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Abstract 
Context Quantifying spatial and temporal variations 
in landscape flammability is important for imple-
menting ecologically desirable prescribed burns and 
gauging the level of fire risk across a landscape. Yet 
there is a paucity of models that provide adequate 
spatial detail about landscape flammability for these 
purposes.
Objectives Our aim was to quantify spatial and tem-
poral variations in ignitability across a forested land-
scape. We asked: (1) How do fuel moisture and mete-
orological variables interact to affect ignitability? (2) 
Do fuel moisture thresholds for ignition vary across 
a gradient of forest types? (3) How does the spatial 
connectivity of ignitable fuel vary over time? (4) 
How could an ignitability model be used to inform 
fire management decision-making?
Methods We conducted field-based ignition tests 
with flaming firebrands over three fire seasons. Igni-
tions were attempted across a range of moisture and 
meteorological conditions at 15 sites in eucalypt for-
est in south-eastern Australia. Structural equation 
modelling and generalized linear models were used 
to quantify relationships between ignitability, aridity, 
fuel moisture and weather.

Results The strongest predictors of ignitability were 
the moisture content of dead near surface fine fuel 
and in-forest vapour pressure deficit. Ignition thresh-
olds for both varied across an aridity gradient. Dense 
forests (i.e., wet and damp eucalypt forests) needed 
drier fuel and drier in-forest atmospheric conditions 
to ignite than sparser forests (i.e., shrubby foothill 
forest).
Conclusion Our modelling of ignitability could 
inform fire planning in south-eastern Australia and 
the methodology could be applied elsewhere to 
develop similar models for other regions. Days with 
consistently high ignitability across the landscape are 
more conducive to the development of large wildfires 
whereas days when ignitability is spatially variable 
are more suitable for prescribed burning.

Keywords Firebrand · Flammability · Fuel · 
Microclimate · Moisture · Vapour pressure deficit · 
Wildfire

Introduction

Flammability – the ability of vegetation to burn 
– often varies spatially across landscapes, reflecting 
differences in topography, vegetation, and moisture 
(Ryan 2002; Keane et al. 2008; Burton et al. 2023a). 
This produces mixed severity fires containing unburnt 
patches within a broader fire footprint ( Hessburg 
et al. 2005; Penman et al. 2007; Collins et al. 2007; 
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Bradstock et  al. 2010; Oliveira et  al. 2015). Fire 
patchiness is desirable ecologically and thus is a com-
mon objective for prescribed burning (Penman et al. 
2011). Unburnt patches provide refugia for fire-sen-
sitive flora and fauna, enabling fire-sensitive species 
to persist in fire-prone landscapes (Sitters et al. 2015; 
Bain et  al. 2016; Burrows and Middleton 2016). 
Flammability also varies temporally in response to 
weather. During periods of drying the spatial connec-
tivity of flammable fuel is high, allowing wildfires to 
burn intensely across whole landscapes (Cruz et  al. 
2012; Collins et al. 2019). These fires pose the great-
est risk to human life, property and the environment, 
are difficult to suppress and contain few refugia for 
fire-sensitive species (Filkov et  al. 2020b; Collins 
et al. 2021).

Understanding temporal variations in the spatial 
connectivity of flammable fuel is important for gaug-
ing fire risk across the landscape and implementing 
ecologically desirable prescribed burns. Quantifying 
when a forest will ignite (its ‘ignitability’) is the first 
step towards predicting its flammability (Pausas et al. 
2017). At laboratory scales ignitability is typically a 
measure of the time required for vegetation to begin 
an exothermic reaction after exposure to a heat source 
whereas at field-scales the probability of ignition is a 
more common measure. A fire front is likely to burn 
rapidly through vegetation that ignites easily while 
vegetation that is less ignitable may slow the spread 
of a fire (Gill and Zylstra 2005). The risk of a large 
wildfire peaks when ignitability is consistently high 
across a landscape (Gill and Allan 2008; Caccamo 
et  al. 2012). In contrast, when ignitability is more 
spatially variable, discontinuities between flamma-
ble fuel can inhibit the spread of fire (Bradstock et al. 
2010). Accurate quantification of these temporal and 
spatial fluctuations in ignitability enables windows 
for prescribed burning to be more easily identified 
(Slijepcevic et al. 2015; Duff et al. 2018a) and igni-
tion strategies to be designed to achieve desired burn 
outcomes (McCaw and Burrows 2020).

Dead fine fuel moisture content (FFMC) is the 
strongest determinant of ignitability in dense for-
ests where there is ample fuel to sustain the igni-
tion (Bradstock 2010; Cawson and Duff 2019). It 
influences the amount of heat required to dry fuel 
and raise it to ignition temperature (Keane 2015; 
Sullivan 2017), with low moistures resulting in 
faster ignition. Moisture dynamics vary between 

fuel elements (Slijepcevic et al. 2013). Dead leaves, 
fine twigs and bark suspended in standing vegeta-
tion close to  the ground (i.e., in the near surface 
fuel stratum (Hines et  al. 2010) are most exposed 
to atmospheric conditions, causing their FFMC to 
respond rapidly to changes in atmospheric moisture. 
Vapour pressure deficit (VPD) is one such meteoro-
logical variable strongly associated with dead near 
surface FFMC (Resco de Dios et  al. 2015). The 
FFMC of surface fine fuel at the top of the litter bed 
is also highly responsive to atmospheric conditions 
but may also be influenced by soil moisture (Mat-
thews 2014). Soil moisture is most important to the 
FFMC of subsurface (aka profile) litter in contact 
with the soil, particularly when the litter bed is deep 
and the soil moisture is high (Zhao et  al. 2021). 
Despite wide recognition of the importance of dead 
FFMC to fire activity (Sullivan 2017), it is still 
unclear which fuel elements (e.g., surface versus 
subsurface litter) best predict different components 
of fire behaviour (e.g., ignitability).

Dead FFMC, hence ignitability, varies at fine 
spatial scales (e.g., metres) within forested land-
scapes. This variability is caused by spatial vari-
ations in canopy density, hillslope shading and 
elevation (Cawson et al. 2017; Nyman et al. 2018). 
Gridded meteorological products used to infer fuel 
moisture typically operate at relatively coarse spa-
tial resolutions (1 to 5  km). These coarse resolu-
tion products are useful for gauging wildfire risk 
across the broader landscape (Nolan et  al. 2016a; 
Sungmin et  al. 2020; Clarke et  al. 2022), but not 
for providing the subpixel information needed for 
evaluating fire risk at local scales and implementing 
prescribed burns.  Burton et  al. (2023a) predicted 
subpixel variability in litter bed ignitability using a 
fine-scale aridity index that integrates the effect of 
both broad-scale climate and finer-scale topography 
on forest productivity and structure (Nyman et  al. 
2014). However, their ignitability model was only 
developed for eucalypt forests with little near sur-
face vegetation (i.e., herbs, grass and low shrubs) 
(Burton et  al. 2023a). Near surface vegetation is 
known to influence fire ignition and spread in for-
est types where it occurs abundantly (Cheney et al. 
2012; Burton et  al. 2023b), therefore ignitability 
should be tested in fuel beds with intact near sur-
face vegetation for these forest types (i.e., in  situ 
ignition testing is required).
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Our aim was to quantify spatial and temporal 
variations in ignitability across a landscape in south-
eastern Australia encompassing a spectrum of native 
eucalypt forest types. Specifically, we asked:

• How do fuel moisture and meteorological vari-
ables interact to affect forest ignitability?

• Do fuel moisture thresholds for ignition vary 
across a gradient of forest types?

• How does the spatial connectivity of ignitable fuel 
vary over time?

• How could an ignitability model be used to inform 
fire management decision making?

Methods

We used field experimentation to test ignitability in 
native eucalypt forests spanning an aridity gradient in 
south-eastern Australia. A range of eucalypt forests 
dominates the mountainous landscape of the region, 
contributing to its notoriously high wildfire risk. Spot 
fires ignited from flaming firebrands are a common 
mechanism of fire spread in eucalypt forests, with 
the fibrous and ribbon bark from eucalypts providing 
an important source of firebrands (Cruz et  al. 2012; 
Filkov et  al. 2020a). Therefore, our study focused 
on quantifying the ignition potential from flaming 
firebrands.

Study sites

There were 15 study sites in Victoria, south-eastern 
Australia (Fig. 1; Table 1). Ten sites were in the Yarra 
State Forest, approximately 70 km east of Melbourne 
where the rainfall averages 1464 mm  yr−1 and maxi-
mum temperatures range from 11.8 °C in July to 
25.4 °C in January for Powelltown, the closest long-
term weather station (Bureau of Meteorology station 
number 086094; 37.87°S, 145.75°E; elevation 189 m) 
(Bureau of Meteorology 2022). The remaining five 
sites were in the Wombat State Forest, approximately 
50 km west of Melbourne where the rainfall averages 
540 mm  yr−1 and maximum temperatures range from 
13.2 °C in July to 26.6 °C in January for Melbourne 
airport, the closest long-term weather station (Bureau 
of Meteorology station number 086282; 37.67°S, 
144.83°E; elevation 113 m) (Bureau of Meteorology 
2022). Data from six sites in the Yarra State Forest 

were from an earlier published study (Cawson et  al. 
2022).

Site selection was governed by a set of criteria 
that fulfilled both the research requirements of the 
study and safety considerations associated with con-
ducting unbounded fire experiments in natural for-
est. All sites were within 20 m of a track to provide 
ease of access for fire crews. Slopes were as shallow 
as possible (mostly less than  15o) to reduce the effect 
of slope and ensure ignitions could be easily sup-
pressed. There were no steep uphill runs above the 
sites to aid fire suppression in the unlikely event of an 
ignition escaping containment. All sites were either 
within scheduled prescribed burn units or comprised 
unburnt patches within recently burnt units for logis-
tic simplicity.

All sites were comprised of mature eucalypt forest 
and had not been impacted by wildfire for at least 20 
years. They exhibited a range of vegetation structures 
with varying canopy and understorey densities. Four 
sites were classified as Wet forest (Ecological Vegeta-
tion Class (EVC) no. 30 (Department of Environment 
Land Water and Planning 2016), with a Eucalyptus 
regnans (Mountain Ash) dominated overstorey. Four 
sites were Damp forest (EVC no. 29) with an over-
storey of E. cypellocarpa (Mountain Grey Gum), E. 
regnans, and E. obliqua (Messmate Stringybark). 
Two sites were Shrubby Foothill Forest (EVC no. 45) 
in the Yarra Ranges with an overstorey of E. sieberi 
(Silvertop Ash), E. dives (Broad-leaved Peppermint), 
and E. obliqua. Five sites were Shrubby Foothill For-
est in the Wombat Forest with an overstorey of E. 
obliqua, E. radiata (Narrow-leaved Peppermint) and 
E. rubida (Candlebark). Forest structure and com-
position varied as a function of the long-term water 
balance of the site i.e., its aridity index (Nyman et al. 
2014), with the denser forests in the less arid parts 
of the landscape and the sparser forests associated 
within higher landscape aridity.

Field-based ignitability tests

We used a modified version of a method developed 
in a prior study to test in situ ignitability with flam-
ing firebrands (Cawson et al. 2022). At each site there 
were a series of adjacent plots (4  m wide x 15  m 
long) with the number of plots used varying with the 
number of suitable weather opportunities to ignite 
each site. Plot perimeters were marked with stakes 
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and flagging tape. Within each plot, there were up 
to 30 ignition points, spaced 1 m apart in a grid. The 
number of ignition points per plot depended on the 
success of prior ignitions in that plot (further details 
below).

Ignitability was tested using flaming firebrands. 
Our firebrand comprised a solid cotton cylinder, 
that was proven to be a useful surrogate for flaming 
stringybark (Burton et  al. 2023b), the largest con-
tributor of firebrands in eucalypt forests. The solid 

cotton cylinder was ignited using a butane lighter 
and once flaming it was dropped from 0.3  m onto 
the litter bed or near surface fuel (where present). An 
ignition attempt was considered successful if flames 
propagated 0.5  m from the point of ignition; other-
wise, the ignition was considered unsuccessful. After 
each successful ignition the flame was extinguished 
using hand tools. If there were three successful igni-
tions, we ceased igniting the plot and declared the 
plot ‘ignitable’. Otherwise, we continued with the 

Fig. 1  Map depicting location of study sites as a function of 
Ecological Vegetation Class and aridity index. Photos illustrate 
the vegetation structures and compositions captured within the 

sites. Photos in order are: Finger post south (Shrubby foothill 
forest), Learmonth (Shrubby Foothill Forest), Worlleys Upper 
(Wet forest) and Torbet Gilderoy (Damp Forest)
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ignitions until there had been 30 attempts. If less than 
three attempts (< 3/30) resulted in a successful igni-
tion, we declared the plot ‘not-ignitable.’

To capture a range of fuel moisture conditions 
we repeated the process on different days in adja-
cent plots within each site. Wind speeds were less 
than 20 km  h−1 in the open to reduce the risk of fire 
escape, meaning there was almost no wind beneath 
the forest canopy at the sites. Ignitions occurred dur-
ing a six-hour window from 11 am to 5 pm, when 
fuels were assumed to be driest and most ignitable. 
Ignitions occurred from November to April during 
the 2022/2023 fire season, and data were combined 
with ignitions from an earlier study (Cawson et  al. 
2022) that occurred from November to March in the 
2019/20 and 2020/21 fire seasons.

In addition to the field-based ignitions, we under-
took ignition tests in the laboratory for four sites in 
the Wombat State Forest on a dry day when there 
were insufficient fire-fighting resources to support the 
field ignition tests. To test ignitability in the labora-
tory we followed the procedure developed by Burton 
et  al. (2023b), which found laboratory experiments 
to be an adequate substitution for field experiments 
when using the field method of the current study. This 
involved collecting all dead surface leaf litter from 
the forest floor within a 125  mm radius sampling 
ring. The surface (top 1 cm of litter) and subsurface 
(remaining litter) were collected separately to pre-
serve the moisture differential between surface and 
subsurface litter. We collected 10 surface fuel sam-
ples per site. Samples were stored in airtight contain-
ers and a cooler box to ensure they retained their in-
situ moisture content and transferred to the laboratory 
within three hours of collection. In the laboratory, 
samples were carefully reconstructed and ignited 
using the cotton cylinder flaming firebrand. An igni-
tion was deemed successful if the litter ignited and 
burnt from the centre to the edge of the sample ring. 
All 10 samples ignited successfully for each site, so 
the sites were classified as ‘ignitable’ for the fuel and 
weather conditions on that day.

Moisture variables

A range of fuel moisture and microclimate variables 
were collected so they could be tested as potential 
predictors of ignitability. Fine fuel (< 6  mm thick) 
moisture content (FFMC) was determined in the field 

immediately prior to ignition for: surface dead fine 
fuel, subsurface dead fine fuel and near surface dead 
fine fuel (Table 2). Surface fine fuel constituted dead 
leaves, twigs and bark in the upper part of the litter 
bed  exposed to the atmosphere (top 1  cm) whereas 
subsurface fine fuel was the litter at the base of the 
litter bed in contact with the soil (bottom 1 cm). Near 
surface dead fine fuel constituted dead leaves, twigs 
and bark suspended within the live vegetation up to 
0.5 m above the liter bed. The dead fine fuel samples 
were collected from five separate locations within the 
plot and bulked into the same airtight tin for moisture 
analysis. All samples were weighed, oven-dried at 
105 ◦C for at least 24 h until they were completely dry 
(determined by weighing a subset of samples twice 
several hours apart to ensure there was no further 
mass loss), then reweighed to determine the mass of 
moisture in the sample as a fraction of oven dry mass.

Weather stations (Decagon Em50 or ATMOS 41) 
at each site recorded screen height (1.2  m) air tem-
perature, relative humidity, wind speed, wind direc-
tion and solar radiation at 10-minute intervals. These 
data were used to calculate the vapour pressure deficit 
(VPD) (as per the equation in Burton et  al. 2023a). 
We then obtained the maximum in-forest VPD at the 
time of ignition and daily total solar radiation.

A range of landscape moisture metrics were also 
extracted for the date of ignition. Each metric is fully 
described in Table  2. We considered rootzone soil 
moisture (Frost et al. 2018) and standardized precipi-
tation evapotranspiration index (SPEI) (Vicente-Ser-
rano et  al. 2010) as indicators of drought. Rootzone 
soil moisture reflects both individual precipitation 
events and longer-term trends because it captures 
the average moisture conditions across the upper 
(0–10  cm) and rootzone (10–100  cm) soil profile. 
SPEI was calculated for the three months preceding 
the month of ignition, so it captures drying trends 
over this seasonal timeframe. Fuel moisture (Vesta 
FFMC) was calculated from temperature and relative 
humidity using the afternoon (12 noon to 5 pm) equa-
tion from within the Vesta fire spread model, which is 
used operationally for fire spread prediction in Aus-
tralian dry eucalypt forests (Cruz et al. 2015, 2022).

Analysis

We used piecewise structural equation model-
ling (SEM) to quantify the relative contribution 
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of a range of variables to forest ignitability (i.e., 
to address research question 1) (Lefcheck 2016) 

(Fig.  2). SEMs quantify direct and indirect causal 
relationships between multiple variables in a single 

Table 2  Descriptions of the moisture and climatic variables used for modelling ignitability. Footnotes indicate which variables were 
used for each component of the analysis

A  Structural equation model (SEM)
B  Generalised Linear Model (GLM) for identifying fuel moisture thresholds for ignition
C  GLM for predicting ignitability across the landscape

Variable Description Units Spatial resolution Min, Max

Surface  FFMCAB Mass of water per unit mass of dead fine fuel (< 6 mm 
thick) within the upper 1 cm of the litter bed.

% Direct measure 9, 257

Near surface  FFMCAB Mass of water per unit mass of fine fuel (< 6 mm thick) 
for dead leaves, twigs and bark suspended in the near 
surface strata (up to a height of 0.5 m)

% Direct measure 11, 99

Subsurface  FFMCAB Mass of water per unit mass of dead fine fuel (< 6 mm 
thick) for litter at the base of the litter bed in contact 
with the soil. 

% Direct measure 15, 237

AridityABC Non-dimensional measure of the long-term balance 
between rainfall and net radiation (Nyman et al. 2014)

NA 20 m 1.03, 2.37

In-forest solar  radiationA Total amount of solar radiation measured in the forest 
over a day using the in-forest weather stations

MJ/day Direct measure 0, 9.4

Open solar  radiationC Total amount of solar radiation over a day. Data obtained 
from SILO database of Australian climate data (Jeffrey 
et al. 2001)

MJ/day 5 km 10.3–32.1

In-forest  VPDAC Deficit between the amount of moisture in the air and 
amount that can be held when saturated (Monteith and 
Unsworth 2013). Calculated from in-forest weather sta-
tion data for the time ignition.

kPa Direct measure or 30 m 0.05, 4.1

Daily upper soil  moistureA Water in the upper (0–10 cm) soil layer expressed as a 
percentage of available water content. Daily value from 
the Australian Landscape Water Balance model (Frost 
et al. 2018)

% 5 km 0.5, 14.3

Daily rootzone soil 
 moistureA

Sum of water in the upper (0–10 cm) and lower 
(10–100 cm) soil layers expressed as a percentage of 
available water content. Daily value from the Australian 
Landscape Water Balance model (Frost et al. 2018)

% 5 km 14.4, 85.3

Monthly rootzone soil 
 moistureC

Sum of water in the upper (0–10 cm) and lower 
(10–100 cm) soil layers expressed as a percentage of 
available water content. Monthly value from Australian 
Landscape Water Balance model (Frost et al. 2018)

% 5 km 16.8, 83.7

SPEIAC Standardised Precipitation Evapotranspiration Index 
measures drought from the difference in precipitation 
and potential evapotranspiration over a defined temporal 
window (Vicente-Serrano et al. 2010). Calculated for 
the three-months preceding the month of ignition, using 
data from the SILO database of Australian climate data 
(Jeffrey et al. 2001)

NA 5 km -1.2, 1.7

Vesta  FFMCc Predicted mass of water per unit mass of fine fuel 
(< 6 mm thick) for dead leaves, twigs and bark within 
the litter bed. The equation from Cruz et al. (2015): 
FFMC = 2.76 + 0.124*RH – 0.0187*Temp was calcu-
lated using daily maximum temperature and minimum 
relative humidity from the SILO database of Australian 
climate data (Jeffrey et al. 2001)

% 5 km 4.1, 10.8
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network. Our SEM tested the hypothesis that dead 
fine fuel moisture (surface, near surface and/or 
subsurface FFMC) directly affects the probability 
of ignition, while microclimatic variables (VPD, 
solar radiation), soil moisture (rootzone and upper 
soil moisture) and drought (SPEI) directly affect 
fuel moisture, and therefore indirectly affect ignit-
ability. A fine-scale (20  m) topographically vary-
ing aridity index was used as an indicator of the 
long-term effects of water availability on vegetation 
cover between and within forest types, i.e., a proxy 
for rainfall-induced differences in vegetation cover 
(Nyman et  al. 2014). A direct link between solar 
radiation and ignitability was also included as solar 
radiation has been known to influence ignitability 
by heating the fuel surface (Kreye et al. 2020). Pre-
vious studies indicate a strong link between fine-
scale aridity and forest type (Burton et al. 2023a).

Linear models (LM) were used to predict fuel 
moisture (surface, near surface and subsurface dead 
FFMC) and a generalized linear model (GLM) with 
a binomial distribution was used to predict ignitabil-
ity within the SEM. All variables were checked for 

normality and those with skewed distributions were 
transformed (using a log transformation for near sur-
face FFMC, surface FFMC and in-forest VPD and 
a square root transformation for subsurface FFMC 
and daily upper soil moisture). First, we fit the satu-
rated model with all variables and pathways included. 
Then we fit a reduced model showing only the vari-
ables that had a significant (or close to significant 
P-value < 0.10) direct or indirect effect on ignitabil-
ity. For both models we report the standardized path 
coefficient for each path, which indicates the relative 
strength of the different predictors on the response 
variable, and the p-values for each path. The  R2 is 
reported for each response variable; Nagelkerke’s  R2 
for the GLM and adjusted-R2 for the LMs. We eval-
uated the fit of the entire SEM using the Fisher’s C 
test, with small Fisher’s C and p > 0.05 indicating 
good model fit.

We fit GLMs with a binomial distribution using 
the three fuel moisture metrics (surface, near sur-
face and subsurface dead FFMC) and aridity as a 
proxy for forest productivity to test whether mois-
ture thresholds for ignition vary across a gradient of 

Fig. 2  Flow chart to illustrate the key analysis steps and how they relate to the research questions
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forest types (research question 2). First, we checked 
for multicollinearity by examining the variable infla-
tion factor (VIF) for each variable within the global 
model. VIF measures how much the standard error of 
the estimated coefficient for a variable is inflated due 
to multicollinearity, with values less than three indi-
cating minimal multicollinearity. No values exceeded 
three, so all were retained in the model. Models were 
fit with all combinations of predictor variables and 
the level of support for the models was assessed using 
Akaike’s information criterion (AICc) and Akaike 
weight, which is the probability that the model is the 
most parsimonious model in the set (Burnham and 
Anderson 2004). The highest-ranked models (within 
two AIC units of the best model) were presented in 
the results as the preferred set. Goodness of fit was 
measured by McFadden  R2 (likelihood ratio index) 
and − 2 log (Likelihood). Marginal effects plots were 
created for the simplest model (with the fewest terms) 
within the preferred set to visualize the effect of each 
predictor variable on the probability of ignition.

We built a model to predict ignitability across the 
landscape to understand how the spatial connectivity 
of ignitable fuels varies over time (research question 
3). To do this we used the same information theoretic 
approach outlined above, but rather than use the field-
based fuel moisture measurements as predictors, we 
used variables that are available as spatially-derived 
and forecastable products. The forecasting criteria 
allows the model to be used for fire management deci-
sion-making in the future. The fuel moisture meas-
urements were replaced with a fuel moisture model 
for surface fine fuel (Cruz et al. 2015) derived from 
5  km gridded maximum temperature and minimum 
relative humidity (Vesta FFMC). In-forest VPD was 
retained because it can be modelled spatially (Burton 
et al. under review) and forecast. In-forest solar radia-
tion was replaced with open solar radiation because 
in-forest solar radiation cannot yet be spatially mod-
elled. Daily upper and rootzone soil moisture were 
also excluded because they cannot be forecast. These 
were replaced with monthly rootzone soil moisture, a 
forecastable product. SPEI was retained because it is 
derived using data from the preceding three months, 
rather than data from the day of ignition. Aridity was 
retained as it is a long-term average value and there-
fore does not vary over the temporal frame within 
which the model is likely to be used.

The simplest model in the preferred set was used 
to make spatial predictions of ignitability for two 
case studies to demonstrate the potential utility of the 
model for fire management decision making (research 
question 4). The first case study involved predicting 
spatial and temporal trends in maximum daily ignit-
ability for the Yarra Ranges over a two-week period 
during the 2019–2020 Black Summer fire season 
(Filkov et  al. 2020b). During this period two whole 
of Victoria total fire bans were declared on 20th and 
30th December 2019 and the Black Summer fires in 
the east of Victoria were burning intensely with major 
runs coinciding with dry conditions on the 20th and 
30th December (Salkin 2022). Boxplots were used to 
show the distribution of ignition probabilities within 
the landscape on each day. The second case study 
involved predicting ignitability across a prescribed 
burn for the five days leading up to the burn. The 
burn outcome (burnt polygons) are overlayed on the 
ignitability prediction to visually assess the level of 
agreement between modelled ignitability and final 
outcome of the burn. In both examples, maximum 
daily in-forest VPD was calculated using a downscal-
ing function by Burton et  al. (under review), which 
derives in-forest VPD from gridded temperature and 
relative humidity (5  km) from the SILO database 
(https:// www. longp addock. qld. gov. au/ silo/) and 30 m 
resolution topographic variables.

All analyses were done using the R-programming 
language version 4.2.2 (Core Team 2022). SEM mod-
els were fit using piecewiseSEM (Lefcheck 2016), 
LMs and GLMs were fit using glmulti package 
(Calcagno 2013), the visreg package was used to plot 
predictions (Breheny and Burchett 2017). Raster data 
were manipulated using the sf (Pebesma 2018) and 
raster packages (Hijmans 2022). Maps were created 
in QGIS version 3.14 (Development Team 2020).

Results

Ignitions were attempted in 89 plots, with 46% of the 
plots classified as ignitable. Ten of 35 plots (29%) 
were ignitable in wet forest, 13 of 25 plots (52%) 
in damp forest and 18 of 29 plots (62%) in shrubby 
foothill forest. Ignitions were attempted for a range 
of fuel moisture conditions, but particularly when 
the fuel was likely to be transitioning from a non-
ignitable to ignitable state (i.e., when surface FFMC 

https://www.longpaddock.qld.gov.au/silo/
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ranged from 10 to 25%). The moisture content of near 
surface dead fine fuel (i.e., dead leaves and bark sus-
pended less than 0.5  m above the litter bed) ranged 
from 12 to 99% in wet forest, 13–54% in damp forest 
and 11–32% in shrubby foothill forest.

Direct and indirect effects of moisture variables on 
ignitability

Near surface FFMC had a larger direct effect on the 
probability of ignition than the other fuel moisture 
variables (Fig.  3). The influence of surface FFMC 
in the saturated SEM (Fig.  3a) was non-significant, 
so it was omitted from the reduced SEM (Fig.  3b). 
Subsurface FFMC was retained in the reduced SEM, 
but its path coefficient (-0.23) was less than half that 
of near surface FFMC (-0.59). SPEI also had negli-
gible influence in the saturated SEM and was omit-
ted from the reduced SEM. Near surface FFMC was 
significantly influenced by in-forest VPD, in-forest 
solar radiation and upper soil moisture, with in-forest 
VPD having the largest influence (path coefficient of 
-0.64 in the reduced SEM). Subsurface FFMC was 
significantly influenced by upper and rootzone soil 
moisture and in-forest VPD, with upper soil moisture 
having the largest influence (path coefficient of 0.44 
in the reduced SEM). In-forest solar radiation also 
had a direct effect on the probability of ignition (path 
coefficient of 0.28  in the reduced model). However, 
in-forest VPD was the most influential of the climatic 
variables overall (combined path coefficient of 0.47). 
The direct effect of aridity was marginally non-statis-
tically significant (p = 0.06). The reduced structural 
equation model was a good fit to the data (Fisher’s 
C = 13.758, P-value = 0.62, df = 16) (Fig. 3b).

Fuel moisture thresholds for ignition

Aridity and near surface FFMC were significant 
predictors in all three highest ranked fuel moisture-
based models of ignitability (Table  3). In contrast, 
surface and subsurface FFMC were less important, 
only appearing in one model and with non-significant 
effects. The near surface FFMC threshold for ignition 
increased within increasing aridity, meaning mesic 
forests needed drier fuel to ignite (Fig. 4). For an arid-
ity index of 1.4 (average for the wet forest sites), the 
fuel moisture threshold needed for a 50% probability 
of ignition was about 17%, whereas a fuel moisture 

threshold of approximately 20% was required for an 
aridity index of 2.0 (average for the shrubby foothill 
forest sites) (Fig. 4d).

Modelling the spatial connectivity of ignitable fuel 
over time

Aridity and in-forest VPD were the strongest spa-
tially-derived predictors of ignitability and were sig-
nificant predictors in the three highest ranked models 
of ignitability (Table  4). In contrast, the effects of 
SPEI and solar radiation within the highest ranked 
models were non-significant and Vesta FFMC was not 
selected in any of the highest ranked models. Monthly 
rootzone soil moisture was omitted from the model 
selection process as it had a variable inflation factor 
exceeding three. The effect of VPD on ignitability 
varied with aridity (Fig. 5) with more arid sites hav-
ing a lower VPD threshold for ignition. This means 
more arid sites would ignite under moister atmos-
pheric conditions. For an aridity index of 1.4 (average 
for the wet forest sites), the VPD threshold needed 
for a 50% probability of ignition was about 1.7 kPa, 
whereas the VPD threshold decreased to approxi-
mately 1.0 kPa for sites with an aridity of 2.0 (average 
for the shrubby foothill forest sites) (Fig. 5d).

Potential utility of ignitability model to inform fire 
management decision-making

The ignitability model can gauge the level of wildfire 
risk across the landscape by illustrating the spatial 
connectivity of ignitable fuel (Fig.  6). The median 
probability of ignition each day gives an indica-
tion of the overall level of ignitability (high median 
means increased likelihood of sustained ignitions), 
whereas the interquartile range indicates spatial con-
tinuity (small interquartile range means increased 
spatial connectivity) (Fig.  7). Days of highest wild-
fire risk (e.g. 20th and 30th December 2019) exhibit 
high median ignitability across the landscape coupled 
with a small interquartile range, meaning most of the 
landscape has a high probability of ignition and there 
are few barriers to the spread of wildfire. In contrast, 
days with relatively high median ignitability coupled 
with a larger interquartile range (e.g. 25th December 
2019) pose less wildfire risk because there are areas 
of low ignitability interspersed across the landscape 
that could act as a barrier to the spread of wildfire.
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The ignitability model could also be used as 
a tool to assist with prescribed burning. As a test 

case, we used the ignitability model to predict 
spatial variations in fuel ignitability across an 

Fig. 3  Structural equation models for testing the direct and 
indirect effects of different moisture variables on the probabil-
ity of ignition. a Saturated model with all variables and model 
pathways included. b  Reduced model showing only variables 
that have a significant direct or indirect effect on ignitability. 
Solid arrows indicate significant relationships between vari-

ables and numbers on these arrows show the standardised path 
coefficients: red for a negative coefficient and blue for a posi-
tive coefficient. Dashed arrows indicate non-significant path-
ways.  R2 for each individual model are shown in the box of 
the response variables. Saturated model: Fisher’s C = 102.47, 
P-value = 0, df = 30
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operational prescribed burn (Fig.  8). The model 
predicted increasing average ignitability across 
the landscape in the days leading up to the burn 
(increasing median; Fig. 9). However, highly ignit-
able fuel was interspersed by fuel with lower ignit-
ability (wide interquartile range of ignitability val-
ues; Fig. 9). The operational burn was ignited with 
aerial incendiaries along ridgetops and handheld 
drip torches along the perimeters by fire agency per-
sonnel. Burnt areas mostly overlapped with areas 
predicted to have the highest ignitability on the day 
of the burn (Fig.  8) whereas areas with the lowest 
predicted ignitability generally did not burn. The 

most notable disagreement between the ignition 
predictions and burn outcome were in the southern 
section of the burn where aerial incendiaries were 
dropped early in the day before ignitability had 
reached its peak for the day.

Discussion

Moisture thresholds for ignition varied by forest 
type. Dense forests in less arid parts of the landscape 
needed drier fuel and a drier microclimate to ignite 
than sparser forests in more arid areas. We modelled 

Fig. 4  Plots depicting the influence of aridity and near surface 
FFMC on the probability of ignition. Plots were derived using 
the second ranked model in Table  3. Marginal effect plots 
show the individual effects of a near surface FFMC and b arid-
ity index on the probability of ignition with the other variable 
held constant at its mean. c Shows the interactive effect (addi-

tive) of near surface FFMC and aridity index on the probabil-
ity of ignition. The colour gradient represents the probability 
of ignition from 0 (pale yellow) to 1 (deep red). d Shows the 
moisture threshold for a 50% probability of ignition as a func-
tion of aridity
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Table 3  Estimated coefficients for the highest ranked GLMs 
(within 2 AICc units of the highest ranked model) to predict 
the probability of ignition. The preferred model from this sub-

set (model 2) is highlighted because it is within 2 AIC units of 
the highest ranked model but has fewer terms

Rank Variables Coefficient s.e.  P-value df LogLik ∆AICc Akaike weight R2 AUC 

1 Intercept
Aridity
Near surface FFMC
Subsurface FFMC

6.599
2.835
−0.535
−0.011

2.198
1.120
0.125
0.007

0.003 **
0.019 *
< 0.001 ***
0.108

4 −28.75 0 0.41 0.53 0.93

2 Intercept
Aridity
Near surface FFMC

5.800
2.756
−0.560

2.024
1.048
0.124

0.004 **
0.009 **
< 0.001 ***

3 −30.08 0.47 0.32 0.51 0.93

3 Intercept
Aridity
Near surface FFMC
Surface FFMC

5.431
2.627
−0.434
−0.080

2.067
1.064
0.152
0.070

0.009 **
0.013 *
0.004 **
0.255

4 −29.16 0.83 0.27 0.53 0.93

Fig. 5  Plots depicting the influence of in-forest VPD and arid-
ity on the probability of ignition. Plots were derived using the 
second ranked model in Table  4. Marginal effect plots show 
the individual effects of a in-forest VPD and b aridity index on 
the probability of ignition with the other variable held constant 

at its mean. c Shows the interactive effect (additive) of in-forest 
VPD and aridity index on the probability of ignition. The col-
our gradient represents the probability of ignition from 0 (pale 
yellow) to 1 (deep red). d Shows the VPD for a 50% probabil-
ity of ignition as a function of aridity
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maximum daily ignitability at a fine resolution to 
quantify temporal trends in the spatial connectivity of 
available fuel. Such information could be used by fire 
managers for gauging wildfire risk and when plan-
ning or undertaking prescribed burning.

The importance of dead near surface FFMC on 
ignitability, rather than surface FFMC, was surprising 
because surface and subsurface FFMC have histori-
cally been considered the key drivers of fire activity 
(e.g. Cheney et  al. 2012; McArthur 1967; Sneeu-
wjagt and Peet 1985). However, our results do not 
necessarily mean the mechanistic link is stronger 
between near surface FFMC and ignitability because 
surface and near surface FFMC were strongly corre-
lated (r = 0.88). Rather, both surface and near surface 
FFMC are likely to have contributed to the ‘success’ 
of the ignition. Most firebrands landed on the surface 
fuel (88%), therefore its moisture would have influ-
enced the initial ignition. Then, as the flames propa-
gated and incorporated the near surface strata, dead 
near surface FFMC likely contributed to the likeli-
hood of a sustained ignition. Near surface FFMC is 
predominantly influenced by atmospheric dryness 
(Matthews 2014; Nolan et al. 2016b) whereas surface 
FFMC also depends on soil moisture (Pook and Gill 
1993; Zhao et al. 2022) and litter bed structure (Caw-
son et  al. 2020b), potentially making surface FFMC 
more spatially variable. Therefore, our field esti-
mates of near surface FFMC could have been more 
precise than our estimates of surface FFMC, lead-
ing to a stronger relationship with ignitability. This 
suggests field measures of near surface dead FFMC 

may provide a more reliable indicator of ignitability 
than field measures of surface or subsurface FFMC. 
Although there are likely to be some circumstances 
when the  near surface and surface FFMCs do not 
align (e.g., following light rainfall or high humidity).

In-forest VPD was the strongest microclimatic pre-
dictor of ignitability, having indirect (via fuel mois-
ture) effects on ignitability. The strong predictive 
performance of VPD is consistent with numerous 
studies globally which have found strong relation-
ships between VPD and fire activity across multiple 
scales (e.g. Mueller et al. 2020; Resco de Dios et al. 
2022; Sedano and Randerson 2014; Williams et  al. 
2014; Ziel et  al. 2020). A unique feature of our 
research is the use of in-forest VPD as opposed to 
coarser resolution VPD predicted for open conditions 
using gridded meteorological data (‘open VPD’). The 
forest canopy and topography cause in-forest VPD to 
differ substantially from open VPD, particularly for 
denser canopied forests (Brown et  al. 2022; Davis 
et al. 2019). Consequently, in-forest VPD is a stronger 
predictor of ignitability than open VPD (Cawson 
et al. 2022). Our use of in-forest VPD explains why 
our ignitability thresholds (ranging from 1 to 1.7 kPa 
for shrubby foothill and wet forest, respectively) are 
slightly lower than those reported in other studies 
using open VPD, e.g., 1.86 kPa for temperate broad-
leaf and mixed forest (Clarke et al. 2022) and 1.5 kPa 
for shrubby foothill forest (Burton et al. 2023a). The 
in-forest thresholds are lower as the effect of canopy 
cover and topography are accounted for within the 
metric.

Table 4  Estimated coefficients for the highest ranked GLMs 
(within 2 AICc units of the highest ranked model) to predict 
the probability of ignition. The preferred model from this sub-

set (Model 2) is highlighted in grey because it is within 2 AIC 
units of the highest ranked model but has fewer terms

Rank Variables Coefficient s.e.  P-value df LogLik ∆AICc Akaike weight R2 AUC 

1 Intercept
Aridity
SPEI
In-forest VPD

−9.876
3.355
0.666
3.125

2.279
1.001
0.374
0.652

< 0.001***
< 0.001***
0.075
< 0.001***

4 −33.86 0 0.51 0.45 0.91

2 Intercept
Aridity
In-forest VPD

−9.317
2.9874
3.1246

2.152
0.890
0.669

< 0.001***
< 0.001***
< 0.001***

3 −35.61 1.29 0.27 0.42 0.90

3 Intercept
Aridity
SPEI
Open solar
In-forest VPD

−11.264
3.6125
0.6619
0.0464
3.0447

2.923
1.058
0.379
0.058
0.649

< 0.001***
< 0.001***
0.081
0.422
< 0.001***

5 −33.54 1.6 0.23 0.45 0.91
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Fig. 6  Daily maximum predicted ignitability across the Central Highlands landscape over a two-week period during the 2019–2020 
“Black Summer” fire season

Fig. 7  Daily distribution of ignition probabilities across the 
Central Highlands landscape over a two-week period during 
the 2019–2020 “Black Summer” fire season. Medians (50th 
percentile) indicated by solid horizontal line. Box encloses 

middle half of data (from 25th to 75th percentile). The whisk-
ers show the minimum and maximum values. Wider box and 
whiskers indicate more spatial variability, meaning the spatial 
interconnectedness of ignitable fuel is low
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In-forest solar radiation also emerged as a key pre-
dictor of ignitability, having both direct and indirect 
effects. Radiative heating of fine fuel enhances dry-
ing rates, making the top layer of fuel more flam-
mable (Countryman 1977; Kreye et  al. 2020). Solar 
radiation also affects ignitability directly by increas-
ing the surface temperature of the fuel, which reduces 
the amount of heating required to raise the fuel to 
ignition temperature; although this effect is consid-
ered less important than its effects on fuel moisture 
(Kreye et al. 2020). The strong relationship between 
in-forest solar radiation and ignitability was not found 
when open solar radiation was substituted (Table 3). 
This result suggests that canopy structure and topo-
graphic position play an important role in influencing 
the nature of the relationship between solar radiation 
and ignitability. Further research to model subcanopy 
solar radiation across the landscape could be used to 
improve predictions of fire activity in the future.

Soil moisture had a relatively small effect on the 
probability of ignition compared with in-forest VPD 
and solar radiation. The absence of a strong soil mois-
ture effect reflects the high importance of near surface 
dead FFMC to ignition, which was mostly a function 
of in-forest VPD not soil moisture. The absence of a 
drought (SPEI) effect further highlights the impor-
tance of short-term drying for ignitions to occur. Low 
soil moisture and drought conditions heighten wildfire 
risk and are associated with the occurrence of large 
wildfires (Nolan et  al. 2021; Krueger et  al. 2022). 
However, our results show they are not essential for 
point-scale ignitions to occur. This is not unsurprising 
because ignitions leading to wildfires and prescribed 
burns occur every year in south-eastern Australia, 
including drought and non-drought years (Collins 
et al. 2015); albeit less so in wet forests.

Fuel moisture and VPD thresholds for ignition 
varied as a function of aridity. Drier conditions were 
needed for ignitions to occur in more mesic parts of 
the landscape (i.e., wet and damp eucalypt forests) 
compared to the more arid locations (i.e., shrubby 
foothill forest). This result broadly aligns with previ-
ous studies that identified differences in VPD thresh-
olds (and other dryness metrics) between vegetation 
types for fire occurrence and ignitability (Nolan et al. 
2016a; Duff et  al. 2018b; Newberry et  al. 2020). 
However, the distinction in our study was that the 
effects of forest structure and landscape position were 
already accounted for within the near surface FFMC 

and in-forest VPD metrics. Therefore, the changing 
thresholds as a function of aridity index appear to 
reflect litter bed structure, and near surface species 
composition and structure. Traits of the leaves within 
a litter bed (e.g. size of leaves, leaf thickness, specific 
leaf area and degree of curl) contribute to differences 
in flammability, even when the moisture contents 
of the litter are the same (Plucinski and Anderson 
2008; Varner et al. 2015; Burton et al. 2020). Some 
plant species within the near surface strata ignite and 
propagate fire more readily than others (Cawson et al. 
2023) e.g., the abundance of grasses influences flam-
mability at the interface between savanna and for-
est (Newberry et  al. 2020). Differences in the VPD 
threshold between forest types could also be due to 
understorey density. In-forest VPD was measured at 
screen height (1.2 m), whereas the ignitions occurred 
on the forest floor. Dense near surface fuel in wet 
and damp forests likely created a VPD differential 
between screen height and the forest floor, causing 
the in-forest VPD threshold for ignition to be higher 
(Pickering et al. 2021).

Incorporating ignitability into the estimation of 
fire risk may be useful, particularly for denser for-
ests where fire occurrence is strongly dependent 
on fuel moisture (Cawson et  al. 2020a). Our land-
scape-scale ignitability model quantifies the spatial 
interconnectedness of ignitable fuel where the risk 
of a large wildfire increases when the median prob-
ability of ignition across the landscape is high and 
the range of values (interquartile range) is narrow. 
Such conditions indicate that more sheltered parts 
of the landscape (i.e., wetter forests in gullies and 
on polar-facing slopes) have a high probability of 
ignition in addition to the exposed aspects, meaning 
there are few barriers to the spread of fire across the 
landscape. This was observed during the 2019-20 
Black Summer season (Figs.  6 and 7). Peak ignit-
ability (i.e., uniformly high ignitability across the 
landscape) on the 20th and 30th December 2019 
coincided with days of declared total fire ban and 
major fire runs in the far east of Victoria (Salkin 
2022). There were no moisture barriers to limit 
fire spread had ignitions occurred on these days 
in the Yarra District. Measures of the spatial con-
nectivity of available fuel have the potential to pro-
vide more insight into the likelihood of a large fire 
occurring than single values for a larger area (e.g., 
5 km resolution), which ignore variability caused by 
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topography and forest type (Caccamo et  al. 2012). 
Our model could be used for this purpose, but test-
ing is required across a broader geographic area 

before operational implementation. The methods 
developed to measure and model ignitability could 
be applied more broadly across different forest types 
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worldwide. However, this would require calibration 
because thresholds for ignition vary between forests 
and across an aridity gradient.

In the context of prescribed burning, our land-
scape-scale ignitability model could help fire man-
agers identify burn windows by providing forecast 
maps of ignitability across a burn unit. To imple-
ment a prescribed burn, fire managers need to 
understand how fuel availability varies spatially 
across the burn unit (McCaw and Burrows 2020). 
Conditions are more conducive for achieving a 
patchy burn when there is high variability in ignit-
ability across the landscape. Yet, fuel moisture 
models rarely account for differences in topography 
and forest type (Matthews 2014). Consequently, 
fire managers measure fuel moisture manually in a 
few locations within a burn unit in the days prior to 
burning and extrapolate those measurements to pre-
dict how ignitability may vary within the burn unit. 
The efficiency and accuracy of this process could 
be greatly improved with maps forecasting daily 
maximum ignitability at a 20  m resolution, which 

our model provides. Calibration would be required 
between the firebrand and sources of ignition used 
in prescribed burning (e.g. drip torches). Further-
more, it may be useful to consider sub daily varia-
tions in ignitability. Modelling ignitability at a finer 
temporal resolution could be a next step for this 
research as this would allow fire managers to bet-
ter understand when fuel is likely to be available to 
ignite during the day. It may also enhance the level 
of agreement between the ignitability predictions 
and burn outcomes, as the most notable disagree-
ment in the prescribed burning case study (Fig.  8) 
were due to ignitions occurring before ignitability 
had reached its peak for the day.

Conclusion

We quantified the direct and indirect effects of a 
range of moisture variables on ignitability in dif-
ferent types of eucalypt forests. This was achieved 
by measuring ignitability in the field under vary-
ing moisture conditions. Dense forests needed drier 
fuel and drier in-forest atmospheric conditions to 
ignite than sparser forests. We used our field data 
to develop an ignitability model to forecast spa-
tial variations (20 m resolution) in maximum daily 
ignitability across a forested landscape. An ignit-
ability model could inform fire management deci-
sion-making by depicting the spatial continuity of 
available fuel. Our field methodology could be used 

Fig. 8  Outcomes of an operational prescribed burn overlay-
ing predicted ignitability. The consecutive maps show daily 
maximum predicted ignitability across a prescribed burn unit 
in the days leading up to the burn. The prescribed burn was 
ignited by fire agency personel using aerial incendiaries along 
ridgelines (green lines) and handheld drip torches along the 
perimeter. The prescribed burn was located in the Yarra Fire 
District and occurred on the 13th March 2023. Burn data were 
sourced from the Department of Energy, Environment and Cli-
mate Action

◂

Fig. 9  Daily distribution of ignition probabilities within the 
operation prescribed burn (depicted in Fig.  8) for the days 
leading up to ignition. Medians (50th percentile) indicated 
by solid horizontal line. Box encloses the middle half of data 

(from 25th and 75th percentile). Whiskers show minimum and 
maximum values. Wider box and whiskers indicate more spa-
tial variability, meaning the spatial interconnectedness of ignit-
able fuel is low
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to develop similar ignitability models in other forest 
types worldwide.
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