.034 0.000 0.177 2000 1.00 15 8000 
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SH3 0.021 0.138 0.000 0.000 0.285 1600 2.40 40 8000 

SH4 0.039 0.053 0.009 0.000 0.117 2000 3.00 30 8000 

SH5 0.165 0.096 0.000 0.000 0.133 750 6.00 15 8000 

SH6 0.133 0.067 0.000 0.000 0.064 750 2.00 30 8000 

SH7 0.161 0.243 0.101 0.000 0.156 750 6.00 15 8000 

SH8 0.094 0.156 0.039 0.000 0.200 750 3.00 40 8000 

SH9 0.207 0.112 0.000 0.071 0.321 750 4.40 40 8000 

TU1 0.009 0.041 0.069 0.009 0.041 2000 0.60 20 8000 

TU2 0.044 0.083 0.057 0.000 0.009 2000 1.00 30 8000 

TU3 0.051 0.007 0.011 0.030 0.051 1800 1.30 30 8000 

TU4 0.207 0.000 0.000 0.000 0.092 2300 0.50 12 8000 

TU5 0.184 0.184 0.138 0.000 0.138 1500 1.00 25 8000 

TL1 0.046 0.101 0.165 0.000 0.000 2000 0.20 30 8000 

TL2 0.064 0.106 0.101 0.000 0.000 2000 0.20 25 8000 

TL3 0.023 0.101 0.129 0.000 0.000 2000 0.30 20 8000 

TL4 0.023 0.069 0.193 0.000 0.000 2000 0.40 25 8000 

TL5 0.053 0.115 0.202 0.000 0.000 2000 0.60 25 8000 

TL6 0.110 0.055 0.055 0.000 0.000 2000 0.30 25 8000 

TL7 0.014 0.064 0.372 0.000 0.000 2000 0.40 25 8000 

TL8 0.266 0.064 0.051 0.000 0.000 1800 0.30 35 8000 

TL9 0.305 0.152 0.191 0.000 0.000 1800 0.60 35 8000 

SB1 0.069 0.138 0.505 0.000 0.000 2000 1.00 25 8000 

SB2 0.207 0.195 0.184 0.000 0.000 2000 1.00 25 8000 

SB3 0.253 0.126 0.138 0.000 0.000 2000 1.20 25 8000 

SB4 0.241 0.161 0.241 0.000 0.000 2000 2.70 25 8000 

 

Table 12-3 Fuel models for Northern Sardinia, Italy (Duce et al., 2012). 

Fuel 
Model 

Fuel 
loading 
1h 
[lb/ft²] 

Fuel 
loading 
10h 
[lb/ft²] 

Fuel 
loading 
100h 
[lb/ft²] 

Fuel 
loading 
live herb 
[lb/ft²] 

Fuel 
loading 
live wood 
[lb/ft²] 

SAVR 
1h 
[ft2/ft3] 

Fuel 
bed 
depth 
[ft] 

Dead fuel 
moisture of 
extinction 
[%] 

Heat 
content 
[Btu/lb] 

SHmq1 0.067 0.067 0.003 0.007 0.054 750 2.30 25 8006 

SHmq2 0.131 0.051 0.000 0.001 0.138 750 2.99 25 8006 

SHmq3 0.177 0.111 0.013 0.008 0.200 750 3.35 25 8006 

SHmq4 0.236 0.091 0.001 0.001 0.267 750 5.74 25 8006 

 

Table 12-4 Fuel models for Apulia, Italy (Elia et al., 2015). 

Fuel 
Model 

Fuel 
loading 
1h 
[lb/ft²] 

Fuel 
loading 
10h 
[lb/ft²] 

Fuel 
loading 
100h 
[lb/ft²] 

Fuel 
loading 
live herb 
[lb/ft²] 

Fuel 
loading 
live wood 
[lb/ft²] 

SAVR 
1h 
[ft2/ft3] 

Fuel 
bed 
depth 
[ft] 

Dead fuel 
moisture of 
extinction 
[%] 

Heat 
content 
[Btu/lb] 

TUapu1 0.321 0.045 0.015 0.015 0.075 1609 1.35 25 8000 

TUapu2 0.236 0.034 0.006 0.016 0.185 1270 1.77 25 8000 

SHapu3 0.173 0.010 0.002 0.130 0.084 689 1.67 25 8000 

TUapu4 0.293 0.102 0.124 0.009 0.113 1358 1.94 25 8000 
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Table 12-5 Fuel models for Portugal (Godinho-Ferreira et al., 2005). 

Fuel 
Model 

Fuel 
loading 
1h 
[lb/ft²] 

Fuel 
loading 
10h 
[lb/ft²] 

Fuel 
loading 
100h 
[lb/ft²] 

Fuel 
loading 
live herb 
[lb/ft²] 

Fuel 
loading 
live wood 
[lb/ft²] 

SAVR 
1h 
[ft2/ft3] 

Fuel 
bed 
depth 
[ft] 

Dead fuel 
moisture of 
extinction 
[%] 

Heat 
content 
[Btu/lb] 

TCLaca 0.106 0.031 0.000 0.071 0.000 1589 1.41 32 8713 

TOTeuc 0.023 0.041 0.021 0.010 0.000 1111 0.52 27 9042 

TOLeuc 0.027 0.008 0.000 0.024 0.000 1757 1.67 30 8987 

TCTeuc 0.106 0.058 0.026 0.044 0.000 1753 0.92 28 9019 

TCLeuc 0.076 0.010 0.000 0.082 0.000 1700 1.87 30 8984 

TCLqpy 0.033 0.012 0.003 0.051 0.000 1675 2.26 26 8514 

TCLque 0.130 0.012 0.003 0.100 0.000 1536 1.41 25 8428 

TOTdiv 0.042 0.008 0.000 0.009 0.000 2170 0.56 26 8827 

TOLdiv 0.035 0.005 0.000 0.024 0.000 1439 1.28 28 8810 

TCTdiv 0.052 0.040 0.006 0.029 0.000 1455 1.28 28 8799 

TCLdiv 0.039 0.021 0.000 0.073 0.000 1621 1.90 32 8793 

TOTpin 0.109 0.061 0.024 0.018 0.000 1387 0.39 38 9195 

TOLpin 0.038 0.021 0.000 0.048 0.000 1312 1.18 36 9219 

TCTpin 0.151 0.058 0.018 0.062 0.000 1520 0.79 37 9130 

TCLpin 0.136 0.018 0.004 0.130 0.000 1509 1.51 36 9146 

TOTsub 0.028 0.004 0.000 0.011 0.000 1827 1.35 28 8776 

TOLsub 0.026 0.052 0.000 0.020 0.000 1617 1.64 32 8766 

TCTsub 0.067 0.039 0.000 0.024 0.000 1702 0.56 22 8795 

TCLsub 0.097 0.032 0.000 0.090 0.000 1422 1.28 25 8762 

 

Table 12-6 Fuel models for Greece (Dimitrakopoulos, 2002). Heat content and surface area-to-volume ratio values were 

obtained from Dimitrakopoulos and Panov (2001). 

Fuel 
Model 

Fuel 
loading 
1h 
[lb/ft²] 

Fuel 
loading 
10h 
[lb/ft²] 

Fuel 
loading 
100h 
[lb/ft²] 

Fuel 
loading 
live herb 
[lb/ft²] 

Fuel 
loading 
live wood 
[lb/ft²] 

SAVR 
1h 
[ft2/ft3] 

Fuel 
bed 
depth 
[ft] 

Dead fuel 
moisture of 
extinction 
[%] 

Heat 
content 
[Btu/lb] 

SHmq15 0.152 0.139 0.074 0.158 0.000 1300 3.67 16 8678 

SHmq30 0.297 0.272 0.299 0.217 0.000 1400 7.15 16 8867 

SHque 0.260 0.215 0.096 0.138 0.000 1200 4.07 16 8277 

SHphr1 0.090 0.045 0.014 0.053 0.000 700 1.80 16 8276 

SHphr2 0.072 0.020 0.006 0.018 0.000 700 1.31 16 8191 

GRmed 0.089 0.010 0.000 0.000 0.000 700 0.98 16 8070 

TLpin 0.034 0.010 0.005 0.000 0.000 1700 0.20 16 8867 
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Table 12-7 Fuel models for Spain and Mediterranean Europe (Rodríguez y Silva and Molina-Martínez, 2012) 

Fuel 
Model 

Fuel 
loading 
1h 
[lb/ft²] 

Fuel 
loading 
10h 
[lb/ft²] 

Fuel 
loading 
100h 
[lb/ft²] 

Fuel 
loading 
live herb 
[lb/ft²] 

Fuel 
loading 
live wood 
[lb/ft²] 

SAVR 
1h 
[ft2/ft3] 

Fuel 
bed 
depth 
[ft] 

Dead fuel 
moisture of 
extinction 
[%] 

Heat 
content 
[Btu/lb] 

GRp1 0.036 0.000 0.000 0.000 0.000 3800 1.00 12 8000 

GRp2 0.078 0.000 0.000 0.000 0.000 3800 1.00 12 8000 

GRp3 0.049 0.000 0.000 0.000 0.000 3800 1.50 12 8000 

GRp4 0.079 0.000 0.000 0.000 0.000 3800 1.20 12 8000 

GRp5 0.013 0.000 0.000 0.080 0.000 3800 2.60 12 8000 

GRp6 0.111 0.000 0.000 0.000 0.000 3800 2.50 12 8000 

GRp7 0.138 0.000 0.000 0.000 0.000 1800 2.80 25 8000 

GRp8 0.114 0.000 0.000 0.038 0.000 1800 4.00 25 8000 

GRp9 0.189 0.000 0.000 0.283 0.000 1800 4.00 25 8000 

GSpm1 0.091 0.042 0.000 0.000 0.044 2500 1.00 15 8000 

GSpm2 0.206 0.103 0.051 0.000 0.099 2500 2.00 15 8000 

GSpm3 0.190 0.111 0.023 0.010 0.091 3000 1.20 20 8000 

GSpm4 0.402 0.201 0.100 0.022 0.169 2600 2.00 20 8000 

SHm1 0.056 0.000 0.000 0.000 0.151 2100 1.00 20 8000 

SHm2 0.197 0.000 0.068 0.000 0.152 2100 1.00 20 8000 

SHm3 0.235 0.059 0.069 0.000 0.125 2200 2.70 40 8000 

SHm4 0.143 0.325 0.091 0.000 0.104 1600 3.30 40 8000 

SHm5 0.363 0.125 0.062 0.000 0.216 1500 5.30 20 8000 

SHm6 0.128 0.088 0.000 0.023 0.122 2200 4.00 25 8000 

SHm7 0.457 0.246 0.122 0.000 0.272 2000 5.70 20 8000 

SHm8 0.230 0.125 0.071 0.000 0.149 2300 4.00 25 8000 

SHm9 0.711 0.202 0.101 0.000 0.387 2000 6.00 20 8000 

TUhpm1 0.091 0.060 0.000 0.000 0.061 2000 1.00 15 8000 

TUhpm2 0.164 0.108 0.000 0.000 0.109 2000 1.00 15 8000 

TUhpm3 0.181 0.139 0.022 0.000 0.147 1750 2.00 40 8000 

TUhpm4 0.361 0.271 0.024 0.000 0.228 1750 2.50 40 8000 

TUhpm5 0.420 0.330 0.028 0.000 0.220 2000 2.80 25 8000 

TLhr1 0.050 0.015 0.084 0.000 0.000 2000 0.10 30 8000 

TLhr2 0.093 0.029 0.004 0.000 0.000 2500 0.20 25 8000 

TLhr3 0.025 0.007 0.042 0.000 0.000 2000 0.10 30 8000 

TLhr4 0.025 0.006 0.045 0.000 0.000 2500 0.40 25 8000 

TLhr5 0.058 0.018 0.097 0.000 0.000 2000 0.20 30 8000 

TLhr6 0.144 0.068 0.007 0.000 0.000 2500 0.40 25 8000 

TLhr7 0.015 0.077 0.071 0.000 0.000 2000 0.60 25 8000 

TLhr8 0.146 0.025 0.114 0.000 0.000 2000 0.20 25 8000 

TLhr9 0.291 0.192 0.120 0.000 0.000 2500 0.60 25 8000 
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