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1. Introduction

Natural fires play an important rola the Earth system. The perturbation of vegetation
dynamics through biomass burning and gost recovery (Bond et al. 2005) has an
impact on the carbon cycle (Boiémberty et al. 2007), and the various chemical
emissions from wildfires (C§€ methane, et) (van der Werf et al. 2010) are susceptible

to have significant impacts on the atmospheric radiative forcing balance and on human
health. Those processes are then included in most of Dynamic Global Vegetation
Models (DGVM) (Hantson et al. 2016). Undexnstling them is vital to produce reliable
climatic forecasts of biosphér@mosphere interactions, which are necessary to study
future changes in the carbon cycle. At the same time, various global burned area (BA)
products have been derived from remote isengMouillot et al. 2014, Giglio et al.
2009, 2013 Chuvieco et al. 2036n order to help model the key processes related to
vegetation fires, and to verify if DGVMs are able to accurately reproduce global BA,
fire seasonality and fire emissions.

Most d the fire modules simulate fire spread as a theoretical ellipse centred on the
ignition point, where the elongation of the ellipse is proportional to the wind speed
(Rothermel 1972). Burned area is usually estimated as the product of the number of
fires imes the area of the simulated ellipse. However, this method neglects the fact that
fire propagation can be locally modified by wind orientation and topography gradient
(Barros et al. 201,22013). Moreover, recent studies have shown that fire patch
complexty is important to understand pefste recovery, since remaining islands of
living vegetation can accelerate the recolonization process after(RdineanCuesta et

al. 2009, Oliveira et al. 2015Regional analyses of fire shapes exist, but it hasrneve
been brought to a global scale. This new step is necessary in order to refine fire
modules, and to allow for proper calibration of fire shape distribution in DGVM. This
Climate Assessment Report focuses on the assessment of global fire patch databases
from satellite Burned Area (BA) products and their subsequent use in climate research.

Two types of data sets can be used to characterize fire patches. The first type consists in
information provided by Forest Agencies, where fire patches are directly etsamnd
recorded either by sight, photography, helicopters or ground GPS; the sgbaonaed

area observation derived from satellite data. None of those data sets are perfect, as they
exhibit different biases and different fire detection completeness, for example,
difficult for forest service data to estimate huntaas in fireshape reports, which can

arise from visual misidentification of fire patch boundaries and from sampling
limitation due to the necessity of presenceaof operator for eachré event The
coverage of such reports is moreover limited to specific regions of Earth. On the other
hand, satellite data reliability is known to depend on land typadcover (Giglio et al.

2009, algorithms used to reconstruct fire patches from pixa BA and no data
availability. However, satellite data allow for a continuous and global coverage of
burned area. Since the Fire_cci fire patch database aims to provide a global and
unbiased description of fire patch morphology, satellite data aresuable for such a

task. But still, fire patch determination from Forest Services remains extremely useful to
control the reliability of the satellite derived fire patch database. It is, however, very
difficult to combine the two types of datasets for lgs@s purposes, since their
sampling biases differ greatly.

The Fire_cci fire patch database has been crdstdide Fire cci tearfrom the MERIS
Fire_cci v4.1(FireCCl41) MODIS Fire_cci v5.0(FireCCI50) MODIS Fire_cci v5.1
(FireCCI51),the MCD45A1collection 5.1and MCD64Alcollection 6 BA data sets.
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The FireCCl41product uses the MERIS sensor to provide a global coverage of burned
area every three days (at equator) from 2005 to 2011, with approx. 300x300m spatial
resolution at Nadir (Oliva et al. 201Chuvieco et al. 2016)Jsing a similar algorithm

than for FireCCl41and based on the MODIS instrument on the Terra satellite, the
FireCCl50and FireCCI51 products provid®A over a longer time series (2062016,

2017 in the case of FireCCIplandwith a resolution ofapprox.250x250m at equator.

The MCD45Alcollection 5and MCD64A1collection 6BA productsprovide a global
coverage every day (at equator) floe time serie20002017), but with a lower spatial
resolution gpprox.50x500m) (Roy et al. 208, Giglio et al. 201% As described in
Section4, these two data sets wile usedor intercomparison of th€&ire_cci derived

fire patch databaseA regional fire patch database has also been derived fro®Rbe

BA product(based on Sentin@ data) which has also been generated by the Fire_cci
team With its very high spatial resolutioagproximately 2x20m at Nadir), it provides

a very accurate determination of fire morphological features in Northern Hemisphere
Africa. We have also compared the features of the fire patches of the SFD product with
those of the MCD64Alnpduct, over their overlapping time series.

2. Methodology

Fire patches were obtained by grouping pixels of burned area into fire patches. This was
doneusing he HAfilldod al gorithm (Loepfe et al. 201

1 Starting from the topeft corner, the algorithm selects the first pixel with an
identified burned date and attributes it an ID number.

1 The algorithm reads all neighbouring pixels ¢ | owi ng a chess
schemeo) : al | pi xels whose burned dates
(the cutoff) receive the same ID number as the central pixel.

1 This process is repeated for each new pixel added to the group, until no more
new pixes can be added following this method.

1 The algorithm looks for the next pixel with an identified burned date, and which
does not already belong to another identified pixel group.

Figurel shows that the choice ofdtcutoff can influence the size of the reconstructed
patches.This effectis discussed and quantified Section4 for 3 different cutoff
values identified as keystone thresholds for fire patch identification in Oom et al.
(2016). These different valuesere choserbecause they span the majority of-ofit
values used in other analyses.

From the yearly patch ID maps, where each burned pixel is referenced by its patch ID,
individual patch description metrics were calculateat. €ach patch, its surface area (A,

in ha), the length of its perimeter (P, in number of pixel side) and its core area (CA in
ha) were calculated, the last parameter defined for each fire patch as the area covered by
the pixels totally surrounded by othpixels belonging to the same fire patch. Patch
shape complexity was evaluated from its fractal dimension (FD) calculated as 2 x
In(0.25*P)/In(A) and its shape index (SI) calculated as 0.25*R/&he full process is
summarized ofrigure2.
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Figure 1: Example of fire patch reconstruction. Figures a to d show the fire patches calculated from
individual burned pixels, with a cuaiff of 3, 5, 9 and 14, for MCD64A1 in a region of northern
henisphere Africa. Continuous areas with the same colour indicate the same fire patch. Figure e shows
the burn dates of the pixels (in days). Figures f and g show examples of the Standard Deviation Ellipses
(SDE, dark blue) for three patches with a-cfftof 5 and 14. The hafixes and azimuthal angle are
displayed in red.
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Figure 2: Flowchart of the fire patches processing (from Nogueira et a6)201
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These commonly used patch metrics in landscape ecology were first developed in th
Fragstats software andvere used withthe corresponding R CRAN package
ASDMt ool so (Species Di sTher ellise fitting the spkdial e | | i ng
distribution of burned pixels within a patclvas also computedio capture the
directional azimuthalangle and the elongation of the patch, two key variables
describing fire spread processes. In addition, ellipses are the theoretical shapes
simulated in DGVMs, and with which they can be benchmarked. Pixels belonging to the
same patch ID were converteddrpoints with geographic coordinates corresponding to
the centre ofthe pixel¥h en t he fAaspaceo R CRvadusedioac kage |
fit the ellipse. From this ellipséhe main featuresvere extractedncluding:

1 The projection of the longest axatong X and Y coordinates respectively named
Ukandanmd the azimuthal angle d, correspon
the longest axis of the ellipse from the northern direction, computed from lat/lon
coordinates (in degree).

1 The projection of théongest axis along X and Y coordinates respectively named
Uxkm @ N dyxm Gomputed from local flat coordinate system (in km) and the
azi mut hagd, coaespprdiag tal the clockwise deviation of the longest
axis of the ellipse from the northern directi(in degree).

1 The eccentricity (E) as an index of patch elongation calculated as the square root
of 1 minus the ratio of the squared lengths of the shortest and longest axis of the
ellipse so that E = 0 corresponds to the most elongated shape, and E = 1
corresponds to a perfect circle.

Figure3 shows the difference between the area of the fire patch computed from the
ellipse Auiipse and the area computed from the BA pixels,d scaled by Aipse

versus Aiipse The distribution is centred on a negative value (around 25 % for the
Fire_cci product, and 40% for MCD45Abllection 5and MCD64Alcollection §,

with a longer distribution tail toward positive values. This means that the ellipse
tends to underestir® fire patch size compared to the one computed at the pixel
level. This bias is independent of the fire size, and seems only related to the
resolution of the spectrometdtigure 4 shows the evolution of this arééas with
perimeter to area ratio. For low values of perimeter to area rafig, i& generally
bigger than Aiipse but as the perimeter to area gets higher, the difference reduces.
For bigger patches, the tendency changes angéstarts to be lgiger than Aie.

This behaviour is expected, since larger and longer fires have a higher probability to
encounter natural obstacles, and are therefore susceptible to have more complex fire

shapes.

100
075 I

— Apixel) Aslipse
— Apixel Acliipse

ellipse

(Aciipse

0 10¢ 107 e bl
Acllipse Acliipse Acliipse

Figure 3: Difference between gareascomputed from the ellipse and from pixel, normalized by the area
of the ellipse, with respect to ellipse area. The left plot displays the result fdEiRES Fire_cci product,
thecentreone br MCD45A1 collection 5and the right one for MCD64Adollection
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(Acipse = Apixel Acliipse
(Aciiipse — Apixel/Asliipse
(Actiipse = Apixel Aetiipse

A 20 s 30 i) i ) 23 20 s s o 23 20 s
Perimeter to Area Ratio Perimeterto Area Ratio Perimeterto Area Ratio

Figure 4. Same as Figure 3, but with perimeter to area ratio. The discontinuities arise from the fact that
perimeter to area ratio for small patches will take discrete values.

Because both BA products are very ladpga sets, both of themvere separateth
3.75x3.75° tiles in order to parallelize the process. This method exposes us to a bias in
the database since fire patches located close to the tile borders can be cut. This is why
bands of 0.625° from each borddrtloe tiles overlap with neighbouring tilesall fire
patches whose centres are within the central 2.5x2.5%aeaattributed to the tilo

avoid double counting. An example is displayed-agure5.

Figure 5: Example of a 3.75%3.75° tile in Africa, which illustrates the removal of the 0.625° bands on the
borders of the tileThe patches located on the borders are added to the database when the neighbouring
tiles are processed, to adaloublecounting.

3. Assessing the conservation of fire patch morphological features
across fire products

Fire spread processes are driven by the spatial arrangement of fuel, its water content
status, and the combined effect ofndiand topography. The Rothed 6 s equati on
(Albini 1976, Rothermel 1972)

Op 0
v p .
-0

synthesizes these combined effeated in spatialhexplicit fire spread modelling
(Burgan and Rothermel 1984and is usually applied in lasdape fire succession
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models (Cary et al. 2006or simulating fire contoursR istherate of fire spreadglis
fire intensity,0w 0 s are modifiers for wind (w) and slope ($)is fuel bulk densitye
is effective heating number, and Q is heat ofigration. In turn, the final shape of
fires, and fire intensity within the fire event, are driven by wind conditions (wind speed
and direction) and topographt the global scale, fire modules uasimilar empirical
formulation to simulate a theoreticalipse of fire shape, but only driven by wind speed
(Figure 6), with no information on landscape composition and structure or topography
being available at this level. We then hypothesize here, for future climatelimg
development including fire emissions, that pixel level information from global burned
area remote sensing products can provide the keystone morphological features of fire
shapes. However, global remote sensing products have usually been assesdatac
to the total burned area (Mouillot et al. 2014), it seasonal pattern (Giglio et al. 2013) and
more recently the patch size distribution (Hantson et al. 2015). Instead of comparing the
two datasets pixel to pixel, and deng the usual overall accacy and commission and
omission errors,it is proposedhere to investigate the conservation of fire patch
morphological features in pixel level global remote sensing products compared to fine
resolution observations. Fire patches, as an assemblage dafeatljpixels of quasi
similar burndate, can be described by their complexity, their elongation in space and
the orientation of the major direction of the patch, as a key indicator of their underlying
spreading conditions. Similar commission and omissioargr important to quantify
pixel to pixel accuracy, can howevbkave contrasted consequences on the final fire
shape as illustrated iRigure 7. Accuracy of fire patch morphology has never been
evaluated yet in gbal remote sensing, despite the potential interest in extracting key
spreading information.

2-D Fire Shapes

b\ Lenglth/Breath Ratio = b/a

a

@@@45

Length/Breath Ratio Increasing —————
Wind / Slope Increasing -

Figure 6: lllustration of a theoretical-D fire ellipse (from Alexander 1985).
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Figure 7: lllustration of tle modification of patch morphological features because of commigsioed)
and omission error@n grey)

3.1.At the local scale in the Brazilian Savanna

The study was focusedon a selected site in the South American savanna (Brazil)
(Figure 8), one of the most firprone biomes globally, and one of the validation test
sites for the MERIS Fireci v3.1 (FireCCI31) global BA product. This first part
presents the methodological development based on theFa@GC131and the keystone
information derive from the pixel level product, to be further implemented at the
continental (Section 3.2) and global scale. LANDSWgEed fire patch dataset and both
MODIS MCD45A1 collection 5 and FireCCI31 were usedThe consistency offire

patch metrics among these three datasets as a quality assessnectieistedThe study

area (250,000 kA is located in the nortvestern part of the Tocantins state (TO) in
centr al Brazil exk9U8800¢gSfi6mylsea@GEe0d a
boundary between the savanna biome (Cerrado) and the Amazonian foresprantre
region as a consequence of a flammable and dry vegetation type, and with high
likelihood of human ignitions. MCD45Alcollection 5 and FireCCI31 were
characterized bg burned date layer indicating the day of the year when a fire occurred,
and the corresponding quality flag indicating the level of confidence in the fire
occurrence varying between 0 (low confidence) to 100 (high confidesmme MERIS
Archiveswere misgg in this areaRamo et al. 2014potentially leading to additional
missing fires in this study site. Only the burned dates with confidence level higher than
50% were selected for MCD45ADbllection 5andFireCCI31 The confidence level in

the two produts is derived from different calculationdifficult to compare. fie same
threshold in the two datasets wssected acknowledging the potential bias related to
this choice. All the datasets werepmjected at 30m resolution in the UTM 22S datum
WGS84 pojection over the LANDSAT 7 scene 223/066 of the Worldwide Referencing
System 2 (WRS2) Path/Row. The burn date (BD) dataset from MCD46Mkeiction 5

and MERIS Fire_cci 8.1 was used to identify individual burned patches (ID), using the
spatietemporal fbod fill algorithm. The main characteristics of the surveys compared
in this section are displayed dmablel.
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Figure 8: Administrative map of Brazil

Table 1: Degriptions of global burned area data used for fire patch studies

Burned area dataset Satellite Temporal an_d Temporal
spatial resolution series used
Landsat 5, Thematic

Mapper (TM), Landsat 7,

LANDSAT : 15 days, 30m 20022009
enhance thematic mappe
(ETM+)
MCD45A1 collection 5 TERRA MODIS Daily, 500m 20022009
FireCCI31 ENVISAT-MERIS 2-3 days 300m 20062008

The overall agreement between the three BA productséntaparisons was 0.97, with

an omission error varying between 0.49 for the comparison betieetwo global
products MCD45A1collection 5 and FireCCI31 to 0.81 for theFireCCI31 and
LANDSAT comparison. The commission error varied between 0.64 for the MCD45A1
collection 5and LANDSAT comparison to 0.74 fétireCCl3land LANDSAT. When
examining tle omission and commission errors for each fire size class, higher errors
(>0.9) for the smallest fire size claggere obtainedThe fire patch database were
divided according to patch size classes with thresholds of 90ha, 270ha, 450ha, 630ha
and 900 ha, siilar for all datasets whatever their resmn. We observe in the 90ha
270ha size class (called 90ha class), EuwaCCl31captured more patches overlapping
with LANDSAT than MCD45A1 collection 5, due to its highest spatial resolution
detecting more sniidfires, and in turn a better accuracy in properly locating these small
fires, although remaining below 30%0 bias in the number of patches was observed in
the other classes (Nogueira et al. @0Then patch to patch correlations for each patch
metric were investigatedFor each cross tabulation and patch size threshbll, t
coefficients of determination®Rndicating the fraction of the variance explained by the
bestfitted linear regression, and the slope indicating the potential bias to the 1:1 line
expected if the sensors are fully conservative of the patch manecdlustrated in
Figure 9. For the patch area, the highest WRere obtained for thé&ireCCI31 and
MCD45A1 collection 5(R* > 0.8 for all patctsizes) and slopes close to 1, indicating
very similar patch sizes between the two global BA products. When comparing global
BA products to LANDSAT, Rwere also high foFireCCI31(R? > 0.8) and lower for

the MCD45A1 collection 5 produciR? varies betweer.4 and 0.8). Slopes of the
regression for both global BA produdigeCCl31and MCD45Alcollection 5cross
tabulated with LANDSAT varied between 0.8 for all fire size classes and 0.6 for larger



. ) ) Ref.: Fire_cci_D5.1 CAR_v1.4
e fire . Fire_ccl Issue 1.4 Date 16/11/2018

‘ \j e Climate AssessmdrReport Page 18
fire sizes, indicating an underestimation of patch areasnofar magnitude for both
global BA products. The correlation coefficients for the core area were similar to the
total patch area, but with regression slopes reaching Q@) indicating a slightly
lower error in patch areas when removing the patch demynbuffer zone (500 m),
where uncertainty seems to be the highest. Patch perimeters were also well correlated
(R? varying between 0.4 and 0.85) but with much higher perimeter values for
LANDSAT patches performed at 30m resolution compared to MCD4&A&ction 5
and FireCCI31performed at 500m and 300m, so that regression slopes vary between
0.3 and 0.65. Shape index and Fractal dimensions were correlated*veitbuRd 0.5
between the two global producEreCCl31and MCD45Alcollection 5but poorly
correlated when compared to LANDSAT witlf R0.3, an expected result regarding the
higher resolution of the LANDSAT fire patches. The largest patches (> 900 ha),
however, experience betteyet still low, correlations for the fractal dimension*(R
0.4). When analysing the comparison of the fitted ellipse features (eccentricity and
azimuthal direction of the longest axis)’ Rere low for all comparisons, but reached
values B > 0.3 for patches larger than 450 ha for eccentricity &ne ®4 for patches
large r  t han 4UnBerthisgatch size theeshold ?Rvas below 0.5. Slopes of
the regressions between eccentricities vary between 0.3 and 0.7 for patches larger than
450 ha, lower than the expected 1:1 line, indicating an underestimation of patch
elogati on and missing pixels at the extremes
varied between 0.7 and 1.1 for all product comparisons, close to the expected unbiased
1:1 line.
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Figure 9: Coefficients of determination (R) dmegression slope (s) (Y axis) as a function of patch size
(in ha, X axis) for patch size, eccentricity, peri
products. (R) solid line: coefficient of determination; (s) dotted line: slope.

3.2.At the continental scale in North America

Thefire patch analysisitially developed at the local scale BireCCI31in Brazil was
extendedvith the FireCCl41and MCD64A1 collection 6 productsat the continental

level in North America(United States and Canadayhee additional local level
information on fire shapes is available. For Canada, fire polygons from the Canadian
National Fire Database (CNFDyere used, whichcan be downloaded from the
Canadian Wildland Fire Information System (CWFIS). For United State3, (08
polygons fromGeospatial MultAgency Coordination (GeoMAG)yere usedGeoMAC
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fire polygons are collected in theefidl using tools such as GPS or infrared flights.

Similarly, CNFD fire polygons are collected from several sources.

The whole North Ararican continent was first divided int6 2 2° resolution tiles. Each

tile was reprojected into equal area projection. The BD dataset Free@CIl41 and
MCDG64A1 collection 5were used to identify individual burned patches (ID) for the
20052011 period forwhich FireCCl41is available, using the similar spatemporal

flood fill algorithm as developed at the local level. Regarding the sensitivity of the patch
identification to the cubff value (maximum burned date difference between two
neighbouringcellsto be considered for belonging to the same fire patch) as illustrated
in Oom etal. (2016),FireCCl41andMCD64A1 collection6 with cutoff values of 3,

5, 9 and 14 daysvere processedesides, fire polygons from forest services for the
same period wergrojected and rasterized, for each tile, on the projection of the
FireCCl41landMCD64A1 collection6 datasets so that each burned pixel belongs to a
patch identification number ID. For all fire datasdtgdCCl41 MCD45A1 collection

6, and GeoMAC_CNFDforest servicg for each tile fire morphological featuregere
computedfor each fire patch larger than 188, according to the threshold determined
to compute reliable fire morphological features (> 5 pixels). In turn, for each tile, a list
of fire patchlDs were obtainedFor each dataset, each fire patas characterized by

the following fire morphological features by considering more specifically direction,
size, spread and complexity: area, the directional angle of the longest ellipse axis, and
eccenticity.

To build and assess the quality of the fire patch assemblage and compare datasets from

the various sources in each 2° tile, we hypothesized that the community of fire patches
defined by their morphological features should be as similar as posEleompare

the lists of fire patches derived from the fire datasets over the North American
continent, we relied on a novel approach initially developed in community ecology.

When a | ist of fir e ipaisidanedcharatterizethyl aeset of 6 a s s e mt
n morphol ogical features (called Otraitso)
located in an fdimensional space, each axis representing the values of a trait. In turn,

each assemblage (or list) of fire patches representing ar@gi@n (or community), is

defined by the wlimensional (volume or space) distribution of points, defined by their

trait values. Comparing two assemblages thensreliecomparing the fdimensional

distribution (morphological space) of fire patches defined by therphologicaltraits.

We hypothesize here thtite fire regime in a given region, obtained from two datasets,

should have similar-dimensional (morphological space) distribution of fire patches.

Statistical frameworks describingdimensional volume ofraits have already been
developed in the field of community ecology to assess the distribution of species
(vegetal or animal) defined by their functional traits for each assemblage across space or
time (Schleuter et al. 2010, Mason et al. 2005). Astriiied onFigure 10, among
different indices, the Functional Richness (FRic) desstibe whole volume defined by

its extreme traits Higure 10b). The Functional Evenneg$Eve) indices measure
whether mean species traits are distributed regularly within the occupied trait space, i.e.
with equal distances between nearest neighbours and equal abundagaes1(Qc).
Functional Divegence (FDiv) indices measure the variance of the species functions and
the position of their clusters in trait space (a high FDiv is caused by the clustering of
species and/or abundances at the edges of the traits spapek (0d). Functional
Dispersion (FDis) indices measure the weighted mean distance to the average position
of the species present in an assemblage. Functional Specialization (FSpe) indices
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measure the weighted mean distance of a species tesgEml| centroid. Functional
Originality (FOri) indices measures the weighted mean distance of a species to the
nearest from the species poBGbmparing functional structure of fire patch datasets then
relied comparing the values of FRic, FEve, FDiv, FIBiSpe and FOri indices ranging
from O to 1.

2.0 FEve = 0.831 FDiv = 0.643

10 15 20

Trait 1

10 15 20

Trait 1

0.0 0.5 0.0 0.5

FRic =1.75

1.0 1.5 2.0

Trait 1

0.0 0.5

Figure 10: Adapted &ample ofthreedifferent functional diversity indices in functional spdican

Villéger et al.(2008): Functional Evenness (FEve), Functional Divergence (FDiv)ctiamal Richness
(FRic).

Another approachdevgloe d i n communi ty
div) (Figurell, Villéger et al. 2013) to investigate how two-@ocurring Rdimensional
vol umes ediv)e whicla pan bebdecomposed in how two-acmourring n
dimensional volumesre translated (Turnover, Turn) in the functional space, or are
included (Nestedness, Nest) in eachother The t wo vol umes can
div=0, Turn =0, and Nest =Bjgurellb ) or compl etdie+ly Tumi=s ma
1, and Nest = OFigure 11d, g). In between, the two volumes can partially overlap,
either one Vol umedv b desh gnd Twnmp OFigureelleyor ( b
par t i-év Tusn and Blest > (Figure11f) included in the other or both volumes
being the same size (similar richdiess)
Turn, and Nest = (Figurel1c). Comparing the dissimilarity of morphological structure
of fire patch datasets then r-d))itranslatidnn
(functional Turn) and inckion (functional Nest) in the functional space.
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Figure 11 Conceptual fra

ViC1)=1
viczj=4

VG N G20
V{C1 U C2)=5

Trait 1

Nestedness-resultant.=0

me wor k

f o rdiverstydrond/idlégereh@l.o s i t i on

(2013) with theoretical examples of complete trait overlap (b), partial tchitsion (e), partial overlap (c,

f) and total

mismatch (d,g).

The structure of the fire patchess evaluatedhy computing the functional diversity
indices for each sensor at each of theaftithresholds.The analysis was focusexh

the comparison betwaeachsensorandtheforest serwie datasetFigure 12 illustrates

the continentalmap of FRic and FDis forFireCCl41 and the forest service data
GeoMAC_CNFD. When comparing cell to cell values of functional diversity indices
obtained for the North Ameran continent forFireCCl41 and for GeoMAC_CNFD

forest service (Figure 12X%ireCCl41 present higher values than GeoMAC_CNFD
forest service suggesting that the volumd=o€CCl41is larger and defined by more
extreme functional traits than the volume bg tforest service, for example more
extenckd fire patches, more elongated or more complex. When plotting the pixel to
pixel comparison of the two datasep clear relationship on the continental pattern
between the two dataseis identified Higher FRicin FireCCl41lare actually located

in the central USA, at the boundary between mountainous forests and grasslands, so that
grassland fires might be accounted foFireCCl41data and not in the forester vi c e 6 s
dataset. Nevertheless could beconcludel that FireCCl41might generate fire patches

with extreme morphological features not obserweith local observations, as for

0 |
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example twoneighbouringfires happening at the same time in forest services but
considered as one joined fire from the flood fijaithm.
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MERIS Fire-cci vd. 1cut-off 14 GeolMAC_CNFD (300 m) ] i
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MERIS Fire-cciv4.1 cut-off 14 GeoMAC_CNFD (300 m)
Functional dizpersion Functional dispersion

Figure 12 Exampleof Functional Richness (FRieghd Functional Dispersion (FDis) obtained from
FireCCl41cut-off 14 (Left) and GeoMAC_CNFD forest servicRight).

When looking at FDis, representing how dispersed & tiypes within the n
dimensional space, more similarities between datagete obtainedwith a linear
correlation when comparing tile to tile indicgsgure 13), suggesting that both datasets
present similar ssemblage of fire patches beside the extremes driving FRic. These
results then tend to acknowledge the accuracy of the assemblage of patch morphological
features betweehRireCCl41and local observations for most fire patches, but the flood

fill algorithm might generate potential extreme fire size or complexity actually not
happening, or not referenced the same wath@mase of multiple joined fires) in forest
service data. Our statistical framework captures in few indices a complex comparison,
usually peformed with the Gini index (Oom et al. 2016), but with special emploasi
morphological features explaining fire spread processes generating fire patches, a
keystone information forlgbal fire model benchmarking.
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MERIS Fire-cci v4.1 cut-off 14 Functional richness

corr 0149
pvalue 0.11

GeoMAC_CNFD Functional richness

MERIS Fire-cci v4.1 cut-off 14 Functional dispersion
|

corr 0.165
p.value 0.066

00 0.2 04 0.6 0.8 10

GeoMAC_CNFD Functional dispersion

Figure 13: Bivariate relationships betweé&mnctionalRichness (FRic, top) and
Functional Dispersion (FDis, bottoraptained from GeoMAC_CNFD forest service (x
axis) andrireCCl41cut-off 14 (y-axis).

Similarly, when comparingile-to-tile values of FRic obtaineddm GeoMAC_CNFD
forest serviceand MCD64A1 collection6 (Figure14), MCDG64A1 collection6 presents
higher values than GeoMAC_CNFD forest service with a low spatial correl&iiguré¢

15). When looking at FDis, similar results &s the FireCCl41 comparisonwere
obtained with a significant correlation of the spatial pattern of these indices at the
continental level, suggesting a good agreement between the two datasetsnitting
extreme patches.
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Figure 14: Exampleof Functional Richness (FRiend Functional Dispersion (FDis) obtained from
MCDG64A1 collection6 cut-off 14 (Left) and GeoMAC_CNFD forest servi¢Right).
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Figure 15: Bivariate relationships betweémunctionalRichness (FRic, top) and Functional Dispersion
(FDis, bottom)obtained from GeoMAC_CNFD forest servicegxis) and MCB4A1 collection6 (y-
axis).
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Figure16: Fu n c-t i v @ a-div) maps fgr blorth America obtained from GeoMAC_CNFD forest
service andrireCCl41cut-offs 3, 5, 9 and 14.

Then the dissimilarity between the assemblages of fires patches were evaluated by
computing the volume overlap (i.e. furt i o-di\g bf thé pairwise comparison and
decomposing it into the volume translation (i.e. functional Turn) and inclusion (i.e.
functional Nest).Figure 16 i | | u s tdiv anbps betwken GeoMAC_CNFD and
FireCCUlcuto f f 3, 5 ;divfighex thah 0.2 were olftained, suggesting partial
overlapping between functional spaces, whatever theofEwalues for the patch
identification algorithm, and supporting previous results on the FRic difference.
However, t can be o bdév eslightly diecraased with igher eoffs,
suggesting better agreement between remote sensing and forest service products with
high cutoff values.

When | ooki ng a-tiv mapseobtdinadnforh compadsbn obthe remote
sensingderived products MCB4A1 collection6 and FireCCl41, hi gh vdawl ues of
can still be observedut decreasing to 0.FiQure 17), suggesting a larger overlap

between remote sensing derived products thansidering forest servicesVhen

comparing different cudff values,it can beobserve t h adiv slightly decreased with

lower cutoffs, suggesting better agreement between remote sensing products with low
cut-off values.Burn date uncertainties and miatch between remote sensing products

might then generate stronger differences for highofutalues, generating abnormally

and inconsistentlyarge firesb et ween pr oduct s-divspihabpatterm o mpar i
between cubff values Figure 18), a strong linear correlatiors observedsuggesting

that the spatial pattern of mismatch betweaeCCl41and MCD64A1 collection6 is

not influenced by cubff values.
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Figure 172 F u n c-tlive o 15 a-divyrhapsHor North America obtained from MERIS Fire_cci v4.1
(FireCCl41)and MCD64A1 collection6 cut-off 3, 5, 9 and 14.
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Figure 18: Bivariate relationships betweénu n ¢ t id @ w @ Ir -dif) dbtained fstom MERISFire_cci
v4.1 (FireCCl41)and MCD64AL1 collection6 cut-off 3, 5, 9 and 14.
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In order to better capture the three components of tienansional hypervolumesas

ov er |-divpis debomposed ivolume translation (Turn) and volume inclusion
(Nest), acolour compositiono f  f u n div, ITwmaadl Neshkvas createdrigure 19
showsthe colourinterpretation of theoretical examples of partial trait inclusion, partial
overlap total mismatchand total matcHollowing Villeger et al. (2013). We present in
Figure 19 the correspondence between types of hypervolumes overlap andldoe
legend further used in the continental mapgyre 20 and Figure 21). In short, the
lighter the colour, the higher is the agreem@&htie correspondwith cases where Nest

is higher than Turn, whil@urple corresponds with cases where Turn is higher than
Nest.

(d) Trae 2 (g) =2z
VIC1)=4 V{C1)=1
V(C2)=4 D V(C2)=4
V(C1 N C2)=0 V(C1 1 C2)=0
V(C1 U C2)=8 V(C1UC2)=5
Trat 1 Trait 1
Be=1 By=1

Tumaover,=1 Turnover,=1
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V(C1 N C2)=1

(f) 1z VICI U C2)=7
V(C1)=1 = "
V(C2)=4 £ B,=0.86 e
VIC1 N C2)=0.5 z Tumaver,=0.86
V(C1UC2)=4.5 ﬁ Nestednoss-resultant,=0
Teait 1 z
B,=0.89 B
Tumaver,=0.67 4
=
Nesiedness-resultant, =0.22 3
(b) Trait 2 E
V(C1)=4
V(C2)=4
V(C1 N C2)=4
V(C1 U C2)=4 e
g o [diversity 1
Trat 1
Br=0
Turnover,=0 (o) Tran 2z
Nestedness-resultant.=0 WViC1)=1

V(C2)es
V(C1 N C2)=1
V(CT U C2)=4

Trat 1
B=0.75

Turnawver,=0
Mastedness-resultant,=0.75

Figure 19: Interpretation otolourcomposition of un c t id @ w & Ir -dif), fugctiofab Turnover

(Turn) and functional Nestedness (Nesi}h theoretical examples of partial trait inclusi@), partial

overlap (c, f)total mismatch (dg) and total match (bfrom Villeger et al(2013. High values of Nest
are under the black line, while low values of Nest over the black line.

Figure 20 illustrates thecolour c o mp o s i t-divp ium arfd Nést over North
America between GeoMAC_CNFD anBireCCl41 cutoff 14. For most of the

cont ipargisht dombi nati ons were obtained, repr e
and c from Villeger et al. 201Fjgure 19), mostly identified in the rocky mountains of
t he USA. The second dbluishdn acnats ec, o nnpeopsrietsieonnt i in:

trait inclusion (case e from Villeger et al. 20Bgure 19), mostly dentified in the

eastern part of the rocky mountains of the USA @edtral PlainsCo mbi nat i ons #fAd:.
purpisho wer e mostly identified i-dv vhluwerarda l ar ee
Turn and a low Nest, describing a low overlap between productss(ckand g from

Villeger et al. 2013Figure 19).
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We note here that a mi smat ch -dig walues.nFer s i ngl e
example, as observed for Brazil, fire patches from global remote sensinguatly us
smaller in area than local observations, a result that was also captured in North America.
L o w e-div vBlues are observed in the US Rockies, indicating the best agreement
between the two products in cells located in this region. When looking fitritt@nal
Turn and the functional Nest, higher Turn values were observed in the boreal forests of
Canada, whi ch, c-cdvmdlues, iadicateaal simitar finctignal ridnness
(similar diversity of fire traits), but translated in thelimension&hypervolume, which
in turn suggests that global remote sensing is somehow systematically biased from local
observation with small fire sizes, small core area, or smaller perimeter, for example. On
the contrary, in the US Eastern Rockies and Central Idest values are higher,
indicating for these regions theireCCl41captures only a fraction of all the fire shape
diversity observed from local forest services, suggesting potential missing fires in one
of the datasets, potentially due to forest s@wioot registering grassland fires. It is
necessary to note that forest service fire databases were used, wHiieet®€l41
includes all types of fires, so discrepancies are higher in this region of mixed vegetation

types.

| | mE_B
I |
T 'd
| B . | |
F s
| i
o
|
“I
i h | g
1 |
MERIS Fire-cci 4.1 cut-off 14 - GeoMAC_CNFD o

R-diversity - Turnover i

Figure 20: Colourcompositionoff un c t id @ w & Ir -di&), fugctiofab Turnover (Turnand
functional Nestedness (Nesthtained from GeoMAC_CNFD forest service andRI& Fire_cci v4.1
(FireCCl41)cut-off 14.

The same methodology was then applied to compare patch assemblages @loiained

FireCCl41 and MCD64Al collection 6 Higure 21), represented oma colour
compositionlegend.Dominance was foundf fipurplisho caseswith a partial overlap

and corresponding to teanslation ofhypervolume (casec and ffrom Villeger et al.

2013,Figure 19). The second dominanytp e o f patch @leigtecasb| age i
with a partial trait inclusion (case e from Villeger et al. 2(Higure 19). In this case,

extreme morphological traits are then captured by one sensor but not observed on the

other. Most of these cases are found in the boreal forest and southwestedhStates

where most grassland fire occluikewise, & when comparing GeoMAC_CNFD and
FireCCl4lcuto f f 1 4bjuishd d a n B pupidhd r c ases representing
disagreement, where mostly found in the boreal areas and south of United States.
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Overall, both pattern§GeoMAC_CNFD andFireCCl41 cut-off 14; FireCCl41 and

MCDG64AL1 collection 6)present a similar direction but a different magnitude.

MERIS Fire-cci v4.1 cut-off 3 - MCD64A1 cut-off 3
R-diversity - Tumnover

Figure 21: Colourcompositionof un c t id @ w & Ir -dif), fugctiogabTurnover (Tur) and
functional Nestedness (Nesttainal from MERIS Fire_cci v4.{FireCCl41)and MCD64AL1 collection
6 cut-off 3.

Cases arebetter illustratd by plotting the rdimensional hypervolumes of the two patch
assemblages and their functional diversity indices. As a first study Emgee 22

repr es e rptargishd t hcea s 6 of p between atwo rdimergsioriala p
hypervolumedtile with latitude =52 and longitude =93 from the map ofigure21).

The blue pointsapresent patches obtained fréfmeCCl41and the red points from
MCDG64AL1 collection 61In this case, fire types observed in one sensor are not observed
in the other, mostly driven on areaorphological feature, and as a consequence on
direction and elongatn traits. Figure23 more particularly represents the FDis index as

the sum of the distance between each fire patch on the trait axis and the barycentre of
the assemblage, describing the dispersion of fire tyjtegwthe FRic volume.
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Figure 22 Example of (c) theoretical example of partial overlap from Villeger et al. 2013 obtained from

MERIS Fire_cci v4.1(FireCCl41) (Blue) and MCD64AL1 collection 6 (Red) eaff 3 for a tile with

latitude = 52 and longitude 93.FireCCI41+ MCDG64 A1 col l ectionWi @ewsBitg ¢bd&nv
div) = 0.597, functional Turnover (Turn) = 0.466 and functional Nestedness (Nest) = 0.1.
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Figure 23: Example of functional diversity indices obtained from MERIS Firevdcl (FireCCl41)
(Blue) and MCDB4AL collection6 (Reg cutoff 3 for a tile with latitude = 8 and longitude =93.
Functional Richness (FRic) and Functional Dispersion (EDis)

Figure24 andFigure25r e pr e s ebluish8 ¢ & ® e O wtrait ihclugion withi a |
h i g-tiv abd low Turn, suggesting the inclusion of a hypervolume within the other. In
this case (tile with latitude = 27 and longitude84 from the map oFigure 21), two

fires are observedn theMCDG64AL1 collection 6 (red circlesyith high values orarea

and not observed dfireCCl41sensor (blue circles¥o thattwo large fires are captured

by MCD64A1 collection 6and not inFireCCl41sensor (blue circles)This peculiar
case indicatean extreme case of fire morphological traits where they are built from the
pixel level information in one sensor and not the other, highlighting potential
sensibilities of the flood fill algorithm to different burn dates registered in the sensors.
Despitehigh differences in the hypervolumes generated from the two sensors, and due
to few extreme fire shapes, the overall FBisnostly driven by the numerous smaller
fires so that these indices are quite similar between the products.
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Figure 24: Example of €) theoretical examplpartial trait inclusiorfrom Villeger et al. 2013 obtained
from MERIS Fire_cci v4.1FireCCl41)(Blue) and MCDB4AL1 collection6 (Red cut-off 3 for a tile with
latitude =27 and longitude =81. FireCCl41+ MCDG64A1 collection6 whiteconvex hullb-d i ver-si ty (b
div) = 0278 functional Turnover (Turn) = 230 and functional Nestedness (Nest) 842
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Figure 25: Example of functional diversity indices obtathfrom MERIS Fire_cci v4.(FireCCl41)
(Blue) and MCDB4A1 collection6 (Red cutoff 3 for a tile with latitude 27 and longitude =81.
Functional Richness (FRic) afdinctional Dispersion (FDis)

From this continental scale analysis and our statistical framework based oatdine p
morphological features derived from the pixel level information delivered in global BA
products, the following conclusions can be obtained:
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1 The statistical framework of comparative ecology applied to pyrogeography is a
useful tool to compare assemidagof fire patches, synthesizing complex
information into few meaningful indices.

1 The comparison betwedfireCCl41land MCD64A1 collection &ould lead to
encouraging conclusions on the matching between the two products. The spatial
pattern of patch asseihalge at the continental scale is conserved across products.
A potential bias on extreme fire g was noticed, affecting the iERomponent
of the comparison, so that extreme fire shapes can be identified in one product
and not the other. Again, the sansiy of the statistical framework to identify
these discrepancies should be valued. Overall, however, the other component of
the functional indices revealed similar values across remote sensing products
indicating a general agreement in detecting pasdemblages. Differences in
large patches can arise from uncertainties in the burn date and the sensitivity of
the flood fill algorithm to this variable rather than uncertainties in the burned
pixel detection between products. The patch identification e@rfvom pixel
level products, both MCB4A1 collection6 andFireCCl4] should be taken into
consideration, leading to similar mismatches with local observations for extreme
fire shapes.

3.3.At the global scale

Based on previous results at thexal level in he Brazilian Savanna and at the
continental level in North America, similaanaly®s were performedon 1° x 1°
resolution tilesat global scaleGlobal morphological firgpatchproductsfrom the FRY
database (Laurent et al. 2018) at-afis 3, 5, 9 and 1l4vere used. Each cwfff product
were derived fromFireCCl41 and MCD64A1 collection 8A producs. Thus the
spatialglobal patternof the FRic and FDibetweerB8 products were analység testing
for linear gridcell to gridcell relationships on global apsand by analysing the trait
hypervolume dissimilarities with théd-div index To study the differences between
products sources and the impact of the cut offsnger comparison between the -oit
products based on both sensarsgl an intra comparison within the @ff products
based on the same sena@re includedn the analysis.

The intra comparisoof the productdased on MERIBA product FireCCl42) showed

a similar spatialpatternwith the differentcutoff thresholds High FRic was found
acrossbiomeswith high burned areauch assavanna, chaparral, and feenate forest

and grasslanthdicating more extreme morphological fire trait values when burned area
is high Mediumlow FRic wasfound spatially dispersed in the boreal forest enthe
bordersbetween savannas and tropical forggtigure 26). On the contrarymedium

FDis was found in the savanniaslicating that most firehave average morphological
traits. Hgher FDis was foundn thetemperate and boreal foresticatingthatextreme

trait valuesare more fequent that average ones.
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Figure 26: FunctionalRichness (FRic; (Left) and Functional Dispersion (FDis; Right) obtained from
MERIS Fire_cci v4.1 (FireCCl41) cuff 3, 5, 9 and 14.

Consequently, strongand statistically significat (pvalues < 0.001) bivariate
relationships betweeRireCCI41FRic cutoffs (3, 5, 9 and14) and betweerDis cut
offs (3, 5, 9,and 14) were found Figure27). Closer cutoff values experienced higher
correlatons indicating low differecesbetween two subsequent @fts for both Fric
andFdis, but substantial differences when comparing extremeftsitvalues of 3 and
14.

MERIS Fire-cci v4.1 functional richness MERIS Fire-cci v4.1 functional dispersion
Cut-off 3 . Cut-off 3 .
0.910 Cut-off 5 0.850 Cut-off 5
0.920 Cut-off 9 0.880 Cut-off 9
0.740 0.920 Cut-off 14 0.680 0.870 Cut-off 14

Figure 27: R? (p-value < 0.001) of the bivariate relationskipFunctional Richness (FRitgft) and
Functional Dispersion (FDiRight) obtained from MERIS Fire_cci v4.1 (FireCCl41) at differentcffis
3,5,9and 14.
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Likewise the dissimilarityof the trait hypewolumesbetween thé&ireCCl41cut-offs 3,
5, 9 am 14 wasmostly low (Figure28) andb-div slightly decreased with medium and
high cut-offs. High b-div was foundmostlyin the temperate and boreal fordsiven by
a generalhigh Turn (e.g. dark purplistgrid cellsin Figure 29) indicatinglow overkp
between trait hypevolumes. Same pattemwas observedn Asia and more sparsely

over the south hemisphemen comparing extreme eaffs.

Beta MERIS Fire-cci v4.1 cut-off 5 - MERIS Fire-cci v4.1 cutt-off 14
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Figure 28 F u n c t idd nveelr -difi) maps at dghobal scale obtained from MERI&Fcci v4.1
(FireCCl41) cutoffs 3, 5, 9 and 14.

The dissimilarity between theireCCl41cut-offs is lower betweercontiguouscut-offs
(Figure 28), suggesting thatising extreme cubffs maylead tohigh variability in the
analysis of fire patche#\ bettermatchng betweermediumcut-offs is suggesting, that
using cutoff 5 or 9 at global scale woultkad to similar fire patch analygiBigure29).

UIn - €19 = SSHUPFIEON

Figure29: Col our compos-dt v e n-diw, fugctfioash Tutaver (rarh) anol
functional Nestedness (Nest) obtained from MERIS Fire_cci v4.1 (FireCCl4bffca.
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The intra comparisorof the productsbased on MODISBA products (MCD64A1
collection 6) showeda similar spatialpattern withthe different cuoff thresholds
(Figure30) as found in FireCCl41in distinction to FireCCl41, MCD64A1 collection 6
showed much lesgrid cellswith low FRicin the south hemispheréow FRic was
found mostlyin the temperateand boreal forest as well as in the southeast and
equatorial AsiaBesidesMCDG64A1 collection 6 showethuch lesgyrid cellswith high
FDis in the north hemisphereyeing located mostlyin the temperate forest and

grassland.
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Figure 30: Functional Richness (FRic; (Left) and Functional Dispersion (FDis; Right) obtained from
MCDG64AL1 collection 6 cubff 3, 5, 9 and 14.

Thus strong and statistically significant -(@lues < 0.001) bivariate relationships
betweenVICD64AL1 collection G-Ric cutoffs (3, 5, 9, and 14and betweeMCDG64A1
collection 6FDis cutoffs (3, 5, 9, and 14were found Figure 31). The spatial global
patern of FRicand FDisgenerated withut-off 9 werethe most correlatedo cut-off 14,
with respectively 70.97 and r> 0.95. The spatial global pattern of FRic and FDis
generated with wt-off 3 were the least correlated ¢oit-off 14 for both FRic and FDis
with respectively70.74 and 70.68.
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MCDG4A1 functional richness MCDB4A1 functional dispersion
Cut-off 3 Cut-off 3 . .
Cut-off 5 Cut-off 5
0.780 0.920 Cut-off 9 0.710 Cut-off 9
0.740 0.970 Cut-off 14 0.680 0.950 Cut-off 14

Figure 31: R? (p-value < 0.001) of the bivariate relationship of Functional Richness (FRic; Right)
Functional Dispersion (FDis; Left) obtained from MCD64A1 collection 6 at differepditat3, 5, 9 and
14.

When comparinghe dissimilariies between thdICD64A1 collection 6cut-offs 3, 5, 9
and 14 we observed lowFigure32) b-div slightly decreasg with high cutoffs. High
b-div was found mostlyn the temperate and boreal foeedtiven by highTurn (e.g.

dark purplishgrid cellsin Figure 33) andlocally a high Nest in central Canade.g.
dark bluishgrid cellsin Figure33).
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Figure 32 Func-tli oa a-div) lhaps at dlobal scale obtained from MCD64A1 collection 6 cut
offs 3, 5, 9 and 14.
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The dissimilarity between tHdCD64A1 cutoff 3 and 5 is higher than when comparing
FireCCl41 cutoffs, suggesting that given trghortertemporal resolution of MODIS,
small cut-off valuesmay generate more variabilitin fire patchesconstruction than
FireCCl41 On the contrary, the good match between higheoffatin MCD64A1 is
suggesting that using coff 9 and 14 at global scalerovide similar information in
terms of fire shapdgFigure 33) compared to FireCCl4%or which the differences
between cubffs 9 and 14till relevant

Figure 33 Colour composition of functioma-df v e r -div), fugctiofab Turnover (Turn) and
functional Nestedness (Nest) obtained from MCD64A1 collection-@ff@-14.

The inter comparison of theRic and FDis generated froMERIS (FireCCl41) and
MODIS (MCD64A1 collection 6)BA productswith cut offs 3, 5, 9 and 14howed
weak but statistically significant Gvalues < 0.001) bivariatespatial relationships
(Figure34). For FRic, highest correlations$0.08) were observed between MCD64A1
cut-off 3 with all cutoff values of FireCCl41 and, between FireCCl41 cut off 14 and all
cut-off values of MCD64AL1. This result suggests that lowafté used for fireCCl41
(experiencing thelowest temporal resolution) generate high discrepancies with
MCDG64ALl regarthg extreme morphological traits.

For FDis,correlations are highghan FRic(r>>0.25)but still low, andthey arealmost
similar whatever the ctdffs and the produst Thissuggest lower effects of cuoffs
and productdire patcheswith average firdraits composing the hyp&olumes than on
extremes aglentifiedwith FRic.
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Figure 34: R? (p-value < 0.001) of the bivariate relationship of Functional Richness (EBIt);
Functional Dispersion (FDiRight) obtained from MERS Fire_cci v4.1 (FireCCl41; Top) and
MCDG64AL1 collection 6 I(eft) at different cuoffs 3, 5, 9 and 14.

The dissimilarity between FireCCl41 aMiCD64AL1 collection 6 cubffs 3, 5, 9 and 14
was diverse (Figure 35 and Figure 36). L o w-divbwas found in areawith a high
burned areawhile h g hdiv fwas foundnot onlyin areas withhigh fire activity, but
alsomediumandlow fire activity, a somewhat similar pattern and values as observed
with the intraproduct comparisarFire pathes generated by pixkvel burn date are
then similarly sensitive to sensors and-efitvalues.
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Figure 35 Func-tli o @ a-div) haps at dlobal scale obtained from MERIS Fire_cci v4.1
(FireCCl41) cutoffs 3 (Left) aml 5 (Right) and MCD64A1 collection 6 coffs 3, 5, 9 and 14.
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Figure36: Func-ti v a a-div) lhaps at dlobal scale obtained from MERIS Fire_cci v4.1
(FireCCl41) cutoffs 9 (Left) and 14 (Right) and MCD64A1 collectiorcat-offs 3, 5, 9 and 14.

Hi g Hiv Ibcated in tropical Asia, temperate and boreal forests as well as in the
Australian savannas, was driven by a highn (e.g dark purplish grid cells in Figure

37), so that the fire trait hypeflumes tend to only partly overlagd i g div lbcated

in the tropical forest and savannas in the south hemisphere, was driven by a high Nest
(e.g dark bluish grid cells iRigure38), suggesting that the fire trait hypeslume fom

one sensor is included in the other, with missing some fire types.

Figure390 Col our compos-dt v e n-div, fugcfioash Tutaover (rarh) anol
functional Nestedness (Nest) obtained from FireCCl44dofut4 and MCD64AL1 collection 6 cuff 5.
Similarly when comparing thglobal spatialpatternbetween FireCCl4and MCD64A1
collection 6 fire patches producthietmismatchedetween thgroductsevidence the
different characteristicef the BA products basesh MERIS and MODIS sensqrbut
may bealsothe burn date uncertainties. For exampehigh translation between the
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volumesmay be related with extreme cases of fire morphological traits besides burn
date uncertainties as in boreal forest, when fires mawy for long time and where
ground fires may rburn after a whileThus,a high inclusion between the volumes may
be related witlihe fact that fire patches based on MERISganeerallymore fragmented

than fire patches based on MODIS BA products, as@iween tropical forest and
savannas whe fires tend to be large.

From this global scale analysis, the following conclusions can be obtained:

1 The traitbased approach describing functional spaces of fire patch
morphological traits reveal similar globatterns of patch assemblages between
FireCCl41land MCDG64AL1 collection 6with peculiarcorrespondencdsetween
products regarding their coffs values.

1 Diversity (FRic)of fire morphological traits is higher in areas of higlrned
area

91 Dispersion (FDs) of fire patches in thenorphological traits space is higher in
areas of low to mediurburned area

1 Even if the general spatiglatternalong the cubffs is maintaied within
FireCCl41 cutoffs, mediumare the more similar ones, whivthin MCD64A1
cdlection 6 high onesarethe more similar ones.

1 Fire patches based on MERIS are more fragmented than patches based on
MODIS.

1 Fire patches derived from burnddte at the pixel level are similarly sensitive to
sensors and cutff values.

1 The global relatinships observed between MCD64Al1 and FireCCl41 fire
patchesmay change across regiorisr example, in borealr temperatdorests
in North America.

4. Uncertainty on fire patch morphology: comparing the assemblage
of patches between different BA products andbetween cutoff
thresholds for a given BA product

4.1. Morphological traits and power law maps

The resulting fire patchdatabasedrom the FireCCl41 FireCCI50 and SFD BA
products were compared with thCDA45A1 collection 5(only for FireCCl4) and
MCDG64A1 cdlection 6 products The focus was pubn fire frequency and 3 metrics
from the database which are sufficient to represent most of the complexity of fire patch
shapes: the fire size (computed from the standard deviation ellipse), the ellipse ratio and
the shape index (from pixel data). For each of these quantities, their mean value and
standard deviation in 1°x1° gridgere computedFire patches with less than 5 cells
were removegdbecause they do not allomomputingreliable fire morphological traits.
Since the effective sizén hectarespf a Spixel fire decreasetoward highlatitudes, for

each product all fire patches smaller than the area ebigeb fire patch anadir were
removed This corresponds to a fisze of27 ha for FireCCI5045 ha forFireCCl41,

and 107ha for MODIS.

The relation between the fire frequency ahd the fire size Awas studied Many
studies have tried to explain fire size distribution with-seffanized criticality (SOC)
(Bak 1987, Malamud 1998, Clar et al. 1999). Insthenodels, the relation between N
and A follows a power law:
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wher e U i s a normalizati on constant and b
model s predict a constant valwue of b, but

variations of this parameter at a global scale (Pueyo 2007, Hagitsadn 2015). It is
therefore necessary to investiggetential discrepancies between differBit products
and different patch reconstruction techniques.

For each fire patch database t h e p waas dittadint agylobal[1°x1° grid. For each
cell, thefollowing procedure was performed

1. The profile histogram of Nand A was producedwhich is defined as the
normalized number of firessNor different logarithmic bins of fire size.

2. A Poisson uncertainty equal to the square root of the number of foleesan
each size binwas attributed to each value of the profile histogram

3. The power lawwas then fittedby using the Minuit minimization algorithm
(https://sal.web.cern.ch/seal/snapshot/wq&ckages/mathlibs/minuit/
accessed March 2017), which provides an efficient way to realizeqalared
minimization.

An example of fit is displayed oRigure40. The map ofthen c er t ai n,tayd on b,
the chisquared valuevere also produced because they are necessary to assess the
quality of fit. Figure4dls hows t he comparison of the b par
Adcliipse OF Apixel. FOr FireCCl41, b is slightly higher when c¢oc
shape than when computed from the pixel shape. This difference is even higher for
MCDA45A1 collection 5and MCD64A1collection 6

i
Aellipse(h‘a')

Figure 40: Example of a poweh fit


https://seal.web.cern.ch/seal/snapshot/%20work-packages/mathlibs/minuit/
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4.2.Comparison between BA global products

4.2.1.Comparison between FireCCl41, MCD45A1 and MCD64A1

Figure42 displays the fire density maps for thegeCCl41, MCD45A1 collection 5and

the difference between the two products, for acoffitvalue of 5. The maps for
MCDG64AL1 collecion 6, and the difference between this product &nmCCl41are
displayedin Figure43. When the difference between FireCCI41 and one of the MODIS
products is computed, the MODIS product was always restraindietgetars 2005
2011.For all products, the pattern of fire density follows burned area: the highest values
are reached in AfricaNorthern NHAF) and Southern(SHAF)), followed by South
America Southern HemisphereéSHSA), the northern part of Australia arzentral
Eurasia. When comparingreCCl41and MCD45A1collection 5over theyears 2005

to 2011 FireCCl41exhibits a significantly higher firpatchdensity than MODIS for

the aforementionedegions excepted for the western part of SHAF and some areas in
SHSA This is probably due to the missing data in MERIS imagery for these regions.
MCD45A1 also yields more fire patches in North America agricultural regions, in
central Asia (CEAS) and in the NHAF regions close to the rainforest or the Sahelian
region The results are very similar when comparifgreCCl41to the MCD64A1
collection6 derived databasexcepted for Central Asia and North America where the
agreement is better than with MCD45AThis could arise from missed burnt pixel
seeds by th&ire_ccialgorithm. The 3day time of overpass can lower the probability to
match burned pixels detected by MERIS imagery with active fire pixels from MODIS if
there is a strong delay between the two detections. This suggests that the temporal
resolution of the seors is an important parameter for detecting individual fire events
when using a twstep algorithm approach to detect BA.

The resulting maps of the b p&ire@Cddreer s f or
shown inFigure 44 with their uncertainties, the difference between the two products,

and the level of agreement in number of stathdbeviation.The lower limit of the fit

rangeof all products is 107 ha, and the upper limit is 100 000 ha for all products. The

di fference between the b parameter from t
products is also shown. As for fire density, thé r uct ur e of the b par e
between the two fire patch datasets, with higher values in NHAF, SHAF, India, central

Eurasia and southern Brazil. The high valu
fires with respect to the number of big fingshigher in these regions. The uncertainty
on the b parameter closely follows the sp:
higher number of fires in a stdell yield a smaller Poisson uncertainty, and therefore, a
small er uncerteatetry dmet i al hbepafamhe b par

(which corresponds to a steeper power law) FareCCl41 than for MCD45A1
collection 5. Under the assumption that the probability of missing big fires is low, this
means that, due to its better resauatitheFireCCl41product detects a higher number

of small fires than the MODIS product. The results are similar when switching
MCD45A1 with MCD64AL1.
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Figure 42: Fire density (krif) for FireCCl41(top left),andMCD45A1 collection5 (top right). The
difference between the two products isplayed for the years 20@911.
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Figure 43: Same agigure 42, with the MCD64A1collection 6product instead of MCD45Adollection
5.

The tenéncy is inverted for croplands in central Eurasia and India for MCD45A1
collection 5, where the MODIS product presents a steeper power law than the
FireCCl41product. However, whekireCCl41lis compared to MCD64A1 collection 6
(Figure45), the difference is reversed in India, and its amplitude is reduced in Central
Eurasia. This effect is surprising becal#$eCCl41is expected to detect more small
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fires. However, most of the fire in central Eurasia originates fxgricultural activities:
such crop fires are small, controlled fires with a short duration time, and could therefore
be easily missed by the tvateps approach of the Fire_cci algorithm.

The level of agreement between fiieeCCl41and MCD45A1/MCD64Alproductsis

generally good, with most cells matching within 2 sigmas, except for Africa where the
fitted b do not match even within 5 sigmas
uncertainties for the fit of the power law, which frequently gives an underestimuti

uncertainties. This can degrade the diagnosed level of agreement between the two
products.

a. FireCCl41 (2005-2011)

;: = £}
P
7
= s

b. MCD45A1 (2005-2011)

b
eSS
s

3

120°E 180°

4.0 4.5 5.0

Figure 44: Map of b pRreC&inl€20052011) pyoductt(tbpdeft) and its uncertainty
(middle left), for the MCD45AXadllection 5product (200€2016) (top right) and itancertainty (middle
right), the difference between the two products (bottigimt) and the level of agreement between the two
products (bottom right)The power law is only computed when there are mome 106adetected individual

fires in the cell.
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a. FireCCl41 (2005-2011) b. MCD64A1 (2005-2011)
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Figure 45: Same agigure 44, with MCD64A1collection 6instead of MCD45AXollection 5

Figure46 andFigure47 show the shape index for all produdtge patches smaller than
107 ha were removed from the FireCCIl41 product (which corresponds tepilkel 5
fire size cut applied on the MODIS products) in order to compare the s#e
category between the two produdds. expected, due to its better spatial resolutzom),

t he &6gr owi n grFve cpi lalgositem,FoelCCl4l tetects more complex fire
patches than any of the MODIS products. Nevertheless, the shape index isatty
similar between the products, even femallscale variations (NHAF, SHAF and
Australia AUST)). Fire patches are usually much more complex at high latitude
(Boreal Asia BOAS) andBoreal North AmericaBONA)). This effect probably arises
from a projection effect, since high latitude pixels cover a smaller area than pixels
located close to the equatdihis results inlie same fire patcheingmade up of more
pixels at high latitudge which carresult inan artificially higher shape complexity.
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a. FireCCI41 (2005-2011

b. MCD45A1 (2005-2011)
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Figure 46: Shape Index for theireCCl41product (top left), for the MCD45Agollection 5product (top
right).
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Figure 47: Same asgigure 47, with MCD64A1collection 6

4.2.2.Comparison betweenFireCCI50, FireCCI51 and MCD64A1

Following the same approach as for the comparison betwasCCl41 and
MCD64A1, we compart the FireCCI50 and FireCClI51fire patch databases with
MCDG64AL1 (between 200 and 208). Figure 48 displays the results for the fire patch
density,Figure49 for the Shape Index, arfeigure50 for the fit of the power law. The
results are similar tharof the comparison witkireCCIl41 Due to its better resolution,
the FireCCI50yields more individual fire patches than MCD64#lregions with high
fire path densityln the areas wherkireCCl41detected significantly less fire patches
than MCD64AL1 (in sme areas of SHAF and SHSA) because of missing data in MERIS
imagery, theFireCCI50also detects moreré patches than MCD64A1. Tl¢herareas
where MCDG64A1 detects more fires are also probably linked to missed bpinedd
seeds by the algorithm.

Thefit ed b par amet er HreCClgOthanbfaa MCD64AD, imganiegr f or
that FireCCI50detects more small fires than MCD64A1. The tendency is reversed is
central Eurasia, where the power is steeper for MCD64AL1.

The general agreement is lower between N6@B1 and FireCCI50 than between
MCD64A1 andFireCCl41 This is not surprising, because we expeceCCI50to
detect even more small fires thRimeCCl41, explaining why the agreement of the fire
size distribution is lower with MCD64AL1.
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a. FireCCI50 (2001-2016)

b. MCD64A1 (2001-2016)
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Figure 48 Same a&igure 42 andFigure 43, with theFireCCI50instead ofFireCCl41

Figure 49 shows the Shape Index féireCCI50 and MCD64A1. As epected, the
Shape Index is much higher for the Fire_cci product, due to the better resolution and the
choice of using a twastep algorithm.

Figure 49: Same agigure 46 andFigure 47, with FireCCl50instead ofireCCl41 The 107 ha cut is
applied.

















































































