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Abstract: The summer season of 2019-2020 has been named Australia’s Black Summer because of
the large forest fires that burnt for months in southeast Australia, affecting millions of Australia’s
citizens and hundreds of millions of animals and capturing global media attention. This extensive
fire season has been attributed to the global climate crisis, a long drought season and extreme fire
weather conditions. Our aim in this study was to examine the factors that have led some of the
wildfires to burn over larger areas for a longer duration and to cause more damage to vegetation.
To this end, we studied all large forest and non-forest fires (>100 km?) that burnt in Australia be-
tween September 2019 and mid-February 2020 (Australia’s Black Summer fires), focusing on the
forest fires in southeast Australia. We used a segmentation algorithm to define individual polygons
of large fires based on the burn date from NASA’s Visible Infrared Imaging Radiometer Suite
(VIIRS) active fires product and the Moderate Resolution Imaging Spectroradiometer (MODIS)
burnt area product (MCD64A1). For each of the wildfires, we calculated the following 10 response
variables, which served as proxies for the fires’” extent in space and time, spread and intensity: fire
area, fire duration (days), the average spread of fire (area/days), fire radiative power (FRP; as de-
tected by NASA’s MODIS Collection 6 active fires product (MCD14ML)), two burn severity prod-
ucts, and changes in vegetation as a result of the fire (as calculated using the vegetation health index
(VHI) derived from AVHRR and VIIRS as well as live fuel moisture content (LFMC), photosynthetic
vegetation (PV) and combined photosynthetic and non-photosynthetic vegetation (PV+NPV) de-
rived from MODIS). We also computed more than 30 climatic, vegetation and anthropogenic vari-
ables based on remotely sensed derived variables, climatic time series and land cover datasets,
which served as the explanatory variables. Altogether, 391 large fires were identified for Australia’s
Black Summer. These included 205 forest fires with an average area of 584 km? and 186 non-forest
fires with an average area of 445 km?; 63 of the forest fires took place in southeast (SE) Australia (the
area between Fraser Island, Queensland, and Kangaroo Island, South Australia), with an average
area of 1097 km? Australia’s Black Summer forest fires burnt for more days compared with non-
forest fires. Overall, the stepwise regression models were most successful at explaining the response
variables for the forest fires in SE Australia (n = 63; median-adjusted R? of 64.3%), followed by all
forest fires (n = 205; median-adjusted R? of 55.8%) and all non-forest fires (n = 186; median-adjusted
R? of 48.2%). The two response variables that were best explained by the explanatory variables used
as proxies for fires’ extent, spread and intensity across all models for the Black Summer forest and
non-forest fires were the change in PV due to fire (median-adjusted R? of 69.1%) and the change in
VHI due to fire (median-adjusted R? of 66.3%). Amongst the variables we examined, vegetation and
fuel-related variables (such as previous frequency of fires and the conditions of the vegetation be-
fore the fire) were found to be more prevalent in the multivariate models for explaining the response
variables in comparison with climatic and anthropogenic variables. This result suggests that better
management of wildland—urban interfaces and natural vegetation using cultural and prescribed

Fire 2021, 4, 58. https://doi.org/10.3390/fire4030058

www.mdpi.com/journal/fire



Fire 2021, 4, 58

2 of 30

burning as well as planning landscapes with less flammable and more fire-tolerant ground cover
plants may reduce fire risk to communities living near forests, but this is challenging given the sheer
size and diversity of ecosystems in Australia.

Keywords: remote sensing; wildfires; forest; Australia

1. Introduction

Wildfires are part of the natural functioning of ecosystems [1,2]. However, human
activity has transformed the natural regime of wildfires via changes in the ignition causes,
the properties of the vegetation that is available to burn (fuel) and the management of
natural vegetation (via grazing, agriculture, prescribed burning, deforestation and plant-
ing) and, in the last few decades, the global climate crisis and global warming [3-5]. For
wildfires to start and spread, four conditions have to be satisfied [6]: available biomass to
burn, that the moisture content of the vegetation will be low enough so that it can be ig-
nited, that there will be meteorological conditions favouring the propagation of wildfires
(high temperatures, low relative humidity, strong winds), and that there be an ignition
source, whether natural (e.g., lightning) or anthropogenic (arson, negligence, accidents).
Wildfires may develop and present a significant hazard and danger to infrastructure, hu-
man life and natural ecosystems, and, in recent years, there have been several cases of
wildfires that have attracted the attention of global media, such as the large wildfires in
western Canada and California [7,8], the fires in Chile in January 2017 [9], the fires in the
Amazon in August 2019 [10,11], and, in the southern hemisphere summer of 2019/2020,
the fires in southeast (SE) Australia [12,13]. Given that wildfires in different regions of the
world behave differently as a function of local combinations of weather, vegetation and
human activity, which affect their ignition and propagation, wildfires in different py-
romes should be studied to understand their underlying drivers and behaviours [14,15].
The risk from wildfires to humans is also increasing due to an increase in population,
resulting in more people living near forested areas, in the area known as the wildland-
urban interface (WUI; [16,17]). The WUI region is more susceptible to wildfires due to its
proximity to human settled areas, which are often the source of ignitions [18]; on the other
hand, people living in the WUI region are more exposed to risk from wildfires. Within
Australia, WUI issues are mostly restricted to forest fires in the south, southwest and
southeast of Australia, given that savannah fires in Australia are in remote and sparsely
populated areas. Australia is considered a wildfire-prone continent, especially in the
grassy savannah landscapes in northern Australia [19], where there are frequent low-in-
tensity fires, whereas, in the forests of southern Australia, fires are less frequent but can
be extremely intense [20]. The 2019-2020 fire season in Australia, also known as Aus-
tralia’s Black Summer, was exceptional in terms of the overall forest area that was burnt
in SE Australia [13,21,22] and in the exposure of the Australian population to smoke from
the fire [23], in addition to thousands of houses that were destroyed [24] and the impact
on the habitat of many Australian faunal, invertebrate and plant species [25-27]. A recent
study has associated large forest fires (>12.5 km?) in southern Australia (covering the states
of New South Wales, Victoria, and South Australia as well as the Australian Capital Ter-
ritory and the southwest corner of Western Australia) for the period between 1975 and
2014 with fuel dryness and fire weather [28]. What was especially notable in Australia’s
Black Summer was that 21% of temperate broadleaf and mixed forest areas was burnt,
whereas, in most forest biomes globally, less than 2% of the area is annually burnt [13].
The percentage of forested area burnt was also unprecedented for Australia; the eucalypt
forest area burnt was much higher than the annual average for the past 18 years and the
largest since at least 1851 [22]. Recent reports have pointed out the role of climate change
and extended drought in this exceptional fire season [29-31], in addition to logging, the
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forest management associated with it [32] and the accumulation of fuel loads [33]. How-
ever, [34] argued that the hypothesis that fuel loads were the cause of these fires remains
to be tested, and it should account for a range of interacting factors of climatic, vegetation
and anthropogenic variables. While [35] have analyzed the causes for fire severity at the
grid cell level using a range of anthropogenic and climatic variables, so far, an analysis of
the drivers of individual wildfires of Australia’s Black Summer has not been undertaken.

In this paper, we aimed to analyze the extent and the climatic, biological and anthro-
pogenic drivers of the large fires (>100 km?) that took place in SE Australia between Sep-
tember 2019 and mid-February 2020 (hereafter referred to as the Black Summer), compar-
ing them with other forest and non-forest fires that took place in other regions of Australia
during the Black Summer. Our main objective was to understand what factors have led to
some of the fires being larger in area, burning for longer periods and being more destruc-
tive than others.

2. Methods
2.1. Study Area and Timeframe

Our study area included all large fires that took place in Australia between Septem-
ber 2019 and mid-February 2020, especially focusing on the fires in SE Australia (Figure
1). We defined SE Australia in this study as the area ranging from K’gari/Fraser Island
(located in southeast Queensland) in the north to Karta Pintingga/Kangaroo Island (lo-
cated in South Australia) in the south (Figure 1).
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Figure 1. (a) Map of wildfires included in this study (Black Summer fires: Sep 2019 to mid-Feb 2020) classified by forest
and not-forest based on their tree cover (below or above 40%, based on Australia’s national tree cover layer; Table 1). The
map also shows the seven major biomes of Australia, based on the World Wildlife Foundation (WWF) classification of
terrestrial ecosystems. Subset (b) focuses on many of the forest fires in SE Australia, with wildfires greater than 100 km?
outlined by polygons. The approximate starting (ignition) point of all large fires is shown by a red dot. The burn date
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colours signify the date in which a certain area was burnt (based on VIIRS and MODIS), with the burn date representing
the number of days since 1 January 2019 for the Black Summer fires.

2.2. Datasets
2.2.1. Mapping the Extent of Burnt Areas

Using remote sensing, wildfires can either be mapped based on thermal anomalies
[36] or spectral changes before and after fires [37,38]. We used both of NASA'’s active fire
products, based on Moderate Resolution Imaging Spectroradiometer (MODIS) (Collection
6) and Visible Infrared Imaging Radiometer Suite (VIIRS) (version 1), both available for
download from https://firms.modaps.eosdis.nasa.gov/, accessed 21 February 2020); VIIRS
is considered better than MODIS for detecting active fires [39,40]. These are point datasets,
including the location, date and time of detection of active fires, as well as estimates of fire
radiative power [40], and these datasets have proven very useful for studying the propa-
gation of individual fires [41,42]. Although for fires greater than 0.2 km?, about 90% of all
fires are detected using this algorithm [43], active fires cannot be detected by optical sen-
sors in the visible, infrared and thermal spectral ranges when clouds are present and will
only be detected and not ‘missed’ if they are burning at satellite overpass time. Therefore,
we also used the burnt area product of MODIS (MCD64A1; [44,45]), which provides the
global monthly mapping of burnt areas at a spatial resolution of 500 m, with one of the
provided layers being the “burn date”, i.e., the estimated date when a pixel was burnt. As
the algorithm behind MCD64A1 is also based on change detection, it is less affected by
satellite overpass time as the spectral signal of a fire scar is quite persistent [46], especially
in comparison with the signal of an active fire. However, the burn date of MCD64A1 is
less accurate than the time of fire based on the active fires product. For the fires between
September 2019 and February 2020, we calculated the burn date for each grid cell in Aus-
tralia, at a spatial resolution of 500 m (using Albers equal-area projection), based on the
date of the fire from the VIIRS active fires product, and filled in the burnt areas that were
not detected due to cloud cover and other interfering factors based on the MCD64A1
product.

2.2.2. Mapping Individual Wildfires

While each fire starts at a certain place from a specific ignition event, there may be
several ignition events taking place nearby that are hard to distinguish due to: (1) a wild-
fire igniting additional wildfires by spot fires as a result of windborne embers [47] or by
creating pyrocumulonimbus lightning [48], and (2) wildfires merging into a larger burnt
area. Given that for the analysis in this paper, we aimed to analyze the drivers and behav-
iour of individual wildfires (similar to [49], in their global fire atlas), we created polygons
of individual fires using the Segmentation algorithm in TerrSet 18.31 (Clark Labs, ®). The
following parameters were used for the segmentation: a window size of 3 pixels, similarity
tolerance of 5, weight of mean factor 0.25, weight of variance factor 0.75. The segmentation
algorithm was run on all burnt patches with areas larger than 25 km?, and this resulted in
4465 segments across all of Australia (638 were larger than 100 km?). The larger segments
were then visually examined and merged into individual wildfires based on their burn
date (e.g., adjacent burnt areas that did not belong to the same fire event, based on their
dates, were assigned with different ID numbers). Figure 2 presents an example of the
methodology followed for the Kangaroo Island fires. Altogether, this resulted in 391 indi-
vidual wildfires in the fire season of September 2019 to February 2020 in Australia; 65 of
these individual wildfires were in SE Australia, and 63 of these, which were forest fires,
are the main focus of this study (Figure 1).
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Figure 2. The steps in creating the wildfire polygons, showing Karta Pintingga/Kangaroo Island fires as an example. VIIRS
active fires points (a) provide accurate date and time of active fires. However, many burnt areas (shown in brown in the
false colour composite of the Landsat 8 image (10/2/2020)) (a) are often missing, probably due to cloud cover (a). The
MODIS burnt area product, which includes the burnt date per pixel (at 500 m resolution), provides better spatial coverage
of burnt areas (b). The segmentation polygons were visually assessed and joined into individual wildfires based on the
burn date and spatial continuity of the wildfires (b). The false colour composite of the Planet Labs imagery (31/12/2019)
shows the Kangaroo Island fire a few hours after it had started from lightning strikes (c). The burn date and the day of the
year are counted from 1 January 2019 and, thus, day of year greater than 365 refers to fires that burnt at the beginning of

2020.

2.2.3. Response Variables

For each of the wildfires studied, the response variables included properties of the
fires’ size and duration (Table 1): total burnt area, the overall time (days) the fire burnt
(fires that burnt for more than 10 days, mostly burnt an area larger than 1000 km?; Figure
3) and the burnt area per day (km?/day). Fire radiative power (FRP) of active fires detected
and measured by MODIS was used as a response variable, serving as a proxy of the mag-
nitude of the energy of the fire. To examine the severity of the fires (i.e., their impact on
vegetation), four response variables were used, expecting greater changes if the fires were
more severe fires: the vegetation health index (VHI), life fuel moisture content (LFMC)
and the fractional cover of photosynthetic vegetation (PV) and non-photosynthetic vege-
tation (NPV) before and after the fire. The VHI index is based on normalising the vegeta-
tion condition (VC) and temperature condition (TC) for each grid cell (4 km) (Equations

(1)=(3); [50]).
VC = (NDVI = NDVInin)/(NDVInax = NDVImin) x 100 (1)

TC = (BTmax - BTmin)/(BTmax - BTmin) X 100 (2)
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VHI =05 x VC +0.5 x TC (3)

where NDVI, NDVImnax and NDVImin are the smoothed weekly NDVI, its multilayer time
series absolute maximum, and its minimum (per pixel), respectively; BT, BImax and
BTmin are similar values for brightness temperature. LFMC was obtained from an opera-
tional product [51] based on MODIS reflectance data (500 m Nadir BDRF-adjusted reflec-
tance product (MCD43A4 Collection 6), available for download from The Australian
Flammability Monitoring System (http://anuwald.science/afms)). The fractional cover
layer [52] was derived from MODIS NBAR 16-days fractional cover of Photosynthetic
Vegetation (PV), Non-Photosynthetic Vegetation (NPV) and Bare Soil (BS), available from
http://dapds00.nci.org.au/thredds/catalog/ub8/au/FractCov/PV/catalog.html  (accessed
24 March 2020). In addition to the above fire severity metrics, we used two recent burn
severity mapping projects conducted in Australia. In July 2020, a national-wide burn se-
verity map (termed here as AUS FESM) was published for the Black Summer fires [53].
Within the AUS FESM, there are four burn severity classes: unburnt (0), low and moderate
(1), high (2) and very high (3). For each wildfire, we calculated an index of its overall burn
severity, multiplying each class by its percentage area within each wildfire (the maximum
score could, therefore, be 300% if the entire burnt area was assigned to class 3). Burn se-
verity data within the AUS FESM was available for 351 of the Black Summer fires. More
than 50% of the area of the remaining 40 Black Summer fires had no data within the AUS
FESM dataset and, therefore, were not included in some of the statistical analyses for this
variable. An additional response variable that was only available for the Black Summer
fires in New South Wales (NSW) was the Fire Extent and Severity Mapping (FESM) v. 2.1
[54]. The NSW FESM methodology recognises six burnt severity classes (from 0, repre-
senting unburnt areas, to 5, representing extreme burn severity with complete canopy
consumption). For each wildfire in NSW, we calculated an index of its overall burn sever-
ity, multiplying each class by its percentage area within each wildfire (the maximum score
could, therefore, be 500% if the entire burnt area was assigned to class 5).
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Figure 3. Two of the response variables of the wildfires included in this study: burnt area, and days the fires burned. Each
point represents a single wildfire; the wildfires of the Black Summer are classified into forest and non-forest based on their
pre-fire tree cover: above 40% (forest) and below 40% (not-forest).
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2.2.4. Explanatory Variables

The explanatory variables used included variables related to the state and extent of
the fuel (vegetation type and condition), fire propagation (e.g., weather conditions), prob-
able ignition source (lightning/human) and anthropogenic factors to serve as proxies for
the motivation and ease to extinguish the wildfires (variables of accessibility and proxim-
ity to population) (Table 2). Weather condition variables included the biome, rainfall last
year, the time since the last rain and until the next significant rainfall for each wildfire,
and the fire danger index (Table 2). The daily fire danger index (FDI) values were com-
puted from 2001 onwards, following [55,56]. The daily grass fire danger index (GFDI) val-
ues were computed from 2001 onwards, following [57]. Within forest areas, we used the
FFD], and, within grassland areas, we used the GFDI. In mixed pixels, both FFDI and
GFDI were computed, and the highest one was used as the final value. Indigenous Aus-
tralians have actively monitored and managed fire in the landscape for over 40,000 years
to develop and implement their systems of cultural burning practices [58-60]. We in-
cluded land tenure variables (e.g., protected areas, indigenous native title land), given the
importance of cultural burning of ‘country’ by indigenous Australians [61,62], and pre-
scribed burning [63,64]. Areas with significant human activity that may result in an igni-
tion have also been associated with the interface between different land cover classes, such
as the forest-agricultural interface (FAI), forest-grassland interface (FGI), and the
wildland-urban interface (WUI) [65]. Consequently, these interfaces were also included
as explanatory variables related to possible human ignition sources (Tables 2 and S1). An
ignition point was defined as being within one of these interfaces when the average value
of the interface metric was greater than 25% within a radius of 10 km around the ignition
point.

Table 1. The response variables used in this study.

Variable

Short name Comments Source

Area

Wildfire area based on burn date
mapping from VIIRS active fires
and the MODIS burnt area
MCD64A1 product

Area

Days

The number of days that it took
for 90% of a wildfire to burn,
based on burn date mapping

from VIIRS active fires and the
MODIS burnt area MCD64A1

product

Days

Fire radiative power

Average FRP values, as recorded  https://firms.modaps.eosdis.nasa.gov
FRP for active fires detected by /
MODIS (accessed 21 February 2020)

Change in Vegetation
Health Index

VHI before-VHI condition and temperature

Change in VHI, before and after
the fire. This index is based on

https: .star. is. .
VHI diff = normalising the vegetation tps//www .star.nesdis.noaa.gov/sm

cd/emb/vci/VH/vh_ftp.php
(accessed 13 February 2020)

after condition for each grid cell (4 [50]

km). The values of VHI range
between 0 and 100.
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Change in LFMC before the fire

Australian Flammability Monitoring

LF iff =
Change in Live Fuel MC di and the minimum value of System
Moisture Content LEMC before- LFMC while the fire was http://wenfo.org/afms/
© © LFMC min wWie (accessed 1 April 2020)
burning
[51]
Change in fractional . https://eo-
r of PV diff = data.csiro.au/remotesensing/v310/
coveror PV before-PV ~ Change in PV before and after ata.colro.attemoresensing/voLtrat
photosynthetic after the fire stralia/8-day/
vegetation (accessed 24 March 2020)
[66]
Changceolvneirj;: o PVANPV diff = data.csiro /}rlzrpisc’):’féiz;lsin /v310/

. PV+NPV before- Change in PV+NPV, before and . AauTen & a
photosynthetic and PVANPV after after the fire stralia/8-day/
non-photosynthetic (accessed 24 March 2020)

vegetation [66]
[54]

Fire Extent and

Data available for the Black

https://data.gov.au/dataset/ds-nsw-

Severity Mapping v. NSW FESM Summer fires in New South c28a6aa8-a7ce-4181-8ed1-
2.1 Wales fd221dfcefc8/details?q=
(accessed 13 May 2020)
Australia Google Earth http://www envi[r503r]1ment gov.au/bio
Engine B A D ilable f 1 out of th ) ' NN
ngine Burnt Area AUS FESM ata available for 351 out of the diversity/bushfire-recovery/research-

Map (GEEBAM) Fire

Severity Map

391 Black Summer fires

and-resources

(accessed 27 July 2020)
Table 2. The explanatory variables used in this study.
Variable Short name Comments Source
Climlatic variables (12)
% Area biomes 1,4,10
Biomes % Area biome 7 Percentage of burnt area within WWF [67]

% Area biome 12 biomes (Figure 2)

% Area biome 13
Rainfall in the This variable will be a proxy of the ERAS5 Daily aggregates—
last year before Rain last year amount of herbaceous vegetation (fine . .

Latest climate reanalysis
the fire started fuel accumulation)
produced by

Rainfall in the
last year before
the fire started,

relative to the
average annual

rainfall

Rain last year %

this was a drought year

This variable will be a proxy of whether

ECMWF/Copernicus Climate
Change Service
https://developers.google.com/
earth-
engine/datasets/catalog/ECM
WE_ERA5_DAILY#bands
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Days since last
significant
rainfall (week
with more

This variable will indicate the drying of
the vegetation since the last rainfall

https://cds.climate.copernicus.
eu/cdsapp#!/dataset/reanalysis
-era5-single-
levels?tab=overview

Days since rain

than 4% of
annual
rainfall)

event (accessed 30 April 2020)

Days since
ignition until
rainfall started

This variable may indicate how much
time the fire had to burn until rainfall

k with D til rai
nfz\i“zeth;: 49 ays vt fam may have contributed to extinguishing
(o] .
of annual the fire
rainfall)
FDI start
(FDI value when the

fire started)

FDIstart4max (FDI

Daily fire weather index, based on a

Fire Daneer maximum value in the
& four days preceding the drought factor, air temperature, wind [68]
Index (FDI) . . L 1
fire) speed and relative humidity.
FDI99pct
(99 percentile of FDI
within the burnt area
during the fire)
Total lightning Lightning strikes The W orld Wide Lightning
. . . . . . . . . Location Network (WWLLN),
strikes during  (lightning strikes per This variable was not included in the
. crs . L . http://wwlln.net/
the fire, within ~ km? per days the fire multivariate analysis
(accessed 17 February 2020)
the burnt area burnt)
[69]
Vegetation fuel variables (9)
The amount of tree cover within the http://dapds00.nci.org au/thre
Tree cover o . dds/catalog/ub8/au/treecover/
Tree cover wildfire polygon before the fire started
layer (tree cover as of 2017) 250m/catalog.html
(accessed 6 March 2020)

Continuity of
vegetation
within 10km of
the ignition

Forest continuity

Based on patches of tree cover (>90%),
after a spatial filter of minimum 3x3,
total sum within 10km buffer of ignition.
The greater the continuity of vegetation,
the more area that can potentially burn.
Based on the Australia tree cover layer
(>90%)
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VHI VHI start The average values of these variables
LFMC LFMC start within the area that eventually burnt,
PV PV start based on the temporally closest dataset
PV+NPV PV+NPV start

when the wildfire started

% Burnt 8 years
(% of the wildfire area,
which was burnt in the

previous 8 years)
Frequency of

o . Based on the number of MODIS active
fires in the Times burnt 8 years

. . . fires that were detected from 2001
previous 8 (number of times fires
iy onwards
years were detected within
the wildfire area, in the
previous 8 years,
normalised by the fire
area)
Previously s
Percentage of area burnt within 25 km of .
bumt areas by Burnt 25 km the ignition point in the previous eight Based on burn date mapping
nearby gron p P & from VIIRS and MODIS
e months
wildfires
Anthropogenic variables (15)
Average
i h
distance to the Dist roads
nearest paved (average distance from
road roads %vithin the burnt Open Street Map
(Motorway, http://download.geofabrik.de/
area) . .
Trunk, australia-oceania.html
Pri h 202
rimary, Dist roads start (accessed 5 March 2020)
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(average population
density in the burnt
area)

Aboriginal
lands

% native title Y/N
(percentage of burnt

% Indigenous PA

% native title Y
(percentage of burnt
area within native title
lands, where native title Percentage of burnt area within
exists) indigenous protected areas and native

http://www.nntt.gov.au/assist
ance/Geospatial/Pages/DataDo
wnload.aspx
https://www.environment.gov
.au/land/nrs/science/capad
(accessed 6 April 2020)

title lands

area within native title
lands, whether it exists
or does not exist)

Protected areas

Percentage of burnt area within

https://www.environment.gov
protected areas (based on the psi/f g

% PA .au/l i
(PA) & Collaborative Australian Protected Area a&i::siézrz/;fif/z%az%?d
Database, as of 2018)
[72] Geoscience Australia,
Dynamic Land DLCD FAI Canberra.
Cover Dataset DLCD FGI Used to calculate the forest-agricultural  http://pid.geoscience.gov.au/d
Version 2.1. DLCD WUI interface (FAI), forest—grassland ataset/ga/83868
interface (FGI), and wildland—urban (accessed 22 May 2020)
interface (WUI), following [65]. See
Land Use and Table S1 for the codes used to calculate :
https: . lture.gov.
Management AGRI FAI these interfaces. P ﬁ::;ggrzgral(c:ll;;l;e .
Inf i AGRI I
nformation GRIWU (accessed 23 May 2020)

for Australia

2.3. Statistical Analysis

For the statistical analysis, we separated the fires into the following groups for some
of the statistical tests: Black Summer forest fires (>40% tree cover; n = 205) and Black Sum-
mer non-forest fires (<40% tree cover; n = 186); Black Summer forest fires in SE Australia
(n=63). We examined whether the explanatory variables varied between these groupings
of fires (also separating between forest fires within and outside SE Australia) using
Tukey’s HSD test within an ANOVA model (using XLStat 2019.3.2). We calculated uni-
variate correlations between all the variables using the non-parametric Spearman correla-
tion coefficient (Rs) test as well as quantile regression (before and after variable transfor-
mation), which is a useful approach to estimate complex interactions when not all of the
explanatory factors are accounted for [73]. We ran the quantile regression using various
percentiles (0.75, 0.9 and 0.95) and present selected results for the 0.95 percentile, which
had the highest adjusted R? values for most response variables. We calculated multivariate
stepwise regression models for the eight response variables, using all explanatory varia-
bles, both before and after transformations of the variables (percentages were transformed
using arcsin (square root) transformation, count data were transformed using square root
transformation, and the other variables were log-transformed, as in [28]).
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3. Results
3.1. The Australian Black Summer Season

Overall, in Australia, most of the fires (60% of all active fires detected by MODIS
between January 2001 and January 2020) took place in northern Australia (WWF Biome of
Tropical & Subtropical Grasslands, Savannas & Shrublands), followed by 22% and 9% in
the Deserts & Xeric Shrublands and Temperate Broadleaf & Mixed Forests biomes, respec-
tively (see Figure 2 for the biomes mentioned here). Overall, the 391 Black Summer bush-
fires (larger than 100 km?) that we mapped across Australia covered a total burnt area of
119,675 km? (for forest fires) and 82,847 km? (for non-forest fires). The 391 fires larger than
100 km?2 burnt 202,522 km?2 out of a total of 264,857 km?2. In total, 48% of the area burned
by these 391 fires was within the biome of Tropical & Subtropical Grasslands, Savannas
& Shrublands, 33% within the biome of Temperate Broadleaf & Mixed Forests, and 8%
within Mediterranean Forests, Woodlands & Scrub.

The Black Summer fire season of Australia stood out in the extreme number of forest
fires that took place (Figure 4a; 48% of all active fires between Sep 2019 and Jan 2020), with
the number of fires in the biome of Temperate Broadleaf & Mixed Forests increasing be-
tween Nov 2019 and Jan 2020 by more than 1000% compared with the average monthly
active fire numbers for the same months between the years 2001 to 2018 (Figure 4b). Dur-
ing the Black Summer, the fire numbers were also higher than average for the biome of
Montane Grasslands & Shrublands (538% more fires than on average) and the biome of
Mediterranean Forests, Woodlands & Scrub (470% more fires than on average). The biome
of Tropical & Subtropical Grasslands, Savannas & Shrublands (mostly in northern Aus-
tralia) experienced 74% of the average of active fires between Sep 2019 and Jan 2020,
whereas the biome of Deserts & Xeric Shrublands experienced only 33% of its average of
active fires (Figure 4b).
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Figure 4. Monthly numbers of MODIS-detected active fires between January 2001 and January 2020, classified by WWEF
biome (a); monthly anomalies of MODIS-detected active fires, classified by WWEF biome (compared with the average
monthly number between 2001 and 2018 (b); the figure only includes the three biomes where, overall, most fires in Aus-
tralia occur). The labels on the x-axis stand for the month of January in the years 2001 to 2020.

3.2. Characteristics of the Response Variables of the Fires

The forest fires of the Black Summer in SE Australia were exceptionally large in their
area and long in the number of days they burnt in comparison with the non-forest fires
(Table 3). Comparing the forest and non-forest fires of the Black Summer, the forest fires
had a greater impact on PV and the VHI (Table 3). The greatest changes in PV due to fire
took place in fires that were closer to the coastline (note the high PV difference values in
SE Australia), and the greatest changes in PV+NPV due to fire took place in fires in north-
ern Australia (Figure S1). Overall, FRP values were lower in the fires taking place in north-
ern Australia, which were mostly non-forest fires.

Table 3. Average and standard deviation of the eight response variables describing fire properties for the forest and non-
forest fires in the Black Summer and the forest fires in southeast Australia during the same period.

Black Summer Non- Black Summer Black Summer Forest Fires
Response Variables Forest Fires Forest Fires in SE Australia
n =186 n =205 n=63
Area (km?) 445 (+607) 584 (+1137) 1097 (+1,864)
Days 90% (days) 8.5 (£6.6) 17.5 (£12.4) 22.2 (+13.8)
FRP M6 MODIS (MW) 97 (+85) 100 (£93) 118 (+104)

Area 90%/Days 90%
(km2/day) 54 (+50) 33 (+42) 48 (+63)
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Change in vegetation health index

o (o 16.2 (+14.7) 21.7 (+13.5) 18.0 (14.2)
et (LRMO) A e oo
o 199680 Pon

Change in PV a(rol/od) non-PV (NPV) 19.4 (26.6) 18.5 (+5.4) 14.8 (+5.0)

AUS FESM (%) 54.4 (+25.6) 80.1 (+45.0) 117.6 (£37.9)

The variable of fire spread, as measured by average daily burnt area in a wildfire,
showed the highest correlations with the rest of the wildfire response variables (Table 4),
with the highest correlation found with the variable of overall burnt area in a wildfire (Rs
= 0.74 for the forest fires of the Black Summer in southeast Australia; Table 4). The AUS
FESM and NSW FESM indices were well correlated (Rs = 0.65, p < 0.001). Both the AUS
FESM and NSW FESM fire severity indices showed strong correlations with the change in
PV and NPV before and after the fire (Rs = 0.52 and 0.69, respectively, for the SE forest
fires, p <0.001; Table 4) and with FRP as measured by MODIS (Rs = 0.52 and 0.65, respec-
tively, for the SE forest fires, p < 0.001; Table 4).

Table 4. Spearman correlation coefficient matrix between the response variables for the forest fires of the Black Summer
in SE Australia (n = 63). Data for the NSW FESM severity index was only available for the fires in New South Wales (n =
45). The statistical significance of the correlations is given by asterisks (*** p <0.001; ** p <0.01; * p < 0.05).

FRP M6 Area/Da Changein Changein Changein Changein
Area Days MODIS vs VHI LEMC PV PV+NPV AUS FESM NSW FESM
. .2 42 .24
Area (km?) 0 f 0 0.15 0.74 *** 0.23 0.45 *** 0.44 *** 0 . 6 0*** 0
-0.29 0.36 0.06 -0.22 -0.12 -0.37
Days -0.56 *** . 0.06 o .
FRP M
6 . 0.20 -0.05 0.38 0.59 0.52 0.65
MODIS 0.53 *% %% %% %%
(MW)
Area/Days 0.23 0.23 43 e 0.51 0.42 0.43
(kmz/day) 0.43 okt ok ok
Change in
vegetation 0.37 050 *** 0.34 0.19 0.18
health ** ’ *
index) (%)
Change in
live fuel
moisture 0.60 *** -0.08 0.05 -0.16
content
(LEMC)
(%)
Change in 0.44 0.39 0.28

photosynth

*%
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Figure 5 presents the time series of some of the explanatory and response variables
used in this study for three specific fires, showing how these fires evolved, the impact of
the fires on vegetation, and the recovery following the fires. Some of the response varia-
bles were correlated, as we have shown above (Table 3), e.g., fires that were associated
with high FRP values burnt more rapidly (as measured by their daily burnt area), which
was especially noticeable for forest fires (Figure 6, Table 3). While some of the fires were
probably ignited by lightning strikes (as in fire #1, shown in Figure 5c), this was not found
to be the case for most fires. Peaks in fire radiative power were sometimes associated with
peaks in the FDI (see, for example, the fire shown in Figure 5a). However, this was not
very common, and, for the forest fires, Spearman’s correlation coefficients between daily
FDI values and daily FRP values were above 0.5 only in 43 out of 205 forest fires. The
forest fires showed a clear decline in VHI, PV, and PV+NPV during fire (Table 2, Figure
5).

Lightning Lightning
strikes strikes
—FRP —FRP
A A A

—Burnt area —Burnt area
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VHI VHI
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Figure 5. Time series of some of the explanatory and response variables included in this study, averaged over the areas of
three Black Summer fires: (a) the largest forest fire in Australia’s Black Summer (in east Gippsland, Victoria, Fire ID 25 in
our dataset; 9933 km?); (b) the largest non-forest fire in Australia’s Black Summer (in the eastern Kimberley, Western
Australia, Fire ID 344 in our dataset; 5134 km?); (c) a fire in the north of Kangaroo Island, South Australia (Fire ID 1 in our
dataset; 170 km?). All variables shown in this figure were normalised between their respective minimum and maximum
values to ease the comparison. The acronyms used in the figure are FRP (fire radiative power), FDI (fire danger index),
LFMC (live fuel moisture content), VHI (vegetation health index), PV (photosynthetic vegetation), and NPV (non-photo-

synthetic vegetation) (Tables 1 and 2).
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Figure 6. The correspondence between FRP and fire rate of spread (area burnt per day) for all fires in this study. The grey
trend line is for all 391 fires; the black trend line is for the 63 forest fires in SE Australia.
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3.3. Characteristics of the Explanatory Variables of the Fires

The values of most explanatory variables varied between the Black Summer forest
fires of SE Australia and the Black Summer non-forest fires (Table S2). In comparison with
the forest fires, the non-forest fires were associated with drier conditions (considering
rainfall, FDI and LFMC) and lower vegetation and forest cover. The non-forest fires were
located in more remote areas (from population and roads), which were more likely to be
under native title than being part of protected areas, and, within the burnt areas of non-
forest fires, there were less forest-agriculture and wildland—urban interfaces (Table S2).
Lightning strikes were identified on the days when fires started (i.e., on the day the fire
was first detected or in the two preceding days) for 27% of the wildfires and 23% of the
forest fires in SE Australia. Lightning strikes were also much more frequent in the savan-
nah regions of northern Australia than in SE Australia. With regards to the interface be-
tween different land cover classes, only 2 of the 391 fires started in proximity to the wild-
life—urban interface (WUI); 61% of all non-forest fires and 30% of all forest fires (excluding
the forest fires in SE Australia) started in proximity to the forest—grassland interface (FGI).
For the forest fires in SE Australia, only 4 out of 63 started in proximity to the FGI. Out of
the 63 Black Summer forest fires in SE Australia, 10% (DLCD-FAI) to 21% (AGRI-FAI) of
all fires were found to have started in proximity to the forest-agricultural interface (FAI).

3.4. Statistical Modelling of the Wildfires
3.4.1. Univariate Correlations

Spearman’s correlation coefficients between all explanatory variables and all re-
sponse variables are presented in Figure 7a—c for the Black Summer forest fires in SE Aus-
tralia (n = 63), the Black Summer forest fires (n = 205), and the Black Summer non-forest
fires (n = 186), respectively. Across both forest fires and non-forest fires, land management
(native title, protected areas) was hardly correlated with any of the response variables
(Figure 7). For forest fires in SE Australia (Figure 7a), some of the prominent explanatory
variables that were correlated with the response variables referred to the conditions of
vegetation (i.e., the fuel) before the fires started. For the forest fires (n = 205), positive cor-
relations were found between some of the interfaces and burn severity (AUS FESM,; Figure
7b), for example, with the wildland-urban interface (AGRI WUI; Rs = 0.597; Figure S2).
For non-forest fires (Figure 7c), the response variables that were best correlated with the
explanatory variables were FRP, the change in VHI and the change in PV+NPV (Figure 8).
For the forest fires, the response variables that were best correlated with the explanatory
variables were FRP and the changes in PV (Figure 8). For the forest fires in SE Australia,
the response variables that were best correlated with the explanatory variables were the
change in PV and the change in LFMC (Figures 8 and S3). The response variables for the
Black Summer non-forest fires were mostly correlated with climatic and vegetation vari-
ables (Figure 9; e.g., Rs = 0.579 between the overall rainfall in the year before the fire and
the change in VHI due to the fire). The response variables for the Black Summer forest
fires were mostly correlated with vegetation and climatic variables (Figure 9; e.g., Rs =
0.679 between PV before the fire and the change in PV due to the fire), whereas the re-
sponse variables for the Black Summer forest fires in SE Australia were mostly correlated
with vegetation variables (e.g., Rs = 0.665 between VHI at the start of the fire and the
change in PV due to the fire; Figure 9). Quantile regression analysis revealed some addi-
tional trends for the Black Summer fires: the duration (number of days) of the fires was
associated with the time until significant rain arrived (Figure S4) as well as with forest
cover continuity (Figure S5) and with the amount of rainfall in the previous year (Figure
S6); the burnt area in a wildfire was negatively correlated with the number of times it
experienced fires in the previous eight years (Figure S7); FRP was negatively correlated
with the percentage of areas that were burnt in the previous 8 months within 25 km of the
ignition point (Figure S8).
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Figure 7. Spearman correlation coefficients between all explanatory variables and the 10 response variables for: (a) the
Black Summer forest fires in SE Australia (n =63, except for NSW FESM severity index, where n =45); (b) the Black Summer
forest fires (n = 205); (c) the Black Summer non-forest fires (n = 186). The colour of the bars indicates the response variable.
Only statistically significant correlations are shown.
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Figure 8. The number of explanatory variables with statistically significant Spearman correlation
coefficients (R? > 0.2) with the response variables for Black Summer non-forest fires (n = 186), Black
Summer forest fires (n = 205) and Black Summer forest fires in SE Australia (n = 63). The variables
are summarised here based on the response variables.
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Figure 9. The percentage of explanatory variables (classified into anthropogenic, vegetation or cli-
matic variables) with statistically significant Spearman correlation coefficients (R? > 0.2) across the
eight response variables for Black Summer non-forest fires (n = 186), Black Summer forest fires (n =
205) and Black Summer forest fires in SE Australia (n = 63).

3.4.2. Multivariate Models

Opverall, the stepwise regression models (Figures 10 and 11) were most successful at
explaining the response variables for the forest fires in SE Australia (median-adjusted R?
value of 64.3%; Figure 12), followed by all forest fires (median-adjusted R?value of 55.8%;
Figure 12), and all non-forest fires (median-adjusted R?value of 48.2%; Figure 12). Across
all stepwise regression models, the two response variables that were best explained by the
explanatory variables were change in PV (median-adjusted R?value of 69.1%; Figure 12)
and change in VHI (median-adjusted R?value of 66.3%; Figure 12) due to the fire. The two
response variables that were least explained by the explanatory variables were the length
of the fires in days (median-adjusted R? value of 38.8%; Figure 12) and area burnt per day
(median-adjusted R2value of 38.5%; Figure 12). On average, vegetation-related variables
were most commonly included in the stepwise regression models (2.4 variables on aver-
age across the 48 models (8 response variables x 3 subsets x 2 with or without variable
transformation)), whereas, on average, 1.8 climatic or anthropogenic variables were in-
cluded in the stepwise regression models (Figure 13). The relative prevalence of anthro-
pogenic variables was more pronounced in the stepwise models for the forest fires in SE
Australia (Figure 13). Amongst all explanatory variables across all regression models (n =
48 models), the following five explanatory variables had, on average, the highest stand-
ardised coefficients: number of times there was a fire in the previous 8 years, number of
active fires detected in the previous 8 years, and the vegetation conditions before the fire
started (LFMC, VHI and PV+NPV). For the stepwise regression models explaining the
forest fires in SE Australia (n = 16 models), PV and VHI before the fire started were the
two explanatory variables that had, on average, the highest standardised coefficients.
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Figure 10. The standardised coefficients of the explanatory variables that were found to be statistically significant in the
stepwise regression models for all response variables for (a) the Black Summer forest fires in SE Australia (n = 63); (b) the
Black Summer forest fires (n = 205); (c) the Black Summer non-forest fires (n = 186). The models shown in this figure were
calculated based on the untransformed variables. The adjusted R? values of each of the stepwise models are shown in the
legend. The colour of the bars indicates the response variable. Only statistically significant coefficients are shown.
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Figure 11. The standardised coefficients of the explanatory variables that were found to be statistically significant in the
stepwise regression models for all response variables for (a) the Black Summer forest fires in SE Australia (n = 63); (b) the
Black Summer forest fires (n = 205); (c) the Black Summer non-forest fires (n = 186). The models shown in this figure were
calculated based on the transformed variables. The adjusted R? values of each of the stepwise models are shown in the
legend. The colour of the bars indicates the response variable. Only statistically significant coefficients are shown.
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Figure 12. Adjusted R? values of the stepwise regression models for the Black Summer fires. Models
were run for all response variables, the non-forest fires (n = 186), the forest fires (n = 205) and the
forest fires in SE Australia (n = 63).

Non-forest fires (n = 186), after transformation

Forest fires (n = 205), after transformation
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Figure 13. The percentage of explanatory variables (classified into anthropogenic, vegetation or cli-
matic variables) entered into the stepwise regression models across all response variables for Black
Summer non-forest fires (n = 186), Black Summer forest fires (n = 205) and Black Summer forest fires
in SE Australia (n = 63).
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4. Discussion
4.1. The Factors Affecting the Size and Impact of the Black Summer Fires

Previous research has shown that the spatial patterns of ignitions and large wildfires
differ [18] and that large wildfires are more likely to occur in forests and shrublands that
are more remote and where population density is low [74,75]. Our focus was to study only
large (>100 km?) wildfires, and, to that end, we used a range of explanatory variables (11
climatic variables, 9 vegetation variables and 15 anthropogenic variables) to test what led
to some of the fires burning over larger areas, for more days, and in greater intensity,
leading to a more negative impact on vegetation. Overall, amongst the variables we ex-
amined, vegetation- and fuel-related variables (such as previous frequency of fires and
the conditions of the vegetation before the fire) were found to be more prevalent in the
multivariate models for explaining the response variables in comparison with the climatic
and anthropogenic variables.

For the Black Summer fires, the duration (number of days) of the fires was associated
with the time until significant rain arrived (aiding in extinguishing the fires; Figure 54).
Rainfall is a major factor in extinguishing small (<5 km?) savannah fires [76]. When forest
fires are very large, suppression efforts are often impossible [77], and the onset of rainfall
is necessary to aid fire extinction [78]. An additional constraint on the propagation of for-
est fires and the damage caused by forest fires is forest cover continuity (i.e., the extent of
continuous forest cover; Figures S3). More destructive forest fires (considering the
changes in VHI, LEMC, PV, and PV+NPV due to fire) were mostly associated with higher
values of VHI, LFMC, PV and PV+NPV before the fire, i.e., when there is more fuel to
burn, forest fires can cause more damage (Figure S3). In contrast, the probability of igni-
tion increases with lower dead fuel moisture content values (being very high when mois-
ture is below 30%, as found in various lab experiments; [79,80]); there is a lack of infor-
mation regarding moisture thresholds for the ignition of live vegetation [81].

The amount of rainfall in the previous year contributes to the amount of available
fuel (especially of herbaceous vegetation, which dries out and can subsequently ignite
quickly (Figure S6) [82,83]. Fire history was also found to be significant in explaining fire
areas and the change in PV due to fire, with fire that burnt in areas where there were fires
in previous years or adjacent fires in the previous months being smaller and having lower
FRP (Figures S7 and S8). Indeed, fire intensity (e.g., rate of spread, spotting distance) in
dry eucalypt forests increases with the age of fuels (time since last fire; [84]). The role of
fire history in constraining fires is especially important in slow-maturing communities,
such as forests [77], and the intervals between the extreme fires of eucalypt forests in the
temperate climate regions of Australia are expected to be over 100 years (Murphy et al.,
2013). These eucalypt forests, where most fires took place in the Black Summer, are also
characterised by high fire intensities [20]. Compared with the western United States and
the Mediterranean Basin, Australia has, relatively, a lot of fires in areas with high forest
cover and intermediate population densities [85].

Fire propagation depends not only on vegetation- and climate-related variables but
also on human modification to the landscape and fire suppression efforts. Anthropogenic
factors have mostly been incorporated as explanatory variables in the multivariate models
for the forest fires of SE Australia (Figure 9). However, this may be simply because most
of the Australian population resides in SE Australia in areas that were relatively closer to
those forest fires, whereas the rest of the fires took place in remote areas. A seeming par-
adox was found, with the total population having positive coefficients in the models ex-
plaining forest fires, whereas the mean population had negative coefficients in the same
models (Figures 10 and 11). The total population within a burnt area was not independent
of the fire area, while mean population size within a burnt area was normalised by the
wildfire area. Given that most fires had ignited in remote areas and not close to the WUI,
the correlation between fire size and fire impact and total population exposed to the fires
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demonstrated that most of the large fires were simply uncontrollable and, later on, ex-
panded to populated areas (overall, the burnt area of the forest fires of SE Australia was
home to more than 48,000 people). The largest forest fire of the Black Summer (in terms of
the population living within the burnt area) included over 8600 people (i.e., 1.7 per-
sons/km?), which, relative to the size of the fire, is a sparsely populated area.

Wildfires can be ignited on purpose (e.g., arson, prescribed burning) or accidentally
from either natural causes (e.g., lightning strikes) or human causes (e.g., from escaped
campfires, escaped prescribed burning, electrical infrastructure) [86,87]. Human-caused
fires are the dominant source (87%) of ignitions in SE Australia [88]. However, lightning-
caused wildfires cannot be disregarded and have led to extensive wildfires as well [19].
Nevertheless, not all fire ignitions are equal in terms of the risk they pose to human lives
and assets, and for fires to spread and burn larger areas over a longer period, meteorolog-
ical conditions of air temperature, relative humidity and wind speed, which can be sum-
marised by fire danger indices and also affect live fuel moisture conditions and the sus-
ceptibility of vegetation to ignition, are critical [89]. Heatwaves have been associated with
dead fine fuel dryness in SE Australia, even more so in dry seasons with a deficit in rainfall
[90], as was the case during Australia’s Black Summer. The interaction between atmos-
pheric parameters with soil and fuel moisture content over the scale of days and weeks to
months and years is critical, as compounding of the individual processes at the different
scales occurs, and this has been seen in the cumulative effects of antecedent dry years, low
winter rainfall and heatwaves during the Black Summer in other studies [91]. In other
words, fuel dryness builds up over years—rainfall at different times of the year and heat-
waves affect this, and if soils are very dry during the cool season, fuel moisture can rapidly
decrease when warm conditions arrive. An increase in vapour pressure deficit leading to
lower fuel moisture content is likely to increase the probability of fire ignition (due to
either natural or anthropogenic factors) to areas that previously had relatively few fires
[92].

Lightning-caused and power-transmission-caused ignitions have been associated
with the forest fire danger index in Victoria [93]. We found that about 23% of the Black
Summer forest fires in SE Australia were associated with lightning strikes as their likely
ignition cause. We associated wildfires with lightning as the likely ignition cause based
on temporal and spatial proximity, namely, if a fire ignition point that was identified
based on its burn date was within a distance of less than 5 km from a lightning strike that
took place on the day of the detected burn date or in the two previous days. Note that
given the low temporal frequency of MODIS, fires are usually detected after they actually
start [94], and, thus, our 23% may be an underestimation. Indeed, the final report of the
NSW bushfire inquiry stated that 24 out of the 32 significant fires in NSW were started by
lightning [95]. This share of lightning strikes as an ignition source is relatively high, given
that less than 10% of wildfire ignitions in Victoria and New South Wales (between the
years 1997/1998 and 2008/2009) have been attributed to lightning [88]. In our study of large
fires (>100 km?), hardly any of the fires were associated with the wildland—-urban interface.
This contrasts with the findings of [93] for fire ignitions in the state of Victoria (between
1997 and 2009), where housing density was the lead factor contributing to explain other
causes of fire. In our multivariate models, the FAI was the interface that entered more
models than the other interfaces, mostly for explaining non-forest fires (Figures 10 and
11).

4.2. Remote Sensing of Wildfires

Wildfires can be studied at different spatial scales, either within predefined units
(e.g., within administrative regions), at the grid cell level (often done when using remote-
sensing-derived metrics of fires) or as individual fires (either as points representing fire
ignitions or as fire polygons delimiting the area of individual fires, as in this study). Var-
ious response variables can be studied, such as fire frequency (or fire interval), the size of
a fire, the spotting of fires [96], fire intensity, fire speed, and the ecological impact of a fire.
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In our study, we focused only on large fires (>100 km?) and, therefore, did not include fire
frequency as a response variable, but we did incorporate the time since the last fire as one
of our explanatory variables. Given that the various response variables represent different
processes, they are not all highly correlated (Table 3), and, therefore, different explanatory
factors are relevant for studying each of these response variables. For example, a fire may
be of high intensity, causing much damage to vegetation, but may burn over a relatively
small area and over just a few days (as in the case of the Black Saturday fires; [97]).

For this study, most of the selected response variables were from globally available
datasets derived from coarse spatial resolution sensors such as AVHRR, MODIS and
VIIRS. Given that we examined only large fires, we could use the blended VHI dataset,
which is distributed at a spatial resolution of about 4 km [98]. Most of the other datasets
were available at spatial resolutions ranging between 250 m and 1 km, which was fine for
a continental-scale study but may not be detailed enough for studying individual fires,
especially if they are relatively small and burn over just a few days. The free and global
availability of Sentinel-2 and Landsat-8 enables a high revisit time (<5 days; [99,100]), can
lead to the production of new high-resolution time series of fire products (as recom-
mended by [101] and done for the USA, [102]), which should include both the extent of
the fire, burn date and burn severity. Such products are currently available globally,
mainly from MODIS and VIIRS at spatial resolutions between 250 and 500 m [103]. Aus-
tralia is one of the most advanced countries in the world with respect to the coordinated
use of remote sensing for mapping vegetation, wildfire risk (with the operational genera-
tion of fire danger indices, live fuel moisture content and flammability; [51]) and burned
areas, with various national products. However, there is currently no operational nation-
ally produced dataset of burnt areas or burn severity for Australia, which is critical for
studying fires in greater detail and better understanding the progression of fires such as
the Black Summer fires. Due to the significant differences in ecosystem types and fire re-
gimes from north to south and east to west across Australia, a range of different ap-
proaches and standards are used for mapping burnt areas or burn severity. Northern Aus-
tralian states and territories, in areas of savanna woodlands, are using the North Austral-
ian Rangeland and Fire Information System ([104]; https://firenorth.org.au/nafi3, accessed
29 July 2020). Quite different approaches are used across each of the southern states. In
Queensland, for example, wildfire extent mapping is routinely done based on Landsat
and Sentinel 2 images [105], and new automatic algorithms are now being developed. In
New South Wales, an algorithm has been developed for mapping fire severity [54], and
the first nationwide Australian dataset of burn severity was released in July 2020 [53].

One of the factors hampering the monitoring of fires from space is the lack of a ded-
icated geostationary satellite devoted to monitoring active fires in a timely manner. Cur-
rently, the available active fire products of MODIS and VIIRS have only a few passes a
day [94], and, given frequent cloud cover in different parts of the world, this is not enough
for detecting fire ignition, monitoring the propagation of fires in real-time, and mapping
FRP on an hourly basis. The first sensor to offer such capabilities for Australia is
Himawari-8 (for Africa and Europe, another sensor serves such a purpose: SEVIRI,
onboard the Meteosat satellite; [106]), with the best spatial resolution so far compared to
previous geostationary satellites, although, compared with MODIS and VIIRS it is rela-
tively coarse (2 km; [94,107-109]). One of the outcomes from the national government en-
quiry into the causes and impacts of the Black Summer fire season is the need to more
effectively integrate Earth observation data streams in pre-fire assessments (fuel load and
flammability), active fire monitoring (this is the main gap) and post-fire impact and re-
covery assessments [22].

5. Conclusions

The spatial and temporal extent of Australia’s Black Summer fires was unprece-
dented with regards to the forest fires in SE Australia and their impact on Australia’s pop-
ulation. The massive scale of these fires has been attributed to an extremely dry summer
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season; according to some climate projections, the fire weather season in SE Australia may
increase in length in the 21st century [110]. Indeed, in their 2007 report, [111] fortuitously
predicted that effects of climate change on the lengthening of the fire season and fire in-
tensity will become apparent by 2020. Positive and extreme positive events of the Indian
Ocean Dipole (associated with increased fire risk in SE Australia) are projected to become
more frequent in the 21st century [112]. However, there is great uncertainty and variability
between different global climate models with regards to their implications on future fire
regimes [6,113]. Whereas the global burnt area has decreased between 1998 and 2015,
within Australia, the trend was more ambiguous [114]. In our analysis, amongst the vari-
ables we have examined, we found that vegetation- and fuel-related variables were more
prevalent in the multivariate models for explaining the response variables in comparison
with the climatic and anthropogenic variables. Whereas we have less control over future
climate, managing vegetation is something that can be and is being done. Cultural (abo-
riginal) burning in Arnhem Land has succeeded in reducing the frequency of late dry sea-
son fires [59]. While prescribed fires are an important and reliable tool (with about just 1%
of prescribed fires escaping; [115]), it is doubtful whether, at the grand scale of Australia,
prescribed fires will ever succeed in mitigating the risk of large forest fires [95]. While
reducing fire hazards is difficult, reducing the exposure of people to risks from fires can
be done by better management of, for example, the wildland—urban interface. In addition,
a unified approach for monitoring active fires, burnt areas and burn severity in Australia
using higher spatial and temporal resolution operational products (which are currently
not available) can assist in managing and reducing fire risk. The establishment of the Aus-
tralian Space Agency in 2018 [116] may lead the way for better monitoring and manage-
ment of fires in Australia by launching missions specifically designed to support fire man-
agement.

Supplementary Materials: The following are available online at www.mdpi.com/arti-
cle/10.3390/fire4030058/s1, Table S1: Codes of the raster layers used for calculating the interfaces
(following [65]), from Australia’s Dynamic Land Cover Dataset Version 2.1 and from the Land Use
and Management Information for Australia dataset. Table S2: Between grouping differences of the
explanatory variables (after transformations) using Tukey’s HSD test within an ANOV A model. The
values in the tables represent the average values per class (after variable transformation). Groups
with different letters were identified as statistically different from each other. The class with the
highest value per variable is highlighted using a bold font. Figure S1: The values of the eight re-
sponse variables for all the wildfires included in this study. Figure S2: The correspondence between
the wildland urban interface (AGRI WUI) and AUS FESM burn severity. The trend line if for all
forest fires (n =205) including those in SE Australia. Figure S3: Quantile regression (quantile of 0.95),
for the change in LFMC during the fire (as the response variable), and the LFMC at the start of the
fire (as the explanatory variable). Figure S4: Quantile regression (quantile of 0.95), for the number
of days a fire burnt (as the response variable), and the number of days until there was significant
rain since the beginning of a wildfire (as the explanatory variable). Figure S5: Quantile regression
(quantile of 0.95), for the number of days a fire burnt (as the response variable), and forest cover
continuity (as the explanatory variable). Figure S6: Quantile regression (quantile of 0.95), for the
number of days a fire burnt (as the response variable), and the amount of rain in the year before the
fire (as the explanatory variable). Figure S7: Quantile regression (quantile of 0.95), for the burnt area
(as the response variable), and the number of times there were fires within the boundary of a wild-
fire in the previous eight years (as the explanatory variable). Figure S8: Quantile regression (quantile
of 0.95), for fire radiative power (as the response variable), and the percent area which was burnt in
the previous eight months within 25 km of the ignition of the fire (as the explanatory variable).
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