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Abstract The recent bushﬁres (2019–2020) in New South Wales (NSW) Australia were catastrophic by
claiming human and animal lives, affecting ecosystems, destroying infrastructure, and more. Recent
studies have investigated relationships between hydroclimatic signals and past bushﬁres, and very recently,
a few commentary papers claimed drought and fuel moisture content as the probable causes for the
widespread 2019–2020 bushﬁres. Therefore, in this study, a novel work of encompassing a wide range of
factors attributing to the recent bushﬁres is presented. Empirical evidence‐based statistical methods are used
to identify the hydroclimatic variables and geomorphic characteristics contributing to the 2019–2020
bushﬁres. The results highlight that ongoing drought, surface soil moisture (SSM), wind speed (WS10),
relative humidity (RH), heat waves (HW), dead and live fuel moisture, and certain land cover types create
favorable conditions for ﬁre ignition and aid in ﬁre propagation in different regions of the NSW state.
The ﬁndings suggest that accounting for the above‐identiﬁed variables in bushﬁre prediction and
monitoring system are crucial in avoiding such catastrophes in the future. The overarching application of
this study is developing robust and more versatile ﬁre protection planning and management.

Plain Language Summary Since the 2019–2020 Australian bushﬁres were catastrophic in terms
of burnt area and severity, a detailed analysis of the primary causes is crucial. In this paper, several
probable causes are tested statistically to establish their relationship with the burnt area. The results indicate
that the ongoing drought, surface soil moisture, wind speed, relative humidity, heat waves, dead and live
fuel moisture, and land cover with certain vegetation (particularly native eucalyptus and grazing land) are
the primary causes of the widespread bushﬁre. These results are extremely critical in updating the
current bushﬁre planning and management.

1. Introduction
Bushﬁres (also known as wildﬁres) are a common and natural phenomenon which play a vital role in the
atmospheric and terrestrial system (Bowman et al., 2009). Globally on average, an approximate area of
350 Mha is burnt annually (Giglio et al., 2013). This phenomenon is of no exception for the driest continent
in the world that is Australia, where it occurs regularly, and has contributed to the evolution of the continent
over millions of years. Several mega bushﬁre events in Australia have been documented such as Gippsland
ﬁres and Black Sunday (1926), Black Friday (1939), Australian Bushﬁre Season (1974–1975), Waterfall
bushﬁre (1980), Canberra bushﬁres (2003), and Black Saturday (2009) (Weber et al., 2019). However, the
recent bushﬁre season (2019–2020) in Australia, centered in the southeastern part of the country (New
South Wales, NSW), has turned out to be the most catastrophic (in terms of burnt area and severity) in
the continent's history since the European settlement and colloquially also known as the Black Summer.
It has claimed 28 human lives (Roach, 2020), over 1.25 billion animal lives (TV10, 2020), damaged over
3,000 homes (Yeung, 2020) and caused an economic loss of over $110 billion (until January 2020)
(Roach, 2020).
Existing studies have indicated that the primary cause of ﬂame occurrence is the combination of three main
components: hot weather, fuel availability, and an ignition source (Moritz et al., 2005). Additionally, with
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progressive availability of vegetation (fuel) in the path of ﬁre accompanied by high temperature and wind
speed and low precipitation, the ﬁre accelerates and has consequently led to major bushﬁre incidents in
the past (Bessie & Johnson, 1995; Littell et al., 2009; Nolan et al., 2016b). Climate change has already induced
an increase in temperature of approximately 0.5°C per decade since 1980s in NSW State of Australia
(Heritage, 2014). This increase in temperature has already inﬂuenced the water cycle by intensifying the
localized precipitation at some regions (Marvel & Bonﬁls, 2013) and simultaneously aggravating the drought
intensity and frequency at other locations (Dai, 2013; Deb et al., 2019). Intense precipitation events have the
ability to transform barren lands into widespread herbaceous plants and thus increasing fuel availability
(O'Donnell et al., 2011). Similarly, major droughts create favorable conditions for bushﬁres in forested ecosystems (Bradstock et al., 2014). In addition, natural climatic variability has been linked to seasonal‐decadal
long droughts in various regions (Forootan et al., 2019; Kiem & Franks, 2004). Furthermore, sea surface temperature alterations are also claimed to have strong associations with regional droughts (Harrison et al., 2019;
Wu & Kinter, 2009) which further governs the spread of bushﬁres (Russo et al., 2017).
A plethora of studies have investigated the underlying causes of widespread bushﬁres covering different
climatic regions of the world. The majority of these studies have only considered local climatic factors,
particularly, temperature, wind speed, relative humidity, and meteorological droughts which control the
ignitability and spread of ﬁre (Clarke et al., 2013; Flannigan et al., 2009, 2013; Russo et al., 2017). A handful
of studies have focused on the effect of slope on ﬁre propagation (Butler et al., 2007; Estes et al., 2017; Liu
et al., 2014) and fuel moisture content (Burton et al., 2019). Only a few of these variables (particularly, temperature, relative humidity, wind speed, and meteorological drought) are accounted for in the McArthur
Forest Fire Danger Index (FFDI) (Noble et al., 1980), which is widely used to assess the probability of bushﬁre
occurrence in Australian landscapes (Verdon et al., 2004). Apart from these factors, some studies have also
found antecedent soil moisture content to be a critical factor governing the bushﬁre propagation; however,
these studies are only conducted in the United States of America (Krueger et al., 2015; Schulte et al., 2019).
Also, past research studies have illustrated that some of the major historical bushﬁre events in the
Southeast Australian region have proliferated due to extreme heat waves (Alexander & Arblaster, 2009;
Karoly, 2009).
Given that the ﬁre swept unusual and record breaking areal extent, it gained extreme interest of the bushﬁre
research community. One of the correspondence papers by Boer et al. (2020) investigated satellite images of
the recent bushﬁre and concluded “temperate broadleaf and mixed” forest biome was more susceptible to
the 2019–2020 bushﬁres. Similarly, in a commentary by King et al. (2020), the wide extent of the bushﬁres
is claimed due to extremely dry conditions that persisted over the past 2 years. These dry conditions were
further linked to negative Indian Ocean Dipole (IOD) and absence of La Niña. Sanderson and
Fisher (2020) commented that the 2019–2020 Australian bushﬁre is an indication of the future that is quickly
becoming present and this is solely due to climate change. Furthermore, Nolan et al. (2020) explained in a
Letter that dry fuel moisture and the ongoing droughts are the only causes of the 2019–2020 Australian bushﬁres. A comment on this Letter by Ambadan et al. (2020) discussed that precipitation deﬁcit is the primary
cause of the bushﬁre. Additionally, they also claimed fuel loads were casual, given that the fuel availability
among unburnt and burnt areas/forests were the same. This comment was further counter argued by
Bradstock et al. (2020) as speculative and not supported by any scientiﬁc evidence or data analysis.
Evidently, recent studies have explored only a few of the most probable causes of the bushﬁres. Also, the
abovementioned studies have explored the implication of each variable on bushﬁre independently. To the
best of our knowledge, there is no comprehensive study in the existing literature yet, which has considered
most, if not all possible variables either individually or in combination governing the widespread bushﬁres,
which is also the novelty of this study. The overarching aim is to investigate all possible variables that
contributed to the extensive bushﬁres in NSW State of Australia. In this paper, an empirical analysis is
conducted while accounting for all potential causes, which may have triggered the bushﬁres. Here the
analysis focusses on the period of September to December 2019, given the extensive area burnt during these
months instead of October–February months, when usually the bushﬁre severity (both intensity and burnt
area) is at its peak. The approach employed in this study is to explore whether the bushﬁre‐affected areas
(called bushﬁre units or BFU, used hereafter) are associated with any particular hydroclimatic or geomorphic variable (i.e., are the BFUs more likely to inherit/experience certain ﬁre‐causing factors). The ﬁndings of this study are useful in developing better bushﬁre prediction tools and management plans.
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Table 1
Data Source, Format, Temporal, and Spatial Resolution Used in This Study
Temporal
resolution

Data

Source

Format

BFU
SSM

NSW Rural Fire Service
Australian Water Resource Assessment Landscape (AWRA‐L), CSIRO, and BoM
(http://www.bom.gov.au/water/landscape/#/sm/Actual/day/‐28.4/130.4/3/
Point////2020/6/3/)
NCEP/NCAR Reanalysis data (https://www.esrl.noaa.gov/psd/data/gridded/
data.ncep.reanalysis.pressure.html)
SILO Data Drill (https://www.longpaddock.qld.gov.au/silo/) (Jeffrey et al., 2001)
Global SPEI database (https://spei.csic.es/database.html)
SILO Data Drill (https://www.longpaddock.qld.gov.au/silo/)
MOD09A1v006 (https://lpdaac.usgs.gov/products/mod09a1v006/)
SILO Data Drill (https://www.longpaddock.qld.gov.au/silo/)

Shapeﬁle
NetCDF

‐
Daily

‐
0.05°

NetCDF

Daily

0.05°

NetCDF
NetCDF
NetCDF
NetCDF
Raster

Daily
Monthly
Daily
8‐day
Daily

NSW Department of Planning, Industry, and Environment
Geoscience Australia

Raster
Raster

‐
‐

WS10
RH
6‐Month SPEI
Vapor Pressure Deﬁcit
VARI
Maximum Temperature
(to Calculate HW)
LULC
DEM (for Slope
Calculation)

Spatial resolution

0.05°
0.5° (regridded to 0.05°)
0.05°
0.005°
0.05°
0.01°
30 m

2. Data Sets and Preprocessing
In this analysis, nine different variables are considered to identify their inﬂuence on the bushﬁres. These variables are 5‐day lag surface soil moisture (SSM) (10 cm), average daily wind speed at 10 m height (WS10) (calculation in section 2.1), average daily relative humidity (RH) (%), 6‐month Standardized Precipitation
Evapotranspiration Index (SPEI), heatwave (HW) (derived from daily maximum temperature; section 2.2),
daily dead fuel moisture (%) (derived from vapor pressure deﬁcit; section 2.3 for details), live fuel moisture
(%) (calculated from Moderate Resolution Imaging Spectroradiometer (MODIS); details in section 2.4), average BFU slope (derived from 30 m digital elevation model), and land use land cover (LULC). Gridded information (at different spatial scales, ranging from ~0.005° to 0.5°) is available for all the variables and their
details are provided in Table 1. Additionally, BFU characteristics including date, number of days with active
ﬁre, and area burnt are obtained from NSW Rural Fire Service (NSW RFS) in the format of shapeﬁle
polygons, called BFUs here (Figure 1). The BFUs are grouped into ﬁve zones north (NO), northeast (NE), central (CE), southeast (SE), and southwest (SW) as shown in Figure 1, for the convenience of representing the
results.
Since the bushﬁre incidents occurred on different dates at the BFUs, daily WS10, RH, and vapor pressure
deﬁcit (used to calculate dead fuel moisture) are retrieved only for the days of bushﬁre for each BFU.
Also, following the suggestion of Ambadan et al. (2020), SSM data is collected for 5 days prior to bushﬁre
incidents at each BFU. Live fuel moisture is calculated based on the available date of MODIS data set
(MOD09A1) prior to the starting date of the bushﬁre at each BFU. For spatial consistency, these gridded data
sets are ﬁrst regridded to 0.05° using a bilinear approach, followed by spatially averaging at BFU scale to conduct further analysis. The time variant variables, that is, WS10, RH, and vapor pressure deﬁcit are temporally
averaged from daily to number of days with active bushﬁre at each BFU to represent the average values over
the bushﬁre period. Similarly, SPEI is processed at seasonal scale where each pixel depicts seasonal average
of 6‐month SPEI value for the months of September to December. These values are ultimately spatially averaged at BFU scale. The 6‐month SPEI is considered following the ﬁndings of Nolan et al. (2020), where
long‐term drought indices are emphasized for the Australian context due to its high prevalence.
2.1. Calculation of WS10
Since the wind speed information is available in its zonal and meridonal components (U and V, respectively), the daily absolute wind speed value is calculated by using Equation 1.
WS10 ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðU2 þ V2 Þ

(1)

where WS10 is the absolute wind speed at 10 m height (ms−1) and U and V are the zonal and meridonal
velocity of wind in ms−1. The daily WS10 is calculated for each pixel and is spatially averaged for each
DEB ET AL.
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Figure 1. New South Wales state in Australia highlighting the Bush Fire Units (BFUs) used in this study. Note that the
red rectangles represent the regions which are used in the study for the convenience of discussion of results;
northern, northeastern, central, southeastern and southwestern BFUs are represented by NO, NE, CE, SE, and SW,
respectively. Data source: NSW Rural Fire Service.

BFU for the days of bushﬁre incidents at each BFU. This means in the analysis, even for adjacent BFUs,
they have different days of wind speed values only for the days when there is a bushﬁre incident. These
wind speed values are temporally averaged for the duration of bushﬁres to represent the average wind
speed for the bushﬁre period at each BFU.
2.2. Calculation of HW
In this study, a HW is deﬁned as an event with a period of at least 3 consecutive days with maximum daily
temperature exceeding the 95th percentile of the maximum temperature for the historical period
(1951–2005). The HW is calculated at each pixel for the bushﬁre season (i.e., September to December 2019)
and if HW events are identiﬁed (even if it is only one incidence), each pixel is assigned “1,” otherwise “0.”
This approach is robust and is widely used at global scale studies for calculating heat waves (Dosio, 2017;
Russo et al., 2014).
DEB ET AL.
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2.3. Calculation of Dead Fuel Moisture
In this study, dead fuel moisture is calculated considering the suspended fuel in the 10 h fuel class
(6.35–25 mm diameter). The semimechanistic model developed for Australia by de Dios et al. (2015) is
employed in this study. The dead fuel moisture model is based on an exponential relationship among the
dead fuel moisture and vapor pressure deﬁcit. The model is given in Equation 2.
Dead FM ð%Þ ¼ 6:79 þ 27:43eð−1:05DÞ

(2)

where Dead FM is dead fuel moisture in percentage and D is vapor pressure deﬁcit in kPa. Temporal and
spatial averaging of dead fuel moisture for active bushﬁre days and at BFU scale respectively is done following the procedure of WS10 explained in section 2.1. This model was also employed in other studies in
Australia continent such as Nolan et al. (2016a, 2016b).
2.4. Calculation of Live Fuel Moisture
The live fuel moisture is basically the ratio of mass of water within the fuel to oven‐dry weight of fuel. It is
calculated from the MODIS Terra satellite product MOD09A1, following the approach of Caccamo
et al. (2012). In order to calculate the live fuel moisture, ﬁrst the visible atmospherically resistant index
(VARI) is calculated from the 8‐day composite data set using the approach of Gitelson et al. (2002) and is
given in Equation 3.
VARI ¼

band 4 − band 1
band 4 þ band 1 − band 3

(3)

As mentioned earlier, only the day with available data prior to the bushﬁre incident at a BFU is considered in
this analysis. Post calculation of VARI, live fuel moisture is calculated using the Equation 4.
Live FM ð%Þ ¼ A × eB × VARI

(4)

where Live FM is live fuel moisture in percentage and A and B are constants and the above equation needs
to be calibrated. Nolan et al. (2016b) conducted an exclusive study over the southeastern Australia and
calibrated A and B parameters as 52.51 and 1.36, respectively, which are adopted in this study. Live fuel
moisture is calculated for each pixel of 500 m (~0.005°), then it is regridded to 0.05° and ﬁnally spatially
averaged for each BFU.

3. Methods
As mentioned earlier, time variant variables, that is, WS10, RH, and dead fuel moisture are averaged both
spatially at BFU scale and temporally for only the days of bushﬁre incidents at each BFU. This led to only
one value of these variables at each BFU. Similarly, for the case of 6‐month SPEI, SSM, live fuel moisture,
and number of HW and slope have only one value for each BFU. Postcalculation of these variables, bushﬁre
duration average values of WS10, RH, 6‐month SPEI, and dead fuel moisture are compared against BFU
“areas” (in ha) using the two‐sample Kolmogorov‐Smirnov (KS) test of cumulative distributions. In other
words, for WS10, if x1, x2, x3, … xn represent spatial and bushﬁre duration average WS10 values (in ms−1)
for BFU1, BFU2, BFU3, … BFUn, respectively, they are compared against y1, y2, y3, … yn representing BFU
areas in ha. Similarly, SSM, live fuel moisture, slope, and number of HW events within each BFU are compared against BFU area using the two‐sample KS test. In order to determine which particular land use type is
more associated with bushﬁres, Kendall rank correlation coefﬁcient (τ) is calculated for each land use class
among the number of pixels within each BFU and the BFU area. The tests are done at a signiﬁcance level of
0.05 with the null hypothesis in the KS test as: samples derived from the two data sets follow the same distribution. The BFUs with area smaller than the pixel size are ignored in the analysis. In this study, both the
two‐sample KS test and the Kendall rank correlation coefﬁcient are used since they are nonparametric and
are insensitive to nonnormal distributions.
Since spatial studies are susceptible to spatial correlation among variables, any statistical tests conducted (for
example two‐sample KS test here) on the variables may lead to erroneous outcomes. The conventional
approach to avoid this is by conducting joint signiﬁcance of multiple statistical tests (either “ﬁeld” or
DEB ET AL.
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Table 2
Two‐Sample KS Test Result for the Variables Compared Against BFUs
(Bold p Values Indicate Statistically Signiﬁcant Values)
Variables

Two‐sample KS test p value

SSM
WS10
RH
SPEI
HW
Dead Fuel Moisture
Live Fuel Moisture
Average BFU Slope

0.068
0.125
0.116
0.068
0.097
0.113
0.072
0.011

10.1029/2020EF001671

“global” signiﬁcance tests). In this approach, the number of “local” tests
resulting in the nominally signiﬁcant results are counted, following which
the judgment is done based on the context of the counts of the distributions if all the local null hypotheses are true. The major challenge with
this approach is that the test results are sensitive to the nature of the test
statistic. Also, this approach ignores the conﬁdence level at which the
locally signiﬁcant test statistics reject the null hypothesis (Ivanov
et al., 2018). To overcome this, “false discovery rate” (FDR) approach is
more suitable where identiﬁcation of locally signiﬁcant tests is done by
controlling FDR. Basically, it is done by calculating the proportion of
rejected local null hypothesis to total predictions. More details on FDR
approach can be found in Wilks (2006). In this study, FDR approach is
employed for the KS test for the overall decision of rejection or nonrejection of the null hypothesis. All of these analyses are done by using the base
package and “fdrtool” package in R programming.

4. Results
Here the results are presented based on the identiﬁed relationships among BFUs and each of the nine considered variables (Table 2). As seen in Figure 2a, the spatial variability of 5‐day lag SSM is observed to range
between 0.3% and 17% (volumetric basis) in the BFUs. Importantly, the NO and NE region BFUs retained
higher soil moisture within the range of 4.5% to 17% 5 days prior to the bushﬁre incidents. In contrary,
the SSM for the CE, SE, and SW region BFUs ranges from 0.3% to 8.5%. This low soil moisture (in the CE,
SE, and SW BFUs) could have translated into lower dead fuel moisture, potentially leading to higher vulnerability of the litter and shrublands to bushﬁre in the corresponding regions (Qi et al., 2012). This is further
validated by the two‐sample KS test, where the null hypothesis is not rejected (Table 2) indicating that SSM
contributes to bushﬁres in the overall NSW State.
Wind is one of the most critical variables governing the bushﬁre spread. Similar to SSM, average WS10 is also
observed to be highly variable across the BFUs (Figure 2b). A lower magnitude of WS10 within the range of
3.1–8.3 ms−1 is observed for the SE region BFUs. On the other hand, the CE, NE, and NO region BFUs
experienced a much higher WS10 (most BFUs experienced 15.5–28.0 ms−1) for the duration of bushﬁre incidents at the BFUs. The BFUs in the SW region experienced WS10 in the range of 8.3–21.7 ms−1. A more
detailed analysis depicts that across the entire study area, approximately 90% of the BFUs experienced
WS10 > 8.3 ms−1. Furthermore, the two‐sample KS test result indicates that the null hypothesis is not
rejected (p value ≥ 0.05 as in Table 2), indicating both BFU area and WS10 follow the same distribution.
The average RH in the BFUs ranged from 18% to 67% for the bushﬁre duration at the BFUs (Figure 2c).
Higher RH (within the range of 54–67%) is observed in the SE region BFUs, which are adjacent to the coastal
region. Similarly, the BFUs which are adjacent to the coastal area in the NE region also experienced RH
within the range of 42–54%. The high RH values in the coastal region relative to the inland BFUs are evident
due to the oceanic water evaporation (Vicente‐Serrano et al., 2018). According to the ﬁnding of Stephenson
et al. (2015), regions have a higher probability of bushﬁre potential with RH values ≤65%, which is in the
case of most of the BFUs over the entire region. The association of RH and the bushﬁres is further validated
by the two‐sample KS test where the null hypothesis is not rejected (p value > 0.05; Table 2), meaning that
the samples derived from BFU area and RH follow the same distribution.
According to Figure 2d, seasonal average 6‐month SPEI values indicate that all BFUs experienced droughts
during the 2019–2020 bushﬁre season with magnitudes ranging from −0.70 to −2.50. The NE, CE, SE, and
SW region BFUs experienced lower intensity drought (lower magnitude of negative value), most likely due
to occasional sea breeze and erratic rainfall resulting from the pressure difference above sea and land
(Curtis, 2019; Rezza Ferdiansyah et al., 2020). The BFUs located in the NO region are associated with higher
magnitude (greater negative value) (intense) drought. This is consistent with the ﬁndings of Nolan
et al. (2020), where during October the 6‐month SPEI value was identiﬁed to be in the range of −1.1 to
−2.6 in the NO and NE regions. Overall, the two‐sample KS test also suggests the nonrejection of the null
hypothesis, as seen in Table 2, which also demonstrates that bushﬁres are controlled by the drought
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Figure 2. Spatial variability of (a) 5‐day lag SSM (volumetric %), (b) average WS10 (ms ), (c) average RH (%), and
(d) average 6‐month SPEI for the bushﬁre duration considered in this study at the BFUs. Note that the bushﬁre
duration refers to the days of bushﬁre continuation at each BFU; the attribute classiﬁcation of each variable is done based
on quantiles, which is displayed in the legend.

conditions in the BFUs. This is true given that droughts ensure fuel ﬂammability as fuel moisture is depleted
not only by the prolonged absence of rainfall but also by moisture outﬂux from tree litter/trees into the
atmosphere (resulting from higher transpiration demand; Luo et al., 2016). Recent studies have also
concluded that occasional torrential rainfall in conjunction with high winds promote fuel accumulation
during droughts, as the herbaceous tree layers are more prone to peeling (Dimitrakopoulos et al., 2011;
Russo et al., 2017). This not only elevates the risk of ﬁre ignition but also easy ﬁre propagation.
Nonetheless, droughts intensiﬁed the bushﬁres in the BFUs considered in this study.
The analysis on HWs indicates that over 93% of the BFUs experience HWs in the season considered (i.e.,
September–December), except a few in the coastal region (for all months in Figure 3). The two‐sample KS test
result also suggests nonrejection of the null hypothesis, demonstrating both BFUs and number of HWs follow
the same distribution (Table 2). This is possibly due to the favorable conditions for ﬁre ignition created by the
DEB ET AL.
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Figure 3. Spatial variability of the frequency of HW during September–December 2019 in the BFUs. Note: HWF denotes
the HW frequency.

protracted higher temperatures, which is ampliﬁed by the lower RH and fuel moisture (discussed later) in the
inland BFUs (where HWs are common in November). Median dry fuel moisture content below the threshold
(14.6%) during October/November is also identiﬁed by Nolan et al. (2020) in the NE NSW region.
In addition to the two‐sample KS test, an additional analysis to identify the frequency of the HWs in the
BFUs is also done for the months of September–December. The results indicate that the SE and SW region
BFUs experience profound HWs, which initiates from the spring season (October/November) and progresses through summer (December) (Figure 3). Noticeably during December in the SW BFUs, the number
of HWs is over 10 (illustrating entire month experienced HWs). This is contrasting to the fact that the southern region is cooler compared to the northern region given the distance from the equator. However, the possible explanation for this abnormality is due to the hot wind mass traveling from the western desert toward
DEB ET AL.
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Figure 4. Spatial variability of (a) dead and (b) live fuel moisture at the BFUs. Region wise variation in the (c) dead and
(d) live fuel moisture at the BFUs. (b) The fuel moisture which is temporally averaged only for the days of the
bushﬁres at each BFU and (a) the dead fuel moisture retrieved from MODIS for the available day prior to the bushﬁre
incidents at the BFUs; both live and dead fuel moisture are spatially averaged to represent the BFU scale fuel
moisture values; the blue dashed line in panels (c) and (d) represents the critical threshold below which there is high
likelihood of bushﬁre occurrence which is adopted from Nolan et al. (2016b).

the sea in the east (Shen et al., 2020). Additionally, in December, the NE region BFUs experienced short
interval HWs. These early onsets of HW in the SE and SW region BFUs are in contrast to the ﬁndings
from previous bushﬁre studies in southeast Australia where HWs reported to be pronounced only during
December/January months (Cowan et al., 2014; Zhang et al., 2017). These ﬁndings exemplify the initiation
of shifting in the HW seasonality which was predicted by Herold et al. (2018) under future climate. This will
not only have implications on human health, agriculture, etc. but also exaggerating bushﬁres in the region.
The analysis of ﬁne (10 h fuel) dead fuel moisture content suggests that NO and NE region BFUs contained
dead fuel moisture in the range of 14.6–23.0% (Figure 4a). Although a few of the BFUs in the NE region also
averaged dead fuel moisture between 10% and 14.6%, these BFU counts are minimal. BFUs in the CE region
consisted of dead fuel moisture within the range of 5.3–14.6%. Similarly, for the SE and SW region BFUs, fuel
moisture ranged from 5.3% to 10.0%. Figure 4c shows that the median dead fuel moisture content for the NO
DEB ET AL.
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Figure 5. The LULC of the BFUs used in the analysis. Note: A majority of the BFUs comprise of different types of native
forest which showed signiﬁcant correlation among number of pixels within each BFU and BFU area.

and NE region BFUs is around 18.6% and 19.0%, respectively. Similarly, the median dead fuel moisture
content for the SE and SW regions is around 7%. However, for the CE region, a slightly higher median
dead fuel moisture content (~10%) is observed. While Nolan et al. (2016b), analyzed 2006/2007 and 2010/
2011 bushﬁre seasons and identiﬁed a threshold of dead fuel moisture content (14.6%) in NSW state, below
which there is a high likelihood of ﬁre ignition, our results indicate that over 37% of the BFUs (mainly in
the SE, SW, and CE regions) consisted of dead fuel moisture content below this threshold. This low dead
fuel moisture, in conjunction with frequent and intense HW, may have caused majority of the bushﬁre
incidents in the region. Furthermore, results of two‐sample KS test also indicates the nonrejection of the
null hypothesis that samples derived from the BFU area and dead fuel moisture content follow the same
distribution.
The results of live fuel moisture are in contrast to the dead fuel moisture as lower magnitudes are observed for
the NO and NE regions. The live fuel moisture in these BFUs ranges from 55.5% to 101.5%, whereas, 87.7% to
119.6% in the CE, SE, and SW region BFUs. Few of the BFUs are also noted to have live fuel moisture within
the range of 72.8% to 87.7% in the CE, SE, and SW regions; however, the counts of these BFUs are very low.
Nolan et al. (2016b) identiﬁed a live fuel moisture content threshold of 101.5% across the NSW state below
which under favorable conditions, bushﬁres are highly probable. Across the entire study area, over 72%
BFUs consisted of live fuel moisture below this threshold prior to the bushﬁre incidents. As mentioned,
majority of these BFUs are located in the NE and NO region. Figure 4d also illustrates that the median live
fuel moisture of the CE, SE and SW are over the threshold, whereas, for NO and NE regions the median values
are approximately 84% and 76%, respectively. Furthermore, according to the results of two‐sample KS test, the
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Table 3
Kendall Rank Correlation Coefﬁcient (τ) Among Number of Pixels in Each
BFU and BFU Areas for Each Land Use Class
Kendall τ

LULC
Cropping
Farm Infrastructure
Grazing
River
Artiﬁcial Pastures
Native forest (Callitris columellaris)
Wetlands
Native Forest (Eucalyptus grandis)
Horticulture
Transportations
Managed Resource Protection
Services
Pine trees
Perennial Horticulture
Native Forest (Eucalyptus camaldulensis)
Lakes
Irrigated Pastures
Mining
a

Signiﬁcant at 0.05.

0.05
0.03
a
0.36
−0.08
0.12
a
0.46
0.03
b
0.73
0.09
0.01
0.06
0.08
0.22
0.11
a
0.44
−0.03
0.02
0.05

b

Signiﬁcant at 0.01.

10.1029/2020EF001671

null hypothesis of samples derived from the BFU area and dead fuel moisture follow same distribution is not rejected. Therefore, the dead fuel moisture is also identiﬁed to be a contributor to the bushﬁre spread.
The LULC map (Figure 5) indicates that a majority of the BFUs is comprised of forest land. The Kendall rank correlation coefﬁcient (τ) calculated in this study (among the number of pixels in each BFU and BFU
area) for each land use class (i.e., 18 classes in total) demonstrates that
native forest lands are more susceptible to bushﬁre (Table 3). This is
because these forest lands are generally dense with 50–80% crown cover
(Specht, 1970) with typical tree heights ranging from 20 to 50 m. These tall
and dense forests facilitate in faster‐curing process for shrubs/grass by
penetrating the radiant heat (Zhang et al., 2017) which is further accompanied by HW (discussed above). Another possible reason for the susceptibility of the native forests is due to the high concentration of extremely
volatile and ﬂammable oils (Barton et al., 1989) which vaporize rapidly
under prolonged HW and ignites. Grazing land is also identiﬁed to be
positively correlated to the BFUs. This can be explained by (1) the accumulation of ephemeral fuel due to human/animal interventions and (2)
the radiated heat from the adjacent BFUs (as in Figure 5 where the
BFUs with grazing are adjacent to native forest land) in conjunction with
low RH is sufﬁcient enough for fuel ignition. These ﬁndings are in line
with those of Li et al. (2017) and Zhang et al. (2017) where grazing lands
(semiarid regions of China) and native forests in NSW and Victoria States
in Australia respectively are found more sensitive to bushﬁre.
Additionally, Adams et al. (2020) also pointed that the recent bushﬁres
were dominant in State Forest and National Parks which accounts for a
majority in native forests.
Generally, slope plays a signiﬁcant role in bushﬁre propagation (Boboulos
& Purvis, 2009), yet the two‐sample KS test reveals there is no statistically
signiﬁcant relationship between BFUs and their average slopes (Table 2).
One possible reason for this conﬂicting result is due to the ﬂat topography
of the BFUs where a majority of the pixels (in this analysis) are in the
range of 0–10.1% (Figure 6). Only a few of the pixels reﬂected values over
10.1% (pixels only covering in the Snowy and Blue Mountains which are
above 1,000 m above sea level (a.s.l.) and are located around the CE
region). It is to be noted that on a sloped terrain with wind favoring
upslope direction, streamwise ﬁre‐induced negative pressure gradient is
introduced. This leads to a higher magnitude of wind enhancement and
consequently accelerating the bushﬁre front (Eftekharian et al., 2019).
Another study has identiﬁed that the rate of ﬁre propagation can increase
up to 40 times with 30° (~57.7%) slope accompanied by the wind speed of 4
ms−1 relative to a ﬂat topography (0% slope) and absence of wind
(Boboulos & Purvis, 2009). Although these conclusions indicate the
importance of slope, yet these are irrelevant in this study due to the
absence of steep slopes in the BFUs.

5. Discussion and Conclusion
Figure 6. Slope (%) at the BFUs used in the analysis. Each pixel here in the
ﬁgure depicts the range of slope; however, for the two‐sample KS test,
slope is averaged for each BFU and compared against the BFU area. Note:
The attribute classiﬁcation of the slope is done based on quantiles
displayed in the legend.
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There is no denying that the 2019–2020 bushﬁre season in NSW,
Australia, is one of the most catastrophic events which the State has ever
experienced. This study uses empirical approaches to identifying variables
that intensiﬁed the bushﬁre season. Previous studies on past bushﬁres
have evaluated independent relationships among Australian bushﬁres
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and climatic variables such as Lewis et al. (2020), Clarke et al. (2020), and Clarke and Evans (2019) and fuel
moisture (Nolan et al., 2016a; de Dios et al., 2015). This study, on the other hand, evaluated all possible
causes/factors contributing to the catastrophic bushﬁres accounting for climatic and geomorphic characteristics, which is also a novelty of this study. Additionally, apart from this study until now, there is no other
study in literature that has investigated the detailed causes of the widespread 2019–2020 Australian bushﬁre.
While maximum temperature, fuel moisture, drought, and WS10 are usually the focus of research into
causes of bushﬁres (Blanchi et al., 2014; Nolan et al., 2020; Sharples, McRae, et al., 2010), this study identiﬁed RH, HW, and SSM also as the key contributors to bushﬁre risk. Furthermore, certain land cover types
such as native forests and grazing are more prone to bushﬁres. This latter ﬁnding is in line with that of
Boer et al. (2020), who also identiﬁed 21% of the Australian temperate broadleaf and mixed forest biome
(which typically accounts for the native eucalyptus trees) are burnt in the 2019–2020 bushﬁre season.
Persistent drought and extreme high temperatures leading to HW are noticeable during September–
December 2019. Even though interview‐based studies from the past bushﬁre incidents have indicated that
severe bushﬁres are due to prolonged drought in conjunction with high maximum temperatures and strong
winds (Oloruntoba, 2013), the statistical tests conducted in this study also conﬁrm it is true for the 2019–2020
bushﬁre season.
The ﬁndings of this study also suggest that several variables during and prior to the bushﬁre events are
above/below the threshold at which bushﬁres are more likely to occur and spread. For instance, for the bushﬁre duration at the BFUs, WS10 is found to be above the threshold of 8.3 ms−1 (at which bushﬁres spread
exponentially) as identiﬁed by Cruz and Alexander (2019). The high WS10 is noticed for over 78% of the
BFUs over the entire study area. Similarly, as mentioned earlier, RH is noted to be below or close to the
threshold of 65% for all BFUs at which there is a high likelihood of bushﬁre occurrence. Warmer temperatures and frequent HW throughout the BFUs in conjunction with low RH make the fuels more receptive to
ignition (Sharples et al., 2016). Although in Australian context, currently, there is no study on the threshold
of SSM at which the bushﬁre ignites or aid in spreading; however, according to this study, SSM is a critical
component and needs attention. This is because SSM can have a contrasting effect in forested lands, high
SSM facilitates increased fuel accumulation, whereas lower SSM can result in reduced fuel availability by
limiting water in plants.
The analysis of fuel moisture indicates BFUs with high dead fuel moisture (over threshold) comprised of low
live fuel moisture (below threshold) and vice versa. This is evident from the BFUs of NO and NE regions
(dead fuel moisture over threshold); however, these BFUs have lower live fuel moisture (below threshold)
and contrary in the case of CE, SE, and SW region BFUs. Although majority of the BFUs experienced dead
fuel moisture lower than the threshold in this study, several prior studies have reported widespread bushﬁres
with dead fuel moisture even as high as 30.8% (Nolan et al., 2016a; Nolan et al., 2016b). Remarkably, severe
bushﬁres are also reported for dead fuel moisture below the threshold of 12.4–15.1% in boreal and subalpine
forests of North America (Nash & Johnson, 1996). The threshold of 14.6% employed in this study corresponds
to a vapor pressure deﬁcit of ~1.2 kPa, which is also consistent with the ﬁndings of Williams et al. (2015)
who illustrated in USA burnt forest area increased rapidly with vapor pressure deﬁcit within 1.2–1.4 kPa.
This implies the threshold is not only limited to eucalypt forests but also a variety for forests worldwide.
In the case of live fuel moisture, several large BFUs (>1,000 ha) are noted to have higher fuel moisture than
the threshold value of 101.5%, particularly in the CE, SE, and SW regions. This ﬁnding is in contrast to that of
a previous ﬁnding of Nolan et al. (2016b), where only small BFUs (≤15 ha) are noted to have live fuel moisture value of higher than the threshold in case of 2006/2007 and 2010/2011 bushﬁre seasons. This conﬂicting
result is likely due to the combined effect of frequent HW, low RH, and high WS10 in the large BFUs in
2019–2020 bushﬁre season, whereas the primary cause of the bushﬁres in the seasons (2006–2007 and
2010–2011) was due to lightning at localized and isolated BFUs (Dowdy & Mills, 2012). Moreover, a majority
of the land cover in the recent bushﬁre season comprises native forests (eucalypt species) which inherit high
ﬂammability in contrast to the grazing land and shrublands in the previous ﬁre seasons. Additionally, the
bushﬁre risks in BFUs with high live fuel moisture is also aggravated by the critically low dead fuel moisture
and SSM (as found in this study).
It is important to note that the ﬁne dead fuel moisture is governed by ambient atmospheric conditions.
Therefore, the transformation from wet to dry state for dead fuel moisture can be spontaneous. Live fuels,
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on the other hand, need longer to transform as it is modulated by soil moisture. Due to the temporal variation in the wetting and drying cycles, dead fuels are generally available throughout the BFU seasons. Hence,
dead fuel moisture condition is the ﬁrst necessary precondition which triggers the bushﬁres followed by the
live fuel moisture. Also, live fuel moisture is somehow dependent on dead fuel moisture. This is because even
though dead fuel moisture may be below the critical threshold leading to ignition, the ﬁre may not sustain if
the live fuel moisture is above the threshold (Nolan et al., 2016a). Studies on these interdependencies among
fuel moisture are critical and are worth to investigate in the future.
Modeling bushﬁres can aid in appropriate planning and management and are in practice since the 1950s.
With the advancement of computational ability of modern computers, bushﬁre models have become complicated and account for several variables including the interactions among climate, vegetation, terrain,
and land use (Boer et al., 2019; Clarke et al., 2019; Penman et al., 2013). Similarly, machine learning
approaches are also widely accepted in bushﬁre applications such as Clarke et al. (2020) and Dutta
et al. (2016). While employing such complex models over a large geographical domain is cumbersome, a simplistic model such as McArthur's FFDI index is generally more effective and hence operational in Australian
context. One major issue with the FFDI index is that it accounts for the Drought Factor while employing
simple water balance models such as Keetch‐Byram Drought Index or Mount's Soil Dryness Index. Kumar
and Dharssi (2017) discussed that both of these models are essentially poor in estimating shallow and root
zone soil moisture when compared against in situ soil moisture measurements. Similarly, a different study
by Holgate et al. (2017) introduced alternative soil moisture data (called antecedent precipitation index)
instead of the integrated drought indices in the FFDI and the results indicated reduced low to moderate
FDR and increased high FDR relative to the integrated FFDI approach. This study also reveals that the
SSM is a critical information which is not well represented by the submodels in the FFDI, and therefore,
it may lead to unrealistic results. Although FFDI is a versatile index and has been widely used for
Australian conditions, yet some changes in it would make it more effective.
Slope is considered as a major contributor to bushﬁre since bushﬁre spread is exponentially related to the
slope and is expressed as in Equation 5 (Noble et al., 1980).
Rθ ¼ R × e0:069θ

(5)

where Rθ is rate of ﬁre spread (km h−1) at a given slope, θ is slope in degree, and R is rate of ﬁre spread for
ﬂat ground (km h−1). This implies for a ﬁre spread rate of 5 km h−1 on a ﬂat ground, with 10° (~17.6%)
slope, the upslope ﬁre spread rate elevates to 13.6 km h−1. Additionally, slope may also modulate the wind
directions at a given location, such as foehn‐like occurrences with dry and warm winds on the lee side of
mountains and hills which is common in the eastern region of Australia (Sharples, Mills, et al., 2010).
While this may be a probable cause of the frequent HW in the BFUs, yet statistically no direct
inﬂuence of slopes on the bushﬁre spread is observed at the BFUs.
A critical ﬁnding of this study is that native forests and grazing lands are at high bushﬁre risk, and hence,
land use speciﬁc bushﬁre models or ﬁre danger index is crucial. Although there are several land use speciﬁc
ﬁre spread rate models available which were developed for Australian biomes, the outputs of these models
only illustrate the bushﬁre rate and do not explore the likelihood or probability of occurrence of a bushﬁre
(Cruz et al., 2015a, 2015b). Furthermore, Australian bushﬁre research has come a long way in the development of bushﬁre models and a state‐of‐the‐art model is Spark (Hilton et al., 2015). This model integrates climatic (such as temperature and wind) and geographical information (such as elevation and land use) to
simulate the probable bushﬁre spread which implies it lacks in estimating a likelihood of ﬁre ignition at a
particular location and more speciﬁcally if any particular land use type is more vulnerable. This model is
of course vital in devising management plans such as evacuation; however, it cannot answer some critical
questions including (1) on which day (of a given season) a bushﬁre can ignite and spread and (2) what is
the probability that a location will experience bushﬁre? In order to answer these questions, a better understanding of the physical processes controlling bushﬁre ignition is crucial. This study brings the science
one‐step closer to exploring answers to such questions.
It should be noted that the aim of this research is not to develop a new generalized index, rather to identify
the variables which were overlooked in past studies (SSM, certain LULC, HW, live, and dead fuel moisture)
and have contributed to the early onset of the 2019–2020 widespread bushﬁre season in NSW, Australia.
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Given that the occurrence of droughts is uncertain (i.e., how/when/where drought frequency, duration, and
intensity could change) (Kiem et al., 2016) and HW are projected to intensify (Perkins‐Kirkpatrick
et al., 2016) under climate change, developing a versatile index or improving the existing index can help with
an accurate assessment of ﬁre danger. Furthermore, future research should also seek to identify the tipping
point of the fuel accumulation at which the aggregated fuel is more likely to ignite. This should include both
ﬁeld‐scale studies along with the development of statistical/physical models. Moreover, ﬁre severity is also
an important aspect which this study did not account for and has a scope for future research. Considering
existing bushﬁre research, this is relatively unexplored and imperative. Integrating all of this information
in a single ﬁre index will assist in (1) identifying periods of elevated bushﬁre risk and (2) developing appropriate bushﬁre planning and management.
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