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Abstract

Wildfires are a natural disturbance which can caliaem to people, locaécology the
environment and infrastructureWildfires are theorised thaveincreasel both in

frequency and scale due climate change This hagexpandednterestin managing and
reducinglarge scaleoften catastrophiavildfires. A criticalpart of achiewng this requires
reaktime fire line prediction Thisprovides insight as to hovesources can be deployed to
reduce the propagation of wildfires. Reahe fire line prediction is usually performed using
awildfire model. There are manjrameworkswildfire models can simulatire propagation
with. A gridbased framework for modelling wildfires was developed in this thesis.
Different types of grids were compared using this framework. A comparison was also made
with a continuoushased framework.The use of a grid allowed thveildfire model to run

fast. A critical research area regarding wildfire modelling often overlooked is the task of
finding where a wildfire started and how long that wildfire burnékhis information is
important as itmayhelp fire investigatorgletermine the cause of the wildle, which can be
insightful for preventing future wildfires A genetic algorithmwhich estimated both the
wildfire starting locations and the propagatialuration usingits burn scar datavas
developed in this thesisTypicallywildfire models arederivedfrom experimental data.An
investigationinto the feasibility of using a desktop apparatus to model wildfires was
completed in this thesis. The desktop apparatus was also usedlittate thedeveloped
grid-based framework A significant portion of this thesigas completedn collaboration
with DecaMapa group based in Maynootlniversitywith the goal of developing
emergency event management systenTdhis research was also completed witput from
the Irish Fire Service and associated s®wiAn Irishtranslation of the abstract is available

on the next page.
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Achoimre

Coiscrit naddurtha iad na tinte fidine, a dhéanann dochar don duine, as an damaiste don
timpeallacht i gcoitinne idir ainmhithe agus fasra, agus infreastruchtar. Deirtear go bhfuil
borradh le lion réimse is miniciochta na dtinte fidine de dheasca athragh@de. Mar

thoradh, ta suim méadaithe i ngnéithe laimhseala as an isli mor thinte fiaine, a bhionn
tubaisteach in amanna. Le beart mar seo a chur i gcrich is rithabhachtach go mor
réamhaisnéis line tinte a bheith ann ar fhior ama. Béarfar a leitheioheart Iéargas ar

Usaid acmhainni chun lion na dtinte seo a laghdd. De ghnath cuirtear i bhfeidkenni&or
réamhaisnéis tinte le do shamhail de thine a thastail. Is féidir aithris a dhéanamh ar
scaipeadh thinte leis an iomad creatlach de shamhldbhme fidine. De bharr an trachtais

seo cruthaiodh creatlach de thinte fidine bunaithe ar ghreilli. Cuireadh i gcomparaid greilli
éagsula bunaithe ar an chreatlach seo. Lena chois sin, cuireadh an ghreille i gcomparaid le
creatlach leantnach. Lig udan ghreille do shamhail na tinte fidine oibrit faoi luas.

Réimse rithabhachtach taighde maidir le samhaltd tinte fiaine a ndéantar failli ann go minic
is ea an tasc de theacht ar an ait inar thosaigh an tine agus cé fhad a mhair sé. Eolas an
tabhachtad atd ann oir féadfaidh sé chuidiu le lucht fiosraithe cuiseanna tinte fiaine a
nochtadh as an gcunamh a thabhairt chun tinte a chosc amach anseo. De thoradh an
trachtais seo ta algartam géiniteach anois ann a bhfuil in ann na pointi a thosaigh an tine
fhidin agus a scaipeadh tréimhse de réir sonrai lorg déite. De ghnath, gabhtar samhail de
thinte as sonrai trialacha. Sa trachtas seo rinneadh iniichadh ar fhéidearthachtai feidhm a
bhaint as uirlis deisce chun samhail a dhéanamh ar thinte fidine. Béirie@hm as an

uirlis deisce fosta chun creatlach bunaithe ar ghreille a dheimhnit. Rinneachuahden
trachtas seo i gcomhar le DecaMap, grupa ata lonnaithe in Ollscoil Mha Nuad ar chuspoir
doibh coéras bainistiochta eachtrai éigeandala a fhorbairmndadh an taighde seo le

hionchur 6 Sheirbhisi Déitedin na hEireann agus seirbhisi a bhaineann 1éi. T4 leagan Béarla

den achomaireacht seo ar fail ar an leathanach roimhe.

Xii
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Chapter lintroduction

This chaptestarts with anexamiration of the impact of wildfireson Earth The importance
of modellingwildfiresto increaseunderstandingn this areas explained The different
techniques of modelling and simulating wildfi@® then introduced Theremainderof the
chapter explores open problems in wildfire modellinthe chapter ends with a guide to the

remaining chaptersf the thesis

1.1 The Impact of Wildfires and Climate Change

AWildfire is a potentially destructive fire that burns throughout an griiés includes forest
fires and bushfirefl]. Usually, they begin in remote areas where there is a higher density
of combustible vegetation such as grasslands and peatlafldgy can sometimes threaten
urban areagoo [2]. Wildfires can be caused by both natural events such as lightnitig an
humancaused actions such as arson and farming techniques like-atabiburn agriculture

[3] [4]. The frequency of wildfires has increased within forested extratropical and boreal
regions in recent yearthis is most likely due to climate change creating drier terrain,
allowingfor fires to burn more easilfp] [6]. However, thisvaries regionallywhere factors
such aghe wildland-urban interface, land use changesd fire exclusion policies can have

an impact on the number of wildfird3].

Climate change and langse changes are projected to make wildfires more frequent and
intense, with a global increase the numberof extreme fires of up to 14% by 2030, 27% by
the end of 2050 and 57% by 21[8). These values were forecasted bigegpresentative
Concentration Pathway with a radiative forcing valu&\wf/m? which represents the energy
imbalance in Earth's energy system caused by greenhouse gases and other factors, in the
year 2100.

Areas of high elevation and dense tree cover tend to be more susceptible to lightning strikes
which can start wildfire§9]. There igypicallyno temporal pattern of lightning ground

flasheq10]. Due to their elevationthese areas tend to have less flaad therefore less



fuel that can bur{11]. However, loreal forests can grow at high altitudg2]. The
Northeastern boreal forests in China ae example of thifl3]. It is important to note that

in the past itwaspossible that wildfires started by lightning may have helped reduce forest
litter, preventing larger wildfires. This parallels a tactic used byAthariginalpeople in

Australia where they performed controlled burning to prevent large scale busljfidgs

There are three primary types of wildfiramdemround,surface,andtree crown (canopy)
wildfires. Underground wildfirestypically occur in organic matter underground such as
plantroots or peaf15]. These wildfires tentb be a slowlypropagatng, smouldering fire
that may persist for a long timeSurfacewildfiresare usually a flaming firthat usepine
needlesgrass, shrubs and forest littlen the groundas fuel[16]. Tree crown firesend to
be flaming fires thabccur on thebranches and leaves of alive, upright tr¢&6]. Their
propagation is dependent otne amount and continuityf trees in the areaThey are more
likely to causewildfire spotting due to theiincreased heighWildfire gotting is the
creation of additional fires separate from the main wildfireigisited fuel from the main

wildfire falls into new combustible vegetatigh7].

The devastation of wildfires can be measured in different ways such as fatalities, ecological
damageand economic damagdn CalifornialUnited States of AmericdJGA, and Australia

a small subset of wildfires that burn am environmentsatisfying the correct conditions can
potentially grow to be very large fabiurning fires which can present an increased risk to

life [18] [19]. They are also capable of causing negative long term health effects in humans
[20][21]. Wildfires impact the ecosystem by destroying some of the flora and displacing or
killing the faung22]. Annually wildfires destrogpproximately350 million hectares of

forest globally{23]. When wildfires burn through terrain, thesmit greenhouse gasses such
ascarbon dioxide, further contributinglimate chang¢24]. Theeconomicimpactof
wildfiresincludesdamageto the agriculturalandforestry sectors[25]. Whenawildfire
spreaddo anurbanareait canalsocauseconsiderabledamageto town infrastructure[2].

Local economieBave been damageith the past by wildfires especially in areas where
wildfires are a common occurrence such as California,[R(JA Due to the riskghat

wildfires poseit is a high priority for countries around the world poevent or contain them
[27].



Countries that normally have a wet climageich as Ireland, may also start to have an
increased number of wildfires due to warmer temperatures, likely caused by climate change
[28][29]. Wildfires have had an ecological impact in Ireland where they tend to be smaller,
slowerburning fires occurring mainly in bogs (peatlands), which are home to many rare
species of both flora and faujd0]. The high abundance of gordgléx europaeusinfens
andcommon heatherCalluna vulgarisin bogsmakes thenfrequentplaces for wildfires to

occur as theeplantsare easily ignitablg31] [32] [33].

Ecological diversity has an impactwildfire scale, asome types of grass may increase the
propagation rate of wildfires due to their fine fuel loads such as the invasive species Giant
Reed Arundo donakin the USA34]. However |t is important to note that the outcome of

a wildfire is not always completely negativemsophytic plants species such as the Aleppo
pine Pinus halepengidenefit from regularly occurring wildfirg23] [35]. Its seed which is
enclosed in pinecones only escapes when the pinecones are heated to a high enough
temperature, melting their resin and releasing the seed, thus giving the seeds a chance to

germinate.

There is a large variety of burning behaviours associated with different types of wildfires
found around the world. With the correct parametrisation and physical understanding,
thesefires canall be modelled. Oncechallenge igstimatingthe parameters characterising
fuel properties, terrain and weatherThe work completed in this thesis addresses aspects of

this challengeandwas completedvith feedback fronprofessionals who manage wildfires.

1.2Modelling and Simulating Wildfires

With the increasing severity and frequency of wildfirbe ability to modeland predict
wildfire propagationhasbecomean invaluableassetto plannersandfirefighters. ChiefFire
Officerscanusethis informationto forecastand preventfires, while firefighterscanalsouse

thisinformationto find the optimallocationsto applyinterventions[36].



Therearethree mainbranchesof wildfire modelling statistical,empirical,and physical
models[37]. Somewildfire modelsmaycontainaspectsof more than one branchof wildfire
modelling. Statisticaimodelsare built on a statisticaldescriptionof wildfiresfound by
observingsamplefires. Thesemodelsare lessfocusedon the thermodynamicof fire and
use statisticsto estimatethe propagationrate of a wildfire. TheMcArthur ForestFire
Dangerindexis a statisticalwildfire modd [38] [39]. Themodeltakesvariablessuchasthe
temperatureof curingfor the fuel, air temperature,relative humidity, andwind velocityto
producea valuerepresentingthe fire dangerindex. Thisvaluecanthen be convertedinto
an estimatedrate of spreadfor awildfire. Thisstatisticalmodelwasdevelopedby only
samplindfires burningdry grasslandandforestlitter whichmeansit needsto be usedwith

cautionon other fuel types asthat would require extrapolation

Empiricalwildfire spreadmodelsare constructedusingobservedpropagationbehaviour.
Theyfocuson how a wildfire would propagategivena set of conditions. Anempirical
wildfire modelwasbuilt usingobservedwildfire datain NorthwesternEurope[40]. The
medianobservedpropagationrate of wildfireson different typesof land coverwas
recorded. Thesevaluescanthen be usedto modelfuture wildfiresin the analysedand

cove types.

Physicalvildfire propagationmodek are built from the underlyingphysicghat causes
wildfiresto propagate. In [41] the propagationrate of wildfiresin porousfuel bedswas
found. Thismodelcalculatel the rate of spreadby findingthe heatgeneratedfrom the
combustionof existingfuel and spreadinghis heat usingthe principlesof the conservation
of energyinto the surroundingfuel, until that fuel reachests flashpoint andignites,
continuingthe combustionprocess.Anotherphysicaimodelwasdevelopedto find the rate
of spreadbetweentwo particlesin afuel bed[42]. Thismodelfound the time it took for fire

to spreadthe distancefrom one particleto anotherto calculaterate of spread.

All three branchesof wildfire modellingare exploredin thesis.



1.30pen Problems

The identification obpen problemsvas achieved bgxaminingthe research area,
reviewing relevant literaturéChapter 2, andfrom discussionsvith professionafirefighters

and active researchers.

The first open problendentified was to demonstrate integration of wildfire models irgio
live, interadive web service that would help fire servicpsgan forwildfire exercise events A
core part of this integration was engagement with growd® managewildfiresincluding
the Irish Fire Servicérish Air Corpd\ational Parks anwildlife Services, an€oilte during

development This is part of @hallengebasedproject discussed i€hapter g43].

Many of the current frameworks faxildfire modellinghave potential to bemproved in
terms of computational efficiency and precisio@rid-based framework#cluding irregular
grids provide a platform where there is an appropriate balance of both computational
efficiency and precisionln Chapter 3an irregular gridbased frameworkvasdeveloped,
anddifferent grid typeswere explored. Increased computationadfficiencyallows multiple
wildfires to be simulated in quick successidmprovemensin efficiency opens other

applicationssuch as solving inverse problems in wildfire modelling

Locating the ignition point of a burn scais area of research with minimal literaturén
inverse approach was gtelopedto address this challenggescribedn Chapter 4 This
included automating the estimation of wildfire ignition points and propagatarations. It
used the irregular gridbased framework due to its discrete spatial nature and increased

computational efficiency.

Most wildfire modek are builtusinga datasetcontaining information regardingildfire
propagationunder different conditiong44]. The collection ofeal wildfiredata is typically
challenging.A study to investigatehte feasibility of usingmall fires to validatéarger
modelswasconsideredn Chapter 5 Thesedaboratory experimentsaveutility for
educational and demonstration purposes but also hpeeential toinform changesn

wildfire modekand provide experimental validatidor wildfire frameworks developed.
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1.4 Thesis Guide

This thesis explores the area of wildfire modellingmakes three main contributions to the
area 1.a study ofgrid-basedmodels,2. solvingthe inverseproblemof relatingburn scar
data to ignition points3.anda desktopapparatus for collecting burn data for computer
models. Chapter Zorovidesa literature review thatguidedthe research The papers
identified, supportthe work doneon the open problems that were investigatedh Chapter
3, a new framework for modelling wildfires on a grid was develop&dis includes a
comparison of differengrid types (riangular, square, hexagonal, randowith aneven
distributionand random withareas offocus) Chapter 4describesa novelmethod to
estimate wildfire ignition point&ind propagatiordurationsfrom burn scarsising genetic
algorithms. Chapter scompareghe frameworkdeveloped inChapter 3o experimental
datacollectedfrom burns ona desktopapparatusdesigned capturé&ey parameters relating
to wildfire models {ncludingslopeandwind speed. In Chapter 6wildfire exercises and
professional events that were attended are described along thi#tools createdthat were
presented athem. Thetoolsdeveloped vere used toinform the timeline and sequence of
events forthe exercisesThe reportreflects on the importance odevelopment of effective
tools. The professionals interacted with @hapter Grovided rationale for the research
completed inChapter 3o Chapter 5 Chapter 7rovidesa reflection on theesearch in this

thessandincudes a discussion on howcituld beexpanded in the future.



Chapter 2Backgroundand Theoretical Foundations

This chapter outlines the background work that inspired the contributionhis thesis
(Figure2.1). It begins with a review aéxistingwildfire modek and their relevance to the
overall work Next thetwo types offrameworksto model wildfires areexplained

continuous space anckllular automata Previously developed frameworksd their
connection to the thesiare alsodiscussed.Physical wildfire models can be categorised
based on fuel bed sizs small, medium and largeexisting studies in physical wildfire
modelling using these fuel bed sizes are examingghotentially unique feature of the work
presented in this thesis is the level of engagement with stakeholders. These interactions
informed the design of the artefacts createdlhe information learned from these
professionals in their field is discussed. This information includes what gnoaipage
wildfires in Ireland and how they do it. There is alsegnsent describingpow fire
investigators find wildfire ignition points manuallyhe followingsectiondiscusses how
Geographic Informatiosystendatawere usedin this thesis. This included satellite
imagery which functioned as a data source and Geographic Information System features
whichstoredoutputs from simulationsn a format readable by otheanalysigprograms.

The next section categorises computer vision into machine learning and traditional
approaches. Both typemnd their relevance to the work in the thesis are discussed. The
following section describes different approaches to solving inverse problems. Their
advantages and disadvantages are examined. There is a detailed segment on genetic
algorithms which area techniqueused later in the thesisThe final sections provides a

recap of the points discussed throughout this chapter.
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Figure2.1: An overview of topics discussed in the literature review. This diagram also contains artefacts created in the

thesis.

2.1 Modelling Fires

This sectiorbegins with @ explanatiorof the science of combustion, followed by a detailed

description of the Rothermel model, a summary of the Canadian Forest Fire Behavior

Prediction System and a briséctionregardingother approachesPhysical wildfire models

are explored irBection2.3.

2.1.1The Science of Combustion

All fires, including wildfires, require four components to support combudd&®h These

are fuel (vegetation), an oxidising agent (oxygen in the air), heat (initiates the process) and a

chemical chain reaction (to sustain combustio@pmbustion is a chemical process in which

fuel andan oxidiser combingeneratingheat greater than the fuebxygenY A E (i dzZNB Q &

Tk

point; if there is sufficient heat generated to overcome heat loss, combustion is sustained in

achainreactiont 2 3SGKSNJ KS@

YI1S dzLJ G4KS

aFANSB

any component is diminished within the tetrahedrdfiqure2.2). The applications of this

will be explored irChapter 6
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Figure2.2: A 2D net of the fire tetrahedron, which shows all four components required to support combustion.

2.1.2The Rothermel Model

Oneof the mostcited wildfire modelsisthe Rothermelmodel[46] [47]. It isusedin the
followingchapters TheRothermelmodelwasdevelopedby RichardC.Rothermelin 1972
to helpforestmanagergredictthe behaviourof surfacewildfires. TheRothermelmodel
representsone approachto wildfire modellingasa physicsbased,semiempiricalmodel
formed usingthe conservatiorof energythat underpinsmanyoperationalfire-modelling
tools. TheRothermelmodelis basedon the lawsof heattransferbut wasdevelopedusing

experimentaldatafrom constructedfuel beds.

TheRothermelmodeltakeswind, terrain andfuel bed factorsasinput to producean
estimatedrate of spreadasan output (Eq.2.1). The numeratormeasuregotal heat
transferredto neighbouringfuel, while the denominatormeasuresnergyrequiredto ignite
neighbouringfuel. Yisthe spreadrate of the fire. Rateof spreadis measuredon a 1-Dline.
Thiscanbe expandedo additionaldimensionsusingwildfire modellingframeworkswhich
includemeasurincY on separatelinesalongeachdirection of interest. Aneasywayto
interpret this isa sectionof burningterrain actsasa heat source while the fuel andfuel bed
of the neighbouringterrain actsasa heat sink. The surplusheat producedwill ignite the

neighbouringarea Thesizeof the ignited areais determinedby the amountof surplusheat



(Figure2.3). TheRothermelmodelis normallypresentedusingUnited Statescustomary
units. Inthisthesisthesevalueswere convertedinto Slunits before and after all wildfire
modelcalculations Anotherapproachthat couldbe consideredvould beto usethe
Rothermelequationreformulatedin Slunits[48]. Thisapproachwasnot takento make
later comparisos in the thesisfair (Section2.2.2 (Chapter3). TheoriginalRothermel
equationiswritten as:

D op % %"c]
-0 '

(Eq.2.1)
where'Yis the rate of spread in m/$t(min), Nisthe reactionintensityin J/n¥/s
(Btu/ft?/min), , isthe dimensionlespropagation flux ratio%- isthe dimensionlessvind
factor, %- isthe dimensionlesslopefactor,” isthe ovendry fuel bulk densityin kg/m?
(Ib/ft3), - isthe dimensionleseffective heating numberand0 isthe heatof preignitionin
J/kg(Btu/lb). The vaiables in Sectiof.1.2are explained imable2.1. The environmental
factors(input) produce a rate of spreadsingthe Rothermel model The model consists af

seriesof linked equations Figure2.4). These equations arasolisted in[47] and[46].

Heat Source
(IrE(1 + D, + D5))

Heat Sink
(pb EQig)

Neighbouring Surplus Heat Spreading to
Area Neighbouring Area (R)

Figure2.3: Example of how the Rothermel model functions, where the heat source is the location of the fire (where heat is
being generated from combustiorthe heat sink absorbs heat from the heat soyrslewing down propagatigrand
surplus heat is used to spread fire to the neighbouring area.
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Figure2.4: A description ofhe linked equations and inputs of tHeothermel modeproducinga rate of spreadBoxes with
a blue background are input variables. The Rothermel equation and rate of spread are represented by boxes with a green
background. The lines connecting boxes are coloured according to what variable of the Rothermahmpitgluence
(dark blue arrows represent variables that appear in the Rothermel equation, black arrows represent variables that affect
multiple values in the Rothermeluation,and the green arrow represents the final outputted rate of spread).

The ovenrdry bulk density™ ) isthe densityof total fuel massin the fuel bed, in kg/m?3
(Ib/ft3). Thisvalueis describedby dividingthe ovendry fuel load by the fuel bed depth as
follows:
” l:, F]
1
(Eq.2.2)

whereV is theovendry fuel loadin m? (ft?) and| is thefuel bed depthin m (ft).

The packing ratip isadimensionlessatio of pure fuel in the fuel bedltis describedas

follows:

(Eq.2.3)

where” is the ovendry fuel particle density in kg/A(lb/ft3).

The optimum packing rati¢ ( ) isthe dimensionlespacking ratio required for the
maximum reaction intensity®), in J/n?/s (Btu/ft?min). It is calculatedusingexperimental

datato form the equationasfollows:



I o tT,p?® h
(Eq.2.4)

where,, is the fuel surface area to volume ratio in m (ft).

The moisture damping coefficient () isadimensionlesyalue which slowdown the
reaction intensity ‘0O) of the fire due to moisture. Iscalculated using experimental data to

form the following equations

- p c® W LD pi o®dc h
(Eq.2.5)
. 0 .
| —h
0
(Eq.2.6)

wherei is a dimensionless placeholder variable for calculations (please note thets a
maximum value of 1.0}} is the dimensionless fuel moisture ratio atd is the

dimensionless dead fuel moisture of extinction coefficient.

The mineral damping coefficient () isa dimensionlesyalue whichslowsdown the
reaction intensity ‘0) of the fire due to mineralslt is calculatedusingexperimentaldatato
form the equationasfollows:
- mXY °h
(Eq.2.7)

where"Y is the dimensionless effective fuel mineral content ratio (no silica).

The net fuel load( ) is the ovenrdry fuel load, excluding the mass of mineraiskg/n?

(Ib/ft?). Itisdescribedas follows:

(Eq.2.8)

where"Y is the dimensionless total mineral content ratio.

The maximum reactiomelocity(wee ) isthe highest possible reaction velocity for a fuel
given its surface aeto volume ratiq in $* (min®). It is calculatedusingexperimentaldata

to form the equationasfollows:
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(e , 8TwumBiu et 8
(Eq.2.9)
The optimum reaction velociti ) isthe velocity ofa ¥ dzSdacién in the absence of
moisture and mineralsin ¢! (min®Y). It is calculated using experimental data to form the

following equations:

€

|
@)
=

(Eq.2.10)

o A
& X & X&X

(Eq.2.12)
where @ is the optimum reaction velocity irt’ymin®t), and A is a dimensionless

placeholder variable for calculations.

The reaction intensity Q) isthe amount of energy released per unit area of the fire front
per unit timeg, in J/m?/s (Btu/ft?min). Itiscalculated as follows:
O OO @ —h
(Eq.2.12)
where Qs the fuel low heat content (also known as net calorific value or lower heating
value) inJ/kg (Btu/lb).

The propagation flux ratiq §isthe dimensionlesgroportion of heat energy from the
combustion reaction transferred to adjacent fuel particlésis calculatedusing
experimentaldatato form the equationasfollows:
., pwcT@UupL Q °
(Eq.2.13)
The effective heating number)is a dimensionlesyaluerangingbetween 0 and 1 which
represensthe ratio of fuel particles in a fuel bed that were heated to their flash points
before the fire reached themilt is calculatedusingexperimentaldatato form the equation

asfollows:
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- Q8

(Eq.2.14)
The heat of preignitiof0 ) isthe energyper unit massrequiredfor fuel to ignite, in J/kg
(Btu/lb). Thevalue250Btu/lb representshe amountthe amountof energyrequiredfor
the fuel to ignite. Thisvalueis sourcedby multiplyingthe specificheat capacityof cellulose
by the flashpoint of cellulosewhich producesa valueof 581,500 J/kg (250Btu/Ib). The
value1,116Btu/lb representshe latent heat of vaporisationof water whichis 2,595816
J/kg(1,116Btu/lb). Theheatof preignitionis calculatedasfollows:

0 v pp8

(Eq.2.15)
Theslopefactor (%) is a dimensionlesyaluewhichincreasethe propagationrate of the
fire basedon the steepnes®f the slope. It is calculatedusingexperimentaldatato form
the equationasfollows:

% L& XxIv @ OA% h
(Eq.2.16)

where O A% is the angle of slope itD.
The wind factor%. ) isadimensionlesyalue which increased thgropagation rate of the

fire based on the velocity of windntil an upper limit. The wind factas calculated using

experimental data to fornthe following equations:

14



% OY — h

(Eq.2.17)
Y TBION

(Eq.2.18)
6 mdrqu.cHh

(Eq.2.19)
5 x8R 38 °h

(Eq.2.20)
0O 1 p® 8 h

(Eq.2.22)

whereYis the wind speed at midflame height in m/s (f/mify, is the wind limit in m/s
(ft/min) (please note thafYhas a maximurwalueof Y ), the variablesy, 6 andOare

dimensionless placeholder variables for calculations.
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Variable Units Definition
Y m/s (ft/min) Rate of spread.
0 J/né/s (Btu/ft?’min) Reaction intensity.
, Dimensionless  Propagation flux ratio.
%0 Dimensionless  Wind factor.
%0 Dimensionless  Sope Factor.
" kg/m3 (Ib/ft 3) Ovendry fuel bulk density.
- Dimensionless  Effective heating number.
0 J/kg(Btu/lb) Heatof preignition.
0 m? (ft?) Ovendry fuel load.
1 m (ft) Fuel bed depth.
I Dimensionless  Packing ratio.
" kg/m? (Ib/ft 9) Ovendry fuel particle density.
f Dimensionless  Optimum packing ratio.
» m (ft) Fuel surface area to volume ratio.
- Dimensionless  Moisture damping coefficient
i Dimensionless  Placeholder variable for calculations.
0 Dimensionless  Fuel moisture ratio.
0 Dimensionless  Dead fuel moisture of extinction ratio.
- Dimensionless  Mineral damping coefficient.
Y Dimensionless  Effective fuel mineral content ratio (no silica).
0 kg/m? (Ib/ft ?) Net fuel load.
Y Dimensionless  Total fuel mineral content ratio.
e g1 (minfY) Maximum reaction velocity.
® g1 (minfY) Optimum reaction velocity.
0 Dimensionless  Placeholder variable for calculations.
Q J/kg (Btu/lb) Fuel low heat content (net calorific value or lower
heating value).
O A%o °D Angle of slope.
Y m/s (ft/min) Wind speed at midflame height.
Y m/s (ft/min) The wind limit.
0 Dimensionless  Placeholder variable for calculations.
0 Dimensionless  Placeholder variable for calculations.
0O Dimensionless  Placeholder variable for calculations.

Table2.1: List of variables, and their associated definition used in the Rothenoeél.

Aligning the literature descriptions with the existing online code repositories was a

significant challenggt6] [47] [49]. It is byanalysingeach of these separate equations that

the Rothermel model used was brought into agreement with its existing implementations.
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2.1.3Canadian Forest Fire Behavior Prediction System (Model)

The Canadian Forest Fire Behavior Prediction System (FBB)hsravell cited wildfire
model developed by Kevin Hirsch in 1998]. It is a viable alternative to the Rothermel
model It models both surface anilee crownwildfires using 14 different inputéigure
2.5). The model was not used in this thesis as a dataset containing fuel properties for
Europe was not as readily availabletasasfor the Rothermelmodel It is however helpful

to review itas it highlights some of the strengths and weaknesses of the Rothermel model.

FFMC, Elevation, Elapsed
InpUtS ISI,BUI, Wind  Precent Latitude, Time & Point
FBP System  Speed & Slope & Longitude & or Line of
Fuel Type  Direction Aspect Date Ignition

Lo ! | !

Foliar Type &
Fuels Weather Topography Moisture Duration of
Content Prediction

FFMC = Fine Fuel Moisture Code 1
ISI = Initial Spread Index Canadian Forest Fire
BUI = Buildup Index BUI Behavior Prediction (FBP)
System
Outputs I Head, Flank & Back Fire
Spread Distances

Rate of Sprgad Flank & Back Fire Rates of
Fuel Consumption
ead ire nensi il
Fire D inti eac 're 'r:\ensl ¥ fimary econdary Flank & Backfire Intensities
ire Description (Crown Fraction Elliptical Fire Area & Perimeter

Bumned & Fire Type) Rate of Perimeter Growth
Length to Breath Ratio

Figure2.5: Canadian Forest Fire Behavior Prediction Sy¢EBPpipeline ImagebasedonC. t { & &0 SY 4. ! 4 SNJ D dz

The first inputistype of landcover (fuel). When initially published the Figfed16 types of
land cover from Canada. The next inpsifine fuel moisture content ratio whicls a
dimensionless valuthat had to be measuredThe followingnput isa dimensionless value
called the initial spread index. One method of calculating the initial spread iattexn a
table of values based on fine fuel moisture content ratio and wind speed. Theumuild
indexisa dimensionless inputescribinghe amount of fuel available for combustioThis
valueis calculated using a numerical rating of the average moisture content of loosely
compact organic layers at moderate depth (up to 0.0762m) and a numerical rating of the
average moisture content of compact organic layers deep in fuel bed (deeper than
0.0762m) The next two inputarewind speed (km/h) and wind directiofiY). The angle of
17



slope (D) and slope direction (aspectp(arealso inputs. The base fuel moisture content
isfound using the following spatimporal data as inputs: longitudél), latitude {D),
elevation (m) and date. Thgropagation duration of the wildfire and either thgosition of

ignition points or a area that is currently on firare the final two inputs for the FBP.

The modebutputsa rate of spread in the direction of the wind called the head fire rate.
The FBP generates wildfires in a common elliptical pattern which also requires information
regarding the backire rate and flank fire rate. The bafike isthe rate at which the fire

moves against the wind. This rate is a function of the head fire rate and wind speed. The
flank fire rateisthe rate at which fire moved perpendicular to the wind.isltalculated

using the head fire rate, badke rate and an aspect ratito form anellipse. One method of

calculating the aspect ratio for the ellipgeas a function of wind from experimental data.

The Rothermel model forecasts how ground surface fires will spread whileBRecan
model both ground surface artdee crown fires. The FBP does not have as many
parametersto describe the fuel as the Rothermel modd&lhis means less dataerequired
to run an FBRBimulation Howeverthe FBRvasoriginallydesigned toonly work with fuel
types present in Canad&0]. Land cover fuel propertieg®r the Rothermel model are
more readily availabletherefore simulating wildfires in areas such as Ireland was

straightforward This isvhy it wasusedfor wildfire modellingthis thesis.

2.1.40ther Approaches to Wildfire Modelling

There are many more approaches to wildfire modelling. Some of tinekede distinct
methods such aQUICire, the use of Kalman Filters abekepConvolutionaNeural

Networks(CNNs)

QUICfire took the approach of modelling how much oxygen was available for combustion
[51]. It did this using parameters such as the density of air and advanced wind physics.
KalmanFiltershave been used in conjunction with unmanned aerial vehicles (UAVS) to
model wildfires[52]. This was done by sampling the temperature in multiple areas of a

wildfire using UAV.s AKalman Filteestimated propagation behaviour and rate of spread
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usingthe temperature gradients from the samplgs3]. DeepConvolutionaNeural
Networks(CNNshavealsobeenutilisedto predictwildfire spreadin California USA54].

The CNN learns propagation patterns of wildfires from training on historic datasets.

Section2.1described different wildfire modelsThe Rothermel model was selected
model wildfires inthe following chapters as it was efficiesimplistic, had fuel data
available for European land cover and was often cited in related literature. However, the

FBP and other approaches are viable alternatives.

2.2 Frameworkdor Modelling Wildfires

Thissectiondiscusse$rameworksto modelwildfires. Frameworkgypicallyhave two types
of propagationapproachescellularautomataand continuous Cellularautomata
propagationisrestrictedto a grid andastrict setof rules,whereeachcellisin afinite
numberof possiblestatesandthe state of one cell caninfluencethe state of its
neighbouringecells[55]. Continuougpropagationoccursover continuousspaceand
thereforeisnot restrictedto a grid or finite states. Thissectionalsobriefly mentionsother

toolsthat mayassistwith wildfire modelling.

2.2.1CellularAutomata Approacksto Wildfire Modelling

Cell2Firas a programthat utilisescellularautomatato simulatewildfire spread[56].
Cell2Firecanbe givenafire spreadmodel suchasthe CanadiarForestFireBehavior
PredictionSystema startingfire, andinformation aboutthe environmentto begin
simulatingfire spread AsCell2Firas a programbuilt on cellularautomatait restrictsthe
spreadof fire to aregularlyshapedsquaregrid usingthe Moore neighbourhoodwhere
eachcellhaseightneighbourgcornerneighbouringcellsinclusive)57]. Cell2Firegenerates
the commonelliptical shapeof a wildfire for eachcellbasedon the headfire, flankfire and
backfire rate of spread(Figure2.6). Onceanypoint on the ellipsetouchesthe centroid of a
neighbouringcellthat cellwill alsobegingeneratingits own ellipseto continuepropagation
Theuniform grid presentsa trade-off betweenresolutionand computationtime. Low-

resolutiongridsarefag but maybe less preciseHighresolution grids are computationally
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intensivebut havepotentialto be more precise Cell2Firavasnot usedlater in thisthesisas

alternativeframeworkshad more readilyavailablefuel datafor land coverin Europe

; : @) ;
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Figure2.6: Example of how fire propagates from cell centroid€#&il2Fire Each cell is given an indag a unique
identifier. The fire propagates in agllipticalshape The file starts propagating from celQand reacheshe cell centroid
of "Qat time A. The fire then propagates from celt3 and"Q for times B and Clmagebased orCell2Fire: A CeBased
Forest Fire Growth Model to Support Strategic Landscape Management PI§Biiing

TheRothermelmodelhasalsobeenusedin cellularautomataframeworks[58]. Inthe
referencedpaperwildfires progressedrom a O S fcdnt@bi to neighbouringeell centroids

at arate determinedby the Rothermelmodel. Oncea wildfire reachedaneighbouringD St f Q&
centroid, that cellwould alsospreadthe wildfire to its neighbouringcells. Similar

technigueswere usedin Chapter3. Amoretraditional approachto modellingwildfires

usingcellularautomatais describedn Section6.2.

2.2.2Continuous Approadrsto Wildfire Modelling

FARSITES a framework for modelling wildfires over continuous spg [60]. Wildfires
are represented by a polygaonsisting ofines connectingerticesto draw its shape A
wildfire model is used to estimatie distance with the windhead fire)that the wildfire

will travelfor each oftheseverticesover a set timestep. An elligse isusedto represent the
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area that the wildfirewill spread to. The ellipse generatedor each vertexusingthe head
fireQ@w position[61]. The eccentricity of an ellipse is increased with wind spefed.

outer line called an envelopés thendrawntangential tothe position ofthe head fire for
each ellipse Thiformsa new wildfirepolygon at the next timstep Figure2.7) [62]. This
process continues for theequired simulation duration FARSITE finds the propagation rate
of both ground surface and tree crown fire§he popagation rate désurface firesvas
calculated using the Rothermel model, whihe propagation rate of tree crown firesas

calculated using a model developed ®Gkarles Van Wagn{3] [64].

Fuel Burning Rate Slow Fast Fast Slow Slow
Wind Speed and Direction T T / /
Head Fire
Envelope for New Wildfire Polygon
Ellipse —
D
\ &
Old Wildfire Polygon —

A

Figure2.7: Ellipses used to propagate a wildffrem an initial polygonat different wind speeds antypes offuelin
FARSITEThe head fire is labelled. The envelope for the new wildfire polygon is also shmagebased onFARSITE: Fire
Area Simulatar Model Development and Evaluati¢®0].

Prometheuss another continuous framework for modelling wildfiig®]. Prometheus

begins with an initial wildfire polygon. The Canadian Forest Fire Behavior Prediction System
wasused to calculate the propagation distance over a tstep in the directiorof a head

fire for each vertex.Just like FARSITBRetpropagation distances are usgxgenerate an
ellipsearound each vertex A fire lingpolygonis createdusing a tangential envelops# the

set of ellipses.Overlapping edges are removed from the polyg&mtometheusvasnot

selectedfor anycomparisonsn this thesisdueto it usingthe Canadiarf-orestFireBehavior

PredictionSysteminsteadof the Rothermelmodelfor propagation.
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ForeFiresimulateswildfire spreadovera continuousspace[66] [49]. ForeFireusesafire
model, suchasthe Rothermelmodel, to computepropagation ForeFirerunningthe
Rothermelmodelwasusedfor comparisonn Chapter3. It takesspatialenvironmentaldata
overaselectedregionof terrain asaninput. Theenvironmentaldatacontainwind datain
the form of zonal(Westto-East)and meridian(South-to-North) wind speedsglevationdata
regardingthe terrain, andanumericalindexrepresentingdifferent land covertypesfor the
terrain. Alldatainputted into ForeFireare in the form of metric units. If the fire spread
modelrequiredimperialor United Statescustomaryunits (suchasthe Rothermelmodel),
they needto be convertedbefore calculatingfire spreadand convertedbackto metric units
oncerate of fire spreadhasbeencalculated ForeFirasseededwith informationaboutthe
T A NBrihglocation,the spatialresolution,andthe duration of the simulation Duringthe
simulationForeFirecalculateghe propagationrate of fire usingthe currentfire locationand
environmentalinputs. Thefire perimeteris comprisedof nodescalledmarkersthat ForeFire
usesto continuespreadingor the nextiteration. Eachmarkerhasa propagationvector
representingts movementdirectionand speedof propagation Thespeedat whichthe
markermovesat is determinedby the fire spreadmodel. If the distancebetweenmarkersis
greaterthan a userinputted spatialresolution,more markerswill be createdand
redistributedalongthe fire front. If the distancebetweenmarkersislessthan a quarter of
the spatialresolution,they will be mergedinto one marker(Figure2.8). Forthisthesisthe
spatialresolutionof ForeFirewassetto the sameasits defaultexampleresolutionof 30n?.
Oncompletion the softwarereturnsthe finalset of coordinatest(known as markejs
describinghe locationof the fire front. Theuseof markersinsteadof a grid allowsfor
increasedesolution as their position is on a continuous plane, limited by the resolution of
the input data andhe user inputtedspatial resolution However the continualplacing,

removing,and movingof markersadd extracomputationalburdenon the simulation.
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Figure2.8: Example of ForeFire markers at tistep O (left) and timestep 1 (right) The fire line (black line), markers (blue
circles) the direction of spread for markers (red arrowahd where the fire has been (orange) are all shownthe
example markers PO and P1 will combine into one marker as the distance between thquaiser of the spatial
resolution Marker P7 will be created as the distance between markers P5 and P6 is greater than the spatial resolution.

FARSITE and Prometheus similar frameworks for simulatirgldfires. The primary

difference between the two is that FARSITE uses the Rothermel model and Prometheus uses
The Canadian Forest Fire Behavior Prediction System. The Prometheus moulet szl

for any comparisons in this thesis as it uskd Canadian Forest Fire Behavior Prediction
System. Just like FARSIT8|2Fire androreFirecouldalso use the Rothermel model.

ForeFire waselectedfor comparison irChapter Jue toits readilyavailable data

containing fuel properties for Europe.

2.2.3Additional Tools to Assist in Wildfire Modelling

There are many frameworks that can be used to model wildfires but there are also other
tools that can help witlseeding themodel itself. Behavé&ls a fuel modelling software

which can be used to tesind adjustdifferent fuel typeq67]. It can run models based on
preexisting fuel properties saved in the program or the user may also input their own data
as fuel properties.This section was included as it might be useful for testing and creating

new fuel descriptions.
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2.3PhysicaFireModels

Wildfire modes can be developagsing experimental data gathered from observing fire
propagating on fuel beds-uel beds can bsplit into threesizecategorieslarge(greater
than 100n%), medium(between 1nt and 100ni) and smallless than 1rf). Small fuel beds

are used to model fires i@hapter Sof the thesis.

2.3.1LargeSizedruel Beds

A real wildfiretypicallyburns on a large fuel bed. Wildfire models have been derived from
real wildfires in the pagd0]. The referenced study used satellite imagery to detect
wildfires and measured the rate at which the wildfires propagatétle satellite imagery

had a spatial resolution &75n? and a temporal resolution of 12 hour3he datawere

recorded and correlated with fuel tygéland cover) and seasonal variation.

The use of a large fuel bed such as a real wildfire is straightforward and effective as the
model does not need to extrapolate far from the data to the fire being simulated. These
models typically define the fire in terms of rate of spread given a sebwditionssuch as

fuel type. Data from these sources is limited and does not allow independent control of the
physical parameters affecting the burn rate. It is impracticahtémuallychange variables

such as fuel, wind and slope in a large fuel bedkimg observationsegardingtheir effect

on propagation ratenostlydependent on the environment.

2.3.2Medium SizedFuel Beds

The foundation of the Rothermel model was developed usitigeareticalbasis[68].
However, the remainder of the model was constructed based on experimenta[@ita
Experimental data were collected in the Northern Forest Fire Laboratory, Missoula,
Montana, USAMedium sized fuel besicomprising of forest material such as pine needles,
leaves and rotten woowvere used wherethey had a length of either 2.44 or 3.66 metres, a
width of 0.91 metres and a depth of 1.37 metrd3ata from the ignited fuel bexvere

recorded. The data included the mass lost in the fuel bed due to ignition, progression of the
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fire front, density of radiation on the surface of the fire, flame shape, air temperature,

dewpoint temperature and air velocify0].

Other studies explored the effects of slope and wapeed on fire propagation using pine
needles and woody fuels as a fuel H&d] [72]. Experimentdave also been conducted on
different fuels such as pe§f3][74]. The referencedesearch focused on the effect of
moisture content on the propagation rate of the fire. This produced a smouldering fire
where propagation rate of the fire, changes in temperature and the mass loss due to

burningwererecorded.

Variables in medium sized fuel beds such as fuel, slope and wind caadiged a lot easier

than in large fuel beds. This allows changes in the rate of spread based on these variables to
be observed. These fuel beds do have disadvantages of still being largeraetimes

costly. They requirereempiricalor statistical model, so the observed behaviour can be

scaled up to the size of a wildfir&errors from collected daia medium sized fuel bedsay

get largerwhen scaling up to the size of a realildlfire.

2.3.3SmallSizedruel Beds

Small fuel beds consisting ofyper havebeen used as a fuel for modelling firéeBhe work in
Chapter Suses paper as a fuel bed. The following section reviews other work which took

similar approaches.

Experimentavere completed where multiple filter papers were burnedaboratory
conditions at different orientations, to gather data on how slope affected burn[&¢ In
the referenced studyhe orientation and initiaktemperature of papekvere controlled. The

rate of spread, flame length and char length were recorded.

Paperssoaked in an oxidising agent, potassium nitrate (§Nre burnedin a different
experiment[76]. The resulting fire front closely followed seaffine scaling statistics which
estimated the ratio of length to width of the fireA similar study was completadhere

paper treated with KN@was burned with no wind, on a flat surface (no slop@). In that
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study mages were manually processed to record the expansion of the burn scar on the

paper.

Astochastic griebased fire spread model was developad similar experimen{78]. The
referencedstudyused wax paper instead of Khltteated paper as fuellt focused on
measuring burn rate as a function of slope. Rate of spread was measured by manually

analysing recorded videos of the paper burning.

Small fuel beds have an advantage of being straightforward to configure and burning times
are short. The disadvantage of small fuel discthe requiremenfor a model, to scale up
the results to the size of a real wildfire. Errors from collected data have potential to be

greater than the medium fuel bed after scaling up to the size of a real wildfire.

2.4Fireand Rescue Servies

Fire and rescue services across the globe have multiple responsibilities. These
responsibilities typically includauppressingvildfires, removing ground debris that could
fuela wildfire, locatingwildfire ignition points determiningwhat caused wildfireand

rescuing civilians and animals from dangerous environments including wildfires.

2.4.1Wildfire Interventions Used in Ireland

In Ireland there arei¥e mainbodiesthat managewildfires. Tley arethe Irish Fire Service,

Civil Defencdlrish Air CorpsCoillteand theNational Parks and Wildlife Service.

The Irish Fire Servieeanageboth small domestic house fires and wildfif@®]. Fire
Officers develop strategidsr managngfires using the expertise and information
gatheredfrom firefighters at the sceneTheyalso perform risk analysissed on the
environment and weatherThey remove flammable ground debris fr@areas that are
susceptibleo wildfires. Firefightersare equipped with tools to traverse a burning
environment ando helpmanagefires. They have three main vehicles at their disposal.

These consist of fire engines containing large volumes of water, fire command support units

26



which are used as a central hub of informatduring wildfiresand smallewvehiclesvhich
can be used to transport fire service members at speBde Civil Defence work closely with

the Irish Fire Service to provide additional supdéf].

The Irish Air Corpare part ofOglaigh na hEirean(the Irish Defence Forcef§1]. The

usually assist the Irish Fire Service with wildfirébey are equipped with electronic tablet
devices which allow them to communicate with the Irish Fire Service. Their primary vehicle
for managing wildfireare Agusta Westland AW139 helicopsarquipped with Bambi
Buckets[82] [83]. Using the helicopter, the Irish Air Cogasgain information regarding

the fire from an aerial perspective which they can then relay to the Irish Fire Service by
contacting a Fire Officer on the ground. The BaBixket can be used to collect water

from nearbydeepwater sources such as laker the ocean The wateis dropped from a

height in front ofan advancing flame textinguishit or reduceits propagation rate.

Coillte is an Irish statewned commercial forestry business in Ireland (they also maintain
some forests for recreational activitief®4]. Coillte manages approximatd§o of landon
the island ofireland[85]. If a wildfire is propagating on this lar@oillte will assist the Irish
Fire Service and the Irish Air Cosppressingt.

The National Parks and Wildfire Service is a service developed by the Irish Government
Department of the Environment, Heritage and Local Governrfg#]t They manage Irish

National ParksSy 3 3S Ay LNBf Il yRQA dn@afeinfenddddinihe y NB a L
ecological damage and subsequent recovery froifdfires. Theyoverseel% of land in

Ireland[87]. If a wildfire idourningon this land The National Parks and Wildlife Service will

help the Irish Fir&erviceand the Irish Air Corpsanageit. Details regarding wildfire

exercises which involved these institutes are discussé&thapter 6

There are three main ways that wildfires are fought in Ireland. The first of which is by
applying water to the fire othe surrounding terrair{88]. This is done by the Irish Fire
Service through a hose connected to a fire engine and the Irish Air Crops from a Bambi
Bucket attached to a helicopter. Wherater is added t@n existing fire it may reduce the

heat in that area slowing down combustion. If the wateapplied tothe surroundinguel,
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it will increase the amount of moisture in this fuel, whiogat fromthe existing fire will
needto evaporate before it can propagate to this fuellhis may slow or completely stop
combustion. Water may also briefly reduce the supply of oxygen tofttes but thisimpact

iS minor.

Another approach tananagingwildfires is creating fire breaks. Fire breaks are areas of
terrain whichdo not support continual combustiof89]. Somenaturalfire breaks already

exist on the terrain such as water features and roads while other fire breaks can be created
on demand by the Irish Fire Service or Colllte by manually removing foliage. Fire breaks

removethe fuel component from the fire tetrahedron required to sustain combustion

The last method ofmanagindfires in Ireland is through fire beating. This process involves a
person manually hitting a wildfire with a tool called a flapf#]. The Irish Fire Service and
the National Parks and Wildlife Service usually performideating It works by depriving

the fire of oxygen. It may alsmol the fueland mée the fuelslightlydenser which both

alsoslightlyslow the propagation rate.

2.4.2How Fire Investigators Find a Wildfire Ignition Point

Determining the location of wildfire ignition points and propagatdrations is critical for a
wide range of fire management and fire ecological applications. One of the many ways to
reduce the number of destructive wildfires is by preventing ignitiétkey part of

preventing wildfire ignitions educating people to help avoid humaaused wildfire$91].
Wildfires can be caused by humans through power equipment, campfires and[@&on

Human caused wildfires tend to occur in areas of high population and high road d&33ity

The cause of a wildfire is normally determined dyr@investigator searching the scene for
debris thatmay indicate hovthe fire started[94]. To find debris a fire investigator must

locate thewildfire ignition point. Currentlywildfire ignition points arefound manually by

fire investigators using several fire pattern indicators. The angle of char, vegetation curling,
and scar shapes are all examples of fire pattern indicators that fire investigatof4]se

Theignition points of wildfires could be used as a risk assessment tool to predict where
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wildfiresmightappearin the future This aninfluence firemanagementecisions to place

fire breaks or clear forest littan areas of high ris&khead of time.

Charforms when a fire burns standing fuel such as a tree. The angle of charred fuel when
the fire is burning downhill or against the wind, should be parallel to the ground across the
standing fuel If the fire is burning uphill or with the wind the standing fuel will be charred

at a greater height in the direction the fire is moving in, than the direction it is coming from,

creating a sloped charring patteat agreater angle thamarallel to the ground

Vegetation curling occurs when oncoming fire heats up vegetation. isTtiige tovegetation
dryingout and shrikingwhenit is exposed to the heat, causing the vegetation to curl

towards the direction of the fire.

During the early stages of wildfire progressinwindy conditionswildfires tend to form
0dzNYy aOl NE A Y (Figure®®dn |.ydRNJWBEQO FANGE LaSA G K | WdzQ 2
G2 KFE@S Iy AIyAldAizy LRAYyG G GKS o6l1asS 2F GKS

indicators used to find the ignition point of a wildfire but there are many more that fire

investigators hAve at their disposal.

Bench

Figure29Y 9EI YLX § 2F | W@Q aKl ISR 6dz2NY LI lindg&sNiphGidide & Wildiand y R W dzQ
Fire Origin and Cause Determinati®d].

Chapter 4presents an automated method of detecting wildfire ignition points which could

assist members of the fire service.
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2.5 Geographic Information Systems

Geographic Information Systems (Gi8a groupof hardware and software that are used

to record, analyse, modify and visualize geographic @ There are two main sources

of GIS data which are satellite imagery and geographic features 8lS data tends to be
geocoded which means that values (such as pixels) in the data have an associated longitude
and latitudecoordinates The data can also be projected to other coordinate systems. In

this thesis the EPSG:21Bi&h Transverse Mercatqrojection is used for any GIS related
computing[96]. A coordinate in the EPSG5Z1projection has two parts, the first value
represents the Westo-East position in Irelandt a resolution of 1 met (also known as an
Easting), and the second value represents the StadNorth position in Irelandit a

resolution of 1 mete (also known as a Northing{s1S allows wildfire modelling frameworks

to be linked to the real world.

2.5.1Satellite Imagery as Data Sources

Satelites are a source of image dataat can recordnformationNBE I NRAyYy 3 9 NI KQa
The European Space Agency is one source of satellite imagkeyimagetaken by their

fleet satelliteg97]. In this thesis all satellite dataene recorded bythe Sentinel2 group of
satellites[98]. The Sentine? group of satellites consist of three separate satellites (as of

thesis publication)whichall record the same type of data. Multiple satellites are used

getsemiF NB |j dzSy & A Y I 3 S a nad-geostatioNdly diellitesids madidaih y | &

still over a certain section of Earth but instead orbit$tavedSentinel2 satellite data

contairs 12 bands which all detect different wavelengtins the electromagnetic spectrum,

including visibldight. The bands have a varying resolutioorfi 10nfto 60n?2 ¥ 9 | NIi K Q&

surface. A subset of thdands can be combined to compose coloured images.

Satellite dataare commonly used as an input for wildfire modefSeocoded satellite data
can bealignedwith other existinggeocoded datat the same coordinateimcludingdigital
elevation ma[99]. A tool called SNABentinel Application Platfornb)esktop provides a
method of doing thi§100]. Machine learning models trained on other forms of data can

also be used to generate additional geocoded dd¥ndels trained on the GRINE
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(Coordinationof Informationon the Environment)Land Cover classes have been used to
predict landcover types using the bands from satellite imagk& Generating a Land Cover
Map using Satellite Data (Credit: Gourav MisfH)1]. A typical GIS workflow consisif
classifying areas in satellite imagery to lamer types and then converting this to a set of
fire fuel properties.Irish wind data from primary sources tend not to be geocobdetl
insteadare a fixed valueetrieved from the Irish Meteorological Service called Met Eireann

[102]. Satellite dataareused inChapter 3as an input to the Rothermel model.

2.5.2GIS Features

GIS is also used to describe features and their positions. There are three common types of
features described in Gl#hich arepoints, lines and polygons. Points are zdnmensional
objectsin space An example of this would be a wildfire ignition point. Lines are-one
dimensional objein spacesuch asan active fire line. Polygons are twlamensional

objectsin space Awildfire burn scar would be an example of this.

The tatures described above are usually stored in a file format such as a Shapefile,
GealSONGeo JavaScript Object Notatipny KML(Keyhole Markup LanguageThe are
geographically represented by one or more coordinates. These features may also have
additional metadatassavedwith the feature which may include information about ithe

listed file formats were used to display fire line<Ohapter 6

A list of burn scars throughout Europe has been comjilé8]. They were usefbr

comparisonn Chapter 4

2.6 Computer Vision

Computer vision is a technique usedprocess, analyse, extract, and interpnetormation
from an imagg104][105][106][107]. Early research in the field of computer vision began
with digital image processifd08]. In 2000 an opessource computer vision software
called OpenCV was developd9]. It is widely used in computer visioMachine learning

and traditional methods are the two main approaches to computer vision.
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Computer vision has been used to perform various tasks such as classifying images of hand
gestures from Irish sign language to their associated letters of the alpfiab@k It has also
been used to detect and count cars moving on roftisl]. InChapter Sof this thesis a

standard computer vision pipeline wdsvelopedto automate tracking of a fire line on

burning paper.

2.6.1Machine Learning applied to Computer Vision

Advancements in machine learniidL)RdzNA y3 GKS wnamnQa &Ll NJ SR
learning to perform object detection taskgth architecturessuch as YOLQ'ou Only Look
Once)[112]. Platforms like YOLWere used to perform object detection on animals such as
insects; even using edge computiid3]. This may have application in monitoring wildlife
recovey after a wildfire. Theseplatformstrain on a dataset of labelled images. Typically, a
Convolutional Neural Network is modified over many training epochs to classify

sometimes locatebjects inimages that were not in the training datagétl 4].

The detection of fire and smoke using machine learning has been test¢tilSja

modified version of the YOLOV5 platform was developed called YOLOFM where it detected
both fire and smoke A separate team iDecaMap developed 4OLOnodelto help

firefighters detect humans, animals and cars from live camera feeds provided by drones
scanning the environment during firefighter training exercigeyj. This is mentioned in

Chapter 6

2.6.2Traditional Computer Vision

Traditional computer visiononsist of apipeline containing the stepsapture, enhance,
segment and classify/measuf&l3]. The capture stepptimises the physical conditions to
capture the highest quality image possiljéeg.camera sensor, lenighting). The enhance
step involves various image processing techniques which makdslibeing steps easier to
perform (e.g.contrast enhancemerandthresholding. The segment step involves

characterisingareasof interest in the imagechanges made during the enhancement stage
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should help with this.The parameters measured for eaerea of interestan then beused

to classifyimagesinto one of multiple predefined categories. Measuring involves usiag th
segmentedarea of interest taecorddata that can be used in further analysRBroperties of
traditional computer vision pipelines are typically manually designed and adjusted. This

gives greater control over the entire process compared to machine learning techniques.

It is possible to detect fires usitigaditional computer vision. 1fil116]16 videos were

downloaded where some contained fires and others did not. The presented algorithm

attempted to detect the location of any fires in a particular frame. Fires were detected

based on their visual properties. The first visual property usesiwd FANB Qa GSYRSY
flicker at a rate between 1Hz and 10Hz. Next were the colour values in forms of RGB (Red,
Green, and Blue) along with HSV (Hue, Saturation and Value). Chatigesdlour of

pixeswas also used to detect wildfires along with etrsteps in the algorithm. From the 16

videos tested in this paper it correctly predicted 15 of the results with it incorrectly

predicting a fire in one video where there was nor&milar properties were used to detect

fire using traditional computer vision @hapter 5

Smoke is a key part of most burning fires that can also be visually deteStegle frames

from 15 different videos were analysed to detect if smoke was pregelit]. Multiple

visual properties regarding smoke were used to detect it. The first of which was the colour
and brightness. The behaviour of smoke was also considered, such as smoke tending to rise
upwards and diffuse into the air. There were also additiaeps used in the algorithm.

From the 15 videos it correctly predicted if smoke was present in the selected frame for 11

of the videos.Similar techniques fomsoke detectiorusing traditional computer vision

were also used i€hapter 5

Tracking how a wildfire propagates, afteildfire detection is an important part of wildfire
monitoring as it provides information on its propagation behavidur8]. Human occupied
watch towers sensorssuch as thermometersand Kalman filtersan provide a method of
tracking wildfires without using computer vis@B]. However, omputer vision échniques
such aptical flow can also be used to track wildfiredn optical flow algorithm was

designed tadetect fires and distinguish between the fire and other distractions using the
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properties of firein [119]. In Chapter Sire propagation is tracked usirigaditional
computer vision techniques such as background subtraction to detect changes in video

frameswhich are caused by the fire

2.7 Inverse Methods

An inverse method is jarocess that reversesn actionto find the causes from the results
[120]. Inverse methods can be applied to wildfires to find ignition points and propagation
durations of a wildfire, terrain and weather data or even to construct a set of equations to
model the wildfire. A list of different inverse methods described in this sectionin

Chapter 4nverse methods are used to estimate the location of ignition points and

propagation durations of wildfireom their burn scars.

2.7.1Approaches to Solving Inverse Problems

Many approaches can be taken to solve inverse problems. These include brutedarck

Monte Carlomethods time reversalalgorithmsand geneticalgorithms.

Brute force searchchecksall possible solutionsf a problemin an orderly fashiomo find the
optimalone[121]. While checking all possible solutions the current best performing
solution is savedAny solution that performs better than the existibgst performing
solution replace it.Given an infinite amount of time brute force search will find timal
solution. Typicallyprute force search is not practical in problethat are very high

dimensional as they may hawmeanypossible solutions

Monte Carlo methods can also be applied to solving inverse prodiE22s Monte Calo
methodstry random solutionswhile saving the best performing solutio&iven an infinite
amount of time Monte Carlo methods will also find thptimal solution, but it is possible

that this may take longer than brute force search as Monte Carlo may test the same solution
more than once.It can however arrive at locaptimum or the realoptimumin a shorter

time.
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Time reversal lgorithms can be used to solve inverse problems when the method used to
produce the output is known and invertib]@23]. This process begins using the outputs

and runs through the algorithm that produced them in reverse order, undoing changes that
were made at each step in the algorithiiime reversal algorithms may not produce
accurate results if there are any errqsensitive to noise the output data oithe

algorithm is lossyloses precision)

2.7.2Genetic Algorithms

Genetic Algorithms (GA) provide an efficient means of searching a large space for potential
solutions to a problemwhich includes inverse problerfis24]. They are inspired by natural
selection, which is the process commonly theorised to drive biological evollisl GAs

can be used to find a good solution to an optimisation problem thayotherwise take too

long to computeusingbrute force searcltil26]. Even though a GA may produce a good
solution, this does not necessarily mean that it will always producejitienal solution for

the problem every time within a set number of generatiol@zAs start with an initial

population of what are called chromosomes. In GAs a chromosome is a possible solution to
the problem the GA is trying to solve. Each of these chromosomes consists of attributes
that are called genesThe genes isAs encode the characteristics of a chromosome. A
gene is a set attribute dhe solution (chromosome) to which it belongs. Before running a
GA, a maximum number of generations is usually set to ensure it halts, typically the more
generations a GA is run the higher chance it has of finding better solutibsst of
chromosomes are created (usually randonviyien starting a G/ a process called
initialisation. Chromosomes in the population are then ranked using a fitness function for
that GA. The chromosomes with higher fithess scoresygieallyselected through a
processcalled selection. These selected chromosomes go through a process called
crossovemwhere they swap genes with other selected chromosomes. This creates a new set
of chromosomes that could potentially offer better solutions. A process callgdtion

then usually occurs where some genes are changed at random, providing diversity in the
new set of chromosomes. The new set of chromosomes form the population of the next

generation, and the process repeats to improve the set of solutitenatively. A sim#ér
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approach to this general example of a genetic algorithm was us€tiapter 4o estimate

the most likely ignition poirgand propagatiordurations for burn scars.

GAs have been applied to wildfire modelling before in different waygenetic algorithm

has been used to fit fuel and wind vagjerhichare inputs for theRothermel mode[127]

[46]. In the referenced paper, a population of chromosomes that contained a set of input
values required to run the Rothermel model was generated, with each input value acting as
a gene. Every chromosome in this population was simulated using the FARSI&IsIim
running the Rothermel model with every gene in that chromosome contauhifigrent fuel

and windproperties[60]. The outputted wildfire of this simulation was compared to the

real wildfire using the fitness function, which calculated the area of overlap between the
simulated and real wildfire to get the fitness score. Chromosomes with a high fitness score
were ugd in crossover to generate new chromosomes. The input values also had a chance
to mutate. The best chromosomes were saved and presetueiigeach generation in a
process known as elitismChis processepeated formultiple generations to optimise the

input values of fuel and wind for the Rothermel model so it would produce a burn scar like
the real one This referenced literature claims without GA calibration the mean prediction
error between the rate of spread of the actual fire and the simulated fire was 95%. While
with GA calibration, the mean prediction error between the rate of spread of theahfine

and the simulated fire was 6.03%.

Geneticalgorithms have Bobeen usedn a designed scenarto estimate the optimal

order forone set offirefighters to combatlOwildfiresin Braga, PortugdlL28]. The
chromosomes consisted of ordered genes with each gene representing a wildfire; the order
of these genes is the order in which each of the wildfires should be combatted. To begin, an
initial population of chromosomes was createflfithess score was computddr each of

these chromosomesAset of chromosomes werehosenby fitness scor@sing tournament
selection. Ordered crossover was then performed ondhesenchromosomes ensuring

that the order of the genes remain intact, followed by inverseation. This created a new
generation ofchromosomesandfitness scorswerethen computed The described

process continued for a preselected number of generations. This outputted an optimised

order for firefighters tomanagewildfires based on the travel distance between wildfires and
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the properties of the different wildfires. The optimal output in this paper clatrosuld
havesaved160.294n¥ of the forested aredrom burningout of 161.248knkm? which is
99.41%.

The application of genetic algorithms to estimate the location of wild§jrition pointsand

propagationdurations simultaneouslys a novel study described @hapter 4

2.7.3Inverse Approache®pplied to Wildfire Modelling

Inverse approaches have been applied to wildfire modelling in different whygically, this
useshistoricaldata toinform future predictions about wildfire propagatiorAn exampleof
this is an algorithm to finthe burnt area of a wildfire given iective fire ling which can
inform the direction the fire is spreadinfd.29]. There have been attempts to use satellite

remote sensing to identify the sources of wildfires, but these have considerable limitations.

A conditionalWasserstein generative adversarial network (cCWGAdYiteratively trained

on WRESFIRE (Weather Research and Forecagtiitdfire Spread Simulationy provide a
forward spread moddl130]. It wasused to estimate the fire arrival tima&t a spatial
locationusing satellite datf§l31][132]. As part of the forward predictiorhe cWGAN
estimatesthe ignition times and locations afwildfire. The cWGAN was tested on wildfires
that had a singular ignition poinfThemainaim of this work was to improve the forward

prediction of the model rather than identify the point and time of ignition.

Hre line progressiocan bemodelled as a setfgotential active fire lineperimetersthat
intersect detection point$rom satellite imagery133][134]. A likelihood map can be
generated and from thighe location of the smallest perimeter and time of ignition can be
estimated. The method was tested on wildfires with a single ignition point. mh&goal

of this research was to generate artificial fire history to inform a simulation starting &om
active fire line A similar technique was usednwodel theintroduction positionand date of
strains of watermelon mosaic virigenusPotyvirus familyPotyviridag located in
Southeastern Fradd 35].
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Satellite images have also been used in the past to improve recorded data on wildfire
ignition points and the propagation duration of that wildfiE36]. Satellite images of the
wildfires were overlaid on the recorded wildfire perimeters stored in existing databases.

The area of the wildfire in the earliest satellite image corresponding to that wildfire in the
RFGFolasS gl a NBO2 NibSmRIntl Fhe siak &1d end datesfohtelS Qa A Iy
wildfire were dated as the earliest and latest satellite images containing the wildfire. This
can provide accurate data in terms of the ignition point location and propagation duration.
However, it requires olud free satellite data of a wildfire at the beginning and end of a
wildfire to perfectly predict the wildfire ignition points and propagation duration. This is not
often possible as nogeostationary satellites do not remain over the same area of terrain
constantly, and there are not enough satellites to have a constant feed of cloud free satellite
imagery. However, there are alternate methods to detect wildfires in areas of cloud cover

such as the use of machine learning algorithms to classify sii8k¢

Adatasetof environmental featurebetween June 2012 to September 20&2re
categorisedbased orthe presence or absence fife [138]. Long ShorfTerm Memory and
Gated Recurrent Uninodelstrained on the datawere thenusedto estimate likelihood of
wildfire ignition occurringgiven environmental featuresThis technique could be applied to
region of interest showing the likelihood of firdhe main aim of this paper was ¢égtimate

when a wildfire ignition may occur.

Inverse models were also used to estimate the date and poimttasduction of a
phytopathogenic bacteriunfXylella fastidiosp[139]. Spread of the phytopathogenic
bacterium was simulated on a gridhe algorithm initially assumed each cell had an equal
probability of being the point of introductionPropagation of the phytopathogenic
bacterium was simulated from these points of introduction. dif&erence between
observed spread of phytopathogenic bacterium and the simulated spreedound. This
informationwasused to adjust the points and date of introductiofhis process is repeated
iteratively and converges ampoint of introduction Sngle poins of introductionwere

tested in this sady.
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From a literature review no papers have described an automated mathibdthe goal of
estimatingwildfire ignition pointsandthe propagation duratios using wildfire burn scars.
Discussions with local fire officers also confirmed émdrevealed that an automated

method for determining wildfire propagation durations, would be a useful tool for them.
After a wildfire has finished burning, its burn scar remains on the terrain until flora regrows,
which tends to occur over a long period of tifi&l0]. Imagery of wildfires from satellites
change rapidly as the wildfire propagates on the terrain. Therefore, even burn scar data
recorded a long time after a wildfire can still be analysed for the purpose of estimating the
ignition points. In Chapter 4satellite data from Coperniclege used for obtaining terrain
properties and to compile a dataset of real historic burn sEH8]. However, satellite data
are not fundamental to the method, which would work using terrestrial or drone mapping
techniques. Tétechnique presented i€hapter 4is also not temporally limited to the

frequency of satellite imagery.

2.8 Concluding Remarks

This literature review informed choices made in the remaining chapt€éhe Rothermel
modeldiscussed irsection2.1.2wasusedin Chapter 3and Chapter 40 model wildfiresas
custom fuds such as those found in Europeere compatible ForeFirediscussed in Section
2.2.2was used as eomparableframework for modelling wildfiregr Chapter 3as it
containeddata onfuel properties for land cover in Europé Chapter Sexperimental burns
were performed Hlter paper wasusedas fuej it isa small fuel bed antlad the advantages
discussed in Sectidh3.30f short burn times and being cheap ¢onstruct andun.

Wildfire interventions performed by professionatliscussed in Sectidh4.1were
implemented into &ramework for modelling wildfiregjescribed incChapter 6 Chapter 4
discusses an automated method of estimating the location of wildfire ignition painish

is different to the manual techniques described in Secfigh2 Satellite data ere
selectedas input for thewildfire modellingframeworks inChapter 3and Chapter 4as
geocoded information about lancbver and elevation can be extractexs discussed in
Section2.5.1 A list of existingeal European wildfirdourn scarsvere analysed irChapter 4
The wildfires burn scars were in the format of polygonalf@8ires which were discussed
in Sectior2.5.2 Traditional computer visigrsummarisedn Sectior2.6.2was used to track
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fire in Chapter Sasit was eayto manuallymodify specific propertiesGeneticAlgorithms
were chosen to perform the inverse problem of estimating wildfire ignition points and
propagation durations given a wildfire burn scaGhapter 4 This is because genetic
algorithmscansearch a large space for potential solutions to a problem in a reasonable

amount of timecompared to other techniques as discussed in Se@i@r2
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Chapter 3An Efficient Method to Simulate Wildfire

Propagation Using Irregular Grids

In thischaptera novel software platform called the Irregular Grid Software (IGS) was
developed which allowfor the simulation of wildfires on a configurable grid uspiysics
based computationainodels for fire propagation. The aimtbie IGS was to explore
computational differences between different grid types andkea comparisorwith
preexisting software Thegoalwas to improve computationadfficiencywhile producing
outputslike preexisting softwargwhichwould makefuture computationally intensive
analysigjuicker. The configurable grid was built using a Voronoi diagrdrhis approach
provided flexibiky in the grid descriptionThefire can spread between polygons,
propagating throughout the grid. The configurable grid allbevsross comparison of both
regular grids such as square, hexagamaltriangular, and irregular grids such as a
randomly seeded Voronoi diagram and a newly develdpedsedgrid. Thefocused grid

was adapted tdhave greatedetail (usingsmaller, moreightly packedpolygon$ in areas of
higher importance which provides greater precision at the cost of extra computing time.
Thefocused gricand ForeFire, an existing indusstandard program were compared.he
comparison included simulations of wildfires located in the Wicklow Mountains, Ireland, a
region used by fire sgrces for exercisesThe performance of the gridased techniques
ga SEIFYAYSR dzaAay3a I+ aSié 2F SELISNARYSyida G2 C
factors such as wind, elevation, and fuel typhe objective of thisesearchwas to

compare the various grid types on the metrics of similarity with ForeFire and computational
time, while also comparing thicused grido ForeFireusingthe same metrics with

multiple sample wildfires. From the sample wildfires tested in ¢hispterthe results show
that the IGS runs on average 34 timmere quicKy than ForeFire on the same computing
platform while retaining an average result similarity of 80% with ForeHine.GSwvas
purposelydesigned to use the same inpparameterisatioras ForeFire to allow fafair

comparisorbetweenboth platforms.

Thereis adescriptionof the resourcesusedin Section3.1. Section3.2showshowthe IGS

wildfire modellingframeworkworks. A new method of checkinghe similarity of polygons
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for comparingthe IGS0 ForeFiras discussedn Section3.3. Thedifferent gridtypesare
comparedin Section3.4. Thefocusedgrid iscomparedto ForeFiran Section3.5. Section
3.6 containsa discussiorregardingtheseresults. ThisO K | LJGoScNiEohsarein Section

3.7.

3.1 Resources

TheRothermelmodelwasusedby both the IGSand ForeFireto simulatewildfires.
Theefore, IGSand ForeFireboth requiredinput datadescribinghe land cover,land cover

fuel data,elevationandweatherconditions.

A Sentinel2 satelliteimageof the WicklowMountains CountyWicklow,Ireland,was

inputted into arandomforest machinelearningmodelto producealandcovermap(A.1
Generating a Land Cover Map using Satellite Data (Credit: Gourav)Midrajand cover
mapwasrectangularin an EPSG:2153rojection with its most Northwesterncoordinateat
EPSG:215(698998.1,/22771.812and most Soutteasterncoordinateat EPSG:2157
(722773.635697886.5)which covereda total areaof approximately592kn¥. Eachpixelon

the land covermapreferencedan associatedand covertype including pastures, sparsely
vegetated areas, mixed forests, moors and heathland, urban fabric, waterbodies, clouds,

and cloud shadowg@=igure3.1).
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Figure3.1: On the left is a Sentin@based truecolour image of the study area, and on the right is a predicted land cover
map for April 2022 (Copernicus 2022).

Eachtype of land coverwasmappedto a setof physicalattributesthat were containedin a
file with alookuptable usedby both programs ForeFirecontainsone of thesefiles, calleda
dfuelsfile€ [141]. The samefile wasalsousedbythe IGS Thedfuelsfile¢ wasindexedbased
on QORINH.andCoverclasse$101]. Thedfuelsfile¢ containedvaluesfor fuel particle
density(kg/md), the ratio of fuel particlemoisturecontent, fuel particle surfaceareato
volumeratio (m®Y), fuel height(m), the oven-dry fuel load (kg/n¥), andfuel particle low heat
content (J/kg)for the different land covertypes The Rothermelmodelusedby the IGSand
ForeFirehad no mineraldamping,andthe moistureof extinctionwassetto 0.3for all fuels
in this chapter. Theselistedfuel propertieswere requiredto run the Rothermelmodel The
land covermaphadtwo additionalfuel typesfor whenit wasnot possibleto identify the
landtype dueto cloudsor shadows Thesefuel typeswere not presentin the simulation

area,asit wascloudfree, sothey did not affect either program.

TheSentinel2 satellitedataand a geographic informatiosoftware; SNAP5 S & | (0 2 LIQ &
elevation band generatowere usedto producean elevationmap of the area(Figure3.2)
[97][100]. Theelevationmapgivesthe heightin metres of elevationabovesealevelfor

eachpixelin the satellitedata.
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Figure3.2: Elevation map of the study area where darker colours represent areas of lower altitudes and lighter colours
represent areas of higher altitude.

For experimental simulation, a set of different wind speeds and directions were selected to
allowfor a comparison between ForeFire and the IGS under the same condititmveever,

an APHdeveloped by DecaMaalso allowdor software such as Windy to provide live,
forecasted, and historical wind data for simulatiqaid2]. Wind data vere then split into

zonal Westto-East) and meridianJouth-to-North) wind speeds which are mapped at each

pixel across the satellite data.

ForeFirecontainedatool that allowedfor the land cover,elevation,wind data, and
metadatato be combinedinto a singleNetCDFile [143]. NetCDFilesare usedto store
array-oriented scientificdata, typicallygeospatiadata. The sameNetCDFile wasthen used
by both ForeFireandthe IGS.
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3.2 Simulating Wildfire Propagation Using the IGS

ThelGSsaPythonprogramwith the aim of generating a gricbasedfire spreadmodelthat
couldbe comparedto ForeFire Theuseof a staticgrid allowsfor a modelto computefire
spreadwithout havingto continuallymoveandadd markersduringthe simulationasfound

in ForeFire.

AVoronoidiagramwasusedto createanirregulargrid. Theyhavebeenusedto simulate
the geographicspreadof diseasan the past[144]. AVoronoidiagramtakesin a setof
pointscalledsites Fromthesesites edges(lines)are generated locatedequidistant
betweeneachpair of sites perpendicularto the directionbetweenboth sites. Forthe
lengthof a particularedgethe two sitesthat are on either sideof it arethe two sitesthat
are closestto it; therefore,oncethe distancefrom anypart of the edgeis closerto athird
different site, that edgestops. Thiscreatescontiguouspolygonswhere everypoint within a
LJ2 f € peatiyiefkdisclosertothat LJ2 f € JidtyiaR dnyotherLJ2 f & Ji Figuée
3.3). Thismeansthat eachedgeseparatingoolygonsis equidistantto both LJ2 f € Jites/ a Q
TheVoronoidiagramwasgeneratedusingthe efficientC 2 NJIi diyoftiftramplementedin
the Foronoi(not spelledVoronoi)Pythonlibrary[145][146]. Oneof the biggestadvantages
of usinga VVoronoidiagramis the ability to createirregularsimplecontiguousshapes This
providesmore flexibility in the grid structure where areasof importancecan be more

detailed.
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Figure3.3: Positions of randomly placed sites (left) and the resulting generated Voronoi diagram of polygons (right).

The NetCDF file containing input data, created using ForeFire, is imported into the IGS using
the Snappy Python librafit47]. Snappy allowedbr the NetCDF data to be read into Python
listsused for computation The generated Voronoi diagram was owaatbn top of the NetCDF

data. The elevation, wind, and fuel values (per fuel index) were recorded for every pixel in all
polygons of the Voronoi diagranThis was done using the schme polygon fill algorithm to
extract environmental data from the pixels contained within the poly¢48]. The mean

elevation, wind and fuel values of each polygon were then saved.

The IGS starts with a fire located at the site of a Voronoi polygbe propagation of this fire
towards the site of eaclboundingpolygon is modelled using the Rothermel maddlhe
Rothermel model calculates the rate of spread for the hésal (fastest moving part of the
fire). Rates of spread for the flank fires (perpendicular to the Higapland backire (opposite

the headfire) are not calculatedWhen the fire reaches the sitf abounding polygon, the

fire then progresses towards the new ghbouring polygons from that bounding polygon
Fires may propagate towards each other simultaneauBlye progress is recorded as a ratio
of how far it has propagated towards neighbouring polygon sites and the total distance
between the two polygon sitesThis is known as the propagation rati/hen the Rothermel
model is run, the propagation ratio from the ignited polygon to its neighbours will increase if

the rate of spread is positivé-igure3.4) (Eg.3.1). When the propagation ratics 1, fire will
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NBIF OK GKS ySA 3 &té andaNall fisbbehi? dpréadiggyfi® Bhe propagation

ratio is calculated as follows:

(Eq.3.1)
where"(s an ignited polygoniis a polygon that neighbours the ignited polygois the
current time (s)Q"Y Ttis the timestep (s),t 0 p is the propagation ratio
from polygon'@o ‘Gt timed Q" Yt 0 p is the propagation ratiéorom polygonQ
to Gt timeo,"Y  Ttis the rate of spreadrom polygon'@o " alculated by the Rothermel

model (m/s) and)  Ttis the distance between the sites of polygd@and Cdm).

© [

Rothermel
Rate of
Spread (R;)
sitei O Site j
Distance between
sites i and j (d;)

O

Figure3.4: Example of the fire spreading from polyg@o Qwhere the blue line represents the total distand@ {
between sitesCand’dm), the orange arrow represents the propagation rafio Y of how far fire has spread from si@o
YR GKS NBR FNNRBg NBLINBaSyida (GKS TANB M) frobsite®o Ari/s).a LINSF R RS

BEverypolygon has fuel data associated withTthe IGS uses the fuel data associated with the
polygon the fire is spreadgto during simulation.If the fuel dataassociated witlthe polygon
the fire is spreading fromvere used, then fire would spread from that polygon to all its

neighbours at an equal rate in conditions where there is no slope or wimabthAr option
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would be to get aveighted fraction between the two polygonsrhis method wuld increa®
computationtime for simulating a wildfire Therefore, the fuel propertiefom the polygon

the fire is spreading to are used

The Rothermel model requires data describing the fuel, the tembemation and wind. The
slope is found by getting the difference in elevation between the neighbouring polygon and
ignited polygonwhich is then divided by thkorizontaldistance between the polygon sites
(Figure3.5):
© ©
0

nY ﬁ

(Eq.3.2)
where “Gs the ignited polygon(is the neighbouring polygofiy is the slope froniQo Q'O
is the mean elevation of polygdfim), O is the mean elevation of polygdm) and'Q 1

is thehorizontaldistance between the polygon sit&and (m).

Polygon i Polygon j

Mean elevation
of polygon j (H;)

Mean elevation -
of polygon i (H;)

Horizontal
Site & distance between Site j
sites i andJ (g;;)

Figure3.5: Variables used ifEq.3.2) to determine the slope from polygo®o polygonQ

The normal winds the wind veleity at midflame height travelling in the same direction as
the wildfire, if this value is negatitee wind istravellingagainstthe fire. This value igsed

in the Rothermel model Itis found by getting the dot product between the wind vector and
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the unit vector describing thdirection from theignited polygorto the neighbouring polygon

site@ coordinatesKigure3.6):

(Eq.3.3)
where@ & (KS AIYyAIBR IWXKSe FEYNAXKO02 HENS YsFhe LI2f 232y Q.
normal wind fromQto "Gm/s), @ is the mean zongWestto-East)wind speed ofQ

(m/s), @ is the mean meridiafSouth-to-North) wind speed ofdm/s), and bis the

vector from polygon sit&o polygon sit€Q

Mean meridian wind
speed of polygon j (L’Vj)m

Mean zonal
wind speed of

Vector from polygonj {WJJZ
site i to site | ::>

(i)
Site i _l_p? Site j

4l
|-|

[
-

Magnitude of ij
([l

O

Figure3.6: Finding the normal wind for fire spreading from ste "Qoy gettingthe dot product of both the mean zonal
and meridian wind speed properties of polyg@and the unit vector opropagationfrom site @o 'Q

A visualisation was created to show the spatial distribution of the polygons and evolution of
the fire line The polygons were rendered in distinct colours to represent their statts
red representing polygons that were currently on fire, black representing those that were

burnt, clear without colour representing those that had not caught fire yet and green
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representing wildfire sourcpolygon(s)where the fire started. The colour of a polygon was
determined from a combination of the masses in the states mentioned. A 50% transparency

was used to allovior the underlying map data to be seehigure3.7).
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Figure3.7: Sample simulation output after 100,000 seconds showing not burnt (white and transparent), wildfire source
(green), burning (red), and burnt (black) polygons based on the mass of the polygon in that state, with a coloured satellite
image of the terrain itthe background (Copernicus 2022).

The area of the polygon was found in pixel coordinates and converted to an aréa iien
ovendry fuel load per fiwas sourced from théfuelsfile¢ and used to estimate the total
fuel per polygon (kg)The total fueimassin the polygon could then be split into flammable
vegetation, currently ignited vegetation and vegetation that had been completely burnt,

written as:
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(Eq.3.4)
where"(s a polygon)  Ttis the total amount of fuel in polygofgkg),0  Ttis the
amount of remaining flammable vegetation in polyg&kg),”O Ttis the amount of fuel in
polygon"@hat iscurrently ignited (kg)Jand 6  Ttis the amount of fuel in polygo@hat
has burnt (kg).

To estimate thduel mass of a polygon that was currently on fire, the propagation ratios
from the ignited polygon and its neighbours were fourithe propagation ratios of fire that
had spread within the ignited polygdboth from that polygon and to that polygoahnd the
respectivedistancesbetween the ignited and neighbouring polygons waeraltiplied to
find the total distances fire had spread within the ignited polyg®his was then dividedy
the sum of half of each distance between the ignited and neighbouring postgogetan
estimate for the proportion of thégnited polygon that has caught firdn simpler terms,
the numerator was the distance fire had spreaithin the ignited polygonand the
denominatorwas thehalf distances between the ignited polygons and its neigh&oiihs
createda dimensionlessnetric which scaled from 0 tb. The proportion of the ignited
polygon that had caught fire was multiplied the total amount of fuel in the polygoto

find the total amountfuel that hadignited. The amount of completely burnt fuel was then
subtractedproducing the fuel masthat was currently on fire:

~

A 0 GOd md ™ h

(Eq.3.5)
B aQf @ Q
O 0 o) Ooh
B =
C
(Eq.3.6)

where (s a polygonCs a polygon neighbourirign Ttis the total propagation ratio of

fire that has spread within polygdtbetween it and polygorQi  Ttis the total amount of
fuel in polygoriCkg),©O Ttis the amount of fuel in polygoi@hat is currently ignited (kg),

&  Tis the amount of fuel in polygof@hat has burnt (kg)it 0 p is the propagation
ratio from polygori®o Q. 0 p is the propagation ratio from polygofo ‘% mis

the number of neighbours polygdthas andQ  Ttis the distance between polygoi@nd
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am). Please note if T® then the value of] issetto 0.5and B < 0.5 then the
value of0 is set to 0.5. This was to ensure only fire that had spread within polyas

measured as any other spread in neighbouring polygons was used to find the mass of their

polygon that was on fire instead.

The reaction intensity parameter from the Rothermel model found the energy produced per
unit area per timestep. Using the equation for the reaction intensity, the energy produced
per unit mass per unit timsetep O can be evaluatedThis is done by removing the net
fuelload 0 from (Eq.3.7) (which is(Eq.2.12) formatted to work with IGS polygons)
give(Eg.3.8) which, as previously statedisesUnited Statescustomaryunits. O was found
using the fuel properties from neighbouring polygons and was converted to metric units
O el 0O - h
(Eq.3.7)
0O e~ - h

(Eq.3.8)
where (s a polygonCs a polygon neighbouriri “O Ttis the reaction intensity of
polygon j in J/iis (Btu/ft?min), 0 Ttis the net fuel load of polygon j in kgfm
(Ib/ft?),O  mis the energy produced spreading from polyd@n polygonper mass per
time increment in J/kg/s (Btu/lb/min)gee Ttis the optimum reactiorvelocityof polygon'Q

in s (mintY),"Q  Tris the low heat content of polygon J/kg (Btu/lb),m  — pis
the moisture damping coefficient of polygd@mndm — p is the mineral damping

coefficient of polygoriQJust like the base Rothermel mod@g.3.8) may have poorer
performance in some fuel beds at lower fuel loadings, especially those with high packing
ratios. Minor modificationkave beermade to the Rothermel model that helped reduce
the oversensitivity to fuel deptin the pasf{149]. However, his updated form of the
Rothermel model was not used by the l@$hischapteras ForeFire used the base

Rothermel model which would make any comparison unfair.

The mean energgroducedfrom burning fuelwhile the fire spread to its neighbouring
polygons was calculated by multiplying the mesarergy producedO ) from all

neighbouring polygonwith the mass of ignited fuel in the polygon and the tistep. The
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energy was then divided by the low heat content of the polygon toageg¢stimation othe

amount of ignited mass lost to burning:

(Eq.3.9)
where (s a polygon’Qs a polygon neighbouririfO  Ttis the energy produced
spreading from polygoi@o polygon'Cper mass per time increment in J/kg/s (Btu/lb/min),
Q6 s the rate at which ignited fuel in polyg&iecomes burnt fuel in kg/dE,  Ttis
the number of polygons that neighboi®@O Ttis the amount of fuel that is currently
ignited in polygoriin kg, Q"Y Ttis the timestep in s andQ  Ttis the low heat content of
polygon'®n J/kg (Btu/lb). This value was then added to the total amount of fuel that has
been burnt in that polygon:

0 0 ‘Q 6h
(Eq.3.10)
where"(s a polygonQ Y Ttis the timestep (s)Q 6 Tis the rate at which ignited fuel in
polygonbecomes burnt fuel (kg/dT), t is time in the simulation &s)d 0 Ttis the
amount of fuel that is burnt in polygotat otime (kg). Tracking both ignited and burnt fuel
amounts paints a clear image of what areas @rgentlyon fire and which have ceased

burningdue to a lack of availabammablevegetation(Figure3.7).

The collection of polygons whidtad fire reach their sitesan be converted into a fire line,
representing the outer perimeter of the fireThis allowdor the IGS to be compared to other
continuous programs such as ForeFifde boundary polygons need to be found to produce

a fire line A straightforward algorithm wadevelopedto find the boundary polygons where

each polygon was checked to see if it can spread the fire (a polygon is only able to spread fire
if fire from the model has reached that pay2 y Q & Oricé ai setlof polygons capable of
spreading fire is found, it can be shortened by checking if these polygons have one or more
neighbours that cannot spread firé his gives an updated set of boundary polygons that are

on the fire line perimeter of the IGT his was then converted to a list boundary edges by
checking the edges of each boundary polygon and recording any edges between a boundary

polygon and a polygon that cannot spread figetting the boundary edges of the boundary
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polygons helps reduce underpredicting how far the fire has spread within a given boundary
polygon Polygons that can spread fire while also touching the outer perimeter of the NetCDF
file are checkedand any edges of that polygon on thater perimeter were added to the list

of boundary edges. Edges each consist of two vertiesbegin a random edge is selected
from the list of boundary edges and a recursive algorithm finds the next edge toaheariex

with the randomly selected edge, removing iibiih the list and storing it in a stackThis
process is repeated until no more shared vertices cafobad, and the stack then becomes

an ordered boundaryThe process of selecting a random edge continues until all edges have
been removed from the listHigure3.8). Sometimes the vertices of edges do not line up
perfectly, so a 3m (approximately 0.01 % of the region width) margin of error between
vertices of different edges was allowed to ensure a completed shafleedges shorter than

the margin of error were removed to prevenhaccuraciesgenerating the completed

boundary.
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Figure3.8: Left: Ordered boundary consisting of polygon edges from the IGS output that create an outer perimeter of the
simulated wildfire. Right: the ordered boundary smoothed by a cubic spline.

The ordered boundary was then smoothed to provide the final representation of the fire line,
using a cubic splineThe SciPy Python libraimas a subpackage calléhterpolationg [150].
This subpackage can be used to generate cubic splines given separate lists of x and y

coordinates Traditionally cubic splines are performed where x coordinates are ordered in

increasingvalue¢t KA &4 Attt y20 62N] F2N 0KS LD{ Qa 2dzilL.
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make the boundary unordered and ruin the boundary shape circumvent this, a parameter

(@ was defined as the cumulative distance between all previous points in the ordered
boundary For example, the first point would hadeequal to 0, while the second point would

be equal to the distance between the first and second poirite third point wouldhen have

c equal to the distance between the first and second point summed with the distance
between the second and third pointThis pattern continues for all points in the ordered
boundary. Due to®being a list of increasing valuéswas possible to perform a cubic spline
interpolation on both the & and & coordinates separately using@[151]. The o and &
coordinates can the be recombined to produce a cubic splin&Vith the cubic spline, the

fire line becomes a smooth curve, more closely resembling how a real fire would appear

(Figure3.8).

3.3Methodology to Compare Two Wildfire Outputs

A new method was developed to compare the similarity of outputted wildfifgss

method took inspiration from both set theory and receiver operating characteristicsROC
When comparing outputted wildfires, one of the wildfires was treated as the ground.truth
For thischapterForeFire was selected as the ground truth due to its increased resglution
therefore,the IGS waselected ashe predicted wildfire The area of predicted fire that
overlapped with the ground truth eretreated as true positivesAreas wherghe IGS
predicted fire and~oreFire did not were false positiveAreas where ForeFire predicted fire
andthe IGS did not were false negative&reas whereboth the IGS and ForeFire predicted
there would not be fire were true negativeBigure3.9). The area of true negatives could

be considered infinite, deperht on the size of the plane where the fire is being simulated
Therefore, true negatives were not counted and any confusion matrix calculations involving

them were not used
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Figure3.9: Calculating similaritiesf the IGS (M) and ForeFire (R) wildfire shape outputere the areaof 0 , 'Yaretrue
positive,that of 0 , 'Y are false positivethat of 0 . ‘"Yarefalse negativeandthat of 0 , 'Y aretrue negative

The threat score was chosen as the metric of accuracy due to it measuring true positives,
false positives, and false negatives simultaneously without requiring a measurement of true
negatives The default threat score equation was used but two weighting factors were
added to allowfor the scaling of how important false positives and false negatives are
relative to the true positiveslt is given by:

“YO .

v YO 0 00 0 "Of.’)h

(Eq.3.11)
where"Y"¥ the threat score’YUis the area of true positivedUis the area of false
negatives,OUis the area of false positive,  Ttis the weighting coefficient fdO0and

0 Ttis the weighting coefficient f60

If "Y™¥ 1, both the IGS athForeFire polygonare a perfect matchwhile if “Y™¥% Q there is
no overlap between the IGS and ForefFire lines Increasing or 0 will make'Oband
"O0 respectively have a greater impact on loweriYg¥vhile decreasing or 0 will have

the opposite effect. For the comparison of results in thiapter0 0 p.
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3.4 Comparison of Grid Types

Fivedifferent grid typeswere comparedto find whichgrid type maybe the optimal grid for
comparisorwith ForeFire Allfive gridswere built usingVoronoidiagrams Thefive grid
typesconsistedof randomlypositionedsites triangulartessellatinggrid; squaretessellating
grid; hexagonatessellatinggrid; and a grid where more siteswould be positionedcloserto
the wildfire sourceandon land covertypesdefinedby the fuel propertieslookuptable,
whichareimportantto monitor. Thisgridisreferredto asthe focusedgrid. Eachgriduses
the von Neumanneighbourhoodor determiningwhich cellsneighbourother cells(corner

neighbouringcellsexclusive]57].

Thegrid with randomlypositionedsitestakesasinput the numberof sitesit must position
andaboundingboxto positionthe sitesinside It randomlypositionsthat numberof sites
within the boundingbox If a site is positionedat the samecoordinatesasan existingsite,
then that site will be re-positioned Eachpolygonin the randomlypositionedgrid will have
at leastone neighbourrangingto the total numberof polygonsminusone, potential

neighbourgFigure3.10).
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top left are randomly positioned sites, on the top right is a triangular grid, on the bottom left is a square grid, ard on th
bottom right is ahexagonal grid (Copernicus 2022).

Thetriangulargrid consistsof tessellatingequilateraltrianglesof equalsize It takesasinput
the numberof sitesto positionandaboundingboxto positionthe sitesinside It isone of
the more complicatedgrid typesto positionusinga Voronoidiagram Theprogramiterates
throughpossibledifferent numbersof sitesto placeon eachrow. It doesthisuntil it finds
the smallestnumberof sitesto placein arow, where oncethe entire gridisfilled vertically
there will still be approximatelythe samenumberof sitesasoriginallyinputted. Usingthese
values,it ispossibleto find the horizontaldistancebetweensitesandtherefore the required
verticalheightof triangleson eachcolumnusingthe propertiesof equilateraland right
angledtriangles,throughthe followingequation:
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(Eq.3.12)
wherew Ttis the height of the equilateral triangles, Ttis the horizontal distance
between sites@  Ttis the short vertical offsgeand@  Ttis the long vertical offsetThe
long and short vertical offseteve used to alternate the orientation of triangles which is
required for tessellation.The shortverticaloffsetis calculatedusingthe principle that sites
for equilateraltrianglesshouldbe equidistantfrom all cornersof the triangle. Thelong

verticaloffset canbe found usingthe shortverticaloffset. Equationsshowingthis are as

follows:
. W W
w —h
Cw
(Eq.3.13)
A ® oh
(Eq.3.14)

wherew Ttis the horizontal distance betweesites,o  Ttis the height of the equilateral
triangles @ Tis the short vertical offseand®@ s the long vertical offsetin
triangulartessellationon a singularrow the trianglesappearupright (generatedfrom the
shortverticaloffset) followed by an upsidedown trianglein arepeatingpattern. The
upsidedowntrianglesrequirethe longverticaloffsetto be placedcorrectly. Rowsand
columnsthat are both indexedevenor odd havethe short vertical offsetis applied While
on odd-indexedrows and evenindexedcolumns or evenrindexedrowsandodd indexed
columns the long verticaloffsetis applied(Figure3.11). Dueto roundingerrorsin Python
andthe ForonoiPythonlibrary, additionalsmalledgeswere sometimescreatedbetween
sites Tofix this, if the length of anedgewasundera certainthresholdit wasremovedto
preventthe grid from assumingsomesiteshad additionalneighbours.Eachpolygonin the

triangulargrid (excludingthe edge)will havethree neighbours(Figure3.10).
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X

Figure3.11: Calculation of Voronoi diagram site placement for equilateral triangular tessellaBoren the distances @b
andw @ and can be derived using the Pythagorean theorem.

Thesquaregrid consistf tessellatingsquaresn a chessboargattern, wherethe squares
are of anequalsizeandalignedboth horizontallyandvertically Theinput consistsof the
numberof sitesanda boundingboxto positionthe sitesinside Thefloored squareroot of
the inputted numberof sitesisfound and usedto equallyspacesiteswithin the bounding
boxinto equidistantcolumnsandrows. Eachpolygonin the squaregrid (excludingthe

edge)will havefour neighbourg(Figure3.10).
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Thehexagonalrid consistf tessellatingegularhexagongflat sideson top andbottom)
of anequalsizedefinedby the inputted numberof sitesanda boundingbox. Likethe
triangulargrid, the programiteratesthroughthe possibledifferent numbersof sitesto place
on eachcolumnuntil it findsthe optimalnumber. Theoptimalnumberof sitesto placeis
found by gettinga numberascloseto what wasoriginallystatedwithin the boundingbox
with a calculatedhorizontaland verticaldistancebetweensites. Everyevencolumnisthen
offset verticallyby half the verticaldistancebetweensites. Thehorizontaldistancebetween
the sideswasfound asafunction of the verticaldistanceusingthe Pythagorean theorem
(Figure3.12). Asimplifiedversionof the expressiorwasthen found:

0w .

) h
C

(Eq.3.15)
wherew Ttis the horizontal distance between sites aidd Ttis the vertical distance
between sites.Eachpolygonin the hexagonabrid (excludingthe edge)will havesix

neighbourgFigure3.10).

N[

Figure3.12: Calculation of Voronoi diagram site placement for regular hexagon tessellation. Given the distahaes of
can befound using the Pythagorean theorem.

Arandomgrid with increasedocuson aregionof interestdeterminedby riskassessment
wascreatedandreferredto asthe focused grid It wasdesignedo havea greaterdensity
of sitesin regionsmostlikelyto be affectedby the wildfire andregionsthat are important to
monitor. Theregionsthat are mostlikelyto be impactedthe mostby the wildfire tend to be

situatedcloserto the ignition point of the fire or containland covertypesthat cansustain
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largefires (e.g.forestedareas) Areasof preselectedmportancetend to be areaswith a
higherdensityof people(e.g.urbanareas) Theprogramrunsthrougheachpixelof the land
covermapwithin the boundingboxwhereit hasa baseprobability of selectingthe pixelit is
currentlyon (thisensureghat not too manysitesare generated) Oncea pixelhasbeen
selecteda secondprobabilityis generatedto determineif a site shouldbe placedat this
positionbasedon the distancefrom the ignition point andthe land covertype of that pixel:
'O Op & h

(Eq.3.16)
wheret 'O pisthe probabilityof asite beingplaced,m "O pisthe coefficient
affectingthe probability of site placementbasedon landcovertype,&  misthe distance
betweenthe currentpixelandthe meanignition point (found by gettingthe mean
coordinatesof all polygonsites for polygonsthat containignition points) dividedby the
distancebetweenthe meanignition point andfurthest point within the boundingbox, and
Q misacoefficientthat weighssite placementprobabilitybasedon p & . Thisallows
for mostof the computingto be performedwhereit islikelyto be neededinsteadof
wastingresourcesn areasthe fire isunlikelyto reachor to spreadfastin. Eachpolygonin
the focused gridwill haveat leastone neighbourrangingto the total numberof polygons

minusone, potential neighbourgFigure3.13).
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2022).

Afire wassetat the coordinatesEPSG:215(715122,702388)at 0 secondsn the
simulation Theenvironmenthadno wind, andthe fire wassimulatedfor 100,000seconds
with atime stepof 1,000seconds Thefire wassimulated10timesfor eachgrid type,
wherethe time it took for the IGSo simulatethe fire andthe threat scorewhen compared
to a ForeFiresimulationwere both recorded(Table3.1). Valuesfor the equationof site
placementof the focused gridvere selectedsothe focused gridvould haveapproximately

2,000siteseachtime.
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Grid Types | Triangular | Square Hexagonal | Random Focused
Numberof | 1952 1936 1974 2000 Variable(SeeBelow)
Sites
Threat 0.84 0.84 0.82 Variable(SeeBelow) | Variable(SeeBelow)
Score
Simulation | Simulation | Simulation | Simulation | Threat | Number | Simulation | Threat
Time(s) Time(s) Time(s) Time(s) Score | of Sites | Time(s) Score
Firel 32.8 31.65 45 46.71 0.84 1995 52.46 0.87
Fire2 33.27 31.56 43.43 49.99 0.79 1975 52.32 0.86
Fire3 32.05 31.82 43.76 44.35 0.78 1980 52.37 0.85
Fire4 31.86 32.14 44.03 48.83 0.82 1946 50.26 0.91
Fire5 32.26 32.08 44.41 43.85 0.8 2032 54.88 0.86
Fire6 32.19 32.14 43.4 44.7 0.72 2034 53.04 0.89
Fire7 32.02 31.81 44.3 45.52 0.79 2044 53.14 0.89
Fire8 33.86 32.63 44.1 42.06 0.83 1996 52.46 0.83
Fire9 31.89 31.41 44.13 40.8 0.76 2002 52.28 0.89
Fire10 32.02 31.93 44.29 40.9 0.79 1973 50.96 0.9
Mean 32.42 31.92 44.08 44.77 0.79 1998 52.42 0.87
Standard 0.67 0.35 0.47 3.11 0.03 31 1.24 0.03
Deviation
Standard 0.21 0.11 0.15 0.98 0.01 10 0.39 0.01
Error

Table3.1: Number of sites, threat scores and simulation times for the different grid typégrid types excluding the
focused grichave a constant number of sited\ll grid types except theandomgrid andfocused grichave a constant
threat score.

Theregulargridsandthe randomgrid hada setnumberof siteswhile the focused grichada

varyinglevelof sitesdueto the nature of its site generation Asthe regulargridsshowed no

variability in their grid layouteachsimulationproducedthe samewildfire. Therefore their

threat scorewasconstantthroughout,unlikethe randomgrid andfocused grid Theregular

gridstend to havequickerexecutiontimesthan the randomgrid andfocused gridwhere

the focused grichasthe longestsimulationtime. Therandomgrid andfocused gricalso

havesignificantlyhigherstandarddeviationsand standarderrorsin their simulationtime;

thisisdueto both gridsgeneratinga compldely new grid layoutseachtime the simulation

isrun, while the regulargridsalwayshavethe exactsamegrid layout. Therandomgrid had

the lowestthreat score, while the focused grichadthe highestthreat score.
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Thetriangular,square and hexagonafridscanestimatethe shapeof the fire line well as
shownby their threat scores put they are confinedto their regularshapeand maystruggle
to representsomeof the moreirregularshapesof actualfire lines Theregulargridsall
sharethe property of polygonshavingan equalnumberof neighbourgexcludingat the
boundingboxedges)}hat are all equidistantfrom eachother, which givesall polygonsan
equalspreadingopportunity (Figure3.10). Theregulargridshadanequalresolutionacross
the entire grid. Thisleavesroom for further optimisationwhere areaslesslikelyto burn

accordingo the modelcouldhavea lower resolution.

TherandomisedVoronoigrid canproducesomeof the more irregularshapeswhichcan
allow it to follow the irregularpattern of realterrain. Unlikethe regulargridseachpolygon
doesnot havean equalspreadingopportunity dueto the distancebetweenneighbouring
sitesvarying Therandomisedvoronoigrid hasa similarresolutionthroughoutthe grid
whichwasnot an optimal useof computationpower. Thefocused griccanfollow the shape
of the fire line with greaterprecisiondueto its highresolutionin areasof importance It
alsoprovidesflexibility of wherein the scenecomputationoccuss. It doesnot haveanequal
spreadingopportunity for eachpolygonandtakeslongerthan all other typesof gridsto

simulatethe spreadof fire (Figure3.13).

The focused gridrom the IGSvas chosen focomparisorwith the industrystandard
wildfire modelling progranfroreFire due to ithigh threat score and reasonable simulation

time.

3.5Summary of Results

To compardhe IGS and ForeFire, 20 wildfires were simulated. The wildfires were randomly
placed in various locations within the Wicklow Mountains, Ireland with varying wind speeds
and for different durations This was done to test the versatility of the IGS. Some
simulations included multiple separate wildfire©utputs of ForeFire and the cubic spline of
the IGS using thiacused gridvere graphed and then their similarity was fourkdgure

3.14). For each of the simulations performed using the IGS, the sit@p used was 1% of

the simulation duration, with a minimum timgtep of 1 secondWhile simulating these
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wildfires the time it took to run the simulation of the IGS usually took longer than ForeFire
even though it required less computin@his was due to ForeFire being built in the more
computationally efficient language Cf#52]. To make the comparison between the IGS
and ForeFire fair, the simulation loop of the IGS was ported to C++ fromrPyfhe

remaining code fothe IGS was still in Pythatueto easier accessibility of depeeit

libraries The comparison does not include the setup times for ForeFire or the IGS

Figure3.14: IGS outputsréd polygor) compared to ForeFire outpubl(ie polygon). (Top left: Wildfire 1, Top Right:
Wildfire 13, Bottom left: Wildfire 15 and Bottom Right: Wildfire T&lfle3.2)). The IGS outputs tend &xtend beyond the
ForeFire outputs, this is most likely due to the Egecting the outer boundary edgesiwundarypolygons when creating

the ordered boundary to reduce underfittingCopernicus 2022)
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The time it took to run the simulation loops of ForeFire #mellGS in both Python and C++
were recorded and comparedlhe area of true positives, false positives, and false
negatives for the IGS when compared to ForeFire were recorded for each wydiitr¢he
corresponding threat score @ve calculated Thesedataare presented inTable3.2.
Histograms of the threat scores and IGStime in C++vere generated to visualise the

results(Figure3.15).

From the sample wildfires simulated, the IGS runs on average 34 timesgquicky than

ForeFire with a mean fire line similarity of 0.8 when compared to ForeFire. Thethge of

IGS instead of ForeFire allofes multiple wildfires to be simulated (restricted to one area)

in the same amount of time it would take ForeFire to run a simulation of one wildfire. From
Table3.2it is evident that the fire lines produced by the IGS when compared to their

ForeFire counterpart tended to contain mostly areas of true positives followed by false
positives and finally false negatives. There is also a trend wiktfres simulated by the

IGS that run for longer durations tend to not perform as well as those run for shorter
durations relative to ForeFireThere are some limitations with the IGS. Toeused grid

may lose precisiom larger wildfires as the frequency of polygons decreases the further a
wildfire spreads from its ignition point. This is evident in WildfireFi§ure3.14), where

there is a large drop in site resolution at distances far away from the wiidfiigon point

¢tKS fFNBS RAadGlFryOS 6SGo6SSy GKS LD{ FTYyR C2NBC
this issue. The cubic spline forces the curve to intersect the points on the edges of polygons
Due to the resolution of sites within the IGS, this makes the cubic spline produce small

modulations on the fire linawhile ForeFire has straighter edges.
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Wildfire Start Points and Time (x, y, t) | Wind (Zonal, | Simulation | ForeFire | IGS IGS ForeFire | ForeFire | True False False Threat
(EPSG:2157, ) Meridian) Duration Time (s) | Python | C++ | -IGS C+4 /IGS Positives Positives Negatives | Score
(m/s) (s) Time Time | Time (s) | C++ (m?) (m?) (m?)
(s) (s) Time
1 (715122, 702388, 0) 0,0) 100,000 5.3 46 0.193 | 5.105 27 21,162,353 | 2,597,119 | 594,021 0.87
2 (713350, 704946, 0) 0,0) 100,000 7.1 58 0.321| 6.773 22 31,641,462 | 6,709,658 | 393,613 0.82
3 (715651, 706392, 0) 0,0) 100,000 6.9 68 0.267 | 6.613 26 29,336,486 | 6,015,675 | 477,550 0.82
4 (710773, 707941, 0) 0, 0) 100,000 5.9 72 0.294 | 5.584 20 28,808,953 | 4,668,653 | 492,470 0.85
5 (713513, 708268, 0) 0,0) 100,000 6.6 61 0.256 | 6.342 26 28,944,866 | 6,508,166 | 543,992 0.80
6 (712496, 708990, 0) 0,0) 100,000 5.9 65 0.314 | 5.561 19 28,969,212 | 4,046,505 | 273,223 0.87
7 (715823, 708190, 0) 0,0) 100,000 7.1 61 0.289 | 6.791 24 31,247,060 | 5,138,147 | 315,410 0.85
8 (713467, 711230, 0) 0,0) 100,000 6.3 63 0.291| 6.018 22 29,105,672 | 3,749,638 | 351,839 0.88
9 (714378, 701907, 0) 0,0) 100,000 55 55 0.238 | 5.263 23 25,224,112 | 2,781,007 | 1,005,543 | 0.87
10 (704110, 703419, 0) 0,0) 100,000 7.2 55 0.257 | 6.896 28 30,443,340 | 3,596,271 | 892,268 0.87
11 (709231, 705966, 0) 0,0) 50,000 1.8 27 0.072 | 1.717 25 5,684,170 418,904 771,298 0.83
12 (714122, 706378, 0) 0,0) 50,000 25 26 0.081 | 2.451 31 6,941,426 482,771 772,200 0.85
13 (714027, 716143, 0) 0, 0) 30,000 1.4 15 0.028 | 1.394 51 1,701,109 497,978 84,778 0.74
14 (713369, 707072, 0) 0,0) 120,000 9.9 75 0.371 | 9.509 27 43,051,154 | 8,672,817 | 792,791 0.82
15 (715122, 702388, 0) 0, 0) 20,000 1.7 11 0.043 | 1.621 39 1,833,936 293,936 237,246 0.78
(714868, 704531, 2000)
16 (715148, 702437, 0) 0, 0) 30,000 2.2 14 0.034 | 2.142 64 3,856,323 398,370 671,296 0.78
(715930, 703049, 1200)
(715804, 702092, 2700)
17 (714633, 704695, 0) 0,0) 50,000 37 27 0.106 | 3.609 35 13,747,087 | 3,459,420 | 326,943 0.78
(715297, 707714, 0)
18 (713945, 703907, 0) 1,3) 50,000 10.6 31 0.158 | 10.404 67 42,742,800 | 25,938,603| 3,724,274 | 0.59
19 (712649, 715686, 0) 1,-3) 20,000 2.1 11 0.040 | 2.068 53 4,779,324 1,406,943 | 1,845,529 | 0.60
20 (713925, 707395, 0) (-0.5,-0.4) 30,000 2.0 17 0.043 | 1.997 47 4,085,839 283,454 714,927 0.80
Mean 5.1 43 0.185 | 4.893 34 20,665,334 | 4,383,202 | 764,061 0.80
Standard 2.8 23 0.118 | 2.664 15 13,902,996 | 5,658,324 | 792,456 0.08
Deviation
Standard 0.6 51 0.03 | 0.6 3.3 3,108,804 1,265,240 | 177,199 0.02
Error
Sum 413,306,686| 87,664,034| 15,281,210

Table3.2: Comparison of 20 simulated wildfires in ForeFire tiedGS under the metrics of computing time (ForeFire/IGS

OF

C++ Time) and similarity tfe resulting fire line (Threat Score, whabeh)
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Histogram of Threat Scores from the 20 Simulated Wildfires Histogram of ForeFire/IGS C++ Times from the 20 Simulated Wildfires
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Figure3.15: Histogramswith values split into 10 binsf the threat scores anBoreFire/IGS C-ti#mesfrom the 20 simulated
wildfires inTable3.2.

3.6 Discussion

Comparing the five different grid types produced a table of computational times and the
similarity of their outputsrelative to ForeFireTable3.1). The regular gridhiad no

variability in their grid layout They also took approximately the same time to run the
simulation as shown by the small standard deviation in their computational times. The
small standard deviation can be accounted for with other uncontrollable faetifesting

the computer such as background tasks. Both irregular grids have a much higher standard
deviatiorsin their computational times. This is because the process of seeding these grids is
random, so a different grid is produced each time a simulation is run. Some of the irregular
grids have overall regions of higher resolution than others, which can lead to varying
computational times The number of neighbours each grid has is also correlated to the
computational time, as the program must calculate the propagation ratio between each
ignited polygon that can spread fire to its neighb&ufrhe square and triangular grids have

the fastest computational times while having four and three neighbours respectively. The
hexagonal grid has the next fastest computational time with sixhigrs. The random

grid has a computational timike that of the hexagonal grid even though there is no set
number of neighbours per polygon. This is most likely due to each polygon having
approximately six neighbours. Tfexused grichas the slowest computational timeven

though most polygons also have approximately six neighbours. This is due to the increased
density of polygons close to the wildfire source, as propagation ratios need to be calculated

for all these ignited polygons and their neighbours that fire spread to Before the
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simulation loop polygons irall grid typeshave a list of their neighbouring polygosaved.
This can takep a large amount of memoiyut lowers computation time during the
simulation loop.If neighbouring polygons were calculated in real tiduging the simulation
loop, irregulargridsmayhaveevenlonger computation times than regular gridgs
polygons inirregular gridsdo not follow a straightforward indexing methodn this

simulation all grids use the same indexing approach so a comparison could be made.

In terms ofthe output similarity toForeFire, thdocused gridoerforms the best followed by

the square, triangular, hexagonaind random grids. As previously mentioned, theused

grid has a high density of polygons near the wildfire source, allofainthe simulation to

nearly follow the continuous movement of the wildfire simulated in ForeFire. For the

regular grids to be comprised of reqguirapes itwvas only possible to have a set number of
polygons in the simulation area. Table3.1, the number of sites for the regular grids was

set as close to 2,000 as possible while still retaining a regular grid. The irregular random grid
GSYyRa (2 LINRPRdAzOS 2dzi Ldzi & ¢ Aconfpardd kodhy dtherg Sad aAy
grid. This may be due to the minor variations in cell sizes within the random grid. The

regular grids have a set number of directions fire can spreadceach neighbouring
L2fe32yaT GKSe& lftaz2z adN¥z23tsS gAGK F2ft2gAy3
by the lake Figure3.10). Overall, there is no definitive best grid type. It really depends on

what the user is trying to simulate and how detailed they are willing to have the simulation

bein exchange for more computational timé&nother approach would be to make adaptive

grids whichdynamicallycreate additional polygons along the fire liaed reduce the

number of polygons in areas that have already burned. Mg help perform more

detailed simulations efficiently, but the creation and destruction of polygoagalso

negativelyimpact performance.

Comparing the IGS and ForeFire produced a table examining the computational efficiency
and similarity of their outputsTable3.2). ForeFire produces the same results every time it
is run. Forthis comparison the IG&edthe focused gridvhichshows variability in grid

layout, producing different results each time it is rufhe IGS wildfires that ran for shorter
durations tended to be computationally faster than the wildfires that ran for longer

durations, relative to ForeFire. Thsy becaused by the increasing size of the simulated
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wildfire as it burns, resulting in more ignited polygons that can spread fire to their
neighbours thereforeequiringadditional computation per iteration. The IGS produces a
larger area of false positives than that of false negatives when compared to FotbiSiie

due to the fire line selection process. As the IGS selects the fire line from the outer edges of
boundarypolygors, regardless of how far the fire has spread within that polygon to its
surrounding edges. The threat score for similarityetn the 1GS and ForeFire increases

with the length of simulation. This is due to the overall area of the wilgfutech tends to

be mostly true positives, growing at a faster rate than the boundary of the wildfire where

false positives and false negatives tend to occur.

Uncertainty of results could be measured by performing multiple simulatoisdrawing a
heat map based on how many simulations predict an area will be bdr&l]. I1GS inputs
could be varied based on the confidence of each inpwtccount forany lack of accuracy in

the inputs. This study could be completed as future work.

3.7Conclusios

A novel software platform that allowsr the change of grid type using simple
parameterisation for wildfire modelling was developethis allowedor grids to be

compared within the same framewark he software included irregular grids constructed
from Voronoi diagramsThe approach of using irregular grids to predict the spread of
wildfires allows for efficient computing while retaining a reasonable level of similarity to
existing methods defined by the threat scorexisting software such as ForeFire can
produce more precise simulations iasnodels fires in continuous space by moving markers
representing the fire line, instead of simulating the spread of fire on a fixed grid determined
before running the simulationThe use of continually moving markers requires additional
computational timeduring simulation The spatial resolutions of both programs must be
noted as ForeFire has a spatial resolution of 3moughout, while thefocused grichas a
varying spatial resolution with a maximum resolution of 20fhe IGS has been
incorporatedA Y 1 2 5 SOl al LIQ& [/ 2 Y Y®fywardplaiomd: anA 2y t A Ol

application that has potential to assist with wildfire managemiapter §[43].
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ThelGScould be improved in future workA better form of site placement than tHecused
grid could be developed to prevent the resolution of site placement decreasing at such a
high rate at distances further from the wildfire sourc& higher resolution could also be
used to reduce the modulated boundary pattern produced by the cubic splines when
converting the IGS output to a line. Porting the rest of the IGS from Python to a more
computationally efficient programming language sushGat+ would speadp the setup

process for the IG&aking the overall software more efficient.

For the results ForeFire was treated as the ground truth as its continuous nature can be
made to produce results of a higher resolution than that set in the IGS experim&fisand
ForeFireusal the samewildfire model ForeFire could be considered iadustry standard

as it is commonly referenced in relevant literatié4][155]. If a dataset containing a
timeseries of wildfire btn data in the Wicklow Mountains, Irelangasreleased the next
step would be to examine the performancetbe IGSusing this real data. Controlled

burning may also provide a source of this data.

The IGS usdand cover mapare based ofCORINE Land Cowehnichrecords data ovea
panEuropeararea[156]. The IGS could be expandidareas outside of Europe usitand

cover maps anéuel data for tke land coverdescribing these areas

Thisstudy hasshown that thefocused grids the best option for greater resolution near the
wildfire sourcecompared to other grid typesThe regular grids are a better choice for more
efficient computation. The decisior which grid type to choose should beadeon a case
by-case basis by the user. T$tedyalso showed that the IGS runs approximately 34 times
more quicKy than ForeFire with a mean similarity of 0.8. While Foretémes toproduce
wildfire simulations at a greater spatial resolution than the.I@$omputational efficiency

is a concern where multiple wildfires may need to be simulateohe location, the IGS may

end up being an alternative option.
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Chapter 4A Method to Identify Wildfire Ignition Points
and Propagation Durations from Burn Scars Using

Genetic Algorithms

A critical research area regarding wildfire modelling often overlooked is the task of finding
where a wildfire started and how long that wildfire burneé.literature review revealed

that there are no automated methodsith the goal ofestimaingthe locationof ignition

points andthe propagation duration of a wildfire from a burn scar. This chapter describes a
novel methodbuilt in Pythoncalled the Wildfire Source Genetic AlgorithtdRGA) It can
estimate the ignition points and the propagatidarationofag A f RTANB X 3IA GBSy
burn scarand environmental conditions used as input for a forward running wildfire
simulator. Two sources of burn scar data were used as inputs for separate analysis. The
first source was from a wildfire simulator which modelled strategically placed wildfires in
the Wicklow Mountains, Ireland to test a wide range of scendfi63]. Twenty generated
wildfires from the wildfire simulator were used to validate ttSGAasthe location of the
ignition points and propagatioduration of each wildfirawasknown. The second source

was real burn scars from the Wicklow Mountains, Irelft@B]. Given an input buriscar,

the WSGA generates setspaftential ignition points and propagation durations, which are
then simulated and compared to the input burn scahese potential ignition pointsnal
propagation durations are iteratively improved using a genetic algoritAnsomparison is
made between the ignition points and propagation durations of the simulation generated
input burn scars and the best fitting WSGA seeded burn scars. This ibydemaluating

two measures of error developed in this paper called the relative distance error and relative
simulation duration error.The relative distance error measuredor in the placement of
ignition points. TheWSGA had a relative distance error of 0 to 1.25 times the diameter of
generatedinput burn sces. Lower errors were associated with larger wildfires. The WSGA
had a relative simulation duration error of 0.0006 to 0.49 times the propagatiwation of
generatedinput burn scas. This study showdthat it is possible to estimate the ignition
points and propagation durations of wildfiré®m burn scarsising genetic algorithms

which could become a useful tool for fire investigators
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Thereis a description of resources and software used in Sectidnan explanation othe
methodologyincluding the genetic algorithim Section4.2, results in Sectiod.3, followed

by a discussion about the results in Secdofiand conclusions in Sectid@hb.

4.1 Resources

The genetic algorithm (GA) in this chapter takes as input a burnfEigar¢4.1). The GA

will then generate a list of potential ignition points and propagatiomation combinations.

A forward running wildfire simulator is used to simulate the combinations of ignition points
and propagatiordurationsin the list producing a set of seeded burn scars. The set of
seeded burn scars is then compared to the inputted burn scar. The best fitting burn scars in
the set are selected, and their ignition points and propagation durations are modified
before evalating again. This step repeats for a user defined number of iterations, this is
described in greater detail iBection 4.2. Afterwards the best fitting burn scar is outputted.
The location of ignition points and propagatidaration that form the outputted burn scar
are then compared to the ignition points and propagatauration of the inputted burn scar

if the dataare available. Generated burn scars from a forward running wildfire simulator

and real historical burn scars aoeth used.
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Simulate the potential ignition point(s)
and propagation duration combinations
in the list to create burn scars

Irregular Grid Software (IGS)

Compare the simulated burn
scars to the inputted burn scar

| Generated Burn scars | Genetic Algorithm

Genera.te.a Il_S'_: of Select and modify
potentialignition

@@__. oint(s) and L Evaluation | | the bestsolutions | | | Output the best
P p (Fitness Function) (Described in solution.

propagation duration

combinations. \Jﬂ 4.2).

Repeat for a user defined

Proceed only with
input burn scars

| Real Historic Burn Scars | number of times generated by the 1GS
Compare to the inputted ignition
Copernicus point(s) and propagation duration.

Figure4.1: The steps used to estimate ignition points and propagatiorationsof inputted wildfire burn scars.

4.1.1The lrregular Grid Software

The Irregular Grid Software (IGS) was selected as the forward running vsldfirator;
however alternative forward running wildfire simulators could be ugdapter 3. The IGS
ran the Rothermel moddbr simulationg46][47]. The IGS takes as input elevation data,
land cover data, landover fuel data and wind data. &Hdata is only used within the 1GS.
The elevation and landover data were sourced from Coperni¢@3]. The landcover map

gl & RSOSt2LISR dzaAy3a | NIYR2Y F2NBaGORINET2 NR (K
landcover classefl57][101]. The combustion properties of each latwver type were
sourced from another wildfire simulator called ForeHfiré1]. Theinputted weather
conditionsincluded wind speed and directio.o provide a focus on the inverse problem
the wind was kept constant throughout all simulationSor the generated input burn scars,
different wind speeds were selected for each burn scar to test the genetic algorithm. For
the historical,real burn scar dataset, the wind datsere sourced from the Irish state
meteorological service called Met Eireann. Met Eireann have historic weather data which
were used to approximate the wind conditions during the wildfires that created the burn
scarg158].
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The IGS was selected as the forward running wildfire software as it discretises (splits up) the
area of interest using grid containing dinite number of polygons. This allows the IGS to
run multiple simulations in the same area faster than other existing software which run on
continuous planes such as ForeR86]. This efficiency was important as in Secdob.2

the IGS is used to run many wildfire simulations seeded by the GA. ThediG&sa user
defined number of sites (points) over the geographic region of intdfést]. These sites

are then used to seedVoronoi diagram For this study 2,000 sites wep@sitionedin

random geographic positions within the region of interest to create a traditional random
Voronoi diagranof polygons Thegrid on whicha particulannput burn scar is presented

on, and the GA trial#s generatedsets of ignitiorpoints and propagatiodurationscontain

the same polygnal arrangement It is important to note that when the IGS discretises an
areait gets the mean elevatioandfuel propertiesfrom all pixels inside the polygon.
Therefore wildfires may propagate in polygons that contain Fgnitablefuel oncethese
polygonsalso contairsomeignitable fuel. An example of this can be seen in Sedtign
Table4.2 where one of the ignition points for wildfire 20 is located in Lough Tay, Wicklow,

Ireland.

4.1.2Generated Burn Scars

Twenty burn scars were strategically generated in the Wicklow Mountains, Ireland using the
IGS, with a selected number of placed ignition points and propagdtications to test a

variety of scenarios.The Wicklow Mountains, Ireland was chosen due to local knowledge,
access to the regigand as it is commonly used by members of the Irish Fire Service for
training exercisesThe burn scaproduced by simulating wildfirpropagationfrom these

ignition points for thé respectivepropagationdurationwere used as inpuburn scas. An
important point to note is that the IGS is also used later in Sedti2r2for all inputted burn
scars, to evaluate GA generated ignition points and propagation durations. This means that
the same weather conditions, terrain properties and forward running wildfire simulators
(using the same wildfire propagation models) are u®dyenerating input burn scars and
evaluating burn scars seeded with data from the GA. This removes any error that could be

due to weather data, terrain properties or the forward running wildfire simulator. However,

it also means that the robustness®fK S ISy SGA O It I2NRAGKYQ&a | 6Af A

76



results when presented with erroneous weather conditions, terrain properties or forward

running wildfire simulators is not tested.

4.1.3Real Historic Burn Scars

Three real historical burn scars from the Wicklow Mountains, Ireland were also used as

input burn scar$103]. There was no existing data regarding the ignition points and
propagationdurationsof these real burn scars. The real historic burn scars were

represented by geocoded polygons. The IGS discretised a region of interest surrounding and
including the burn scars into polygons. The GA estimated propagati@ionsand

ignition points for these burn scars in Section 5. Although the real burn scars had no
recorded ignition point or propagatioduration data, the chromosome with the highest

fitness scorerbm the GA was simulated and visually compared to the real burn scar. The

real burn scars were not used as a method of evaluating the GA but rather they show how

this novel development could be useful in real world applications.

4.1.4Genetic Algorithm Polygon Data

The region of interest surrounding and including the input burn scars consist of a set of
contiguous polygons which are classified as vegetation (unburnt) and ignited (burnt) terrain.

These categories are used in Secto.2during evaluation.

The GA in this chapter required a method to trial setgerferatedpotential ignition points
and propagatiordurationsusing the 1IG3o0 they could be compared to the input burn scar.
A method was developed to encode the polygonal grid from the IGS into a bitstring to be
interpreted by the GAKRigure4.2). Each polygon in the IGS grid was labelled with an index
ranging from O to the total number of polygons (minus one) on the grid. This index
correlated to the position of a bit in the bitstring with the total number of polygons in the
IGS grid being itength, where index 0 was the first bit in the bit string. Any polygons that
contain an ignition point are called source polyg¢heir sites are treated as ignition points
for calculations) Wildfire ignition points are points in space, however while using the IGS

their resolution is limited tdhe polygorsthat encompasshem. The use of polygons to
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represent starting positions means that there is a potential loss of spatial precision as the

spatial resolution can only be as small as the polygons. Every polygon was given a binary
parameter of either being a source polygon or not, where there coulohbee than one

a2dz2NOS LRfeaazyo LT GKS @Fftdz2S Ay (GKS o0A0&0GNA
FYR AT AlG gl & wnQ GKSy durktiensiauatod dusatiods)yadie y 2 U @
stored as a positive integer. It is important to adhat the mentioned datarea record of

the source polygons and simulation durations for chromosomes in the GA, not the input

burn scar. Multiple combinations of ignition points and propagatiarationsare

generated in this format to be compared with the input burn scar and modified. This is
discussed in Sectioh2. The IGS only required a simulation duration and the bitstring to

seed a wildfire. Polygons from the IGS have other data associated with them such as their

class (vegetation, burning or burnt) which are used for other applicafit#ig and are not

relevant for seeding a wildfire
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Bitstring:[0| 0|0 |10

@)
Polygon 1

@

o
Polygon 2 Polygon 4

@)
Polygon O

Polygon 3
(Source Polygon)

Figure4.2: Example of the IGS polygons being converted to a bitstring by index. Polygons with gl sitet wildfire
source polygons while polygons with red sigge. In the bitstring the bits with a value of 1 represent polygons that are
source polygons and bits with a value of O represent polygons that are not.

4.2 The Genetic Algorithm

The genetic algorithm presented called the WSGA (Wildfire Source Genetic Algorithm)
estimates the source polygons and simulation duration of an input burn $cams for a

user defined number of generations (unlessaution with aperfectfitness scoresfound
(Sectiord.2.2). The WSGAses a chromosome description that consists of two parts. One
part is a bitstring that represents the polygons in the IGS simulation (a binary coded
polygon, source or notgnd the other part is a positive integer value that represents the
duration the wildfire should propagatedm its ignition pointsKigure4.3). This allow$or a
WSGA chromosome to seed an IGS wildfire simulasochromosomes hold information
regarding source polygons asanulation duration Thesenformation in these

chromosomes can be modified by later steps in the WSDhere is an upper limit set on

the simulation duration.The user defines this valuand it should be chosen to be longer
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than any likely fire duration but not so long as to increase the temporal limit unnecessarily.

The WSGA has multiple variables like this that can be changed by the user before starting

the WSGA. The values of user defined variables used isttisigare displayed in Section

4.2.13 Table4.1.

Chromosome

Bitstring

0]0]0

Simulation Duration

227

Figure4.3: Example of a chromosome with a bitstring of genes that represent the state of polygons for the IGS simulation
and a positive integer value that represents the simulation duration in seconds.

The WSGA follows most steps of traditional GAs, but some were modified, and completely

new steps were introduced to help the GA specialise in the task of estimating wildfire

ignition poins and propagation duration&igure4.4). The remainder dhis section

explains each step in the GA.

Elite Smart Adjustment of Raw
Selection Mutation Simulation Time Selection
<5
X . .
o If a solution with a perfect
fitness score is found or the
Fitness Function maximum ",umber of Removal of
T i X generations is reached: Program R
Initialisation (IGS Simulation of o Duplicate
Termination
Chromosomes) Chromosomes
Elite Elite
- P Two-Point
Chromosome Chromosome
Crossover

Figure4.4: The steps required to estimate wildfire sources and simulation durations using the WSGA.
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chromosomes but it also increases computational time for each generation. For each
chromosome in the population a bitstring was generated with the same length as the
number of polygons in the IGS gviith each bit representing a polygon in the IGS gfidhe
valueofeverydb AG Ay (GKS o60AG&a0GNAY3a ¢l a ISYSNFGSR
not) from a Bernoulli distribution independent$59]. All bits shared an equal independent
dzZa SNJ RSTAYSR LINRPOolFOoOAfTAGE G2 KIFI@S | @It dzS
As this process ran for every hit,the bitstring, there could be anywhere between zero to
GKS ydzYoSNJ 2F oAlGa Ay GKS o0AGadNARYy3a gA0K
polygons would exist on the grid. The source polygons can appear anywhere on the grid
and were not consained tojustinside the input burn scar. There was also no requirement
for a source polygon to be neighbouring any other source polygdhs.simulation

duration was drawn from a uniform distribution between the values of 1 second and the
user defined maximum simulation duration. A minimum simulation time of 1 second was
selected as the fire would not have a chance to propagate below#hie. However,

wildfires typically propagate for much longer than a secfdf]. These two components
formed the chromosomes in the initial populati¢ggome of these chromosom@mponents

are later modified by the other steps in the WSGAis population was then evaluated

using the fitness function, startingith the first generation.

4.2.2Fitness Function (IGS Simulation of Chromosomes)

Every chromosome in the population list was simulated using the IGS where their source
polygons were set by the bitstring. The wildfire then propagated from these source
polygons for the simulation duration specified by the chromosome. All IGS simslatere

run in C++ for increased computational efficiency, although Python could also beltiged.
important to nae for the generated burn scarghe IGS simulations in the fitness function
used the saméand covemaps,land cover fuel dateglevationmaps, wind data and wildfire
model as wereinitially used to generate theeinput burn scars. Thiness function can be
described as a simple function that quantifies the fraction of simulated burn scar that match
the input burn scar. This was done by comparing the burn status of polygons between the

IGS outputted burn scar seeded by the WSGAthadput burn scar. For the fitness

function, polygons could be in one of two classes, either vegetation or ignited (these classes
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are only used to calculate a fitness score, they do not alter the bitstring of the chromosome
in any way).Any polygons that could propagate the wildfire (polygons that contain ignition
points or polygons that have had the wildfire propagate to their site) are in the ignited class
while all other polygons are in the vegetation clabsr most of the results in thtudythe

two classes were equally weighted when calculating the fithess score, but there is an option
to have different weightselectedby the user. The optimal fithess score was calculated by
checking every polygon in the input burn scar and summing up the weights associated with
each polygon class as showr(l.4.1) and(Eq.4.2). This provided a means of relative

scoring for the chromosomes.

. O0h Q@ 0.
YO 0 h Q&v o’oh
(Eq.4.1)
0 YO h
(Eq.4.2)

wherewis a polygon;Yw is a function that checks the class of a polygoenif‘Qhen
polygonwis ignited and the wildfire has propagated to its siteyif wthen polygonwis still
vegetation and the wildfire has not propagated to its siieN 5 is the weight for ignited
polygons) N s is the weight for vegetation polygon§, Ttis the optimal fitness
scorecalculatedby getting thenumber of ignited polygons times their weight, summed with
the number of vegetation polygons times their weight  Ttis the total number of

polygons, (s the index of a polygon and is the polygon at indeX®f the input burn scar.

The similarity between input burn scar and the WSGA chromosome seeded burn scar was
found by comparing the classes of polygons of the same index in each burn scar. If the class

A 2 4 ooA

2T | aStSOGSR LRfed2y Ay (GKS OKNR2r¥thesameS Qa
GKSy (GKS FTAlySaa ao0O2NB AYyONBlIaSR o6lFlasSR 2y
increase FFigure4.5) (Eq.4.3) (Eq.4.4). Every polygon within the chromosome was

compared to the same polygon in the grid from the input burn scar.

82

od
0 K



Polygon Representation of WSGA Chromosome
Input Burn Scar Simulated Burn Scar

Both polygons are in the

@
Polygon 1 vegetation class (+wy).

N

‘___\O
Polygon 1
-~ ‘

O
Polygon 2

Polygon 4

Polygon 2 Polygon 4

Both polygons are not in
|
the same class (+0). \

P IO\
eI Both polygons are in the

ignited class (+w;).

N

Polygon 0 Polygon 0

O
Polygon 3

Figure4.5: An example of the comparison between polygons of the input burn scar and a simulated chronimsorsear
where green polygons are in the vegetation class and orange polygons are in the ignition class. If polygons of the same
index are vegetation, then a weight is added to the calculation of the fithess score, if they are ignited then a weight
is added and if they are not in the same class then nothing is added.

0 h Q@uy O
v e 0 h Q@wy o .
v ow T[F] "0QN "Q;.)N G h
mh  Q@v aoy O
(Eq.4.3)
B 06R .
“O ~ h
V)
(Eq.4.4)

where y is a polygon) 6w is a function that checks the classes of polygbasd wfrom
the input and WSGhromosome simulated burn scafQis the fithess score of the
chromosomerelative to theoptimal fitness scoreando is the polygon at inde¥»f the

simulated chromosome burn scar.

This process produced a fithess score which was used to rank chromosomes in terms of
similarity to the input burn scar. If the fitness score was 0 then the chromosome seeded
burn scar had no polygons of the same index in the same class as the inputaurnfshe
fitness score was 1, the chromosome seeded burn scar was a perfect match with the input

burn scar for each polygon. If there was a perfect match or the maximum number of
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generations was reachethe WSGA terminated. Otherwise, the WSGA continued with elite

selection.

4.2 .3Elite Selection

Elite selection involves checking the fitness scores of the chromosomes after every
generation. Itis part of a process called elitism; a technique commonly used in genetic
algorithms that preserves the best chromosonj#60]. Without the use of elitism, the

WSGA continued to provide good solutions occasionally, but some of the best chromosomes
determined bythe fitness function were lost in previous generations. Preserving the best
chromosomes between generations allowed the WSGA to improve these specific
chromosomes iteratively and output the best solution at the end. For elitism in the WSGA a
new list callel an elite list was created to separately store elite chromosomes; it had a user
defined length. If a new chromosahad a fithess score that is greater than any of the
chromosomes already in the elite list, or if there was empty space in the elite list, then a
copy of that new chromosome from the population was placed in the elite list. If there was
no empty space othe elite list, the existing chromosome with the lowest fithess score

already in the elite list was removed.

4.2.4Smart Mutation

Smart Mutation was used to make minor adjustmetashe source polygonef a

chromosome.It replaced the traditional form of biflipping mutation used in many genetic

algorithms, where every gene has a random chance of changing[\&lie Smart

mutation only affected chromosomes that had a fithess score above a certain user defined
threshold. The bitstrings of chromosomes above this threshold were checked. Once a bit
GAGK | @FtdzS 2F WmQ g a T2 dzyittdhe bitténg to find 2 NA (1 K Y
the polygon of the same index and looped through all its neighbouring polygons. While

looping through all neighbouring polygons there was a user defined chance for the source

polygon to mutate to a noisource polygon and for @eighbouring polygon to then mutate

into a source polygon. Essentially swapping the bit values of these two neighbouring

polygons within the bitstring. Once this happened the process halted for that original
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polygon (bit) and smart mutation continued to search the remainder of the bitstring for bits
GAGK | @FrtdzS 2F WYmQo ¢CKA& LINRPOSaa ltft28SR ¥
polygon between each other to improve the probability of obtainirtygher fithess score in

the next generation Eigure4.6).

Before Smart Mutation (F > m,) After Smart Mutation

‘ The source polygon
sstng: [0 [0 [0  1]0] pirsionranense ssting: L]0 [0 o] o]
its neighbour Polygon 0.

@) O
Polygon 1 Polygon 1

@) 0]
Polygon 2 Polygon 4 Polygon 2 Polygon 4
@)
Polygon 0 Polygon 0
(New Source o
Polygon 3 Polygon) Polygon 3

(Source Polygon)

Figure4.6: Example of smart mutation swapping which polygon is a source polygon. Smart mutation can only perform this
action between neighbouring polygons. Polygons with gre aite not wildfire source polygons while polygons with red
sitesare. In the bitstring the bits with a value of 1 represent polygons that are source polygons and bits with a value of 0
represent polygons that are notOis the fitness score of the chromosome aidis the user defineditness score
threshold for smart mutation to occur.

4.2 .5Adjustment of Simulation Duration

The simulation duratiosiof all chromosomesvere updated every generation, to try and

increase the fitness score of the chromosomes in future generations. The area of the
chromosomesimulated burn scawas compared to the area of the input burn scar (unlike

the fitness function, this was only a comparison of areas to gauge how much the simulation
duration of the chromosome should be adjusted). Area was chosen as a reliable comparison

as the burn scarsfavildfires tend to increase in area over timdnen the fire is still burning

[162]. If the area of the burn scar from a simulated chromosome was greater than the area

2T UKS AyLlzi odz2NYy aO0FINE (GKSY G(GKFEG OKNRBY2&a2YS
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generation. If the area of the burn scar from a simulated chromosome was smaller than the
FNBF 2F GKS AyLlzi o6dzNYy a0FNE GKS OKNRY2a2YSQ
the chromosome burn scar and the input burn scar were the same, the@tKeN2 Y2 4 2 YS Q&
simulation duration did not changelhe adjustment of simulation duration is applied to the
chromosomes, therefore the remaining steps in the WSGA involving the chromosomes use

the updated simulation duration affecting the next generatidrater steps in the WSGA

such as twepoint crossover and diversification provided an alternate mechanism for varying

the duration. The updated simulation duration for a particular chromosome in seconds was

found using

0¢

i Ol OTi A0

(Eq.4.5)
where i p is the new simulation duration for the chromosome {s), pisthe

previous simulation duration for that chromosome @), T1tis a weightwhich altersthe
amountthe simulation duration wilthange o Ttis the area of the of the input burn scar

(m?) ando Ttis the area of the burn scar from WSGA chromosome seeded wildffje (m

In equation(Eq.4.5) the term decreases linearly as increases.This is perfect for
influencing the rate at which  should decrease whem 0 . Howeverifo 0 ,

and0 approaches the value of, €he term

approaches the value ofwhich does not

sufficiently influence the rate at whiagh  should increase. Therefore, the terr— was

added to the equation which exponentiallycreases whe® 0 ,and0 approaches
the value of 0. Téatwo terms added togetherexponentially increasthe value ofi
when 6 0 ,and decreas¢he value ofi in anapproximately lineafashionwhen

0 0 (Figured.7). The two terms can also be simplifiadseen in(Eq.4.6).
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Figure4.7: Graph & ——

as a function 0b , giveno .

4.2.6Raw Selection

Raw Selection was used to select chromosomes based on their fitness score. A user defined
number of chromosomes were chosen using raw selection. The chromosomes were

selected in descending order of fithess scfymen the fitness function.

87



4.2.7Removal of Duplicate Chromosomes

Thesetof chromosomes compiled using raw selection were compared. If any chromosome
had the same fitness score and bitstring as another chromosome, then one of them was
replaced with a newly generated random chromosome. The creation of a new chromosome
was identical to the process of generating chromosomes in the initialisation step of the
WSGA. This increased diversity among the list of chromosomes for the following steps in

the WSGA.

4.2.8Two-Point Crossover

Two-point crossover was used to combine the bitstrings within all chromosomes from the
previous step with one another to produce new chromosomsing the combined

bitstrings analogous with meios[463]. As raw selection extracted chromosomes with high
fitness scores, combining bitstrings from these existing chromosomes has a chance to
generate chromosomes with even higher fithess scores. -Jouat crossover also increases
genetic diversity in the newlproduced chromosomes. The combining process occurred

with two chromosomes from the previous step in the WSGA at a time which generated two
new chromosomes each time. For exampglieen two chromosomes A and B, tpoint
crossover works as followg.obegin two positions in the bitstrings known as indices are
randomly selected, these indices are the same for both chromosomes A and Byt k
crossover, k number of indices would be selected). The segments of the bitstrings between
the start, crossover thices and end of the bitstrings are split up into smaller bitstrings called
substrings for both chromosomes A and B. New chromosomes C and D are then created by
swapping every odgyositioned substring between chromosomes A andiByre4.8). For

this algorithmthe crossovelindices coulde randomly placedefore the first orafter the

last bit in the bitstring whiclheducedthe number ofcrossoveindices and number of

substrings which would be swappedhe simulation duratiafor chromosomes C and D

arethe roundedmean simulation duratiofrom chromosomes A and &q.4.7).
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Chromosome A Bitstring Chromosome C Bitstring

p—— v
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Chromosome B Bitstring Chromosome D Bitstring

Figure4.8: An example of twepoint crossover betweebitstrings fromchromosomes A and B, to credigstrings for
chromosomes C and D. The indices selected for this exarfipl®-point crossover were 2 and 5 and are represented by
red lines. The parts difie bitstrings fromchromosome A and B that make tig bitstring forchromosome C, are blue
while the parts that make uthe bitstring forchromosome D, are green.

C
(Eq.4.7)
wherei ,i ,i andi are the simulation durations for chromosomes C, D, A and B

respectively (s).

Running this process on the set of chromosomes from the previous step can produce many
new chromosomes as every chromosoméhe setgoes through the process of twmoint
crossover witreachother. The total number of new chromosomes that will be produced
can be found usin¢eq.4.8).
& g€ ¢ ph
(Eq.4.8)
where¢ is the total number of new chromosomes produced from crossovereand ¢ is

the number of chromosomes selected during raw selection.
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These new chromosomes formed a new list. If the number of new chromosomes produced
was above the user defined number of chromosorfeeeach generation@opulation, then
chromosomes were randomly removed from the new list until its length was the same as
the user defined value. If the number of new chromosomes produced was below the user
defined number of chromosomes in each generafigibpulation, then chromosomes were
generated (likeSection4.2.1) until the number of new chromosomes in the new list was

equivalent to the user definedumber of chromosomes per generation

4.2.9Diversification

Diversification is the process of adding unique chromosomélpprevent the WSGA

from getting stuck at a local optimufti64]. In this study diversification was performed by
adding new original chromosomégenerated like the initialisation stefp) the population
every generation. Without diversification, populations in the WSGA tended to converge to
one (typically sulpptimal) solution. Diversification solved this potential challenge by
generating a preselected number of new chromosomes indeplently from those

generated by twepoint crossover. The newly generated chromosomes randomly replaced
existing chromosomes in the list created from tpoint crossover, introducing new and

random chromosomes into the population.

4.2.10Elite Chromosome Flushing

Elite chromosome flushing was developed to increase diversity when the WSGA had
stopped developing better solutions. If a user defined number of generations passed
without any new chromosomes entering the elite list, the entire population was removed
andreplaced with newly generated chromosomes (the elite list remains unchanged). As the
number of generations in the WSGA increasdite chromosome flushing occurs more

often as the existing chromosomes in the elite list tend to have high fitness scaakgnt

hard for new chromosomes to enter the elite list. DueSectiond.2.11], elite chromosomes

remainedin the population
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4.2.11Elite Chromosome Reintroduction

Elite chromosome reintroduction was the final step in every-temminating generation. It
replaced random chromosomes in the list with the set of chromosomes stored in the elite
list. This process preserved the best chromosomes throughout every gemerasiterthis
stepthe new generations definedand the WSGA looped back to run the fitness function on

the new generation and continued the process.

4.2.12Program Termination

Program termination occurred when the WSGA reached the user defined maximum number
of generations or had a chromosome with a perfect fithess score. The WSGA extracted the
best chromosome by fithess score from the elite list and outputted it. The chromeso
contained the bitstring and simulation duration that were estimated by the WSGA to be the

best match for the input burn scar.

4.2.13Generating Results

In Sectiond4.3the WSGA is compared with the set of input burn scars. For these tests the
following user defined valugzresented inTable4.1 were used For each of the simulations
performed using the IGS, the tins¢ep was 1% of the simulation duration, with a minimum

time step of 1 second.
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Term Variable Value
Number of polygons in IGS simulations (length of bitstrings € 2,000
Maximum simulation duration (seconds) € 1,000,000
Maximum number of generations 3 1,000
i i : N
Number of chromosomes in each generation € A1 O T=A
CTT
Probability to set the value of any bit in a chromosome i P
OAGAGNARAY3T (G2 WmMQ 6KSY ONEBI ¢
to set a source polygon)
Fitness function weight for ignited polygons 0 0.5
Fitness function weight for vegetation polygons 0 0.5
Elite chromosome list length | i GTS—A
v
Adjustment of simulation duration weight 0 0.005
i i : <
Number of chromosomes selected during raw selection € di & IZA
Fitness score threshold for smart mutation to occur a 0.85
Probabilityfor smart mutation to occur to each neighbour of @ 0.25
an affected polygon ,
Number of chromosomes generated in diversification € di 6 TS—A
p T
Number ofgenerations without a newly created elite g 30
chromosomebefore elite chromosome flushing occurs

Table4.1: Explanation of variables used in the WSGA accompanied by the values that wete gerdrateSectiord.3.

To verify the WSGA, twenty I@8neratedinput burn scars were used. These burn scars
were created bystrategicallyplacing ignition points and setting various simulation durations
to generatea wide variety ofnput burn scars. The WSGA was then used to try and estimate
source polygons and the simulation duration for each of these input burn scars. When a
simulation had multiple ignition points, all ignition points began propagating simultaneously
once the simlation started and their respective wildfe fronts propagated for the entire

simulation duration.

The precision of the source polygon positions estimated by the WSGA output were
compared to the position of source polygons used by the IGS to generate the input burn
scar Their simulation durations were also compared. The error of WSGA source polygon
placement was found by measuring the proximity of the WSGA estimated source polygons
to the source polygons of the input burn scar. The distance between each of the input burn
scar source polygons and their nearest WSGA source polygon was summed alahg with
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distance between each of the WSGA source polygons and their nearest input burn scar

source polygon.The sum of distances betwedime WSGA and input burn scsource

polygons was choseas each individual distan@®ntributed to the overall errar Therefore,

using this methoderrors in the number of source polygons that the WSGA estimated

contributed to the overall error. Othemethodssuch as finding the mean distarsce

between WSGA and input burn scar source polygons would not capturdihtise case of

duplicate distances (where a source polygon from the WSGA and input burn scar are both
SIOK 20KSNIRA& ySIFENBadG O2dzy GSNLI NIz 2yfe 2yS
a measurement was made that included the minimum unique digtarmetween all WSGA

source polygonandall theirinput burn scar counterparts and vice verdauplicate

distances tendedo occur when the WSGdstimated the same amount of source polygons

in similar locations a the input burn scar.The distance between polygons was found by
A3SGGAY3T GKS RA&GF YOS 0eSumgféhbse disiakKcBwatigeh & 32y 4 Q &

made relative to the mean diameter of the input burn scar, estimated from its @gal.9).

E

(Eq.4.9)
where0 is the area of the input burn scar frando is the mean diameter for a wildfire

with aread (m).

This allows a relative distance error between input burn scar and WSGA source polygons to
be calculated using the sum of unique distances and the mean diameter of the w(ktire

4.10).

(Eq.4.10)
whereOis the sum of unique distances from the input burn scar source polygons to WSGA
estimated source polygons and from the WSGA estimated source polygons to the input burn
scar source polygons (m) is therelativedistance error between the input burn scar
source polygons and the source polygons estimated by the WSGA amthe number of

source polygons that formed the input burn scar.

93



The relative distance error is dimensionless as it is relative to the area of the input burn scar.
For example, if an input burn scar had a mean diameter of 100esiend the WSGA had a
relative distance error of 0,hen the cumulative distance error between source polygons
would be 10 metes(if the input burn scahad the same number of source polygons as the
WSGA estimated)

The relative simulation duration error was also dimensionless. It was found by getting the
difference between the input burn scar simulation duration and the WSGA outputted
simulation duration, then dividing by the input burn scar simulation durati®his madéhe

value relative to the input burn scar simulation duratigy.4.11).
S8y
i
(Eq.4.11)
where - is therelativesimulation duration error between the wildfire that caused the

input burn scar and the wildfire estimated by the WSGAs the simulation duration of the

WSGA chromosome (s) andis the actual simulation duration for the input burn scar (s).

It took the WSGA a mean time of 3 hours to estimate the source polygons and simulation
duration of all IGS generated burn scars using an Intel@«Ge+E0870H Processor @
2.20GHz.The process of simulating the wildfires represented by chromosomes could be
completed in parallel which is an avenue for potential future work. This could greatly speed
up the process. Computing could also be done on a Graphics Processi(@Rnwhich

could reduce computing time even further.

4.3 Results

Twenty IGS generated burns scars were used to validate the WSGA. They were chosen to
have avariedsetof wind speeds, simulation durations and number of ignition poimt{e

4.2). This was to test the versatility of the WSGA. A comparison of the polygonal input burn
scar and the WSGA seeded burn scars were recorded along with the fitness score of the best
chromosome in the WSGA for each generatieigre4.9). A complete set of figures can be
found in SectiorA.2Figures for aWSGA Results
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Input Burn Scar Simulated By the IGS Input Burn Scar Simulated By the IGS
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Figure4.9: An example of the results obtained using the WSGA. The top row shows the input burn scars of Widfate
Wildfire 17 respectively, simulatedsingthe IGS. The middle row shows the burn scars created by simulating the wildfires
from the best chromosome produced by the WSGA using the IGS. The condition of the polygons is represented by their
colour, not burnt (transparent), wildfire source (green), hiag (red) and burnt (black) based on the mass of the polygon in
that state, with a satellite image of the terrain in the background (Copernicus 2022)visual outputs are cropped to
show source polygts, but the simulations may continue using the grid outside of this cropped zidmebottom row
shows the fitness score of the best chromosome at every generation of the WSGA for these wildfires.
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Wildfire Wind Fitness Generations | Input Burn Scar WSGAEstimated Relative Input WSGA Relative WSGA
(Zonal, Score Required to | Source Polygon Source Polygon Distance Error Simulation Simulation Simulation Computational
Meridian) Produce Locations(x, y) Locations(x, y) Between Duration (s) Duration (s) Duration Run Time (s)
(m/s) Solution (EPSG:2157) (EPSG:2157) Source Error
Polygons
1 (0,0) 0.97 1,000 (715271, 702304) | (715524, 702442) | 0.09 100,000 95,237 0.05 11,605
(715382, 702057)
2 (0,0) 0.97 1,000 (713365, 705054) | (713061, 705883) | 0.56 100,000 79,738 0.2 12,277
(714440, 705597)
(712959, 704975)
(713993, 704561)
(712929, 704404)
3 (0,0) 0.94 1,000 (715676, 706553) | (715058, 706859) | 0.1 100,000 97,706 0.02 11,867
4 (0,0) 0.95 1,000 (710850, 708042) (710759, 708466) | 0.06 100,000 101,910 0.02 12,332
5 (0,0) 0.98 1,000 (713507, 708387) | (713192, 709580) | 1.26 50,000 25,552 0.49 11,627
(714328, 709126)
(712686, 708643)
(712746, 708338)
(713993, 707785)
6 (0,0) 0.97 1,000 (712615, 708870) | (712361, 710102) | 1.35 50,000 22,839 0.24 10,430
(712239, 709521)
(713365, 709373)
(712665, 709225)
7 (0,0) 0.99 1,000 (715829, 708259) | (715585, 708732) | 0.42 30,000 16,456 0.45 11,532
(715879, 708269)
(715656, 707756)
8 (0,0) 0.98 1,000 (713547, 711187) | (713547,711187) | O 75,000 70,331 0.06 11,893
9 (0,0) 0.95 1,000 (714358, 702047) | (713892, 702185) | 0.07 110,000 109,932 0.0006 11,216
10 (0,0) 0.96 1,000 (715170, 702313) | (713760, 703132) | 0.64 125,000 81,360 0.35 11,899
(716335, 702570)
(715251, 701604)
(714470, 701170)
11 (0,0) 0.91 1,000 (704068, 703516) | (703479, 705242) | 0.47 130,000 93,987 0.28 11,888
(706024, 703999)
(703043, 702767)
12 (0,0) 1 531 (713497, 707194) | (713497,707194) | O 150,000 149,886 0.0008 7,207
13 (0,0) 0.93 1,000 (715210, 702264) | (711824, 707795) | 0.09 100,000 83,724 0.16 12,996
(714287, 704975) (711591, 705567)
(711692, 706730) | (715139, 705133)
(715139, 701574)
14 (0,0) 0.95 1,000 (715271, 702264) | (714946, 705133) | 0.1 75,000 74,052 0.01 11,565
(714855, 704650) | (715078, 701535)
15 (0,0) 0.97 1,000 (715180, 702530) | (714075, 708505) | 0.14 30,000 42,058 0.4 11,117
(715849, 702935) | (715595, 702905)
(713770, 708111)
16 (0,0) 0.98 1,000 (714734, 704699) | (715139, 707776) | 0.05 50,000 53,694 0.07 11,449
(715423, 707657) | (714673, 704857)
17 (1,3) 0.98 1,000 (713973, 703763) | (714308, 704295) | 0.04 50,000 58,962 0.18 13,143
18 (1,-3) 0.99 1,000 (712665, 715703) | (712665, 715703) | O 30,000 28,616 0.05 11,564
19 (-0.5,-0.4) 0.99 1,000 (713892, 707480) | (714723,708130) | 1.11 20,000 13,738 0.31 11,497
(713507, 708091)
(713902, 707056)
20 (-1,0.1) 0.97 1,000 (712706, 715762) | (710120, 716432) | 0.14 50,000 33,102 0.34 13,181
(716092, 707361) | (712310, 715180)
(715342, 707815)
(716366, 707480)
Mean 0.97 0.33 0.18 11,614
Standard Deviation 0.02 0.44 0.16 1,241
Standard Error 0.01 0.1 0.04 277
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Histogram of the Relative Distance Error Between the Histogram of the Relative Simulation Duration Error
Source Polygons of the IGS Generated Input Burn Scars Between the IGS Generated Input Burn Scars and the
and the Best WSGA Chromosome Seeded IGS Simulation Best WSGA Chromosome Seeded IGS Simulation
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Relative Distance Ermor Between Source Polygons Relative Simulation Duration Error

Figure4.10: Histograms with values split into 10 bins of the relative distance error between source polygons and relative
simulation duration error between the 20 IGS generabedn scarand WSGAeeded burn scafsom Table4.2.

The WSGA was also run on the three real burn scars covering areas of the Wicklow
Mountains, Ireland. These burn scars were sourced from Copefdie8f where they had

the IDs 18433, 15164nd 284. For these simulations the fitness function weights were
changedta) & wndv & vas the WSGA tended to overestimate the number of
source polygons using the valuesTiable4.1d 2 AYR RFGF 6SNB &2dz2NOSR
historic dataset of wind speeds to find the daily mean Zonal (West to East) and Meridian
(South to North) wind speed at the Casement weather station for the date listed by
Copernicus for each burn scar. Thaavspeeds were as follows: 1.08m/s zonal and
1.87m/s meridian for burn scar 184333.04m/s zonal an&0.54m/s meridian for burn scar
15164 and-3.34m/s zonal and Om/s meridian for burn scar 2848]. Due to the real burn
scars having no accompanying information regarding their ignition points or propagation
times, it was not possible to calculate relative distance error or relative simulation duration
error for these real burn scars. Running the®®Sonly serves to estimate possible ignition
points for these burn scars. It demonstrates the potential utility of the mettrogure

4.11).

97



Burn Scar Produced from Best WSGA Burn Scar Produced from Best WSGA Burn Scar Produced from Best WSGA
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Figure4.11: Burn scars of Wildfires 18433, 15164 and 284 (purple outline). The WSGA estimated the source polygons and

simulation durations for these burn scars. The IGS then simulated the wildfires on a polygonal grid using this output from

the WSGA. The conditiai the polygons is represented by their colour, not burnt (transparent), wildfire source (green),

burning (red) and burnt (black) based on the mass of the polygon in that state, with a satellite image of the terrain in the

background (Copernicus 202Zjhe WSGA estimated simulatidaration for wildfire 18433 was 11,074 seconds, wildfire
15164 was 11,153 seconds and wildfire 284 was 9,514 seconds.

In some cases, the WSGA seeded IGS simulated burn scars did not fit well with the real burn
scars. The burn scar of wildfire 18433 was most likely shaped by the landscape in the
region. The landover data used by the IGS has a resolution of2.0fierefore, small

rivers near wildfire 18433 that may have affected the actual wildfire may not influence the
wildfire simulation Figure4.12) [165]. A finer polygonal grid and the manual inclusion of

river data would likely produce a better fitlhe wind data inputted into the WSGA for these
real burn scars ererecordedat the nearest weather station Casement, Co. Dublin, Ireland
which is over 15km away from the real burn scars. The burn scars are also located at an
altitude over 200m higher than the weather station. A weather station located on the
Wicklow Mountains woul provide more accurate data. Both wildfires 15164 and 284 may
have occurred in different wind conditions. The WSGA was run again on burn scars 15164
and 284 but this time the zonal and meridian wind speeds were manually set to 0.1m/s and
3m/s respectivey for wildfire 15164, an®#6.5m/s and Om/s respectively for wildfire 284.
These parameters produced better results. This demonstrated the importartaglef
qualitywind data. The ignition point was estimated to be on the Southern section of burn
scar 15164 and the Eastern section of the burn scar Bgfife4.12). Other factors such as
changes in landover since the wildfire occurred could also influence the wildfire

simulation. Temporal variations in the wind from real historic wind data could not be

included in these simulations as the exact time these wildfires occurred was unknown.
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Figure4.12: Burn scars of Wildfires 18433, 15164 and 284 (purple outline). Wildfire 18433 has rivers superimposed which
may have affected the real wildfire but not the simulation. The WSGA estimated the source polygons and simulation
durations of Wildfires 15164 artB433 with new wind conditions. The IGS then simulated the wildfires on a polygonal
grid using this output from the WSGA. The condition of the polygons is represented by their colour, not burnt
(transparent), wildfire source (green), burning (red) duant (black) based on the mass of the polygon in that state, with a
satellite image of the terrain in the background (Copernicus 2022). The WSGA estimated proghgation for wildfire
18433 was 11,074 seconds, wildfire 15164 was 10,319 seconds and wildfire 284 was 4,152 seconds.

4.4 Discussion

The results show that WSGA was able to estimate the source polygons and simulation
duration of IGQeneratedinput burn scas. The mean relativdistance error between the
IGSgeneratedinput burn scasource polygonand WSGA source polygons was 0.33 with a
standard deviation of 0.44, while the mean relative simulation duration error was 0.18 with
a standard deviation of 0.16The variation was caused by some WSGA seeded wildfires
underestimating or overestimating the number of source polygons that were used to create
the input burn scars. Many of the WSGA seeded wildfires had relative simulation duration

errors that were bedw the meanwhichwas inflated due to outliers such as Wildfire 6.

It was also clear thaan increased fitness score does not always mean a lower relative
simulation duration error and relative distance erravhen comparing the WSGA to the IGS
generated input burn scars. This can be seen in Wildfires 2 and 9, where Wildfire 2 has a
fitness score of 0.97 while Wildfire 9 has a fitness score of 0.95. Wildfire 9 has a lower

relative distance erroandrelative simulation duration error than Wildfire 2.
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