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Fire is a complex biophysical variable thats shapethe land surface for over 400
million years and coiriues toplay important roles in landscape management,
atmospheriemissionsand ecologyOur understanding of globald patterns has
improved dramatically in recent decades, coincident thigtrise olsydematic
acquisitionand development of global thematic produssedn satelliteremote
sensing. Currently, there ase\eral operational algorithms which map burned area,
relying on coarse spatial resotut sensors with high temporal frequencies to identify
fire-affeded surfaces. While wildfires have been analyzed over large areas at the
pixel level, objecbased metbdscan provide more detailedtributesabout
individual fires such as fire sizegverity,and spread rateThis dissertation evaluates
burned ara products using objetiased methods to quantify errors in burn shapes

and to extractridividual fires from existing datasets.



First, a wallto-wall intercomparison of four puldly available burned area products
highlights differences in the spatial at@inporal patterns of burning identified by
each product. The results of the intercongmarshow that the MODIS Collection 6
MCDG64A1 Burned Area product mapped the most burneal aueof the four

products, and all products except the Copernicus Burra preducshowed
agreement with regard to temporal burning pattdmerder to determine the fithess
of the MCDG64A1 product for mapping fire shapes, a framework for evaluating the
shape acaacy of individual fires was developed using existing obipasted metrics
and a novel m & torMitecobjectasesl acueadygesessment
demonstrated that MCD64A1 preserves the fire shape well compared to medium
resolution data. Based on thesult, an algorithm for extracting individual fires from
MCDG64A1 data waseleloped which improves uponisting algorithms through its
use of an uncertaintiyased approach rather thempirically drivenapproaches. The
individual fires extracted by thalgorithm were validated against medium resolution
data in Canada and Alaskaing objectbased metrics, and the results indicate the
algorithm provides an improvement over similar datasets. Overall, this dissertation
demonstrates the capability of coaresolution burned area products to accurately
identify individual fire shapgand sizesRecanmendations for future work include
improving the quality assessment of burned area products and continuing research

into identifying spatiotemporal patterns inefisize distributions over large areas
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ChapterIi | nt rta dounc

Background

Fire is an important land surface process affecting systems at multiple scales.
At present, wildires burnare st i mat ed two to four percent
every year (Randersaat al, 2012; Giglioet al, 2018; Humbeet al, 2019).
Charcoal records show that fire has played a role in shaping the Earth for hundreds of
millions of years $cott and Glsspool, 2006; Pausas and Keeley, 2009). Though
sometimes viewed through the lesfdire as a landscape disturbance (Tureteal.,
1998, wildfires can be an important part of an ecosystem in equilibfitan
Langeveldest al, 2003) and caiact as a control on the extent of vegetation types
globally (Bond and Keeley, 2005; Bond, Whward and Midgley, 2005).

In wildland areassuchasborealforests lightning can result in large
wildfires. Inmore inhabited parts of tiveorld, humans play aignificant role in
initiating fires and shaping global fire patterns, often with differeselg depending
on the region in question. For trsandf years, humans have used fire as a tool for
clearing land, managing pests, and pastureag@ment (Bowmaat al, 2011). On
the other hand, human activity in recent decades has led to an overadisgein the
number of fires in and around popidd aeas due to targeted suppression (for
example, to protect property) or through indirect sapgion througlctions such as
constructing roads or cutting fuel breaks which slow the propagation aefcfioss the

surface (Mouillot and Field, 2005; Mari etal., 2008; Andeleet al, 2017).



The influences of climate and human variables have notdmestant throgh
time, owing to shifts in the human population size and location. The Industrial
Revolution at the turn of the 19th century, is a logicadkpont during which rapid
changes in technological capacity which allowed the human populatioarease
dramatically. It was found that while fire activity over the last millennium can be
modeled effetively using vegetation and climatological variedgl human variables
were necessary to replicate known fire patterns (Pechony and Shindell, R@4.0).
resutacor ding to the same aut horpone wi | | be an
environmententuiyn the 21st C

While human actions such as sparking igmis, creating fuel breaks through
land fragmentation, active fire suppression, and land coveecsion can negje
some effects of climate on wildfire activity (Syphatdal, 2017), anthropogenic
climate change isonethelesexpected to affect the fj@ency extent, and severity of
wildfires (Westerlinget al, 2006; Flannigart al, 2009; Abatzglou and Kolden
2011). Furthermore, gasses and particulates released plafirenportant rolein
climate change by altering planetary albedo and inangasiepresence of
greenhouse gasemnd potentially creating a feedback latgpending on the lation
(Hansen ad Nazarenko, 2004; Pyne, 2007; Pechony and Shindell, 2010e€Chkn
2018).

The complexiy of these interactions underscores the importahce
understanding fire as a dynamic variable through time. This has been recognized in
the contexbf climate chage by several governing bodies, includatghe

international levele.g. the Intergovemental Panel on Climate Chan@eCcC,



2012). Fora longtime, there had been recognition that we need better data on the
frequency, extent, and characteristic$ira, so as tde able to track changing fire
regimes Justice and Dowty, 1994nd fire isincludedamong the Essential Climate
Variables(GCOS, 2019defined by the World Meteorological Organization (WMO)
Global Observing System for Climate (GCOS).dsponse to thesneeds, the
international science community has come together tdesnd coordinate fire
products from satellite da with global coveragenitially throughthe International
Geosphere Biosphere Programme Data and Information SysE&8R-DIS;
Townshed, 1991 and moreecently throughhe Global Observations of Forestd
Land Cover Dynamic€GOFC/GOLD) Fire networkJustceet al, 2003) and the
GEOGlobalWildfire Information SystemGEQO, 2019)At the national level,
programs such as tiMonitoring Trend in Burn Severity project in the United States
(Eidenshinketal., 2007) and the Canadian Wildland Fire Infotina Systent
provide records of individual fires with attributes such as the start date, end date, area
burned, and burn severit

Recordsoffie activity can inform description
which often includes information about the sinel dpead of fires, fire intensity,
burn severity, fire frequency, and seasonality (Bond and Keeley, 2005).i3nere
standartzed definitionof fire regime, thouglseveral classification schemes have
been proposed. Characteristics of individual firea edfect the survival of existing
species, even those which have developeddierant adaptations (Fuller, 1991;

Whelan, 199%h For examplefuller (1991) details that the snowbrusanothus

1 https://cwfis.cfs.nrcan.gc.ca’lhome
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which is afire-dependenspecies found in chaparral ecogyss requires a fire
temperature of 113 degrees Fahrenheit for seeds to germinate, but, above 300 degrees
Fahrenheit the seedslWwot surviver fire intensity is, therefore, a key variable in
determiningthe rate at which the snowbrusbanothugan rectonizethe burned
area. Considering fire size, Whelan (198B8§iTurneret al (1998 notethat postfire
vegetation succession comes from two souirdbée seed bank&maining from
species which were pent during the firegr re-sprouting and colonizen from the
nearby unburned species. The distance of a given location within the burn to the edge
of the burn determirsghe advantage the nearby calong species wald have, thus
fires with a high pemeterto-area ratio could favor colonizing specasl \ce versa.
Proximity to fire, at a broader scale, also plays an important role. Fires near
inhabited areas put lives and property at (B&wmanet al.,2011), and smoke
released by fires is a publhealth hazarddr a thorough review, see Reilal.,
2016. The ramifications of fires can be fegaching as well. For example, fires
occurring in boreal forests and tundra can loft back carbos@wtdnto the
atmosphere, which can transport it tigtrer latitudes where it settles on permafrost,
thusly accelerating melting and further release of greenhouse gases such as methane
(Hall et al.,2017).
Knowing that anthropogenic climate forcing affefite-related dimate
variables (Abatzoglou and Wilims, 2016), establishing baseline datasets of fire
charatteristics is important to understanding how fire patterns are changing at all
spatial scaled?deo-fire records have been established in sepezific locals for

periods spanning centusi¢o millennia using sampling methodologies sugh a
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analsis ofcharcoal records and lake sediment sampling §egtt and Glasspool,
2006; Sugiharat al, 2006; Gaviret al, 2007. These recordarenot generated
throughstandardizé analysis techniqueand arespatially sparse due to the
considerable effort required to construct timelines of fire for each loodatterson,
Edwards and Mguire, 1987; Higuerat al, 2011)

In recent decades, remote sensing through satelhisenations has been a
valuable source of data for studying land processes in general and has been used as a
data source fageneratng fire records. Although the liited length of the satellite
data archived a hindrance to establishing letegm fre records, remote sensing
provides opportunities to systematically observe fires globally. Global fire products
generated from satellite observations fall into one ofdategoriesburned area
productsi represating the posfire affected areasadetemined by the removal of
vegetation, exposure of soil and presence of charcoal and ash (RoyRb999
Boschettiand Smith 2013 7 or active fire product$ representing location and in
some casetheradiative power of fires burning on the Eesurfa® at the time of the
sensor overpagdustice, Gigliogt al, 2002; Justicet al, 2002; Royet al, 2008).

Burned area algorithms evaluate burning as an image classification problem,
typically identifying burning as the result of a rapid chariggm avegetated land
cover to one of bare soil, ash, and soot (Roy, 1B99, Boschettand Smith 2013.
Some of the resulting products have proven to be useful data sources for emissions
calculations andbr studies at regional to contin@hscalege g. vander Werfet al,

2006;van der Werkt al, 2017)



As a practical matter, wildfires interact with the landscape in aumdform
manner which makes pixélsed classifications (of burned/unburneitsie
inadequate for many situatior®aroducts suchs tte MTBS fire perimeters
(Eidenshinket al, 2007) and thérctic-Boreal Vulnerability Experimedts Wi | df i r e
Date of Burningdatase{Loboda and Hall, 201 #hap the extent of burned area
objecs using individual fires as the basic unit rathi&n pxels. In the case of
MTBS, the data Hps land managers make betteformed decisions, while the
ABOVE dataset is used to limit the spatial extent of fire progression analysis.
Ultimately, the finalburn scar shape and siazee a reflection of thenderlying
conditions of the fire such &sel type and unifornty, topographyand wind
(Whelan, 1995) For example, fires occurring on dry surfaces with low biomass, as in
savannas, will spread fasterdapftentimes be larger. Similarly, fires on a doyll
propagate upwards afaster rate duto the fire laddeeffect and likewise move
slower downslope as the pdeying effects of the fire front are lessened.

To date, fire attributes have been ditfit to quantify for individual fires at the
globd scak. The recently published Fire Atla8ridelaet al, 2018) and FRY
Database (Lauremt al, 2018)provide data incluithg fire sizes, shape summaries,
spread rees, and timindpe extractingindividud fire boundaries fronexistingglobal,
coarse spatial resolutidrurned area prodwgtThese are typically derived based on
empirical relabnships déning the rate at which fires propagaicras the landscape
and can be global or regionally adapted.

Because fire attributes are dei/from existing burned area products, the

errors in the latter are propagated to the former. The accuirgtybal buned area



products varies greatly froprodud to product (Roy and Boschetti, 20@huvieco
et al, 2018; Humberet al, 2019), making tl choice of burned area product non
trivial both generally and for the purposes of fire infornragatraction. Beyonthe
choice of burned area mioct,there is a need to evaluate the accuragyaducts
mapping individual firest the object level. Eablishing the accuracy of burned area
products has taken many forms such as error matrix catmulagised omdependent
reference @ta(Roy and Boschetti, 2009; Padidaal, 2014; Padilleet al, 2015),
comparison with other burned area products (Giglie., 2010), and comparison
with active fire products (Rogt al, 2008;Boschettiet al, 2010). Whilemethods
such aghese assss the accuracy of burned/unburned labels, the accuracy of
individual pixels is not the only relevant aspect of burdorgendusers In fact,
traditional pixetbased accuracy measures, such asathagcuracy, can appear
misleading for burnedrea validation exercises due to the low prevalence of burning
on the Earthdéds surface (Fielding and Bel
An alternative to pixebased approaches is objbetsed accuracy assessment.
While objectbasel accuracy assessments have been applied tmeeensing
derivedmaps before (e.g. Clinton, 2010; Persello and Bruzzone, 2010; Beiraldli
2013; Baraldiet al, 2014), there halseen relatively littlevork ontheir application to
burned area detectioEven thoughassumptions drawn from fire shegiready
influence the selection of parametersurrent vegetation model€huviecoet al,
2016), assessments of the accuracy of boan shapeare rareand the existing work

has focused on metrics degty from comparinghe extent obverlapping areasather



thandirectly comparing burn scar shapes (Remmel and Perera, 2002; Nagira
2017).

This dissertatiorfurthers research into determimg fire attributes from
satellitederived products by sysmnatically analyzingndividual wildfires over lage
areas. This requires investigatioof the quality of the available burned area products,
development of a framework for assessing the accwfiegividual burned areas
through quantification of #gnshape error, and creation of a nedividual fire

extractionalgorithm to identify trends in fire size and location.

Purpose and Research Objectives

The overarching goal of this work is developan objectbased understanding
of largearea firepatternavhich emphasizes the nuance e fiharacteriscs based
on satellite observationwith attention given to how wetloarseresolutionburned
area maps preserve the spatial integrity of burn scars compared to higher resolution
representationg.hese goalsien to answer ta question: can coarse resolatiourned
area products be used topmadividual fires andheir specificcharacteristicsuch as
size and shap@and how ecurdely do coarse resolution burned area products
represent those clraateristic®

To addrass these issuediis dissertation consists of thmeaincomponents:
understanding differences in the currently available burned avdagis; developing
a method for evaluating burned area products using an digeethppro&h; ard
implementingobjectbased analysis methods to answer questions about patterns of
burningbased on analyzing individual fireSurther details ahethree djectives of

the study are presented below:



Objective 1: Characterize the spatial and temgbaliscrepancies lieeen asuite of

the available global burned area products.

While a propersampling design can be developed to suppspadially and
temporally consistent pixddased validation, the fact remains that only a small
portion of the Eaht 6 sfacshwrningcan be represented in a phaterpreted
referencalataset due to practidahitationsincluding the number of samples
required, cloud coveand dependence on manual labor. Asléanative gproach
intercomparison is a technique in which multiple products are comparetbwell
to determine the relative performance of the producthembsence of @ference
datasetleroldet al, 2008; Pflugmachest al, 2011). Directcomparson of
datasets provides insights into the differences and similarities necessary for

determining the usefulness of any given product in a specificrregio

Objective 2:Develop a framework for evaluatinige limitations okatellitederived
burnedareaproductsregardingburn shape and sizaccounting for differences in

spatial resolution.

The limitations of computing capacity aadailability of mediumspatial
resolution (c1071 30 m) satellite data coverage hawetil recently,restricted the
creation of global products wparsespatialresolutiondata(c. 250 mi 1 km).

Traditional pixelbased validation measures such as overall accuracy, omission a



commission errors, and relative bias provide estimatdseqgbriobabilityof
encountering dassification error for a given cell. While useful for assessing
accuracy over large areas, these metrics are less informative at the individual fire
scale andhereforearelessdesirablan an objectoriented framework Object

orienied metrics in th literature have generally focused on comparing overlapping
areas of mapped ameferencalata, much like pixebased mathods, but do so at the
objectlevel (i.e. individual fires) rather than for individual cellsr pixels Bruzzone
and Perd®, 2010; Cintonet al, 2010; Baraldi, Humber and Bd®etti, 2013; Yan
and Roy, 201 This approach is advantageous because the accuracy of a specific fire
is generally of more interest to a user than the accuracy ofoorycell.But, the

widely usedobjectbasedaccuracy metrics oversegmentation and
undersegmentatioindo not account for errors in the boundaries of mapped burn
scars. It is, therefore, imparit to develop a metric for quantifying the error not only
in the classifiction itself butin the shapand size of specific fires in order to provide

a more descriptive set of pfre accuracy metrics.

Objective 3: Develop a method for extracting indual burnscarsfrom existing
burned area maps in order tmalyze changeis the size disibution of burning

through space and time.

By examining individual fires over a large aréas possible to analyze
attributesof the fire regimeavhich go beyad total area burneduch as the fire size

distribution Existing datasetthatrecord indvidual firesare extracted from burned
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area products and rely on flodil algorithms implementing thresholds representing
the fire spread rate (Archibald and R8909; Andelaet al, 2018;Laurentet al,
2018 Oomet al, 2016).These dta can be uséd map spatieand temporal and
patterns of firesizes busuffer from two limitations. First, the existing produats
validated usingpixel- or areabasednetricsrather tharobject-basedaccuacy metrics
suchasthose escri bed i n AObjective 20. Additiona
derived thresholds to determine the fire spread rate rather thadrilata or
physicallybased approaches.

As higher spatial and temporakmdutionsensos become more commonly
used for burned area detection, objeated approaches will be requiredssesshe
value of the new generation of burned area maps as tools not only for emissions
calculations but also for improving congation and ladscape managemerithe
metrics and methods proposed in these three objectives will be valuable in @agsessin

and interpreting future generationshidh resolution fire data.

Organization of th&&udy

The research in thidissertations pregnted in fourchapters. Chapter 2:
ASpaal and Tempor al I ntercomparison of GIl o
inventory and assessment of the relative performance of four global burned area
products for a study period spanning 20011. h this work, a rigorog framework
for evaluatirg the spatial and temporal properties of the burned area products was
implementedo characterize the amount and timing of burning detected by each
product. The results of this study highlighted the lack aseasusmong burned

area products, especialit regional scales. Of the evaluated products, the MODIS
11



Collection 6 MCD64A1 prduct was selected for analysistive subsequentork
because it is more temporally consistent with active fire detectiongeaigséwer
processig artifacts than the oth@roducts examined.

I n Chapter 3: @ Ass e soarseegpltionb@wneddieape accu
identi fi cathbaosnesd omeatnr iodbj(eicEdge Error o) was
errors in the location dfurn sar boundarieglentified in coarse spiat resolution
burned area maps compared to high spatial resoltdferencedata. Additionallya
measure of thew-resolution biagBoschettiet al, 2004)is accounted for via
calculation of the minimm achievableedge error. The metric wapplied to a
sample of eight case study fires in the western United States and auadiynetit 65
fires from the 2016 burning season identified in the Monitoring Trends in Burn
Severity dataset (Eidenshiekal, 2007).

Chaper4:A A MODI S MdaededbAgdrithm for Identifying Individual
Fires in Boreal a rnintrod&esa norempirisbbbMODIS Amer i ca o
Uncertaintybased Singldire Extraction algorithm (MUSE), developed for extracting
individual firesfrom the MCD64A1 product in order to aluatethe fire size
distributionin Canada and Alaska from 2002018at yearly interva. Thefires
extracted using thIUSE algorithmwere compared to an existing fire events
database, the Fire Atlas (Andetal, 2018), usig three objecbriented acuracy
metrics, including the edge error

Last !l y, Discesgidnan€Conblusionr® summari zes the fin
the previous chapters apdovides context for the findings within the body of work of

the broadewildfire remae sensing community. Addnally, Chapter Sighlights

12



ongoing work and future researsased on the work presedtin Chapters 2 through

4.
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Chaptera Spati al and Tempor al | nt er c

Burned Area Product s

This work was originally pblished inMichael L. Humber, Luigi Bechetti, Louis Giglio &
Christopher O. Justid2019)Spatial and temporal intercomparisairfour global burned
area productdnternational Journal of Digital Earth12:4,460-484,DOl:
10.1080/17538947.2018.143372fis reprodiced here with minor foratting modifications

Introduction

The availability of welcalibrated, global remote s&ng data since the late
1990s has enabled the production of a variety of global, multiannuadarea
products that are nofreely availdle. These products, whiare generally derived
from sensors offering what is, by current standards, coarsel spatiution (250 m
1 km), daily or neadaily temporal resolution, include the SP@&getationand
PROBAV Copernicus Burnf\rea productgTanseyet al, 2008), tre MODIS burned
area products MCD45A1 (Rat al, 2005) and MCD64A1 (Gigliet al, 2009),the
MERIS Fire CCI products (AlonsG@anas and Chuvieco, 2015), the L3JRC (Tansey
et al, 2008), GZOBCARBON (Plummetet al, 2006) product, ad others (e.g.

(Mouillot et al, 2014)

Since the release of the first global burned area data sets, significant
discrepancies in areal estimates and spatial patterns have been observed (Bbschetti
al., 2004). Despite the continued devetmgnt and recdrproliferation of such
products, significant differences persist between them. While the global burned area
totalsfor each product show comparatively good agreement, significant discrepancies
with respetto the location and timing of firactivity are gparent at smaller spatia

and/or temporal scales. For example, (Ale@smas and Chuvieco, 2015) found that
14



the GEED4, MCD45A1, and Fire CCI products identified total global burned area
within 10% of oneanother for the years 2006 througlog0though thanalysis did

not take fher spatial or temporal scales into consideration. (Geglad., 2010)

showed that althayh five contemporaneous burned area data sets (GFED2, GFED3,
MCD45A1, L3JRC, and GLOBCARBN) reported similar global annualimed area
totds, the monthly area bued within fourteen subontinental regions exhibited
substantial differences in magnitualed temporal patterns (Gigled al, 2010). These
findings suggest that burned area pidustill have significantly differdn

performancen space antime, and spport the case for a systematic investigation of
such differences.

The standard procedufer the validation of burned area products consists of
the comparison witindependent, ctocated reference data generatedrnfitwvo or
moreconsecutive Landsat clagd)-30 m spatial resolution) images. The independent
reference data should have minimabe, and should be generated either by visual
interpretation (Roy, Frosét al, 2005; Giglioet al, 2009; Roy and Boschet2009)
or byapplication of a semiautaatic algorithm followed by visual checking and
manual refinement (Boscheét al, 2006;Padilla, Stehman and Chuvieco, 2014;
Padillaet al, 2015). Such effortsra expensive, timeonsuming, and constrained by
theavailability of cloudfree images; fothis reason, validation studies have relied on
a very limited quantity of reference datigpically up to one hundred Landsat image
pairs for the global validatioof a yearly product. A study of six burned area puaisl
for the year 2008, usin@0 mreference data generated from 102 Landsat image pairs,

found that commission errors of all piiects were greater than or equal to 42% and
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omission errors were greateathor equal to 68% (Padilla, Stehman and Chuvieco,
2014). Similarresults were found for éMCD45A1, L3JRC, and GLOBCARBON
products in southern Africa using 11 Landsat image [fRioy and Boschetti, 2009).
Such validation exercises can provide insightraperformance of burned
area mapping algorithmwer a range oflifferent conditions, biuthese exercises rely
on probability sampling methods to select a spatially and temypoaaitiom set of
images in order to preserve the statistical validity oftmiracy estimators (Stehman
and Czaplewski, 1998oschetti, Steman and Roy, 2016). Thienited set of
reference data, which is typically very small relative to the populatiog be
estimated, is unlikely to capture all differences between produdtse kibsence of an
extensive global, muliemporal alidation dataet involving a much lagy number
of reference data scendiseintercomparison of products is a necessary stepder
to characterize the relative performance of each product. Sapeddact
intercomparison is less costly than validatin terms ofime and resources
(Gariiguesetal,2 0 0 8 ; D et@ld20X4) andoprovides systematic information
about spaal and temporal patterns of agreement and disagreement. Such information
can also provide insights as to the reasons forifferehces bateen products
(Boschettiet al, 2004; Chang and Song, 2009) and has been applied to burned area
product intercompasons in the past, e.g. (Sanchez, Heil and Chuvieco, 2014). As
with map védidation exercises, product intercomparison shdaelcepeated asew
sensors and algoritlsrtbecome available in order to provide artaxdate record of

therelative performance dhe data sets to endgsers.
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In this work, we propose a rigorous framewéokthe spatial and temporal
comparison of global fe products, ad we apply this framewkrto four available
operational products: Copernicus Burnt Area, Fire CCl, MODIS MCD45Ad
MODIS MCD64AL1. The intercomparison explicitly considers both the teataord
the spatial dimension of the products, byngsa spatial ad temporal analysis grid
The nonoverlapping grid of Thiessen Scene Areas (Gallego, 2005; Kennedy, Yang
and Cohen2010), generated from the Landsat World Reference System-@QVRS
scene cetroids, is partitioned into monthly time intervaig,provide tr-dimensional
analysised ments called voxels (a portmanteau
amount of burningvithin each voxel provides an indicator of the total area burned
while comprison with MODIS active fire observations providesindependent
indicator of the correaess of the timing of burned patches. The entire 2003
time period during which all thproducts are available is considered.

Through this analysis, we aim toopide users of global burned area data
useful information about th relative performance tfie available products by
identifying regions where the timing and magnitude of burnetgated by the
products vary. Additionally, the results of this intercongaar may be useful to
algorithm developers for refimg and improing the existing productsy examining
areas where a given product indicates different burning patterns. Fihallypes of
discrepancies highlighted by this research can inform stedtdit strategies used in
future validation effortsa ensure thahe appropriate surfacéh@nomena are

captured by the reference data sets.
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Data

The majority of satellitalerived dobal fire data sets fall into two broad
categoriesburned area productand active fire productgJusticeet al, 20029).
Among other apptiations, these productesaused for fire management activities (e.g.
Eidenshinket al, 2007; Daviet al, 2009, national monitoring systems (e.g.
Boschettiet al, 2008; LeblonBourgeauChavez and SaMiguel-Ayanz, 2012,
calculating fre emissionsnventories (e.gBarbosaStroppiana and Cardoso, 1999;
Zhanget al, 2003; van der We#t al, 2010; Giglio, Ranerson and van der Werf,
2013; Rosset al, 2016), fire ecology andire regime assessment (eAgchibaldet
al., 2010, 201Band ecosystemodelingexercises (e.grue et al, 2014, 201h
Further discussion of the applications of burned area productsectund in
(Mouillot et al, 2014)

Burned area products identidyeas that have been affected by fire, detecting
the chang from a vegeited surface to a surfaoéchar, ash, and bare s@oy,
1999) Burned area mapping is essentially a-permanat land cover change
detection problem, and a variety of algorithinas’e been applied, leading to different
results spatiallyrad temporallyBurned area detection @hges dramatically with
scale due to the presence of mixed pixBlsschetti, Flasse andiBio, 2004) As a
result, methods applied at coarse spatial resolwtill not necessarily perform
effectively at finer spadil resolutiongHall et al, 2016) Dueto the variety of
approaches implemented in burned area algorithms, there is a larget afnspatial

variability amongst burned area products (Figures22t,Table 2.1).
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Active fire products provide the locatiaf all firesactively burning at the
satellite overpass time. The short persistence of the signal of active fires means that
actve fire products are very sensitive to the daily dynamics of bisimashing and
that in situations where the fire front mowgsckly, thee will be an undesampling
of fire dynamics. Based on the physical characteristics of the sensor, the
characterists of the fire and the algorithm used for the detection, acties @irders
of magnitude smaller than the pixel size can &ected: as aexample, for the
MODIS ective fire product, fires in temperate deciduous focestring around 100
m?within the1 kn? pixel have a 90% probability of detecti¢@iglio et al, 2003.
Active fire data sets offer a direct indication of fagtivity whichare generated with
low levels of commission errgSchroedeet al, 2008) for this reason, data sets such
as theMODIS active fire product have been used to assess the tempana@cof
burned area producfBoschettiet al,, 2010; Gigio et al, 2010). In this study, the
MODIS Global Monthly Fire Location Product, MCD14MN|lis used to provide an
independent indiation of the presence or absence of fire at given times ofapdar

spatial locations.

Global Burned Area Products

Brief desciptions of theproducts selected for alysis are provided in the
subsequent sections, with a tabular summary in Table 2.1.

Copemicus Burnt Area Product

2 http://modisfire.umd.edu/af.html
19



The Copernicus Burnt Area products aemgrated under the European
Commi ssi onds Co pd&ervice. Thdsirnt Briesopbodults atea n
generated from two sensors and are available as three distinct products. Burned area
prodwcts generated from the SP&/Egetation and Probd sensors are aable
from the Copernicus Global Land Service at 1 km reégmilbeginningwith April
1999A recent} released 300 m product derived from Prdbianagery, is available
for the April 2014 tgoresent. The Copernicus Burnt Area products identify burns by
detecting sudden changes in a vegetation index. Individual likefs@are groped
into 1°cells and flgged as burned if the value of the vegetation index is more than
two standard deviationselow the mean value throughout the historical time series
for thegrid cell(Tanseyet al, 2008) The product is distributed iL0°by 10°tiles
through the Copernits Global Land Service data access pbrtal
Fire CCIl Burned Area Product

Based on acquions from the Medium Resolution Imaging Spectrometer
(MERIS), onboard the ESA Envisat platform, the Fire CCI product is predwas a
300 mpixel product and a 0.§ridded product. Both are distributed in the geographic
projection, with the pixel prodti@vailable in six geographic windofv#t the time
of writing, only the years 2005 to 2011 are publicly available. Howevergtals of
theFire CCI project are textend the archive from 2000 to 2017, with a spatial
resolution of 250 m to 500 m for tipéxel product and 0.2%or the gridded product.

A two-phase algothm, described in full ifAlonso-Canas and Chuvieco, 2015

3 http://land.copernicus.eu/global
4 https://geogra.uah.es/fire_cci/
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used to ientify burned areas. FitdVIODIS active fire locations are used to identify
seed pixels corresponding to high dadefce burned areas. A region growing
algorithm is then appliedsing the seed pixels selected in the first ph@ikese
phasesre appliedd MERIS VEGETATION inputata, which are distributed in "10
by 10'tiles.
MODIS MCD45A1 Burned Area Product

The MODIS Collection 5.1 Monthly Burned Area product, MCD45A1, is part
of the suite of land monitoring products systematically geadritorm MODISdata
(Justice, Gigliogtal., 2002; Justice, Townshenet,al, 2002) The product uses 500
m input data from th1ODIS sensors onboard both the Aqua and Terra satellite
platformsand is available starting from April 2000, with the exceptbdune 2001
which was not processedl to a sensor outa@ieoy, Jin,et al, 2005) The
algorithm uses a bidirectional reflacce distribution function (BRDF) model to
identify burned area$:ollowing an inversion period of up to 16 days, the observed
reflectance oMODIS band 2 (841876 nn) and band 5 (123@250 nm) are
compared to a predicted reflectance value based on thé& BRIdel inversion. A Z
score for both bands is computed as ationof the predicted and observed
reflectance values, which used to iddify potential burned ases(Roy, Frostet al,
2005; Roy, Jinet al, 2005) The product is distributed by theSGS Land Process
Distributed Active Archive Center (LP DAAE)

MODIS MCD64A1 Burned Area Product

5 https://lpdaac.usgs.gov/dataset_discovery/modis/modidupts_table/mcd45al
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The MCD64A1 burned area mappgialgorithm conbines daily MODIS
surfae reflectance imagery with 1 km MODIS active fire data to map buorira
daily basis ab00 m spatial resolution. The algorithm applies dynamic thresholds to
composite MODIS Terra andgua imagery generated from arb-sensitivespectral
band index deried from MODIS 1240 nm and 2130 nm Terra and Aqua bands, and a
measure of temporal variaiy. Cumulative MODIS 1 km active fire detections are
used to guide the selection of burned andwmned training samples araduide the
specification of prior bured and unburned probabilitiéSiglio et al, 2009) The
MCD64A1 product is also distribetl by the USGS LP DAAT

For this study, we used the Collection 5.1 MCD45A1 and Collection 6
MCDG64A1 burned area products. T@ellection 6 MCD64A1 product detects
significantly more burned area than the previous Collection 5.1 MCD45A1 and
Collection 5.1 MCD64A1 products, with global aréairnedincreasing by
approximately 18.5% to 24.5% for the formand by approximately 25% &8.5%
for thelatter. While the Colleton 6 product has superseded the Collection 5.1
product, both are included to examine $ipatial and temporal manifestations of the
difference in algorithm performance which may hagmiicant impacts on existing

user applicatins.

MODIS MCD14ML ActiveFire Product

We used the MODIS Collection 5 MCD14ML global monthly fire location

product,which provides the geographic location, date, and additional information for

5 https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mcd64al_v006
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each 1 km fire pixedetected by the Terra and &g MODIS senss on a monthly

basis. FHies that are activelyurning at the time of the satellite overpass (and under
relatively cloudfree conditions) are detected using the contextual algorithm described
by (Giglio et al, 2003). The MODIS Active FirdProducthas beewalidated against
coincidenthigh-resolutionASTER datgMorisetteet al, 2005; Csiszar, Morisette

and Giglio, 206; Giglioet al, 2008; Schroedest al, 2008; Giglio, Schroeder and
Justice, 2016as well aseveral other studies (edgKlerk, 2008;Hawbakeret al,

2008.

Table 2.1. Overview of burned area products selected for intercompangahsize

at Equator)
Producer Product Sensor | Grid Size | Projection Layer
European Copernicus| SPOTF 1000m | Geograpii | i FDOB _DE
Commission Burnt Area | VGT
European Space| Fire CCI MERIS 300 ni Geographic| 1 ( AiDat e
Agercy Detectior

NASA MODIS MCD45A1 | MODIS 463.3 m | Sinusoidal AiBurndat ¢
Land Science
Team
NASA MODIS MCD64A1 | MODIS 463.3 m | Sinusoidal fiBurn Dat
Land Science
Team

Methods

Comparson Grid

Previous works Wwich consider burned area products at yearly and
subcontinental to global scales suffamfrtwo limitations with regard to scale of
analysis: generally, the spatial unit for analysis is too large to identify ditiesen
the loation ofburn identificaktons (e.gBoschettiet al, 2004, and the temporal unit

for analysis is too long to capk inconsistencies in the timing of burn identifications
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(e.g.Giglio et al, 2010. To address these issues, we implemeonaparison gricf
finer resolution botltemporally and spatiallthrough the use of the voxels described

in the proceeding sectis.

Spatial Analysis Grid

Burning is reported by Thiessen Scene Area (TSA) polygon. The TSAis a
tessellation of the Landsat Wa Reference&ystem2 (WRS-2) acquisiion scheme
which assigns each | ocation on thenEarthos
(Gallego, 2005; Kennedy, Yange Cohen, 2010 Overlapping path and row areas
are therefore el i miedpeticshas thd spatidl samplirgyv e b e en
unit for burned area product validati@Padilla, Stehman and Chuvieco, 2014;

Boschetti, Sthman and Roy, 2016)

Figure 2.1. GFED fire regions with ThiesseBicene Area (TSA) polygons superimposed.

Results a& also aggregated to fourteen large regions, herein referred to as fire
regions, definedn the Global Fire Emissions Database (GFED) (Gigl al, 2006;
van der We et al, 2006). These regions are chaterized by similarities in their
climate and fie regime attributes and are suitable for emissions studies (van der Werf

et al, 2010) andire activity reporting (Boschetti and Roy, 20@Biglio et al, 2010;
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Giglio, Randersomnd van der Werf, 2013)he larger scale of the fire regions
relative to tie TSA polygons enables analysis of trends that manifest at the larger

regional scale (Fige2.1).

Temporal Comparison Grid

Several previos burned area product inbemparisons gort burning as a
yearlytotal, which has the undesirable effect of obsa@utire temporal
inconsistencies in the products. However, the compositing periods ofebtede
burned area products are dekadal (CopamiBurnt Area) or monthlyRjre CClI,
MODIS MCD45A1, MODIS MCD64A1)allowing for a higher temporal resolution
in thisstudy. By dividing the world into a set of TSA tiles geographically and
temporally in fixed intervals, a voxel concept is used to assigh éurned pixel to a
TSA polygon in spae and timgBoschetti, Sthman and Roy, 2016)wo temporal
grids are usedithis study: a finer monthly grid and a quarterly grid used to highlight

seasonal pattesn

Data Preprocessing

For each burned area produall burned grid cells arassigned ta
corresponding TSA voxddased on their spatial locationgmd o ducdf6s day
burning For the Fire CCl and Copernicus Burnt Area products, which are distributed
in the geographic projection, determining the buraesh for each TSA polygan a
geographs projection requires sprl consideration for the effect of latitude. To
compensate for the variation in cell size, the contribution of each cell was adjusted

usinga cosine weighting factor and assuming an Badius of 6371 km.
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The MCD4AL and MCD64A. products are generatadthe equakrea
sinusoidal projection, thus thetal burned area is simply the number of burned grid
cells multiplied by the cell area (2Ib ha). These values were recorded for each TSA
tile in the overlapping piuct coveragéor each month throughothie 2005 to 2011
study period.

We elected to pross the amount of area burned per TSA polygon in the
native pixel size, adjusting for th&ects of latitude as necessary i.e. for the prisl
distributed in the gegraphic projetion. We acknowledge thatall errors may be
introduced along the edgesthbE polygons, howevethis decision reduces the error
propagated by resampling and prdjeg the data from its original format.

For analgis purposes, each TSA pgbn is also aciated with a fire regh
if its centroid is contained by the region. Ealataset is therefore summarized on a
pervoxel basis and associated with a fire regioa@®opriate for the severear

study period.

Data Analysis

Burned Area Totla

The simplesindicator of burned aeealgorithm performance is the burned
area total pemonth and per year. Although summaries of burning are generally not
sufficient for assesng performance, such summaries are usefubfamtifying trends
from yearto-year. Theannual burned area total®ere calculated globally and for

each fire regiomver the sevelear study period on a monthly and yearly basis.
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Scatterplots

The relativeamount of burning for each product is summariaed finer
temporal resoluvn (monthly ad quarterly) by scattelqis of the TSA tiles
overlapping the fire regiorgcatterplots are generated to compare two products at a
time in four different cases: glabyearly burning totals, global monthly burning
totals, regiorspecific yeady burning tdals, and regiorspecificmonthly burning
totals.

A total least squares (T $egression is calculated for each scatterplot as well
as the root mean square error (RBJSTLS regression models are appropriate for
product intercomparison becauthe model asimes no dependency oéthariables,
thus the result of the regression doesdepend on the arbitrary choice of axis
assignment. The slope of the regression krani indication of the relative burned
area idenfication bias of two prodets. The RMSEf the distribution is ued as an
indicator of the dispersion of the burnaaea proportions, or the tendency of the
classifiers to identify the same amount of buraegh across voxels.

Both the TLS regression slegand offset) and RMSE anecessary to
determine if there is aids between products and the degree to which betections
are colocated. Based on the interrogation of the scatter plots, individuasaaind
scenes can be selected for further invesbgaparticularly for scereewhere one

product identifies a largamount of burning and the other identifies verydit

Temporal Heat Maps

Active fire detections are known to have very low commission®rror

(Schroedeet al, 2008; Giglio, Schroeder addistice, 2016)hence thewre an
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indepenlent indicator of the psence of fire activity in a given region at a givine,

and can be used as a qualitative evaluation of the time of burning, indepentient of
intercomparison between burned apeaducts(e.g.Boschettiet al, 2010). MODIS

active fire counts were aggyated according to the same voxel scheme described
above; for each month and fire region, a heat map is calculated indicating the burned
areaidentified by each product compared to the nundbective fire detectiondHeat
maps ca be used to identify wiiger burn detections are temporally coincident with

active fire detections throughout the entire time series.

Results

The results of our inteomparison are presented in the following sutiges. Due to
the scale ofthis study interms of the number of pducts analyzed and the length of
the time seriest is not possible to reprodued of the results here. Rather, in
addition to summary gellts for the entire study period, we consided@8s an
example year for emore detailedomparison of the prodts; which provides
examples of significant fire deity in Eastern Europe and Southeast Asia as well as
typical fire activity in highburning regions such as Africa and Australia. The
systenatic processing of the ptacts should igld consistent resultsdm year to

year. Comparisons between productsraaele with respect to the MCD64A1 product
because it is the most recently updated prodeiceated operationally. The results

for all yearsare made available in tlseipplementarynaterials.
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Overview

Thetotal annual burned area detected globally anédch fire region by the
four global burned area products is reported in Figure 2.4. hy gear, the
Copernicus Burnt Area product detedtthe least total amountt lourned areavhile
the Collection 6 MO64A1 product detected the most. Summary stati&ticsach
product are reported in Figure22.

Overall, MCD64AL1 detects the most total bedinarea throughout the study
period,exceeding the totals detected by Copmrs, Fire CCland MCD45A1 by
approximately 90%, 25%, and 21%, respectively. Conversbl Copernicus Burnt
Area Product detects the least amount of burned area throughoutdy@eriod,
trailing the estimatedurned area from Fire CCl, MCD45A1, amCD64A1 by
appoximately 52%, 56%, an@0%, respectively. The total burned area detecged b
Fire CCl and MCD45A1 is similar (within 2% global burned area), however, this
does not apture the significant differencestime spatial location of the burn
identfications. Yarly global burned areatials shown in Figure 2indicate that the
Fire Cd, MCD45A1, and MCD64A1 products do not demonstrate a robust trend in
burned area throughbthe sevetyear study period. On ¢éother hand, the

Copernicus Burnt Areproduct detets noticeably less burnedtea through time.
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Figure 2.2. Yearly burned area totals (Kjrper fire region and globaji. Bar plot size is norntized to the
maximum of the fire regioacross all products and all years.

Concerning individual fire regions, the Copernicus Burnt Areaymbshows
evident and significant discrepancies from the other products. Specifically, it
identified significantlyless burnedrea in the regions whictoatribute most to the
global burned area total i.e. Southesind NortherrHemisphere Africa (SHAF,
NHAF), while detecting significantly more burned area than the other products in
zones suclas Boreal Asia (BOAS), Beal North Anerica (BONA), Temperate
North America (TENA), Europe (EURO) and the Middle East (MIDE) which,
according to the other three budnaea products as well as previous studies, do not

contribute significantly to global boed area totals.
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Figure 2.3. Total burned area identified per year by each product.

The magnitude of these differaaxcis illustrated in Figure £.which
illustrates, per fire ragn, the propdion of total burning deected by each product
normalized to the regionds maxi mum. Notewor
include Equatorial Asia (EQAS) and Northern Hephisre South America (NHSA).
The Copernicus product identifies redourning tha the othethree produc

combined in four regios: TENA, BONA, EURO, and MIDE.

Product
W cop

“opemicus
Fire CCI
MCD45A1

[ ImcDs4ad

Percent of Region Max

AL A

ALL AUST BOAS BONA  CEAM CEAS  EQAS EURO MIDE NHAF  NHSA SEAS SHAF SHSA TENA
Fire Region

Figure 2.4. Percent of burned area detected fiez region,normalized tathe maximum amount of ined area
identified by any product ithe respective fire region (2002011).

While the magnitude of the burning detected is an important indicator of a
productdéds perfor manoaensiddarthtemporalaggecuod | |y | mpor
burning. The timef burning is captured in Figure 2.BdaFigure 2.6, which

comparsthe buned area detected in a calendar month by the four products to the
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MCD214ML Active Fire product, which is known to be a good inthcaf the tming

of the buning season. For mostdiregions, the Fire CCI, MCD45A1, and

MCDG64AL1 products show strong agreerheith the temporal pattern of the

MCD214ML detections. However, the Copernicus Burnt Area product shows temporal
patternsunlike the otherfttree productdn particular, regions tich show high

seasonal variability gin as Temperate North America (TEN&gntral America

(CEAM), and Europe (EURO) appear to be out of phase, which is to say the burning
identified by the Copernicus But Area algoithm correspads to times when there

are few or no coinciding active fire thetions. In regions characterizeddiyong fire
signals, such as the Southern Hemisphere Africa (SHAF) and Northern Hemisphere
Africa (NHAF), there is strong agreemt amongstlaproductswith regard to timing,
however, there are variations in the matyrde of burning. It is also notewortlthat

for Equatorial Asia (EQAS), a region characterized by extensive cloud cover for
much of the year, only those algorithmatthse activéire detectims as an input,

Fire CCland MCD64A1, identify any appreciakdenount of burning.
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These esults demonstrate that the burned area prodagtslarge variations
spatially and temporally, even though similar burned area totaldbensgported by
the differentproducts, as is particularly the case for Fifal @nd MCD45A1

The following subsectons will focus on some specific discrepanciesveein
products, highlighting some of the differences in spatial and temporal burning
pattens. These analyses are foaisa 2006, which was chosen due to the presence
of notable fie activity in Eastern Eope and Southeast Asia, in addition to typical

fire activity in highburning regions such as Africa and Australia.

Fire CCl and MCD64A1 Coparison

As shown in Figure 2, in 2006 the MCD64A1 product detects more learn
area thanhte Fire CCI in every fireegion except EURO. Globally, MCD64A1
identified 919,24 1km? burned area more than Fire CCI, though most of this
differencei about 77% can be attributed to the fouegions which burned the most:
AUST, CEAS, NHAF,and SHAF Acrossall fire regions, theemporal patterns of
Fire CCl and MCDG64A1 are gerally in agreement with the MCD14ML Active Fire
detections (Figure B, Figure 26). Interestingly, in some cases, thae CCI
detections appear to identify longamrhbing periodghan the MCD64A1 detecths by
a month for regions which do not experietarge amounts of burning such as
EURO, EQAS, and CEAM, though this is generally not @eedn 2006 (Figure 2.
Figure 26).

Regarding the difference in burned adesected pef SA polygon, there are

same spatial manifestations of the classifier terts The results from 2006 are

illustratedin FigureZ. T SAOGs wher e Mdda®rbwrkedaredtmant i f i es
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Fire CCl are more prevalent, as is to be expectedrgthe tendery of the former to
idenify more area as burned throughout the study dektowever, there is spatial
clustering of occurrences where the Fire CCI product ideatifiore burned area that

tends to be consistent from yetryear.

il e
Soas

DT

Burned Area Difference
MCD64AL1 - Fire CCI

- >=20,000 sq. km.

0 sq. km.

B 50,0005q k.

Figure 2.7. Maximum differencéd burned areaatst per TSA for 2006 between MCD64A1 and Fire CCl. Each
cell indicates the greatest diffamce between concurrent mibs in the yar, with darker blue indiating higher
Fire CCl totals and darker red indicating high®tCD64AL1 totals.

The four TSA points lghlighted in Figure B represent the four instances
where the Fire CCI product detectsmathan 2000 kifburned agathan the
corresponding MCD64A1 resul Each belongs to the Eastern Europe burning event
within NovosibirskOblast, Russia described(@huviecoet al, 2016) who claim
that the Fire CCI product correctly detected this buy@went while GFEDA4 (i.e.
MCDG64A1 Colledion 5.1) missed the busnn their entirety. Using the spatial and
temporal comparison grid described previously, we invaithis event to
determine whether the Collection 6 MCD64A1 prodscible to capture thevent as

well as verifythe Fire CClability to correctly idetify the burning episode.
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Fire activity per TSA, May 2006
Firezone = BOAS

AMSE: 231.215 in= 11209
RMSE™: 437.373 in = 33)

o ©

3000

Fire_CCI (km"2)
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1000
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] 1000 2000 3000

MCDGE4AT (km*2)

Figure 2.8. Scatterplotfor Boreal Asia (BOAS) in May 2006 illustrating burned area dettper TSA dggon
for Fire CCl and MM64A1. Theour circled points represent the largest difference in burned area detected
between Fire CCand MCD64A1 and coincide withe burning evestdescribed in Chuviecet al. (2016).

The corresponding Landsstenes andoaseresoluton burned ara
detectiors are shown in Figure2.This evidence corroborates the claim that the Fire
CCI product identifies the burning episode while MCD64A1 cardmto mostly omit

it in the Collection 6 version of the product.
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Figure 2.9. Comparison of Eastern Europe burning episode, May 2006. Top: Best available Landsat imagery,
from left to right- Path 152 Row 2 (Landsat 5May 12 2006); Path 151 Row 21 (Lands@f June 62006); Path
150 Row 21 (andsat 7, May 3@®006) wvith SWIRINIR-SWIR2 composite. Middle: Fire CCI burned area for
May 2006. Bottom: MCD64A1 burned area for May 2006.
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In addition to this, wenivestigate aarticularly héerogeneous area in the
Northern Hemisphere Africa which isafacterized by large ddfences irthe
reported burned area. By comparing the values from the TSA scatterplot in Figure
2.10, it is clear that while there is relagily little bias (indicated # the slope of the
TLS regression) between the estimates fritw@ two products in Janya2006 for
NHAF, there are noteworthy cases where one product detects much more burned area
than the other. At the fire region scale, theseamissions athomissions dance one
another, causimnthe TLS regression to show a neae-to-one correspondence,
indicating low bias in the estimate for the fire region. However, the lack of bias in the
regression model is not necessarily indicativagreement beteen the two mducts.
As shown in theame figure, the regression valueimiar to that of the MCBA5A1
and MCD64A1 comparison for the same voxel, however, the lower RMSE indicates
that there is generally better spatial agreement betweegrducts anthe
likelihood of overlap within voxel is greater.

Fire activity per TSA, January 2006
Firezone = NHAFR

Fire activity per TSA, January 2006
Firezone = NHAFR
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AMSE: 496.478 (n = 5437
RMSE*: 875.874 (n = 293)
*

10000 12000
I

10000 12000
I

Fire_CCI (km*2)

2000 4000 6000 8000

0

+ Jaruary

0 2000

T T
10000 12000

4000 6000 8000

MCD6&4A1 (km*2)

MCD45A1 (km*2)

2000 4000 6000 8000
L

0

P

£

d
.
%

-
.
+

.

. *

‘o
h
.y
4
‘0
>

s
£

e 4

*

+, -

e

.

.

+ Jaruary

T
o

2000

4000

6000

T T T
8000 10000 12000

MCD6&4A1 (km*2)

Figure 2.10. Scatterplots for Northern Hemisphere Africa (NHAF) in January 2006 illustrating blaresd
detectedper TSA polygon for Fir€CI (left) / MCD45A1 (right) and MCD64A1. Note that while the slope is
similar, the RMSEs much greater for the @ plot.

39



From inspection at the native resolutidns clear that the Fire CCI product
suffers from lhe presence déarge artifacts that ¢ocide with the edges of processing
tiles. The artifacts lead to large swaths of burnioguoring during a singlday of the

year and dominatide majority of the overlapping TSA, as illustrated in Figuld.2.

800w 400w

Fire CCI1/ MCD64A1 Burned Area
Detection Day of Year

I 31 (Jan 31)
1 (Jan 1)
D TSA Boundary
. Country Boundaries

Figure 2.11. Example of artifacts introduced by the region growing procedure ifitteeCCIl product. Wester
portion of NHAFR, January 2006.
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Copernicus Burnfirea and MCD6A1 Comparison

The Coperrgus Burnt Area shows little relationship to theesthurned area products
both spatially and temporally. On a global and annual basisradeg detects the
least amount of burned area by a significant amount (&ig8) and agreviously
mentioned, geerally detected less burned area in successivs yl@aughout the
study period. In 2006, the Copernicus areal estimates were similar athéer three
produwcts for CEAS, NHSA, and SHSA while in the remaining tes fegions tke

Copernicus product detes either more than twice as much burning as tihero

products or less than half of the other products (Fig@e 2.

Burned Area Difference
MCD64A1 - Copernicus
- >= 20,000 sq. km.
0 sq. km.

= o

B < 0,0005q. k. :

Figure 2.12. Maximum differencedusned area totals per TSA for 2006, MCD64A1 and Copernicus Burnt Area.
Each cell indicates the greatetifference between concurrent months in the year, with darker blue indicating
higher Copenicus Burnt Areadtalsand darker re indicating higher MCD6AL1 totals.

The timing of these burns also tends not to coincide with MCD14ML
detections throughout thear, with some extreme cases, such as CEAM, EURO,
MIDE, and TENA indicating that burning out of phase wit theactive fire
detections, i.e. the burdearea product indicates burning when there is no burning
andvice versgFigure 25, Figure 26).

As shown in Figure 4.2, the Copernicus product identifies small amounts of

burninginmost B A6 s g | o tivatb MGD64AR #id results in lower levelof
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burning identified in greater burning regions but higher levels of burning identified in
lesser btning regions. In the high northern latitude regions, BONA and BOAS, the
Copernicus produdetects large anumtsof burning inAugust and September ftire
former region and September for the latter. While both regions still exhibit a small
degree of buiimg in August(Giglio, Randerson and van der Werf, 2Q1S¢ptember

is well beyond the péeof fire activityin these areas. Gén the design of the
algaithm and the timing of the detections, it is possible that the identifications are
false positives regting from slight variations in the rapid decrease in NDVI due to
leaf senescence and aission. The spatl exent of the btn classifications in

easern Russia can be seen in FigurE3{the areas identified in western CEAS by
both products is a whe@roducing region where agricultural residue burning is a

common practice during this tevof the year).
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Figure 2.13. Burned area identifications for Copernicus (top) and MCD64A1 (bottom) in Septemigefad200
BOAS and CEAS, aggregated to 6 km grid cell (maximuue\ajgregatioh

In Australia, which catributes significantly to global burned area totals, the
out-of-phase burn identifications shown in Figurd &:e corroborated by Figure 2.14
and Figure2.15. Noting that the majority of fire activity in AUST occurstween
Augug and Decembemvhile vey little fire activity occurs between January and July
(Giglio, Randerson and van der Werf, 2Q1tBe small amounts of fire detected in
June can generallye attributed to commission errors while the extent of bgrnin
observed ilfNovember is mah lower fa the Cgernicus Burnt Area product than the
MCDG64AL1 product. With respect to the expected duration of the 2006 fire season,

MCD64A1 identified approximatg 68,448 knt area burned between January and
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July and 508,78km? area burad between Augst and Deember wlle Copernicus

identified approximately 124,238 Krand 81,040 krf respectively.

Fire activity per TSA, June 2006
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Figure 2.14. Satterplotof burned areger TSA in AUST, Juneeft) and November (right) 2006. Copemsc(y
axis) detectdess burning per TSA but, in June, more TSA's with burning.
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MCD45A1 and MCD64A1 Comparison

Consistent with other years, for 2006CD45A1 deteatd more burning than
Copenicus Burnt Area, a similar amount of burning compared to Fire CCl, and less
burning than MO64A1. Also like Fire CCl, the timing of the burn detections agrees

with MCD14ML, though the pattern is slightly more cotesig with theactive fire

detections.

Burned Area Difference
MCD64A1 - MCD45A1

- >=20,000 sq. km.
0 sq. km.

B 0005q km. T

Figure 2.16. Maximum differenced burned a¢otalsper TSA for 2006, MCD64A1 and MCD45A1. Each cell
indicates thegreatest diffeence between concurremonths in the year, with darker blue indicating higher
MCDA45A1 totals and darker red indicating higher MCD64A1 totals.

In eleven of the fourteefire regons, MCD45A1 identifies less area as burned
than MCDG64A1, thexeceptions beig EURO, MIDE, and TENA. fie spatial
distribution of differences between MCD45ahd MCD64A1 issimilar to that of
Fire CCl and MCDG64AL. In 2006, the differences in SHA& similar in location,
albeit smaller in magnitude, to the Fire CCifeliences (Figte 216). This is evident
in the scatterplots (Figure1Z), which show that wike there are differences in the
burned area detected per TSA, the RMSE of these errargdbeburning season

tends to be smaller for MCD45A1 and MCD64A1 thanFire CCl and MCD64A1.
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Figure 2.17. Exanple scatterplots of global TSA Burned Area totals for MCD64A1 vs. MCD45A1 (left) and Fire
CCI (right). While be TLS regressn slopes are similarhe RMSE of the global distribution is greater for Fire
CCl.

There are instances where MCD45A1 differs dygfabm MCD64AL1. For the
2006 focus period, there is a notable presence of burned agetedatithe souther
portion of Western Australia which idetected by MCD45A1 and not MCD64AL1.
This detection in January coincides with the location of wheat iprtheénce and is
likely due to harvest, not burning. This is supported by Figurg #thich showso
coinciding active firedetections in the areableled as burned. This is also evident in
the scatterplot which shows large amounts of burning detectstCiDASA1
corresponding no active fire detections. This type of commission error was a@bserve

againin Decembef007 in the sae region.
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Fire activity per TSA, January 2006
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Figure 2.18. AUST Jan 2006. (Left) Scatterplot of MCD45A1 Burned Aexdl $A vs MCD14ML Active Fire
count per TSA; note the bued area totalsissociated with @ active fire detections. (Right) Map of MCD45A1
burn identifications and MCD14ML active fire detections.

Fires observed in Kalimantan, Indonesia (EQAS) in Octob@é 2¢ent
undetected or grossly underestimated by MCD45A®, ECI, and ©@pernicus Burnt
Area, likely due to persistent cloud cover in the region resulting from the start of the
rainy season. Using the voxel scheme, we observéhthatajority of the burmig
occurred in only two TSWhilesMCBGiAlwasablet h e
to some bthe burned area, MCD45A1 identified only a few isolated pixels as burned
(Figure 219). This result is in keeping with the results throughout the entire study
periad for the four burned area products tested in this intepesison, MCD8A1
classifies théeastamount of burning in EQAS every year while MCD64A1 classifies
the most amount of burning in EQAS for the majority of years. This pattern is also
observed in EAM, which shares similar climate and cloud cover traith EQAS,
indicating that the MD64A1 dgorithm is more robust with respect to cloud cover

than the MCD45A1 algorithm which requires more clear observations during the

inversion period in order talentify an area as burned.
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Figure 2.19. October2006 EQAS fires in southern Kalimantan, Indonesia. MCD45A1 (top) and MCD64A1
(bottom) detections overlaid on Landsat 5 scenes path/row 118/062 (Oct 29rig@66and 119/06ZNov 5,
2006; left) withSWIRINIR-SWIR2 composite.

Discussion and Carlusions

In this paper, through systematic intercomparison of four global burned area products,
we have identified spatial and temporal similarities and differemclesrired area
detectons between 2005 and 2D1The products Copernicus Burnt Area, Fit€Cl,

MODIS Collection 5.1 MCD45A1, and MODIS Collection 6 MCD64Aare based

on coarse spatial resolution (~30@rd cell or larger) and high temporal resolution
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(3 days or less revwit time) satellite datand are generated globally and
systematically The irtercomparison procedure exploits a voxel concept to create an
intercomparison grid, defined spatially by the Landsat Thiessen Scene Areas or

T S A @allego, D05; Kennedy, Yangrad Cohen, 2010\nd temprally by calendar
months. On a broader scafiee regions are also used in order to betwnpare

burning patterns under similar conditigi@iglio et al, 2006; van der West al,

2006) While we focus orspecific cases in 2006 for thealysis, all results are
included in the supgpmentalmaterial and the conclusions drawn can generally be
applied to all years throughout the study period.

Global burning totals show that for each calendar,yd&D64A1 deécted
the most total burned arednile Copernicus Burnt Area detected thesteatal
burned area. The Fire CCl and MCD45A1 algorithms detected similar amounts of
burned area each year throughout the study period, consistent with the results
described by{Alonso-Canas and Chuvieco, 2019he MODIS Collection 6
MCDG64A1 dataset iddifies over twentyfive percent more burning per year than its
predecessor during the study period.

While Fire CCIl, MCD45A1, and MCD64A1 showed similar patternsaarly
global pbtal burned area detected peageCopernicus Burnt Area detected
progressiely lessburned area from 2005 to 2010, with only a slight increase in 2011
and smaller than the 20AD11 increase identified by the other classifigitsthe
time of writing, we are not aware of any systematitft in the calibration of SPOT
Vegetationpointing to a reduced sensitivity of the algorithm over time, possibly due

to the algorithms use of a running vegetation indaged time seriea/hich
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introduces ecentricity irto the time series as the datasepands, requiring the
algorithm to exceed greater threshold in order to identify a pixel as burned.
The classifier tendencies diverge at the fire region léwedpite of identifying
the least burned arggobally, Comrnicus Burnt Area identifies éhmost burned area
in seven of the fourteeliré regions. However, these regions are typically responsible
for relatively small contributions to the global burned area. For six of the remaining
seven fire regins, MCD64A1 ickentified the most burned areaenthe seveiyear
study period. In persistdgtcloudy regions such as EQAS and NHSA, the long (16
day) inversion period required by MCD45A1 often results in burn omissions due to
insufficient data resulting &m cloud coveor aerosol content. In line vt
expectations, Fire CCl and MCD64A1 identife most burned area in cloudy
regions due to their reliance on active fire detections as training data samples.
Comparison with the MCD14ML Active Fire datasaligates that \wile the
burn timing of Fire CGIMCD45A1, and MCD64A1 is similar to the partt of active
fire activity, the Copernicus Burnt Area is apt to detect burned areas outside of the
normal burning cycle, with extreme examples in temperate climatdsas EURO
and TENA where the Copernicustéetions are out of phase with the cycle cifvae
fire detections. The consistency of these cycles at the fire region level combined with
the algorithmds reliance on \icegBerhtat i on
Area detections are related to thatural yearly growth and senescence cyclebe
vegetation in the respective region. The timing of burning is important when
considering fire cycles in modeling exercises because the spread of fire istktnown

be constraied by, amongst other factorgef (i.e. biomass) availability while the
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emisgons from burning are a factor of the biomass consumed. Errors in the timing of
fire detection can have large effects on the biomass emissions estimates due to
seasonal variatns in precipitation and tempéuee which act as controls on fuel
availability, combustion type (i.e. smoldering vs. flaming) and combustion
completenes@orontzi, Justice and Scholes, 2003; van Leeuwen and van der Werf,
2011)

Given thatthe use of thelata sets often occurs at thed) national and
regional scales (e.ger Werf et al, 2009; Leblon, BourgeaGhavez and San
Miguel-Ayanz, 2012; Lobodat al, 2012; Rucker and Tiemann, 2012; Radsal,

2016, it is important to generaggoducts thaéxhibit reliable location, tinmg, and

extent of burning. Intercomparison ieereforean important and practical tool for
characterizing the relative performance of global burned area products in this regard
as it allows for wakto-wall coverage of th entire time series which is practical if

not impossible to achieve, witlhurrent validation practices and protocols. As a result,
it is able to capture burning events which are acute and anomalous which would
otherwise be unlikely to agpr in a randm sample, such as the 2006 ex&sp
presented for Kalimantan, Indonesia (EQA&®tober 2006) antovosibirskOblast,
Russia (BONA, May 2006).

Nonetheless, product intercomparison implicitly assumesdbka whole, the
products being compea provide aeasonable approximation of thenditions on the
ground. For example, if afiroducts omit burning in a region then there is no basis for
investigating that region on a datavena posterioribasis. Intercomparison should,

therefore, be regnized as amportant tool in product evaltian that is
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complementary to, rather thameplacement for, product validation. In this context,
the recent study b§Boschetti, Stehman and Roy, 20p8yvides some guidelines on
procedures for validation gfiobal burnedarea products.

Given the resu$ of this intercomparison, which demonstsdtet the four
burned area products do not achieve a consensus on burn locations or timing, there is
a clear need for standardization of satelliezived burned &a products ashthe
reporting of their accuraes. Developing a comprehensive burned asdidation
data set to assess consistently the accuracy of multiple global products would be an
important next step towards helping users assess which product isppostriate
for their application. In the matime, users of any burned area product ghtake
care to understand the nature of commission and omisgiors of the produatith
regard to geographic location, timing of the burning season, and totahtafo
burning

Future efforts based on thigork and upcoming systematic validation
exergses such as those describedBoschetti, Stehman and Roy, 2056)d(Padilla
et al, 2017)focus on identifying sources of errors in publically available burnea a
products While it is outside of the scopd the present work, understanding the
soureof these errors can be an i mportant fac:

products for input to other research efforts.
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Supplemetal material

The supplemental material proeid contains a combination of all scatterplots
described in this manuscript. The sedfscribing zip files contain charts for burned
area aggregated globally andla fire regio level, where the unit for anglis is the
Thiessen Scene Area (TSA) for tresspective time period. Time periods consist of
yearly, quarterly (JaMar, Apr-Jun, JulySep, OctDec), and monthly windows. This
archive is available from the gmal publishe, Taylor and Francikiternational

Journal ofDigital Earth, DOI: 10.1080/1838947.2018.1433727
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Chapter3 As s es s ihm@detc he aCBoyawrosgfe ol uti on

Bur nneaea@dCl assi fications

This work has been accepted for publicatiofHBE Transactios on Geosciete and
Remote Sensinlichael L Humber, Luigi Boschetti & Louis GigliAcceptedl Assessing
the shape accuracy obarseresolutionburned area identificationdEEEE Transactions on
Geoscience and Remote Sensing

Introduction

Wildfires are an important naturptocess which have widespread effects on
human healthproperty, ecology, land cover, emissions, and more (Bowehah
2009). While the fire activity over the last millennium can be modeled effectively
usingclimatologicalvariables until the Industrid&evolution, increased pressure from
thegrowinghumapopul ati on around the 190006s alter
anthropogenic suppression and ignitions (Pechony and Shindell, 2010). This change
is not limited to solely he number of fires and amouritlmurned area: recent studies
have shown that fire s#z and as a corollary, shape, are influenced by human activity
as well (Hantsort al, 2015; Hantson, Pueyo and Chuvieco, 2015).

From a remote sensing ppestive, undestanding and mapping the burned
area has received more attention in the past thaerstashding the size and shape of
individual fires. In fact, current methods used for identifying individual fires from
coarseresolutionsatellite data reqres extractinghose fires from existing burde
area maps (Archibald and Roy, 2009; Archibatl@l, 2013; Hantsoet al, 2015;
Hantson, Pueyo and Chuvieco, 2015; Qsiral, 2016; Andeleet al, 2018).
However, the shape and sizaemdividual fires isan important opic with regard to

ecology andire succession, landscape management, and detegthier fire
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properties such as the spread rate. As a basic example, the length of the fire front
impacts the ability of fauna to escape flames (Whelar,995). The pasfire
succession can be influegd by the shape of the burn as well as by the pashiof
the burned area mosaic which can favor certain plant or animal traits by changing the
amount of fringe habitat and the opennefsthe canopy (Fullerl991; Whelan
1995). Fire size is also re¢at to management practidebeterogeneous landscapes
create fuel breaks which can limit the spread of fire across the surface (Ager, Vaillant
and Finney, 2010; Moreiret al, 2011). Las¥, in image processigworkflows sich
as those presented in (Fraetzal, 2016; Nogueir&t al, 2017; Andelat al, 2018),
individual fires are identified for the purpose of extracting other metrics such as the
fire spread rate, which are inherentiyked to the shape astze of theife.

Several programs exist \ithe goal of providing satellite products to be used
for operationally monitoring spatially and temporalliy global wildfire activity.
Such products can be broadly categorizedctisefire products(repregnting
locations actively burningonthe Eaétte s ur f ace at the time of
andburned area productérepresenting the pofite affected area as determined by
the removal of vegetation, exposure of soil and preseit®aocoal and ashedjwo
decade®f mapping efforts have producachumber of global coarse spatial
resolution (e.g. 20m to 1km pixel size) burned area products, including MCD45A1,
MCD64A1, Copernicus Burnt Area, Fi@Cl, and others (respectiveRpyet al,
2005; Tansewt al., 2008;Mouillot et al, 2014; AlonseCanas and Chuvieco, 2015;
Giglio et al, 2018. These poducts have used input from a variety of sensors

including MODIS, SPOTVEGETATION, PROBAV, and MERIS. The extent and
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timing of burningis an essential pargter in fireemissions calculations performed
with the conventional bottorap approach (Seiler ar€rutzen, 1980), and the need
for consistent estimates of greenhouse gas emissions was one of the main drivers of
the development of ghal satellite fire mnitoring prodicts (Descloitregt al, 2002).

Quality assessment obarseresolutionburned arearnpducts is needed to
provide data users with necessary information about the suitability of the products for
specific applications, anghs taken many fornssich as interemparison with other
coarseresdution burned area or active fire products (Boschedttl, 2004; Royet
al., 2008; Boschettet al, 2010; Giglioet al,, 2010; Michael L. Humbegt al, 2019)
or comparison with a samgbf higher resolutio, independety derived reference
burned areanaps (Boschettt al, 2019 Roy and BoschettR009; Padilla, Stehman
and Chuvieco, 2014; Padil& al, 2015). Product validation is an important activity
outlined by the Committeen Earth Obserten Satellites (CEOS) Land Product
Validation (LPV) Subgroup and involves assessing product accunaaye of four
stages, each with increasing statistical rigor. The comparison with independent
reference burned area maps (commonly tdrmadidation) is conventionally
conducted using accuracy mesriderived from a confusion matiix.e. the matrix
repoting the ceoccurrence of proportion of burned and unburned data in the product
and in the independent ez&nce data (for a review, sBeschetti, Stehan and Roy,
2016), or from the regression beden proportions of area burned in coarser
resolution gridcells (Gregoireet al, 2006).

Arguably because of the great emphasis placed on the use of global burned

area products for emissionstienation, validdon has tradionally described the
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accuracyand precision oéreal estimates at different scales,hat than on the
accuracy of other aspects of the burned area representation. The accuracy of the
shapes mapped in a burned area progumirrently notonsidered apart of product
validation exerises, and neither is the accuracy of derived metrics asifine size
distribution, compactness, orientation or speed and orientation of the fire front. There
is an outstanding need to expdhd validation oburned areanpducts to consider
these charderistics. Several recent studies have aimed to quadhéfdistribution of
fire sizes and other characteristics of individual fires, based on existing datasets that
have not been validatedymnd standard askaccuracy (Milamud, Millington and
Perry, 205; Hantsoret al, 2015; Hantson, Pueyo and Chuviecal20Andelaet al,
2018). Of those studies, only the results of (Hantson, Pueyo and Chuvieco, 2015)
were partially validated, limited meever to the comgsison of thesize distribution of
MODIS-derived burn scars, to the size distribution of a sample ofisatderived
burn scars, without directly comparing individual fires.

Evaluating properties such as the number of fires, fire sizkfir@nshape
requres objectbased approaches, rather than dvaaed approaches. While object
based accuracy assessmsdmve been previously applied to reetpsensed
thematic maps (e.@@ruzzone and Persello, 2010; Clinteinal, 2010; Baraldi,
Humberand Boshetti, 213; Yan and Ry, 2014, there has been relatly little
research on the applications in burned aetgadion. Early work on objettased
accuracy assessment of burned area classifications was conducted by (Remmel and
Perera, 2002), wheonsidered the deee of areabverlap between mapped and

reference data between individual fire events using AVHIRIRved burned area
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maps and a wide variety bigh-resolutionreference data (in addition to the
confusion matrix). While this work was keson overlappingrea and didot
explicitly take into accourthe fire boundaries, it does highlight the errors from t
perspective of the mapped burn, the individual fire event, and the reference data
which provides an anakogsboadabdcaricme rc épt s o
Another recent exception is (Nogreeet al, 2017), who proposed a patbhsed
burned are@roduct accuracy assessment approach, but their method approximates it
with an ellipsoidal model for the purposes of compatibility itk behavior ofmore
advancedregetation and fire models, suals O R C H IOy&nising(Céarbon and
Hydrology In Dynamic ¢ o0 s y s ratkentBaa assessing the actual mapped shape
of the fire complex (Krinneet al, 2005; Chuviecet al, 2016).

In this paper, we provida novel edgerror metric which is used to gutify
the degree to whicboarseresolutionburned areanaps retain the shape of burn scars
identified atmediumresolution, in keeping with established protocols for burned area
prodict validation. The metrics demonstratd through a comparison of theOQWIS
MCDG64A1 Burned Area product, which has a nominabk&son of 500m (Giglio et
al., 2018), to the Landsditased Monitoring Trends in Burn Severity (MTBS)
products, which have agelution of30 m(Eidenslink et al, 2007). A calculation of
the minimun achievable edge error metric, which accounts for diffees in pixel
size, is detailed in the Methods section along with other ebpsztd metrics from
literature. The results seati presents the performanof the meics and the paper
concludes witha discussion of the implications of implementowarseresolution

burned area products for representing individual fire shapes.
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Data

MCDG64A1 Burned Area Product

Coarseresolutionsersors such as MODIS prowdjlobal coveage with short
revisit times (gg. daily). This is advantageous for burned area mapsrtigeahigh
temporal frequency improves the probability of obtaining clfvad observations and
can be exploited to more accugigtdetermine the day @urning. On tle other hand,
such sensors ar@able to capture fine details in the shape of objecte@ground
due to their low spatial resolution and, in the case of burned area mapping, the
minimum fire size which can be relily mapped is larger thahat obtainale by
mediumresolution countergrts (Giglio, Randerson and van der Werf, 2013). In this
paper, the latest Collection 6 MODIS MCD64A1 Burned Area product (Bosehetti
al., 2019 Giglio et al, 2018) was selectdzbcause it is operatal, global,and
publicly available. The Caddiction 6 MCD64A1 product detects the most total burned
area 6 any current operational product at coarse spatial resolution (Hwehbkr
2019), including significantly more burned arbari the previous Cattion 5.1
MCD45A1 product (Royet al, 2005,2008), with yearly global burned area
increasing by approxinkely 26% (Giglioet al, 2018).

The MCD64A1 Burned Area mapping algorithm combines daily MODIS
surface reflectance imagery wittkm MODIS active fie data to magpurningon a
daily basis at th&1ODIS 506 m spatial resolution. The algorithm applies dynamic
thresholds to composite MODIS Terra and Aqua imagery generated from-a burn
sensitive spectral band index derived from MODISQL8mh and 2130 nm Texand

Aqua banls, and a measure of temporafi&hility. Cumulative MODIS 1km active
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fire detections aresed to guide the selection of burned and unburned training
samples and to guide the specification of prior burned and unburoleabdities
(Giglio et al., 2018).
The MCD64A1 Burned Area produimcludes several data layéréi B u r n
Dateo, fnABumrthaiDatyyo Unt@AO0 (Quality Assuranc:e
Dayo (during which bur nsetaa20l6)bEeproguct abl vy d
is distributed h the MODIS Sinusoidal Equal AaeProjection (Wolfe, Roy and
Vermote, 1998), with a nominaDB-m resolution (the actual resolution is 463.3127

m).

Monitoring Trends in Burn Severity (MTBS)

In previous literaturegoarseresolution( O -th)sadellite-derived burned
area maps have beessassed or validated usimgdium( t y pi 8ar) | 'y O
resolutbn data such as those provided by Landsat, e.g. (Bosehetfi2019 Roy
and Boschetti, 2009; Boschetti, Stehman and, R6%6; Padillat al., 2017; Gglio et
al., 2018). There are uitiple programs in the United States which map burned area
acros the conterminous United States and Alaska using Landsat data. One of the
more comprehensive effontdth regard to the totalumber of fires mpped is the
Monitoring Trends in Burn SeveriMTBS) (Eidenshinket al, 2007) project, which
provides walto-wall Landsatbased burned area maps for the United States. The
classification is largely derived from photointerpretation caelli by expert
interpreters rédter than automated methods.

MTBS commenced in 2005 in support of the Wildland Fire Leadership

Couwncil (mtbs.gov). Now supported by the USGS, U.S. Forest Service, and the U.S.
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Department of the Interior, the program aims terat fires sincel 984 which

exceed 1000 acres (405 ha) or Zdes (202 ha) in the western and eastern United
States, respestely. Three basic types of data are available from the MTBS program:
burned area boundaries, fire occurrences, and burn sevestics. Both thburned
areaboundaries and burn severity mas provide information about the location and
spatial extent ofires occurring in the United States and selected territories.

The burned area boundaries dataset consists of vectors which delineate the
outemost extent ofthe burned area patches. Theibdaries are derived via
photointerpretation of Landsat TM, ETMatd OLI scenes and do not identify
internal unburned islands Wit the boundary of the burn (Eidenshetkal, 2007).

The burn boundaries avsed to limitthe extent of analysis for theitm severity data,
which consists of classifications derived fréime pixel values indicating the severity
of burning based on thdfferenced normalized burn ratio (ANBR).

For studies in the United States, BIS data haveden used as a reference
datasefor comparison to other products (Lobaataal, 2011; Boschetit al, 2015).
However, studies have demonstrated that MTBShafteerestimates the total burned
area due to the commission of the unburneadhdsdo the bured area total (Sparles
al., 2015). This feature is consistent with the intended use of MTB&hwocuses
on land management rather than burned area esti(Etienshinket al, 2007). It is
noted that due to the ambiguity in the burmesgy classiication it is impossible to

recanstruct internal unburned islands in the context of this study.
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Study Area

Eight fires in the western United States, occurringvbeh 2005 and 2015,
were selected as case studies (Fig. 3.1 and TableTBdfjres were selcted in a
semirandom fashionrbm the MTBS dataset, such that the fires represented a variety
of sizes and locations. No more than one fire was selected for any given state.
According to the National Land Cover Database (NLCD2Qdbme etal., 2015)
the dominant land cover for thaypDCreek Complex, Esmerelda Fire, Cave Creek
Complex, and MurphZomplex was shrub/scrubland. The South Sarpy Fire and
Lincoln CanyonComplex were also predominantly in shrub/scrublands, but also
included gassands/herbacers areas. The East Amarillo Colay, the largest fire in
the study, occurred predominantly in ggands/herbaceous areas with secondary
occurrence in shrub/scrublands. Finally, the Rim Fire occurred predominantly in
evergreen foreswith asecondary lan@over of shrub/scrublands. Iddition to
these eight fires, 165 fires identified from the 2@L6ning season were selected to

demonstrate the methods over a large sample size.

Table3.1. Fires selected fothis study, ordered by size & reported by MTBS). Dominant Land Cover
determined by the degref overlap with the National Land Cover Database 2011 (NLCD).

Fire Name State Year Ignition Date Size (ha) Dominant Land
Covers
SouthSarpy Fie Montana 2015 12-Juk15 2,017 Shrub/Scrub ah
Grassland/Herbaceou
Lincoln Canyon Complex New Mexico 2011 2-Aug-11 4,048 Shrub/Scrub and
Grassland/Herbaceou
Dry Creek Complex Washington 2009 20-Aug-09 20,170 Shrub/Scrub
Esmerelda Fire Nevada 2005 15-Jul-05 40,920 Shrub/Scrub
Rim Fire California 2013 17-Aug-13 104,040 Evergreen Forest and
Shrub/Scrub
Cave Ceek Complex Arizona 2005 21-Jun05 108,605 Shrub/Scrub
Murphy Complex Idaho 2007 21-Juto7 229,628 Shrub/Scrub
EastAmarillo Complex Texas 2006 12-Mar-06 240139 Grassland/Herbaceou

and Shub/Scrub
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Figure 3.1. Eight fires selected for this study, depicted in RGB = SWIR2, NIR, Red composi &h
boundares (yellow).

Methods

Previous wok hasshown that the accuracy of pixel labels at the regional and
continental scale does not necessarily indiceteir@cy with respect to assigning
shape boundaries (Baraldi, Humber and Boschetti, 2013)cEligeed appraches to
assessing bned area etecton accuracy, wherein the entire shape of a fire are taken
into consideration rather than simply the individpixiels, are necessary to quantify a

classifierds perf or man embleathe atirdce of thenficki vi du al
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to be describd with regard to shape as well as area. This approach, which should be
considered complementaryitaather than aeplacement for the commonly
implemented pixebased approaches, consists of three key :stefraction ad
harmonization, meic calculdion, and identification of the minimum achievable edge

error. These steps are described hereafter.

Extraction and ldrmonization

Individual fires were extracted from their respective datasets usingpasso
region (otherwse knownasic onne ct e & 0 ¢gelingmlganitbrm such as that
described in (Shapiro and Stockmann, 2001). First, a binary mask was created fr
the MTBS and MCD64A1 datasets. The MCD64AL1 product is distributed as a
monthly compositefor this study in instanes where the burningventtook place
over the course of multiple calendar months, the monthly products were composited
temporally suchihat the maximum day of burning between two consecutive months
was retained. Unlike MTBS, thdCD64A1 produt does not ssociate individual
fireswith a fire name. While several algorithms exist for the purpose of extracting
individual fires from the M@IS Burned Area datasets (eAychibald and Roy,

2009; Oonet al, 2016) the operation was tiil and conduted manuallyfor the
relativelysimplecases in this study. A binary mask was then created encompassing
all cells flagged as burned.

From the binar masks, the locations of edge (that is, the boundary or
perimeter) cells were extracted berdifying anycell adjacehto an unburned del
basd on queenbds case adtradacencyrryles.(Thet her wi se Kk

location of the center of the cell waecorded, rather than the cell corners, and stored
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in a vector format. The boundaries of M&BS fires wee projectedrom the native

Albers Emial Area Projection to the MODIS Sinusoidal projection. For fires observed

in 2016, MCD64Alderived fires weréhen paired with MTBS fires under the

following conditions: the overlapping area was gretitan 10 percerof the MTBS

and MODIS fire ara; thearea of the fire was greater than 500 ha; the fire was
characterized as a fwi lodlhvious miechdbagteriddfioBS; and

resulting from the rudimentary extraction method based on visséction.

Metric Calcuation

Edge Error Caonputaton

Computer vision algorithms identify the similarity of two image objects
through t he | emtsatoifo md harp efi shegopee smat chi ng. ¢
algorithms may be used for database retrievahage objectetrieval (Qinsel,
Recognition ad 198, 1998; Andreou and Sgouros, 2005; Schindler and Suter, 2008;
Nasreddine, Benzinou and Fablet, 2010). Shagtemng algorithms are not typically
spatially explicit and instead focus on identifying pattseregardlessf size or
orientation (Veltkam,20@ ; Adamek and O6Connor, 2004).
useful for identifying broad patterns of shape, butpfject comparison in the
spatially explicit geographic domain, these may not be desiralitugds as the
rotation ororientation of a fie scaon the landscape is an intrinsic property of the fire
itself. Any agreement in burned area shapes alongeiiff@rientations is, in this
regard, coincidental.

An advantage of shape matching in thepgcof this stdy is the abity of the

algorithms toassess the similarity of object boundaries without the use of a user
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defined parameter. The discrepancy innary locations,orsoal | ed fAcontour
di ssimilarityo, is ¢ abfauodbjectie thetdwyedgedent i f yi
extraction gep) hen calculating the distance between the edge locations of the
evaluated object and a reference object. Tha éor each edge location is calculated
by advancing through the edge points in order totifjetihe mininum distance
between the objecfddamé&k and O6 Connor, 2004) .
Measures of contour dissimilarity are desirable in this regard because,
assuming theata are represented in a projected coordinate system, the unit of the
contour dissimilarity irthe geospatialomain isa physically meanirfgl
representation of distance. In this work, the contour dissimilarity is calculated based
on edge errorHE), whee the average edge error represents the expected distance
between a given evaluated and taggect. Theproposed edgerror metric
guantfies the degree to which two burn identifications agree upon the location of a
burn boundary. The method is usedi&termine the location of every edge pixel in
an evaluated burd, 6 1 '@ 0 @ @lative to its nearest neighborddoging to the
target burnp 6 i & "Q¢see Figure 3.2). It is assumed that if the boundaries are
closer together on averageeththe representation of the burn shapa whole is

more accura.
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Burn{eval,) o  Burn{evals)

Burn{evaly)

Burn{eval,)
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Figure 3.2. Association of four evaluated edge locatichs) i ‘@ 0 &, do two target edge location§,6 1| & "Qo
Note that evhuated edge locations 1 and 4 are associated witm#aest target burn edge location while

evaluated edge locatidhis associated with the geometric normal of the line seginént & Q&6 6 | & "QO
and in the casefeevaluated edglocation 2, the geometric normal and nearest nieiy distance are identical.

In the ideal case, zero edge error represgstances where the burn
boundaries of the evaluated product are perfectly aligned with the burn boundaries of
thetarget productln practice, this is very unlikely to be the cégean entire burn,
especially at differing spatial resolutions, duénperfect ceregistration, supixel
differences in boundary identificatioremddifferences in methodologies for
identifying burnsin each data set. Note that while the first twaiéssare related to
cell size and are not truly errors, the latter issult of erroneous classifications. It
follows that smaller edge errors (those approaching zero) therefore reprbggrdra
level d agreement and a more accurate classificatioheofite boundary while
increasing edge errors indicate poorer charaetiéon of the fire boundary.

The (oarseresolution MCD64A1 burn boundary is designated as the burn to
be evaluated, O OQ 0 ¢)which is compared to the higher resolution MTBS burn
boundary designated as the target bur@) O "QoTheEE is themean error between
an evaluated edge locatidn® O 0 ¢t@rthe minimum of geometric normal of the

line segmenty comecting the two nearest neighbors (NN) in a target burn,
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" O Qo and" O QO |, or the closest of the two NN such tiar a

" OO0 cwith n edge locationgFigure3.2):

00 B —
Where
00 | El00O oo
and
00 Q" O00dv oy O Qo
and
00 Q" OOdv oY " O Qo h" O Qo

(1)

(2)

3)

(4)

As detaled above, the value @ (1) is the average of &b O (see (2), (3),

(4)) for a given burn identification. That is, all edge cell locations of the evaluated

burn are iteratively compared to the nearest edge cell location(s) of thebtamyéh

the eventthat & O O 0 ®ldas multiple” O G "Qd  (when there is a tie for the

second nearest neighPo® 'O  is evaluated for all possible combinations of the

tied elements, selecting the minimum of the evaluatedones.An example
illustrating theO Ovectors for a hypothetical pair of burn shagsrovided in

Figure3.3.
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Figure 3.3. Edge error vectors for two hypothetidurns, in the direction ofoarse tchigh-resolution The
iTar get Bur resndtherefdrdnee dataset g higher resolution, in this instance MTBS. The
AEval uat ed Baseninthe Coarseesplotionrdataset, i.e. MCD64Al. TBEOvedors (arrows) show
the direction and magnitude of the esfiecific edge error.

It is noted that while a subset of the edge locations is often sampled in shape
matching implementations, all edge locations are selected in this methodology in
order to reainthe spatial integrity of the input data. To accommodate the analysis of
this volume of data, the search for nearest neighbors is made more efficient (with
respect to timephrough the use of 01 mensi oné&l ttrreees )( (MBent | ey
1975). kD treesarea form of binary tree which can be used to rapidly reduce
distancebased query time by dividing space using a hyperplane at each tree node.
The time complexity for searching alKtree is approximated as &1 | &£
wherel is the maximum numberf operations needed to identifiye desired value

and ¢ represents the number of elements to be evaluated. For both the evaluated and
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reference objects, a-R tree is constructed containing all points idiedi in the edge
location extraction step. Eagloint along the edge of the test object is used to query
the reference KD tree to find the two nearest neighbor points determined by the
minimum Euclidean distance between the edge point and the pointavadigation

in the K-D tree.

As the O Qmetriccorsists of the average distance between analogous points
along the contours of two burned area identifications, the metric has physical
significance and does not rely on any free parameter as input.

Computation of Overlapping Area Metrics

Many objectbased netrics have been proposed in literature which relate the
accuracy of a given evaluated object to a reference object based on area. Two of the
more widely implemented indices, oversegmentatima undersegmentation, can be
considered analogs to erros ofomission and errors of commission, respectively
(Bruzzone and Persello, 2010; Clinteinal, 2010; Baraldi, Humber and Boschetti,
2013; Yan and Roy, 2014). Oversegmentatinri{describes the degree to which an
algorithm divides an object into tapanysegments, i.e. omits areas which are within
the boundaries of the true object, while undersegmentawdydescribes the degree
to which an algorithm divides an object iitm few segments, i.e. commits areas
which are outside of the boundariestuétrue object (Clintoret al, 2010). Thusy Y
(5) defines the relationship between the overlapping area, or intersection, of the target

object i) and the evaluated objgc® ) t o t he area of the targ

5 p ——— ©)
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Similarly, "Y"Y6) defines the relationship betweity@ overlapping area of the
targetobjectiod and t he ewa) ubbtedhebaeefctdfi the e

such that:
YYp —— (6)

Both metrics were calilated assuming the MTBS burned area as the target
object and the MCDG64AL1 burned area as the evaluated object. It is noted that while
MTBS is designated as the target object (yvention) in this case, the MTBS
burned cell identifiations themselves awgrvalidated and are expected to
overestimatethe ot al area burned due to the ambi gul
Burn Severityo0 dodYawesalso réfezreds ad < effqver | appi ng
metricso as toiangobjecetd amdther. t he ar ea
Identification ofthe Minimum Achievable Edge Error
While the edge error is a measurement of the physical distance between
comparable edge ¢ations between two burned arethg metric can only be
interpreted directly when theulned areas are spatially-oegistered and at the same
spatial resolution. When the observations are presented at different spatial resolutions,
it is necessary to acant for the effects of the diffence in spatial resolution in order
to minimize the dects of random placement of burned cells in the higher resolution
map compared to the lower resolution map.
In practice, many arrangements of burned pixelsgitresolutioncan be
accurately represted by aoarseresolutionmap such that the measudor is a
consequence of the discrepancy in cell sigegire3.4 illustrates two cases where a

coarser resolution pixel asately and reasonabpreserveshe shape of an object
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also represented at a higher resolution. In these cases, errors in the calculation of the
edge errorQ Qare therefore the result of spixel variations in the shape which are

not expected to be captured by toarseresolutionproduct, rather than errors in the
classification itself. Noteworthy, however, is tikagure3.4(a) will demonstrate an

‘O Qlose 0 according to the method described earlier (because alleddga the

higher esolution intersect the nearest neighbor or are located on the line segment
connecting the two nearestighbors, even thoughe areas are different!), while
Figure3.4(b) will exhibit a largefO Qthough the vaie is less than the ois&ded

dimension 6the coarse cell

2% G
%% 00 7777 7%
i vl GG, %
[ e LN
2%/ 447/
00 Wi %7/
IUUGALN XA
GHRAGBUOL Y 0
GUULLL L WHHUAL Y
VA ey | T
(a) Coarse Resolution Burned [[] High Resolution Burned (b}

Figure 3.4. Examples of crossesolution edge location scenarios. (a) dtrates burn boundées at both
resolutions are ideally ctocated, while (b) illustrated a scenario\vhich contains commission and omission
errors. The distance between edge locations in bagesis the result of only resolution differences.

Calculaton of the Minimum Abievable Edge ErroMAEE) gives context to
the measurement by providing an estinwdtthe unavoidable error which results
from differences in spatial resolution rather thigoathm misclassification. The
MAEE calculation is a simgiied version of thenethod implemented by (Boschetti,

Flasse and Brivio, 2004) for calculating the Paigbundary. As with the cited work,
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it is necessary to have only the higher resolution iniape MTBS burned area map
T and to know the cell size difi¢ coarser resolutioproduct (463.3127 m in the case
of MCD64A1).

For each of the eight fires in thétudy, the MTBS maps were projected and
resampled to the MODIS Sinusoidal 5@0grid such tht the values of the output
raster are a soft classificatiogpresenting the pportion of the coarse cell that was
identified as burned in the original map (vauange from 0% to 100%jgure3.5).
Cells with vdues of 100% represent the core burned area \Wuldions near the
perimeter 6the fire exhibit dereasing burn proportions. The soft classifications were
then hardened for all whole percent thresholds in the range [1%, 100%], resulting in
100 possiblelassifications for each fire. The extraction mdare was repeated on
the haréned burn proportiomaps(Figure3.6), upon whichO ‘Qvas calculated using
the native resolution MTBS maps and the thresholded (M@&d&lution) MTBS
proportion maps. Notthat in cases where the cell sizes are the same and the datasets
are spatially caegistered properly, the soft classification wiintain only two
unique values, 0% and 100%, where a threshold of 0% resultsim@aysible)
map where all cells are lmed and a threshold of 100% results in the original burned

area map itself.
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MTBS Burn Severity

W Usburned to Low

Figure 3.5. Esmerelda Fire: Original MTBS classification and projection/resamgpio MODIS Sinusoidal 50®n
grid indicatingthepercent of each cell identified as burned by MTBS.

MTBS Burn Severity
I Unburned to Low

Low
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B High
W Increased Greenness
| | Non-Processed Area Mask
* 100% Burned
50% Burned
* 1% Burned

Figure 3.6. Esmerelda Fire: Edge cell locations for B$ data at MODIS 506 resolution using 1%, 50%, and
100% thresholds.

The minimum of eacl® Gseries per fire represents the optiinoa most
efficient, solution and is retained as MM&EE Recalling thathis number represents
the amount of expected or unavoidable error due to the random placement of burned
cells at the higher resolution ative to thecoarseresolution MAEE s reported along
with ‘O ‘On order to help distinguish between the errorsltegufrom incorrect
classification from the errors resulting from differences in spatial resolution.
MAEEwas calculated for only the eigbase study fires. The reason for this is
twofold: MAEE s unlikely to be relevant to users of the product when presented in
aggregate, and as a practical matter the calculatiA&FE is computationally

intensive.
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Results

The results of the methodologye presented in the following subsections.
The MAEE calaulation procedures are presented first, as these results are a
component of the final edge error statistic. Then, the edge error metric results are
presented, followed by the overlapping area metkdgye error and overlapping area

metrics are presented &ggregate for the 2016 fire season.

Minimum Achievable Edge Error

TheMAEE calculation was performed for each of the eight case study fires,
taking into consideration the error from the MTBS att@DIS 500m resolution to
the MTBS native resolution edgror each fire and threshold for subpixel fraction of
area burned (1% to 100%) the mean edge error is plottedune 3.7 Generally, the
mean edge error distribution is concave, which is td&&jecreases monotonically
as the threshold increasegtiuithe minimum is reached, at which point the mean edge

error increases monotonically.
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Figure 3.7. Minimum achievable edge error thresholds fadDMIS resolution edge locations (463.3127 m cells)
and MTES native resolution edge locations. Red triangles indicate series minima; gray dashed lines indicate
MODIS cell size.
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The minimum mean achievablegederrors were observed using a minimum
threshold m the range 11% (Murphy Complex and East Amarillo Compte29%
(South Sarpy Fire). THRIAEEranged between120.68 m (South Sarpy Fire) and
~153.35 m (Murphy Complex), thurs all cases, the minimum meachievable edge
error is less than 155 m, or rdug 33% of a MODIS 504n cell. The range oMAEE
values ad thresholds for each fire underscores the need to calculate the metric on a

perfire basis, rather than assuming a single global value.

Edge Errorand Overlapping Area Metrics

The edge error metri© Qis presented for each of the eight case stinely,
where MTBS at the native resolution was used in all cases (not to be confused with
the aggregated classifications used for calculation dffhEE). The results are
presented ifrigure3.8 and Table3.2, which show that th® Qs less than or equal to
the MODIS cell size (461.3127 m) in 5 out of 8 possible cases and is slightly greater
than the MODIS cell size in one other cagbe South Sarpfire (466.3 m).The
Rim Fire produces arguably the worst result, v@dtkiexceeding 776 m or roughly 1.7
cell-widths. For the 2016 fire season, th& 250", and 74' EE quantiles were 259.0

m, 332.9 m, and 442.7 m, respectively.

Table3.2. Objectbased accuracy metrics for eight fires in the study region. The MAEE is presented parenthesis
with the EE metric.

Edge ErrorQQ Overlapping Area Metrics

Fire Name MCD64A1 to MTBS (m) MTBS z MCD64 oS us
South Sgpy Fire 466.34 (120.68) 1175.73 0.43 0.07
Lincoln Canyon Complex 339.62 (122.73) 3305.98 0.19 0.06
Dry Creek Complex 317.95 (144.5) 17578.31 0.14 0.05
Esmerelda Fire 355.06 (138.1) 35768.59 0.13 0.03
Rim Fire 776.01 (138.72) 88126.07 0.16 0.01
Cave Geek Complex 398.47 (145.22) 92582.20 0.07 0.05
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Murphy Complex 769.23 (153.35) 201562.97 0.13 0.02
East Amarillo Complex 433.7 (134.49) 211922.20 0.12 0.05

Mean Edge Error (Native Grid Size)
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Figure 3.8. Mean edge error for MCD64A1 to MEBThe dshed gray line indicates MODIS cell size.

The'O 'Qloes not appear to be driven by fire size for the fires in this study,
indicating that the MCDG64A1 detections along the edgefioéare relatvely stable.
The highest edge accuracy was achidwethe Dry Creek Complex, the third
smallest fire in the study which burned 20,170 ha according to MTBS. The lowest
edge accuracy was achieved by the Rim Fire, thelffthest fire in tle stug at
104,340 ha burned.

With regard to the Rim Fire, it appsahat the burned area is poorly
characterized by both the MCD64A1 and MTBS products. The former appears to

omit some areas that were burned, while the latter commits a significant ashount
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bumedarecade t o the ambiguous AUagldss Thisesd t

most evident in the northern portion of the fire, depicteeigure3.9.

o i L )
MCDé4A | Edge Location
MTBS Edge Location

>

Figure 3.9. Rim Fire edge locations identified by MCD64A1 and MTBS. Signifdiscrepancies in the
northernmost part of the image contribute to high EE values.

A comprehensive listing of thedge error indies for the case sty fires is
provided in Table II, along with the overlapping area metrics. For both the
oversegmentatn, U “Yand undersegmentatiory,Ymetrics, the smallest fire in the
data set, South Sarpy Fire, demonstrated thrstvyperformane. Intuitively, thearea
based metrics are highly susceptible to large swings in the value of the metric for
smaller samm@ sizes. On the other hand, two of the larger fires, the Cave Creek
Complex and Rim Fire, demonstrated the small&¥and"Y "Yesgectively. In the
ca® of the Rim Fire, th&Y "Ynetric performed well at the expense of thévhetric

for the reasons deribed above and illustratedkigure3.9. We note that these
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results are in lingvith previous findings byRodrigueset al, 2019) who determined

that the levels of oversegmentation and undersegmentationd€referas) ‘O

andd ‘O , respectively) decrease as the average fire size increases for the Brazilian
Cerrado. Regarding the 2016dfiseason, the #550", and 7%' quantileOSerrors

were 0.15, 0.25, and 0.39, respectively, andX8errorswere 0.04, 0.07, and 0.13,

respectively.

Discussion and Conclusion

Burned area accuracy assessment has hidtgriesen limited to the
traditional pixetbased confusion matrix approaches, which succinctly summarize the
probability of a pixel having a cagct burned or unburned label. These approaches
are effective for stdies related to the total area burned atsmapatial scales where
the atual shape of fires may be either obscured due to pixel size or of little
conseqguence to the intended use oflida.

This paper introduces a method for characterizing the ancofahe shape of
coarseresolutionburned aea detections, by comparingem to higher resolution
reference burned area maps. A novel edge error méeti@ifdicates the average
distance between the boundary of individual burned areas as mappedoatbe
resolutionproduct and the reference boundary. This metric is accompanied by an
indication of the minimum achievable edge error which accountsufming in the
high-resolutionreference map which is smaller than the resolution of the coarse
prodict.

To benchmark the performance of the proposed metric, two conventional

indices from the objedbased image analysis literature were calculated
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oversgmentation and undersegmentatibhe oversegmentation ()vand
undersegmentation Ymetrics sbw a general tendency to demonstrate large errors
for small fires (consistent witRodrigueset al, 2019)while the edge error does not
appear to be related to fire size. This is inteitijeven the formulatioof the metrics

0 “and"Y™dre indices ased on the errors two-dimensionakrea while O Qs a
measure of the errors aerodimensionalpoint) edge locationgAt the individual

fire level, the propose® Onetric complerents, but should not p&ace, the area

based indices because the quantities which they evaluate are different.

The approach was demonstrated by assessing the shape accuracy of the
MODIS Collection 6 MCD64A1 Burned Area, using as referendca daample of
high-resolutionfire peimeters provided by the Monitoring Trends in Burn Severity
(MTBS) project. Our results indicate that for the sample of eight individual fires
considered in the analysis, the MODIS Collection 6 MCD64A1 Burned Areaigtrod
is able tocapture the boundarie$ fires identified at the Landsatale by MTBS. In
most cases, the edge error was less than the width of one MODIS &0and in
all cases, the error was less than the width of two cells. Considering the sadffe o
fires thd occurred in 2016, theverageEE for the selected fires was approximately
332 m and th&E was less than two pixels in 160 out of 165 cases (97%). No
anomalous/unanticipated algorithm behavior was observed when calculatig the
of the krger dataseindicating that our prposed method is operationally stable (a
primary rationale for assessing the larger test sample).

It is important to note that the primary purpose of the MTBS dataset is to

provide information for land managers on baaverity,andit is not designed toeba
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reference dataset for satelittased burned area mapping [41], as the dataset is often
employed. As a result, and due to the lainbensive procedure used to generate the
MTBS dataset, the extent of unburnednsla within a fie is not mapped. Howey,

it is expected that the identification of unburned islands within fires changes
significantly with scale, e.g. many small unburned islands may exist at thes8fle
which daesnot manifest as a meaningful sigaatoarseresoltions. This highlights
implicit assumptions of th® Qmetric that: (i) any boundaiyburned or unburned

is large enough to be captured by both the test and reference datasets and (ii) for any
boundary in a given dataset, a correspogdioundary exists in the other. In the
absence of these conditiotise edge errors increase as a function of the number, size,
and placement of the unmatched boundaries within the fire extent. The unburned
islands are discussed in the Appendix, with@@emetric applied to photointerpreted
data to demonstrate the mettonceptually, assuming tla¢orementioned issues

have been resolved.

Due to the crosgesolution calculation of the minimum achievable edge error
metric, this approach can theoreticdlly applied to any other combination of burned
area maps and refemndata, including maps and reference data of the same spatial
resolution. Additionally, given a method for automated extraction of individwe fir
from burned area maps (eAndelaet al, 2018, the method can conceivably be
routinely applied to the gbal validation otoarseresolutionproducts, e.g.

(Boschettiet al, 2019 Padilla, Stehman and Chuvieco, 2014). The edge error metric

is able to capture information lost in pixehsed accuracy assessment and, for studies
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focused on shape andtdogy of burned area perimeters, it is a more representative
and relevant source of information regarding mapping accuracy.

In future work, we will apply the edge error metric as well as therambject
based indices in two research areas. First, wetplanalyze the difference in edge
errors for fires identified by different classification algorithms to compare, for
example, the MODIS MCD64A1 Collection 6 580burned area product (Gigleb
al., 2018)and the Fire CCI version 5.1 280 burned area pductwhich is also
derived from MODIS (Chuviecet al, 2018), or the Fire CCl version 4.1 3060
burned area product derived from MERIS (Alot@@anas and Chuvieco, 2015).

Additionally, given ahigher spatial resolution dataset delineating true fire
boundaies,the edge error metric can be used to refine burn scar extraction
algorithms. Typically, individual burn scars are identified using flood fill algorithms
which use a threshold for the maxim number of days between detections in
neighboring pixed to cetemine adjacency (e.d\rchibald and Roy, 2009; Archibald
et al, 2013; Hantsoet al, 2015; Hantson, Pueyo and Chuvieco, 2015; Aneletd.,
2018; Laurenet al, 2018, which can lead tander or oversegmentation if the
threshold is too large or s, respectively. Edge error, in these cases, could be
evaluated iteratively with different thresholds to empirically derive a more

representative regional threshold.

Appendix
An implicit assimption in calculating th® Qmetric is that each object
idertifi ed at the coarser resolution has a corresponding object at the finer resolution

(this assumption is already made when selecting the fires for analysis in the first
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place). TheO Can, theefore, be calculated including unburned islands within the
outer boundary of the burn with no modification, provided this condition is met.

However, special consideration must be given to unburned islands as several
studies have demonstrated that thes@nee of unburned islands observed by
satellites do not correspdwell to in situmeasurements taken at a higher spatial
resolution (Price, RusseBmith and Edwards, 2003; Russ8thithet al, 2009).
Similarly, unburned islands identified at a highesalation will not necessarily
correspond to those identifiedatoarser resolution, e.g. Landsat vs. MODIS,
meaning that it is not guaranteed that all unburned islands will be present in both
datasets. This issue can, in theory, be solved by applymiguatrset of rules for
selecting unburned islands that are préacross different resolutions, i.e. accounting
for the lowresolution bias (Boschetti, Flasse and Brivio, 2004). These rules could be
based on the size of the unburned islavitkther or nothe unburned islands overlap
in both datasets, etc. Determigithese specific rules is outside of the scope of this
work, but it is of interest to the broader fire remote sensing community and deserves
additional study.

Two of the case studies were chosen to conceptually demonstr@éxhe
metric when applied tburnscars containing unburned islands. These fires, the
Esmerelda Fire and the East Amarillo Complex, were manually photointerpreted to
append the larger intesl unburned islands to the MTBS boundaffégure3.10s).
The edge of the internal unburned islands and external fire boundaries were then
compared between the modified MTBS and MCDG64A1 fire shapesOTder the

Esmerelda Fire was 252.59 m and the East Amarillo Goawas 398.52 m,
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representing improvements of more than 100 m and 40 m, respectively, when
compared to th® f the fire boundary alone. This improvement can be attributed to
the fact hat the geometry of the unburned islands for the two burns isdegsex

(often elliptical in shape) than the fire boundary geometry. A caveat to this
demonstration is that the photointerpretation of the unburned islands purposefully left
out very smalunburned islands as previously mentioned, conducting this analysi

at scale requires a robust method for determining the minimum detectable unburned

island size.
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e O
MCD64A1 Edge Locations
* Modified MTBS Edge Locations

Figure 3.10. MCD64A1 and Modified MTBS g€ locations including interior unburned islands. Top: Esmerelda
Fire (Nevada, 2005) has an EE of 252.59. Bottom: East Amarillo Complex (Texas, 2006) has an EE of 398.52.
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Chapter4 A MODI S M@O@G4LAL Al gor it hm

|l denti fying I ndividual Fires

Introduction

Remote sensing of wildfires provides unique opportunities to anklyge
scale fire patterns taking advantage of cetesit, systematic, and frequent
observations. Past studieave used globaoarse reslution burned area datasdts
describe the fire size distribution over large atzsed on satellite observations
(Archibald and Roy2009; Archibaldetal., 2013; Hantsomet al, 2015; Hantson,
Pueyo and Chuvam, 2015; Oonet al, 2016), with recent work providing publjc
availabledatasets containing individual fire characterisflcaurentet al, 2018;
Andelaet al, 2019). Becausthe burned area products frammich individual fires
are derived have been generatedaatically, their biases can generally be
considered systematic and consistantomparison to photointerpretatibased
methods which, while capable of providinggher accuracy, can vary widely
depending on the photointerpreter.

Fire regimes have typatly been summarized in terms of area burned, timing
of burning, and length of fire season, often neglectingiteedistribution of
individual fires, as size measments have been hard to obtawer large areas.

Small fires, which contribute very liglto total burned area even though much more
plentiful than large fires (Malamud, Millington and Perry, 2005; Hanét al, 2015;

Hantson, Pueyo and Chuvieco, 2Q1&e often excluded from datses of manually
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derived fire boundaries due to the inhénmexapping difficulties (AICCno date
Natural Resources Canad, date Eidenshinket al, 2007).

At broad scals, large fires are correlated with high fire intépgArchibaldet
al., 2013). Atthe same time, it has been shown that higher fire radippbwer (FRP)
drives convection in the atmosphere leading to higher injection heights (Aneiridis
al., 2010) andhat boreal forests have the highest injection hsigtobally (val
Martin, Loganand Kahn, 2010). Black carbon and other lighsorbing pdicles can
be transported to the Arctic regions from Boreal fires, depending on the FRP and the
time of year (Stohet al, 2006; Hall and Loboda, 2017), leading txrkased surface
albedo and sugequent loss of snow cover and land/sea ice, triggeringiave
feedback loop. This cycle has been speculated sinceth2 mi@ 06 s ( Hansen and
Nazarenko, 2004) and attuted to boreal wildfires shortly thereafter (Kenal.,
2005).0ther workalsosuggests that increased albedo following wildfileads to a
net cooling effect regardless of black carbon deposition (Randersbn2006; Chen
et al, 2018).

The Global Fire Emissions Database (Gigli@al., 2006; van der West al,
2006) attributed approximately 2.5 Mha of burned area perlyetaveen 2002 and
2016, or ~0.5% of global burned area (Gigdtaal, 2018) to Boreal North America, a
region defined to include Canada and Alaska. Firesarrégion disproportionately
contribuked an estimated average of 5 Tg C per year, or ~2.7 pefogiobal fire
emissions, due to higfuel consumption rates and consumption of organic soils (van

der Werfet al, 2017).
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Within the North American boreé&brest biome, wildfires are characted by
long burning duration, high intensity, and large size (Kasisehlak, 2010; Frenclet
al., 2015), while fires in the tundra tend to be less frequent ankkesitiean in the
boreal system (Frenogt al, 2015) Burned area totals are dominatedabymall
number of large fires, particularly in boreal forests where fires < 200ha contribute <
3.5% of burned area in Canada (Stoekal, 2002) and < 1% in Alask@&asischke
and Turésky, 2006). In Canadian and Akas boreal forests, large fires notyn
drive the total amount of burned area but also correspond to higher fire intensity,
increased burn severity and increased soil burning depth leading to highexfrate
carbon loss (Uiretskyet al, 2011). Fire sizand shape influence fire succession
(Fuller, 1991; Whelan, 1995; Turnet al, 1998), soil erosion (Gill and Allan, 2009),
and landscape composition and fragmentation (Basteit, 2011; Lehsten, derGot
and Sallaba, 2016).

Recent studies generaligree that climate change will sigodintly impact
wildfire patterns in the orthern regions, with higher temperatures expected to result
in increased fuel drying during the burning season, in turnrigadimore intense
fires with greater fuel consumpt (in terms of area burned and conthors
completeness) occurring at a higfrequency (Balshet d., 2009; Flannigaet al,

2009; de Groot, Flannigan and Cantin, 2013; Frextci, 2015). Through

observation of past climate patterns, relevant viiak shown that large scale patterns
in temperature and moisture availabiligncbe predictive of the total burned area
(Duffy et al, 2005; Balshet al, 2009). Under these scenarios, fire size isyikel

increase corresponding to the probability af@mtering fire weather conditions
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during the fire season (Abatzoglou and Keig 2011; Barrett al, 2016). Arigorous
and consistennethod to map individual fires over large areabhéseforeneededo
monitor changes in fire size distribution.

In this work, we present a method for extracting individual fires from the
Cadllection 6 MODIS MCD64A1 Burned Area paact (Giglioet al, 2018) in Alaska
and Canada from March 2002 through February 2019, wdlediinto three main
regions Figure4.1) derived from th& errestrial Ecoregionsf the World map (Olson
et al, 2001): boreal (~508 Mha), tundra (~374 Mha), and other (teneplei@nes;
~218 Mha). We then use objdzased approaches to assess the accuracy siaipe
of individual fires compared to the existifge Atlas databasé\fdelaet al, 2019),
implementing existing highesolution databases of individual fire boundaras
referencalata (AICC,no date Natural Resources Canad®, date Loboda and Hall,
2017). The results are then used to analyttems of fires largehan 200 ha in
Canada and Alaska, as identified by the Collection 6 MCD64A1 Burneal Are

product.
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I Boreal Forests/Taiga
B Other

Tundra

Figure4.1. Biomes within the Alaska and Canada study area

Data and Methods

Individual Fire Extraction

Systematic analysis ofikge area, mukannual patterns of fire sizes is
typically based omsatellite observations of burned areas. To exploit the consistent,
systematic data which cdre obtained only through satellite observations, all
availabe data from théM1ODIS Collection 6 (&) MCD64A1 Burned Area product
archive (Giglioet al, 2018) for March 2002 through February 2019 were used in this
study Figure4.2). This product identifies the rabtotal burned area of any current
global opertdonal coarse resolutioproduct (Humbeet al, 2019 Chuviecoet al.,
2019, although, in Canada and Alaska, the C6 MCD64AL1 product identifies
approximate} 6 percent less burned area than its CollectidrpBalecessor (Giglio

et al, 2018). A recent validation exercise, in line with the Cotteaion Earth
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Observation Satellites (CEOS) Calibration/Validation Stage 3 guideltte®$ Land
Product ValidationSubgroup no date), showed that out of seven bidypes the C6
product arguably performs best in the boreal forest biome, with omissaa and
relative bias far lower than any other biome and the third lowest commission error of
any biome (Boschetét al, 2019.

Several approaches have b@aplemerted for extracting individual burns
from coarse spatial resolution burned area mapseral of these approaches are
based on a floafill algorithm (Archibald and Roy, 2009) developed for the
Collection 5 MODIS MCD45A1 burned area algorithm (Ratyal, 2005). The
approach evaluates adjacent pixels labeled as burned and considersx#isge pe
from the same event if the day of burning identified for each pixel is less than 8 days
apart, wher& days was chosen as the adjacency threshold $etaepesented the
temporal accuracy of the MCD45A1 product. Several other works havermapted
a similar floodfill algorithm, but have tuned the adjacency threshold empirically or
heuristically. Forexample, the Fire Atlas algorith(Andelaet al, 2019)implements
an adaptive threshold based on fire frequen@/given area. Other worksly on
empirically derived thresholds, ranging from 2 days (Archilesldl, 2013) to 14
days (Hantsoet al, 2015) with other intermediate thresholds implemeéras well
(Hantson, Pueyo and Chuvieco, 2015; Qstral, 2016).

While the location and dayf burning DoB) are reported by most global
burned area products (Reyal, 2005; Tansewgt al, 2008; AlonseCanas and
Chuvieco, 2015; Chuviecst al, 2018; Gglio et al, 2018), MCD64Al is unique in

that the product provides a paixel estimate offtetemporaluncertainty of the burn
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detection. The burn date uncertainty represents the period of ambiguigyspectral
separability index used to identify msr during which there is insufficient data to
label a cell as burned or unburned due to attoading, cloud cover, etc. (Giglet
al., 2009, 2018). By default, the burn date uncertainty of the MCDgéduct is set
to 1 day to compensate for errorsuking from the overpass time of the sensor, i.e.
the cell burned the day before the burrswatected but after the previous satellite
overpass. In cases where the cell is obscured for one or moreydagobols or
clouds, the uncertainty represents ttumber of days between clear observations
becausegin reality, the actual day of burningudd have occurred on any day within

the uncertainty window.
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Figure4.2. MODIS MMD64A1 burned area detections in Canada and Alaslear refers to fire year, from
March to the following February.
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Using this additional sourad information, the MODIS Uncertaingased
Singlefire Extraction (MUSE) algorithm was developed and desigoedentify
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individual burns by analyzing tHeoB of each mapped cell whileonsideringts
temporal uncertainty. Like other floddl algorithms, the MUSE algorithm searches
for adjacent cells which are both labeled as burned witditfezencedday of
burning falling below a defined thresholdowever, rather than applying a static or
empirically defined threshold, burned cells areyarinsidered to be connected (8
connectivity [/ Que @asdibkburn datsceoramg gsacent ) 1 f t
determined by th®oB and theburn date uncertaintylhe range of possible dates
during which the burn could have occurred is established bynasgthe identified
DoB as the median day of the range, + half of the burn date uncertainty. Adltijtion
to acount for the sueell fire spread, an additionaay is allotted for the fire to
spread across the ground surface.

This approach was applied spatiotemporal mosaics of the C6 MCD64A1
Burned Area product. The mosaics were created for eachear forall of Alaska
and Canada, with the fire year definas the period between March 1 of a given year
and the following February 28/29. Past wodsshown that fire activity is at a
minimum both globally and for Canada and Alaska in March (Bosarat Roy,
2008; Giglio, Randerson and van der Werf, 2018¢tr ef or e Aresettingo t
during March greatly reduces, or ideally eliminates, srresulting from cells which
burn twice in the same calendar ydamractice fire activity in Canaa and Aaska is
very low betweenOctober and Aptii the selection oMarchis purely acdemicin
this regard

Isolated pixels and very small groups of cells (five or f@were removed

from the dataséat these clusters of cells fall below the minimume fsize which is
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confidenty mapped by the @D64A1 algorithm of approximately 120 hectares

(Giglio et al, 2009. Other works such as (Hantsehal, 2015; Hantson, Pueyo and
Chuvieco, 2015) also remove Hgesmall clusters of cells, while the Fire Atlas

(Andelaet al, 2019) allavs for exceptionso the fire growth tracking algorithm in

cases where the small groups of cells are adjacent to much larger burns. The effects of
the small cluster removal are nmmal in the context of this work, as the downstnea
analysis is limited tomly fires larger han 200 ha (> 9 MODIS 56 cells) by the
availability of validation data.

A relevant error existed in the processing of the C6 MCD64A1 product which
prevented thérst or last column of twentgix tilesfromre ei vi ng a fburnedo
due to an overly i®rictive contextual relabeling test. This error was corrected for
August 2018 onward, however, months prior to August 2018 will be corrected in the
forthcoming MIS Collection 7. It is expected that fires criogsthe boundaries of
theaffected tiles wilbe artificially segmented in this work, with two tiles affected in
the study region (h11v02 and h09v04). This issue can lead to artificial splitting of

burns inb multiple segments if the burn lies along thgeedf one of these tiles.

Accuracy Metrics

While the C6 MCD64A1 product has been extensively validated at the pixel
level (Boschettet al, 2019 Chuviecoet al, 2018; Giglioet al, 2018), these
exergses focused on characterizing the amourtushing over large areasédo not
address thaccuracy of individual burn scars. To characterize thdipger
performance of the algorithm, objdzased approaches are necessary. Obpesztd

accuracy assessmis have been previously applied to remosalgsed thematic maps
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(Clintonet al, 2010; Pemllo and Bruzzone, 2010; Baraldi, Humber and Boschetti,
2013; Yan and Roy, 2014), but only a few have addressed burned area maps
specifically (Humber, Boschetti drGiglio, Accepted Remmel and Perera, 2002,
Nogueiraet al, 2017).

The acaracy metrics chosen for this work relate a coarse resolution mapped
object to a higher resolution reference object. To summarize the degree of areal
overlap betwen the two objects, the commonly usegrsegmentatiorQ§ and
undersegmentatiotJ) indices were selected (Clintaat al, 2010; Persello and
Bruzzone, 2010; Baraldi, Humber and Boschetti, 2013; Yan and Roy, 2014; Humber,
Boschetti and GiglioAccepted. OSandUSindicate the degree to whi@ reference
object is divided intodo many or too few parts, respieely. In this regard, th©Sis
related to errors of omission whiléSis related to errors of commissiarnen
consdering the evaluated objeds a bmary lurned/nd¢-burned classification.

Thus,0Sdefines the relationship between the overlapping area of the
refermce burxh) szmrad t(MHer ol w it foi( dieeefeence a o f
burn scar such that:

A O AA o

) “RAOAA
Similarly, "Y™efines the relationship between the overlapping area of the

0°Y p

referencewhuramds a¢ &are (ci aos)s itfoi etdh eappedhe as coafr
burn scar such that:
AOAA o
A O AA
The ovelapping area metric®SandUSare calalated only for the mapped

’?’YnY p

fire which most overlaps a given reference fire.

96

t(1



Complementary to the overlapping area indices, the edge E&Epm(etric
(Humber, Boschetti and Giglid\ccepted was calculated to characterize the
correctness of the burn scar boundaries. EEg8s the mean error between an
evaluated edge location O OQ 0 ¢tdithe minimum of geometric normal dfet line
segmenty connecting the two nearest neighbdi$\) in a target burn,

" O Qo and' OI"QO , orthe closest of the tweN such that for a

" OO U cwith n edge locatios:

. (0)0)
o0 —_—
£
Where
00 | EI0C0O OO
and
00 Q" 0L iy O Qo
and

00 Q" OO0 vy " O Qo h' O "Qo

For each combinatioof mapped and reference burn sc&fs guantifies the
differencebetween the boundary of a mapped burn scar to the edgestérence
burn scar which can be directly interpreted as the average distance from any location
on the mapped burn sdaoundary to the true badary. It should be noted thaE is
independent of theverlapping area metrics, as it evaluates the buimptar rather
than the overlapping area.

Reference burn boundaries were selected from the ABctieal Vulnerability
Experiment (ABoVE) Wildfiredataset (Loboda and Hall, 2017), which provides a

largecollection of fire scar perimeters mappeadregdiumspatial resolutior(30 m)
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for fires which occurred between 2001 and 2015. The ABoVE Wildfire dataset was
compiled as pamf the ABoVE Program and includdire boundaries from the
Natur al R e s 0 unadiam Blatidhal Rire Database (Katural Resources
Canad, no datg¢ and the Alaska Interagency Coordination Center (Al@Cdate. In

the case of the Canadian NationalFe Dat abase[éjtthe ctatad th
contained in the CNFDB [Canadian NationakFDatabase] are not complete nor are
they without eror. Not all fires have been mapped, and data accuracy varies due to
different mapping techniques. This collectiaoludes only data that has Inee
contributed by the agencies. Data completeness arityqueary among agencies and
bet ween vy e dis.cés.arcaf.gcica/hp/nfdb). Thevdatatetreforehas an
unknown error rate, presumably favoring errors ofssioin, which precludes its use
as a trueeferencadataset from which robust estimatean be derived. Although the
ABOVE dataset cannot lmonsidered a complete census of the fire activity, the fire
perimeters which were identified were assdrteebe of high quality and us¢al
evaluate the accuracy of the burn scar shapes extracte/fGipo4Al.

The performance of the MUSE algorithm wasngared to the Fire Atlas
(Andelaet al, 2019), whichto thebest of the authog&knowledge is th@nly publicly
available systematically generated sat@lderived dataset providing individual fire
characteristics inclling the fire boundary as of the timewafiting. The Fire Atlas
was also derived from the MCD64A1 produmt identifies individual fires by
tracking the expansion of the fire fromigmnition point using a threstep process

which identifies igniton points, determines the threshold for fire propagéftiom
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pixel-to-pixel, and finally adjusts outliers alotige edges of the burn scar (Andeta
al., 2019).

Validation and intercompaon of the fire identification algorithmas
conducted for the pmd from 2003 to 2015. This range represents theay@eriod
between the MODIS Burned Area archive used hyS#& (20011 current), the
Arctic-Boreal Vulnerability Experiment (ABoVE) Wilite dataset (2001 2015)
used for validation (Loboda and Hal27), and the Global Fire Atlas dataset (2003

T 2016)which is used as a benchmark for comparison (Anetedd, 2019).

Results

In line with previous studies whidieve emphasizedhe relatively small
contribution of smaller fires to the reg@rburning totalsn North American boreal
forests(Stockset al, 2002; Gillettet al, 2004; Kasiskke andTuretsky, 2006;
Girardin and Mudelsee, 2008), the analysis wagdid to burns larger than 200.ha
Between 2003 and 2015, MUSE identified 11,056 individual fires while-ihe
Atlas identified 55,18 Due primarily to omissios of small fires in the ABoVE
dataset and commission errors in MQI24, the Fire Atlas intersected 4,218 of the
ABOVE fires while MUSE intesected 3,464. On average, one ABaéEerencdire
corresporded to 3.11 MUSE fires and 8.00 Fire Atlas fires. Recallinglibtt
products are derived from MCD64A1, this differencéhi@ number of fires identified
can be attributed to differences in the extracttgorithms.

The edge errolHE) metric and overlgung area indicesdSandUS) were
calculated using the ABoVE buiscar boundaries as reference data, with the MUSE

and Fie Atlasboundaries analyzed as the classified data. Due to the extreme spatial
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distortions in the sinusoidal projection in the cirquotar latitudesEE was computed

in the North America Equidista@onic Projection due to its inherently distance

based calulation. On the other han@SandUSwere computed in the Sinusoidal

Projection a they are arebased calculations.

As shown inTable 43 andFigure4.3, the MUSE fire boundaries in all years

have arkEE of less than 2 times the os&led dimension of the MODIS 541 cell

(463.3127 M The Fire AtlasEE is below this threshold in all years excep020This

findingis in line with a simar andysis of MCD64A1 undertaken for the Western

United States (Humber, Boschetti and Gighocepted. In all years except@®5,

MUSE is an improvement over the Fire Atlas for edge error, whichilaly be

attributed to the Fe Atlas 6

tendency to oversegment

burns

the maximum difference is approximately 180 m, or less than 40% of the MODIS cell

dimersion.

Table 43. Edge Errormetrics(in meter$ for individual fires extractedrbm MCD64A1 vs. ABOVE reference fires
Fire Atlas- MUSE indicates the difference in median distance from mafpezference boundaries between

algorithms.

Year| MUSE | Fire Atlas | Fire Atlas - MUSE
2003| 590.50 614.21 23.70
2004 | 835.86 936.70 100.84
2005| 672.24 788.72 116.48
2006| 397.13 452.21 55.07
2007| 570.48 675.00 104.52
2008| 694.69 735.22 40.53
2009| 782.05 820.46 38.41
2010| 579.34 675.94 96.59
2011| 730.37 829.59 99.22
2012| 526.15 531.63 5.47
2013| 571.48 626.80 5532
2014| 740.17 920.36 180.19
2015| 679.17 661.99 -17.18
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Figure 4.3. Graph of Edge Error through tinfer individual fires extracted from MCD64A1 vs. AEE reference
fires. The gray dashed line indicates MODIScell dimenson, the black dashed line indicates 2x MODIS cell
dimension.

RegardingDSandUS, there is a stronger tendency to oversegment (versus
undersegment) for both MUSE and the Fire AtRecalling thaDSandUSare
related to omission armbmmis$on errors, espectively, these results agree with prior
pixekb ased validati on r e gwevalkerse obmnmsdionemotsi ng MCD6
(Boschettiet al, 2019. For all years, the mediddSandUSerrors for the MUSE
boundarés werdower than for the Fire Atlag-or both products and in all yealtdS

errors are smaller thadSerrors (Table 4.2, Figure 4.4).

Table 44. Oversegmentation (OS) and Undersegmentdtits) errorsfor individual fires extraad from
MCDG64A1 vs. ABoVE referendesk. Fire Atlas- MUSE indicates the difference in the error metric between
algorithms.

Oversegmentation Undersegmentation
Year | Fire MUSE | Fire Atlas - | Fire MUSE | Fire Atlas-
Atlas MUSE Atlas MUSE
2003 | 0.54 0.52 0.01 0.18 0.16 0.02
2004 | 0.65 0.63 0.02 0.14 0.10 0.04
2005 0.55 0.47 0.08 0.18 0.14 0.04
2006 | 0.48 0.40 0.08 0.19 0.17 0.01
2007 | 0.58 0.52 0.07 0.18 0.15 0.03
2008 | 0.60 0.53 0.07 0.11 0.09 0.02
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2009 0.64 0.62 0.02 0.16 0.10 0.06
2010] 0.61 0.55 0.07 0.10 0.09 0.01
2011 0.66 0.61 0.05 0.22 0.12 0.10
2012 0.53 0.48 0.05 0.14 0.12 0.02
2013] 0.57 0.54 0.03 0.14 0.12 0.03
2014] 0.55 0.50 0.05 0.09 0.07 0.02
2015] 0.59 0.54 0.06 0.25 0.13 0.11

Median Oversegmentation and Undersegmentation Per Year
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Figure4.4. Graph ofOversegmentatiord§ andUndersegmentation (USjrers through time for individual fires
extracted from MCD64A1 vs. ABoVE reference fires.

Qualitatively, MUSE has a tendency to create small, artificial unburned

islands withn the boundary of the burn scar due to the removal of small clusters of

burned ells which, thoughspatiallyadjacemto the surrandingcells do not overlap

with the temporaburndate rang€Figure 45). The Fire Atlas does not remove small

clusters hurned cells and therefore does not demonstrate this behavior. However,

MUSE appears to better represent the shfeedire dueto its tendency to identify

larger connected segments.
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Figure4.5. The 2007 Anuktavuk Firéa) Landsat7 Path 073 Rows 01012 compositéJune 2008; R=Mid IR,
G=NIR, B=Red). (b) MUSE overlapping fire segments. (c) Fire Atlas overlappingefments. In (b) and (c),
each color corresponds to an individuitracted fire segment. Note that MCD64A1 underestimates the area of
the burn, whictpropagates into the extraction algorithms.

As an eample, the Anuktavuk River Fir€&igure 4.5, whichburned over the
course of thre nonths in 2007 in the north Alaskan tundra and is knowm fro
previous studies to have burned over 100,000 ha and was the largestgast lon
burning tundra fire on record (Jonetsal, 2009; Macket al, 2011). The main body
of the burn scawas underdgsnated by MCD64Allikely due toissues with the
MODIS water mask (Giglieet al, 2018), resulting in MUSE identifying the main
body of the fire as 81,484 ha with an additional smaller attached segmeri lbf51
By contrast, the Fire Atlasibdivided theman body of the fire into nine distinct
segments, thatgest of which was approximately 51,792 ha followed by a segment
of 26,4% ha. This is consistent with results throughout the study area indicaging th
tendency of both fire extractialgorithms tooversegment individual fires into

multiple fragments, thugh MUSE creates fewer total fragments.
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