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Abstract 

Wildfire is possibly the most widespread natural disturbance globally, as its spatial and 

temporal patterns shape vegetation assemblages throughout the world. This is especially true in 

Australia, where the dominant trees, Eucalyptus spp., are among the most well-adapted to fire 

on the planet. To protect communities in such a fire-prone landscape, we need to be able to 

predict fire behaviour and manage fuels in a fashion that reduces risk. But to do this effectively, 

we must understand the natural fire regimes that occur in Australian ecosystems. One 

Australian ecosystem for which fire regimes are poorly understood is the tall wet Eucalyptus 

forest (TWEF). These globally unique forests support a mix of flammable and fire-sensitive 

vegetation and are among the world’s most carbon-dense forests, so understanding their 

flammability is critical. 

This thesis attempts to describe the fire regime TWEF. It does so in a fashion that can inform 

fuels management and fire behaviour prediction, with a particular focus on the island of 

Tasmania. First, I used fire behaviour model simulations to analyse the effectiveness of fuel 

treatment on fire behaviour in different Tasmanian vegetation, which allowed me to 

contextualise fire risk across the island’s diverse vegetation types. I then described the fire 

regime, namely the expected frequency and severity of wildfires, of TWEF. I did this using a 

combination of fuels, microclimate, and weather data, along with fire behaviour modelling, to 

estimate potential fire severities in these forests. I first investigated what drives fire severity 

across a continental-scale macroecological gradient of forests in an ‘early-mature’ successional 

stage. However, flammability of older forests can be different from that of younger forests, so I 

investigated how the flammability of TWEF changes as a stand develops from regrowth to old-

growth forest. For the latter exercise I focused, on Tasmanian TWEF.  
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Fire behaviour model simulations indicated that an impractical extent of landscape-scale 

prescribed burning would be needed for the treatment to be effective, and that this is especially 

true for TWEF. The results also suggested that Tasmanian TWEF are capable of sustaining 

among the most intense fires on the planet. I suggest that prescribed burning needs to be 

conducted at local, targeted scales, and that alternatives to prescribed burning need to be 

investigated for Tasmanian TWEF. Analysis of the continent-wide dataset of fuels and 

microclimate in early-mature TWEF indicated both low-and high-severity fires play an 

important role, but that high-severity fire is much more likely in TWEF in the hotter and drier 

regions of the continent. Further, similar analysis of a chronosequence of TWEF stands in 

Tasmania indicated that high-severity fires become more likely in younger TWEF. Importantly, 

the results highlighted that the TWEF understorey (or elevated fuel layer) is the most important 

fuel layer from a fire danger perspective. Hence, I suggest that management needs to mimic 

mixed-severity fires to maintain the structural heterogeneity and microclimate that makes these 

forests fire resistant.  

Results from fire behaviour model simulations and from measuring fire severity in eight burnt 

field sites also indicated that current operational models over-predict flame height and fireline 

intensity in TWEF, likely due to an over-simplistic representation of forest structure. As a 

result, I performed a detailed review of the three major current operational fire behaviour 

models, along with a next-generation physics-based model, and documented their 

shortcomings. I then investigated how applicable these different models were in TWEF. 

Despite its importance, the live understorey is composed of many fire-sensitive species whose 

flammability is poorly understood. Hence, I propose that small-scale burning studies combined 

with physical simulation of wildfire are needed to quantify flammability and fire behaviour in 

forests composed of such species.
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1. Introduction  

 

Natural disturbances are a key process in ecosystems globally, driving landscape heterogeneity 

(Turner 2010) and biodiversity (Dornelas 2010). Fire is among the most widespread of these 

disturbances and shapes plant communities throughout the world (Bowman et al. 2009). Specifically, 

the spatial and temporal patterns of fire (fire regimes) are among the most important determinants of 

the distribution of ecosystems (Bond and Keeley 2005; Bond et al. 2005). Fire regimes have been 

shown to have strong effects on biodiversity (Bowman et al. 2016b), plant physiology (Keeley et al. 

2011), and carbon storage (Bond-Lamberty et al. 2007). Conversely, fire regimes are shaped by 

vegetation, climate, and human activity (Archibald et al. 2013). However, the fire regimes of an 

ecosystem or landscape are extremely sensitive to changes in these three factors, and such changes 

can have a significant environmental impact (Cary and Banks 2000; Lindenmayer et al. 2011; Enright 

et al. 2015). 

 As a result, human interaction with fire regimes is especially important (Bowman et al. 2011). 

Domestication of fire may be the defining event in human evolution (Wrangham 2010), and landscape 

fuel management, often through intentional burning, has formed an integral part of global fire regimes 

and ecosystem function for millennia (Huffman 2013). While traditional fuel management may not 

have had the explicit goal of reducing fire hazard, most traditional human alteration of fire regimes 

had that effect. The disruption of these traditional landscape-management practices, through 

colonialism and urbanisation, has altered fire regimes across the planet (Bowman 1998; Kimmerer 

and Lake 2001; Seijo and Gray 2012). This disruption, combined with drier landscapes due to climate 

change and demographic changes resulting in more people living in flammable landscapes, has led to 

global increases in fire disasters and their associated costs (Steuer 2016; Bowman et al. 2017).  
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To mitigate these disasters, we must understand how to adapt to living in fire-prone 

landscapes. Two important approaches to this involve predicting fire occurrence and behaviour, along 

with minimising the impact of landscape fires. Predictions of fire occurrence and behaviour are 

primarily obtained through fire behaviour models. These mathematical models predict fire behaviour, 

such as ignition, rate of spread, flame height, and fireline intensity, as a function of fuels, weather, 

and topography (Cruz et al. 2014). Catastrophic impacts of wildfire can be avoided through effective 

fuel management. This involves reducing fuel loads through prescribed burning (Fernandes and 

Botelho 2003) or manual removal of fuels from the landscape (Agee and Skinner 2005). 

Australia is considered the most fire-prone continent on Earth (Bradstock et al. 2002). Its 

dominant trees (Eucalyptus spp.) have physiological traits that have been heavily selected for by 

extensive historical fire activity (Crisp et al. 2011). Australian fire regimes have been shaped by 

Aboriginal burning practices for tens of thousands of years (Bowman 1998). This, along with 

numerous catastrophic fire disasters, has led to current fuel management practices that involve 

extensive landscape-scale prescribed burning (Attiwill and Adams 2013), though the frequency and 

intensity of these prescribed burns is substantially different from that of traditional burning practices 

(Trauernicht et al. 2015). Despite this, southeast Australia has been subject to numerous high-profile 

fire disasters in the 21st century (Cruz et al. 2012; Blanchi et al. 2014; Nolan et al. 2020). The region 

supports vegetation with infrequent, high-intensity fires and a relatively high population density (Gill 

and Moore 1990; Moritz et al. 2014), conditions prime for fire disasters (Bowman et al. 2017). This is 

especially true for tall wet Eucalyptus forests (TWEF), an Australian ecosystem characterised by an 

extremely flammable Eucalyptus overstorey and a pyrophobic understorey, which creates a complex, 

globally-rare flammability profile (Tng et al. 2013; Wardell-Johnson et al. 2017). TWEF are capable 

of some of the most intense fires ever recorded (Lindenmayer et al. 2015), however the cool, wet 

climate envelope of TWEF means that fire is infrequent in these forests (Wood et al. 2010; Tng et al. 

2012). The vulnerability of these forests to fire disasters is apparent in that three of Australia’s four 

deadliest fires have occurred in regions with dense TWEF around populated areas (Solomon and Dell 
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1967; Cruz et al. 2012; Blanchi et al. 2014). Despite this, limited wildfire behaviour data exists for 

TWEF, and knowledge is especially incomplete in the southeast of the continent. 

Sustainable management techniques should emulate natural disturbance regimes (Attiwill 

1994a). Further, traditional methods of developing fire behaviour models (i.e. experimental fires or 

extensive observations of wildfires), are not possible in TWEF due to high fuel load and the 

hazardous weather conditions during the small portion of the year in which they are available to burn 

(Thomas et al. 2014; Nyman et al. 2015). Therefore, it will be necessary to understand the fire regime 

of TWEF to effectively manage fuels and predict fire behaviour. Fire regimes are generally defined 

using, among other aspects, the frequency and intensity or severity of fires occurring in a given 

landscape or ecosystem (Gill 1975; Agee 1993). The fire regime in TWEF is often described in the 

context of infrequent, stand replacing fires (Ashton 1981; Murphy et al. 2013), which are part of the 

life cycle of the Eucalyptus overstorey (Ashton 1976a), and required to prevent ecosystem change 

(Jackson 1968). However, the variation in fire severity and risk in TWEF across its broad geographic 

range and different successional stages has not been explicitly quantified. This is an area where 

empirical data is in great need, as the drivers of flammability in TWEF have only been described 

through expert elicitation (Cawson et al. 2020).  

Due to this lack of knowledge, fire behaviour modelling and forest management in TWEF 

make several assumptions. Current fire behaviour models assume that the inter-fire interval in TWEF 

is defined by a negative exponential increase in fire hazard over time, otherwise known as an Olson 

curve (Olson 1963). They also simplify the representation of fuels in this incredibly complex forest: 

fuels are represented in one dimension using either a quantitative biomass estimate (Noble et al. 

1980), or a qualitative fuel hazard score (Gould et al. 2008). Forest management is implemented 

primarily through clearfell-burn-and-sow silviculture (CBS), which implicitly assumes that TWEF 

support a regime of infrequent, high-severity fires (Ashton 1976a; McKinnell et al. 1991). The 

ecological basis for this management technique was developed using Victorian TWEF as a model 

system (Ashton 1976a; Lutze et al. 1999). However recent research has challenged all these 
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assumptions about TWEF (McCarthy et al. 1999; Turner et al. 2009; Zylstra et al. 2016; Zylstra 

2018). 

To predict fire behaviour in TWEF, and to manage it in an ecologically-sustainable fashion, 

we must first understand its fire regime. Therefore, this thesis aims to characterise the fire regime of 

TWEF, with a focus on fuel management and potential fire behaviour. More specifically, I 

investigated the following topics: (a) What types of fire behaviour can be expected across an 

Australian landscape embedded with TWEF, and how effective is fuel treatment in such a landscape? 

(b) What drives fire severity in late-stage development TWEF across Australia? (c) What are the 

expected fire intervals in TWEF, namely how does fire hazard change with stand development? and 

(d) What tools are available to predict fire behaviour in TWEF and can they be used to predict fire 

behaviour? I addressed these questions through a mixture of fire behaviour modelling, field studies, 

and conceptual review. I focused on the island of Tasmania, characterised by a diverse assemblage of 

flammable and fire-sensitive vegetation. A large percentage of Tasmania is covered by TWEF, 

especially in the south and northwest of the island (Department of Primary Industries 2013). I first 

used fire behaviour model simulations to evaluate potential fire behaviour and the effectiveness of 

prescribed burning across the island. This analysis allowed me to contextualise the importance of 

TWEF in the broader Tasmanian landscape and underscored the importance of studying its fire 

regime. I then used a mixture of fuels data, meteorological records and fire behaviour models to 

predict potential fire severity in early-mature TWEF across Australia. This allowed me to define the 

severity aspect of TWEF fire regimes. I used a similar approach to describe the flammability function, 

defined as the trajectory with which fire hazard changes over time, for Tasmanian TWEF. Lastly, I 

reviewed the three major current operational fire behaviour models, and one next-generation model, 

to investigate the suitability of different widely-used models for predicting fire behaviour in TWEF. 

This thesis provides the first comprehensive, empirically-derived description of fuels and fire 

regimes in TWEF across both macro-ecological and chronological gradients. We can use such 

information to characterise the types of fires that can be expected in TWEF, and what steps need to be 
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taken to reduce the likelihood of catastrophic wildfires. Specifically, this research will tell us how 

fuels need to be modified to reduce the likelihood of high-severity fires. Further, understanding the 

expected frequency and severity of wildfires will provide critical information on the ideal intensity 

and severity of fuel reduction interventions for a sustainable management regime. Lastly, 

understanding the fuel complex and fire regime in TWEF will be a critical precursor to adapting fire 

behaviour models to this globally-unique forest type, as it will allow for an understanding of what 

technology is appropriate for the task. Such advancements will prove critical in protecting 

communities embedded in Tasmania’s least-understood fuel type.
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2. Simulating prescribed burning and 
wildfire behaviour in Tasmania 

 
 

 

2.1 Introduction 

There is widespread acceptance that prescribed burning is an essential component of effective wildfire 

management (Fernandes and Botelho 2003; Moritz et al. 2014). Indeed, a consistent outcome of every 

major inquiry into bushfire disasters in Australia has been a recommendation for an increase in fuel 

treatment through prescribed burning (Ellis et al. 2004; Teague et al. 2010; Attiwill and Adams 

2013). However, prescribed burning is an imperfect form of wildfire hazard management, as its 

benefits are dependent on the ecological and geographical context (Moritz et al. 2014). Prescribed 

fires carry the risk of escape, and are unsuitable in many vegetation types because the fires cannot be 

controlled safely (Bradstock et al. 1998; Bradstock et al. 2005; Lindenmayer and Burgman 2005; 

Penman et al. 2011). Additionally, prescribed burns carry significant side-effects, such as ecological 

harms, both through degrading faunal habitat (Catling et al. 2001; Andersen et al. 2005) and 

disadvantaging some plant species that require long fire-free intervals to complete their life cycle 

(Enright et al. 2015). Another side effect has been shown to be negative consequences to human 

health from smoke (Williamson et al. 2016a). Because of these constraints, there is considerable 

debate, both scientific and political, about the utility of prescribed burning as a management strategy 

in mitigating fire activity (Morrison et al. 1996; Fernandes and Botelho 2003; Penman et al. 2011; 

Stephens et al. 2016).  

Prescribed burning affects the behaviour of subsequent wildfires by reducing fuel loads in 

flammable areas across a landscape. By increasing the amount of recently burnt areas, managers can 

increase the encounter rate of unplanned fires with areas containing low fuel loads, hence mitigating 
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fire spread across the landscape (Finney 2001; Fernandes and Botelho 2003; Agee and Skinner 2005; 

Price 2012). For instance, analysis of landscape fire patterns in Australian dry eucalypt (Eucalyptus) 

forests has shown that, depending on the region, between three and ten areal units of prescribed 

burning can reduce wildfire extent by one areal unit (Boer et al. 2009; Price et al. 2015a). However, 

this ratio, known as ‘leverage’ (Loehle 2004), has been shown to be highly variable amongst different 

vegetation types globally (Price et al. 2015b).  

The ability of prescribed burning to reduce fireline intensities is an equally important reason 

for its application. Under moderate fire weather conditions, intensities of roughly 4,000 kW/m are 

considered the upper limit for direct attack suppression. Above 10,000 kW/m, fire behaviour is 

considered extreme, and it is recommended that all firefighting activities, including at the flanks and 

back of the fire, be curtailed (Hirsch and Martell 1996; Fernandes and Botelho 2003). Under more 

extreme weather conditions, eucalypt forests in southeast Australia are reported to be capable of 

sustaining maximum fireline intensities of roughly 100,000 kW/m (Gill and Moore 1990; McCarthy 

et al. 1999). Such fire weather conditions result in fuel loads and disturbance history being less 

important in driving fire intensity in this vegetation type, placing an upper bound on the effectiveness 

of prescribed burning (Price and Bradstock 2010; Price and Bradstock 2011; Price and Bradstock 

2012; Bowman et al. 2016a). However, current understanding the effect of prescribed burning on fire 

intensity in dangerous fire weather needs to be extended to other vegetation types. 

There are substantial practical difficulties in conducting landscape-level fire experiments (e.g. 

Gould et al. 2008), so consequently much of the evidence-base that supports the effectiveness of 

prescribed burning in mitigating wildfire damage rests on case studies and expert opinion (e.g. 

Underwood et al. 1985; Grant and Wouters 1993; Fernandes and Botelho 2003), retrospective 

landscape-level analyses of wildfire severity (e.g. Hammill and Bradstock 2006; Bradstock et al. 

2010; Price and Bradstock 2012), and computer simulations (e.g. Bradstock et al. 2012; Penman et al. 

2013). Simulation studies are of particular importance because they enable exploration of the effects 

of a wide range of fire weather and fuel load scenarios for different vegetation types (e.g. Beverly et 
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al. 2009; Bradstock et al. 2012). Simulation studies for southeast Australian dry eucalypt forests have 

reinforced a key limitation of prescribed burning by showing that, under extreme fire weather, the 

reduction in fuel loads is of negligible importance (Cary et al. 2009; Penman et al. 2013; Price et al. 

2016). In contrast, in North American (Beverly et al. 2009) and Mediterranean (Carmel et al. 2009) 

landscapes, simulations have been used to show that, under dangerous fire weather conditions, 

vegetation type (and hence fuel type) is the primary determinant of intensity: such studies explicitly 

investigating the effect of vegetation and fuel type on fire behaviour are currently lacking in Australia.  

Understanding the comparative effectiveness of prescribed burning in different vegetation 

types under dangerous fire weather is of prime importance in the ecologically diverse, temperate, 

continental island state of Tasmania, 200 km south of Victoria, Australia. The island is roughly 

68,000 km2, (with an additional 12,000 km2 in off shore islands) and supports diverse vegetation 

reflecting the interplay of a steep precipitation gradient from the west to east, rugged terrain and 

varied geology (Reid et al. 1999; Colhoun and Shimeld 2012). The perhumid west of the island is 

characterised by a complex mosaic of flammable and fire-sensitive vegetation types that include 

highly flammable treeless sedgelands (locally known as buttongrass moorlands) and scrubland, tall 

wet eucalypt forests (TWEF) that can support some of the highest fire intensities on Earth, and 

Gondwanan rainforests, which are fire sensitive (Hill 1982; McCarthy et al. 1999; Marsden-Smedley 

et al. 2001). In the drier east of the island there are large swaths of dry eucalypt forests, interspersed 

with smaller areas of flammable native grassland, as well as the occasional tract of wet forest, 

rainforest, or coastal scrub. It is in these eastern areas that the state’s agricultural enterprises and 

settlements are embedded (Department of Primary Industries 2013; Figure 2.1a).  

The state’s 11 broad vegetation types can be generally divided into three groups based on the 

geographic extent to which fire managers consider them to be safely treatable through prescribed 

burning. Three vegetation types are extensively treatable (i.e. > 80% of the vegetation’s area is 

available for prescribed burning), these are dry eucalypt forest, sedgeland, and native grassland. Three  
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(a) (b)  

(c) (d)

Figure 2.1  Maps of the explanatory variables used in the GLM 

(a) broad vegetation groups of Tasmania from TASVEG 3.0, (b) vegetated areas in Tasmania 
considered by fire managers to be treatable (Kessell et al. 1980) with prescribed burning, (c) 
climate zones used and their associated 99th percentile FFDI used in the SFMC simulations, 
and (d) elevation 
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Table 2.1  Summary of vegetation types in Tasmania and their treatability 

Each vegetation type in Tasmania is ranked by areal coverage (km2) according to the TASVEG classification (Department of Primary Industries 2013): 
abbreviated names used in this paper are also given. Vegetation types considered treatable by prescribed burning are in bold. The proportion (%) of the 
Tasmanian landscape covered by each vegetation type, and the proportion of vegetation that is treated with prescribed burning under the maximal scenario 
(see Appendix 2.1) is indicated 

Vegetation Type (TASVEG Classification) Colloquial name Total Area 
(km2) 

% Tasmanian 
Landscape 

% Treated 
Area 

Agricultural, urban and exotic vegetation Non-Native Vegetation 16200 23.6 5.08 
Dry eucalypt forest and woodland Dry Eucalypt Forest 15900 23.16 92.04 
Wet eucalypt forest and woodland Tall Wet Eucalypt Forest 10900 15.88 0 

Rainforest and related scrub Rainforest 7160 10.43 0 
Moorland, sedgeland, rushland and peatland Sedgeland 5990 8.73 96.06 

Scrub, heathland and coastal complexes Native Scrublands 5130 7.47 43.53 
Other natural environments Other Environments 2530 3.69 0 

Non eucalypt forest and woodland Non-eucalypt Forest 2140 3.12 19.83 
Native grassland Native Grassland 1370 2 80.66 

Highland and treeless vegetation Highland Vegetation 1080 1.57 0 
Saltmarsh and wetland Wetlands 240 0.35 0 
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vegetation types are only partially treatable (i.e. < 45% of the vegetation’s area is available for      

prescribed burning), these are non-eucalypt forest, native scrublands, and non-native vegetation. Five 

are completely untreatable with prescribed burning (TWEF, rainforest, highland vegetation, wetlands, 

and other vegetation types) (Table 2.1). 

Compared to mainland southeastern Australia, the island experiences much less frequent 

dangerous fire weather (Fox-Hughes 2008; Williamson et al. 2016b), yet since European invasion in 

1803, there have been a number significant and costly fire disasters in Tasmania. These include five 

poorly documented major fire events between 1898 and 1960 (Luke and McArthur 1978), the 

notorious 1967 fire that nearly destroyed the state capital, Hobart (Solomon and Dell 1967), and, more 

recently, the Dunalley fire disaster in summer of 2012/13 (Henley 2013; Hyde 2013) and the 

wilderness fires in 2015/16 (Commonwealth of Australia 2016). Climate change projections indicate 

dangerous fire weather will increase through this century across the island (Fox-Hughes et al. 2014).  

As a consequence of the increased threat of destructive wildfires, the Tasmanian government 

has made a commitment to substantially increase the area of both public and private land treated with 

prescribed burning to mitigate wildfire risk across the whole island (Richards et al. 2014). However, 

current understanding of the benefits and limitations of this intervention remains limited. Particularly, 

the trade-offs of prescribed burning amongst different vegetation types need to be better understood. 

Resolving such a complex question demands simulation studies. In this study we use simulations of a 

fire behaviour model to address three questions:  

(i) Under conditions characteristic of a dangerous fire weather day that would occur 

three to four times per fire season, what fire intensities are Tasmania’s wildlands 

capable of sustaining, and how do they vary geographically?  

(ii) Under a maximal, but unrealistic, prescribed fire regime, one which includes the 

most possible prescribed burning on all land considered treatable (roughly 31% of 

Tasmania, based on vegetation type, land use type, and land tenure), what is the 
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capacity of prescribed burning to reduce the intensity, and extent, of wildfire 

under bad fire weather conditions?  

(iii) How effective are 12 hypothetical but implementable prescribed burning plans 

(which cumulatively treat between 1 and 25 percent of the total area treated under 

the maximal scenario, and have been designed by fire management agencies) at 

reducing the intensity and extent of unplanned fires under bad fire weather? 

 In our simulations we use the Phoenix Rapidfire model: a spatially- and temporally-explicit 

fire behaviour model (Tolhurst et al. 2008) that has become the standard fire behaviour model for 

southeast Australian fire agencies. We simulated 11,059 fires, standardising weather conditions to be 

those of a typically dangerous fire weather day, defined at the 99th percentile of the Forest Fire Danger 

Index in each of 45 meteorological regions across Tasmania (Richards et al. 2014; Fig, 1c). We varied 

fuel loads according to three scenarios described above (see Appendix 3.1). We analysed geographic 

trends in fire intensity qualitatively, through mapping, and quantitatively analysed the simulation 

results through statistical modelling. The latter exercise provided an insight into the importance of fire 

weather, terrain (slope and aspect), vegetation type, and fuel loading in affecting the outputs of the 

Phoenix model. We also used the metric “leverage”, which quantifies the spatial effectiveness of fuel 

treatments at a regional scale (Loehle 2004), to understand the effect of fuel reduction on fire 

behaviour in Tasmania apparent in our analysis of implementable prescribed burning plans. In 

addition, we calculated a novel variant of the leverage metric to analyse the efficiency of these 

implementable plans in reducing fireline intensity.  

2.2 Methods 

2.2.1 Geographic framework 

The simulation study was organised in a GIS environment using a lattice of 11,059 ignition points 

spaced 2.5 km apart, covering the entire mainland of Tasmania and outlying islands. Our decision to 

use a uniform grid of ignitions was a pragmatic approach based on computing constraints that 
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obviated the use of more complicated, but realistic, designs. Biogeographic and climactic data were 

organised into 25 m x 25 m cells. Each cell was assigned one of 11 vegetation types, based on 

TASVEG 3.0 (Department of Primary Industries 2013), using centroid sampling (Figure 2.1a), and a 

slope and aspect, based on a 30 m DEM using a 25 m resampling algorithm (Figure 2.1d). 

Additionally, each cell was assigned to one of 45 climate zones, with each zone defined to be the 

geographical areas best represented by each of the Bureau of Meteorology’s (BOM) 45 weather 

stations (Figure 2.1c, Bureau of Meteorology, personal communication, 2014). From each weather 

station, meteorological data from the summers of 1960 to 2012 was compiled and analysed to 

compute the McArthur Forest Fire Danger Index (FFDI) based on 3pm conditions for each day (Noble 

et al. 1980). From this data, days representing the 99th to 99.5th percentile FFDI were selected. Such 

days occur three to four times per year and, in the opinion of fire managers, produce particularly bad, 

but not catastrophic, fire weather. The 24 hour records for these days were aggregated by time of day 

(in hours) and the 85th percentile temperature, mean drought factor, mean wind speed, 15th percentile 

humidity, and 25th percentile cloud cover values were selected for each hour of the day (Table 2.2). 

These percentile thresholds were selected through an iterative process to create a weather profile that 

is representative of an actual 99th to 99.5th percentile FFDI day. Even though the variables were 

selected independently for each hour, there is an intrinsic correlation between hourly observations, as 

all the observations were from the same 99th to 99.5th percentile FFDI days. The end result was a 

single synthetic day for each of the 45 climate zones (Richards et al. 2014) for use in the fire 

behaviour modelling. 

2.2.2 Fire Behaviour Simulations 

This study, which was part of a larger fire behaviour model simulation study commissioned by the 

Tasmania State Fire Management Council (Richards et al. 2014), consisted of 62 repeated 

implementations of the grid of 11,059 ignition points mentioned above, with each implementation 

occurring under a different prescribed burning scenario. For each implementation of this ignition grid, 

hereafter referred to as a series of simulations, the Phoenix Rapidfire (Tolhurst et al. 2008) fire  
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Table 2.2  Summary of synthetic weather inputs for Phoenix Rapidfire simulations 

 Hourly data was sampled from 99-99.5th percentile FFDI days between 1960 and 2012 for each of the 
45 climate stations in Tasmania (see methods). The given percentiles were then used to select hourly 
meteorological variables and create a synthetic weather day for each station. The minimum, mean, 
and maximum values of the conditions at 1pm (the time of ignition) for these 45 synthetic days are 
also listed 

Meteorological Variable Minimum Mean Maximum Percentile (%) 
Temperature (°C)  21 30.1 35 85 

Drought Factor 6.8 8.5 10 Mean 
Wind Speed (km/h) 15.7 25.6 39.2 Mean 

Humidity (%) 15.3 26.4 49.2 15 
Cloud Cover (%) 0 2.1 30 25 

 

behaviour model was used to simulate an ignition at each point. Based on assigned values for 

topographic variables (slope and aspect), fire spread was independently simulated for each ignition 

across the grid of 25 m x 25 m cells between 1pm and 7pm. The fire was assumed to be under the 

influence of the synthetic weather day based on the ignition point’s associated climate zone, 

regardless of whether the fire burned into an adjacent climate zone. Fuel load was estimated based on 

fire history using fuel accumulation curves specific to each vegetation type. These accumulation 

curves were developed using published and unpublished empirical field studies (Richards et al. 2014). 

The fuel loads were derived from these curves as a function of time since the previous fire based on 

fire maps up to 2013 (‘ambient fuel loading’), then varied as described below. Model outputs were 

averaged up to a 200 m x 200 m grid.  

 Fuel loads were varied according to three broad scenarios: (i) a null treatment, (ii) a maximal 

treatment and (iii) 12 implementable prescribed burning plans, as designed by fire managers 

(Richards et al. 2014), spaced over five years (i.e. 60 series of simulations) (see Appendix 3.1). Under 

the null treatment, a series of fire behaviour simulations were performed on a landscape with the 

ambient 2013 fuel load. Under the maximal treatment scenario, the ambient fuel load was modified by 

setting fuel age to zero on all land considered to be treatable by prescribed burning (Figure 2.1b) and 

then a series of simulations were performed. A parcel of land was considered treatable if the 

vegetation type could generally tolerate prescribed burning (based on Pyrke and Marsden-Smedley 
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(2005) and Kitchener and Harris (2013)) and if the land use type and tenure allowed for prescribed 

burning (Richards et al. 2014).  

Under the 12 implementable plans, different areas of the landscape were selected for 

treatment using a number of selection techniques. These techniques were designed by the Tasmanian 

State Fire Management Council using ‘science-based risk management principles’ with the goal of 

being ‘realistic and measurable’ (Richards et al. 2014). Each of the 12 plans simulated treatment of a 

given area of the landscape each year between 2014 and 2018, and a series of simulations were 

performed after each annual treatment. Treatment was simulated by setting the fuel load to zero and 

then allowing fuel to re-accumulate in future years according to the accumulation curves. A key 

feature of these plans is that a number of them were based on a tenure-blind approach: treating areas 

of public and private land indiscriminately. It is important to note that these plans were designed to 

compare the relative effectiveness of different broad fuel management strategies in the Tasmanian 

context and do not represent actual management plans to be implemented. For more details on each of 

the treatments see Appendix 2.1 and Richards et al. (2014). 

For each series of simulations performed under each fuel management scenario, we recorded 

the maximum intensity of all fires to pass through each 200 m x 200 m cell to consider how 

prescribed fire mitigates the upper extremes of fire intensity. Maps were then produced showing the 

geographic pattern of maximum fire intensity across the state under the null and maximal treatment 

scenarios.  

2.2.3 Analyses of Fire Intensity and Presence 

We mapped the variables that underpinned our fire behaviour model simulations: vegetation type, the 

extent of treatable vegetation, the BOM climate zones and their associated 99th percentile FFDI, and 

digital elevation as a representation of terrain (Figure 2.1). We compared these maps qualitatively to 

look for similar spatial patterns in fire intensity so that we could visually assess which factors most 

were most likely to be driving maximum fire intensity in the simulations. We then used generalized 
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linear models (GLM’s) to investigate the relative importance of the various Phoenix Rapidfire input 

variables in driving fire intensity and probability of fire presence. Due to computing constraints, we 

analysed fire intensity for a subset of 10,297 output cells selected using the random points function in 

ArcGIS. We then removed any points that were overlaying lakes, reservoirs, or watercourses. To 

smooth the slope and aspect data to have the same resolution as the Phoenix output grid we used a 

two-step cubic then bilinear resample in ArcGIS. We then performed a cosine transformation on 

aspect to ensure circular continuity, but as a result, the variable only contained north-south aspect 

information.  

To determine the relative influence of the aforementioned variables on Phoenix model 

predictions of fire presence and intensity we used a two-stage statistical modelling analysis. First, to 

represent fire extent, we modelled the probability of fire presence in a given cell using a binomial 

GLM with a logit link function. Then, we modelled the maximum fire intensity for each cell in which 

fire had occurred using a gamma GLM with a logarithmic link function. In both cases, the response 

variable was modelled as a function of general vegetation type, 99th percentile FFDI (a measure of 

regional climate), topography, and the treatment scenario. A summary of response and explanatory 

variables and their abbreviations is given in Table 2.3. The full models were: 

P(FIRE)~TRT + VEG + TRT*VEG + FFDI + SLP (2.1) 

INTENS~TRT + VEG + TRT*VEG + FFDI + SLP + ASP (2.2) 

To determine the relative explanatory power of each variable, we compared the full models 

with a model for each explanatory variable containing only that explanatory variable. To identify the 

best predictors of fire intensity and presence within the Phoenix model, we ranked the variables using 

difference in Akaike information criterion (ΔAIC) between each model and the full model. We also 

looked at deviance explained by each model. 

To investigate the utility of the more implementable prescribed burning plans in different 

vegetation types, we used a leverage approach similar to that of Price et al. (2015b). Area burnt  
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Table 2.3  Variables used in the modelling of fire presence and intensity in Tasmania to 
determine the effect of fuel treatment  

The two response variables, and the five predictor explanatory variables are listed showing the type of 
data and the abbreviations used in the study 

 Variable Description Type 

Response Variables: 

INTENS Fire Intensity (kW/m) Continuous 

FIRE Presence of Fire Binary 

Explanatory Variables: 

TRT Treatment Scenario (Null=0, Maximal=1) Binary 

VEG General Vegetation Type Categorical 

FFDI 99th percentile FFDI in associated climate zone Continuous 

SLP Slope (degrees) Continuous 

ASP Cosine-transformed north-south aspect Continuous 
 

leverage was defined as the reduction in area of unplanned fires associated with one unit of previous 

prescribed burning within each vegetation type. This was calculated as the negative slope of a linear 

model predicting the area of each vegetation type that burned in each series of simulations as a 

function the cumulative area treated in all previous years. We also introduce a new leverage metric, 

intensity leverage, which is calculated in the same manner as area burnt leverage, except using models 

that predict intensity as a function of cumulative area treated. To calculate these intensities, we used a 

response variable for the linear models defined as the mean of maximum intensities experienced 

within burnt areas in each vegetation type. This metric gives a measure of how much one hectare of 

treated area can reduce the aggregated worst-case scenario fire intensities across the island for each 

vegetation type on a bad fire weather day. To calculate these leverage metrics, we used the results of 

simulations under the 12 implementable prescribed burning plans spaced over 5 years, as outlined in 

Richards et al. (2014), with the outcomes of the 60 series of simulations each representing one data 

point (see Appendix 2.1). All modelling was performed in R (R Core Team 2015). 
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2.3 Results 

2.3.1 Fire Behaviour Simulations 

A striking feature of these fire behaviour simulations is the marked geographic variation in fire 

intensity across the island of Tasmania on a bad fire weather day (99th to 99.5th percentile FFDI) under 

both the null and maximal fuel treatment scenarios (Figure 2.2). This variation largely corresponds to 

vegetation type (Figure 2.1a), and area treated (Figure 2.1b). Based on simulated intensities, 

Tasmania’s vegetation types (Figure 2.3) can be divided into two broad groups: vegetation types with 

a substantial proportion of their area experiencing simulated intensities above the 10,000 kW/m 

threshold, at which the cessation of firefighting is recommended (TWEF, sedgelands, dry eucalypt 

forest, and non-eucalypt forest), and vegetation types with roughly three-quarters or more of their area 

(b) (a) 

Figure 2.2  Geographic patterns of maximum simulated fire intensities in Tasmania with (a) no fuel 
treatment scenario and (b) a scenario in which all treatable fuels were burnt state-wide (see Table 2.3) 
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experiencing only fires below this threshold. Interestingly, in the three extensively treatable 

vegetation types (dry eucalypt forest, sedgelands, and native grassland), the maximal treatment 

reduced intensities substantially, to the point where roughly 65-75% of each of the vegetation types’ 

areas experienced fires below the 4,000 kW/m, at which suppression at the head of the fire is possible. 

2.3.2 Analyses of Fire Intensity and Presence 

The GLMs and multi-model inference identified the relative importance of the various input variables 

in Phoenix Rapidfire in affecting the likelihood of fire presence and fire intensity under the null and 

maximal treatment scenarios (Table 2.4), and provided further statistical support for the effect of the  

 

 

Figure 2.3  Box and whisker plots of maximum simulated fire intensities with maximal planned 
burning compared to no fuels (null) treatment by 10 of the vegetation types used in this study, 
ordered by the median intensity under the null treatment. The lines in the boxplots represent the first 
quartile, median, and third quartile: outliers were removed. The full range of simulated intensities can 
be found in Appendix 2.2. Landscape cells experiencing no fire were not included in the plot. The 
vegetation type saltmarsh and wetlands was excluded, as there were insufficient values to be 
represented by a boxplot 
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Table 2.4  Comparison of the relative importance of fire behaviour model inputs in predicting 
the probability of fire presence and maximum fire intensity using generalised linear models 
(GLMs)  

To assess relative importance, single variable models were compared to the model with the most 
support (first model listed). Models are ranked according to ΔAIC (the difference in Akaike 
Information Criteria between the best model and given model). % Deviance explained is relative to 
the null model and indicates explanatory power. k is the number of parameters in the model. Variable 
abbreviations are defined in Table 2.3 

Model k ΔAIC % Deviance 
Explained 

Probability of fire presence (P(FIRE)) 
 TRT * VEG + FFDI + SLP 24 0 23.1 

TRT * VEG 22 590 21.0 
TRT + VEG 12 1590 17.4 

TRT 2 3866 9.2 
VEG 11 4504 7.0 

FFDI 2 5987 1.7 
SLP 2 6064 1.5 

NULL 1 6470 NA 
Maximum fire intensity (INTENS) 

TRT * VEG + FFDI + SLP + 
ASP 

25 0 38.9 

TRT * VEG 22 2342 27.2 
TRT + VEG 12 3313 22.7 

VEG 11 3318 21.6 
SLP+ASP 3 3643 19.7 

FFDI 2 6379 2.2 
TRT 2 6540 1.0 

NULL 1 6692 NA 

 

maximal fuel treatment. This treatment scenario differentially reduced the probability of fire presence 

in all vegetation types, including in those not subjected to prescribed burning, except highland 

vegetation (Figure 2.4a). By contrast, large, significant reductions in fire intensity (Figure 2.4b) were 

only apparent in the three vegetation types that are considered by managers to be extensively 

treatable. However, in native scrublands, in which half of the area is considered treatable under the 

maximal treatment scenario, there was a small, but potentially significant reduction (Figure 2.4b). The 

statistical modelling revealed the predominant effect of vegetation in driving fire behaviour 

predictions (Table 2.4). It also identified slope and aspect as having important secondary effects on 

fire intensity, but not presence, a result consistent with the McArthur equations that underpin the 
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Phoenix model (Noble et al. 1980). The effects of vegetation, slope, and aspect on maximum fire 

intensity are most apparent for TWEF in Tasmania’s southeast: where high biomass of flammable 

vegetation, which favours moist south facing slopes burned with incredibly high intensities. These 

intensities were not diminished by a maximal prescribed burning treatment (Figures 2.2 & 2.4b).  

(a) 

(b) 

Figure 2.4  Plots showing the effect of vegetation type and maximal state-wide fuel treatment on 
the predicted (a) probability of occurrence and (b) maximum intensity. Bars represent one 
standard error. Predictions are based on the value of the response variable in the full generalised 
linear models in Equations 2.1 & 2.2 when all other explanatory variables are set to their mean 
values (see Table 4) 
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2.3.3 Leverage Analyses 

In contrast to the maximal treatment scenario, the 12 implementable prescribed burning plans, which 

treated much smaller areas of the state (cumulatively 1-25% of the area treated under the maximal 

scenario; see Appendix 2.1), had only a modest effect on fire extent and intensity. We analysed these 

treatment plans using the leverage metric and found that only grasslands, dry forests, non-eucalypt 

forests, and native scrublands exhibited area burnt leverage, with values ranging from 0.2 to 0.28 

(Figure 2.5, Appendix 2.3). These were much lower than estimated area burnt leverage values 

associated with the maximal treatment of roughly 0.5 to 1. While it is not possible to directly calculate 

these latter leverage values, as the maximal treatment has only one data point, we estimated them 

using a ratio of reductions in area burnt (Figure 2.4a) and treatable area (Table 2.1) under the maximal 

scenario. Additionally, only dry forests and grasslands exhibited leverage on the fire intensities, with 

values of 0.0082 and 0.0097 kW/m per hectare burnt. Interestingly, and in contrast to the maximal 

fuel treatment scenario, flammable sedgelands do not exhibit leverage in area burnt or intensity under 

these implementable plans. 

2.4 Discussion 

In this study, we used a fire behaviour model parameterised for typically dangerous fire weather 

(defined as the 99th to 99.5th percentile of the regional FFDI) and a grid of closely spaced ignitions 

across the whole of Tasmania to address three questions: (i) How does fire intensity vary among the 

state’s diverse vegetation types without any fuel treatment? (ii) What is the upper bound of prescribed 

burning, namely, how can a maximal prescribed fire regime in dry eucalypt forest, sedgelands, native 

grassland, non-eucalypt forest, native scrublands, and non-native vegetation, all of which are 

considered by fire managers to be treatable with prescribed burning, reduce the intensity and extent of 

these simulated fires? And (iii) how effective might 12 hypothetical, more implementable prescribed 

burning plans, as proposed by fire managers, be in the state’s different vegetation types? 
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2.4.1 Drivers of Fire Behaviour in Tasmania 

Our simulation modelling suggests that, under dangerous fire weather conditions that occur typically 

three to four times each summer, the geographic pattern in maximum fire intensity across Tasmania is 

most strongly shaped by vegetation type and fuel load, and to a lesser extent, slope and aspect. That 

fire intensity is controlled by these variables reflects the McArthur fire behaviour equations that 

underpin the Phoenix model (Gill et al. 1987). One reason why vegetation was of paramount 

Figure 2.5  Ordination of estimated area burnt leverage and intensity leverage (bars represent one 
standard error) for each of the Tasmanian vegetation types that are considered by fire managers to be 
treatable with prescribed burning. Area burnt leverage is defined as the reduction in unplanned 
burning resulting from one unit area treated through planned burning. Intensity leverage is defined as 
the reduction in intensity in kW/m per hectare treated. Vegetation types not considered treatable 
cannot exhibit leverage and therefore are not included (Table 2.3). Non-native vegetation had a 
negligible amount of area treated, therefore the leverage estimates were not considered reliable 
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importance in affecting fire intensity (Figure 2.4b, Table 2.4) is because the McArthur model predicts 

rate of spread as a linear function of FFDI and fuel load (McArthur 1973; Noble et al. 1980). By 

extension, intensity is calculated as a linear function of FFDI (which we controlled), and fuel load 

squared (Gill et al. 1987). Thus, the fire intensity outputs in our modelling are more sensitive to fuel 

load (and hence vegetation type) (Bradstock et al. 2010). This is a flaw of the McArthur model, as 

empirical studies have suggested the opposite is true, that fire severity is more sensitive to weather, 

especially as the fire weather becomes more severe (Price and Bradstock 2012).  

The negligible effect of regional fire weather identified by the modelling might partially be a 

result of our constraint of using weather inputs derived only from 99th to 99.5th percentile FFDI days 

across Tasmania (8.7-38 FFDI). Such FFDI values are low compared to mainland southern Australia 

where the 99th percentile values can reach the high 50’s in dry eucalypt woodlands (Price et al. 

2015b). It should also be noted that these FFDI values are substantially less than the values of 100+ 

observed during some of Australia’s worst fire disasters (Engel et al. 2013). Still, our range of FFDI 

values represents a substantial variation in moderate and high fire danger days, so it is surprising that 

our fire intensity models are not more sensitive to FFDI, given the primary importance of fire weather 

identified by previous research (Penman et al. 2013; Price et al. 2016). However previous simulation 

studies did not analyse such a diverse suite of vegetation as exists across Tasmania, and this result 

likely reflects the substantial differences in fuel load between Tasmania’s vegetation types.  

2.4.2 Fire Danger in Tall Wet Eucalypt Forest 

Of the five vegetation types used in this study that were considered completely untreatable with 

prescribed burning, four (highland vegetation, rainforest, wetlands, and other environments) 

supported fires mostly or entirely below the 10,000 kW/m threshold at which firefighting must be 

curtailed, the other (TWEF) was found to sustain enormously intense fires. Although the actual 

energy released from these fires has not been accurately determined, they can be very intense (> 

35,000 kW/m), often causing stand replacing fires (Ashton 1976a). This study suggests that the 
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concentration of wet forests in the state’s southeast, including the surrounds of the capital Hobart, 

could result in extremely high fire intensities, regardless of fuel treatment (Figure 2.2). These forests 

are much less well understood than their Victorian counterparts, and there is inadequate data to build 

fuel accumulation curves for Tasmania’s TWEF. As a result, we had to use the default Phoenix fuel 

accumulation curves which were fitted with data from Victorian forests, despite their fundamentally 

different stand structures (Turner et al. 2009).  

2.4.3 Maximal Prescribed Burning Scenario 

Even though the maximal scenario prescribed burning is not operationally implementable, 

understanding its effects is important, as it represents an upper bound on the capability of prescribed 

burning in Tasmania. Though it could never be implemented on a state-wide scale, similar treatments 

could be carried out at much smaller scales, such as around the perimeter of human settlements. We 

found that this maximal scenario had two effects. The first was that this scenario reduced the 

probability of burning in every vegetation type (except highland vegetation). This is an important 

result, as it indicates that a maximal prescribed burning regime has the ability significantly reduce the 

extent of fire, even in landscapes considered untreatable. The pattern of landscape fires has been 

shown to be strongly shaped by vegetation type in Tasmania, which creates self-reinforcing 

vegetation mosaics (Wood et al. 2011). Such mosaics are important for fire management because it is 

possible to manage fuel loads in flammable vegetation, such as sedgeland, thereby providing some 

protection from wildfire occurrence in either vegetation that supports uncontrollable conflagrations, 

such as TWEF, or in vegetation that is highly fire sensitive, such as rainforests, and can be destroyed 

by wildfire (e.g. King et al. 2008). This effect explains why our study found that maximal prescribed 

burning significantly reduced the probability of fire presence in untreated vegetation (Figure 2.4, 

Table 2.4). This has already been shown in sedgelands with prescribed burning protecting fire 

sensitive rainforest (King et al. 2008).  
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The second effect of the maximal prescribed burning scenario was that large reductions in 

maximum intensity only occurred in the three vegetation types that are considered to be extensively 

treatable through prescribed burning (dry eucalypt forest, sedgelands, and native grassland; Figure 

2.4). This suggests, that even under a best-case scenario, prescribed burning does not have the ability 

to reduce fire intensities in vegetation that is untreatable by prescribed burning. This is especially 

problematic in TWEF, where prescribed burning is not possible and fires have the potential to burn at 

extremely high intensities. This result underscores the need to investigate alternative fuel treatments 

in such vegetation where prescribed burning is not possible, especially TWEF, for some type of fuel 

reduction treatment will be necessary to reduce fireline intensities.  

2.4.4 Implementable Prescribed Burning Scenarios 

While the maximal scenario provides important insights into the upper bounds of the ability of 

prescribed burning to reduce fire activity, and may provide some insights into the ecological effects of 

intensive, landscape-wide burning practiced by Aboriginal peoples for millennia (e.g. Gammage 

2011), it is not a scenario that could ever be implemented by fire managers. Therefore we analysed the 

effects of 12 more implementable, hypothetical prescribed burning plans, designed by fire managers 

to treat large areas of landscape (see Appendix 2.1). We found that these more realistic, 

implementable plans, were much less effective in reducing fire extent and intensity when compared to 

the maximal scenario. To analyse these implementable plans, we applied the concept of ‘leverage’ 

(Loehle 2004) that is typically used to analyse the effectiveness of prescribed burning with respect to 

reducing the extent of wildfire (Price et al. 2015a). We found that these implementable prescribed 

burning plans exhibited an ability to reduce area burnt (i.e. leverage) in only two of the three entirely 

treatable vegetation types (dry eucalypt forest and native grassland, but not sedgelands), and in two of 

the partially treatable vegetation types (native scrublands and non-eucalypt forest) (Figure 2.5). Our 

estimate of 0.27 for dry eucalypt forest compares to estimates of 0.15-0.3 based on empirical (Price 

and Bradstock 2011; Price et al. 2015b) and simulation (Bradstock et al. 2012) studies in southeastern 

mainland Australia and ~0.25 in the southwest Australian dry eucalypt forests (Boer et al. 2009). 
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There are no previous estimates for temperate Australian grasslands, however area burnt leverage in 

the extensive north Australian savannas has been estimated to be much higher (0.9) than our estimate 

of 0.28 (Price et al. 2012). It is possible that this discrepancy relates to the strong contrasting spatial 

scale of these vegetation types, given that temperate grasslands are now heavily fragmented following 

agricultural development (Romanin et al. 2016).  

These 12 implementable prescribed burning plans treated substantially smaller areas of the 

state than the maximal scenario, and the effectiveness of prescribed burning under these 

implementable scenarios was considerably less. For instance, in vegetation types exhibiting area burnt 

leverage, our leverage values associated with the implementable treatments ranged from 0.2 to 0.28, 

compared to an estimated leverage of 0.5 to 1 associated with the maximal scenario. Similarly, our 

intensity leverage estimates suggest the implementable prescribed burning plans have a limited 

aggregate effect on intensity. To put our estimates in perspective, it would take roughly 100,000 ha of 

treatment in grasslands and 175,000 ha in dry eucalypt forest to reduce the average worst-case fire 

intensity by 1500 kW/m. This suggests that the efficacy of these hypothetically implementable 

prescribed burning plans in reducing the extent and intensity of wildfire is relatively limited compared 

to the maximal treatment. 

Despite a substantial effect of the maximal prescribed burning scenario on fire activity in 

sedgelands, this vegetation type did not exhibit area burnt leverage when we analysed the 12 

implementable prescribed burning plans. This difference appears related to the effects of fuel 

accumulation and the spatio-temporal pattern of treatment in these implementable plans. The 

treatments designed for sedgelands in these plans are characterised by generally large treatment 

blocks (see Appendix 2.1), or by a tendency to be clumped, generally around the infrastructure in the 

state’s west (Richards et al. 2014). These two characteristics had separate, but similar effects on fire 

presence. While spatially clumped treatment blocks may have been effective at protecting human 

infrastructure, they represent a small treatment area, and hence a low probability of a wildfire 

encountering them. Meanwhile, the extremely large treatment blocks seem to be especially ineffective 
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in reducing fire spread and exert an outsized influence on the area burnt leverage calculations in 

sedgelands (see Appendix 2.3). This is likely related to the sedgelands’ high fuel re-accumulation 

rates (Marsden-Smedley and Catchpole 1995a), as large treatment block sizes will result in large areas 

of even-aged fuels, and the fast re-accumulation rates will provide an uninterrupted fuel load on 

which fires can spread. Indeed, area burnt leverage has been shown to be negatively related to fuel 

accumulation rates (Price and Bradstock 2012; Price et al. 2015b). If we remove these large 

treatments from our analysis (2017 and 2018 in plan 5 and 2017 in plan 9; see Appendix 2.1), our 

leverage estimates increase to being slightly positive. This suggests that the effectiveness of 

prescribed burning in Tasmania’s sedgelands decreases as the homogeneity of fuel loads increase. 

Previous simulation research on southwest Tasmanian sedgelands has found the spatial patterning of 

prescribed burning to be critically important in explaining fire activity (King et al. 2008) and that 

leverage decreases as the range of areas treated enlarges (King et al. 2008; King et al. 2013; Price et 

al. 2015a). Simulation research on generic, synthetic landscapes has indicated that a mosaic of small, 

overlapping patches is most effective in reducing area burnt and rate of spread (Finney 2001; Duncan 

et al. 2015). Indeed, this is an approach that most closely matches Aboriginal patterns of fire usage 

(e.g. Trauernicht et al. 2015). However, there is little empirical research on optimal treatment 

patterns, and further research is required to understand how fire spread and intensity is affected by the 

pattern of burning in Tasmania’s flammable sedgelands (e.g. French et al. 2016). 

In this study we also applied the leverage concept to reductions in fire intensity. We found 

that an extensive amount of prescribed burning is necessary to reduce the highest fire intensities on a 

bad fire weather day (Figure 2.5). Even though previous studies have found specific treatments to be 

effective at reducing fire intensity and aiding suppression when a fire encounters a treatment (Billing 

1981; Grant and Wouters 1993; McCarthy and Tolhurst 2001), our study indicates that the aggregate 

effect of this across the island of Tasmania will be quite low, as it would only take one fire 

encountering an untreated area to produce a potentially intense conflagration. Indeed, previous 

simulation studies have suggested that prescribed burning is less effective at reducing intensity than it 

is at reducing area burnt (Bradstock et al. 2012). However, empirical studies have shown fuel load to 
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be among the most important predictors of satellite-derived fire severity (which is correlated with 

intensity) in dry eucalypt forests (Bradstock et al. 2010) and of field-derived fire severity in 

Tasmania’s sedgelands (French et al. 2016). This would suggest that prescribed burning can exhibit 

intensity leverage, and that further empirical study is required. Additionally, as mentioned earlier, our 

intensity leverage metric does not account for the spatial patterning of burning, which has been shown 

to significantly affect fire propagation in Tasmanian sedgelands (King et al. 2008), and more 

generally reduce rates of spread (and hence intensities) in wildfire (Finney 2001). Lastly, our 

pragmatic use of a uniform distribution of ignitions in the simulations may have resulted in an under-

prediction of intensity leverage. In reality, managers can concentrate fuel treatments around areas with 

a high likelihood of ignition. This should result in prescribed burning being more effective at reducing 

aggregate intensities. 

An ordination of both area burnt and intensity leverage estimates indicates that trends in area 

burnt and intensity reductions associated with prescribed burning amongst the four vegetation types 

exhibiting leverage are fundamentally different (Figure 2.5). The result suggests that the effectiveness 

of the implementable prescribed burning plans differs amongst these vegetation types, with the 

greatest effect in native grassland, and the least in sedgelands. However, more research is needed on 

the potential for fine-scale mosaic treatments in altering fire behaviour, especially in this latter 

vegetation type. 

2.4.5 Study Assumptions 

Our study presents repeated simulations of a fire behaviour model across an entire island of some 

68,000 km2, as well additional 12,000 km2 of outlying islands. This is much broader in geographic 

scale and ecological diversity than previous related published simulation studies (Ager et al. 2007; 

Beverly et al. 2009; Carmel et al. 2009; Penman et al. 2013). We acknowledge our approach was 

based on a number of assumptions.  
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First, we simulated ignitions with a uniform distribution across Tasmania, although in reality 

fires are more likely to start around population centres. This was a practical choice given the 

computational and data requirements for simulating from an empirical ignition distribution at a 

regional scale, but we recognise there are limitations to this approach. Importantly, a third of the 

implementable plans were designed to exclusively target areas directly surrounding human 

settlements. By using a uniform ignition grid and saturating the landscape with fire, we nullify the 

advantages of such an approach, as in reality fires are more likely to start around human settlements, 

which should theoretically result in high leverage values associated with these treatments. Indeed, 

using an empirical (as opposed to a random) ignition distribution has been shown to result in 

significant differences in simulated fire size and probability, though this difference is less pronounced 

under extreme weather (Bar Massada et al. 2011). Further modelling, particularly at the local scale, 

should simulate ignitions by sampling from an empirical ignition distribution based on historical 

ignition records.  

Secondly, our use of a single synthetic fire weather day for each climate region, as well our 

limitation of day length to six hours, was a pragmatic decision given computing constraints. This is 

especially problematic in a topographically diverse landscape such as Tasmania, where a highly 

varied topography and steep elevational gradients result in large climactic variation in small areas. 

The limited day length is less of a problem due to our saturation of the landscape with fires rendering 

the size of individual fires less important, but still should be acknowledged. Future modelling should 

sample fire weather from meteorological observations, including the most extreme fire weather 

conditions (namely well above the 99.5th percentile) which were excluded from this study, as well as 

from projected weather under climate change (Grose et al. 2010).  

Lastly, the McArthur model (the basis for forest fire behaviour in Phoenix) was built based on 

over 800 observations of wildfire in the ‘high eucalypt forests’ of New South Wales (Noble et al. 

1980) and the Phoenix model was parameterised using fuel curves describing many Tasmanian 

vegetation types for which empirical fuel loads have not been adequately measured. We suspect 



 
 

2. Simulating prescribed burning and wildfire behaviour in Tasmania 31 
 

inadequate parameterisation of the model may account for the prediction of > 200,000 kW/m fire 

intensities in TWEF, which is well higher than what is considered to be the maximum fire intensity 

possible in eucalypt forests (Gill and Moore 1990). Indeed, the Tasmania Fire Service works under 

the assumption that the Phoenix model generally over-predicts actual fire intensities in wet forests (R. 

Richards, Tasmania Fire Service, personal communication, 29 Oct, 2016). The difficulty in applying 

the Phoenix model to forest types other than those for which it was developed has been previously 

recognized. The McArthur model (which underpins Phoenix) has been found to under-predict rates of 

spread in Western Australian Jarrah forests, especially in extreme weather conditions and dense 

understories (McCaw et al. 2008). The need to develop fire behaviour models suitable for extreme 

weather conditions has been identified as a top research priority in Australian emergency management 

(Bushfire and Natural Hazards CRC 2016). We appreciate that these extra layers of complexity are 

required for more thorough analysis. We recognize that our findings are preliminary, and are based on 

a pragmatic study design balancing complexity against practicality, but they are critical in 

contextualising fire management options in Tasmania. 

2.4.6 Conclusion  

In conclusion, our simulation study has shown that realistic, implementable prescribed burning plans 

to reduce fine fuel loads in fire prone Tasmanian grasslands, sedgelands and dry eucalypt forests have 

little potential to substantially reduce the extent and intensity of wildfires at a state-wide scale. This 

would suggest that area-based prescribed burning targets have little value without some sort of 

strategic implementation or risk reduction framework, as an immense amount of burning would be 

required to achieve state-wide reductions in fire extent and intensity. In contrast, an impractical 

“maximal” scenario shows that unrealistically intensive prescribed burning could reduce the extent 

and intensity of fires in these vegetation types, as well as the extent of fire in other untreated 

vegetation types. While this maximal scenario could never be implemented at a state-wide scale (the 

implementable plans represent a range of roughly 1-25% of the area treated by the maximal scenario), 

its effectiveness suggests that intensive, localised prescribed burning plans could be used for 
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protecting assets or targeting areas of high risk. However, any benefits from such prescribed burning 

must be carefully weighed against the side effects of intensive prescribed burning on human health 

(e.g. Broome et al. 2016). Additionally, we suggest that this research demonstrates the need to 

investigate new fuel treatment techniques, such as spatio-temporal patterns of prescribed burning 

designed to create fine-scale fuel mosaics, or general alternatives to prescribed burning such as 

mechanical thinning. That the effect of prescribed burning varies greatly with vegetation type further 

emphasizes the need for careful planning across the complex vegetation mosaics that characterise 

much of Tasmania. Improved design of prescribed fire regimes will require improved fire behaviour 

models, based on empirical measurement of fuel loads, particularly in TWEF, and assessments of the 

effectiveness of prescribed burning in influencing the behaviour of actual wildfires (e.g. Price and 

Bradstock 2010; French et al. 2016). 
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3.1 Introduction 

 A key concept in fire ecology and pyrogeography is the intermediate fire-productivity model, 

where fire frequency is highest in intermediate-productivity ecosystems (Pausas and Bradstock 2007; 

van der Werf et al. 2008). This occurs because low-productivity ecosystems, such as deserts, are 

regularly dry enough to burn but rarely have enough biomass to do so, whereas productive 

ecosystems, such as rainforest, have high biomass but are rarely dry enough to ignite (Bradstock 

2010). The middle of the productivity spectrum, however, experiences frequent fires given an 

intermediate mix of available biomass and relatively frequent fuel dryness (Pausas and Ribeiro 2013). 

This relationship between fire frequency and productivity shapes the distribution of rainforest, 

savanna, and desert globally (Bowman 2000; Bond et al. 2005; Murphy et al. 2013; Pausas and 

Ribeiro 2013). Within forest biomes, the driest forests and savannas support the most frequent fires, 

as these ecosystems occupy the centre of the global productivity spectrum, whereas wetter forests, 

which are among the most productive ecosystems, experience infrequent fires (Melillo et al. 1993; 

Knapp and Smith 2001; Gavin et al. 2003; Pausas and Ribeiro 2013). In addition to fire frequency, 

fire severity is a key characteristic of a fire regime. Within a vegetation type, fire severity (broadly 

defined as the effect of a fire on vegetation) is generally correlated with intensity (the energy released 

by a fire) (Agee 1993; Keeley 2009). High severity fires destroy most of an ecosystem’s above-

ground biomass, whereas low severity fires typically kill understorey vegetation, but not the canopy. 

Often, fire severity and fire frequency are negatively correlated; ecosystems that burn most often, 

such as savannas, generally do so at low severity (Murphy and Russell-Smith 2010; Steel et al. 2015), 
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whereas ecosystems that burn infrequently, such as rainforests and high-elevation forests, do so at 

high-severity (Hill 1982; Schoennagel et al. 2004). 

 In Australia, eucalypt forests span the productivity spectrum, with contrasting drivers of fire 

and consequently diverse fire regimes (Murphy et al. 2013; Keith 2017). Dry Eucalyptus forests 

typically experience fire every 7-15 years (von Platen et al. 2011), and burn with mixed severities 

(Bradstock et al. 2010), with fire activity being limited by the amount of flammable biomass 

(Fensham 1992). However, the drivers of fire frequency and severity are not well understood in the 

more productive, tall wet Eucalyptus forests (TWEF), which occur in high-rainfall areas from the 

tropics to the temperate regions in Australia (Wardell-Johnson et al. 2017). In their ‘early-mature’ 

stand-development stage, they have a ‘double-canopy’ structure with an extremely tall, ‘hyper-

emergent’ Eucalyptus overstorey (up to 100 m) and an understorey composed of broadleaf trees and 

shrubs, which supports a cool, moist microclimate (Tng et al. 2013). On the east coast of Australia, 

these understoreys support many trees and shrubs that are also found in temperate and tropical 

rainforests, but on the west coast no rainforest exists (Wardell-Johnson et al. 2017). These forests are 

among the most carbon dense on the planet (Keith et al. 2009). Older stands of TWEF are rare 

because of extensive logging over the last 150 years and remaining stands are of high conservation 

and scientific value (Dean and Wardell‐Johnson 2010). TWEF have many plant taxa in the 

understorey that are functionally similar to pyrophobic rainforest species, but the overstorey is 

composed of fire-adapted Eucalyptus, indicating the important, but conflicting, role of high- and low-

severity fire in these forests (Ashton 1981). Low-severity fires in TWEF kill the understorey but leave 

the canopy intact, creating poor conditions for regeneration of Eucalyptus (Benyon and Lane 2013), 

but maintain structural complexity (Ashton 2000). On the other hand, high-severity, canopy-

defoliating fires play an important role in TWEF because Eucalyptus trees generally require large 

canopy openings to regenerate (Ashton 1981). In some TWEF, the dominant eucalypts are post-fire 

vegetative ‘resprouters’, that can survive multiple intense fires (Collins 2020), and hence have a 

multi-aged structure (Turner et al. 2009). Further, some of these resprouters can regenerate 

prolifically in the absence of canopy gaps (Wardell-Johnson 2000). By contrast, other TWEF are 
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dominated by obligate seeders, which do not resprout after canopy-defoliating fire, but instead 

produce profuse seedling regeneration, and subsequently are thought to form single-aged stands 

(Ashton 1976a). However, even in forests dominated by obligate seeders, stands can be multi-aged 

(Bowman and Kirkpatrick 1986; Bradshaw and Rayner 1997; Ashton 2000; Lindenmayer et al. 2000), 

which suggests that low-severity surface fires may not be uncommon (McCaw et al. 2002; Campbell 

and Clarke 2006; Tng 2019).  

Despite the occurrence of low-severity fires in TWEF, they have received limited attention, 

possibly reflecting an assumption that because regeneration of this system is usually triggered by high 

severity fire, low-severity disturbances are less important (Ashton 1976b). This assumption is 

operationalised through the near-exclusive use of clearfell-burn-and-sow silviculture (Florence 2004), 

where logging is followed by high-intensity burns to stimulate regeneration (Attiwill 1994b; 

Stoneman 2007). Nonetheless, low-severity fires have been shown to reduce fuel loads in some 

TWEF (McCaw et al. 1996), and create important wildlife habitat (Lindenmayer et al. 2000; Berry et 

al. 2016). Here, we investigate how climate shapes the likelihood of both high and low severity fires 

in early-mature TWEF. In particular, we ask: (a) how often are early-mature TWEF fuels dry enough 

to burn? (b) What is the relative frequency of low- and high-severity fire? and (c) How does this vary 

across the continental (and climatic) range of this ecosystem Answering these questions is important 

in understanding the range of variability in the fire regimes of this ecosystem, thereby informing fire 

and forest management. It also helps illuminate how climate change may alter fire regimes, for 

example by increasing the likelihood of flames of surface fires reaching the canopy and becoming 

high severity fires. 

To answer these questions, we undertook a continental-scale analysis of fuels, microclimate, 

and historical climate records using a network of permanent plots: the TERN Ausplots-Forests 

network (Wood et al. 2015a). This plot network (hereafter Ausplots) consists of 48 permanent plots 

across 7 macroecological and 4 climatic regions (defined below). The Ausplots are located in TWEF 

stands in the ‘early-mature’ stage of forest stand development (Mifsud 2003). At each of the TERN 
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plots, we measured fuel load and structure. We recorded the understorey microclimate using data 

loggers and analysed historical fire weather observations from nearby meteorological stations to 

assess how often TWEF has been dry enough to burn over the past 50 years, as explained below. We 

then combined fuels and climate data to predict the likelihood of low- and high-severity fires on days 

in which these forests were available to burn. To do this, we used the McArthur fire behaviour 

equations, which underlie a model routinely used by fire managers in these ecosystems to predict 

flame height and rate of spread (Noble et al. 1980; Cruz et al. 2014; Neale and May 2018). We 

operationally defined low-severity fires as fires that leave the canopy intact, and high-severity fires as 

Figure 3.1  Study Sites 

Map of the locations of the 48 permanent plots in the TERN Ausplots Forests Monitoring Network. Fire-
weather climate regions (as described by Williamson et al. (2016b)) are given, and shaded based on the 
their Kӧppen climate zone as defined by Kottek et al. (2006). Macroecological regions are shown in the 
insets with corresponding labels in the centre map 
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those that consume or scorch the canopy. Finally, unplanned fires occurred after fuel measurements in 

eight plots spread across the macro-ecological range of TWEF, and we utilised this opportunity to 

validate our prediction of flame height. 

3.2 Materials and Methods 

3.2.1 Study System 

This study focuses on tall wet Eucalyptus-dominated forests (TWEF), defined here as forests that are 

dominated by eucalypts (Eucalyptus spp., Angophora spp., and Corymbia spp.) that are > 30 m in 

height and have a canopy cover of 30-70% (Tng et al. 2012; Wardell-Johnson et al. 2017). TWEF 

occur on moderately fertile soils in high-rainfall areas with mean annual precipitation (MAP) ranging 

from 900-3500 mm (Tng et al. 2012). They are generally distributed in a discontinuous arc around 

southern and eastern Australia and represent roughly 4% of the continent’s forested landscape. Their 

climate ranges from tropical in the north east, to temperate-marine in the southeast, to Mediterranean 

in the southwest (Figure 3.1;Wood et al. 2015a).  

3.2.2 Ausplots Forests Monitoring Network 

The TERN Ausplots Forests Monitoring Network consists of 48 1-hectare permanent plots across 

Australia. These plots are 100 m x 100 m, subdivided into 20 m x 20 m subplots. The network was set 

up as a nationwide permanent plot network to investigate the macroecological variation in growth 

dynamics and carbon storage in early-mature TWEF. The plots were originally selected to minimise 

the variation in stand age, forest type, and site productivity and hence isolate the effect of climate on  
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Table 3.1  Characteristics of plots across the seven macro-ecological regions 

Summary of the seven macroecological regions. The number of plots, target species, and Kӧppen climate zone (with its associated code in parentheses), as 
defined by Kottek et al. (2006), are given. We also list the mean and the range of plot-level means (in parentheses) for selected environmental and structural 
variables. The maximum height of both eucalypts and non-eucalypts in each region (along with the plot-level range) are also given. Table is adapted from 
Wood et al. (2015a) 

 

Region No. 
Plots 

Target 
Species 

Kӧppen Climate 
Zone (code) 

Elevation 
(m) 

MAT 
(oC) 

MAP 
(mm) 

Canopy  
Cover 
(%) 

Mean Height 
Dominants 

(m) 

Maximum 
 Height 

(m) 
        Eucalypt Eucalypt Non-Euc 
Northern NSW 
(NNSW) 

8 E. pilularis, 
E. grandis 

Moist Subtropical 
(Cwb) 

418 
(75-683) 

16.3 
(15.3-18) 

1533 
(1323-1895) 

70 
(48-80) 

53 
(45-59) 

70 
(57-77) 

31 
(19-44) 

Southern NSW 
(SNSW) 

5 E. fastigata, 
E. obliqua 

Temperate Marine 
(Cfc) 

739 
(420-955) 

11.3 
(10-13.1) 

927 
(853-1000) 

63 
(56-71) 

45 
(40-50) 

56 
(49-64) 

12 
(8-21) 

Victoria 
(VIC) 

8 E. regnans Temperate Marine 
(Cfc) 

578 
(337-863) 

11.1 
(10.3-11.7) 

1624 
(1445-1869) 

77 
(68-84) 

66 
(60-74) 

82 
(72-89) 

36 
(22-52) 

Far North Queensland 
(QLD) 

4 E. grandis Wet Tropical 
(Aw) 

1012 
(795-1148) 

19.6 
(18.9-20.5) 

1609 
(1376-1732) 

66 
(55-78) 

36 
(28-41) 

48 
(40-56) 

28 
(17-46) 

Western Australia 
(WA) 

9 E. diversicolor, 
E. jacksonii 

Mediterranean 
(Csb)  

153 
(93-239) 

14.8 
(14.8-15.3) 

1114 
(1006-1204) 

69 
(62-82) 

65 
(40-65) 

64 
(53-77) 

20 
(15-28) 

Low Elevation Tasmania 
(LTAS) 

9 E. obliqua, 
E. regnans 

Temperate Marine 
(Cfc) 

201 
(49-560) 

11.1 
(9.7-12.4) 

1337 
(1139-1477) 

78 
(71-84) 

48 
(39-54) 

61 
(57-66) 

36 
(24-49) 

High Elevation Tasmania 
(HTAS) 

5 E. delegatensis* Temperate Marine 
(Cfc)  

797 
(691-910) 

7.8 
(6.6-8.7) 

1424 
(1309-1723) 

73 
(72-74) 

40 
(33-43) 

48 
(40-52) 

29 
(23-37) 

Ausplots Network 48 - - 476 
(49-1148) 

13 
(6.6-20.5) 

1364 
(853-1895) 

71 
(48-84) 

50 
(28-74) 

63 
(40-89) 

28  
(8-52) 

* Tasmanian E. delegatensis (subsp. tasmaniensis) resprouts in response to fire, unlike its Victorian counterpart subsp. delegatensis. 



 

 
 

3. Bioclimatic Drivers of Fire Severity in Early-Mature Tall Wet Eucalyptus Forest 39 
 

these forests. Therefore, forest stands were chosen on productive sites with a single, tall (> 45 m) 

Eucalyptus overstorey cohort of old, but not senescent, trees. Stands with such characteristics have 

been defined by Mifsud (2003) as being in the ‘early-mature’ stage of stand development. Where 

possible, sites were located in forest that established after a known high-severity fire between 1852 

and 1939, but in regions which had poorly documented recent fire histories, structurally analogous 

sites were chosen (Wood et al. 2015a). Site selection was unbiased by any consideration of fuel loads, 

which were measured after the plots had been established (Wood et al. 2014). The forests containing 

the plots can be grouped into seven general macro-ecological regions: North Queensland (QLD), 

Northern New South Wales (NNSW), Southern New South Wales (SNSW), Victoria (VIC), 

Southwest Western Australia (WA), High-elevation Tasmania (HTAS), and Low-elevation Tasmania 

(LTAS) (Table 3.1; Figure 3.1;Wood et al. 2015a). These macro-ecological regions occupy a range of 

climates, which we describe as temperate marine (LTAS, HTAS, VIC and SNSW) Mediterranean 

(WA), moist sub-tropical (NNSW) and wet tropical (QLD) (Hutchinson et al. 2005; Kottek et al. 

2006; Wood et al. 2015a). For more details on the Ausplots Forests Monitoring Network see Wood et 

al. (2015b) and Wood et al. (2015a). 

3.2.3 Fuels and Vegetation Sampling Protocol 

At each plot, we measured the diameter at a breast height of 1.3 m (𝑑 ) of every live stem with dbh > 

10 cm across the 1-hectare plot. We also measured the height and height to crown base (HCB) of a 

representative sample of all major tree species across their diameter range (see Appendix 3.3.1). To 

measure smaller trees, shrubs, ferns and tree ferns, we set up a 28.3 m transect between diagonally 

opposite corners of four 20 m x 20 m subplots. We measured 20 plants along each transect using a 

variable-area subplot selection procedure (see Appendix 3.3.1). At two points on each transect we 

used a 1 m x 1 m quadrat to destructively sample dead fuels in the surface layer (forest floor) and live 

fuels in the near-surface layer (all non-woody forbs, graminoids, vines, and bryophytes, not including 

ferns). We did this according to the TERN Ausplots Survey Protocol Manual (Wood et al. 2014) and 

used these measurements to estimate total biomass as  
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Table 3.2  Summaries of Eight Low-Moderate Severity Fires in Measured Plots 

Summary of the fires that burned eight plots after initial measurement. We give the potential date 
range during which the plots could have burned and the corresponding range in McArthur Forest Fire 
Danger Index (FFDI) values. The enclosing climate zone of each plot is also listed, along with 
whether it was burned by a wildfire or prescribed burn 

 

 

described below. We also placed three Thermochron and Hygrochron iButton® (Maxim/Dallas 

Semiconductor Corp. Sunnyvale, CA, USA) dataloggers about 0.75 m above the ground in each plot 

to measure understorey temperature and humidity. We provide a detailed description of the fuel 

measurement methodology in Appendix A.3.3.1. 

3.2.4 Measurement of Burnt Plots 

Between 2014 and 2019, low-severity fires burned eight of the 48 plots: two in the wet tropical zone 

(QLD-LR, QLD-HER), five in the temperate-marine zone (HTAS-McK, LTAS-ARV, LTAS-BT, 

LTAS-WS, LTAS-WEL) and one in the Mediterranean zone (WA-SUT)(Furlaud and Bowman 2020). 

Summaries of these fires are presented in Table 3.2. We returned to these plots approximately 10 

months after the fires and measured the char height on the stems, a good surrogate for flame height 

(Alexander and Cruz 2012), of all canopy trees within 15 m or 17 m of each transect, or within the 

subplot containing each transect, depending on the density of stems. 

Plot Name Climate Zone Fire Type Potential Burn Date Range  
(Local Time) 

Potential 
FFDI Range 

HTAS-McK Temperate 
Marine (Cf) 

Wildfire 23/01/2016 13:57 - 24/01/2016 15:20 1-6 

LTAS-ARV Temperate 
Marine (Cf) 

Wildfire 21/01/2019 15:34 - 22/01/2019 15:05 1-16 

LTAS-BT Temperate 
Marine (Cf) 

Wildfire 24/01/2019 17:00 - 28/01/2019 17:30 1-15 

LTAS-WEL Temperate 
Marine (Cf) 

Wildfire 26/01/2019 15:31 - 27/01/2019 15:12 1-12 

LTAS-WS Temperate 
Marine (Cf) 

Wildfire 28/01/2019 9:00 - 28/01/2019 17:30 4-7 

QLD-LR Wet Tropical 
(Aw) 

Prescribed 
Burn 

28/10/2014 9:00 - 28/10/2014 18:00 3-20 

QLD-HER Wet Tropical 
(Aw) 

Prescribed 
Burn 

11/08/2015 0:00 - 13/08/2015 20:00 1-15 

WA-SUT Mediterranean 
(Csb) 

Prescribed 
Burn 

20/01/2017 9:00 - 20/01/2017 18:00 1-6 
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3.2.5 Data Analysis 

3.2.5.1 Fuel Loads 

We estimated the mass (i.e. fuel load in t/ha) of dead fine fuels (namely, leaves, branches and stems < 

1.5 cm in diameter) in the surface layer, and of living fuels in the near-surface layer, directly from 

their corresponding masses in the quadrats. We estimated the biomass of live fine fuels (leaves and 

twigs < 1.5 cm diameter) in the 20 smaller plants we had measured, along with that of the large (> 10 

cm 𝑑 ) trees and shrubs, using allometric equations. Twelve equations, one for each of the 12 growth 

form classes recorded in the plots, were used to predict an individual’s biomass from its 𝑑 , basal 

diameter (𝑑 ), and/or height (ℎ𝑡) (Table A.3.1 in Appendix 3.1). We utilised published equations 

where available, and developed our own equations for tree ferns and understorey trees from published 

data (Table A.3.1; Kieth et al. 2000; Beets et al. 2012; Fedrigo et al. 2014; Falster et al. 2015; Paul et 

al. 2016; Paul and Roxburgh 2017).  

For subsequent analyses we divided the fuels into four categories: surface fuels, elevated 

layer, sub-canopy and canopy, as follows. We combined fuel load estimates from the surface and 

near-surface layers, along with from ground ferns measured along the transect, into a single mass, 

referred to as the ‘surface fuels’, as these fuel components usually burn together (Hines et al. 2010). 

We considered all other small plants measured along the fuel transects to compose an ‘elevated layer’. 

We lastly divided the large overstorey plants (i.e. ≥ 10 cm 𝑑 ) into a ‘canopy’ (trees from the genera 

Eucalyptus and Corymbia) and a ‘sub-canopy’ (all other species), to reflect the double-canopy 

structure of these forests (Tng et al. 2012). The elevated layer and sub-canopy together form what is 

commonly referred to as the live understorey, but we considered these two layers separately to 

account for their different roles in driving fire behaviour (Hines et al. 2010). We calculated fine fuel 

loads for each of these layers. To represent vertical connectivity, we calculated the combined gap 

height between layers, namely the sum of the distance between the mean elevated plant height and 

mean sub-canopy HCB, and the distance between the mean sub-canopy height and the mean canopy 
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HCB. For a more detailed description of measurement methods, see the TERN Ausplots Survey 

Protocol Manual (Wood et al. 2014). 

3.2.5.2 Prediction of Historical Fuel Moisture and Fire Weather 

To determine the conditions under which fires could have burned historically, we imputed the number 

of times surface fuels were available to burn between 1960 and 2011 and described the fire weather 

when this was the case. We estimated fuel dryness (and hence availability to burn) using fuel moisture 

index (FMI; a simplified model to represent fuel moisture based on temperature and humidity; 

Sharples et al. 2009b), of the understorey microclimate, using observations from our dataloggers. 

Figure 3.2  Flow Diagram of Modelling Approach 

Flow diagram overviewing our approach to predict the historical frequency with which low- and 
high-severity fires were possible in TWEF. We used a combination of field-collected data (green 
boxes), observed (blue rounded boxes) and modelled (blue oval) meteorological data, and fire 
behaviour and fuel moisture models (red diamonds). We estimated sequentially: (a) meteorological 
predictors of surface fuel availability to burn, (b) frequency of historical days in which surface fuel 
were available to burn, and (c) flame height on such days. The date range on top indicates the time 
period represented by the data and modelling approaches shown below it  

 

Fuel load 
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Eucalyptus litter is generally dry enough to sustain a fire front when FMI < 25 (Sullivan et al. 2012; 

Nyman et al. 2015). To estimate the proportion of the period between 2014 and 2016 (when the 

dataloggers were in the forest) in which surface fuels were dry enough to burn, we calculated mean 

daily afternoon FMI (FMIaf; from observations between 12:00h and 20:00h local time) for each 

Ausplot from the dataloggers in the understorey. 

While these estimates quantified fuel dryness for roughly one year, they could not 

characterise historical availability to burn of fuels over a long time period. To do this we needed to 

relate meteorological conditions (for which there are long-term records) to these fuel moisture 

estimates. For this we used a dataset of modelled historical weather in a 12 x 12 km grid (BARRA; 

Jakob et al. 2017, see Appendix A.3.3.2), as it provided weather observations during the time period 

in which we took understorey FMI measurements. However, this modelled dataset was only available 

from 1990 onwards, so to estimate historical availability to burn we used a reliable high-resolution 

historical dataset of meteorological observations (SILO; Jeffrey et al. 2001, see Appendix A.3.3.2), 

which extends to 2011. We used the modelled BARRA data from 2014-16 to estimate the regional 

meteorological conditions (i.e. outside the forest) at which TWEF understorey FMI dropped below 25 

(i.e. surface fuels were dry enough to burn; Figure 3.2a), then used the observed SILO data to impute 

the number of times these conditions occurred between 1960 and 2011 (Figure 3.2b). To ensure this 

substitution was valid, we compared the two datasets for the period of 1990 to 2011 and found a 

minor correction for bias was required, as detailed in Appendix A.3.3.2.  

We then characterised the fire weather on the days in which each plot would have been 

available to burn using daily maximum McArthur’s Forest Fire Danger Index (FFDI; Noble et al. 

1980). The period between 1960 and 2011 included four of Australia’s most catastrophic fire 

disasters: the 1961 West Australian Bushfires (WA), the 1967 Hobart fires (LTAS), the 2009 Black 

Saturday fires (VIC), and the 1983 Ash Wednesday fires (VIC) (Rodger 1961; Solomon and Dell 

1967; Blanchi et al. 2014). We highlighted the weather records from these days for contextualisation. 
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For a more detailed account of our estimation of historical availability to burn and fire weather, see 

Appendix A.3.3.2. 

3.2.5.3 Fire Behaviour Modelling 

We used the estimates derived above, along with empirically derived McArthur’s Mk5 fire behaviour 

equations, to estimate the average number of days per month during the 52-year period in which: (a) 

these forests were dry enough to burn (namely could support fires of any severity) – as described 

above, (b) low-severity fires (which did not damage the canopy) were possible, and (c) high-severity 

crown-defoliating (either through scorch or combustion) fires were possible. The McArthur equations 

predict rate of spread and flame height (not length) of fires as a function of fuel load, fire weather, and 

slope (Noble et al. 1980), and underpin Phoenix Rapidfire, the standard operational fire behaviour 

model for Southeast Australian fire agencies (Tolhurst et al. 2008; Neale and May 2018). We 

estimated flame height from the McArthur equations, along with scorch height using equations 

developed by Gould et al. (1997). On each day between 1960 and 2011 that fuels were dry enough to 

burn, we used surface fuel load and slope estimates from each plot, and daily maximum FFDI to 

predict the maximum flame and scorch heights for each day (Figure 3.2c). If flame heights exceeded 

the measured mean canopy height to crown base for that plot, or if scorch heights exceeded mean 

canopy tree height, we operationally defined this as a day in which high-severity fire was possible. If 

neither of these conditions were met, we defined the day as one in which only low-severity fire was 

possible. For more details on this approach see Appendix A.3.3.4. 

Surface fires can ignite fuels in the elevated layer to cause a ‘coupled fire’, but conditions in 

which this happens in TWEF are virtually unknown. We therefore repeated the same flame height 

estimation procedure assuming combustion of the elevated layer, using an approach similar to the 

Phoenix model. This approach involved adding fuel-load estimates from the elevated layer to 

estimates of surface fuel load to obtain a combined surface-elevated fine fuel load estimate to use in 

flame-height and scorch height predictions (Cruz et al. 2014). This allowed for prediction of flame 
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heights and scorch heights under the two alternative assumptions, that (a) elevated fuels do not ignite, 

and (b) that elevated fuels do ignite. 

To investigate potential bioclimatic drivers of fire severity, we quantified the relationships 

between climate, fuels and fire regime among the seven macroecological regions using regression 

analysis, treating each Ausplot as a data point. To determine the significant drivers of fire regime in 

TWEF, we regressed (i) the relative probability of high-severity fire, and (ii) the number of days when 

high-severity fires were possible, against the following explanatory variables: seasonality of 

precipitation (see Murphy et al. (2013)), mean annual FMI, precipitation:evapotranspiration ratio, 

MAT, MAP, mean daily maximum FFDI, the fuel load and structure variables described above, and 

the percent of obligate seeders in the overstorey. For the regression we used gaussian or binomial 

generalised linear models (GLMs), depending on the response variable.  

3.2.5.4 Validation of Flame Height Predictions 

To validate our predictions of flame height we measured char heights at eight plots that had 

experienced low- to moderate-severity prescribed burns and wildfires (Table 3.2). Given uncertainties 

surrounding the daily activity of large wildfires and remote prescribed burns, we were unable to 

ascertain the exact date and time when these plots burned. We were, however, able to estimate a range 

of possible burn times using information from land managers (Pers. Comm. L. McCaw, K. Goetze, S. 

Ferguson 2017, J. Richley 2020), and hotspot data from the Visible Infrared Imaging Radiometer 

Suite (VIIRS) 375 m thermal anomalies / active fire product (NASA; earthdata.nasa.gov)(Table 3.2). 

To approximate weather conditions at the time of these fires we extracted weather data from these 

range of dates using the same modelled 1.5 km x 1.5 km national grid that we used for the 

microclimate analysis (Jakob et al. 2017) and calculated the minimum and maximum FFDI 

experienced during that period. We then employed the McArthur equations using our pre-fire fuel 

load measurements from these plots to calculate the minimum and maximum flame heights expected 

during this period. This enabled comparison of predicted flame heights with the measured heights of 
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charring on the trees, which can be used as an approximation for observed flame height (Alexander 

and Cruz 2012).  

3.2.5.5 Software 

All statistical and graphical analyses were performed in R (R Core Team, R Foundation for Statistical 

Computing, Vienna, Austria; http://www.R-project.org/). All geographical analyses were performed 

in ArcGIS geospatial software (ESRI Inc., Redlands, CA, USA, www.esri.com).  

3.3 Results 

3.3.1 Vegetation Structure and Fuel Load  

Across the early-mature tall wet Eucalyptus forest (TWEF) domain we found some consistent patterns 

in fuel structure and regeneration strategies (Table 3.3). With the exception of monodominant obligate 

seeder E. regnans forests in Victoria, and resprouter E. delegatensis in Tasmania, sampled stands 

were characterised by a mix of resprouting and obligate-seeding Eucalyptus species (Table 3.3). 

Surface fuels (combined fuel load of the surface and near-surface layers) were fairly consistent across 

the macroecological range of TWEF, ranging between 16-20 t/ha of fuel. The exception to this was 

forests in the Mediterranean climate of WA, where fuel loads were markedly higher (34.8 t/ha; Table 

3.3). By contrast, elevated fuel loads showed more variability, with maximum fuel loads of 64.3 t/ha 

in QLD and minimum fuel loads of 6.2 t/ha in SNSW (Table 3.3). There was also substantial variation 

in the vertical connectivity of live fuels, with the sum of gaps between fuel strata ranging between 4.6 

m in tropical QLD and 21.5 m in temperate-marine VIC (Table 3.3). 

3.3.2 Fuel Moisture and Fire Weather 

Measurements from our understorey microclimate dataloggers between Oct 2014 and Jan 2016 

suggest fuels were below the moisture threshold for combustion (16% water content by weight) for 

44-62 days per calendar year in temperate-marine climates, 88 days in sub-tropical, 117 days in 
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Mediterranean climates, and 153 days in wet tropical climates (Figure 3.3g). We found the best 

meteorological predictor for understorey FMI was screen FMI, namely FMI calculated from modelled 

screen temperature and humidity outside the forest (Figure 3.3). For each region, we then imputed a 

threshold screen FMI (FMIb), namely the modelled screen FMI at which understorey FMI < 25 

(conditions when surface fuels are dry enough to burn), this varied between 8.7-13.1, depending on 

region (Figure 3.3). We found understorey FMI to consistently higher than screen FMI outside the 

forest, though the relationship between the two was non-linear. This indicated that understoreys are 

effective at maintaining high moisture levels, but that this effectiveness is reduced in dry conditions, 

especially in warmer climates (Figures 3.3e-g). 

 We used this imputed regional FMIb (after making a small vias correction to account for 

different data sources; see Appendix A.3.3.3) threshold to estimate the historical availability to burn 

of TWEF fuels between 1960 and 2011. We found that the average number of days per year when the 

surface fuels were dry enough to burn was dramatically less than estimates from our dataloggers from 

the period of late 2014 to early 2016 (Figure 3.3g), indicating the year in which our dataloggers took 

measurements was unusually dry. Historical fuel dryness varied dramatically, both within and among 

climate regions. In the plots in cool, wet temperate-marine Tasmania (HTAS, LTAS), and moist 

subtropical NNSW, surface fuels were available to burn, on avergae, 1-3 days a year between 1960 

and 2011. In the slightly warmer, drier plots in the temperate-marine regions of mainland Australia 

(VIC, SNSW), surface fuels were dry enough to burn 13-16 days per year. In the warmest (tropical) 

and driest (Mediterranean) climate regions, fuels were dry enough to burn 23 and 35 days per year, 

respectively (Figure 3.4). The average monthly number of days available to burn did not exceed 12 in 

any month for any region (Figure 3.5a). Analysis of seasonal timing and length of availability to burn 

revealed substantial regional differences in the sampled TWEF (Figure 3.5a). TWEF in temperate-

marine and Mediterranean climates on mainland Australia were primarily available to burn during the 

austral summer (Dec-Mar), and for smaller portions of the shoulder seasons (Oct-Nov and Apr) in 

WA and SNSW. TWEF in the wet tropics were available to burn between the months of August and 

December, with a higher proportion of days occurring in the early fire season months than in 
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Table 3.3  Fuel loads and vegetation structure 

Mean fuel loads and canopy profile heights for the seven macroecological regions. HCB refers to height to crown base. The relative proportion of eucalypt 
trees that are obligate seeders is also given. The range of plot-level averages is given in parentheses 

Region Surface 
Fuel Load  
(t/ha) 

Elevated Fuel 
Load  
(t/ha) 

Sub-Canopy 
Fuel Load  
(t/ha) 

Canopy 
Fuel Load 
(t/ha) 

% Eucalypt 
Obligate 
Seeders 

Canopy 
HCB (m) 

Canopy 
Height (m) 

Combined Fuel 
Strata Gap 
Height (m) 

LTAS 18.7 
(11.2-28.3) 

17.6 
(5.4-35) 

16.5 
(9-27.6) 

12 
(5.9-18.5) 

23 
(0-7) 

23.3 
(20.5-24.8) 

40.6 
(33.2-44.5) 

12.8 
(9-17) 

HTAS 25.5 
(13.1-58) 

19.7 
(4.7-26.1) 

15 
(2.1-32.9) 

13.9 
(10.3-17.5) 

0 
(0-0) 

17.6 
(16.7-18.4) 

32.2 
(31.5-33.0) 

10.7 
(9.6-11.9) 

VIC 20.8 
(14.5-25.7) 

26.8 
(14.5-47.1) 

10.9 
(0.1-25.3) 

20.2 
(12.8-26.2) 

100 
(99-100) 

35.4 
(30.8-40.7) 

62.6 
(56.6-70.8) 

21.5 
(17.4-26.7) 

SNSW 18.6 
(13.1-22.2) 

6.2 
(0.4-17.4) 

4 
(0-14.9) 

14.3 
(11.5-16.7) 

37 
(4-73) 

16.8 
(16.2-17.8) 

34.4 
(28.6-38.3) 

9.9 
(7-14.7) 

WA 34.8 
(23.9-46.5) 

21.6 
(4.1-62.5) 

5.7 
(0.3-18.2) 

10.4 
(5.4-18.6) 

66 
(4-100) 

20.4 
(10.3-32.3) 

38.7 
(24.5-52.3) 

8.9 
(0.1-17.7) 

NNSW 25.6 
(15.9-31.2) 

14.9 
(6.6-22.7) 

18.3 
(6.9-38.1) 

8 
(4.6-11.5) 

76 
(26-100) 

22.3 
(16.3-27.8) 

44.4 
(33.2-57.6) 

8.1 
(4.7-11.1) 

QLD 16.2 
(10.8-28.3) 

64.3 
(10.7-114.8) 

25.6 
(15.3-39.1) 

4.8 
(4.4-5.1) 

69 
(37-89) 

15.3 
(9.3-17.6) 

30.1 
(21.7-33.0) 

4.6 
(1.7-6) 
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Modelled Screen FMI 

Figure 3.3  Availability to Burn 

Scatterplot of modelled screen Fuel Moisture Index (FMI), and understorey FMI, as measured by 
dataloggers, separated by region. The solid red line represents the expected understorey FMI for a 
given screen FMI according to the NLS regression model. The dashed green line represents FMIb, 
the screen FMI at which the understorey FMI=25, roughly equivalent to the fuel moisture content at 
which Eucalyptus litter can sustain a fire. Model Residual Standard Error (RSE) and the change in 
AIC from the null model (ΔAIC) are also given. The table in (h) represents the percent of days 
during the sampling period (2014-16) in which mean afternoon FMI (FMIaf) and daily minimum 
FMI (FMImin) were less than 25 

 

Region FMIaf FMImin 

 % Days <25 
LTAS 15 29 
HTAS 12 27 
VIC 17 31 
SNSW 26 51 
WA 32 56 
NNSW 24 55 
QLD 42 82 
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temperate-marine climates (Figure 3.5a). Subtropical and Tasmanian TWEF were only rarely 

available to burn, averaging less than thrice per year. In Tasmania this occurred from December-

February, and in the subtropics between September and December. When TWEF surface fuels were 

dry enough to burn, the fire weather they experienced was relatively consistent across all regions, 

mostly within the range of a ‘high’ fire weather danger day, according to the fire danger rating scale 

Figure 3.4  Fire Weather in TWEF 

Box and violin plot representing the distribution of fire weather for each region recorded on days 
between 1960 and 2011 in which surface fuels were available to burn. Blue boxes represent values 
between the 25th and 75th percentiles of selected FFDI values, and the centre line represents the 
regional median. The actual percentage of days during which these fuels were available to burn is 
listed on the bottom of the plot for each region, and box widths are varied proportionally to this 
value.  Black dots represent outliers, defined as 2 times the interquartile range (IQR; 25th-75th 
percentile) above the 75th percentile value. Red dots represent the FFDI record on days of Australia’s 
four worst fire events. Dashed lines represent thresholds above which fire danger ratings are 
classified as “High”, “Very High”, and “Severe” (ACT Emency Services Agency 2009). For this plot 
daily maximum FFDI values were averaged across all stations within a region 
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(ACT Emency Services Agency 2009) (Figure 3.4). Across all regions, FFDI exceeded 40 only on 

99.9th percentile FFDI days, and in tropical QLD and temperate-marine HTAS, FFDI never exceeded 

40. Australia’s four largest fire disasters in that time period all occurred on outlier days with FFDI > 

40, indicating the importance of rare but extreme fire weather causing extreme fires in the TWEF 

(Figure 3.3).  

3.3.3 Flame Height and Fire Severity 

When we modelled flame heights based on surface fuel loads, there were distinct regional trends in 

the likelihood of low- and high-severity fire (Figure 3.5b), indicating that high-severity fire was more 

likely in warmer, drier climates. In the most southerly temperate-marine regions (HTAS, LTAS, VIC, 

SNSW), low-severity surface fires are much more likely than high-severity fires. In Tasmania (HTAS, 

LTAS), in the austral summer months, high-severity, crown-defoliating fire was possible less than 1 

day per month in January and February, and virtually impossible in other months. Meanwhile, low-

severity fire was possible 0.5-1.5 days a month, on average, through the entire austral summer (Figure 

3.5b). Temperate-marine climates on mainland Australia (VIC, SNSW) experienced conditions for 

low severity fires more often, 1-5 days per month in November-March. Conditions for high-severity 

fire here were rarer, occurring less than 3 days a month, mostly in December-March (Figure 3.5b). 

High-severity fire was more likely in hot tropical climates and dry Mediterranean climates. Low-

severity fire and high-severity fire were equally likely in the hottest climate (tropical QLD), with both 

possible 0-4 days per month between August and December. In Mediterranean TWEF, high-severity 

fire was possible 3-12 days a month during the austral summer, with low-severity fire possible less 

than one day a month (Figure 3.5b). While NNSW averaged two days total per year in which fuels 

were dry enough to burn, on those days during which the fuels were flammable, high-severity fire was 

twice as likely as low-severity fire during September-December. We found regional fire weather to be 

the strongest driver of fire severity, with mean annual FFDI explaining 45% of the variation in the 

number of days in which high-severity fire was possible (Figure 3.6a). We also found the observation 

that warmer climates supported more high- 
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(a) 

(b) 

(c) 

Figure 3.5  The seasonality of flammability in TWEF  

(a) Box and whisker plots of availability to burn in each region as represented by the average number of days per month at each plot in which 
surface fuels are dry enough to burn. Boxes represent interquartile range (IQR), and outliers represent values more than 1.5 times the IQR away 
from the boxes.  (b) Monthly relative probability of a low-severity (yellow line) and high-severity (red line) fire on days where fuels were 
available to burn, as averaged across all plots for the region, assuming only surface fuels burned. (c) Monthly relative probability of a low- and 
high-severity fire (as in (b)), assuming elevated fuels burned as well. Coloured shaded ribbons represent the mean plus or minus one standard 
error, and grey bars in the background of (b) and (c) represent the months of the year during which fuel were, on average, dry enough to burn 
more than one day 
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severity fire had statistical significance: the average daily maximum temperature was a significant 

predictor of the relative probability of a high-severity fire (Figure 3.6b), with a pseudo R2 of 0.15. 

However, we found no other strong correlates between fuel or climate metrics and fire severity. 

Although high-severity fires were unlikely in some regions if only surface fuels burned, our 

analysis indicated that if the elevated fuels (live small trees and shrubs in the understorey) ignite, 

high-severity fires became very likely in all regions (Figure 3.5c). Under this assumption, the relative 

probability of a high-severity fire became substantially higher in the cool, southeast temperate regions 

(LTAS, HTAS, VIC, and SNSW), with values ranging from 0.6 to 0.92 in the summer months; 

However, probabilities of low-severity fire remained substantial in the spring months, (0.16 to 0.55 in 

Sep-Nov). In Mediterranean, subtropical, and wet tropical climates, the relative probability of high 

severity fires was close to 1 during the fire season. Regardless of what fuels ignited, the percent of 

days in which high-severity fire is possible was highest in WA, due to its consistently hot, dry 

(a) (b) 

Figure 3.6  Climate and Fire Severity 

Scatterplots of (a) the annual number of days in which high-severity fires are possible vs. the mean 
annual maximum daily FFDI and (b) mean annual daily maximum temperature vs. the relative 
probability of a high-severity fire. The region and climate region of each plot is represented by different 
symbols and colours as indicated. Blue lines represent predictions from (a) a gaussian GLM (b) a 
binomial GLM, with grey ribbons representing one standard error. The ΔAIC (from comparison of the 
full model to the null model) and pseudo R2 from these models are also given 
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summers. Importantly, there was also substantial variation in the probability of low- and high-severity 

fires among plots within a given region (Figure 3.5). 

3.3.4 Validation of Flame-Height Estimation Approach 

When we compared observed flame heights in the eight burnt plots with those predicted under the 

estimated prevailing weather conditions during the time of fire, we found predictions overestimated 

flame height (Figure 3.7). The degree of overprediction was extremely sensitive to fire weather inputs, 

as indicated by the vertical error bars in Figure 3.7 . If each plot burned under the mildest fire weather 

Figure 3.7  Flame Height Estimation Validation 

Scatterplot of mean predicted flame height and mean observed char height for each of eight burnt 
permanent plots in the indicated regions. Flame height predictions were made for every hourly 
observation during which each plot could have burned. Grey vertical error bars represent flame height 
predictions based on minimum and maximum FFDI values, and black bars represent predictions based 
on 25th and 75th percentile FFDI values. Horizontal error bars represent the standard error of measured 
char heights. The dashed line represents a 1:1 perfect agreement, and the dotted line represents the 
point at which flame height prediction is twice as tall as char heights 
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during the potential burn period, our flame height estimates would be roughly accurate. However, if 

the plots burned under the most extreme fire weather during this burn period, predictions were 

roughly 2-5 times higher than actual flame heights. On average, potential predicted flame heights 

were roughly 1.5 times higher than the actual char heights, though this varied regionally, with 

overestimates being much higher in tropical QLD than in other regions.  

3.4 Discussion 

In this macroecological study, we combined fuels data, meteorological observations, and a fire 

behaviour model to estimate the likelihood of low- and high-severity fires across the Australian range 

of early-mature tall wet Eucalyptus forests (TWEF). We found surface and elevated fuel loads were 

universally high, but these forests’ moist understorey microclimate caused them to be rarely available 

to burn. Thus, fire occurrence in TWEF was limited by fuel moisture, not mass. There were clear 

seasonal patterns in both the availability of fuels to burn and expected fire severity across the TWEF 

range. Our fire behaviour modelling, based on surface fuel loads, showed that the coolest, wettest 

forests were most likely to support low-severity surface fires, and the warmest, driest forests most 

likely to support high-severity crown-defoliating fires. However, if we included live understorey 

biomass in the modelling, then high-severity fires became substantially more likely in every region. 

Overall, our modelling suggests a mix of low- and high-severity fire is an integral feature of all 

TWEF. Below we explore the causes of geographic variation in mixed-severity fire across the TWEF 

range, and discuss how this affects forest dynamics and should influence forest management. Finally, 

we consider the implications of climate change for the flammability of these forests.  

3.4.1 Understorey Microclimate in TWEF 

Across the sampled range of TWEF, FMI was several times higher in the understorey of TWEF than 

in modelled conditions outside the forest (Figure 3.3). This effect of understorey microclimate on 

temperature and humidity is supported by previous research in temperate-marine (Cawson et al. 2017) 
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and tropical (Little et al. 2012) TWEF. We found forests in temperate-marine regions, which have 

more prevalent broadleaf mesic understoreys, including rainforest species, were more effective at 

maintaining fuel moisture in dry conditions than those in tropical and Mediterranean regions, where 

sclerophyll and grassy understoreys are more common (Figure 3.3) (Wardell-Johnson et al. 2017). 

The rainforest understoreys that form in late successional stages in eastern TWEF are thought to result 

in reduced flammability when compared to other Eucalyptus forest (Jackson 1968; Ashton 1981), due 

to moister microclimates and the lower flammability of rainforest tree species (Dickinson and 

Kirkpatrick 1985; Little et al. 2012). Dense understoreys also reduce wind speed (Moon et al. 2019) 

that, in concert with moist microclimates, substantially moderate ambient fire weather (Little et al. 

2012), and reduce flame heights. Importantly, our analysis was based on even-aged early-mature 

TWEF (Mifsud 2003; Wood et al. 2017), thereby controlling for stand age effects, but as a result we 

cannot extrapolate our results to dense young, regrowth TWEF, or more structurally-complex multi-

cohort old-growth TWEF; the microclimates of these growth stages are thought to differ markedly 

from those of single-aged early-mature forest (Jackson 1968; Cawson et al. 2017). Studies in the 

northern hemisphere have shown that the structural complexity of older forest understoreys makes 

them more efficient at retaining moisture and buffering temperatures than young re-growth forests 

(Norris et al. 2012; Kovács et al. 2017). While our results show that early-mature TWEF understoreys 

are structurally complex (Table 3.3), the direction of the effect of stand age on microclimate in TWEF 

is still disputed (Cawson et al. 2017; Burton et al. 2019).  

3.4.2 Fuel availability  

At a global scale, fire activity in wetter, productive forests is primarily limited by fuel moisture (Meyn 

et al. 2007; Krawchuk and Moritz 2011). While this has been shown for TWEF using remotely-sensed 

data (Nolan et al. 2016a), we offer the first empirical estimates of fuel moisture across the forests’ 

range (Cawson et al. 2020). Our empirical measurements between 2014 and 2016 (Figure 3.3h) 

predicted fuels to be dry enough to burn much more often during this period than in 1960-2011. This 

discrepancy partially reflects a prolonged drought which preceded extensive fires in Tasmania and 
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Victoria in 2016 (Inspector-General for Emergency Management 2016; Rodriguez-Cubillo et al. 

2020), and possibly a changing climate (Nolan et al. 2016a). We acknowledge our calculation of FMI 

based on temperature and humidity measured in the understorey microclimate is less accurate than 

taking these measurements in the litter pack (Nyman et al. 2015). Our approach, however, is 

supported by empirical verification that surface fuels are, on average, dry enough to burn when 

microclimate FMI < 25 (Sharples et al. 2009b; Nyman et al. 2015) and we offset the loss of accuracy 

by taking a greater number of within and between site measurements than other fuel moisture studies 

in TWEF (Figure 3.3; Nyman et al. 2015; Cawson et al. 2017; Burton et al. 2019).  

3.4.3 Fire Severity 

We estimated flame height and fire severity using the McArthur equations (Noble et al. 1980), due to 

their simplicity, ease of implementation and suitability for our data. While the McArthur model is not 

the most accurate fire behaviour model available for Eucalyptus forests (McCaw et al. 2008; Cruz et 

al. 2014), it is the basis for the most widely-used operation model in Australia (Neale and May 2018), 

and more accurate models (Gould et al. 2008; Zylstra et al. 2016) were incompatible with our fuels 

data. Further, we validated our methodology, finding small, but consistent overestimations of flame 

height, in most cases by 1-2 metres (Figure 3.7). The consistency of this overestimation suggests that 

comparisons between regions are still valid. We also operationally defined high-severity fire using a 

simple comparison of flame and scorch heights to canopy height, an approach designed to enable 

comparative analyses of the relative likelihood of low- and high-severity fires across different forest 

regions. We acknowledge that this represents an oversimplification of the complex processes 

surrounding the development of crown fires (Van Wagner 1977) (especially the role of bark; Ashton 

1981), and their impacts on tree mortality (Benyon and Lane 2013; Collins 2020). These issues are 

complex and poorly understood processes that demand further inquiry.  

Our results highlight the importance of live understorey ignition in driving fire behaviour. 

Elevated fuels in the live understorey have the highest proportion of the forests’ fuel load in most 
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regions (Table 3.3), and their combustion makes canopy scorch or combustion more likely than low-

severity fire activity in all regions (Figure 3.5c). Despite this, the flammability of these live 

understorey fuels is poorly understood. Some rainforest species are known to be less flammable than 

other understorey species in TWEF, which are, in turn, less flammable than the Eucalyptus overstorey 

(Dickinson and Kirkpatrick 1985). The absence of rainforest understoreys is thought to increase fire 

hazard in TWEF in the Mediterranean climate of Western Australia, whereas widespread rainforest 

understoreys in southeastern Australia has been assumed to reduce it (Jackson 1968; Little et al. 2012; 

Clarke et al. 2014a; Wardell-Johnson et al. 2017). While the landscape-scale flammability of live 

TWEF fuels increases dramatically below a wet:dry weight threshold of 100% (Nolan et al. 2016a), 

the conditions under which each of the live rainforest and wet sclerophyll species ignite are poorly 

understood. Due to uncertainty about the ignitability of live understorey fuels, and the inadequacy of 

the McArthur model’s representation of live fuels (Zylstra et al. 2016), modelling results using 

combined surface and elevated fuel loads are likely to be much less accurate than those using only 

surface fuel loads. While the results from the combined modelling underscore the importance of the 

live understorey, their unknown accuracy makes it difficult to use these results to look at inter-

regional trends. However, the modelling of combustion of surface fuels aligns with the assumptions of 

the McArthur model (McArthur 1967), and is sufficiently accurate to discern differences in fire 

severity between regions (Figure 3.7). Below, we only consider these surface fire model results 

(Figure 3.5b), and clearer regional trends emerge.   

The highest intensity fires in Australian ecosystems occur in TWEF (Ashton 1981) (Gill and 

Moore 1990; Murphy et al. 2013), although our modelling suggests that there is considerable 

variation within the TWEF domain. TWEF in the driest climate we sampled (the Mediterranean 

climate of WA) were most likely to support high-severity (and hence high-intensity) fires driven by 

surface fuel combustion 3-12 days a month during the austral summer, and would rarely experience 

exclusively low-severity fire during the summer fire season (Figures 3.5b, 3.8). This reflects a 

combination of a dry, hot climate (Figure 3.4) and exceptionally high surface fuel loads (Table 3.3). 

However, we may have slightly overestimated the probability of high-severity fire in the region, given 
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our overestimates of flame height (Figure 3.7). Low-severity fires are possible in Mediterranean 

TWEF, as the region is subject to regular, intentionally-lit, low-severity fires (prescribed burns) in 

cool weather in the summer and early autumn months (Burrows and McCaw 2013).  

Despite the fact that fire intensity is higher in more productive ecosystems across Australia 

(Murphy et al. 2013), we found the coolest, wettest TWEF in temperate-marine climates (in VIC, 

HTAS, LTAS and SNSW) had the lowest likelihood of high-severity fire, and the highest likelihood 

of low-severity fire (Figure 3.5b). In these forests, high severity fire was possible, on average, less 

than one day per month in the Austral summer (Figures 3.5b, 3.8). Such rare hot, dry conditions can 

lead to very intense fires which can cause stand replacement, especially in forests dominated by 

obligate seeders (Gilbert 1959; Ashton 1976a; Bowman et al. 2014). It is important to note that 

complete stand mortality is an exceptional event, because most temperate-marine TWEF have a 

multiple-aged cohort structure (Bowman and Kirkpatrick 1986; Turner et al. 2009), due to the 

prevalence of epicormic resprouters adapted to survive multiple crown fires (Table 3.1; Burrows 

Figure 3.8  Summary of Regional Fire Severity in TWEF 

Average number of days per month in which high-severity fires (red lines) and low-severity fires 
(yellow lines) were possible between 1960 and 2011 for each climate region. Shaded ribbons 
capture variation between plots, representing one standard error. Austral summer months are in 
bold 
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2013; Collins 2020). However, even obligate seeder stands can be multi-aged (Ashton 2000; 

Lindenmayer et al. 2000), and we found no relationship between the prevalence of obligate seeders 

and the likelihood of a high-severity fire, reinforcing that low-severity fire plays an important role in 

all TWEF, regardless of regeneration strategy of the canopy. In fact, days supporting low-severity 

fires were most common in VIC (1-5 days a month in the summer; Figure 3.5b), where the canopy 

was composed entirely of the obligate seeder E. regnans (Table 3.3). 

Our analyses suggest tropical forests were available to burn 3-6 days a month in the austral 

spring, and importantly were available to burn more days, especially in the initial months of the fire 

season, than the forests in temperate-marine climates (Figure 3.5a). Conditions suitable for prescribed 

burning in tropical forests are generally more frequent than in temperate forests, in part resulting in a 

greater extent of grassy understories (Unwin 1989; Henderson and Keith 2002; Williams et al. 2012a; 

Tng et al. 2014). Our analysis suggested these forests experienced a roughly even mix of days 

supporting high- and low-severity fires (Figures 3.5b, 3.8). We suspect, however, that this model 

prediction is an artefact of our analysis, as crown fires are thought to be unlikely in tropical TWEF, 

due to milder extremes in fire weather (Figure 3.3; Tng et al. 2014). Indeed, our overprediction of 

flame height appeared worse for tropical QLD than in temperate-marine and Mediterranean regions 

(Figure 3.7).  

Our modelling suggests subtropical forests likely experience both high- and low-severity 

fires, but were only dry enough to burn less than one day a month in the austral spring, reflecting the 

region’s lack of distinct seasonal trends in rainfall (Thackway and Cresswell 1995). However, intense 

fires in late 2019, along with our empirical estimates of low fuel moisture in 2015 (Figure 3.3h), 

highlight that these forests may become increasingly at risk to lower fuel moisture and more severe 

fire seasons (Nolan et al. 2016a; Nolan et al. 2020). 
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3.4.4 Mixed severity fire regimes  

An important concept in fire ecology is that of the fire regime, which refers to spatio-temporal 

variation in fire behaviour, along with its effects in a given ecosystem (Gill 1975; Pausas and Keeley 

2009). We have shown that both low- and high-severity fires are likely in TWEF, indicating that these 

forests support what is known as a mixed-severity fire regime, a term generally used to describe North 

American forests, defined by a substantial amount of low-and high-severity fire activity (Agee 1993). 

TWEF share characteristics with other forests with mixed-severity fire regimes (Schoennagel et al. 

2004; Poulos et al. 2018). TWEF contain a mix of Eucalyptus overstorey species with adaptations to 

low-severity fires (thick bark; Waters et al. 2010; Lawes et al. 2013; Ondei et al. 2016), and high-

severity fires (epicormic resprouting and obligate seeding; Nicolle 2006; Waters et al. 2010; Crisp et 

al. 2011; Burrows 2013), which are characteristics shared by a number of North American conifer 

species that experience mixed-severity fire regimes (Roy 1966; Stuart and Scott 2006; Poulos et al. 

2018). Individual fires in TWEF contain a patchy mosaic of low- and high-severity fire activity, even 

after extreme events (Cruz et al. 2012; Ndalila et al. 2018; Rodriguez-Cubillo et al. 2020), which 

matches fire mosaic patterns in mixed conifer forests of the northwest USA (Perry et al. 2011). 

Further, TWEF are characterised by multi-aged forest structures across their range (Bowman and 

Kirkpatrick 1986; Bradshaw and Rayner 1997; Ashton 2000; Lindenmayer et al. 2000; Turner et al. 

2009), as dominant Eucalyptus species can survive high-intensity fires (Collins 2020) or regenerate 

after high- or low-severity fires(Ashton 1976a; Wardell-Johnson 2000).  

More specifically, the fire ecology of TWEF has parallels with similarly gigantic forests 

around the world, such as Sequoia sempervirens, Sequoia giganteum, and Fitzroya cupressoides-

dominated forests of western North America and the southern Andes (Tng et al. 2012). These three 

species experience mixed severity fire as well: regenerating prolifically after high severity fire (Person 

and Hallin 1942; Harvey et al. 1980; Lara et al. 1999), and surviving repeated low-intensity fires, 

such as those frequent fires lit by Native Americans (Swetnam 1993; Veblen et al. 1999; Orville 

2008). Likewise, although E. regnans forests are promoted as exemplars of infrequent, stand-
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replacing fires, there is evidence that infrequent low-severity fires, possibly set by Aboriginal peoples, 

maintained grassy understories prior to European invasion (Ashton 1958, 1981). 

3.4.5 Climate change and management implications 

Our results indicate that the likelihood of a high-severity fire is much higher in TWEF in hotter, drier 

climates than in cooler, wetter climates. These biogeographic differences suggest that the interaction 

between climate, vegetation structure, and weather may substantially increase the probability of high-

severity fires in TWEF as the climate warms (Figure 3.6). The increases in temperature, FFDI and 

extreme weather events in the southeast temperate-marine climates under climate change (Hennessy 

et al. 2005; Fox-Hughes et al. 2014), will likely result in a diminished ability of the understorey 

microclimate to retain moisture (Figure 3.3), and a general higher probability of high-severity fires in 

forests in this region (Figure 3.6). This would be very consequential, as TWEF are among the world’s 

most carbon-dense forests (Keith et al. 2009; Wood et al. 2015a) supporting Australia’s native 

forestry industry (Florence 2004), and supplying water to some of the region’s most densely 

populated areas (Benyon and Lane 2013). Further, increasing frequency of high-severity fire has been 

shown to convert obligate-seeder dominated TWEF to non-Eucalyptus forest (Bowman et al. 2014; 

Bowman et al. 2016a), and the same effect is likely in resprouter-dominated forests (Fairman et al. 

2016), which could reduce the carbon storage of these forests (Williams et al. 2012b).  

The recognition of mixed-severity fire regimes in TWEF underscores the ecological 

imperative of management mimicking both low- and high-severity fire. Such approaches could reduce 

fire risk and support the forest industry while maintaining natural processes. These approaches 

include broadening silvicultural practices beyond the widely-applied ‘clearfell, burn and sow’ (CBS) 

model (predicated on the predominance of high-severity fire) to include practices such as variable-

density thinning (Carey 2003) and dispersed-retention harvesting (Neyland et al. 2009). These 

approaches would create more of the structural heterogeneity that is characteristic of older TWEF 

(Lindenmayer et al. 2000), and reduce the smoke pollution caused by the burning large quantities of 
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logging debris (Bowman et al. 2018). Novel fuel reduction techniques, such as mechanical thinning 

and removal of the understorey (Hurteau and Brooks 2011), “shaded” fire breaks (Agee et al. 2000), 

and candling (i.e. controlled winter burning of hazardous bark; Planned Burning Project 2017), could 

also be implemented to remove pathways for crown fire development through the bark and live 

understorey. Such treatments could allow for more frequent prescribed burning in the understorey in 

temperate-marine TWEF, where it is rarely practiced (except SNSW), especially given the potential 

for widening prescribed burning weather windows in the region (Clarke et al. 2019). 

3.5 Conclusion 

Overall, our results indicate that climatic constraints on fire weather and fuel availability, not fuel 

load, are the key drivers of fire severity in these forests, which has been the general consensus on 

TWEF (Cawson et al. 2020). Fuel loads do not vary substantially between regions (except in 

Mediterranean climates, where they are higher), and the likelihood of high-severity fire is correlated 

with the temperature and fire weather conditions associated with the local climate (Figure 3.6), and 

not strongly correlated with any intrinsic fuel-related factor, including fuel load or the relative 

abundance of obligate seeders. While combustion of the live understorey is a key predictor of fire 

severity, the flammability of these live plants is primarily governed by fuel moisture and hence 

climate (Nolan et al. 2016a). Extrinsic factors (such as climate and fire weather) have been well-

documented to play a dominant role in determining fire severity when compared to intrinsic factors 

(such as fuel load and arrangement), both in TWEF (Bowman et al. 2016a), and in Eucalyptus forests 

more broadly (Price and Bradstock 2011; Penman et al. 2013). This suggests these systems are 

particularly vulnerable to climate change, and given an increased likelihood of high-severity fire in a 

warming climate, need to be managed to reduce this likelihood and make these forests more resilient. 

This can be achieved by greater recognition of the ecological role of low-severity fires in these 

ecosystems. 
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4.1 Introduction 

Intervals between fires shape the structure, floristic diversity and distributional patterns of vegetation 

globally (Bond et al. 2005; Bowman et al. 2009). There is an important feedback between fire 

frequency and post-fire ecological succession, whereby changes in physiognomy and floristic 

composition over time alter the flammability of the ecosystem (Jackson 1968; Enright et al. 2015). 

Theoretical models, called ‘flammability functions’, have been proposed to describe how the risk of a 

subsequent fire changes over time in different ecosystems (McCarthy et al. 2001). For example, in the 

Pinus ponderosa forests of western North America, long fire-free intervals lead to succession to more-

flammable fuel assemblages (Arno 1976), a trend mirroring the ‘Olson curve’ (Olson 1963; McCarthy 

et al. 2001). By contrast, in some southern-hemisphere forests, a ‘moisture model’ has been identified, 

where fire hazard increases immediately after fire, then declines due to the establishment of a mesic 

understorey and moister microclimate (McCarthy et al. 1999; Perry et al. 2010; Kitzberger et al. 

2016).  

Forests with a moisture model flammability function are more vulnerable than those with an 

Olson curve function to landscape-scale changes in age structure and fire frequency (Kitzberger et al. 

2012). In a prime example of such forests, Australian obligate-seeder dominated temperate tall wet 

Eucalyptus forests (TWEF), such changes have been shown to lead to switching to an alternative, 

treeless state (Bowman et al. 2014; Taylor et al. 2014). Unlike most Eucalyptus forests, which are 

dominated by species that vegetatively recover following fire (Bennett et al. 2016), obligate-seeder 
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TWEF can experience fires where all the adults are killed and regeneration is exclusively from 

serotinous, aerial seed banks (Ashton 1976a; Clarke et al. 2015). In the first decades after such a 

stand-replacing fire, it is thought that the dense regrowth is highly combustible due to a dry 

microclimate, but that this flammability decreases with time as canopy height increases and 

succession leads to a less-flammable rainforest understorey (Jackson 1968; Ashton 1981). Regrowth 

obligate-seeder forests are very susceptible to switching to an alternate non-forest state if they are 

burned a second time before the saplings have matured (Bassett et al. 2015; Bowman et al. 2016a). As 

a result, these forests are thought to be at risk of entering a ‘landscape-trap’, where increased 

disturbance from fire, logging, or both, increases the spatial extent of flammable immature regrowth 

forests, making the landscape vulnerable to conversion to treeless vegetation (McCarthy et al. 1999; 

Lindenmayer et al. 2011).  

Changes in fuels and microclimate, along with the associated changes in fire hazard, have not 

been well-documented across the lifespan of TWEF. Thus, there is debate about whether the fire 

hazard function is best described by the moisture model. Fire-history and fire-severity analyses have 

shown that regrowth forest has a higher fire hazard than older stands (McCarthy et al. 1999; Taylor et 

al. 2014), though this has been disputed by some (Attiwill et al. 2014). However, such ‘intrinsic’ 

factors have a relatively small effect on fire severity when compared to fire weather (Bowman et al. 

2016a). Recent field studies have found that some indicators of fire hazard, such as the percent foliar 

cover and percentage of dead fuels in the elevated layer, do not change as TWEF matures, while 

others, such as surface fuel depth and qualitative fire hazard scores (derived from structural attributes 

such as loose bark, bulk density, and vertical continuity of fuels; see Hines et al. (2010)), actually 

increase (Cawson et al. 2018). Similarly, fuel moisture and canopy cover data from a limited number 

of sites have indicated that density of Eucalyptus saplings in regrowth TWEF can create a moister, 

and hence less flammable, microclimate than in older stands (Cawson et al. 2017). Interestingly, 

unlike other Eucalyptus forests, surface fuel load is not thought to be an important driver of 

flammability in TWEF due to their fuel-rich nature (Wood et al. 2015a; Cawson et al. 2020). 
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Therefore, the primary purpose of this study is to investigate how fuels, microclimate, and fire hazard 

change as a stand develops.  

Our study system is a chronosequence of TWEF stands in Tasmania. Tasmanian TWEF is 

characterised by a mix of obligate seeders and resprouters in the overstorey (Turner et al. 2009), 

which is more representative of the Australian TWEF estate as a whole than the better-studied 

Victorian obligate-seeder dominated TWEF described above (Chapter 3; Wardell-Johnson et al. 

2017). Old-growth Tasmanian TWEF support some of the tallest angiosperms on the planet (Tng et 

al. 2012), and intergrade with pyrophobic temperate rainforests (Tng et al. 2013). The highly 

flammable Eucalyptus canopy contrasts with a less-flammable understorey of wet-sclerophyll trees 

and shrubs, and extremely fire-sensitive Gondwanan rainforest trees, creating a complex vertical 

flammability gradient (Kirkpatrick et al. 1988). Post-fire stand development can drive substantial 

changes in the vertical arrangement of fuels, floristics and hence species-level leaf traits, and 

availability to burn of the understorey, all known to be important drivers of flammability (Bradstock 

2010; Zylstra et al. 2016; Cawson et al. 2020). We therefore hypothesised that post-fire stand 

development affects fire hazard due to changes in physiognomy, understorey floristics, and 

understorey microclimate. We quantified these three aspects of TWEF across the chronosequence, 

then estimated fire hazard as the likelihood of a high-severity fire, which we defined as a fire causing 

extensive canopy defoliation (Keeley 2009). Operationally, we defined a high-severity fire as one in 

which modelled flame heights caused canopy scorch or canopy combustion. We focused on high-

severity fires as these simplify stand structure and are likely to cause ecological switching to a non-

forest state in young forests (Bowman et al. 2014; Bassett et al. 2015), whereas low-severity fires, 

which by definition do not affect the canopy, may have a positive ecological effect by maintaining the 

structural complexity of these forests (Ashton 2000; Lindenmayer et al. 2000).  

To assess potential fire severity, we used a combination of field data, modelled climate data, 

and fire behaviour models. We set up 23 permanent plots across a chronosequence of TWEF stands in 

southeast Tasmania, sampling four important stand-development stages defined by Mifsud (2003) and 
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Ashton (1976a): (i) sapling stage, (ii) spar stage, (iii) early-mature stage, and (iv) late-mature stage. 

The sapling stage is marked by dense regeneration of suppressed saplings. The spar stage still 

contains densely stocked stands (~100-150 trees/ha), but has a taller canopy with healthy, conical 

crowns. Stands in the early-mature stage have experienced self-thinning, with stocking decreased to 

roughly 60-100 trees/ha, and have canopy trees that have lost their apical dominance. In the late-

mature stage, only a few senescent canopy trees remain (~5 trees/ha), and a well-developed 

understorey is present. At each of our sites, we measured stand physiognomy, floristics, fuel load, and 

understorey microclimate. We then used these fuels data, along with modelled historical weather 

records, to predict potential flame heights and compare them to canopy height, estimating the 

theoretical probability of a high-severity fire over the last decade. Our analyses allowed us to 

understand how these forests and their fire danger change over time, and better understand the 

ecological stability of a globally rare forest. 

4.2 Materials and Methods 

4.2.1 Study System 

This study focused on the tall wet Eucalyptus-dominated forests (TWEF) of south eastern Tasmania, 

dominated by Eucalyptus obliqua, E. regnans, E. delegatensis, and E. globulus, some of the world’s 

tallest flowering tree species, with mature overstoreys ranging from 40 m to 100 m in height (Tng et 

al. 2012). In Tasmania, TWEF occur on fertile soils, in areas with > 1000 mm mean annual 

precipitation (MAP), and on south-facing slopes and in gullies in areas with 800-1000 mm MAP 

(Kirkpatrick et al. 1988). They are most common in the south east of the island in an area identified as 

having potential for particularly intense fires (Furlaud et al. 2018). 

4.2.2 Site Selection 

We established plots at 23 sites in south eastern Tasmania, sampling four TWEF stand-development 

stages defined by Mifsud (2003) and Ashton (1976a): sapling, spar, early-mature, and late-mature 
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(Figure 4.1, Table 4.1, Appendix 4.1) in four bioclimatic regions which we defined a priori. We 

utilised existing permanents plots in the WARRA LTER Chronosequence Experiment (Turner 2007), 

and established two new sites nearby, to create a network of plots at 12 sites with Eucalyptus-

dominated stands that had established following high-severity disturbances between the years of 1898 

and 2013. We also sampled two additional old-growth sites which have not experienced a disturbance 

since prior to 1850 (Table 4.1). Due to the lack of stand-replacing fires in TWEF in the region since 

1967, we used clearfell-burn-and-sow (CBS) silviculture (Lutze et al. 1999) as a surrogate for high-

severity fires in the sapling stage. We tested the ecological equivalence of these disturbance types by 

comparing sites in the spar stage that had experienced high-severity fires in 1967 and sites that had 

been subject to CBS silviculture in the same year (See Appendix 4.2). 

We selected nine additional sites in stands initiated by either low- or moderate-severity fires, 

where the canopy was either unaffected by the fire or was burned and survived through epicormic 

resprouting, respectively. These sites were in the sapling and spar stand-development stages, and were 

selected following field verification of a candidate list of points randomly generated by a  

A 

B C 

D 

Figure 4.1  Map of plot locations in SE Tasmania.  Locations of 23 newly set-up permanent plots 
(black dots) are overlaid on a digital elevation model map of southeast Tasmania. Elevation is shaded 
as indicated. Four bioclimatic regions sampled in south-eastern Tasmania are highlighted with boxes 
as follows: (A) Warra, (B) Kunyanyi, (C) Forestier, and (D) Tasman 

 



 

 
 

4. Flammability and Stand Development in Tall Wet Eucalyptus Forests 70 
 

 

 

 

Table 4.1  Overview of plots in each stand-development stage and previous disturbance severity class. This includes topographic and environmental variables 
for each category, along with details of the previous disturbance. The height of the largest overstorey tree and the dominant species are also given. We list 
means for each category, along with the range of plot-level means in parentheses. For details of each site, including exact locations, see (Appendix 4.1.) 

Stand-
Develop-
ment Stage 

Previous 
Disturbance 
Severity 

Number 
of Sites 

Region Slope 
(°) 

Elevation 
(m) 

MAT 
(°C) 

MAP (mm) Previous 
Disturbance 
Type 

Year of 
Disturbance 

Maximum 
Overstorey 
Height (m) 

Dominant 
Species 

Sapling High 4 Warra 10 
(7-14) 

148 
(87-155) 

11 1313 
(1202-1358) 

Clearfell 2001-2010 13 
(11-17) 

E. obliqua 

Sapling Moderate 3 Forestier, 
Tasman 

11 
(9-13) 

182 
(118-246) 

11 1034 
(926-1092) 

Wildfire 2003-2013 51 
(49-53) 

E. obliqua, 
E. globulus 

Sapling Low 4 Forestier, 
Kunyanyi 

15 
(7-26) 

256 
(128-359) 

11 985 
(910-1038) 

Wildfire 2001-2013 49 
(37-65) 

E. obliqua, 
E. globulus, 
E. delegatensis, 
E. regnans 

Spar High 2 Warra 9 
(8-10) 

210 
(132-288) 

11 1298 
(1210-1385) 

Wildfire  1966-1967 29 
(29-29) 

E. obliqua, 
E. regnans 

Spar High 2 Warra 15 
(13-17) 

236 
(195-277) 

10 1382 
(1361-1404) 

Clearfell 1966-1966 37 
(36-38) 

E. obliqua, 
E. regnans 

Spar Moderate 2 Kunyanyi 19 
(17-22) 

408 
(402-413) 

9 1159 
(1159-1159) 

Wildfire 1967 37 
(33-41) 

E. obliqua, 
E. regnans 

Early 
Mature 

High 4 Warra 11 
(3-18) 

142 
(60-224) 

11 
 

1360 
(1228-1466) 

Wildfire 1898-1934 51 
(50-52) 

E. obliqua, 
E. regnans 

Late Mature High 2 Warra 17 
(12-22) 

246 
(167-315) 

10 1500 
(1466-1534) 

Unknown Unknown 32 
(26-37) 

E. obliqua 
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Geographical Information Systems (GIS) analysis of fire history (Tasmania Fire Service, Hobart, 

TAS, Australia) and vegetation mapping (TASVEG 3.0; Tasmanian Vegetation Monitoring and 

Mapping Program, Department of Primary Industries, Parks, Water and Environment, Hobart, TAS, 

Australia). These additional sites enabled us to evaluate whether the severity of the previous fire 

influences fuels and future fire hazard.  

To understand where our sites fit in the bio-climatic envelope of Tasmanian TWEF, we 

undertook a GIS analysis to compare the mean annual temperature (MAT) and MAP of our sites to 

those of 1,000 randomly selected points in TWEF across Tasmania. For this task we used TASVEG 

3.0, and MAT and MAP from worldclim v2 (Fick and Hijmans 2017). We conducted a similar 

analysis for the TWEF in the southeast of the state where our sample sites are located.  

4.2.3 Fuels sampling protocol 

We sampled the four fuel layers typical of most Eucalyptus forests (Hines et al. 2010): (i) surface 

fuels, the leaf and twig litter on the forest floor; (ii) near-surface fuels, live and dead fuel touching the 

surface but not lying on it; (iii) elevated fuels, the live shrubs and trees in the understorey; and (iv) 

canopy fuels, the crowns of the tallest trees. At each site, we established three fuel transects radiating 

at 120° angles away from a predetermined point (plot centre). Each transect started 10 m away from 

plot centre. Along each of these transects we measured surface, near-surface, and elevated fuel loads. 

To measure surface and near-surface fuel loads, we set up 1 x 1 m quadrats in two locations along the 

transect tape. Within each quadrat, we collected all the attached vines, live herbs (defined as all 

vascular plants < 1.3 m in height, excluding tree ferns, and all ground ferns), live grasses, dead fine 

fuels (defined as all detached dead material, including twigs < 0.6 cm in diameter). This last category 

constituted the surface layer, and everything else constituted the near-surface layer. We removed all 

collected samples and dried them in an oven at 70°C to a constant weight.  

We considered any woody plant that was > 1.3 m tall, and < 10 cm in diameter at a breast 

height of 1.3 m (𝑑 ), along with all tree ferns, to be in the elevated layer. We split the transect into 
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four 7 m long subsections. In each of these 7 m subsections we measured the five individuals that 

were closest to the transect. We recorded the species of each individual, measured the basal diameter 

(𝑑 ), height (ℎ𝑡) and 𝑑  of each plant > 1.3 m in height. In dense understoreys, we did this only in a 

subsample of 1 or 2 m of each of the 7 m subsections. We then recorded the width of each subsection 

by measuring the perpendicular distance between the two plants farthest from the transect on each 

side. Multiplying this by the subsection length gave us a measurement of the area occupied by the five 

plants.  

Due to time and resource constraints, we only measured the canopy once per site, at plot 

centre. To measure the dimensions and fuel loads of trees in the canopy layer, we sampled all trees > 

10 cm 𝑑  within a specific distance to plot centre. We measured the 𝑑 , ℎ𝑡, and height to crown 

base (𝐻𝐶𝐵) of each tree, and recorded the species. We varied the distance to plot centre so that we 

would sample close to 20 trees at each plot.  

4.2.4 Understorey Microclimate Measurements 

To provide a proxy of the moisture content of fuels in the understorey, we calculated fuel moisture 

index (FMI) (Sharples et al. 2009b) based on temperature and humidity measurements from 

Thermochron iButton® (Maxim/Dallas Semiconductor Corp. Sunnyvale, CA, USA) dataloggers 

placed about 0.75 m above the ground in the understorey. The dataloggers remained in the field for 

roughly one year and took measurements every four hours. 

4.2.5 Data Analysis 

4.2.5.1 Fuel Loads 

We estimated the mass (t/ha) of dead fine fuels (leaves, branches, and stems < 0.6 cm in diameter) in 

the surface layer, and of living fuels in the near-surface layer (living plants < 1.3 m in height), by 

scaling up corresponding masses in the quadrats. We estimated the biomass of live fine fuels (leaves 

and twigs < 0.6 cm diameter, or fronds in the case of tree ferns) in the elevated layer and in the 
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canopy layer using allometric equations. Where possible, we used already published equations, 

otherwise we used published data to develop our own equations for tree ferns and non-eucalypt trees 

(Kieth et al. 2000; Beets et al. 2012; Falster et al. 2015; Paul et al. 2016; Paul and Roxburgh 2017; 

Fedrigo et al. 2019). In total, six equations were used to predict an individual’s biomass from its 𝑑 , 

𝑑 , and/or ℎ𝑡, one for each of the six growth form classes recorded in the plots (Appendix 4.3). For 

our data analyses we considered live fuel loads of the near-surface layer, the elevated layer, and non-

eucalypt trees in the canopy layer together as a single layer, which we called the ‘live understorey’. 

We grouped understorey species into three major classes (Kirkpatrick et al. 1988): wet sclerophyll, 

rainforest, and tree ferns. We also estimated the bulk density of elevated fine fuels by multiplying our 

fuel load estimate by average tree height for each transect subsection. 

We then compared stand physiognomy and fuel load across the different stand-development 

stages and severities of previous disturbance. We modelled fuel loads in the surface layer (FLS) and in 

the live understorey layer (FLLU), along with the bulk density (BD) of elevated fuels both as a function 

of stand-development stage (SDS) and as a function of severity of previous disturbance (Sev). We also 

modelled fuel load as a function of layer to see if either FLS or FLLU were significantly higher than 

one another. We used generalised linear mixed-effect models (GLMMs) using each site and transect 

as nested random effects. We also modelled the height of the understorey-overstorey gap (GUO), the 

difference between mean understorey tree height and mean overstorey HCB, in the same fashion. As 

we only had one estimate of this per site, however, we used generalised linear models (GLMs) with 

no random effects. In both cases, we used a gamma distribution with a log link function. To assess the 

statistical significance of differences between stand-development stages, we performed a χ2 test (or F 

test in the case of the GLM), comparing our models to a null model, to investigate whether SDS or Sev 

had significant explanatory power in these models. For those that did, we used effects plots (Fox 

1987) to determine the relative difference between the mean effect of each stand-development stage 

and previous disturbance severity on the response, and to see which levels of these explanatory 

variables were significantly different from one another.  
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We also modelled the fuel load of each understorey species class to see if the understorey 

floristics changed between different stand developments stages. Due to the zero-inflated nature of the 

data, we used a gamma-hurdle modelling approach, with binomial GLMMs to estimate the occurrence 

of a given fuel type, then a gamma GLMM to estimate the fuel load in sample units where the fuel 

type was present. For the binomial component, our data was prone to quasi-complete separation, 

where a certain fuel type was present at or absent from every sample point in some stand-development 

stages. Such conditions prevent convergence of parameter estimates under standard maximum 

likelihood estimation approaches in binomial models (Albert and Anderson 1984; Abrahantes and 

Aerts 2012). To overcome this limitation we used a two-stage Bayesian approach to parameter 

estimation developed by (Abrahantes and Aerts 2012; Adenuga et al. 2017). The first stage involves 

fitting a fixed-effects model using Firth’s penalised logistic regression (Firth 1993), ignoring any 

random effects. The second stage involves using the parameter estimates from the first stage to define 

a prior distribution for fitting GLMMs in a Bayesian framework (Chung et al. 2013). The prior 

distributions for each coefficient were defined as t-distributions with a mean equal to the equivalent 

coefficient estimate and a scale equal to twice the variance of that estimate as derived from the model 

in the first stage. Once we had modelled the occurrence of each fuel type in the different stand-

development stages, we modelled the fuel load of each fuel type in subplots where it occurred, using 

gamma GLMMs with a log link function. For each of these models we again used a χ2 test, along with 

effects plots, to understand how fuel load and occurrence changed between stand-development stages. 

4.2.5.2 Macroclimate and Understorey Microclimate 

To provide a proxy for the moisture content of fuels in the understorey, we calculated fuel moisture 

index (FMI; Sharples et al. 2009b) based on temperature and humidity measurements taken by the 

dataloggers. We calculated the percent of the year in each region during which daily mean and daily 

minimum FMI was less than 25, considered equivalent to the moisture content (16%) at which 

Eucalyptus litter can sustain a fire front (McArthur 1967; Sharples et al. 2009b; Sullivan et al. 2012). 

We then used local screen temperature and humidity data from the Australian Bureau of Meteorology 
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(BOM) Australian Digital Forecast Database (Bureau of Meteorology 2015) to calculate the 

equivalent local screen FMI outside of the forest (screen FMI). We considered the increase in FMI in 

the understorey compared to the screen FMI to indicate how well the understorey retained moisture. 

We compared this difference among stand development stages. Additionally, for each stand-

development stage, we calculated an understorey moisture coefficient (𝑚𝑐 ), defined as the percent 

increase in FMI in the understorey compared to the screen FMI, which we used to incorporate the 

understorey microclimate effect into our fire-severity analyses as described below. 

 To represent the fire weather characteristics of each site, we used modelled historical weather 

data from 2007-2016 from the BOM BARRA reanalysis project (Jakob et al. 2017). We calculated 

daily maximum values of McArthur’s Forest Fire Danger Index (FFDI) from 2007 to 2016 as follows 

(Noble et al. 1980): 

𝐹𝐹𝐷𝐼 = 1.25𝐷𝐹 × 𝑒[( ) / ]  .   (4.1) 

where (𝑇 − 𝐻)  incorporates the understorey microclimate effect on temperature and humidity in 

each stand-development stage, as measured by our dataloggers, as follows (see Appendix 4.4 for 

derivation): 

(𝑇 − 𝐻) = 40(1 − 𝑚𝑐 ) + 𝑚𝑐 (𝑇 − 𝐻)  (4.2) 

and 

𝐷𝐹 is drought factor 

𝑚𝑐  is the understorey moisture coefficient 

(𝑇 − 𝐻)  is screen temperature (°C) minus screen relative humidity (%) in the open air 

(𝑇 − 𝐻)  is temperature (°C) minus relative humidity (%) in the understorey 

WS is wind speed (km/h) 
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We modelled FFDI as a function of region using GLMs with a gamma distribution and a logarithmic 

link function. We used a χ2 test, combined with an effects plot, to test if there were statistically-

significant differences in fire weather between the four bioclimatic regions. 

4.2.5.3 Flame Height and Fire Severity 

To estimate potential fire severity at each site, we combined the FFDI records from 2007-2016 with 

fuel load data to estimate the probability of high-severity fires over the last decade, by comparing 

estimated potential flame and scorch heights to the canopy height. We used the empirically-derived 

McArthur’s Mk5 fire behaviour equations. These equations predict rate of spread and flame height 

(not length) of fires as a function of fuel load, fire weather, and slope (Noble et al. 1980). They 

underpin Phoenix Rapidfire, the standard operational fire behaviour model for Southeast Australian 

fire agencies (Tolhurst et al. 2008; Neale and May 2018). The equation we used predicts flame height 

as: 

𝑓 = 0.0156 𝐹𝐹𝐷𝐼 × 𝐹𝐿 × 𝑒 . + 0.24𝐹𝐿 − 2 (4.3) 

 

where 

𝐹𝐹𝐷𝐼 is McArthur’s Forest Fire Danger Index 

𝐹𝐿 is fuel load (t/ha) 

𝑠𝑙𝑝 is topographic slope (degrees) 

To obtain a distribution of flame heights that could occur in these forests, we estimated potential 

flame heights at each site, using our fuel load estimates for the surface layer and daily maximum 

FFDI values from all days between 2007 and 2016 exceeding a given percentile FFDI. For our 

purposes, this percentile represents an implicit assumption that these forests can burn in conditions at 

or above this given FFDI percentile. Consequently, this percentile could be considered a proxy for the 

proportion of the year these forests are available to burn. However, the flammability of these forests is 
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poorly understood (Nyman et al. 2015). As a result, we varied this percentile FFDI between the 85th 

and 99th percentile to understand the sensitivity of these flame heights to different potential 

flammability thresholds. We also estimated flame heights of coupled fires, in which surface and 

understorey fuels burn together. For these, we applied an approach similar to the Phoenix model: we 

added our fuel-load estimates for the dead surface fuels and for the live understorey fuels together to 

obtain a single combined surface-understorey fine fuel load estimate. We then repeated flame-height 

predictions using Equation 4.3 to obtain similar distributions of flame heights for such ‘coupled 

surface-understorey fires’.  

We also estimated scorch height (hs) using the equation of Gould et al. (1997): 

ℎ =  sin 𝛼 ×
.  /

.

/

− 12.5  (4.4) 

 

where: 

sin 𝛼 =  
.   

.  ( .⁄ )

/

 (4.5) 

 

and: 

𝐼 is Byram’s fireline intensity as calculated by the McArthur model (kW/m; Byram 1959b; Noble et 

al. 1980) 

𝐹𝐿 is fuel load (t/ha) 

𝑇 is temperature (°C) 

WS is wind speed (km/h). 
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For each site, we estimated the probability of crown fires and extreme crown scorch. To estimate the 

probability of crown fires, we calculated the percentage of days in which the estimated flame heights 

exceeded the 25th percentile height to crown base (HCB), as ignition of the base of the Eucalyptus 

canopy is likely to lead to substantial canopy combustion (Zylstra 2011). To estimate the probability 

of extensive crown scorch, we calculated the percentage of days in which scorch height exceeded the 

95th percentile overall tree height. Because it is unknown how often these forests are available to burn, 

we compared probabilities of both crown fires and crown scorch across assumed flammability 

thresholds of 85th-99th percentile FFDI days. The estimates of flame and scorch heights are both based 

on the McArthur equations and are correlated as a result. However, estimating both allowed us to 

examine two different measures of potential fire severity in these forests in the context of their 

variable fuel structures.  

 We compared the differences in the probability of a high-severity fire among different stand-

development stages and severities of previous disturbance. We again used binomial generalised linear 

mixed-effects models with a χ2 test and effects plots to determine if stand development significantly 

affected the probability of a high-severity fire. We fitted a separate model for each FFDI percentile 

(from 85th – 99th) described above, so that each model predicted the probability of a high-severity fire 

on days with an FFDI greater than the given percentile. As was the case for our models of fuel type 

presence, some of these data had a high-probability of quasi-complete separation, a phenomenon that 

occurred when all estimated flame heights in coupled fires caused high-severity fires in the sapling-

stage stands (at least those initiated by a previous high-severity fire). As a result, for the coupled fires, 

we again used the two-step binomial modelling approach in a Bayesian framework as outlined above. 

For surface fires we used standard binomial GLMMs with maximum-likelihood parameter estimation, 

as quasi-complete separation was not a problem. Due to large variation in the response explained by 

our wide range of FFDI inputs, we used FFDI as an independent offset variable in the models to 

focus on the effects of stand-development stage and severity of previous disturbance. 
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4.2.5.4 Software 

All statistical and graphical analyses were performed in R (R Core Team, R Foundation for Statistical 

Computing, Vienna, Austria; http://www.R-project.org/) using the packages ‘lme4’ (Bates et al. 

2015), ‘logistf’ (Heinze et al. 2013) , and ‘blme’ (Chung et al. 2013). All geographical analyses were 

performed in ArcGIS geospatial software (ESRI Inc., Redlands, CA, USA, www.esri.com).  

4.3 Results 

4.3.1 Environmental Conditions 

Our study sites occupy the warmer and drier end of the bioclimatic niche of TWEF in Tasmania 

(Figure 4.2). Our sites are representative of warmer, lower-elevation TWEF (dark grey dots) that  

Figure 4.2  Location of our study plots in the climate envelope of Tasmanian TWEF. Coloured dots 
indicate the 23 permanent plots in our study, coloured according to stand-development stages. Light 
grey dots represent the range in MAP and MAT of Tasmanian tall wet Eucalyptus-dominated 
forests, based on 5000 points randomly selected from TASVEG. Dark grey dots represent the subset 
of these points located in southeast Tasmanian TWEF 
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Table 4.2  Regional summaries of McArthur’s Forest Fire Danger Index (FFDI). In each plot, 85th-
99th percentile FFDI values were calculated from modelled weather record between 2006 and 2016. 
Regional means (and ranges for the plots within them, in parentheses) are shown for the various 
percentiles, along with the maximum FFDI recorded. See Figure 4.1, Table 4.1 and Appendix 4.1 for 
overview of regions. * indicates that the region’s FFDI profile is significantly different from that of 
Warra (Appendix 4.5) 

 Percentile FFDI Maximum 
Region 85th 90th 95th 99th FFDI 
Warra 6 

(5-7) 
7 

(6-8) 
10 

(8-11) 
16 

(14-19) 
38 

(29-52) 
Forestier* 7 

(6-7) 
8 

(8-8) 
11 

(10-11) 
17 

(17-18) 
52 

(46-62) 
Kunyanyi* 7 

(7-8) 
9 

(9-10) 
12 

(12-13) 
24 

(23-25) 
49 

(46-50) 
Tasman* 7 

(7-7) 
8 

(8-8) 
11 

(11-11) 
20 

(20-20) 
55 

(53-57) 
 

 

border settled areas in southeast Tasmania. While the different stand-development stages are 

independent of any trends in MAT, the older sites tend to be in areas of higher MAP. 

4.3.2 Macroclimate and Understorey Microclimate 

The macroclimate of areas containing TWEF in southeast Tasmania was characterised by generally 

mild fire weather. According to modelled meteorological records, 99th percentile FFDI in these areas 

ranged from 14-25 (high fire danger), and 90th percentile FFDI ranged from 6-10 (moderate fire 

danger; Table 4.2). While the inter-regional differences in FFDI were all statistically significant (F = 

607.59, p < 0.001; Appendix 4.5), the magnitude of these differences was small enough not to create 

confounding effects on flame-height estimates across stand-development stages (Appendix 4.5). Our 

measurements of understorey microclimate indicated that the understoreys of stands in the sapling and 

spar stages were less effective at buffering the effects of open-air weather on fuel moisture than the 

understoreys of the early-mature stands, as is shown by the separation between annual trends in fuel 

moisture index (FMI) (Figure 4.3). On average, FMI is 21% higher in the understorey than in the open 

in sapling-stage stands, 31% in spar-stage stands, and 40% in early-mature stage stands. As a result,  
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Table 4.3  Fuel loads in the three fuel layers and physiognomy metrics, according to stand 
development stage and previous disturbance severity. Mean fuel loads (and range in parentheses), are 
given for each stand development stage and severity of previous disturbance. Values that are 
significantly different than the value in the top row are shown: *p < 0.05 ** p < 0.01 *** p < 0.001 

  Fuel Loads (t/ha) Physiognomy 

Stand-
Development 
Stage 

Severity of 
Previous 
Disturbance 

Surface Live 
Understorey 

Canopy Elevated Fuels 
Bulk Density 

(kg/m3) 

Understorey-
Canopy Gap 

(m) 
Sapling High-Severity 9.2 

(0.6-17.1) 
37.1 

(5.1-116.2) 
4.8 

(0-14.6) 
1.09 

(0.43-2.03) 
2.0 

(0.0-4.3) 
Spar High-Severity 8.7 

(2.8-15.4) 
26.7 

(11.4-47.1) 
13.2 

(4.3-25.8) 
0.24* 

(0.09-0.38) 
4.3 

(0.0-8.3) 
Early Mature High-Severity 13.1 

(7.2-17.4) 
27.9 

(16.5-53.1) 
7.2 

(3.3-14.1) 
0.28* 

(0.04-0.62) 
11.5*** 

(5.9-15.0) 
Late Mature High-Severity 7.4 

(3-13) 
46.4 

(27.7-96.8) 
5.6 

(0-11.2) 
0.48 

(0.15-1.72) 
5.1*** 

(0.8-8.6) 
Sapling Moderate-

Severity 
11.6 

(5.4-17.2) 
20.6 

(5.8-38.8) 
6.2 

(4.2-7.5) 
0.66 

(0.31-1.25) 
8.3 

(6.8-10.5) 
Spar Moderate-

Severity 
13.3 

(10-19.5) 
32.4 

(7.2-72.6) 
10.3 

(9.2-11.4) 
0.51 

(0.15-1.06) 
6.9 

(2.7-10.7) 
Sapling Low-Severity 12.1 

(6-16) 
14.5 

(1.3-70.3) 
18.1 

(6.5-26.8) 
0.41 

(0.07-1.64) 
15.7** 

(6.7-28.9) 
 

Figure 4.3  Daily mean fuel moisture index (FMI) in the forest understorey (red lines) and 
representative local FMI outside the forest (black lines). Daily values were averaged across all plots 
for each of the three stand development classes (a-c). No humidity records exist for late-mature 
understoreys due to equipment failure.  The red rug plot represents days in which daily mean FMI was 
<25 (i.e. Eucalyptus litter can sustain a fire front), while the orange rug plot represents days in which 
daily minimum FMI was <25 
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Figure 4.4  Fuel Loads and vertical structure for the four different stand-development stages, along 
with three different severities of previous disturbance. Horizontal black and grey boxplots represent 
the fine fuel load estimates for each transect in the surface layer, live non-Eucalyptus understorey, and 
Eucalyptus canopy. Boxes denote median, 25th and 75th percentile values. Whiskers represent the 
range of fuel load estimates, excluding outliers more than 1.5 times the interquartile range away from 
the median.  The y-axis represents the vertical position of each fuel layer. Green boxes represent the 
variation in the vertical position of the overall tree height and HCB of the understorey and canopy 
layers as indicated. Note that some transects had outlier estimates > 50 t/ha, which are not displayed 
on this graph, but overall means and ranges are given in Table 4.2 
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fuels are generally drier in sapling and spar stages than in the early mature stage, with Eucalyptus 

litter generally available to burn 35% of the year (i.e. daily minimum FMI < 25) in sapling-stage 

stands, and 17% of the year in spar and early-mature stage stands. 

4.3.3 Fuel Loads 

Surface (χ2 = 2.48, ΔAIC = 3.52, p = 0.48) and live-understorey (χ2 = 3.19, ΔAIC = 0.811, p = 0.2) 

fuel loads did not change significantly between different stand-development stages (Table 4.3; 

Appendix 4.6). The fuel loads in the live understorey (14.5 – 46.4 t/ha) were consistently and 

significantly (χ2= 87.8, ΔAIC = -85.8, p < 0.001; Appendix 4.6) higher than in the surface layer (7.4 – 

13.1 t/ha), with the exception of sapling stage stands recovering from a low-severity fire (Table 4.3). 

4.3.4 Stand Physiognomy and Floristics 

The structure and floristic composition of the sampled forests varied markedly across the different 

stand-development stages (Table 4.3). As stands matured there was a floristic shift from a wet 

Figure 4.5  Fuel loads of live understorey fine fuel types, and overall bulk density of elevated fuels, 
in the four stand-development stages. Boxes represent the 25th percentile, median, 75th percentile, and 
range of estimated fine fuel loads in rainforest trees, wet sclerophyll trees, and tree ferns, and the bulk 
density of the understorey at each site. Boxplots right of the dashed lines represent the same 
distribution of the total bulk density of fine fuels in the elevated layer. Asterisks represent values that 
are significantly different from the Sapling stage as follows: *p < 0.05 ** p < 0.01 *** p < 0.001. 
Detailed results of statistical tests are given in Appendices 4.6, 4.8, and 4.9 
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sclerophyll to a rainforest understorey, with higher likelihoods of rainforest (χ2 = 19.6, ΔAIC = -

14.08, p < 0.001) presence in later stand-development stages (Figure 4.5; Appendix 4.7). We 

measured two important physiognomic variables in these forests: understorey bulk density (BD) and 

the overstorey-understorey gap height (Guo). Following a high-severity fire, BD changed significantly 

across stand-development stages (χ2= 7.9, ΔAIC = -4.23, p = 0.048; Appendix 4.6), initially 

decreasing after the dense sapling stage, then increasing again in the late-mature stage (Figure 4.5, 

Table 4.3, Appendix 4.6). Guo significantly increased from essentially zero in the sapling stage to 6-15 

m in the early-mature stage and 1-9 m in the late-mature stage (F = 9.1, ΔAIC = -1.7, p = 0.01; 

Appendix 4.6, Table 4.3). The only effect of severity of previous disturbance on structure was that Guo 

in the sapling stage was significantly greater following a low-severity than a high-severity fire (F = 

8.8116, ΔAIC = -3.95, p = 0.012; Appendix 4.6). 

4.3.5 Potential Fire Severities 

All except one of our statistical models indicated that a stand’s development stage is a significant 

predictor of fire severity (Appendix 4.8), despite fuel loads not differing significantly. In the sapling 

stage, a short canopy (Figure 4.4), and a dry understorey microclimate (Figure 4.3), meant that fire 

was more likely to be of high-severity compared with the other stages (p < 0.05; Figure 4.6a; 

Appendix 4.8). Here, and in later stages, a coupled-surface understorey fire was almost certain to be 

of high severity, compared with a probability of 0.18 to 0.88 for a surface-only fire being of high 

severity. After the sapling stage, it was essentially impossible for a surface fire to be high-severity 

(Figure 4.6b-d). 

The probability of a coupled surface-understorey fire causing crown fires also significantly 

decreased after the sapling stage (p < 0.05 when the FFDI percentile is < 99%; Appendix 4.8, Figure 

A.4.8.1), from 1 to 0.47-0.88 in the spar stage, 0.09-0.7 in the early-mature stage (Figure 4.7b-c; 

Appendix 4.8). The probability of a crown fire in the late-mature stage increased again to 0.7-1, but 

this was still significantly lower than in the sapling stage. Importantly, the probability of a crown fire 
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(a) (c) (b) (d) 

Figure 4.6  Probability of high-severity occurring on days at or above a given FFDI percentile among different stand-development stages. Only plots that 
experienced a previous high-severity disturbance are included here. Each given point along the x-axis represents model simulations from weather records 
with an FFDI equal to or higher than the given percentile FFDI day. Graphs show the average probabilities of a surface fire reaching the base of the canopy 
(solid red lines), a surface fire causing extensive canopy scorch (dotted red lines), a coupled surface-understorey fire reaching the base of the canopy (solid 
black lines), and a coupled surface-understorey fire causing extensive crown scorch (dotted black lines). Grey ribbons represent one standard error resulting 
from variations in fuel loads. In panels b-d, thick lines represent percentile FFDI days at which the probability of a high-severity fire that are significantly 
different from their equivalent in the sapling stage (p < 0.05) 
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Figure 4.7  Probability of high-severity fires occurring on days at or above a given FFDI percentile, 
according to severity of previous disturbance, for the sapling and spar stages. The average 
probabilities are given for each stand development stage of a surface fire reaching the base of the 
canopy (solid red lines), a surface fire causing extensive canopy scorch (dotted red lines), a coupled 
surface-understorey fire reaching the base of the canopy (solid black lines), and a coupled surface-
understorey fire causing extensive crown scorch (dotted black lines). Grey ribbons represent one 
standard error, thick lines represent probabilities of a high-severity fire that are significantly different 
than their equivalent in stands initiated by a high-severity disturbance (p < 0.05) 
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did not differ significantly among these three later stages (Appendix 4.8). A similar trend occurred in 

the probability of a coupled surface-understorey fire causing crown scorch, with the spar, early-

mature, and late-mature stages having a significantly lower probability of crown scorch than the 

sapling stage, where crown scorch occurred with every flame height we estimated (Figure 4.6, 

Appendix 4.8). Unlike crown fire, the probability of crown scorch was significantly lower in the spar 

and early-mature stages than it was in the late-mature stage (Appendix 4.8). However, this result is 

tenuous, as it assumes the rainforest understorey is just as flammable as other understorey types 

(Figure 4.5), and ignores the effect of understorey microclimate, as we had no data for late-mature 

stands and did not incorporate an understorey microclimate effect in this stage. 

The severity of previous disturbance had a less-pronounced effect than did stand development 

stage on the subsequent probability of high-severity fires (Figure 4.7). In sapling-stage stands, the 

probability of crown scorch decreased following low- and moderate-severity fires due to the existence 

of a mature overstorey, and this difference was significant in most cases (p < 0.05; Figure 4.7a, 

Appendix 4.9). In the spar stage, the probability of crown fires and crown scorch was higher 

following a moderate-severity fire than it was following a high-severity fire (Figure 4.7b), but these 

differences were not statistically significant due to the small number of observations 

4.4 Discussion 

This study presents the first empirical measurements of all live and dead fine fuels, along with 

understorey microclimate, across a chronosequence of stands in Tasmanian TWEF. We used our fuel 

measurements and fire behaviour models to estimate how fire hazard changes with stand 

development, using the probability of flames defoliating the canopy as a severity index. We showed 

that fuel load does not significantly change across stand development stages, and that the combustion 

of the understorey is necessary for high-severity fires in this ecosystem, except in the first few 

decades after a fire. We also found that the composition of the understorey changed with stand 

development, which is likely to additionally reduce the likelihood of high-severity fire: there was an 
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increasing proportion of rainforest species, which are thought to be less flammable than the wet 

sclerophyll species they gradually replace (Dickinson and Kirkpatrick 1985). We also show the 

resulting understorey microclimate to be moister in later-stage stands. As outlined below, our results 

indicate that chronological trends in the flammability of TWEF mirror that of the ‘moisture model’, 

(McCarthy et al. 2001) where fire hazard decreases as the forests develop. Further, our quantification 

of the flammability function for Tasmanian TWEF challenges assumptions about their fire regime and 

indicates the need to update the approach to the management of these forests. 

4.4.1 Fuel Load  

Overall, fuel load did not change significantly between stand-development stages, indicating that fuel 

load is not driving chronological changes in TWEF fire hazard. Forests growing in productive humid 

environments, including TWEF (Murphy et al. 2013; Cawson et al. 2020), have high fuel loads but 

wildfires are limited by fuel moisture (Bradstock 2010; Krawchuk and Moritz 2011; Chapter 3). Our 

results suggest that fuel load re-accumulation after a fire occurs rapidly in TWEF, within the first 

stage of succession (Table 4.3), which has been suggested by multiple other studies (Thomas et al. 

2014; Cawson et al. 2018; Furlaud and Bowman 2020). This is in marked contrast to the typical 

application of the Olson curve to other ecosystems, where a ‘steady-state’ fuel load is reached at the 

end of succession (Olson 1963). This latter, more-typical Olson accumulation pattern is applicable to 

the four other major flammable vegetation types in Tasmania (Pyrke and Marsden-Smedley 2005): in 

dry eucalypt forest (Gould et al. 2011), buttongrass (Marsden-Smedley and Catchpole 1995b), 

grassland (Cruz et al. 2018), and shrubland (Anderson et al. 2015), fuel load increases asymptotically 

with time since fire and has important influences on fire behaviour. 

4.4.2 Stand physiognomy and floristics 

The vertical continuity of fuels, along with understorey bulk density, decreased with stand-

development across the chronosequence, indicative of a shift from a low, dense canopy in the 
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regrowth stages to the tall, open forests characteristic of old-growth TWEF (Ashton 1981). In 

particular, the low, dense crowns of regenerating TWEF are thought to render them particularly 

flammable (Lindenmayer et al. 2009; Taylor et al. 2014), especially as the combustibility of live 

standing fuels is known to be positively correlated with bulk density (Tachajapong et al. 2008). In 

conifer forests, ‘ladder fuels’ (i.e. standing fuels between the surface and the crown) are critical in the 

development of crown fires (Van Wagner 1977; Sturtevant et al. 2004). Vertical continuity of fuels 

has also been postulated to affect flammability of TWEF (Zylstra et al. 2016; Cawson et al. 2020), 

and our measurements show understorey fuels constitute a ‘ladder’ in the sapling and possibly the 

spar stages, but not in later developmental stages (Figure 4.6). Our modelling therefore supports this 

view, suggesting that the combustion of similar ladder fuels in TWEF is necessary for crown damage 

(Figure 4.6).  

In addition to these structural changes, our study documents an increase in rainforest species 

in the understorey of later-stage TWEF. This shift toward rainforest species is thought to reduce 

understorey flammability through a moister microclimate (Jackson 1968; Wood et al. 2011; Little et 

al. 2012) and less-flammable foliage (Crockett et al. 2006). While Dickinson and Kirkpatrick (1985) 

found several rainforest and wet sclerophyll species in Tasmanian TWEF understoreys to be less-

flammable than understorey species in dry sclerophyll forests, no study has explicitly compared the 

flammability of understorey species across a TWEF chronosequence. This is a research priority given 

that species-level leaf traits of this live understorey are a better predictor of fire-severity than surface 

fuel loads (Zylstra et al. 2016). 

We assumed that clearfell-burn-and-sow (CBS) silviculture was functionally equivalent to a 

high-severity fire in stand establishment. Hickey (1994) found few floristic differences between 

Tasmanian TWEF subject to CBS silviculture and high-severity fires, but he only looked at 

understorey species, and did not measure the relative abundance of Eucalyptus vs non-Eucalyptus 

species. Our results suggest that clearfelled sites have a much higher proportion of their fuel in the 

Eucalyptus overstorey than burnt sites, likely due to the reseeding of stands post clearfelling 
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(Appendix 4.2). Given the decreased flammability of the mesic non-Eucalyptus species when 

compared to Eucalyptus species (Dickinson and Kirkpatrick 1985), this difference could be quite 

important. However, given the small sample size, we cannot draw any conclusions, so this question 

warrants additional investigation. Further, while all our sites in stands initiated by either CBS 

silviculture or high-severity fires contained only a single dominant cohort, most TWEF stands have 

multiple cohorts of dominant trees (Turner et al. 2009), indicating that the stand structure created by a 

clearfell is too simple to be representative of Tasmania’s TWEF estate. 

4.4.3 Microclimate 

Understorey microclimate is markedly moister in later stand development stages, with early-mature 

stage stands roughly twice as effective as sapling-stage stands at retaining moisture in the understorey 

(Figure 4.3). Microclimates in old-growth forests are generally maintain much cooler, moister 

conditions in warm conditions than those in regrowth forests (Jackson 1968; Norris et al. 2012). This 

occurs due to the increased efficiency with which structurally- and floristically-diverse understoreys 

dissipate solar energy (Norris et al. 2012; Kovács et al. 2017). We show the development of rainforest 

understoreys in later stand-development stages to be associated with increases in structural and 

floristic diversity (Figures 4.4, 4.5), indicating the importance of these understoreys in moderating dry 

summer conditions. Vegetation type is a key determinant of understorey fuel moisture content 

(Slijepcevic et al. 2018; Burton et al. 2019); indeed, some tropical rainforest understoreys have been 

shown to be moister than nearby eucalypt forests (Little et al. 2012). Meanwhile, in densely-stocked 

regrowth stands, increased water usage likely explains the drier understorey microclimate (Macfarlane 

et al. 2010). Only a few studies, all in Victoria, have measured understorey microclimate across 

different TWEF stand-development stages. While our study is consistent with one of these (Burton et 

al. 2019), and contradicts the other (Cawson et al. 2017), any disagreement probably reflects that 

Tasmania is distinct from Victoria in that rainforest understoreys are much more ubiquitous in 

Tasmanian TWEF (Ashton 1981; Kirkpatrick et al. 1988).  
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4.4.4 Fire Behaviour Modelling and Fire Hazard 

In an influential ecological conceptual model Jackson (1968) posited that fire hazard was high in 

regenerating TWEF stands because of high elevated fine fuel loads, low canopy stature and a drier 

understorey microclimate. He posited that there was a reduced fire hazard in older stands due to 

rainforest understoreys and moister microclimates. The change in fire hazard has been captured by a 

positively-skewed probability distribution function described as the ‘moisture model’ (McCarthy et 

al. 2001), where post-fire understorey succession influences live fuel flammability and microclimate. 

Flammability functions similar to the ‘moisture model’ have been used to describe changes in fire 

hazard following disturbances in other southern hemisphere ecosystems, including Agathis forests in 

New Zealand (Perry et al. 2010), Nothofagus forests in New Zealand and South America (Kitzberger 

et al. 2016), and Eucalyptus forests of the Australian Alps (Zylstra 2018), although the relevance of 

this model has been disputed in Victorian TWEF (Cawson et al. 2018; McColl-Gausden and Penman 

2019). To test the validity of this model, we used our empirical measurements to predict potential fire 

hazard across stand development stages. We compared predicted flame and scorch heights derived 

from fire behaviour models to canopy height to provide an index of potential fire severity and showed 

that this decreased significantly with stand development (Figure 4.6). That our fire hazard index 

decreased with stand succession, but fuel loads did not change, shows that, while the Olson model 

may be adequate to describe fuel load in TWEF, it does not accurately characterise flammability or 

fire hazard. This indicates that fuel load is not driving fire hazard in TWEF, which has been suggested 

previously (Zylstra 2018). Rather vertical continuity of fuels and understorey microclimate, the only 

two other intrinsic factors included in our analysis, caused the reduction in fire hazard: the cooler, 

moister understorey microclimate reduced predicted flame heights (Equations 4.2, 4.3), and the higher 

canopies increased the distance predicted flame heights had to reach to cause crown damage. It is 

important to note that other factors reducing the flammability of later stand-development stages, such 

as floristics and bulk density of the understorey as described above, were not captured in our 

predictions of flame height, hence our fire-hazard estimations are conservative (Figure 4.6). Our 
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results also indicate a lower fire hazard in stands recovering from a low-severity fire (Figure 4.7), 

likely due to the maintenance of a tall canopy (Figure 4.4) and a large gap between overstorey and 

understorey (Table 4.3). This suggests that low severity fires actually maintain structural features of 

TWEF that enhance resistance to high-severity fires, as has been suggested by others (Ashton 2000; 

Lindenmayer et al. 2000). 

We acknowledge our study took a simple approach to estimate fire behaviour in the complex 

fuels of TWEF. The simplifications involved were unavoidable because of the poor understanding of 

the flammability of the different fuels found in TWEF. Overall, the simplifications to our modelling 

approach resulted in flame-height estimations that were essentially a worst-case scenario: namely all 

fuels were available to burn and burned like dead eucalyptus litter, meaning that our approach over-

estimated flame heights. These overestimations represent predictions of a model that was not 

developed for this complex ecosystem, but they do not negate the differences we report in fire hazard 

between stand-development stages. There are, however, caveats to our approach, discussed in the 

following paragraphs. 

First, the McArthur model, which we used to estimate flame heights, is poorly suited for 

TWEF. However, there are no other Australian operational models to estimate flame height that 

incorporate a continuous measure of fuels (Cruz et al. 2015). More recent, improved models require 

either qualitative, categorical hazard scores (Gould et al. 2008), or detailed, species-level 

measurements of leaf traits (Zylstra et al. 2016). The former would not allow for the calculation of a 

continuous probability as presented in Figure 4.6, and we did not have adequate data for the latter. 

The equations represent all fuels with a single tonnes/hectare metric, hence ignoring all the 

physiognomic and floristic variation that is characteristic of TWEF fuels (Noble et al. 1980). In 

addition, the model was calibrated using dead Eucalyptus litter (McArthur 1973), whereas the live wet 

sclerophyll and rainforest trees in the understorey are much less flammable (Dickinson and 

Kirkpatrick 1985; Crockett et al. 2006; Zylstra et al. 2016). Indeed, the McArthur model likely 

overestimates fire intensity in TWEF on bad fire weather days (Furlaud et al. 2018). However, the 
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magnitude of these overestimations is low in Tasmanian early-mature forests (Figure 3.6), and our 

approach likely overestimated the probability of high-severity fire in the late-mature stage due to 

more rainforest fuels and a lower understorey bulk density (Figure 4.5), but estimates of this 

probability were likely most accurate in the sapling stage due to dense sclerophyllous fuels in the 

understorey and a drier microclimate (Figures 4.3, 4.5; Table 4.3). We therefore consider this 

constraint strengthens the case for the use of the ‘moisture model’ to describe the flammability of 

TWEF.  

 Our approach also assumed that all fuels would be available to burn on all days above a given 

percentile FFDI. We used this approach to represent a worst-case scenario in which a fire combusted 

all understorey fuels. We then varied the percentile FFDI to account for sensitivity of potential 

flammability thresholds. The availability of TWEF fuels to burn is much more complicated than this, 

however, as only a portion of the understorey may be dry enough to burn at a given time. Indeed, 

current fire behaviour models are intentionally calibrated to underestimate the amount of fuel in 

TWEF understorey with the assumption that most of it will not be available to burn (Pers. Comm. R. 

Richards, July 2019). While live fine fuel moisture content has been shown to drive fire activity at a 

landscape scale (Nolan et al. 2016a), the actual ignitability of live plants is driven by a complex set of 

eco-physiological factors beyond simply moisture content (Jolly and Johnson 2018). Given the 

potential importance of the ignition of live fuels, both generally (Jolly and Johnson 2018), and in our 

study (Figure 4.6), we argue that future research on the drivers of live fuel flammability is critical.  

Our results also underscore that the Phoenix Rapidfire model (Tolhurst et al. 2008), which is 

the standard operational fire behaviour model for much of southeast Australia, is poorly suited for this 

ecosystem in several ways. These models are built around the McArthur equations, which we used for 

our flame-height estimations, and assume an Olson model flammability function for all vegetation 

types. Our results indicate that future fire behaviour models need to account for the decrease in fire 

hazard that occurs as TWEF age, consistent with the moisture model. Further, as mentioned above, 

McArthur equations consider fuel with a single tonnes per hectare measurement. Therefore, the 
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structural and floristic diversity present in these forests, which likely affects understorey flammability, 

cannot be accounted for by these equations. Lastly, our results show that the flammability of the 

sapling stage is different following low- and high-severity fires, whereas the Phoenix model does not 

make a distinction between these two fire severities in the context of a previous disturbance. We 

suggest that fire behaviour models need to be wholly re-imagined for TWEF, with future research 

focusing on species-level flammability thresholds for the live understorey, and the consideration of 

new fire behaviour models, including both empirical and quasi-empirical approaches (Sullivan 

2009b). A new fire behaviour model (VESTA; Gould et al. 2008) has been developed that considers 

qualitative fuel hazard as opposed to fuel load, and it has been reported to provide more accurate 

predictions of rates of spread (McCaw et al. 2008). However, the model has no way of incorporating 

continuous fuel metrics and has not yet been widely implemented operationally (Neale and May 

2018). 

4.4.5 Ecological dynamics and management 

The changes in fuels and microclimate across the chronosequence suggest that TWEF are vulnerable 

to ecological switching, both to non-forest states in the sapling stage due to repeated fires, and to 

rainforest in the late-mature stage due to fire exclusion (Jackson 1968; Kitzberger et al. 2012). While 

such ecological switching has been documented in obligate seeder TWEF in Victoria (Bowman et al. 

2014) and southwest Tasmania (Wood and Bowman 2012), the abundance of resprouting species in 

Tasmanian TWEF means that these forests are more resistant to stand-replacing fires, and hence 

conversion to non-forest (Burrows 2013). These resprouter forests, however, may still be vulnerable 

to collapse in the face of climate change (Fairman et al. 2016), and the concentration of CBS 

silviculture in small areas (Department of State Growth 2017). The latter may have created a 

‘landscape trap’ (Lindenmayer et al. 2011), where the increased fire hazard of large areas of even-

aged, immature forest renders them vulnerable to demographic collapse caused by high-severity fires, 

especially in the face of increasing ignitions (Perry et al. 2012). This risk is amplified given 

Tasmania’s increasing fire weather danger and ignition probability due to climate change (Fox-
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Hughes et al. 2014), which may lengthen growth and maturation times for Eucalyptus, while 

shortening inter-fire intervals (Enright et al. 2015; Fairman et al. 2016). By contrast, low-severity 

fires can maintain some of the structural features in early-mature TWEF that increase fire resistance 

(Figure 4.6; Ashton 2000). Recent fires in heavily-managed areas of TWEF present an ideal 

opportunity to undertake landscape-scale fire-severity analyses (e.g. McCarthy et al. 1999; Ndalila et 

al. 2018). 

Our results suggest that fire management regimes in TWEF could incorporate techniques 

mimicking low- and moderate-severity disturbances such as irregular shelterwood harvesting (Wurtz 

and Zasada 2001) and variable-density thinning (Carey 2003). While prescribed burning is practiced 

in drier TWEF on mainland Australia (Furlaud and Bowman 2020), most of Tasmania’s wet forest 

estate has fuels that are too wet to burn except in bad fire weather. Given the importance of ladder 

fuels (indicated by Figure 4.6 and Table 4.3), mechanical thinning and removal of the understorey 

(Hurteau and Brooks 2011), along with ‘shaded’ fire breaks (Agee et al. 2000), have the potential to 

be extremely effective fire-management strategies in TWEF.  

4.5 Conclusion 

This is the first study to comprehensively document fuels in Tasmanian tall wet Eucalyptus forests 

(TWEF) across their lifespan and to quantify the flammability function of this ecosystem using fire 

behaviour models. We showed that, unlike many other forest ecosystems, including dry Eucalyptus 

forests, fuel structure, microclimate, and likely understorey floristics, rather than fuel load, are the 

most important intrinsic factors driving fire danger in these forests. Further, we demonstrate that 

combustion of the live understorey is a prerequisite for crown fires after the sapling stage. Therefore, 

for the next generation of fire behaviour modelling in TWEF, quantification of understorey 

flammability using flammability experiments (e.g. Wyse et al. 2016) and advanced fire-behaviour 

modelling approaches (Sullivan 2009a) are needed. Our findings support the application of the 

moisture model flammability function, in which flammability decreases with stand development, to 
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Tasmanian TWEF, and suggests that these forests are vulnerable to a ‘landscape trap’ (Lindenmayer 

et al. 2011), where intensive logging and wildfire, along with climate change, increase landscape-

scale flammability and subsequent fire risk. 
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5.1 Introduction 

Thus far in this thesis, I have described the fire regime of the Australian Tall Wet Eucalyptus forest 

(TWEF). These ecosystems are among the world’s most structurally complex flammable forests. They 

support both fire-adapted and pyrophoric vegetation (Chapters 3 and 4), but their Eucalyptus 

overstorey means that fire is a fundamental part of their life-cycle (Ashton 1981). I have shown that 

these forests support a mixed-severity fire regime, where stand-age structure and fuels are shaped by 

low- and high-severity fires, adding further complexities to the fuel structure (Chapter 3). The 

flammability of these forests can be described using what is known as the ‘moisture model’ 

(McCarthy et al. 2001), where development of an open, moist understorey in the later stages of stand 

succession reduces fire risk as these forests age (Chapter 4). This contrasts markedly with the more-

common Olson model, where fire hazard increases asymptotically as the stand develops (Olson 1963). 

Australian operational fire behaviour models assume an Olson model (Gould and Cruz 2012), and as a 

result they likely overestimate fire intensities in these ecosystems (Chapter 2; Furlaud et al. 2018),  

Despite this, given the high density of biomass (Keith et al. 2009), it is possible that, under the right 

conditions, these forests could support among the highest intensity fires on Earth (Lindenmayer et al. 

2015; Furlaud et al. 2018). Therefore, it is extremely important to be able to predict fire behaviour in 

these forests in real time. To do this we need to use what are known as ‘operational fire behaviour 

models’.  

 Operational fire behaviour models predict the spread of a wildfire as a function of fuels, 

topography, and weather. They are among the most important tools available to firefighters and fire 
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managers. Their use informs countless fire-suppression and response decisions during a fire (Noonan-

Wright et al. 2011), and can inform landscape-scale decisions about fuel management (Ager et al. 

2011), risk assessment (Richards et al. 2014), and building in fire prone areas (Mahmoud and 

Chulahwat 2018). Despite this, current operational models take relatively simple approaches to 

predict such complex phenomena. All use empirical or quasi-empirical equations to predict rate of 

spread (ROS) as a function of simple predictor variables, such as fuel load or type, a fire weather 

index (e.g. Noble et al. 1980; Bradshaw et al. 1984; Van Wagner 1987), and topographic variables. 

These equations have, necessarily, been fitted using a limited set of empirical observations of fire 

spread, usually recorded in mild conditions (Sullivan 2009b). They all assume relatively homogenous 

fuels and ignore fine-scale variations in fuels within a given ecosystem (Sullivan 2009c). These 

shortcomings have been a necessary compromise, due to the requirement that operational models be 

computationally efficient enough for real-time usage during fire behaviour disasters (Sullivan 2009b). 

However, problems arise when operational fire behaviour models are used in complex vegetation 

types with heterogeneous fuels and varying levels of flammability (Zylstra et al. 2016). 

 There are several poorly-understood components of the flammability of TWEF that are 

difficult to incorporate into fire behaviour models. The ignitability and combustibility (Gill and 

Zylstra 2005) of the many pyrophobic understorey trees, including wet-sclerophyll and Gondwanan 

rainforest species, are mostly unknown. Only one study has looked at the flammability of these trees 

(Dickinson and Kirkpatrick 1985), and none have attempted to identify conditions necessary for 

ignition and combustion. Chapters 3 and 4 have identified the combustion of these understorey trees 

as a key process in the development of high-severity fires. More broadly, the proportion of both the 

litter and elevated fuels that is available to burn at a given time has not been quantified. Current 

operational models assume that only a small proportion of elevated fuels are available to burn at any 

time, due to the moist nature of the forests (R. Richard, pers. comm. July 2019). More importantly, 

the predictors of the ignitability and combustibility of TWEF understorey, especially remotely-sensed 

predictors, which are critical for use in operational models, are poorly understood. 
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 Since the development of these operational models, however, there has been a vast array of 

new technologies developed that could be used to create a fire behaviour model that can represent the 

complexities outlined above. Recent advances in computing technology and understanding of the 

physical properties of fire have led to the development of physics-based mechanistic models that 

simulate the processes of pyrolysis, combustion, and fluid dynamics at a fine scale (Sullivan 2009a). 

These models have been shown to accurately predict fire spread (Hoffman et al. 2016), though a 

thorough validation effort is still lacking (Alexander and Cruz 2013a). While these models can be 

useful for experimental and analytical purposes, they are too computationally intensive to be 

operationally useful (Mell et al. 2007). However, they are indicative of the advancement in scientific 

understanding of the processes governing fire behaviour at fine scales.  

In this review, I investigate the applicability of different operational fire behaviour models for 

TWEF. While numerous reviews have been published outlining the breadth and diversity of such 

models (see Pastor et al. 2003; Sullivan 2009a, 2009b; Cruz et al. 2014), these reviews necessarily 

only give a cursory description of the structure and function of each of these models. Meanwhile, 

detailed manuals outline the inner-workings of most of these models (e.g. Forestry Canada Fire 

Danger Group 1992; Andrews 2018), but they are very long and technical, and not necessarily 

accessible to every end-user. Therefore, I endeavour to describe the three most widely-used 

operational fire behaviour models, and a well-established next-generation physics-based model, in 

enough detail to be useful for potential users of the models, but succinctly enough to be accessible to 

researchers and managers without advanced mathematics or physics backgrounds. I choose these 

models because the first three have well-developed, widely available computer software associated 

with them and could easily be implemented operationally, and the fourth provides a case study of how 

cutting-edge technology could be used to improve models for TWEF. I describe the structure of each 

of these models, then describe their associated computer software, with a particular focus on how they 

represent the influence of fuel on fire behaviour. I discuss the advantages and shortcomings of these 

models and evaluate the applicability of these models to TWEF.  
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5.2 Fire Behaviour Model Structure 

Operational fire behaviour models, when used in conjunction with expert opinion, provide a 

fundamental foundation for decision making during suppression efforts during a wildfire (Pastor et al. 

2003; Cruz et al. 2014). While operational models are also regularly used for planning fuel 

management activities and risk assessments, their essential role is informing decisions during a fire 

emergency (Cruz et al. 2014). I define an operational fire behaviour model as a set of one-

dimensional empirical or quasi-empirical equations predicting rate of spread (ROS) and other fire 

behaviour metrics. More specifically, I consider these equations to form an operational model only if 

the model’s equations are incorporated into fire spread simulation computer software used regularly 

by fire managers. These simulation software predict the two-dimensional spread of fire in a spatially-

explicit, geographic context and are described in detail later in the review. This section focuses on the 

structure of the ROS equations. However, these equations cannot be considered in isolation, as the 

weather and fuel inputs are often calculated using separate equations, so these will be considered in 

the context of the entire model. 

 Predictive mathematical models used in ecology are generally described as empirical or 

mechanistic (Korzukhin et al. 1996). Purely empirical models make no assumptions about underlying 

mechanisms in the modelled process and use empirical data to quantify relationships between 

Empirical Models Physics-based 
Mechanistic Models 

Quasi-empirical Models 

FIRETE

Rothermel Model 

Canadian Fire Behavior Prediction (FBP) 

McArthur Model 

Figure 5.1  The theoretical continuum between fully-mechanistic physics-based and empirical fire 
behaviour models, along with the estimated locations on that continuum of the four models detailed in 
this review. Quasi-empirical models are models that explicitly define several physical or chemical 
processes, then use empirical relationships to represent processes that are not understood  
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predictor variables and the response. Purely mechanistic models use known principles to 

quantitatively simulate larger processes. In the context of fire science, this distinction is generally 

described as physics-based models and empirical models (Pastor et al. 2003; Sullivan 2009a; Cruz et 

al. 2014). Physics-based models simulate known physical and chemical processes in the combustion 

of biotic fuels, whereas empirical models predict rate of spread as a mathematical function of simple 

metrics describing fuels, weather, and topography. All fire behaviour models, however, lie somewhere 

on a continuum between these two (Figure 5.1; Sullivan 2009a). 

 The only models that have any operational utility in an emergency response context are 

models closer to the empirical end of the spectrum (Figure 5.1), as the computing and data 

requirements for physics-based models are too large to make real-time predictions or to be run on 

standard computers (Mell et al. 2007; Sullivan 2009c; Furman and Linn 2018). While countless 

empirical ROS equations have been developed for forests, especially in recent years e.g. (e.g. Cruz et 

al. 2005; Gould et al. 2008), only a few have been implemented operationally (Sullivan 2009c; 

Andrews 2010; Neale and May 2018). Traditionally, the most widely-implemented operational 

models use one of three sets of equations, with different geographic origins: the McArthur model 

(Australia; McArthur 1967), the Canadian Forest Fire Behavior Prediction System (FBP; Forestry 

Canada Fire Danger Group 1992), and the Rothermel Model (USA; Rothermel 1972)(Pastor et al. 

2003; Sullivan 2009c). Despite all being computationally efficient, these models vary tremendously in 

their complexity, and in terms of where they lie on the continuum between physics-based and 

empirical models (Figure 5.1). The McArthur Model is almost fully empirical and consists of 

essentially three core equations (Noble et al. 1980). The Canadian FBP system is also mainly 

empirical, but has a more mechanistic structure than the McArthur model: it relies heavily on 

relationships measured in the field, but uses physical principles in its representation of environmental 

conditions (Van Wagner 1987). The Rothermel model is the least empirical of the three. It is a quasi-

empirical, mechanistic model that uses both empirical relationships and physical theory to model over 

40 different physical and environmental processes involved in the spread of a fire front (Andrews 

2018).  
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 However, the accuracy of physics-based models has been improving rapidly (Hoffman et al. 

2018). While these models will never be operationally implementable, they could be used to simulate 

fires in conditions in which experimental fires are impossible (Hanson et al. 2000). Such simulated 

fires, if accurate, could be used to build new rate of spread equations, which could be implemented 

operationally using existing fire-spread simulators. One of these models, FIRETEC (Linn 1997), is 

well-established and has been used to simulate extreme fire behaviour in three dimensions (Koo et al. 

2012; Pimont et al. 2014; Munoz-Esparza et al. 2015). It is an almost fully mechanistic model, and 

uses no empirical relationships (Figure 5.1); however it has simplified a number of complex physical 

and chemical processes to make the model computationally feasible. In this section, I describe the 

structure of the McArthur, FPB, Rothermel, and FIRETEC models. 

5.2.1 The McArthur Model 

The McArthur model is a mostly empirical model, as no functional relationships between fuels, 

weather, and fire behaviour were assumed prior to model development (Noble et al. 1980). The model 

remains the primary operational fire behaviour model for most Australian forests (Neale and May 

2018). It was developed based on over 800 experimental fires lit under relatively mild fire-weather 

conditions in the dry Eucalyptus forest of southern New South Wales and the Australian Capital 

Territory. Each fire was assigned a suppression difficulty, known as a fire danger rating class, and the 

model was developed by relating these classes to fuel load, moisture content, wind speed, and ROS 

(Cheney 1991; Cruz et al. 2014). While over 800 fires were purported to be measured, the data from 

these fires has never been published, and the leaflet on which these models were based famously only 

displays nine data points when relating fuels to fire behaviour (McArthur 1967; Zylstra 2011). 

The McArthur model predicts ROS as a function of fuel load and a fire weather danger index. 

This model was originally developed as a circular cardboard slide rule used to calculate this index 

(McArthur 1967), known as McArthur’s Forest Fire Danger Index (FFDI), with fire behaviour tables 

printed on the back. Noble et al. (1980) then converted the meter and tables to mathematical 
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equations. Most of the complexity of the McArthur Model lies in the representation of fire weather 

(Figure 5.2), rather than the representation of fuels. FFDI is calculated as: 

 𝐹𝐹𝐷𝐼 = 2𝑒 .   .    .    .    .   (5.1) 

 where: 

 𝑅𝐻 is relative humidity (%) 

 𝑇 is dry-bulb temperature (°C) 

 𝑊𝑆 is wind speed (km/hr), and 

 𝐷𝐹 is the drought factor 

 and 

 𝐷𝐹 =
.  × (     ) × (     ) .

.  × (     ) .        
 (5.2) 

 where: 

 𝑆𝑀𝐷 is a soil moisture deficit measure (mm) 

 𝑁 is the number of days since the previous rainfall event, and 

 𝑃 is the amount of precipitation in the previous event (mm) 

Note that Equation 5.1 differs from Equation 4.1, as the latter is a simplified version intended 

for easy calculations with minimal loss of accuracy (Noble et al. 1980). This FFDI metric now forms 

the basis for fire danger warnings throughout eastern Australia (Sharples et al. 2009a). Importantly, 

fine fuel moisture content (FMC), namely the % water content by weight of dead fine fuels, is not 

explicitly included in the calculation of FFDI, rather it is implicitly included in the calculation of 

drought factor (namely the percent of fuel available to burn divided by 10). However, a modified 
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equation exists to allow calculation of FFDI for explicitly-defined FMC values (Matthews 2009). 

SMD is an important variable in the calculation of drought factor, and it is defined as the amount of 

rainfall required to return the soil to its water-holding capacity. For the purposes of FFDI, SMD is 

defined as 

 𝑆𝑀𝐷 = 𝑆𝑀𝐷 − 𝑅𝑎𝑖𝑛 + 𝑅𝑂  + 𝐶𝑎𝑛 + 𝐸𝑇 (5.3) 

 where: 

 𝑆𝑀𝐷  is the previous day’s soil moisture deficit (mm) 

 𝑅𝑎𝑖𝑛 is 24-hr rainfall (mm) 

 𝑅𝑂 is the amount of rainfall lost through runoff (mm) 

 𝐶𝑎𝑛 is the amount of rain intercepted by the canopy (mm), and 

 𝐸𝑇 is depth of water lost through evapotranspiration (mm) 

Equation 5.3 is the sole mechanistic element of the McArthur model: the prediction of fuel dryness 

through crude modelling of rainfall-related processes (Yeo et al. 2015). It is worth noting that little 

v 

v 

v 

Figure 5.2  Schematic diagram of the McArthur rate of spread model. Red boxes represent 
calculated indices, whereas black boxes represent measurable variables. Figure from (Cruz et al. 
2014) 
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documentation accompanied the development of McArthur’s meters, so it is unknown what data was 

used to develop these models (Cruz et al. 2014). SMD in Equation 5.2 is operationally quantified 

using one of two drought indices, both of which use the general form of Equation 5.3. The Keetch 

Byram Dryness Index (KBDI) (KBDI; Keetch and Byram 1968), which was developed in the 

southeastern USA, is used in Queensland, New South Wales, and Victoria. Soil Dryness Index (SDI; 

Mount 1972), developed in Tasmania, is used in Tasmania, South Australia, and Western Australia. 

Both indices are calculated similarly, but KBDI assumes that 5 mm of rainfall is lost through runoff 

and canopy interception combined, whereas SDI calculates each separately as a fraction of total 

rainfall, varying the fraction by vegetation type (Finkele et al. 2006). Importantly, both models 

assume a maximum water-holding capacity of 200 mm, regardless of vegetation type, and predict ET 

in a very crude manner, based primarily on SMD and temperature (Yeo et al. 2015; Kumar and 

Dharssi 2017). 

 Once FFDI has been calculated, fire behaviour metrics (namely rate of spread, flame height, 

and spotting distance) are calculated as an exponential function of fuel load, FFDI, and slope (Figure 

5.2). The McArthur Model calculates rate of spread as: 

 𝑅𝑂𝑆 = 0.0012 𝐹𝐹𝐷𝐼  ×  𝐹𝐿 × e .    (4) 

 where: 

 𝑅𝑂𝑆 is the forward rate of spread of the flame front (km/hr) 

 𝐹𝐹𝐷𝐼 is the forest fire danger index 

 𝐹𝐿 is the fine fuel load (t/ha), and 

 𝜃 is the slope of the surface (degrees). 

 So, in summation, the McArthur model predicts fire weather danger as a function of rainfall, 

temperature, wind speed, and drought. It then models ROS as a function of fire weather danger, fuel 

load and slope. Flame height and short-distance spotting distance (spotting is a more important 
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process than crown fires in determining rate of spread in Eucalyptus forests; Cheney and Bary 1969; 

Van Wagner 1977; Luke and McArthur 1978) are then predicted from ROS (Figure 5.2). A key 

feature of the model is that its inputs are relatively simple. All the weather-related inputs are available 

in gridded format from the Australian Bureau of Meteorology (BoM) (Bureau of Meteorology 2015) 

and fuel loads are relatively easy to estimate (compared to other fuel parameters). Further, the model’s 

empirical nature makes its simple structure easy to comprehend. However, because the model was 

fitted in a specific vegetation type under extremely mild conditions, and contains little theoretical 

basis, it is extremely problematic to use the McArthur model outside of the forest types and weather 

conditions under which it was fit. This problem is epitomised by the recent expansion of FFDI beyond 

its original range of 0-100 to represent the increasing occurrence of ‘catastrophic’ fire weather, 

conditions substantially more extreme than those under which the model was fitted (Lucas et al. 2007; 

ACT Emergency Services Agency 2009). 

5.2.2 The Canadian Forest Fire Behavior Prediction System 

 The Canadian Forest Fire Behavior Prediction System (FBP) is the standard operational 

model for all of Canada (Forestry Canada Fire Danger Group 1992). It is the only operational model 

to be based on extensive field measurements of fire behaviour in a range of conditions, along with 

broad physical theory. It is also the only operational model to predict fuel consumption and ROS 

separately, then use the two estimates to calculate Byram’s intensity (a function of reaction intensity, 

ROS and fuel load; hereafter referred to as intensity; Byram 1959a)(Van Wagner 1998). This gives it 

a distinct advantage over the McArthur model, which uses overall fuel load (not amount of fuel 

consumed) to calculate ROS, which is then used to calculate intensity. This tends to overstate the 

influence of fuels on fire behaviour (Bradstock et al. 2010). The FBP system was developed from six 

decades of empirical research on fuel moisture and fire behaviour (Van Wagner 1998). The FBP 

system is, as a result, heavily empirical, based on observations of over 400 wildfires and prescribed 

burns. However, the model still maintains a somewhat mechanistic structure, and uses physical theory 

to represent known relationships that empirical analyses could not detect (Van Wagner 1998). The 
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FBP system is different from other operational models described in that the ROS equation does not 

explicitly include measurements of fuels. Also, all of the inner mechanisms are fully documented in 

government reports or peer-reviewed journals (Van Wagner 1987; Forestry Canada Fire Danger 

Group 1992). 

 The FBP model is heavily reliant on unitless indices whose influence is modified for each 

vegetation type; as it is primarily an empirical model, there is less focus on accurately quantifying 

individual processes and more emphasis on the utility of model outputs (Van Wagner 1998). Two of 

the most important inputs for the FPB system are outputs from the Canadian Fire Weather Index 

(FWI; Van Wagner 1987): the Initial Spread Index (ISI), and the Build-up Index (BUI; Wotton 2009; 

Figure 5.3.a). ISI is the primary predictor of ROS, but is purely a function of extrinsic factors, as it is 

calculated using current wind speed and a fine fuel moisture code (FFMC; itself a function of 

temperature, humidity, rainfall and average wind speed since the previous rainfall event; Figure 

5.3.a). BUI is a measure of fuel availability to burn and is highly correlated with fuel consumption 

(a) (b) 

Figure 5.3  Schematic Diagram of (a) inputs for the FBP system taken from the Canadian FWI, and 
(b) the dynamic incorporation of wind speed and slope into the calculation of ISI (Equation 5.6). 
Figure (a) is from (Wotton 2009), and (b) is from (Forestry Canada Fire Danger Group 1992) 
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during a fire. It is calculated as a function of the duff moisture code (a measure of soil dryness based 

on temperature, relative humidity, and rainfall) and the drought code (a measure of landscape dryness 

calculated from temperature and rainfall). All these codes are calculated within the FWI system, 

which was developed to represent jack pine or lodgepole pine fuel types. Within the FBP system, the 

codes are adapted to represent other fuel types through empirically-derived coefficients, described 

below (Forestry Canada Fire Danger Group 1992; Wotton et al. 2009). 

 Unlike other operational models, fuel type in the FBP system is represented entirely 

qualitatively, and there are no quantitative fuel input variables in the prediction of ROS. There are 16 

FBP fuel types, meant to represent most, but not all, flammable ecosystems in Canada. They are 

described in detail in Forestry Canada Fire Danger Group (1992). For each qualitatively described 

fuel type, different coefficients are used for the ROS and fuel consumption models, effectively 

incorporating fuel type as a discrete explanatory variable. As mentioned above, the FBP system 

calculates fire spread and fuel consumption separately, combining the two to predict intensity. The 

details of the fuel consumption predictions are beyond the scope of this review, but in brief, fuel 

consumption is a simple sigmoid function of BUI, with slightly different equations used for different 

fuel types (Forestry Canada Fire Danger Group 1992). ROS is calculated similarly; the same equation 

is used to calculate a sigmoid-shaped relationship between ROS and ISI. The ROS is calculated as: 

𝑅𝑂𝑆 = 𝛼 1 − 𝑒   ×  𝐵𝐸  (5.5) 

where: 

𝐼𝑆𝐼 is the initial spread index 

  𝛼, 𝛽 are fuel-type specific coefficients, and 

 𝐵𝐸 is the build-up effect. 

The only exception to Equation 5.5 is in mixed forests, where a weighted average ROS is 

taken based on the relative composition of hardwood and coniferous trees. The effect of slope is 
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included in a dynamic fashion, so that dynamic interaction between slope direction and wind direction 

can be represented (Figure 5.3.b). This done by converting the effect of slope on fire spread into a 

wind speed. The velocity and direction of this effect are averaged with the velocity and direction of 

the actual wind using vector averaging techniques (Forestry Canada Fire Danger Group 1992). Lastly, 

because the ISI only incorporates the short-term effect of the drying of fine fuels (FFMC can 

equilibrate after a few days), the long-term effect of drought on ROS needs to be incorporated. This is 

done through a build-up effect (BE; Equation 5.5), which is a function of the difference between the 

current BUI (which incorporates drought) and the mean BUI for the fuel type. This BE was 

incorporated without any empirical relationships existing in the data and is an example of model 

developers using physical theory to represent known relationships that could not be detected 

empirically (Van Wagner 1998). 

 The FBP system models crown fires as a distinct process and represents the initiation of a 

crown fire using Van Wagner’s (1977) model, which predicts crown ignition based on the surface fire 

intensity and height to crown base (HCB). While the initiation of a crown fire is an explicit process 

within the model, it does not have any explicit effect on rate of spread. Rather, the increase in rate of 

spread due to the initiation of crown fires is accounted for implicitly though the coefficients in 

Equation 5.5 (Van Wagner 1998; Cruz et al. 2014). The exception to this is in conifer plantations, 

where crown fire spread is calculated separately to represent an active crown fire. While the effect of 

crown fires on fuel consumption and hence intensity is explicitly accounted for through various sub-

models (Forestry Canada Fire Danger Group 1992), describing these is beyond the scope of this 

review. 

 The FBP system is widely considered to be an extremely effective system for the operational 

prediction of fire behaviour in Canada (Van Wagner 1998; Wotton et al. 2009). Its foundation in 

extensive empirical measurements sets it apart from other operational models. Further, its simple 

structure predicting ROS as a function of wind speed and fuel moisture makes it easy to interpret in an 

operational context. Indeed, wind speed and fuel moisture may be the most important model 
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predictors of ROS in most systems (Sharples et al. 2018). However, the lack of explicit representation 

of fuels in the FBP system limits its ability to be used outside of North America, or to evaluate the 

effect of fuel modification. 

5.2.3 The Rothermel Model 

The Rothermel model is the most widely-used wildfire spread model in the world (Pastor et al. 2003; 

Andrews 2010). As mentioned above, it is a relatively complex, quasi-empirical mechanistic model. It 

was developed at the Missoula Fire Lab in 1972, using a set of controlled laboratory experiments in 

conifer needle beds (Rothermel 1972), and is described in detail in Andrews (2018). The model was 

developed using an engineering framework, applying existing knowledge on the physics of fire 

spread, but modelling empirical relationships for processes whose mechanisms were unknown at the 

time (Wells 2008; Andrews 2018).  

Fundamentally, the Rothermel model simulates fire spread as a series of ignitions, calculating 

ROS by comparing heat sink to heat source. Mathematically, this is calculated as the ratio of heat flux 

from the oncoming fire to the heat required for ignition of the fuels. The model uses the conservation 

of energy principle to calculate these two metrics (Frandsen 1971), using empirically-derived 

relationships between fuel characteristics, fire intensity, and heat flux. The basic Rothermel equation 

is as follows: 

𝑅𝑂𝑆 =
( )

 (5.6) 

Where: 

𝑅𝑂𝑆 is the rate of spread (ft/min) 

𝐼  is the reaction intensity – namely the energy released through combustion 
(btu/ft2/min) 

𝜉 is the propagating flux ratio – namely the efficiency at which the heat spreads through 
the given fuel 
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𝜙  is a unitless wind adjustment factor 

𝜙  is a unitless slope adjustment factor 

𝜌  is the fuel bulk density (lb/ft3) 

ε is a unitless heating number, namely the proportion of fuels that need to be heated for 
ignition, and 

 𝑄  is the heat required for ignition (Btu/lb). 

The numerator of Equation 5.6 represents predicted heat flux from the combustion reaction, 

and the denominator represents the heat required for ignition of the unburned fuel. The numerator for 

Equation 5.6 represents numerous physical processes (each variable is calculated through numerous 

other sub-models; Figure 5.4), but is essentially predicting the optimal combustion intensity (𝐼 ) for 

given physical dimensions of the fuel bed and moisture content. The model then modifies 𝐼  based on 

extrinsic factors such as wind speed (𝜙 ) and slope (𝜙 ), as well as the efficiency with which this 

reaction intensity is transferred to adjacent fuels (𝜉, a function of the physical dimensions of the fuel 

bed). The denominator is calculated using an analytically derived heat of ignition for cellulose (𝑄 ), 

which is modified according to the bulk density (𝜌 ) and surface area to volume ratio (𝜎) of the fuels, 

representing the effect of oxygen availability. As this is a mechanistic model, each of the components 

in Equation 5.6 is predicted using a separate model or analytically-derived equation. Figure 5.4 

(Andrews 2018) shows each of these processes and the relevant inputs in more detail. 

The Rothermel model predicts rate of spread for a complex set of fuel parameters relating to 

the physical structure of the fuel bed. A number of these fuel parameters, including fuel load (𝑤 ), 

moisture in each of three standard size classes (e.g. 1, 10, or 100-hr drying classes; Bradshaw et al. 

1984) of dead fuels, and in all live herbaceous and woody fuels. In its basic form (Equation 5.6), the 

model calculates rate of spread for 1-hr drying class dead fuels (fine fuels), meaning that the basic 

equation only applies to homogeneous fuels. In its basic form (Equation 5.6), the model calculates 

rate of spread for 1-hr drying class dead fuels (fine fuels), meaning that the basic equation only 
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applies to homogeneous fuels. To account for some of the heterogeneity characteristic of natural fuel 

beds, the full Rothermel model uses a weighting approach. It uses weights, based on the overall 

surface area in each size class, to take a weighted average for each aforementioned parameter for the 

given live and dead categories. This has the effect of giving more weight to fine fuels than heavy 

fuels. The end result is a final model that contains over 40 equations, the details of which are beyond 

the scope of this review but can be found in Andrews (2018). 

Figure 5.4  Schematic diagram of basic Rothermel Model. Orange boxes represent elements used in 
calculating the heat source, whereas green boxes represent elements used in calculating the heat 
sink. Each box represents at least one sub-model. Figure from (Andrews 2018)  
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As mentioned above, a complex set of fuel parameters is required as inputs for the Rothermel 

model. As a result, the Rothermel model is fully generalisable, and can theoretically be customised to 

run in any type of surface fuel. This has led to the Rothermel model being successfully applied around 

the world (Fernandes 2009; Andrews 2010; Salis et al. 2014). The model considers fuel at two scales: 

the fuel particle and the fuel array. The fuel particle parameters are heat content (ℎ), mineral content 

(𝑆 , 𝑆 ), and particle bulk density (𝜌 ). These fuel particle parameters are operationally set as 

constants, regardless of fuel type, due to difficulty of measurement, but they can be modified 

(Andrews 2018). The fuel array parameters include surface area to volume ratio (𝜎), fuel load (𝑤 ), 

fuel bed depth (𝛿), moisture content of extinction (𝑀 ), and fuel bed bulk density (𝜌 ). Two of these 

variables (𝜎 and 𝑤 ) are required for multiple size classes of live and dead fuels so that there are 13 

total input variables relating to the fuel array. These fuel array variables are defined through what are 

called fuel models.  

A fuel ‘model’ refers to this set of parameters defined for a specific type of surface fuels. The 

term fuel model can be slightly confusing, as while the Rothermel ‘model’ refers to a set of equations, 

a fuel model refers to pre-set fuel parameter values to be inputted into the ROS equations (Andrews 

2018). Unlike in other operational models, fuel models are not specific to vegetation types or 

ecosystems. Fifty-three such categories have been defined for the United States by Rothermel (1972) 

and Scott and Burgan (2005). However, the complexity of these parameters often makes it 

prohibitively difficult to measure them in the field. In reality, many of these fuel models don’t 

represent the physical properties of the fuel; rather, the model’s parameter values are set so that the 

Rothermel model produces expected or observed fire behaviour outputs for a given fuel type (Keane 

2013; Ascoli et al. 2015). The categories of fuel type are identified using descriptions of general 

surface litter, vegetation, climate, and any modification to the vegetation via manmade or natural 

disturbance. Examples include descriptions such as ‘short, sparse, dry-climate grass’, ‘moderate load, 

humid climate shrub’, ‘dwarf conifer understory’, and ‘medium logging slash’. Some of these fuel 

models are ‘dynamic’, where fuel load is transferred from live to dead classes based on moisture 

contents to represent curing. 
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In contrast to the complex array of inputs required to represent intrinsic factors (i.e. fuel) in 

the Rothermel model, the inputs required for extrinsic factors (i.e. weather and topography) are 

minimal. This contrasts with the McArthur model, where most of the complexities relate to describing 

fire weather. There are only three extrinsic inputs required for the Rothermel Model: wind speed, 

slope, and fine fuel moisture content (FMC). Importantly, FMC must be explicitly defined manually 

or calculated using a fuel moisture model (e.g. Slijepcevic et al. 2018). The Rothermel model 

incorporates this moisture content through use of a ‘moisture of extinction’ parameter for both dead 

and live fuels. The calculation of (𝐼 ) accounts for the moisture content of fuels by reducing the 

reaction intensity based on the ratio of FMC to the moisture content of extinction (Figure 5.6), which 

has the effect of causing the fire to self-extinguish if this ratio is greater than one (Andrews 2018). As 

a result, ROS can be unrealistically sensitive to FMC in live fuels (Jolly 2007). 

The Rothermel model is the most complex of the operational fire behaviour models. The 

complexity of fuel inputs restricts the ability of the model to represent actual fuel conditions (Keane 

2013). Further, the physical processes representing combustion theory that are included in the 

Rothermel model make it more difficult for managers to comprehend model predictions and apply 

personal knowledge. However, the advantage of this complexity of fuels inputs is the model’s 

generality: the Rothermel model can theoretically be applied to any surface fuel complex in the world. 

5.2.4 FIRETEC 

In contrast to the three models described above, FIRETEC is an almost fully mechanistic three-

dimensional model. It was developed at Los Alamos National Laboratory in the US under the 

Department of Energy. It simulates wildfire spread using the principles of conservation of energy, 

mass and momentum (Linn 1997; Linn et al. 2002). It is extremely computationally expensive to run, 

and as a result is not intended for operational purposes (Sullivan 2009a). It could, however, be used to 

experimentally fit or adjust an ROS model for new fuel types (Hoffman et al. 2018). FIRETEC is 

used with a separate model (HIGRAD; Reisner et al. 2000) to simulate fire-atmosphere interactions, 
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but that element is beyond the scope of this review. At the most basic level, FIRETEC simulates the 

chemical processes of pyrolysis and combustion using the simple chemical equation: 

𝑁  (𝑤𝑜𝑜𝑑) + N  (𝑜𝑥𝑦𝑔𝑒𝑛) →  (𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑠)  + (ℎ𝑒𝑎𝑡)  (5.7) 

where 𝑁  is the stoichiometric coefficient for chemical species 𝑥, namely the amount of wood or 

oxygen required to create one unit mass of burnt inert product (e.g. char, hydrocarbons etc.). Equation 

5.7 represents an analytical simplification of all the complex chemical reactions involved in pyrolysis 

of solids and combustion of gases (Linn et al. 2002; Sullivan 2009a). This reaction is simulated within 

a ‘resolved volume’, namely a three-dimensional grid cell (usually a minimum of 1-2 m3) in which the 

average chemical composition of wood and oxygen is calculated, along with other fuel metrics, such 

as surface-area-to-volume ratio and fuel density. The model assumes that the rate at which this 

reaction occurs in limited by the rate at which fuel and oxygen can be brought together in appropriate 

quantities, which is a function of fuel architecture, turbulence, and other physical processes. This 

reaction rate is represented by: 

𝐹  =  𝜌 𝜌 𝜎П (8) 

Where  

𝜌 represents the relative density of the given chemical species,  

 𝜎 is a turbulent diffusion coefficient, a function of plant architecture and the physical laws of 
turbulence, and 

 П is a fuel rate-of-change coefficient, a function of the stoichiometry of chemicals and the 
distribution of temperature within the resolved volume. 

 𝜎 and П represent a complex set of equations, beyond the scope of this review, but detailed 

descriptions can be found in Linn (1997). The important point is that the key fuel inputs for 

simulation of the chemical reactions are plant architecture (shown to be the most important predictor 

of flammability in live Australian plants; Zylstra et al. 2016), and the bulk density of fuels. This 
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simplified reaction has been further refined since the model’s inception, but the inputs remain the 

same (Colman and Linn 2007; Sullivan 2009a). 

 FIRETEC then uses differential equations associated with the laws of conservation of energy, 

mass and momentum to simulate the combustion of all fine fuel within the resolved volume, 

accounting for, among other things, the fluid dynamics of gas flow, rate of change of fuel moisture, 

and temperature fluxes due to convective and radiative heating and cooling (Figure 5.5). Important 

fuel-related processes within these simulations include the drag and turbulence caused by tree, branch, 

and leaf architecture, along with heat flux to fuels due to surface-area-to-volume ratios. The model 

then simulates heat flux to surrounding cells, with ignition being simulated when the mean 

temperature of the cell exceeds 500K (Linn et al. 2002; Sullivan 2009a). As a result, the key fuel 

inputs for the simulation of physical processes are the spatial distribution of bulk density, moisture 

content, and fuel particle size (Pimont et al. 2016). A spatially-explicit fuel model, FUEL3D, has also 

been developed to represent the location of individual plants in a landscape, along with their three-

Figure 5.5  Simplified conceptual diagram outlining physical processes driving fire spread in 
vegetation in FIRETEC. Figure adapted from (Linn et al. 2013) 

 



 

 
 

5. Modelling Fire in Tall Wet Eucalyptus Forests: A review of potential approaches 117 
 

dimensional branch, leaf, and crown characteristics. This fuel model converts this information into 

FIRETEC inputs (Parsons et al. 2011; Pimont et al. 2016). 

 As a result, FIRETEC is highly appropriate for handling new fuels, especially live fuels. The 

main live standing fuel inputs can all be calculated from metrics similar to those required for the 

Rothermel model such as biomass, distances between leaves and branches, tree dimensions, and 

particle size. A key assumption of this model, however, is that all fuels are represented chemically as 

wood, though differences in leaves, needles, and twigs can be accounted for through different physical 

properties. Despite this, the model has been shown to make ROS predictions comparable to those 

measured in experimental fires in coniferous forest (Hoffman et al. 2016). The same laws of 

conservation of mass, energy, and momentum apply universally, so FIRETEC could be an excellent 

tool to simulate large ‘experimental’ fires in new vegetation types, provided the chemical assumptions 

are appropriate. From such virtual fires, new, computationally-efficient equations could be fitted to 

predict ROS from fuels, topography, and fire weather, which could in turn be implemented into 

operational fire spread simulators. Indeed, this is one of the original goals of physics-based models 

(Hanson et al. 2000) and is still considered one of their most important potential uses (Hoffman et al. 

2018). 

5.3 Implementation: Fire spread simulation software 

The three operational ROS models mentioned above predict quantitative outputs such as ROS, 

intensity, flame height and spotting distance. However, these metrics have limited value on their own, 

and for models to be operationally implemented, their outputs must be interpretable across complex 

landscapes. The three models are currently implemented through what are known as fire-spread 

simulation systems. These systems take the form of computer software in which input data is entered 

either manually, or, more commonly, through layers in a Geographic Information Systems (GIS) 

environment (Sullivan 2009c). The key aspect of most of these systems is that they are spatially-

explicit, namely, they can explicitly predict two-dimensional fire spread across different locations in a 
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heterogeneous landscape. Importantly, this allows for model outputs to be in the form of fire-spread 

prediction maps, which are extremely useful to managers (Neale and May 2018). While most 

simulation systems are complex, with countless components, they have the above-mentioned ROS 

equations, along with the associated predictions of other aspect of fire behaviour, at their core. They 

use these equations, along with some two-dimensional spread algorithm, to predict the expansion of 

an entire fire perimeter (Sullivan 2009c). Here, I detail the major fire-spread simulations systems 

associated with each of the three operational models detailed above, and similarly provide a 

description of a next-generation simulation system that could be used to implement new operational 

products. 

5.3.1 McArthur Model: Phoenix Rapidfire and AUSTRALIS 

The McArthur model is implemented operationally primarily through the Phoenix Rapidfire model 

(Tolhurst et al. 2008) in eastern Australia, and through the model AUSTRALIS (Johnston et al. 2008) 

in Western Australia. Despite recent advances in empirical models for Australian forests, these two 

models remain the primary operational models for most agencies (Neale and May 2018). Both models 

are spatially-explicit, and the Phoenix model represents fire spread using an algorithm developed by 

(Knight and Coleman 1993). This specific algorithm is a variant of a common method to convert ROS 

estimates into two-dimensional fire spread across a landscape in a GIS environment (Sullivan 2009c). 

It involves simulating elliptical growth of a series of linked points representing the fire perimeter 

(vertices). The speed and direction in which the ellipse expands is based on Huygens’ wavelet 

principle and ROS estimates from each vertex (Finney 1998). The ROS estimates are derived from the 

McArthur model and modified by each vertex’s orientation to and distance from the head fire (Chong 

et al. 2013). AUSTRALIS, on the other hand, uses a grid-based approach, simulating fire spread 

between grid cells as discrete events (Cruz et al. 2014). Both these models use McArthur for their rate 

of spread algorithm in forests (Kelso et al. 2015; Neale and May 2018). 
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 Phoenix is a mechanistic model that incorporates many sub-models other than McArthur to 

reflect behaviour of actual wildfires. It was developed in the early 2000s to provide an operational 

product providing real-time fire behaviour predictions for fire agencies. The model evolved from the 

development of the program SiroFire (Coleman and Sullivan 1996) in the previous decade. Fuel, 

weather, and terrain inputs take the form of a GIS raster-based map, with user-defined grid sizes: as 

the fire perimeter spreads across the grid, they take inputs from the underlying raster cells. Three of 

the most important sub-models that comprise Phoenix are Matthews’ (2009) fuel moisture model, 

which predicts dead FMC as a function of temperature, relative humidity, wind speed, and solar 

radiation, WindNinja (Forthofer et al. 2009), which incorporates the effect of terrain on wind speed 

and direction, and a simplified convective plume model (Chong et al. 2012) which allows prediction 

of long-distance spotting. 

The Phoenix model’s headfire component, which is theoretically straightforward, utilises the 

McArthur model to predict rate of spread, flame height, and intensity. The McArthur model predicts 

these based on fuel load, so fuel load estimates must be generated from input maps. In Australia, fuel 

loads are operationally predicted using fuel accumulation curves unique to each vegetation type 

(Bradstock et al. 2002; Gould and Cruz 2012). These fuel accumulation curves predict fuel load as a 

function of time since previous fire. They predict that fuel load increases following the negative-

exponential ‘Olson curve’ (Olson 1963), an ecological model describing litter accumulation and 

decomposition in forests. Phoenix uses these fuel accumulation curves to calculate fuel load for the 

surface and near-surface fuels, elevated fuels, and bark fuels separately (Chong et al. 2013). These 

fuel curves have been shown to oversimplify fire hazard dynamics (Zylstra 2018; Chapter 4), but they 

remain extremely useful from an operational perspective, because it is easy to access the fire history 

and vegetation maps on which resulting fuel load estimates can be based. While most existing fuel 

curves predict fuel loads for each aforementioned layer (Gould and Cruz 2012), and while the 

McArthur model uses fuel load as an input, Phoenix uses fuel hazard scores as inputs. Hazard scores 

represent a qualitative assessment of hazard based on fuel load, arrangement, amount of dead 

material, and particle size of the various fuel types (Hines et al. 2010). Hazard scores are superior to 
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fuel load in predicting fire because they can represent multiple dimensions of fuel hazard rather than 

just load (Gould et al. 2008). In the context of Phoenix, however, the hazard scores are often 

calculated directly from fuel load predicted by fuel accumulation curves. Converting fuel load to fuel 

hazard allows for manual adjustment of fuel hazard by experienced managers to achieve more 

realistic fire behaviour predictions for a given fuel type and to account for aspects such as higher than 

expected moisture contents (and hence availability to burn) of different fuels due to microclimates. 

Phoenix then converts these hazard scores back to fuel loads so that they can be compatible with the 

McArthur equations (Chong et al. 2013).  

 When a fire ignites in Phoenix, it starts as a surface fire, using the sum of fuel load estimates 

for the surface and near-surface fuel layer as the fuel input to the McArthur model. When the flame 

heights surpass a pre-defined stratum height (usually 0.5-1 m tall), the elevated layer ignites, and fuel 

load estimates from the elevated layer are added to the surface and near-surface estimates for 

McArthur predictions (Pugnet et al. 2013; Cruz et al. 2014), increasing rate of spread, flame height, 

and intensity. Importantly, Phoenix has no method for incorporating crown fires into fire spread. Bark 

fuel load is used in the calculation of spotting distances, but not the headfire rate of spread (Chong et 

al. 2012). It is important to note that the McArthur equations have been modified in Phoenix (Tolhurst 

et al. 2008), and the Phoenix model has never had its specifications fully published or peer-reviewed. 

Therefore, there may be other, undocumented, modifications to the McArthur equations that are not 

covered in this review. This underscores an extremely important point about the Phoenix model: it is 

licensed, rather than open-source, software. Many of its inner-workings are unknown to users, which 

makes it difficult to adapt to new conditions (Neale and May 2018). However, in the opinion of its 

developers, the spread equations are of secondary importance in the performance of Phoenix when 

compared to the prediction of spotting and other sub-modules (Pers Comm. K. Tolhurst, 2018), and 

Phoenix is the only operational fire behaviour model that can predict long-distance spotting due to 

plume dynamics. However, the only major comparative validation study of Australian models has 

suggested the performance of Phoenix has is not significantly better than that of other 

implementations of the McArthur model that do not include spotting (Faggian et al. 2017). 
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 The AUSTRALIS model (Johnston et al. 2008) is similar to the Phoenix in that it is spatially-

explicit and accepts input data in grid format. The major difference is that fire spread is modelled as a 

series of discrete events, namely fire spread between landscape cells. Landscape cells are randomly 

non-uniform and are determined through the irregular placement of points on the landscape, and all 

areas closest to each point constitute a cell. Fires start with the ignition of one cell (which only occurs 

if the FMC is below an extinction threshold), and then spreads adjacent cells with fuels below the 

FMC threshold after an ‘ignition delay time’. This represents the amount of time it takes the fire to 

spread from one cell to the next and is predicted as a function of rate of spread (calculated from the 

McArthur model), as well as the distance and direction of the cell when compared with the wind 

direction (Kelso et al. 2015). The irregular grid setup allows the model to be extremely 

computationally efficient, as it only makes one discrete calculation for each cell, and prevents 

problems with bias and symmetry that occur when fire spreads through a uniform grid (Johnston et al. 

2008). However, the AUSTRALIS model is extremely simple when compared to the Phoenix model, 

with no sub-models for spotting, but Faggian et al. (2017) did not find its performance to be 

substantially worse.  

5.3.2 Canadian FBP System: Prometheus 

The Canadian FBP system is implemented operationally through the simulator Prometheus. 

Prometheus was developed in the early 2000s by a multidisciplinary group of researchers and 

managers from governments, universities, and the private sector, to ensure widespread utility 

(Tymstra et al. 2010). Prometheus uses a slightly different algorithm than Phoenix to simulate two-

dimensional fire spread. The algorithm was developed by Richards and Bryce (1995), but again based 

on Huygen’s principle. The algorithm assumes one of a few template shapes, rather than just an 

ellipse, and spreads the fire perimeter across a landscape of gridded input data. The weather inputs 

can be sourced directly from FWI systems, applied as a grid, or manually defined by the user. As in 

Phoenix, a submodule can modify wind direction and speed due to interactions with terrain (e.g. 

Forthofer et al. 2009). Perhaps the feature that sets Prometheus apart from Phoenix and FARSITE 
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(described below) is its transparency. While Prometheus is not fully open-source (its low-level 

version is not all publicly available), it has a Common Object Model (COM) structure, that allows the 

program to be highly customisable, and allows easy transfer of different elements of Prometheus into 

other software packages, regardless of coding language. Further, many of the underlying functions 

(but not their source code) are published in the COM programmers manual (Canadian Interagency 

Forest Fire Centre 2014). However, Prometheus is subject to the same limitation inherent in the FBP 

system, namely that it is intended to be used in Canadian fuels. Prometheus’ fuel and terrain inputs 

need to be in the form of grids, and values selected for the fuel grid must be from the 16 pre-defined 

fuel types in the FBP system. Modification of the spread equations, based on expert knowledge, can 

allow for use of Prometheus in other fuel types that are distinctly different from North American 

vegetation (Opperman et al. 2006). However, this approach would be poorly-suited for vegetation in 

which fire behaviour is not well understood. 

5.3.3 Rothermel Model: BehavePlus, Flammap, FARSITE, and FSPro 

In the United States, the Rothermel model is implemented operationally through a suite of fire spread 

simulation programs: BehavePlus (Andrews 2014), Flammap (Finney 2006), FARSITE (Finney 

1998), and FSPro (Noonan-Wright et al. 2011). These models have all been developed by the US 

Forest Service (USFS), and are described as ‘complementary’ to one another. More specifically, each 

one is a building block for the next. BehavePlus is a non-spatially explicit fire behaviour simulator 

that makes point-based fire behaviour predictions, predicting fire growth assuming constant weather, 

fuels, and topography. Flammap adds a geospatial element, accepting inputs in a geographic 

information systems (GIS) environment, but with constant weather. FARSITE allows for both spatial 

(GIS fuels and topography) and temporal (weather) inputs, and FSPro allows for multiple simulations 

of FARSITE to create fire spread probability maps. This whole suite used together forms the basis of 

US wildland fire decision support system for the USFS and other federal agencies (Noonan-Wright et 

al. 2011).  
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 Similarly to Prometheus, the three spatially-explicit models in this suite of software simulate 

wildfire growth using Richards and Bryce’s (1995) algorithm, based on Huygens’ wavelet principle. 

This method of fire spread was initially developed in the FARSITE model (Finney 1998). 

Topographical and fuel data can be input through GIS raster layers. FARSITE contains the same 

limitation that the Rothermel model does, in that initial fuel moisture must be explicitly set, and is not 

determined within the model. However, FARSITE does predict changes in fuel moisture during the 

simulated fire spread period. Weather data is ideally entered in the form of a 3-D grid. FARSITE 

calculates fine-scale influences of topography on wind and fuel moisture content through a number of 

sub-modules, including WindNinja (Finney 1998; Forthofer et al. 2009). 

All the USFS models combine the Rothermel model with the Van Wagner model for crown 

fire initiation (Van Wagner 1977), the Rothermel model for crown fire spread (Rothermel 1991), the 

Albini model for spotting (Albini 1979), and over 40 other deterministic models, each with their own 

set of complex equations (Andrews 2014). Despite the spatial explicitness of Flammap, FARSITE, 

and FSPro, BehavePlus is the most widely used fire behaviour modelling software among US fire 

managers (Miller and Landres 2004; Andrews 2010), perhaps because of its simplicity compared with 

the GIS inputs required by the other models (Rauscher 2009). The three spatially-explicit models, 

while they can produce useful outputs such as maps, all require extensive training, and FSPro, which 

can produce probabilistic maps of fire spread and forms the basis for the newest Wildfire Decision 

Support System (Noonan-Wright et al. 2011), requires high-powered personal computers and expert 

analysts to operate (Andrews 2007). 

5.3.4 Next Generation Simulator: SPARK 

While next-generation, physics-based models such as FIRETEC can perform spatially-explicit fire-

spread simulations, they require huge computational resources, with simulations taking an order of 

magnitude longer than the time they represent (Linn 1997; Sullivan 2009a). Therefore, applying these 

models will need empirical simplification (e.g. new ROS equations). These equations will have to be 
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implemented through a fire spread simulator. However, licensed fire-spread simulators are considered 

‘black boxes’ with unknown inner-workings and little capacity for customisation (Neale and May 

2018), though they can be tinkered with to achieve more realistic outcomes. In particular, ROS 

equations are not fully customisable, and new modules to represent phenomena such as long-distance 

spotting and dynamic fire behaviour are not easily implemented. However, a next-generation fire 

spread simulator, with no pre-defined ROS equations, has been developed to address these 

deficiencies, among other things. 

 The SPARK model (Miller et al. 2015) was developed by CSIRO Data61 in 2015. While it is 

still licensed, it allows for extensive customisation, including user-defined fire spread models 

incorporating the surface, elevated, and/or canopy fuel layers. The user is able to toggle the 

combustion of fuels in different layers based on flame height or other threshold conditions. Inputs, 

including fuels, are entered through any number of raster-based layers, allowing for complete 

customisation of how the fire simulator handles fuels. Unlike the aforementioned fire spread 

simulators, which use Huygen’s wavelet principle to calculate the spread of individual points along a 

fire perimeter, SPARK uses a level-set method (Sethian 2001), which represents the fire perimeter as 

a single continuous surface. It then uses computational fluid dynamic theory to simulate the expansion 

of this surface (Miller et al. 2015). It does this by calculating minimum distances to each point in a 

grid of points across a landscape, and uses vector calculus to alter those distances based on a spread 

rate and a wind vector (Hilton et al. 2015). Unlike the previous approaches, the level set method does 

not assume a specific geometric shape for the fire perimeter, and it can represent dynamic fire 

behaviour, such as coalescence, the interaction of multiple fronts, and fire line curvature, with simple 

re-parameterisation of the perimeter expansion equation (Hilton et al. 2016; Hilton et al. 2017).  

Spark also operates within a workflow environment, which, similarly to the COM system in 

Prometheus, allows for extensive customisation of the simulator. The environment includes a 

flowchart representation of different model components, which allows for the easy addition or 

removal of different sub-models (Miller et al. 2015). As a result, new models to represent large-scale 
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dynamic behaviour, such as long-distance spotting and violent pyroconvection, could be easily 

incorporated. So new ROS equations could be easily incorporated into SPARK. 

5.4 Fire Behaviour Model Limitations 

While the three operational fire behaviour models have only been implemented recently, in some 

cases in the last decade (Neale and May 2018), and while they are generally considered to be 

adequately accurate, shortcomings in their performance have been identified (Cruz et al. 2014). 

Although model limitations are often well understood and can usually be accounted for by fire 

managers, errors in performance can still be consequential (Department of Premier and Cabinet 2013; 

Dillon 2013). Albini (1976) & Alexander and Cruz (2013b) identified three broad sources of error for 

fire behaviour models: (1) model applicability, (2) model accuracy, and (3) inaccurate input data. 

Here I review how these three sources of error apply to the three major operational models, along with 

the physics-based model described above. 

5.4.1 Model Applicability 

Empirical models are well-known to be flawed when they are used outside the conditions under which 

they were fitted (Kessell et al. 1980). Each of these operational models, however, have been asked to 

do exactly this. All operational models, necessarily, are used to predict fire behaviour in extreme to 

catastrophic weather conditions (Tolhurst 2009; Hyde 2013). Further, each ROS model described 

above is being used to characterise fire in fuels that are different from those in which the models were 

developed. The models predict an average rate of spread, which necessarily assumes a homogeneous 

fuel bed (Finney 1998). However, a fundamental aspect of biotic fuels is that they are extremely 

heterogeneous (Keane 2013). Additionally, both the McArthur and Rothermel models were fit using 

observations from fires burning only in surface litter. While the mechanistic nature of the Rothermel 

model allows it to incorporate fuels other than those for which it was fit, the McArthur model is 

regularly used to predict fire in fuels that are much more complex than the dry open Eucalyptus forest 
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in which McArthur made his measurements (McArthur 1967). Indeed, any representations of fuels in 

both the Rothermel and McArthur models may be superfluous, as research has found simplified 

models predicting ROS based solely on FMC and wind speed to perform equally as well (Sharples et 

al. 2018). This is unsurprising, given that fuel models in the Rothermel model do not represent actual 

fuel dimensions, but calibrations to expected fire behaviour (Keane 2013; Ascoli et al. 2015). 

Further, all the operational models described above are poorly suited to handle live standing 

fuels. The few components of the operational models or fire spread simulation systems that predict 

wildfire spread through live vegetation were calibrated using the relatively homogeneous canopies of 

conifer plantations (Van Wagner 1977; Rothermel 1991). The models are especially poor at 

representing species-level differences in flammability, despite the importance of these physiognomic 

and physiological factors (Zylstra et al. 2016; Jolly and Johnson 2018). In fact, an implicit assumption 

in most fire behaviour research has been that live FMC is the primary predictor of flammability in live 

fuels (Jolly and Johnson 2018). Despite fine-scale complexities in fuels, the McArthur model can only 

represent fuel one-dimensionally (through fuel load), the FBP system has no way of explicitly 

representing fuels (other than percent composition of mixed conifer-hardwood stands), and the 

Rothermel model only considers live fuels < 1.82 m (6 ft) tall (Andrews 2018). As a result, the 

McArthur model likely over-predicts flame height and fire intensity in complex forests (Chapter 2; 

Chapter 3), while the Rothermel model has been shown to have unrealistic sensitivities to live FMC 

(Jolly and Johnson 2018). Despite dead FMC being a more well-researched topic than live FMC 

(Viney 1991; Nolan et al. 2016b), predictions of this important metric are also handled crudely in 

operational models. The McArthur model assumes a set water-holding capacity of 200 mm, which is 

an underestimate in wetter forest types (Nyman et al. 2015), and often ignores vegetation type in 

calculating evapotranspiration (Yeo et al. 2015). The FBP system uses unitless, empirically-calculated 

indices, and a vegetation-specific coefficient, which are intrinsically difficult to transfer to new 

vegetation types (Perrakis et al. 2019). The Rothermel model does not internally calculate FMC and 

needs it to be defined explicitly. 
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Last, all three operational models have been fit using data from fires in mild to moderate fire 

weather conditions, but are used to predict fire behaviour in the most extreme scenarios (Cruz et al. 

2014). While managers are aware of this shortcoming, it can still present problems (Department of 

Premier and Cabinet 2013). First and foremost, current operational models are incapable of 

incorporating any interactions between the fire and the atmosphere, despite this being one of the 

primary drivers of extreme fire behaviour (Werth et al. 2011; Filkov et al. 2019). Such interactions 

can lead to phenomena such as pyrocumulonimbus formation and vorticity-driven lateral spread, and 

lead to significant error in model prediction (Sharples 2009; Sharples et al. 2015; Tedim et al. 2018). 

Further, these models are generally unable to predict long-distance spot fires. While short distance 

spot fires are implicitly included in ROS estimates in the McArthur model and the FBP system, and 

maximum spotting distance is calculated as an output of BehavePlus (Andrews 2014), prediction of 

long-distance spotting is more problematic. Only the Phoenix model attempts to predict long distance 

spotting, and while some managers find these predictions incredibly valuable, recent validation efforts 

have indicated that Phoenix not perform any better than implementations of the McArthur model that 

ignore spotting (Faggian et al. 2017).  

Model applicability is the area in which a fully physical model has a big advantage. Because 

it is fully process-based, and does not rely on any empirically-derived relationships, there are 

theoretically no conditions in which the model is not applicable. FIRETEC’s three-dimensional 

structure and its quantification of fuel using resolved volumes makes it fully generalisable, meaning 

that theoretically any type of fuel can be represented. However, the model makes some analytical 

simplifications, especially to the chemical reactions underlying pyrolysis and combustion (Linn et al. 

2002). Further, it assumes all fuel to be chemically ‘wood’. While these two simplifications have been 

acceptable for simulations in coniferous forest (Hoffman et al. 2016), any application to a new forest 

type will require verification that these simplifications are appropriate. 
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5.4.2 Inaccurate Model Input Data 

Of the three major drivers of fire behaviour, data on weather and topography are generally widely 

available and reasonably accurate, perhaps with the exception of localised wind speed and direction 

(Forthofer et al. 2009). However, fuels (and especially their availability to burn) are notoriously 

difficult to characterise (Keane 2013). While the detailed fuel inputs for the Rothermel model 

theoretically allows for generalisation to many fuel types, the fuel model system does not allow for 

continuous variation in fuels within an individual model, except through the degree of curing 

(Andrews 2018). Further, the required measurements for Rothermel fuel models are prohibitively 

complex to measure, so they often don’t represent the actual physical properties of these fuels, but are 

merely ‘abstractions’ of expected fire behaviour (Keane 2013). Meanwhile, McArthur’s use of fuel 

load as an explanatory variable allows for variation within fuel types, but estimates of fuel load are 

variable and likely to be inaccurate for the many fuel types for which few data have been collected 

(Chapter 4; Watson 2011; Gould and Cruz 2012). This can lead to model error. While the fuel input 

requirements for FIRETEC are similar to those of the Rothermel model (namely biomass, tree 

dimensions, particle size, and moisture content), the big advantage of FIRETEC is that it can model 

fire incorporating live standing fuels, for which these parameters can be accurately inputted, given the 

appropriate data. The FBP system accounts for this difficulty by not explicitly representing fuels, and 

therefore does not rely on the accuracy of fuels data. Instead, it relies on the similarity of the system 

being modelled to the original vegetation in which fire behaviour measurements were made (so its 

applicability is limited). Lastly, all these models are highly sensitive to fuel type (Chapter 2; Salazar 

1985), meaning that accurate vegetation mapping is really important for model performance. However 

accurate mapping of vegetation is inherently difficult (Xie et al. 2008). Therefore, for these models to 

improve, new, accurate, remotely-sensed fuel inputs will be needed to accurately represent the 

location of different fuels on the landscape. 
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5.4.3 Model Accuracy 

Model accuracy refers to any inherent bias in model predictions, namely any systematic error that 

occurs even when the model is used in the correct conditions with accurate data. However, the 

intrinsic accuracy of a fire behaviour model is extremely difficult to assess. Data from wildfires that 

can be used to validate model predictions are extremely scarce (Filkov et al. 2018). Furthermore, it 

can be difficult to determine whether error in model predictions is due to inaccuracies in the model 

itself or due to poor quality input data (Pastor et al. 2003; Duff et al. 2016). As mentioned above, 

fuels data is notoriously inaccurate, and while weather forecast grids and modelled weather records 

can provide reasonable approximations, they obscure fine-scale variations in weather across the 

landscape due to biotic and topographic interactions (Forthofer et al. 2009). 

Limited validations have been performed for these models. The McArthur model has been 

found to systematically under-predict ROS in Western Australian dry Eucalyptus forest (McCaw et al. 

2008). Rothermel has been shown to accurately predict ROS in the field in simple fuels such as 

logging slash (Brown 1972), but it is less accurate in predicting ROS in more complex, mixed fuel 

beds (Van Wilgen et al. 1985; Catchpole et al. 1993). The FBP system, which is generally considered 

by managers to be acceptably accurate (Van Wagner 1998), has been scientifically assessed to be 

accurate (Wotton et al. 2009). Evaluation of the different fire-spread simulation software systems has 

shown them to be moderately effective in predicting final boundaries (Finney and Ryan 1995; Fujioka 

2002; Anderson et al. 2009; Duff et al. 2016; Swedosh and Hilton 2016; Faggian et al. 2017), but 

highly-sensitive to the accuracy of weather inputs (Duff et al. 2018). Interestingly, use of an improved 

ROS model in one of these simulators did not substantially improve its performance (Faggian et al. 

2017). However, these validation studies were subject to the same constraint of unknown-quality 

input data. Similarly, FIRETEC has been subject to limited validation, with most validation efforts 

involving the same experimental datasets that were used to fit empirical models in the first place 

(Alexander and Cruz 2013a). As a result, while FIRETEC predictions are generally considered to be 
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acceptably accurate, they are still subject to the same constraints, stemming from a lack of fire 

behaviour data, that affect other fire behaviour models (Filkov et al. 2018). 

5.4.4 Model Accessibility 

Last, all the operational fire behaviour simulators mentioned above are effectively ‘black boxes’, 

namely they are all licensed software whose processes can only be modified minimally by the user, 

and the underlying code cannot be modified (Neale and May 2018). This is problematic, because 

operational fire behaviour modelling involves a ‘mix of art and science’, where experienced managers 

need to modify these models to incorporate personal experience, practical judgement and observations 

(Ramírez et al. 2011; Alexander and Cruz 2013b). While many of the inner-workings of Prometheus 

and USFS modelling products are well-documented (Forestry Canada Fire Danger Group 1992; 

Finney 1998), many of the processes underlying the Phoenix model are known only to the developers 

(Cruz et al. 2014; Neale and May 2018). Similarly, due to its incredible complexity and 

computational requirements involving one of the world’s fastest supercomputers, FIRETEC is not 

very accessible to the average researcher or manager, although this was never its purpose (Linn et al. 

2002). Currently, there are no truly open-source fire behaviour simulators, however SPARK and 

Prometheus are extremely customisable. Further, SPARK has been shown to perform as well as 

Phoenix using the McArthur ROS equations (Faggian et al. 2017). 

5.5 Applicability of Models to Tall Wet Eucalyptus Forests 

While all the operational models mentioned above have provided a sound foundation for fire 

behaviour prediction, they may not be well-equipped to deal with fire-behaviour prediction needs of 

the future. Climate change is causing more of the extreme weather events that current models are ill-

equipped to deal with (Hennessy et al. 2005). Fuel types considered to rarely flammable, and for 

which no fire behaviour data exists, are burning with increasing regularity. These include tropical 

rainforest (Penman 2019), and temperate alpine vegetation (Morton 2016). Models are needed that 
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can predict fire behaviour in novel conditions, and in vegetation for which no data exists. Therefore, 

we need to completely re-think the way we develop operational fire behaviour models. 

As mentioned above, Australian tall wet eucalypt forests (TWEF) are a prime example of 

vegetation for which new fire behaviour modelling technology is needed. Traditional empirical 

models are impossible in these forests, as they occur in areas of mild fire weather and are rarely 

available to burn (Chapter 3), making experimental fires impractical. Further, almost no empirical 

data describing wildfire behaviour exists for these forests. However, these forests are becoming 

available to burn more frequently because of increasing landscape dryness due to climate change 

(Chapter 3). Last, as this thesis has shown, TWEF are heterogeneous in both space and time, and are 

composed of mixed species with poorly-understood flammability. This violates the homogeneous 

fuels assumption of operational models. Therefore, they are a great test case for developing a new 

model capable of handling novel weather conditions in fuels that do not regularly burn. To be able to 

virtually represent fire in such conditions, in the absence of experimental fires, one must be able to 

either adapt known empirical relationships to new systems or accurately scale up the physical and 

chemical theory behind the processes that create a wildfire. Both these approaches have been the topic 

of much research (Perry 1998; Sullivan 2009a, 2009b). The former is essentially what the operational 

empirical models have been trying to do, whereas fully physical models are an example of the latter 

approach.  

However, for either of these approaches to work for TWEF, a fire behaviour model must be 

able to represent the complexities of the important elements of TWEF fuels. Figure 5.6 gives an 

overview of what elements of the vertical profile of TWEF can be incorporated into the four different 

models described in this review. The McArthur model has the distinct advantage of being the only 

model calibrated for and regularly used in Eucalyptus fuels. Further, it is the only model that 

considers the unique dynamics of Eucalyptus bark as fuel (Ellis 2011) in predicting spotting (Figure 

5.6.a). However as mentioned in Chapters 3 and 4, the McArthur model considers the complexities of  
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Old-Growth Regrowth 
(a)  McArthur Model 

(b)  Canadian FBP System 

𝐹𝐿 — Elevated fuel load 

𝐹𝐿 — Bark fuel 𝐹𝐿 — Surface fuel load  

𝐹𝐿 — Elevated fuel load  

𝐹𝐿 — Bark fuel 

Treats as Immature Jack or Lodgepole 
Pine (Fuel Type C-4) 

Treats as Ponderosa Pine-Douglas 
Fir (Fuel Type C-7) 

(c)  Rothermel Model 

ℎ, 𝑆 , 𝑆 , 𝜌 — Fuel 
particle parameters 

𝜎, 𝑤 , 𝛿, 𝑀 , 𝜌 — Fuel array 
parameters (<1.8 m height) 

ℎ, 𝑆 , 𝑆 , 𝜌 — Fuel 
particle parameters 

𝜎, 𝑤 , 𝛿, 𝑀 , 𝜌 — Fuel 
array parameters (<1.8 m 

(d)  FIRETEC 

Within each grid cell: 
Chemical density of wood and oxygen; Leaf, branch, 
and plant architecture; bulk density and moisture 
content 

𝐹𝐿 — Surface fuel load  

Figure 5.6  Schematic Diagram of how different fuel elements in TWEF could be represented in the 
four fire behaviour models described in this review: (a) the McArthur Model, (b) the Canadian FBP 
system, (c) the Rothermel model, and (d) FIRETEC. The left column examines regrowth TWEF, the 
right column examines old-growth TWEF. Coloured boxes represent the location of the indicated 
category of fuel being considered within the vertical profile of a stand of TWEF. Illustration adapted 
from (Forestry Tasmania 2009) 
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the understorey fuel with only a single metric, elevated fuel load. Further, this thesis has shown that 

these elevated fuels are the most important fuel layer in TWEF.  

The Rothermel model might be especially relevant in this regard due to its generality. It could 

consider multiple dimensions of the understorey fuel array, including bulk density (𝜌 ), surface area 

to volume ratio (𝜎), and moisture content of extinction (𝑀 ). Further, the Rothermel model can be 

parameterised to include information on fuel particles, such as mineral content (𝑆 ), particle density 

(𝜌 ), and heat content (ℎ) (Figure 5.6.c). Such variables are substantially better predictors of 

flammability in live Australian fuels than fuel load (Zylstra 2011). However, the Rothermel model 

still assumes homogeneous fuels, which is especially problematic in TWEF given the heterogeneity 

described in Chapters 3 & 4. Further, it only considers elevated fuels < 1.8 m in height as part of the 

fuel array: any fuels taller than that are considered to support crown fires (Andrews 2018). This is 

problematic given the difference between active crown fires in conifer forests, and passive crown fires 

in Eucalyptus forests (Van Wagner 1977; Ashton 1981). Finally, the Rothermel model predicts live 

fuel moisture of extinction (𝑀 ), a particularly important aspect of TWEF flammability (Cawson et 

al. 2020), as a simple function of fuel load and dead fuel 𝑀  Such an approach would not capture the 

complex differences in flammability between Eucalyptus and live understorey fuels (Dickinson and 

Kirkpatrick 1985).  

The Canadian FBP system is one of the simplest models to implement, as it requires no 

explicit fuel inputs. However, one would have to find Canadian fuel types that are similar in structure 

and flammability. For TWEF, this would almost certainly have to be Immature Jack or Lodgepole 

Pine (Fuel Type C-4) in regrowth forest, as it is the only regrowth fuel type in the FBP system, and 

Ponderosa Pine-Douglas Fir (Fuel Type C-7) in old-growth forest, as it the only multi-aged, 

structurally complex fuel type in the FBP system (Forestry Canada Fire Danger Group 1992). 

However, it is problematic to assume that fire behaviour will be similar in two different forest types 

just because they have a similar structure, especially if one is a broad-leaf forest and the other a 

conifer forest. Indeed, ponderosa pine forests are known to support a primarily low-severity fire 
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regime (Schoennagel et al. 2004). While the FPB spread equations can be reparametrized with 

experiential knowledge and data on fire behaviour (Opperman et al. 2006), neither of these exist for 

TWEF. 

FIRETEC is the only model described in this review that has the capability to explicitly 

represent the spatial heterogeneity of fuels in TWEF (Parsons et al. 2011). It does this through its 

three-dimensional grid of resolved volumes (Figure 5.6.d), which can be as small as 6 m3 (Pimont et 

al. 2016). Within the resolved volume of one grid cell, the model technically considers the number of 

oxygen and wood molecules, as well as plant architecture. The required inputs, however, can be as 

simple as bulk-density, particle size, and fuel height (Pimont et al. 2016), which is a simpler set of 

parameters than required for the Rothermel model. Nevertheless, FIRETEC assumes that all fuels 

behave chemically as wood. The chemical complexity of the different understorey trees in TWEF 

results in spatially varying flammability, so this chemical simplification would need to be validated 

for TWEF. This could be done by comparing branch scale flammability experiments (e.g. Wyse et al. 

2016) to small-scale (single cell) simulations of the model, focusing on the chemical processes, and 

comparing model outputs to experimental results (especially heat flux and rate of combustion). 

All four models detailed in this review could theoretically be applied to TWEF, each with 

their advantages and disadvantages. The Rothermel and FIRETEC models have the distinct advantage 

of being able to represent more of the physical complexities inherent in TWEF fuels, though 

Rothermel would likely not represent the combustion of large trees accurately. Further, all the fuel 

inputs required for these models have either already been measured, could be easily measured from 

herbarium or field specimens, or could be predicted remotely. This thesis has demonstrated a 

methodology for efficiently collecting accurate biomass and tree dimension data. Further, 

flammability differences due to leaf and branch architecture (including fuel particle dimensions) can 

be generalised to the species-level (Zylstra et al. 2016), meaning that herbarium measurements would 

be adequate. Rothermel’s parameters for mineral and heat content have already been measured for 

some TWEF understorey species (Dickinson and Kirkpatrick 1985), and could easily be measured for 
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additional species using simple flammability experiments (e.g. Wyse et al. 2016). Live and dead fuel 

moisture content could be predicted remotely from satellite data and new models (Caccamo et al. 

2012; Nolan et al. 2016b). Therefore, all these models could be used to estimate fire behaviour in 

TWEF with only limited additional measurements. While FIRETEC seems the most likely to 

accurately represent fire behaviour in these forests, recently-acquired pre- and post-fire fuels datasets 

could be used to evaluate the performance of the different models (e.g. Chapter 3; Furlaud and 

Bowman 2020). This is particularly important as more validations of physics-based models are 

needed (Alexander and Cruz 2013a). 

5.6 Conclusion 

While a long history of research into fire behaviour has led to the development of extremely useful 

operational fire behaviour models, current operational models appear incapable of accurately 

representing fire behaviour in tall wet Eucalyptus forests (TWEF). These models have primarily 

focused on surface fuels or coniferous plantation canopies, but Chapters 3 and 4 suggest elevated 

fuels (which are handled very coarsely in Phoenix, and partially or fully ignored in the other models) 

are the most important fuels in TWEF. Further, the flammability of many of the elevated fuels in 

TWEF is different from that of the conifers and eucalypts that have been used to parameterise current 

operational models. Therefore, the physics and chemistry of combustion of these elevated fuels likely 

need to be considered. New technologies in fire behaviour modelling now allow virtual representation 

of such processes. Using such computationally expensive approaches to create virtual experimental 

fires could be one approach to developing new ROS equations for TWEF. Such approaches could use 

probabilistic or statistical modelling techniques to account for the heterogeneity of fuels in these 

complex ecosystems. However, extensive validation must accompany such an approach. Resulting 

spread equations could then be easily implemented operationally using new wildfire spread simulators 

such as SPARK. New developments such as these could prove critical in predicting fire behaviour and 

fire danger in one of the world’s most dangerous fuel types. 
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6. Discussion 
 

 
 

 

This thesis presents the first ever comprehensive description of fuels and fire hazard in tall wet 

Eucalyptus forests (TWEF) across both a macroecological and chronological gradient. I indicated the 

importance of TWEF as a fuel type by using fire behaviour model simulations across Tasmania. 

These simulations suggested that TWEF could potentially burn at extreme intensities and showed that 

current management practices are inadequate to moderate the potential for extreme fire behaviour in 

this fuel type. I then predicted potential fire severities using a mixture of field-collected fuels data, 

meteorological observations, and fire behaviour models and showed that early-mature TWEF support 

a mixed-severity fire regime across their continental-scale macroecological gradient. I used a similar 

approach to investigate fire hazard across a TWEF chronosequence in Tasmania. This exercise 

showed that the flammability of Tasmanian TWEF is best described by the ‘moisture model’, where 

fire hazard in the forest decreases in later stages of stand development. Lastly, I review current 

operational fire behaviour models, and suggest that they are likely inadequate to handle the 

complexities of TWEF fuels. This research indicates that new fire behaviour models are needed for 

TWEF, and that extensive validation, both of existing and new models, is extremely important. 

 These results have several implications. Most importantly, the research in this thesis indicated 

that the ignitability of the understorey is the distinguishing feature of TWEF. The development of a 

lush rainforest understorey likely drives the ‘moisture model’ flammability function (Jackson 1968), 

and the unique nature of such an understorey allows it to moderate fire behaviour and support low-

severity fires (Ashton 2000; Tolhurst 2009; Ndalila et al. 2018), despite low-severity fires being 

largely overlooked in discussion of the disturbance regime (Gilbert 1959; Ashton 1976a). Secondly, 

the description of TWEF as supporting a mixed-severity fire regime with a moisture model 

flammability function has important implications for the management of these forests. Lastly, as 
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current models are poorly suited for TWEF, new fire-behaviour equations are needed that can be 

easily operationalised. Here, I discuss in more detail (a) the flammability of the TWEF understorey, 

(b) broad implications for forest and fire management, and (c) a potential future direction for 

developing a new model. 

6.1 Flammability of TWEF Understorey and Low-Severity Fires 

While TWEF may support the tallest flammable overstorey on the planet (Tng et al. 2012), this 

research indicates that the flammability, and specifically the ignitability, of the elevated layer (Hines 

et al. 2010) is a critical determinant of fire hazard in TWEF. The results in Chapters 3 and 4 show that 

combustion, not merely scorch or death, of the live elevated fuels, is a necessary precondition for 

crown fires, except in the first decades after stand establishment. In older forests, this elevated layer is 

represented by the live non-Eucalyptus understorey. These mature understoreys maintain a moist 

microclimate (Figures 3.3 & 4.3) that, when considered with the cool, wet climate envelope of TWEF 

(Tng et al. 2013), can moderate extreme fire behaviour (Figure 4.6; Tolhurst 2009). As has been 

stated repeatedly in this thesis, the defining feature of this understorey is that it is composed of wet 

sclerophyll and rainforest trees and shrubs, many of which are less flammable than the Eucalyptus 

overstorey (Dickinson and Kirkpatrick 1985). Previous research has shown that < 50 mm of rain over 

the course of a month is the best predictor of the ignitability of pure rainforest in Tasmania (Styger 

and Kirkpatrick 2015). However, once rainforest litter dries out, its flammability is no different than 

Eucalyptus litter (Clarke et al. 2014b). Interestingly, the 50 mm threshold was not met prior to the 

high-profile fire events in northwest Tasmania in 2016 and southern Tasmania in 2019, but was met 

prior to the 1967 Black Tuesday fires, during which extensive stand replacement occurred (Solomon 

and Dell 1967; Bureau of Meteorology 2020). This suggests that a similar rainfall threshold may exist 

for the combustion of the TWEF live understorey. 

 By contrast, in regrowth TWEF, the elevated layer is composed mostly of more-flammable 

Eucalyptus saplings. The microclimate in these regrowth forests is drier (Figure 4.3), despite higher 
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cover of elevated fuels, possibly due to more water usage by a densely stocked stand (Macfarlane et 

al. 2010) or the reduced thermodynamic efficiency of a simpler understorey structure (Norris et al. 

2012). These Eucalyptus saplings have a higher proportion of fine fuels, along with inadequate bark 

thickness to protect epicormic buds against fire damage (Waters et al. 2010). Further young forests 

have no canopy seed stores (Gill 1975), rendering them vulnerable to demographic collapse. This is 

well-documented in obligate seeder forests (Bowman et al. 2014), however it also represents a danger 

in resprouter forests, especially in the face of climate change (Fairman et al. 2016). 

 Our results underscore the importance of old-growth TWEF in mitigating fire danger across a 

landscape. Fires in mixed-severity regimes are characterised by long periods of low-severity fire 

activity, punctuated by short periods of high-severity activity associated with extreme weather 

(Finney et al. 2003; Schoennagel et al. 2004). These weather and severity patterns have occurred in 

two recent catastrophic fires which burned in TWEF: the 2009 Black Saturday fires in Victoria (Cruz 

et al. 2012), and the 2013 Dunalley fire in Tasmania (Ndalila et al. 2018). During these periods of 

extreme weather, fuels and topography are often of secondary importance (Bradstock et al. 2010), but 

differences in fuels and microclimate might play a crucial role in reducing fire severity in those 

intermediate periods. This is evidenced by the importance of topography and stand age in determining 

the likelihood of crown fires (Bradstock et al. 2010; Price and Bradstock 2012) and unburnt patches 

(Leonard et al. 2014) in Australian Eucalyptus forests. Indeed, during both the aforementioned 

catastrophic fire events, low-severity surface fires were reported in TWEF (Tolhurst 2009).1 

In fact, this thesis highlights the often-overlooked importance of these low-severity fires in 

maintaining ecological process in TWEF. The forests appear to have a biological legacy of low-

severity fires. As mentioned in previous chapters, the Eucalyptus overstorey is often populated by 

more resprouting than obligate-seeder species. However, there are at least three understorey species 

common to Tasmanian and Victorian TWEF that can resprout following a low-intensity fire: Olearia 

 
1 From the data in Chapter 4. Half of the sapling-stage sites established after a low-severity fire were established 
in area burned at low-severity in the Dunalley fire. 
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argophylla, Nothofagus cunninghamii, and Bedfordia salicina (Ashton 1981). Even in obligate-seeder 

E. regnans stands, which are traditionally expected to experience primarily high-severity fires 

(Ashton 1976a), 3-7 mm thick bark, adequate to protect epicormic buds from low-intensity fires, 

extends 9-18 m up the trunk, (Ashton 1975; Waters et al. 2010). Low-severity fires have important 

ecological value in these forests. Primarily, they maintain structural complexity (Ashton 2000), which 

reduces fire risk (Figure 4.7), and creates important wildlife habitat (Lindenmayer et al. 2000; Berry 

et al. 2016). 

6.2 Forest and Fire Management in TWEF 

This thesis underscores that Tasmanian TWEF are heterogeneous ecosystems with complex fire 

regimes and flammability profiles. There are several management implications that emerge from the 

results. In general, current forest and fire management practices in TWEF do not represent the 

complexity of the fire regime and of stand development in these forests. Forest management in these 

forests is primarily limited to aggregated-retention harvesting (Scott et al. 2013) and clearfell-burn-

and-sow (CBS) silviculture (McKinnell et al. 1991; Attiwill 1994b). Such silvicultural practices make 

the implicit assumption the majority of area burnt under the natural fire regime is burned by stand-

replacing, high-severity fires (Neyland et al. 2012). The results in Chapter 3 suggest that low- and 

moderate-severity fires represent a substantial proportion of the fire activity across the geographic 

range of TWEF, especially in the southeastern forests, where the stand-replacing fire paradigm was 

developed (Ashton 1976a; Attiwill 1994b). Further, in Tasmania, these silvicultural practices are 

performed on roughly 90-year rotations (Neyland et al. 2012). Such a forest-management paradigm 

essentially mimics stand-replacing fires in the early-mature stage. The results presented in Chapter 4 

indicate that this is the stage in which stand-replacing fires are least likely. 

I propose that forest management in these forests should incorporate techniques mimicking 

low- and moderate-severity disturbances such as irregular shelterwood harvesting (Wurtz and Zasada 

2001; Lieffers et al. 2003), and variable-density thinning (Carey 2003), as such practices could 
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maintain the structural features of old-growth TWEF. Irregular shelterwood systems involve thinning 

trees at irregular spacings in both the understorey and overstorey. The trees left standing provide an 

important function as a seed source and as protection for regenerating seedlings in cleared areas, 

especially shade-tolerant ones (Lieffers et al. 1996; Lieffers et al. 2003). In Tasmania, replanting after 

such a technique could be used to establish a cohort of trees with highly-valuable timber and variable 

shade tolerances such as Atherosperma moschatum, Athrotaxis selaginoides, Eucryphia lucida, 

Nothofagus cunninghamii, and Acacia melanoxylon (Read 1985; Wilkinson and Jennings 1994; 

Hickey and Wilkinson 1999). Variable density thinning (VDT) is a similar practice where both 

merchantable and non-merchantable trees are removed at variable spacings. However, the primary 

purpose of VDT is to create structural heterogeneity (Carey 2003). It was developed to restore natural 

disturbance regimes to forests with a mixed-severity fire regime (Hessburg et al. 2016). It has been 

shown to speed up development of old-growth structural attributes (O'Hara et al. 2012), and create the 

landscape mosaic that is a critical ecological facet of such forests (Larson and Churchill 2012). More 

generally, such multi-aged silvicultural practices increase structural and vegetative diversity, 

enhancing ecosystem resilience and resistance to catastrophic disturbance (O'Hara and Ramage 2013). 

In the case of TWEF this could be vitally important, as using silviculture to decrease landscape 

flammability could play an important role in avoiding a landscape-trap effect (Lindenmayer et al. 

2011). 

Fire management, on the other hand, is practiced very infrequently in southeastern TWEF. 

Indeed, an assumption in Chapter 2 was that TWEF was an untreatable fuel type. While prescribed 

burning is implemented in TWEF in Western Australia, northern Queensland, and northern New 

South Wales,2 preliminary research has shown that in some TWEF stands this does not reduce fuel 

load, due to the deposition of scorched leaves from non-flammable shrubs and trees (Furlaud and 

Bowman 2020). Further, prescribed burning near communities in TWEF is likely to be hazardous due 

 
2 Numerous plots in the Ausplots Forest Network contained evidence of previous prescribed burning Wood SW, 
Stephens H, Foulkes J, Ebsworth E, Bowman DM (2015b) Ausplots Forest Monitoring Network: Plot 
Establishment Report. Terrestrial Ecosystem Research Network (TERN)  Available at Available at: 
http://www.ausplots.org/s/AusplotsForestsFieldManual_v16.pdf. 
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to high fuel loads and a short timeframe in which fuels are availabile to burn (Figure 3.4; Thomas et 

al. 2014; Nyman et al. 2015). However, the results of this thesis, along with previous research 

(Zylstra et al. 2016) underscore the importance of removing understorey or ‘ladder fuels’ in reducing 

fire risk in TWEF (Sturtevant et al. 2004).  

In North America, these ladder fuels are removed through mechanical thinning and removal 

of the understorey (Hurteau and Brooks 2011). This process involves removing either non-

merchantable understorey trees, merchantable overstorey trees, or both. Removing the former has the 

advantage of removing the most flammable ladder fuels, while removing the latter has the advantage 

of offsetting the cost of the treatment through wood sales (Agee and Skinner 2005; Carroll et al. 2007; 

Jain et al. 2012). Thinning has been shown to reduce the likelihood of crown fire in forests with an 

overstocking of ladder fuels due to fire suppression, especially when it is used in conjunction with 

prescribed burning (Pollet and Omi 2002; Cram et al. 2006). Thinning is not a practice that has been 

widely-implemented in Australia, though formal trials are underway (Ximenes et al. 2017), and the 

treatment has been shown to reduce the intensity of modelled fire behaviour in E. delegatensis-

dominated TWEF (Volkova et al. 2017). However, the prospect of mechanically thinning Australian 

forests remains controversial (Foley 2020), as partial canopy removal could result in a drier 

understorey microclimate, and hence more-flammable fuels (Pike et al. 2011). Previous studies have 

demonstrated a minimal effect of thinning on fuel moisture in Pinus ponderosa and P. contorta 

forests in North America (Whitehead et al. 2006; Estes et al. 2012), though, and drying out of the 

understorey may be advantageous in TWEF, as it could allow for extremely low-intensity prescribed 

burning of the remaining litter. 

Another common approach to mechanically removing ladder fuels are what are known as 

“shaded fuel breaks” or “green fire breaks” (Agee et al. 2000). In contrast to thinned stands, where a 

large area of forest is treated with a minimal number of interventions to create a resilient landscape 

(Agee and Skinner 2005), shaded fuel breaks involve intensively managing a small area to remove 

surface fine fuels and ladder fuels to create a strategically-placed focal point for suppression activities 
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(Agee et al. 2000). Shaded fuel breaks differ from traditional fuel breaks in that they retain a canopy 

to moderate the understorey microclimate and reduce exposure to radiant heat (Agee et al. 2000). In 

some cases, a shrubby understorey could be converted to a grassy understorey, which would increase 

the rate of spread of surface fires, but decrease their intensity (Van Wagtendonk 1996), ideal 

conditions for backburning (Green 1977). In Tasmanian TWEF, this could be particularly useful, as 

the abundance of grazing marsupials (Roberts 2009) would keep fuel loads low, which when 

combined with irrigation could render such fuel breaks extremely fire-resistant (Chandler et al. 1983; 

Guérin and Paulus 2009). 

6.3 The Future of Fire Behaviour Modelling in TWEF 

As detailed in Chapter 5, numerous operational fire behaviour models exist that can represent TWEF 

fuels in different ways. However, their use to characterise fire in TWEF is likely to be problematic. I 

propose that physics-based models will be needed to characterise fire behaviour in TWEF, especially 

in severe fire weather. Here, I present a potential framework for developing new “physics-based 

empirical” fire behaviour equations for TWEF. The approach for developing this model involves 

using high-resolution fuels data, such as those collected in this thesis, to create a virtual stand of 

TWEF, then use high-resolution, modelled weather records to simulate ‘experimental’ fires with a 

physics-based model. From such fires, and recently-developed remote-sensing technology, new 

‘empirical’ equations can be fit to predict fire behaviour based on fuels, weather, and topography. 

6.3.1 Creating Virtual TWEF Stands 

The first challenge for creating a new model from virtual fires is accurately representing TWEF stands 

in a virtual environment. This involves not just accurately representing fuels and stand structure, but 

also the weather and topography that are characteristic in TWEF. This can be done even without 

spatially-explicit fuels data. The data in Chapter 4 includes biomass and dimensions of individual 

trees in the understorey and overstorey. Using this dataset as an example, one would randomly 
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populate a virtual 1 ha plot with the trees from a single site (at an equivalent density) and a uniform 

slope randomly selected from the range of slopes within the dataset. Representative fire weather from 

the site would be sampled from a modelled historical weather grid (e.g. Jakob et al. 2017), along with 

associated remotely-sensed live and dead fuel moisture estimates (Caccamo et al. 2012; Nolan et al. 

2016b). This process could be repeated to create multiple 1 ha virtual stands with a range of fire-

weather profiles and slopes, characteristic of the site in which the fuels data was measured. This 

would then be repeated for each of the 23 fuels sampling sites, creating stands representative of 

different stand-development stages and severities of previous disturbance. 

6.3.2 Model Fitting  

For each of these virtual plots, a fire can be simulated using a model such as FIRETEC (Linn et al. 

2002) to generate predictions of rate of spread (ROS), flame height, and intensity. The virtual 

landscapes mentioned above could be integrated into FIRETEC through fuel modeling software such 

Fuel Moisture 
from MODIS 

Physics-Based Fire 
Model  

(e.g. FIRETEC) 

SPARK fire 
spread 

simulator 

Figure 6.1  Potential framework for building a new fire behaviour model for TWEF. Boxes represent elements 
developed at a regional/landscape scale. Ovals represent elements developed at a local scale. Colours represent 
different stages of model development as indicated 
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as FUEL3D (Parsons et al. 2011). Repeating a simulation in each of these virtual plots, will generate a 

dataset of observations on fire behaviour under different weather conditions, slopes, and fuel 

structures. One could separate outputs based on whether the simulated fire was burning in the surface 

layer, elevated layer, or canopy. From this dataset, ‘physics-based empirical’ models could be fit. 

These models would predict fire behaviour as a function of variables representing fuel, weather and 

topography. Importantly, separate fire behaviour equations could be created for surface fires, coupled 

surface-understorey fires, and crown fires, to account for different behaviour associated with each. To 

represent fuels in these new fire behaviour equations, one would need to assess which simple fuel 

metrics (e.g. height, bulk density, species, fuel load – derived from the virtually represented fuels) and 

weather metrics are most effective predictors of fire spread. Due to their relative simplicity when 

compared to physics-based models, such fire behaviour equations would be operationally 

implementable. 

6.3.3 Scaling Fuels Data 

Fine-scale fuel variables will likely be an important predictor of fire spread under some conditions. 

These are not useful, however, in an operational modelling context as they cannot be predicted 

remotely. In some cases, relationships between remotely sensed variables and local fuel metrics have 

already been established (e.g. fuel load, fuel age, height; Brandis and Jacobson 2003; Gould and Cruz 

2012; Yebra et al. 2015). For those that haven’t, correlated predictors will have to be developed from 

relatively new high-resolution, remotely-sensed data products, such as VSPI (fuel load; Massetti et al. 

2019), LiDAR (fuel structure; Price and Gordon 2016), and NDVI (productivity; Van Wagtendonk 

and Root 2003), among others. This will allow these equations to be operationally useful, as it would 

make it possible to predict fire spread in areas where no ground-based fuels data were available, 

which necessarily represents a huge portion of Australian bushland. 
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6.3.4 Model Validation 

The last step of this project is the validation of these ‘physics-based empirical’ equations. To do this 

one would utilise the SPARK fire-spread simulator (Miller et al. 2015) which models fire spread both 

horizontally across landscapes and vertically between forest strata (Chapter 5). High-resolution line-

scan data is now available at some states (Pers. Comm. R. Bradstock, May 2019; Filkov et al. 2018), 

and fire severity maps can be developed from remotely-sensed data such as dNBR (Cruz et al. 2012; 

Ndalila et al. 2018). The newly-fitted rate of spread, flame length, and intensity equations for each 

fuel stratum could be plugged into the SPARK simulator. Using data from historical wildfires, one 

could simulate fire spread in conditions under which actual wildfires occurred. They could compare 

the simulated fire’s progress and severity to actual line-scan and post-fire severity data to evaluate the 

predicted vs. observed fire behaviour (e.g. Finney and Ryan 1995; Faggian et al. 2017). While this 

approach can be problematic given the difficulty in separating error in the quality of data and model 

error (Pastor et al. 2003; Duff et al. 2018), the researchers would be using the same prediction fire 

managers would, so such an approach would effectively be validating the operational utility of such a 

model. Further validation could be performed using fine-scale pre-and post-fire fuels and fire severity 

data from burnt permanent plots (e.g. Furlaud and Bowman 2020). 

6.3.5 Outcomes 

The main outcome of such a project would be the development of a ready-to-use operational fire-

behaviour model for TWEF. The project would also serve as a proof-of-concept for a novel technique 

developing comprehensive fire behaviour equations for complex forest ecosystems. Further, at least 

20 of the permanent plots measured in this thesis have burned in recent wildfires (pers. Comm. S. 

Wood Jan 2020; Wood et al. 2015b; Furlaud and Bowman 2020), representing a valuable opportunity 

to validate physics-based models at a fine-scale. If the validations prove this technique to be accurate, 

this project could be scaled up to a larger project collecting new data and developing new equations 
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for many different forest types across Australia. Further this new method could contribute to the 

development of new fire behaviour equations throughout the world. 

6.4 Conclusions 

This thesis represents a first attempt to distil the complexities of fuels, flammability, and fire 

behaviour in TWEF using a data-driven approach. This, in combination with decades of accumulated 

expert knowledge (Cawson et al. 2020), will provide crucial information for the development of 

operational tools for managing fire in TWEF. I show that TWEF supports a mixed-severity fire 

regime and a moisture-model flammability function, and that the flammability of the live understorey, 

or elevated fuels, is the key factor in driving high-severity fires in these forests. Such a 

characterisation has profound implications for our understanding of flammability in TWEF. Until a 

thorough understanding of how fire behaves in these complex fuels is obtained, it will not be possible 

to fully understand fire behaviour in TWEF. This can be achieved through small-scale flammability 

experiments, modelling, and detailed fuel moisture measurements. As discussed, mechanical thinning 

or other multi-cohort management strategies could be effective in managing fire risk by removing the 

live understorey, however careful research needs to be conducted, both into the effect of such 

treatments on understorey microclimate and canopy wind reduction. Such information will provide a 

solid foundation on which to base fuel management and fire suppression decisions in the future.
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Appendix 2.1  

Summary of the 12 implementable fuel treatment plans suggested by fire managers for six treatable vegetation types   

Vegetation types are derived from TASVEG 3.0 (Department of Primary Industries 2013). The area treated (km2), the percentage of the total area (% Total 
Area) of the given vegetation type and the percentage of treatable area under the maximal prescribed burning scenario (% of Maximal Area) for each 
vegetation type is listed. Twelve treatment plans were implemented over five years in our simulations. Treatment areas were selected from one of three subsets 
of treatable land: public land only, public and private land, and fire management zones (defined as areas within 6.05 km of human settlements).  For each of 
these three subsets of land, two different levels of treatment were developed (2.5% and 5% for the Public and Public & Private scenarios, Full and Half for the 
Fire Management Zone scenario). Land was prioritised for treatment based on a risk score rank. This was done at both a statewide (State) and regional (FMA) 
scale. For more details on treatment block selection see Richards et al. (2014). A treatment block was defined as one discrete treatment area of a single 
vegetation type having no adjacent fuel treatments of the same vegetation type. Treatment blocks containing multiple vegetation types are split up into a block 
for each vegetation type. Summary statistics of the treated blocks are presented by vegetation type and year  

            

   Area Treated  Summary Statistics of the sizes of treatment blocks (ha) 
Treatment 
Plan Type 

Year Vegetation Type km2 % 
Total 
Area 

% of 
Maximal 
Area 

No. of 
treatment 
blocks 

Minimum Median Mean Maximum Standard 
Deviation 

1.  Full Fire 
  Management 
  Zone (FMA) 

2014 Agricultural, urban and exotic vegetation 42 0.15 5.05 11301 <0.01 0.37 <0.01 289.35 4.07 

 Dry eucalypt forest and woodland 682 4.29 4.66 5870 <0.01 11.62 0.28 2520.08 76.65 

 Moorland, sedgeland, rushland and peatland 62 1.03 1.08 589 <0.01 10.50 1.35 386.38 35.53 

 Native grassland 71 5.19 6.41 656 <0.01 10.80 1.42 999.55 49.84 

 Non eucalypt forest and woodland 47 2.21 11.17 657 <0.01 7.22 1.75 150.78 16.53 

 Scrub, heathland and coastal complexes 221 4.31 9.90 2054 <0.01 10.76 0.94 870.74 49.86 

 2015 Agricultural, urban and exotic vegetation 36 0.13 4.36 9376 <0.01 0.38 <0.01 160.18 3.73 
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  Dry eucalypt forest and woodland 712 4.48 4.86 4314 <0.01 16.50 0.44 2956.59 100.76 

  Moorland, sedgeland, rushland and peatland 22 0.37 0.38 252 <0.01 8.68 0.65 364.36 33.25 

  Native grassland 42 3.07 3.80 540 <0.01 7.77 1.15 719.08 35.26 

  Non eucalypt forest and woodland 27 1.26 6.35 503 <0.01 5.35 1.31 149.13 14.01 

  Scrub, heathland and coastal complexes 98 1.90 4.37 1595 <0.01 6.12 0.15 1064.23 47.52 

 2016 Agricultural, urban and exotic vegetation 34 0.13 4.18 10582 <0.01 0.33 <0.01 197.53 3.69 

  Dry eucalypt forest and woodland 811 5.10 5.54 5495 <0.01 14.77 0.39 3637.82 109.21 

  Moorland, sedgeland, rushland and peatland 32 0.53 0.56 291 <0.01 11.01 1.69 408.19 36.45 

  Native grassland 48 3.51 4.34 583 <0.01 8.23 1.37 195.73 19.72 

  Non eucalypt forest and woodland 22 1.03 5.19 306 <0.01 7.20 1.92 337.59 22.35 

  Scrub, heathland and coastal complexes 50 0.97 2.22 934 <0.01 5.32 0.81 502.64 24.18 

 2017 Agricultural, urban and exotic vegetation 40 0.15 4.81 9972 <0.01 0.40 <0.01 200.75 3.94 

  Dry eucalypt forest and woodland 800 5.03 5.46 4409 <0.01 18.14 0.60 2870.29 104.46 

  Moorland, sedgeland, rushland and peatland 50 0.84 0.88 276 <0.01 18.27 1.06 1218.26 98.19 

  Native grassland 38 2.76 3.41 511 <0.01 7.38 1.23 515.28 27.96 

  Non eucalypt forest and woodland 22 1.02 5.14 342 <0.01 6.38 1.22 379.25 23.66 

  Scrub, heathland and coastal complexes 53 1.03 2.37 787 <0.01 6.73 0.54 813.73 39.84 

 2018 Agricultural, urban and exotic vegetation 58 0.21 7.00 7837 <0.01 0.74 <0.01 248.34 6.18 

  Dry eucalypt forest and woodland 816 5.14 5.58 5776 <0.01 14.14 0.21 2702.71 95.17 

  Moorland, sedgeland, rushland and peatland 16 0.27 0.28 163 <0.01 9.78 1.68 157.10 23.18 

  Native grassland 27 2.01 2.48 486 <0.01 5.65 0.68 142.55 14.65 

  Non eucalypt forest and woodland 8 0.38 1.91 270 <0.01 3.00 <0.01 153.12 10.68 

  Scrub, heathland and coastal complexes 31 0.61 1.40 501 <0.01 6.24 0.47 638.52 39.01 

2.  Half Fire 
  Management 
  Zones (FMA)  

2014 Agricultural, urban and exotic vegetation 23 0.08 2.79 6233 <0.01 0.37 <0.01 107.39 2.90 

 Dry eucalypt forest and woodland 320 2.01 2.18 3967 <0.01 8.06 0.15 1546.44 47.65 

 Moorland, sedgeland, rushland and peatland 43 0.72 0.75 419 <0.01 10.30 1.44 386.38 35.30 

 Native grassland 32 2.36 2.91 397 <0.01 8.11 1.14 228.70 22.55 

 Non eucalypt forest and woodland 31 1.43 7.21 455 <0.01 6.73 1.69 150.64 15.52 

 Scrub, heathland and coastal complexes 142 2.76 6.35 1411 <0.01 10.05 0.89 753.48 43.52 

 2015 Agricultural, urban and exotic vegetation 19 0.07 2.25 5157 <0.01 0.36 <0.01 289.35 5.03 

  Dry eucalypt forest and woodland 362 2.28 2.48 2212 <0.01 16.39 0.56 2480.89 97.62 

  Moorland, sedgeland, rushland and peatland 19 0.31 0.32 190 <0.01 9.84 0.93 375.23 34.00 

  Native grassland 39 2.83 3.50 318 <0.01 12.16 1.27 932.53 62.13 

  Non eucalypt forest and woodland 17 0.78 3.96 260 <0.01 6.47 1.69 85.03 13.47 

  Scrub, heathland and coastal complexes 79 1.54 3.55 843 <0.01 9.41 0.96 821.16 42.13 
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 2016 Agricultural, urban and exotic vegetation 16 0.06 2.00 5257 <0.01 0.31 <0.01 134.71 3.35 

  Dry eucalypt forest and woodland 343 2.16 2.34 2080 <0.01 16.50 0.40 1434.11 84.03 

  Moorland, sedgeland, rushland and peatland 13 0.21 0.22 126 <0.01 10.06 0.58 364.36 37.43 

  Native grassland 21 1.53 1.89 329 <0.01 6.33 1.08 130.82 16.03 

  Non eucalypt forest and woodland 15 0.71 3.61 275 <0.01 5.56 1.49 109.39 12.77 

  Scrub, heathland and coastal complexes 44 0.87 1.99 825 <0.01 5.39 0.13 614.08 33.91 

 2017 Agricultural, urban and exotic vegetation 19 0.07 2.36 4177 <0.01 0.47 <0.01 160.18 4.09 

  Dry eucalypt forest and woodland 368 2.32 2.52 2382 <0.01 15.47 0.47 1779.90 89.52 

  Moorland, sedgeland, rushland and peatland 9 0.15 0.16 134 <0.01 6.87 0.91 219.36 22.38 

  Native grassland 21 1.54 1.91 219 <0.01 9.64 1.30 719.08 51.29 

  Non eucalypt forest and woodland 12 0.54 2.74 239 <0.01 4.87 1.09 149.13 14.82 

  Scrub, heathland and coastal complexes 53 1.04 2.38 789 <0.01 6.74 0.17 1064.23 53.30 

 2018 Agricultural, urban and exotic vegetation 18 0.07 2.23 5029 <0.01 0.37 <0.01 174.58 3.85 

  Dry eucalypt forest and woodland 412 2.60 2.82 2952 <0.01 13.97 0.39 2500.65 88.65 

  Moorland, sedgeland, rushland and peatland 15 0.25 0.26 189 <0.01 8.03 1.67 319.30 27.10 

  Native grassland 17 1.26 1.55 231 <0.01 7.43 1.02 152.38 18.95 

  Non eucalypt forest and woodland 13 0.60 3.02 140 <0.01 9.15 2.01 337.59 30.37 

  Scrub, heathland and coastal complexes 37 0.72 1.65 516 <0.01 7.14 1.02 502.64 31.22 

3.  5% Treatable 
  Fuels on 
  Public & 
  Private Land 

(FMA) 

2014 Agricultural, urban and exotic vegetation 50 0.18 6.02 6078 <0.01 0.82 <0.01 407.81 6.83 

 Dry eucalypt forest and woodland 994 6.26 6.79 5422 <0.01 18.34 0.77 5679.81 142.18 

 Moorland, sedgeland, rushland and peatland 108 1.80 1.87 441 <0.01 24.45 1.11 1368.35 110.69 

 Native grassland 27 1.95 2.41 453 <0.01 5.87 1.15 243.79 18.12 

 Non eucalypt forest and woodland 12 0.58 2.94 249 <0.01 5.02 1.47 151.30 12.61 

 Scrub, heathland and coastal complexes 132 2.57 5.90 745 <0.01 17.68 1.04 2456.51 141.69 

 2015 Agricultural, urban and exotic vegetation 36 0.13 4.34 4526 <0.01 0.79 <0.01 210.96 6.00 

  Dry eucalypt forest and woodland 953 6.00 6.51 4270 <0.01 22.32 0.90 8559.17 175.52 

  Moorland, sedgeland, rushland and peatland 176 2.93 3.06 512 <0.01 34.35 1.98 4219.30 227.27 

  Native grassland 16 1.16 1.43 363 <0.01 4.35 0.65 117.11 11.39 

  Non eucalypt forest and woodland 22 1.03 5.19 156 <0.01 14.12 1.96 1216.39 98.53 

  Scrub, heathland and coastal complexes 78 1.51 3.48 463 <0.01 16.77 1.19 2159.71 136.03 

 2016 Agricultural, urban and exotic vegetation 43 0.16 5.18 4497 <0.01 0.95 <0.01 613.05 10.23 

  Dry eucalypt forest and woodland 882 5.55 6.03 3611 <0.01 24.42 0.83 4864.08 171.09 

  Moorland, sedgeland, rushland and peatland 113 1.88 1.96 519 <0.01 21.74 1.83 1109.12 97.87 

  Native grassland 22 1.60 1.98 335 <0.01 6.54 1.55 95.24 13.72 

  Non eucalypt forest and woodland 29 1.34 6.76 255 <0.01 11.24 1.21 297.95 37.29 
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  Scrub, heathland and coastal complexes 276 5.38 12.38 796 <0.01 34.72 0.92 11417.38 449.87 

 2017 Agricultural, urban and exotic vegetation 44 0.16 5.29 4088 <0.01 1.07 <0.01 292.79 8.51 

  Dry eucalypt forest and woodland 906 5.70 6.19 3770 <0.01 24.03 0.96 5409.25 170.18 

  Moorland, sedgeland, rushland and peatland 105
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17.53 18.26 1535 <0.01 68.43 1.93 33916.32 1074.47 

  Native grassland 18 1.31 1.61 448 <0.01 3.98 0.79 109.66 11.03 

  Non eucalypt forest and woodland 8 0.35 1.77 201 <0.01 3.74 1.08 106.11 10.88 

  Scrub, heathland and coastal complexes 86 1.67 3.85 1101 <0.01 7.81 1.24 1064.32 49.74 

 2018 Agricultural, urban and exotic vegetation 20 0.07 2.39 3884 <0.01 0.51 <0.01 225.59 4.83 

  Dry eucalypt forest and woodland 651 4.10 4.45 2440 <0.01 26.69 1.29 3754.56 155.71 

  Moorland, sedgeland, rushland and peatland 157 2.62 2.72 927 <0.01 16.91 1.87 1229.54 83.33 

  Native grassland 19 1.36 1.68 260 <0.01 7.15 0.67 267.82 26.50 

  Non eucalypt forest and woodland 17 0.77 3.91 133 <0.01 12.49 2.37 644.25 57.88 

  Scrub, heathland and coastal complexes 30 0.59 1.35 465 <0.01 6.48 1.34 293.73 22.09 

4.  2.5 % 
  Treatable 
  Fuels on 
  Public & 
  Private Land 

(FMA) 

2014 Agricultural, urban and exotic vegetation 24 0.09 2.95 2942 <0.01 0.83 <0.01 102.73 4.09 

 Dry eucalypt forest and woodland 520 3.27 3.55 3732 <0.01 13.92 0.71 4823.89 117.51 

 Moorland, sedgeland, rushland and peatland 39 0.65 0.68 260 <0.01 15.06 1.29 1065.50 71.18 

 Native grassland 14 1.01 1.25 257 <0.01 5.37 0.87 149.33 15.53 

 Non eucalypt forest and woodland 8 0.35 1.79 126 <0.01 6.03 1.24 151.30 16.46 

 Scrub, heathland and coastal complexes 91 1.78 4.08 510 <0.01 17.87 1.13 1650.94 122.07 

2015 Agricultural, urban and exotic vegetation 25 0.09 3.07 3238 <0.01 0.78 <0.01 345.69 7.65 

 Dry eucalypt forest and woodland 475 2.99 3.24 2386 <0.01 19.89 0.72 2769.17 107.72 

  Moorland, sedgeland, rushland and peatland 69 1.15 1.19 227 <0.01 30.25 1.06 1355.05 130.42 

  Native grassland 13 0.94 1.16 221 <0.01 5.79 1.21 243.79 19.03 

  Non eucalypt forest and woodland 5 0.23 1.15 133 <0.01 3.68 1.83 29.99 5.55 

  Scrub, heathland and coastal complexes 41 0.79 1.82 287 <0.01 14.13 0.81 1501.19 96.95 

 2016 Agricultural, urban and exotic vegetation 18 0.07 2.23 1995 <0.01 0.92 <0.01 174.15 5.96 

  Dry eucalypt forest and woodland 424 2.67 2.90 1937 <0.01 21.91 0.87 3250.46 135.46 

  Moorland, sedgeland, rushland and peatland 78 1.30 1.35 170 <0.01 45.75 2.64 4219.30 331.49 

  Native grassland 7 0.49 0.60 168 <0.01 3.96 0.58 71.33 10.12 

  Non eucalypt forest and woodland 7 0.35 1.76 101 <0.01 7.38 2.08 161.90 19.45 

  Scrub, heathland and coastal complexes 25 0.49 1.14 262 <0.01 9.69 1.04 687.09 50.04 

 2017 Agricultural, urban and exotic vegetation 17 0.06 2.11 2566 <0.01 0.68 <0.01 210.96 5.93 

  Dry eucalypt forest and woodland 529 3.33 3.61 2585 <0.01 20.45 0.91 1981.33 109.86 

  Moorland, sedgeland, rushland and peatland 98 1.64 1.70 355 <0.01 27.63 1.82 1832.28 147.66 
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  Native grassland 9 0.67 0.83 199 <0.01 4.60 0.79 117.11 12.25 

  Non eucalypt forest and woodland 15 0.68 3.43 61 <0.01 23.89 1.64 1216.39 155.43 

  Scrub, heathland and coastal complexes 52 1.02 2.34 230 <0.01 22.72 1.30 2144.47 160.35 

 2018 Agricultural, urban and exotic vegetation 20 0.07 2.47 2183 <0.01 0.93 <0.01 613.05 13.76 

  Dry eucalypt forest and woodland 475 2.99 3.25 1987 <0.01 23.90 0.67 4759.67 178.88 

  Moorland, sedgeland, rushland and peatland 48 0.80 0.83 271 <0.01 17.59 2.09 1079.92 80.74 

  Native grassland 5 0.38 0.47 121 <0.01 4.30 1.48 45.63 7.44 

  Non eucalypt forest and woodland 6 0.29 1.46 68 <0.01 9.13 2.01 198.76 26.24 

  Scrub, heathland and coastal complexes 80 1.57 3.60 222 <0.01 36.25 1.10 5106.22 356.10 

5.  5% 
  Treatable 
  Fuels on 
  Public Land 
  Only (FMA)  

2014 Agricultural, urban and exotic vegetation 7 0.03 0.88 1474 <0.01 0.49 0.06 36.12 1.81 

 Dry eucalypt forest and woodland 556 3.50 3.80 6422 <0.01 8.66 0.19 3921.78 73.98 

 Moorland, sedgeland, rushland and peatland 163 2.72 2.83 521 <0.01 31.23 1.44 3652.38 205.66 

 Native grassland 6 0.42 0.52 326 <0.01 1.75 0.20 76.38 7.24 

 Non eucalypt forest and woodland 5 0.23 1.14 225 <0.01 2.15 0.04 124.58 10.50 

 Scrub, heathland and coastal complexes 73 1.43 3.28 714 <0.01 10.27 0.60 1841.97 80.47 

 2015 Agricultural, urban and exotic vegetation 2 0.01 0.25 443 <0.01 0.47 0.04 18.04 1.52 

  Dry eucalypt forest and woodland 461 2.90 3.15 3355 <0.01 13.73 0.39 2710.94 84.98 

  Moorland, sedgeland, rushland and peatland 287 4.80 5.00 1093 <0.01 26.30 2.33 1832.46 120.11 

  Native grassland 2 0.17 0.20 159 <0.01 1.42 0.17 56.40 5.08 

  Non eucalypt forest and woodland 12 0.56 2.84 70 <0.01 17.23 0.80 1022.41 122.02 

  Scrub, heathland and coastal complexes 41 0.80 1.84 430 <0.01 9.54 1.18 472.45 38.97 

 2016 Agricultural, urban and exotic vegetation 10 0.04 1.23 578 <0.01 1.75 0.01 613.05 25.61 

  Dry eucalypt forest and woodland 427 2.68 2.92 2524 <0.01 16.91 0.29 3365.11 117.50 

  Moorland, sedgeland, rushland and peatland 83 1.39 1.44 460 <0.01 18.05 1.72 939.52 68.56 

  Native grassland 2 0.13 0.17 104 <0.01 1.76 0.39 24.62 4.10 

  Non eucalypt forest and woodland 5 0.23 1.19 103 <0.01 4.88 0.38 190.75 22.22 

  Scrub, heathland and coastal complexes 154 3.00 6.90 689 <0.01 22.37 0.76 5106.22 218.88 

 2017 Agricultural, urban and exotic vegetation 3 0.01 0.41 362 <0.01 0.93 0.04 64.01 5.19 

  Dry eucalypt forest and woodland 407 2.56 2.78 1904 <0.01 21.39 0.52 4576.56 171.77 

  Moorland, sedgeland, rushland and peatland 111
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18.56 19.33 1616 <0.01 68.83 2.02 33916.32 1049.74 

  Native grassland 3 0.20 0.24 182 <0.01 1.47 0.38 44.97 4.47 

  Non eucalypt forest and woodland 4 0.19 0.94 55 <0.01 7.29 0.42 236.00 33.47 

  Scrub, heathland and coastal complexes 36 0.70 1.61 666 <0.01 5.39 1.01 281.37 16.48 

 2018 Agricultural, urban and exotic vegetation 3 0.01 0.36 358 <0.01 0.82 0.06 42.75 3.19 
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  Dry eucalypt forest and woodland 426 2.68 2.91 2028 <0.01 20.99 0.55 3077.67 123.03 

  Moorland, sedgeland, rushland and peatland 140
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23.48 24.46 1864 <0.01 75.50 2.43 17900.15 718.84 

  Native grassland 6 0.41 0.51 165 <0.01 3.41 0.34 83.75 10.30 

  Non eucalypt forest and woodland 5 0.24 1.22 145 <0.01 3.56 0.08 185.71 16.56 

  Scrub, heathland and coastal complexes 222 4.33 9.95 992 <0.01 22.40 2.08 9255.00 299.50 

6. 2.5% 
  Treatable 
  Fuels on 
  Public Land 
  Only (FMA)  

2014 Agricultural, urban and exotic vegetation 4 0.02 0.51 1012 <0.01 0.41 0.05 19.81 1.35 

 Dry eucalypt forest and woodland 292 1.84 2.00 4435 <0.01 6.59 0.16 3518.09 72.62 

 Moorland, sedgeland, rushland and peatland 53 0.89 0.93 348 <0.01 15.33 1.11 1065.50 66.33 

 Native grassland 3 0.25 0.31 195 <0.01 1.76 0.17 67.79 7.08 

 Non eucalypt forest and woodland 4 0.20 1.00 103 <0.01 4.13 0.27 124.58 15.23 

 Scrub, heathland and coastal complexes 60 1.17 2.68 469 <0.01 12.77 0.54 1458.43 83.15 

 2015 Agricultural, urban and exotic vegetation 3 0.01 0.37 584 <0.01 0.53 0.06 35.75 2.24 

  Dry eucalypt forest and woodland 264 1.66 1.80 2840 <0.01 9.29 0.18 1316.01 51.31 

  Moorland, sedgeland, rushland and peatland 109 1.83 1.90 252 <0.01 43.41 1.38 3652.38 277.64 

  Native grassland 2 0.17 0.21 166 <0.01 1.37 0.15 76.38 6.66 

  Non eucalypt forest and woodland 1 0.03 0.13 127 <0.01 0.45 <0.01 11.98 1.52 

  Scrub, heathland and coastal complexes 13 0.26 0.60 285 <0.01 4.72 0.59 383.40 25.88 

 2016 Agricultural, urban and exotic vegetation 2 0.01 0.18 238 <0.01 0.64 0.06 18.04 1.93 

  Dry eucalypt forest and woodland 186 1.17 1.27 1780 <0.01 10.43 0.16 1648.02 63.97 

  Moorland, sedgeland, rushland and peatland 96 1.61 1.67 368 <0.01 26.15 1.96 1832.46 134.48 

  Native grassland 2 0.13 0.16 106 <0.01 1.63 0.15 56.40 5.94 

  Non eucalypt forest and woodland 1 0.07 0.35 40 <0.01 3.68 1.60 44.12 7.38 

  Scrub, heathland and coastal complexes 17 0.33 0.77 238 <0.01 7.21 1.25 472.45 32.09 

 2017 Agricultural, urban and exotic vegetation 1 0.00 0.07 212 <0.01 0.26 0.02 6.89 0.73 

  Dry eucalypt forest and woodland 275 1.73 1.88 1682 <0.01 16.35 0.85 2309.80 87.89 

  Moorland, sedgeland, rushland and peatland 191 3.19 3.32 739 <0.01 25.87 2.62 1560.13 109.44 

  Native grassland 1 0.04 0.05 56 <0.01 0.95 0.19 17.44 2.46 

  Non eucalypt forest and woodland 11 0.49 2.50 30 <0.01 35.29 0.34 1022.41 186.45 

  Scrub, heathland and coastal complexes 24 0.46 1.07 196 <0.01 12.18 1.00 454.80 45.58 

 2018 Agricultural, urban and exotic vegetation 8 0.03 0.94 245 <0.01 3.16 0.01 613.05 39.21 

  Dry eucalypt forest and woodland 197 1.24 1.35 1119 <0.01 17.62 0.24 1981.33 99.46 

  Moorland, sedgeland, rushland and peatland 29 0.48 0.50 113 <0.01 25.65 2.55 664.30 80.97 

  Native grassland 1 0.06 0.08 36 <0.01 2.29 0.31 24.50 4.92 

  Non eucalypt forest and woodland 0 0.02 0.09 38 <0.01 1.06 0.35 13.42 2.32 
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  Scrub, heathland and coastal complexes 93 1.81 4.16 192 <0.01 48.38 0.85 5106.22 385.05 

7. Full Fire 
  Management 
  Zones (State) 

2014 Agricultural, urban and exotic vegetation 38 0.14 4.56 6668 <0.01 0.56 <0.01 185.49 4.27 

 Dry eucalypt forest and woodland 366 2.30 2.50 3648 <0.01 10.02 0.52 2913.12 69.54 

 Moorland, sedgeland, rushland and peatland 130 2.18 2.27 780 <0.01 16.73 1.61 1461.46 84.67 

 Native grassland 34 2.48 3.06 500 <0.01 6.76 0.82 221.05 19.14 

 Non eucalypt forest and woodland 49 2.29 11.55 600 <0.01 8.17 1.09 426.42 31.64 

 Scrub, heathland and coastal complexes 382 7.45 17.12 2791 <0.01 13.70 0.59 2799.66 94.83 

 2015 Agricultural, urban and exotic vegetation 30 0.11 3.69 9733 <0.01 0.31 <0.01 103.77 2.89 

  Dry eucalypt forest and woodland 715 4.50 4.89 5579 <0.01 12.82 0.32 3615.52 93.25 

  Moorland, sedgeland, rushland and peatland 94 1.57 1.64 479 <0.01 19.69 1.25 1785.68 110.27 

  Native grassland 36 2.66 3.29 478 <0.01 7.61 1.39 228.70 21.75 

  Non eucalypt forest and woodland 37 1.71 8.63 467 <0.01 7.84 1.47 554.37 33.31 

  Scrub, heathland and coastal complexes 86 1.68 3.86 1427 <0.01 6.04 0.70 407.12 26.47 

 2016 Agricultural, urban and exotic vegetation 42 0.15 5.13 12326 <0.01 0.34 <0.01 289.35 4.11 

  Dry eucalypt forest and woodland 793 4.99 5.42 5002 <0.01 15.86 0.47 3637.82 100.12 

  Moorland, sedgeland, rushland and peatland 42 0.69 0.72 244 <0.01 17.02 1.66 540.02 66.89 

  Native grassland 65 4.72 5.84 637 <0.01 10.13 1.12 932.53 53.58 

  Non eucalypt forest and woodland 31 1.44 7.28 510 <0.01 6.06 1.58 149.13 13.59 

  Scrub, heathland and coastal complexes 26 0.50 1.14 656 <0.01 3.89 0.97 183.20 11.90 

 2017 Agricultural, urban and exotic vegetation 44 0.16 5.30 10468 <0.01 0.42 <0.01 200.75 4.94 

  Dry eucalypt forest and woodland 840 5.29 5.74 5135 <0.01 16.36 0.52 2578.97 98.62 

  Moorland, sedgeland, rushland and peatland 35 0.58 0.60 228 <0.01 15.21 0.67 1287.00 97.77 

  Native grassland 42 3.09 3.82 502 <0.01 8.41 1.57 135.55 18.38 

  Non eucalypt forest and woodland 19 0.86 4.36 254 <0.01 7.29 2.50 96.82 14.64 

  Scrub, heathland and coastal complexes 16 0.32 0.74 720 <0.01 2.29 0.08 197.73 10.05 

 2018 Agricultural, urban and exotic vegetation 57 0.21 6.92 8477 <0.01 0.67 <0.01 239.97 4.96 

  Dry eucalypt forest and woodland 854 5.37 5.84 5764 <0.01 14.82 0.17 2870.29 102.03 

  Moorland, sedgeland, rushland and peatland 22 0.36 0.37 155 <0.01 13.89 1.16 1060.21 86.78 

  Native grassland 42 3.05 3.76 483 <0.01 8.61 1.62 214.20 21.80 

  Non eucalypt forest and woodland 12 0.55 2.77 419 <0.01 2.81 0.09 153.12 8.80 

  Scrub, heathland and coastal complexes 8 0.15 0.35 423 <0.01 1.83 0.30 54.18 4.39 

8. Half Fire 
  Management 
  Zones (State)  

2014 Agricultural, urban and exotic vegetation 20 0.07 2.37 1720 <0.01 1.13 <0.01 97.91 5.87 

 Dry eucalypt forest and woodland 133 0.84 0.91 1603 <0.01 8.29 0.36 2913.12 84.67 

 Moorland, sedgeland, rushland and peatland 59 0.99 1.03 456 <0.01 12.97 1.59 407.31 39.87 

 Native grassland 17 1.27 1.57 276 <0.01 6.30 0.60 141.09 17.06 
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 Non eucalypt forest and woodland 24 1.14 5.74 279 <0.01 8.73 1.34 337.59 28.86 

 Scrub, heathland and coastal complexes 256 4.98 11.45 1855 <0.01 13.79 0.55 2313.12 88.59 

 2015 Agricultural, urban and exotic vegetation 18 0.07 2.19 5028 <0.01 0.36 <0.01 82.00 2.74 

  Dry eucalypt forest and woodland 233 1.46 1.59 2253 <0.01 10.33 0.65 1392.36 49.95 

  Moorland, sedgeland, rushland and peatland 71 1.19 1.24 390 <0.01 18.29 1.46 1218.26 91.16 

  Native grassland 16 1.20 1.49 281 <0.01 5.84 0.71 221.05 18.67 

  Non eucalypt forest and woodland 25 1.15 5.81 342 <0.01 7.21 0.83 426.42 32.32 

  Scrub, heathland and coastal complexes 127 2.47 5.67 1224 <0.01 10.34 0.75 1606.43 62.86 

 2016 Agricultural, urban and exotic vegetation 16 0.06 1.99 4859 <0.01 0.34 <0.01 103.77 3.14 

  Dry eucalypt forest and woodland 352 2.21 2.41 3312 <0.01 10.63 0.20 2489.99 75.96 

  Moorland, sedgeland, rushland and peatland 44 0.73 0.76 282 <0.01 15.48 0.88 939.71 84.30 

  Native grassland 8 0.59 0.73 232 <0.01 3.48 1.05 71.11 7.70 

  Non eucalypt forest and woodland 13 0.62 3.16 239 <0.01 5.61 1.33 291.30 21.10 

  Scrub, heathland and coastal complexes 66 1.29 2.97 748 <0.01 8.86 1.07 407.12 34.65 

 2017 Agricultural, urban and exotic vegetation 14 0.05 1.70 4905 <0.01 0.29 <0.01 65.71 2.44 

  Dry eucalypt forest and woodland 363 2.28 2.48 2456 <0.01 14.78 0.49 1863.73 81.34 

  Moorland, sedgeland, rushland and peatland 51 0.85 0.88 229 <0.01 22.13 2.00 914.64 80.95 

  Native grassland 28 2.07 2.56 270 <0.01 10.47 1.60 228.70 26.32 

  Non eucalypt forest and woodland 23 1.08 5.47 254 <0.01 9.14 1.47 554.37 39.99 

  Scrub, heathland and coastal complexes 20 0.39 0.89 720 <0.01 2.76 0.21 193.42 10.53 

 2018 Agricultural, urban and exotic vegetation 24 0.09 2.88 6977 <0.01 0.34 <0.01 289.35 4.65 

  Dry eucalypt forest and woodland 379 2.38 2.59 2407 <0.01 15.73 0.46 1805.63 90.05 

  Moorland, sedgeland, rushland and peatland 26 0.44 0.46 162 <0.01 16.22 1.53 540.02 68.06 

  Native grassland 47 3.40 4.21 359 <0.01 12.96 1.28 932.53 69.09 

  Non eucalypt forest and woodland 19 0.89 4.50 257 <0.01 7.43 1.83 149.13 16.26 

  Scrub, heathland and coastal complexes 16 0.31 0.70 303 <0.01 5.20 1.02 183.20 15.92 

9.  5%  
 Treatable  
 Fuels on 
 Public &  
 Private Land 

(State)  

2014 Agricultural, urban and exotic vegetation 47 0.17 5.73 4474 <0.01 1.06 <0.01 407.81 7.57 

 Dry eucalypt forest and woodland 104
9 

6.60 7.17 5746 <0.01 18.25 0.78 4822.50 130.21 

 Moorland, sedgeland, rushland and peatland 24 0.40 0.42 355 <0.01 6.83 1.06 140.36 18.04 

 Native grassland 18 1.31 1.63 378 <0.01 4.75 0.86 175.08 13.58 

 Non eucalypt forest and woodland 12 0.56 2.81 226 <0.01 5.27 1.65 151.30 12.89 

 Scrub, heathland and coastal complexes 101 1.98 4.55 688 <0.01 14.75 1.03 3462.02 147.20 

 2015 Agricultural, urban and exotic vegetation 40 0.15 4.82 4176 <0.01 0.95 <0.01 210.96 6.44 

  Dry eucalypt forest and woodland 103
7 

6.52 7.08 4025 <0.01 25.75 0.92 14753.76 297.32 
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  Moorland, sedgeland, rushland and peatland 61 1.01 1.05 360 <0.01 16.85 1.56 1065.50 72.36 

  Native grassland 24 1.76 2.18 377 <0.01 6.38 1.10 243.79 17.95 

  Non eucalypt forest and woodland 19 0.90 4.55 113 <0.01 17.07 1.70 1218.35 115.82 

  Scrub, heathland and coastal complexes 50 0.98 2.26 514 <0.01 9.81 0.92 1617.30 81.17 

 2016 Agricultural, urban and exotic vegetation 38 0.14 4.63 5569 <0.01 0.68 <0.01 211.07 5.43 

  Dry eucalypt forest and woodland 100
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6.33 6.88 3450 <0.01 29.16 1.06 5409.25 181.50 

  Moorland, sedgeland, rushland and peatland 133 2.22 2.31 548 <0.01 24.30 1.39 3652.38 188.96 

  Native grassland 15 1.07 1.32 320 <0.01 4.56 1.00 142.55 12.07 

  Non eucalypt forest and woodland 21 0.97 4.89 211 <0.01 9.84 1.95 672.02 50.43 

  Scrub, heathland and coastal complexes 37 0.72 1.65 557 <0.01 6.62 0.96 384.19 27.29 

 2017 Agricultural, urban and exotic vegetation 35 0.13 4.20 3675 <0.01 0.94 <0.01 613.05 12.50 

  Dry eucalypt forest and woodland 902 5.67 6.16 3731 <0.01 24.17 0.67 6996.48 171.66 

  Moorland, sedgeland, rushland and peatland 148 2.47 2.57 523 <0.01 28.26 1.64 1832.28 138.73 

  Native grassland 14 1.03 1.28 271 <0.01 5.20 1.08 117.11 13.78 

  Non eucalypt forest and woodland 13 0.59 2.97 145 <0.01 8.70 1.47 375.42 35.46 

  Scrub, heathland and coastal complexes 121 2.37 5.44 687 <0.01 17.68 0.97 5106.22 216.92 

 2018 Agricultural, urban and exotic vegetation 39 0.14 4.70 5117 <0.01 0.76 <0.01 576.53 10.22 

  Dry eucalypt forest and woodland 915 5.76 6.25 3797 <0.01 24.10 0.96 4864.20 153.24 

  Moorland, sedgeland, rushland and peatland 141 2.35 2.45 914 <0.01 15.44 1.71 1229.54 72.81 

  Native grassland 14 1.00 1.23 213 <0.01 6.39 1.03 267.82 22.40 

  Non eucalypt forest and woodland 9 0.43 2.18 143 <0.01 6.46 1.12 203.96 21.12 

  Scrub, heathland and coastal complexes 96 1.88 4.32 794 <0.01 12.14 1.33 1454.01 76.73 

10.  2.5%  
Treatable  

Fuels 
 on Public &  
 Private Land 

(State)  

2014 Agricultural, urban and exotic vegetation 26 0.09 3.12 2557 <0.01 1.01 <0.01 102.73 4.29 

 Dry eucalypt forest and woodland 486 3.06 3.32 3586 <0.01 13.56 0.57 4822.50 107.95 

 Moorland, sedgeland, rushland and peatland 12 0.21 0.22 183 <0.01 6.80 0.80 136.19 18.92 

 Native grassland 9 0.69 0.85 224 <0.01 4.20 0.86 149.33 12.66 

 Non eucalypt forest and woodland 9 0.42 2.13 153 <0.01 5.92 1.85 151.30 15.03 

 Scrub, heathland and coastal complexes 80 1.56 3.58 438 <0.01 18.23 1.12 3462.02 181.16 

 2015 Agricultural, urban and exotic vegetation 22 0.08 2.61 2033 <0.01 1.06 <0.01 345.69 8.99 

  Dry eucalypt forest and woodland 563 3.54 3.85 2749 <0.01 20.47 0.99 3209.82 120.70 

  Moorland, sedgeland, rushland and peatland 12 0.20 0.21 192 <0.01 6.15 1.10 135.86 15.99 

  Native grassland 9 0.63 0.77 174 <0.01 4.91 0.65 96.70 12.28 

  Non eucalypt forest and woodland 3 0.13 0.67 80 <0.01 3.55 1.14 36.35 6.09 

  Scrub, heathland and coastal complexes 22 0.42 0.97 300 <0.01 7.22 0.81 597.79 39.99 
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 2016 Agricultural, urban and exotic vegetation 23 0.08 2.82 1828 <0.01 1.27 <0.01 210.96 7.56 

  Dry eucalypt forest and woodland 507 3.19 3.47 1908 <0.01 26.59 0.95 8049.65 222.65 

  Moorland, sedgeland, rushland and peatland 29 0.49 0.51 197 <0.01 14.97 1.42 1065.50 82.24 

  Native grassland 13 0.93 1.15 160 <0.01 7.97 1.83 243.79 22.07 

  Non eucalypt forest and woodland 14 0.66 3.36 44 <0.01 32.38 2.06 1216.39 182.79 

  Scrub, heathland and coastal complexes 15 0.30 0.69 192 <0.01 7.98 0.96 640.62 47.58 

 2017 Agricultural, urban and exotic vegetation 17 0.06 2.00 2393 <0.01 0.69 <0.01 149.71 4.99 

  Dry eucalypt forest and woodland 529 3.33 3.62 2430 <0.01 21.77 0.86 4147.00 152.44 

  Moorland, sedgeland, rushland and peatland 31 0.52 0.54 164 <0.01 18.99 1.65 387.16 58.24 

  Native grassland 11 0.83 1.02 237 <0.01 4.76 0.89 92.28 11.96 

  Non eucalypt forest and woodland 5 0.24 1.19 75 <0.01 6.72 1.46 198.76 24.30 

  Scrub, heathland and coastal complexes 35 0.68 1.57 335 <0.01 10.48 0.90 1617.30 90.92 

 2018 Agricultural, urban and exotic vegetation 16 0.06 1.91 2150 <0.01 0.73 <0.01 174.15 5.68 

  Dry eucalypt forest and woodland 512 3.22 3.50 1543 <0.01 33.18 0.91 5409.13 223.78 

  Moorland, sedgeland, rushland and peatland 54 0.89 0.93 277 <0.01 19.32 1.24 1289.35 109.75 

  Native grassland 4 0.31 0.38 113 <0.01 3.75 0.73 109.66 11.42 

  Non eucalypt forest and woodland 7 0.33 1.66 95 <0.01 7.42 1.36 236.72 26.29 

  Scrub, heathland and coastal complexes 22 0.42 0.97 265 <0.01 8.15 0.92 384.19 33.64 

11. 5% 
  Treatable 
  Fuels on 
  Public Land 
  Only (State)  
 

2014 Agricultural, urban and exotic vegetation 6 0.02 0.71 1211 <0.01 0.48 0.05 36.12 2.00 

 Dry eucalypt forest and woodland 641 4.03 4.38 6038 <0.01 10.61 0.20 3920.40 83.03 

 Moorland, sedgeland, rushland and peatland 29 0.48 0.50 383 <0.01 7.46 1.06 146.25 19.45 

 Native grassland 4 0.30 0.37 275 <0.01 1.47 0.16 76.38 6.39 

 Non eucalypt forest and woodland 5 0.22 1.13 169 <0.01 2.84 0.16 124.58 12.10 

 Scrub, heathland and coastal complexes 83 1.61 3.70 595 <0.01 13.89 0.57 2676.79 120.53 

2015 Agricultural, urban and exotic vegetation 5 0.02 0.56 778 <0.01 0.60 0.02 113.11 4.44 

 Dry eucalypt forest and woodland 629 3.95 4.30 3636 <0.01 17.29 0.26 4576.56 139.73 

 Moorland, sedgeland, rushland and peatland 82 1.37 1.43 484 <0.01 17.00 1.44 1367.52 88.63 

 Native grassland 3 0.21 0.25 207 <0.01 1.35 0.19 67.79 6.32 

 Non eucalypt forest and woodland 16 0.76 3.82 94 <0.01 17.27 0.19 1155.12 122.15 

 Scrub, heathland and coastal complexes 41 0.80 1.84 525 <0.01 7.82 0.68 1808.37 81.44 

2016 Agricultural, urban and exotic vegetation 4 0.01 0.49 705 <0.01 0.58 0.06 28.60 2.12 

 Dry eucalypt forest and woodland 567 3.57 3.88 2953 <0.01 19.21 0.20 4057.28 137.05 

  Moorland, sedgeland, rushland and peatland 102 1.70 1.77 356 <0.01 28.54 1.35 3652.38 222.77 

  Native grassland 1 0.10 0.13 160 <0.01 0.88 0.22 25.08 2.45 

  Non eucalypt forest and woodland 10 0.45 2.25 138 <0.01 6.92 0.06 643.45 55.54 
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  Scrub, heathland and coastal complexes 12 0.24 0.56 442 <0.01 2.81 0.53 65.70 6.69 

 2017 Agricultural, urban and exotic vegetation 9 0.03 1.07 409 <0.01 2.16 0.05 613.05 30.77 

  Dry eucalypt forest and woodland 464 2.92 3.17 2989 <0.01 15.53 0.27 4445.10 112.31 

  Moorland, sedgeland, rushland and peatland 150 2.50 2.61 511 <0.01 29.37 1.48 1832.28 142.66 

  Native grassland 2 0.16 0.19 119 <0.01 1.79 0.28 42.77 5.14 

  Non eucalypt forest and woodland 5 0.23 1.17 86 <0.01 5.77 0.57 294.82 32.31 

  Scrub, heathland and coastal complexes 102 1.99 4.58 496 <0.01 20.61 0.71 5106.22 243.12 

 2018 Agricultural, urban and exotic vegetation 3 0.01 0.40 457 <0.01 0.73 0.06 25.77 2.33 

  Dry eucalypt forest and woodland 533 3.35 3.64 3073 <0.01 17.33 0.27 3365.23 110.34 

  Moorland, sedgeland, rushland and peatland 132 2.20 2.29 889 <0.01 14.84 1.63 1229.54 71.22 

  Native grassland 2 0.15 0.18 121 <0.01 1.65 0.12 24.62 3.95 

  Non eucalypt forest and woodland 2 0.11 0.56 70 <0.01 3.38 0.35 104.78 13.75 

  Scrub, heathland and coastal complexes 69 1.34 3.08 618 <0.01 11.11 0.90 1047.32 66.43 

12. 2.5% 
  Treatable 
  Fuels on 
  Public Land 
  Only (State)  

2014 Agricultural, urban and exotic vegetation 4 0.02 0.51 847 <0.01 0.50 0.05 36.12 2.12 

 Dry eucalypt forest and woodland 274 1.72 1.87 3990 <0.01 6.86 0.14 3856.55 75.46 

 Moorland, sedgeland, rushland and peatland 16 0.27 0.28 227 <0.01 7.11 0.87 136.19 17.59 

 Native grassland 2 0.16 0.19 147 <0.01 1.46 0.14 76.38 6.70 

 Non eucalypt forest and woodland 4 0.19 0.94 118 <0.01 3.38 0.19 124.58 14.15 

 Scrub, heathland and coastal complexes 72 1.40 3.22 394 <0.01 18.22 0.61 2676.79 147.04 

 2015 Agricultural, urban and exotic vegetation 2 0.01 0.20 438 <0.01 0.38 0.05 25.82 1.49 

  Dry eucalypt forest and woodland 367 2.31 2.51 2621 <0.01 14.01 0.25 1998.82 78.28 

  Moorland, sedgeland, rushland and peatland 12 0.21 0.22 175 <0.01 7.11 1.14 146.25 20.48 

  Native grassland 2 0.14 0.17 140 <0.01 1.37 0.19 56.40 5.77 

  Non eucalypt forest and woodland 1 0.04 0.19 55 <0.01 1.45 0.03 25.60 4.26 

  Scrub, heathland and coastal complexes 11 0.21 0.49 231 <0.01 4.71 0.51 181.36 19.74 

 2016 Agricultural, urban and exotic vegetation 2 0.01 0.29 387 <0.01 0.61 0.04 60.40 3.50 

  Dry eucalypt forest and woodland 271 1.71 1.85 2158 <0.01 12.56 0.20 3376.40 100.83 

  Moorland, sedgeland, rushland and peatland 34 0.57 0.59 227 <0.01 15.02 1.64 1065.50 77.16 

  Native grassland 2 0.18 0.23 136 <0.01 1.84 0.20 67.79 7.74 

  Non eucalypt forest and woodland 11 0.51 2.56 53 <0.01 20.48 0.19 1022.41 140.30 

  Scrub, heathland and coastal complexes 25 0.49 1.12 241 <0.01 10.34 0.76 1424.82 93.97 

 2017 Agricultural, urban and exotic vegetation 2 0.01 0.28 421 <0.01 0.54 <0.01 51.92 3.00 

  Dry eucalypt forest and woodland 358 2.25 2.44 1666 <0.01 21.46 0.37 4576.56 164.62 

  Moorland, sedgeland, rushland and peatland 48 0.80 0.84 268 <0.01 17.98 1.31 1354.22 92.64 

  Native grassland 0 0.02 0.03 76 <0.01 0.40 0.17 4.61 0.71 
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  Non eucalypt forest and woodland 5 0.25 1.27 43 <0.01 12.51 0.16 275.67 46.73 

  Scrub, heathland and coastal complexes 16 0.31 0.72 310 <0.01 5.21 0.56 383.51 26.32 

 2018 Agricultural, urban and exotic vegetation 2 0.01 0.28 389 <0.01 0.58 0.07 28.20 2.18 

  Dry eucalypt forest and woodland 272 1.71 1.86 1145 <0.01 23.74 0.27 4057.28 166.51 

  Moorland, sedgeland, rushland and peatland 35 0.58 0.61 143 <0.01 24.35 1.54 1179.46 109.24 

  Native grassland 1 0.06 0.07 86 <0.01 0.89 0.22 25.08 3.13 

  Non eucalypt forest and woodland 1 0.05 0.28 20 <0.01 5.90 0.33 103.29 22.95 

  Scrub, heathland and coastal complexes 5 0.10 0.23 131 <0.01 3.90 0.72 51.39 8.23 
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Appendix 2.2  
Distribution of simulated maximum intensities in each vegetation type for the maximal and null treatment scenario 
Although only six of the TASVEG vegetation types are treated by prescribed burning (bold) there are effects on fire intensity on the remaining vegetation 
types that are not considered treatable 

   
  Summary Statistics of Simulated Intensities (kW/m) 

Vegetation Type Treatment 
Scenario 

Minimum 1st Quartile Median Mean 3rd 
Quartile 

Maximum 

Agricultural, urban and 
exotic vegetation 

Null 7 3755 6110 7056 9146 119500 
Maximal 3 3314 5846 6605 8816 119500 

Dry eucalypt forest and 
woodland 

Null 11 5323 12580 18160 23090 170300 
Maximal 5 240.5 816 3170 3430 101100 

Highland and treeless 
vegetation 

Null 159 3369 5902 11630 10960 233700 
Maximal 1 2959 5093 7595 9061 59390 

Moorland, sedgeland, 
rushland and peatland 

Null 31 9307 15240 21640 26700 277300 
Maximal 3 94 1517 3773 5621 29110 

Native grassland Null 17 3532 6199 7781 9893 47340 
Maximal 61 775.5 1631 3683 3700 35460 

Non eucalypt forest and 
woodland 

Null 18 2138 6292 15360 18110 197600 
Maximal 29 1616 4942 14980 19330 198200 

Other natural 
environments 

Null 18 485.2 2452 6626 7200 112500 
Maximal 18 244 1557 5414 3368 86470 

Rainforest and related 
scrub 

Null 5 1294 3613 7367 7879 166100 
Maximal 5 1162 2996 6890 7144 102900 

Saltmarsh and wetland Null 1202 3486 6190 6031 8622 9914 
Maximal 6370 7534 8699 8005 8823 8947 

Scrub, heathland and 
coastal complexes 

Null 3 2586 5752 9066 10990 102000 
Maximal 1 484 4824 8623 9268 102000 

Wet eucalypt forest and 
woodland 

Null 53 9570 21140 31210 41700 221600 
Maximal 4 7794 19100 28780 38510 204000 
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Appendix 2.3 
 

 

Scatterplots of area treated to (a) area burnt, and (b) average maximum intensity in all burnt landscape 
cells for five of the six vegetation type treatable with prescribed burning (non-native vegetation had 
too small of an area treated to reliably calculate leverage). These data were used to calculate (a) burnt 
area leverage and (b) intensity leverage in each of the treatable vegetation types 

(a) 

(b) 
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Appendix 3 
 

Appendix 3.1 
Table A.3.1 Equations used to estimate fine fuel biomass (leaves and twigs < 1.5 cm diameter) in the live understorey and canopy layers. Different equations 
were used for each growth form as listed. In some cases, the explanatory variable was measured directly, in others it had to be derived from other 
measurements of the plant based on available data constraints. Source of data or equation and the number of individuals in each category (N) are also given. 

 

Growth Form Equation Explanatory 
Variable 

Derivation of 
Explanatory Variable 

Source of Equation/Data N 

Shrub  
(𝒅𝒃𝒉 > 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = (0.039 − 0.005 ln 𝑑 )𝑑 .  𝑑  𝑑 = 1.488 + 1.195 𝑑  Paul & Roxburgh (2017), 
Paul et al. (2016)~ 

130 

Shrub  
(𝒅𝒃𝒉 ≤ 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = 0.056 𝑑 .  𝑑  𝑑 =  1.201 + 2.099 ℎ𝑡 Paul & Roxburgh (2017), 
Paul et al. (2016)~ 

719 

Multi-Stem Tree 
(𝒅𝒃𝒉 > 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = (0.059 − 0.011 ln 𝑑 ) 𝑑 .  𝑑  𝑑 = 1.488 + 1.195 𝑑  Paul & Roxburgh (2017), 
Paul et al. (2016)~ 

63 

Multi-Stem Tree 
(𝒅𝒃𝒉 ≤ 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = 0.068 𝑑 .  𝑑  𝑑 =  1.201 + 2.099 ℎ𝑡 Paul & Roxburgh (2017), 
Paul et al. (2016)~ 

22 

Tree Fern 
(𝑯𝒔𝒕 > 𝟏. 𝟑 𝐦) 

ln 𝐵𝑚𝑠 = −9.725 − 0.0028 ℎ𝑡 + 1.054 ln(𝑑  ℎ𝑡) 𝑑 , ℎ𝑡 Measured directly Beets et al. (2012),  
Fedrigo et al. (2014)* 

151 

Tree Fern 
(𝑯𝒔𝒕 ≤ 𝟏. 𝟑 𝐦) 

ln 𝐵𝑚𝑠 = −7.042 − 0.0028 ℎ𝑡 + 1.837 ln ℎ𝑡 ℎ𝑡 Measured directly Beets et al. (2012),  
Fedrigo et al. (2014)* 

155 

Fern 𝐵𝑚𝑠 = 1.59 × 10  𝐿
.

  𝐿  Measured directly Alaback (1986) 1545 

Understorey Tree 
(𝒅𝒃𝒉 > 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = 0.082 𝑑 .  𝑑  Measured directly Falster et al. (2015)^ 374 

Understorey Tree 
(𝒅𝒃𝒉 ≤ 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = 8.77 × 10  ℎ𝑡 .  ℎ𝑡 Measured directly Falster et al. (2015)^ 595 

Overstorey Tree 𝐵𝑚𝑠 = −2.251 𝑑 . − 3.323 𝑑 .   𝑑  Measured directly Kieth, Barrett, & Keenan 
(2000) 

23 
556 

Palm 𝐵𝑚𝑠 = 0.048 ℎ𝑡 .  ℎ𝑡 Measured directly Da Silva et al. (2015) 42 
Cycad See Tree Fern (𝐿 ≤ 1.3m)    14 

~  Equations from Paul et al. (2016) were used to estimate Bmst, then equations from Paul and Roxburgh (2017) were used to calculate the ratio of branches and foliage 
* Equations for D. antarctica from Fedrigo et al. (2014) were used to predict Bmst. Data from Beets et al. (2012) were then used to fit an equation predicting a Bmsfr:Bmst The given 

equation represents the product of these two equations 
^ Equations were derived using all data where branch foliage measurements were taken for angiosperms and gymnosperms from evergreen temperate forests and rainforests. For the 

small tree equation derivation, only individuals < 2 m in height were used 
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Appendix 3.2 

Table A.3.2 Abbreviation, name, detailed description (when necessary) and relevant unit of 
measurement for variables used in methods 

Abbreviation Name Detailed Description Unit 
𝒅𝒃𝒉 Diameter at breast height Diameter of stem at a height of 1.5 m cm 
𝒅𝟏𝟎 Diameter at 10 cm Diameter of stem at a height of 10 cm cm 

𝑩𝒎𝒔𝒃𝒇 Biomass of Branches and 
Foliage 

 kg 

𝑩𝒎𝒔𝒕 Total Biomass Biomass of entire plant kg 
𝒉𝒕 Total Height Total vertical height of plant m 

𝑩𝒎𝒔𝒇𝒓 Biomass of Fronds Biomass of all live and dead fronds on a 
tree fern 

Kg 

𝑳𝒇 Length of fern Length of fern stem from base to tip m 
𝑯𝒔𝒕 Height of tree fern stem Vertical height of stem of tree fern 

(excluding fronds) 
cm 

𝑩𝒎𝒔𝒕𝒇 Biomass of Twigs and 
Foliage 

 Kg 

𝑩𝒎𝒔𝒍 Biomass of Leaves  Kg 
𝑩𝑨𝒐 Overstorey Basal Area Basal area of overstorey trees ≥ 10 cm 

𝑑  
m2 

𝑫𝒖 Density of Understorey 
Plants 

Number of live plants per square meter in 
the elevated layer 

 

𝑮𝒖𝒐 Understorey-Overstorey 
Gap Height 

Distance between mean height of 
understorey plants and mean height to 
crown base in the overstorey 

m 

𝑭𝑳𝒔 Surface Fuel Load Biomass per hectare of litter and fine 
woody debris in the surface layer 

t/ha 
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Appendix 3.3 Supporting Methods 

A.3.3.1 Overstorey Census and Fuel Transects 

In each of our plots, we measured the dbh of each stem > 10 cm dbh, but we only measured the height 

and HCB of a subset of these trees at some plots, depending on time constraints. We measured the 

height and HCB of 40-60 overstorey trees, with ten trees in five dbh classes (i.e. 10-30 cm dbh; 30-50 

cm dbh; 50-70 cm dbh; 70-90 cm dbh). We also measured the height and HCB of 20 trees from each of 

the most frequent understory species. We then set up four transects to measure surface and 

understorey fuel loads at each plot. For the purposes of our analysis, we considered the surface layer 

to be the dead fine fuels on the surface, and the ‘live understorey’ layer to be the combination of fuels 

in the near-surface and elevated layers. To measure surface and near-surface fuel loads, we set up 1 x 

1 m quadrats in two locations along the transect tape. Within each quadrat, we collected all the 

attached vines, live herbs (defined as all non-woody vegetative plants, excluding ferns), live grasses, 

and lastly dead fine fuels (all detached dead material, including twigs < 1.5 cm in diameter) from each 

quadrat. We considered this latter category to constitute the surface layer, and everything else to 

constitute the near-surface layer. We measured the fresh weight of all collected materials on site and 

returned to the lab a subsample of at least 350 g of each fuel category from each quadrat. At the lab, 

we dried these subsamples to a constant weight at 70°C, and weighed them to obtain a dry weight to 

fresh weight ratio. We then used these ratios to convert the fresh weight of the rest of the sample to 

dry weights. Lastly, to understand how the microclimate at the forest floor varied in each of these 

forests, we set up three iButtons at each site: two that measured only temperature, and one that 

measured temperature and humidity. 

To measure the remaining live plants in the understorey layer, we split the transect tape into 

four 7 m long subsections. In each of these subsections we measured the five individuals that were 

perpendicularly closest to the tape. We considered any plant that had a stem that “snapped” (namely 

woody plants and ferns) and were less than 10 cm in dbh to be in the elevated fuel layer. We also 
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included tree ferns in this category. In each subsection, we recorded the life form of each individual 

(i.e. tree, shrub, fern, tree fern, cycad, or palm) and measured the height of each plant and the dbh of 

each plant > 1.3 m in height. We also measured the length and width of a rectangle bounding the 

group of five plants, so we could estimate density (Figure 5). These measurements gave us estimates 

of the density and height of the elevated fuels layer.  

A.3.3.2 Estimation of Historical Availability to Burn and Fire Weather 

To approximate the fuel moisture in the TWEF understorey during our sample period, we calculated 

fuel moisture index (FMI) as defined by Sharples et al. (2009b), of the understorey microclimate 

(understorey FMI). This FMI metric is a simple calculation using temperature and humidity, 

developed as accurate approximation of more-complicated fuel moisture models. It is calculated as: 

𝐹𝑀𝐼 = 10 − 0.25(𝑡 − 𝑅𝐻) 

 We considered TWEF fuels available to burn when understorey FMI was < 25, which we calculated 

to be roughly equivalent to the moisture content (16%) at which Eucalyptus litter can sustain a fire 

front (McArthur 1967; Sullivan et al. 2012), based on data from Sharples et al. (2009b) and Nyman et 

al. (2015). We obtained temperature and humidity data from each plot using 3 Thermochron and 

Hygrochron iButton® (Maxim/Dallas Semiconductor Corp. Sunnyvale, CA, USA) dataloggers placed 

about 0.75 m above the ground. These dataloggers were left at the plots for roughly one year in the 

period between late 2014 and early 2016, and took measurements every four hours.  

To determine meteorological conditions associated with understorey fuel moisture, we 

extracted local screen temperature and humidity values from the BOM BARRA Reanalysis dataset 

(Jakob et al., 2017). The dataset uses historical weather station observations to recalibrate historical 

forecast grids and reconstruct historical weather records at a 12 km resolution. These records included 

surface-level screen temperature (𝑡) and dewpoint temperature (𝑡 ), rainfall, and wind speed 

calculated at an hourly time step. For each Ausplot, we extracted data from the enclosing 12 x 12 km 



 

 
 

Appendix 3  A.19 

grid cell, then extracted each of these variables from time steps for which we had data logger 

observations. We first calculated relative humidity (𝑅𝐻) from 𝑡 and 𝑡  using the following equation: 

𝑅𝐻 = 100 × 𝑒
.
.

𝑒
.
.

 

From these modelled weather records, we then calculated screen FMI (from screen 𝑡 and RH), 

Keetch-Byram Drought Index (KBDI;Keetch and Byram 1968), Soil Dryness Index (SDI;Mount 

1972), and McArthurs Forest Fire Danger Index (FFDI, see below;Noble et al. 1980), for each time 

step for which we had an understorey data-logger observation. We used these modelled indices as 

potential meteorological predictors of surface fuel moisture. Of these potential predictors we found 

screen FMI to be the most correlated with understorey FMI. We then regressed each understorey FMI 

observation from the dataloggers with its equivalent screen FMI. For the regression we used nonlinear 

least squares estimation, with the functional form 𝑦 = 𝑎 − 𝑏𝑒 . We used these regression models to 

predict FMIb, the modelled screen FMI at which Eucalyptus litter is available to burn in TWEF, in 

each region, so that we could use past meteorological observations to determine when fuels at the 

plots were historically available to burn.  

 We then used this FMIb threshold to impute the historical availability to burn of TWEF fuels 

using historical weather observations from 1960 through 2011. We used data from the Scientific 

Information for Land Owners (SILO) patched-point meteorological dataset (Jeffrey et al., 2001), 

which includes 4760 meteorological stations across Australia and spans the period from 1900 to 2011. 

This dataset was analysed by (Williamson et al., 2016), who interpolated wind-speed data from 1661 

Bureau of Meteorology (BOM) weather stations. This interpolated dataset was used to calculate 

McArthur’s Forest Fire Danger Index (FFDI) at each SILO station. FFDI is calculated using screen 

temperature, relative humidity, wind speed, and accumulated precipitation data. This data was then 

combined with remotely-sensed fire-activity data to define 61 fire climate regions across Australia. 

For our analysis, we summarised the 6 climate regions containing Ausplots, and assigned them 

Kӧppen climate regions based on Figrue 1;Kottek et al. (2006). To characterise weather experienced 

at each of the Ausplots, we selected the nearest SILO station that was surrounded by forest (wet or 
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moist Euclayptus forest if possible) to each plot. This was done in in ArcGIS geospatial software 

(ESRI Inc., Redlands, CA, USA, www.esri.com), using geospatial data from relevant state agencies to 

determine surrounding vegetation types (The Department of Environment, Land, Water & Planning, 

VIC; Department of Primary Industries, Parks, Water and Environment, TAS; Department of Finance, 

Services & Innovation, NSW; Department of Natural Resources, Mines and Energy, QLD). We 

defined fire weather using daily maximum FFDI values at each station on days in which we predicted 

TWEF fuels would have been available to burn (i.e. when observed daily minimum screen FMI from 

the nearest SILO station was equal to or less than the regional FMIb threshold).  

A.3.3.3 Bias Correction for FMIb Threshold 

As outlined above, we calculated an FMIb threshold to define the meteorological conditions outside 

the forest at which surface fuels were dry enough to burn. To represent these meteorological 

conditions between 2014 and 2016 (when we had observations of understorey moisture), we used data 

taken from a modelled historical weather grid (Jakob et al. 2017). However, to represent the 

meteorological conditions outside the forest between 1960 and 2011 (so that we could estimate 

historical availability to burn of fuels), we used observation from the SILO meteorological stations. 

We did this because the modelled data was only available from 1990 onward whereas the SILO data 

was only available until 2011.This use of two different data sources (modelled weather data and 

actual observations) to represent fuel moisture conditions during 2014-16 and during 1960-2011 was 

potentially problematic, as one might be a biased estimator of the other. Therefore, we investigated 

any potential bias by using a scatterplot to compare daily minimum screen FMI from the SILO data 

and the modelled data between 1990 and 2011, the period in which the two data sources overlapped, 

for each macro-ecological region (Figure S1). Because we were only interested the bias when screen 

FMI < FMIb, we used local regression models (Cleveland et al. 1992) to see if the expected FMI from 

the modelled grid was equal to the expected FMI from SILO stations (Figure S1). If the two were not 

equal, we adjusted FMIb accordingly (Table S3), so that we could use the SILO data to predict when 

the understorey FMI < 25 in an unbiased fashion. Screen FMI from the SILO stations represented  
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Table S3 Overview of bias-corrected FMIb values for each macro-ecological region. The original 
FMIb values were calculated from analysis in Figure 3, whereas the bias-corrected values were 
calculated from analysis in Figure S1. The bias corrected values were used for all analysis of 
availability to burn, fire weather, and fire severity between 1960 and 2011 

Region 
Original 

FMIb 
Bias-Corrected 

FMIb 

HTAS 13.7 9.8 

LTAS 12.5 9.4 

VIC 9.9 10.4 

SNSW 11.7 11.6 

WA 11.5 12.2 

NNSW 8.8 9.2 

QLD 10.5 12.1 

 

Figure S1 Bias correction scatterplots for two different sources of FMI data 
representing conditions outside the forest, separated based on macroecological region. 
The y-axis represents daily minimum screen FMI extracted from the modelled weather 
grid, and the x-axis represents daily minimum screen FMI observed by the nearest SILO 
station to each plot. The blue line represents the average relationship between the two as 
calculated using local regression. The red dashed line represents the FMIb value for each 
region estimated from modelled screen FMI in Figure 3. The green dot and associated 
number represent the bias-corrected FMIb value, namely the point at which the average 
observed FMI (blue line) equals modelled screen FMIb 
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screen FMI from the modelled grid in an unbiased fashion in every region except LTAS, HTAS, and 

QLD (Figure S1, Table S3). We used this adjusted FMIb value for our estimations of fire weather and 

historical availability to burn (Figure 4). 

A.3.3.4 Estimating Flame Height and Fire Severity 

We used the McArthur Mk5 fire behaviour model to estimate flame heights. Specifically, the equation 

we used predicts flame height as: 

𝑓 = 0.0156 𝐹𝐹𝐷𝐼 × 𝐹𝐿 × 𝑒 . + 0.24𝐹𝐿 − 2 (A.3.1) 

where 

𝐹𝐹𝐷𝐼 = 2𝑒 . . ( ) .  .    .   (A.3.2) 

and 

𝐹𝐹𝐷𝐼 is McArthur’s Forest Fire Danger Index 

𝐹𝐿 is fuel load (t/ha) 

𝑠𝑙𝑝 is topographic slope (degrees) 

𝐷𝐹 is drought factor 

𝑅𝐻 is relative humidity (%) 

𝑇 is temperature (°C) 

WS is wind speed (km/h) 

For each region we derived a frequency distribution of potential flame heights of surface fires 

between 1960 and 2011. This was done using FFDI records from days in which screen FMI was less 

than FMIb (and hence fuels were dry enough to burn), as outlined above. We used our fuel load 

estimates for surface fuels (combined fuel load estimates from the surface layer, near-surface layer, 
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and ground ferns) to predict the flame height of surface fires. To estimate canopy defoliation 

occurring through scorch we estimated scorch height (hs) using the equation of Gould et al. (1997): 

ℎ =  sin 𝛼 ×
.  /

.

/

− 12.5  (A.3.3) 

where: 

sin 𝛼 =  
.   

.  ( .⁄ )

/
 (A.3.4) 

and: 

𝐼 is Byram’s fireline intensity as calculated by the McArthur model (kW/m; Byram, 1959; Noble et 

al., 1980; see supplementary methods) 

𝐹𝐿 is fuel load (t/ha) 

𝑇 is temperature (°C) 

WS is wind speed (km/h). 

Using these surface fire and coupled fire flame and scorch height predictions, we determined 

the number of days in the 52-year period in which either (i) predicted flame heights exceeded mean 

measured height to crown base (HCB) of the canopy, or (ii) in which predicted scorch heights 

exceeded mean canopy height: both conditions we operationally defined as high-severity fire. The 

days in which flame heights did not exceed mean HCB and in which scorch heights did not exceed 

mean canopy height we operationally defined as days in which only low-severity fires were possible. 

We then calculated the relative probability of high-severity fires, namely the number of days in which 

high-severity fires were possible divided by the number of days in which surface fuels were available 

to burn. We then calculated the equivalent probability for days on which only low-severity fires were 

possible. 
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Appendix 4 

 
 

Appendix 4.1  
Detailed summary of the 23 study sites. Northing and Easting are given in metres projected under the Map Grid of Australia Zone 55 using the 1994 
Geocentric Datum of Australia. Topographic and environmental variables are also given, along with structural and floristic variables. Information on the 
disturbance history is also provided 

Site Easting 
(m) 

Northing 
(m) 

Slope 
(°) 

Aspect 
(°) 

Elevatio
n (m) 

Mean 
Annual 
Temperature 
(°C) 

Mean 
Annual 
Precipitation 
(mm) 

Stand-
Development 
Stage 

Disturbance 
Severity 

Disturbance 
Type 

Year of 
Disturbance 

Maximum 
Overstorey 
Height (m) 

Region Dominant 
Species 

F13S 571714 5238842 13.3 171 118 12 926 Sapling Moderate Wildfire 2013 52.4 Forestier E. obliqua/       
E. globulus 

F13UN 575689 5242217 12.2 13 220 11 1038 Sapling Low Wildfire 2013 51.1 Forestier E. obliqua 

F13US 573214 5240101 7.1 144 128 12 910 Sapling Low Wildfire 2013 65.2 Forestier E. regnans/      
E. obliqua 

K01UN 520057 5252887 13 83 359 10 1021 Sapling Low Wildfire 2001 43.1 Kunyanyi E. globulus/     
E. obliqua/       
E. delegatensis 

K01US 520527 5252735 26.2 73 315 10 970 Sapling Low Wildfire 2001 36.7 Kunyanyi E. delegatensis/  
E. globulus 

K67UN 517192 5246079 21.8 305 413 9 1159 Spar Moderate Wildfire 1967 32.5 Kunyanyi E. obliqua 

K67US 517035 5246157 16.6 220 402 9 1159 Spar Moderate Wildfire 1967 41 Kunyanyi E. obliqua/       
E. regnans 

T03N 575126 5225374 8.9 18 182 11 1084 Sapling Moderate Wildfire 2003 52.6 Tasman E. obliqua 

T03S 574278 5224753 11.8 185 246 11 1092 Sapling Moderate Wildfire 2003 49.2 Tasman E. obliqua 

W01CS 474220 5228301 6.7 173 130 11 1358 Sapling High Clearfell 2001 12.8 Warra E. obliqua 

W03CN 477414 5233197 14.3 32 155 11 1322 Sapling High Clearfell 2003 16.7 Warra E. obliqua 

W10CN 478902 5234107 13.7 258 87 11 1202 Sapling High Clearfell 2010 10.5 Warra E. obliqua 

W11CS 476749 5229879 7.2 122 218 11 1368 Sapling High Clearfell 2011 None Warra E. obliqua 

W34N 479132 5234641 5.4 172 60 11 1228 Early Mature High Wildfire 1934 51.8 Warra E. regnans 
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W34S 471041 5229271 18.1 145 195 10 1466 Early Mature High Wildfire 1934 51 Warra E. obliqua 

W66CN 481383 5221641 17.6 333 277 10 1404 Spar High Clearfell 1966 37.7 Warra E. obliqua 

W66CS 482402 5226317 12.8 237 195 10 1361 Spar High Clearfell 1966 35.6 Warra E. obliqua/       
E. regnans 

W66S 484326 5220522 9.5 170 288 10 1385 Spar High Wildfire 1966 28.9 Warra E. obliqua/       
E. regnans 

W67N 486761 5227014 7.8 63 132 11 1210 Spar High Wildfire 1967 29.3 Warra E. obliqua 

W98N 479348 5227810 16 328 224 10 1381 Early Mature High Wildfire 1898 49.6 Warra E. obliqua 

W98S 471838 5228551 3.2 174 88 11 1364 Early Mature High Wildfire 1898 52.2 Warra E. obliqua 

WOGN 476344 5215317 21.5 315 385 9 1534 Late Mature Unknown Unknown Unknown 36.6 Warra E. obliqua 

WOGS 471005 5228955 11.5 167 107 10 1466 Late Mature Unknown Unknown Unknown 25.5 Warra E. obliqua 

W66CS 482402 5226317 12.8 237 195 10 1361 Spar High Clearfell 1966 35.6 Warra E. obliqua/       
E. regnans 

W66S 484326 5220522 9.5 170 288 10 1385 Spar High Wildfire 1966 28.9 Warra E. obliqua/       
E. regnans 

W67N 486761 5227014 7.8 63 132 11 1210 Spar High Wildfire 1967 29.3 Warra E. obliqua 

W98N 479348 5227810 16 328 224 10 1381 Early Mature High Wildfire 1898 49.6 Warra E. obliqua 

W98S 471838 5228551 3.2 174 88 11 1364 Early Mature High Wildfire 1898 52.2 Warra E. obliqua 

WOGN 476344 5215317 21.5 315 385 9 1534 Late Mature Unknown Unknown Unknown 36.6 Warra E. obliqua 

WOGS 471005 5228955 11.5 167 107 10 1466 Late Mature Unknown Unknown Unknown 25.5 Warra E. obliqua 
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Appendix 4.2 

 

A.4.2.1 Comparison clearfelled and burned sites 

We used clearfelled areas as a surrogate for high-severity fires as a previous disturbance in younger 

stand-development stages. Our results indicated that there were few structural differences between 

sites that have experienced a high-severity fire and sites that have been clearfelled. Such sites had a 

similarly continuous vertical fuel profiles with no gap between the canopy and understorey, similar 

fuel loads in the surface layer, and a similar overall fine fuel load in live plants (i.e. the combined 

understorey-canopy fuel load). However, the re-sowing of clearfelled sites resulted in different 

species composition of these live fuels, with the non-eucalypt understorey representing roughly 85% 

of the live fuel load in the sites that experienced high-severity fires (Figure A.4.2a), and with the 

Eucalyptus canopy representing roughly 50% of the live fuel load in the sites that were clearfelled 

(Figure A.4.2b). 

(a) (b) 

Figure A.4.2 Comparison of fuel load and structure in the spar stage following (a) a clearfell and 
(b) a high-severity wildfire. The plot gives a graphical representation of the fine fuel load (leaves, 
detached bark, and twigs < 1.5 cm diameter), and vertical structure of the canopy. Grey boxplots on 
the x-axis represents fuel load in each layer.  Green rectangles represent the variation in the vertical 
position of the understorey and canopy layers as indicated. Horizontal black lines indicate mean 
understorey tree height and canopy HCB 
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Appendix 4.3  

Equations used to estimate fine fuel biomass (leaves and twigs < 1.5 cm diameter) in the live understorey and canopy layers. Different equations were used for each growth 
form as listed. The variables have the same meaning as in Appendix 3.2 

 

 
Growth Form Equation Source of Equation/Data 
Shrub  
(𝒅𝒃𝒉 > 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = (0.039 − 0.005 ln 𝑑 )𝑑 .  Paul & Roxburgh (2017), Paul et al. 
(2016)~ 

Shrub  
(𝒅𝒃𝒉 ≤ 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = 0.056 𝑑 .  Paul & Roxburgh (2017), Paul et al. 
(2016)~ 

Multi-Stem Tree 
(𝒅𝒃𝒉 > 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = (0.059 − 0.011 ln 𝑑 ) 𝑑 .  Paul & Roxburgh (2017), Paul et al. 
(2016)~ 

Multi-Stem Tree 
(𝒅𝒃𝒉 ≤ 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = 0.068 𝑑 .  Paul & Roxburgh (2017), Paul et al. 
(2016)~ 

Tree Fern 
(𝑯𝒔𝒕 > 𝟏. 𝟑𝐦) 

ln 𝐵𝑚𝑠 = −9.725 − 0.0028 ℎ𝑡 + 1.054 ln(𝑑  ℎ𝑡) Beets et al. (2012),  Fedrigo et al. 
(2014)* 

Tree Fern 
(𝑯𝒔𝒕 ≤ 𝟏. 𝟑𝐦) 

ln 𝐵𝑚𝑠 = −7.042 − 0.0028 ℎ𝑡 + 1.837 ln ℎ𝑡 Beets et al. (2012),  Fedrigo et al. 
(2014)* 

Understorey Tree 
(𝒅𝒃𝒉 > 𝟏. 𝟓 𝐜𝐦) 

ln 𝐵𝑚𝑠 = −3.26 + 2.26 ln 𝑑  Falster et al. (2015)^ 

Understorey Tree 
(𝒅𝒃𝒉 ≤ 𝟏. 𝟓 𝐜𝐦) 

ln 𝐵𝑚𝑠 = −3.76 + 3.4 ln 𝑑  Falster et al. (2015)^ 

Understorey 
Eucalypt 
(𝒅𝒃𝒉 > 𝟏. 𝟓 𝐜𝐦) 

𝐵𝑚𝑠 = [1 − (0.337 + 0.040 ln(−2.016 + 2.375 ln 𝑑 ) + 0.000138𝑀𝐴𝑅 + 0.1199𝑃𝑟 )]

× 𝑒 . .  
Paul & Roxburgh (2017), Paul et al. 
(2016)~ 

Understorey 
Eucalypt 
(𝒅𝒃𝒉 ≤ 𝟏. 𝟓 𝐜𝐦) 

ln 𝐵𝑚𝑠 = −2.016 + 2.375 ln 𝑑  Paul & Roxburgh (2017), Paul et al. 
(2016)~ 

Overstorey Tree 
𝐵𝑚𝑠 =

𝑒 . . + 𝑒 . .

1000
  

Kieth, Barrett, & Keenan (2000) 

~  Equations from Paul et al. (2016) were used to estimate 𝐵𝑚𝑠 , then equations from Paul and Roxburgh (2017) were used to calculate the ratio of branches 
and foliage 

* Equations for D. antarctica from Fedrigo et al. (2014) were used to predict 𝐵𝑚𝑠 . Data from Beets et al. (2012) were then used to fit an equation predicting 
a 𝐵𝑚𝑠 : 𝐵𝑚𝑠  ratio from ℎ𝑡. The given equation represents the product of these two equations 

^ Equations were derived using all data where branch foliage measurements were taken for angiosperms and gymnosperms from evergreen temperate forests 
and rainforests. For the small tree equation derivation, only individuals <2 m in height were used 
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Appendix 4.4 

Derivation of Equation 4.2 to incorporate understorey microclimate effect  

 

If we consider the Fuel Moisture Index (FMI): 

𝐹𝑀𝐼 = 10 − 0.25(𝑇 − 𝐻) 

that the understorey FMI (𝐹𝑀𝐼 ) equals the open-air FMI (𝐹𝑀𝐼 ) times an understorey moisture 
coefficient (𝑚𝑐 ): 

𝐹𝑀𝐼 = 𝑚𝑐 𝐹𝑀𝐼  

Then we can derive the temperature minus humidity in the understorey ((𝑇 − 𝐻) ) from that of the 
open-air ((𝑇 − 𝐻) ) 

10 − 0.25(𝑇 − 𝐻) = 10𝑚𝑐 − 0.25𝑚𝑐 (𝑇 − 𝐻)  

 

(𝑇 − 𝐻) = 40(1 − 𝑚𝑐 ) + 𝑚𝑐 (𝑇 − 𝐻)  
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Appendix 4.5 

Table A.4.5 ΔAIC and F-test summary for generalised linear model describing local FFDI at each site 
as a function of geographic region. FFDI was derived from the BARRA meteorological dataset using 
records from between 2006 and 2016 (Jakob et al. 2017). The response variable and explanatory 
variable are given, along with the number of parameters (k), are given for each model. The full model 
was compared to a null model using a χ2 test to determine if the explanatory variable was a significant 
predictor of the response. Because P(>F) < 0.001, Region was considered a significant predictor of 
FFDI, and we explored the relative difference in the response for each level of the explanatory 
variable through an effects plot in Figure A.4.5. For overview of variables used in models see 
Appendix 4.10 

 

Model 
Response 
Variable 

Explanatory 
Variable 

k AIC ΔAIC F Pr(>F) 

Null FFDI Region 1 166419 0   
Full FFDI Region 4 164253.2 -2165.8 607.6 < 0.001 

 

 

 

Figure A.4.5 Plot showing the effect of the geographic region of each plot on local FFDI. Effects 
represent model predictions based on the model in Table S5, which shows that Region as a significant 
predictor of FFDI (p < 0.05; Table A.4.5). Error bars represent two standard errors. All regions are 
considered to have significantly different FFDI values, as none of the error bars overlap 
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Appendix 4.6 

Table A.4.6.1 ΔAIC and χ2 test summary for generalised linear mixed-effect models describing stand 
physiognomy and fuel load. Bulk density (BD) of elevated fuels and fuel load (FL) were modelled as 
a function of stand development stage (SDS) or previous disturbance severity (Sev). Site and transect 
were used as random effects to account for the lack of independence of sampling units. The response 
variable and explanatory variable are given, along with the number of parameters (k), are given for 
each model. In each case listed below, Similarly to Appendix 4.5, In each case listed below, the full 
model was compared to a null model, and If P(>χ2) < 0.05, then the explanatory variable was 
considered a significant predictor, and we explored effect plots in Figure A.4.6. For overview of 
variables used in models see Appendix 4.10 

Model 
Response 
Variable 

Explanatory 
Variable 

k AIC ΔAIC χ2 
χ deg. 
freedom 

P(>χ2) 

Effect of stand development stage in stands following high-severity fires 
Null BD None 4 -44.6 0    
Full BD SDS 7 -48.8 -4.2 10.2 3 0.02 
Effect of disturbance severity in sapling-stage stands 
Null BD None 4 118.1 0    
Full BD Sev 6 118.1 0 4 2 0.12 
Effect of disturbance severity in spar-stage stands 
Null BD None 4 -53.5 0    
Full BD Sev 5 -54.3 -0.8 2.8 1 0.09 
Effect of stand development stage in stands following high-severity fires 
Null FLlu None 4 1231.9 0    
Full FLlu SDS 7 1236.1 4.2 1.9 3 0.6 
Effect of disturbance severity in sapling-stage stands 
Null FLlu None 4 929.2 0    
Full FLlu Sev 6 930 0.8 3.2 2 0.2 
Effect of disturbance severity in spar-stage stands 
Null FLlu None 4 574.6 0    
Full FLlu Sev 5 576.6 2 0 1 0.92 
Effect of stand development stage in stands following high-severity fires 
Null FLs None 4 499.1 0    
Full FLs SDS 7 502.7 3.6 2.5 3 0.48 
Effect of disturbance severity in sapling-stage stands 
Null FLs None 4 375.7 0    
Full FLs Sev 6 377.9 2.2 1.9 2 0.39 
Effect of disturbance severity in spar-stage stands 
Null FLs None 4 218 0    
Full FLs Sev 5 218.2 0.2 1.9 1 0.17 
Effect of fuel layer on fuel load 
Null FL None 3 664 0    
Full FL Layer 4 578.2 -85.8 87.8 1 < 0.001 
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Appendix 4.6 (cont.) 

Table A.4.6.2 ΔAIC and F-test summary for generalised linear model describing overstorey-
understorey gap (Guo) as a function of stand development stage (SDS) or previous disturbance severity 
(Sev). Similarly to Appendix 4.5, the full model was compared to a null model, and P(>F) < 0.05, then 
the explanatory variable was considered a significant predictor of the response, and we explored the 
effects plots in Figure A.4.6. For overview of variables used in models see Appendix A.10 

Model 
Response 
Variable 

Explanatory 
Variable 

k AIC ΔAIC F Pr(>F) 

Effect of stand development stage in stands following high-severity fires 
Null Gapuo None 8 67.7 0   
Full Gapuo SDS 11 66 -1.7 9.1 0.01 
Effect of disturbance severity in sapling-stage stands 
Null Gapuo None 7 62 0   
Full Gapuo Sev 9 58.1 -3.9 8.8 0.01 
Effect of disturbance severity in spar-stage stands 
Null Gapuo None 4 35.7 0   
Full Gapuo Sev 5 32.8 -2.9 10.2 0.03 
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Appendix 4.6 (cont.) 

 

Figure A.4.6: Plots showing the effect of (a) stand-development stage on elevated-fuel bulk density, 
(b) stand-development stage on the overstorey-understorey gap height, (c) previous disturbance 
severity on the overstorey-understorey gap height in the sapling stage, and (d) previous disturbance 
severity on the overstorey-understorey gap height in the spar stage. Effects represent model 
predictions based on models in Table, however only models in which the explanatory variable (x-axis) 
was a significant predictor of the response (p < 0.05; Tables A.4.6.1-A.4.6.2) are presented. Error bars 
represent two standard errors. Levels of the explanatory variable (x-axis) are considered significantly 
different from one another if their error bars do not overlap, and these are highlighted with a *  
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Appendix 4.7 

Table A.4.7 ΔAIC and χ2 test summary for gamma-hurdle mixed-effect models describing stand 
floristics in the context of the occurrence and fuel load of relevant understorey types (i.e. Rainforest, 
Sclerophyllous, and Tree Fern species). The presence (Pr) and fuel load (FL) of different understorey 
types were modelled as a function of stand development stage (SDS). Site and transect were used as 
random effects to account for the lack of independence of sampling units. The response variable and 
explanatory variable are given, along with the number of parameters (k), are given for each model. In 
each case listed below, the full model was compared to a null model using a χ2 test to determine if the 
explanatory variable was a significant predictor of the response. Similarly to Appendix 4.5, In each 
case listed below, the full model was compared to a null model, and If P(>χ2) < 0.05, then the 
explanatory variable was considered a significant predictor, and we explored effect plots in Figure 
A.4.7. For overview of variables used in models see Appendix 4.10 

Model Distribution 
Response 
Variable 

Explanatory 
Variable k AIC 

ΔAI
C χ2 

χ deg. 
freedom P(>χ2) 

Rainforest Occurrence 
Null  Binomial Prrf None 3 92.5     
Full  Binomial Prrf SDS 6 78.4 -14.1 20.1 3 0.0002 
Rainforest Fuel Load 
Null  Gamma FLrf None 4 17981.6     
Full  Gamma FLrf SDS 6 17981.3 -0.4 4.4 2 0.11 
Sclerophyllous Occurrence 
Null  Binomial Prscl None 3 86.7     
Full  Binomial Prscl SDS 6 107.9 21.2 0 3 1 
Sclerophyllous Fuel Load 
Null  Gamma FLscl None 4 36552.5     
Full  Gamma FLscl SDS 7 36551.6 -0.9 6.9 3 0.08 
Tree Fern Occurrence 
Null  Binomial Prtf None 3 106.7     
Full  Binomial Prtf SDS 6 106.1 -0.6 6.6 3 0.09 
Tree Fern Fuel Load 
Null  Gamma FLtf None 4 9541.7     
Full  Gamma FLtf SDS 6 9542.3 0.7 3.3 2 0.19 
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Appendix 4.7 (cont.) 

Figure A.4.7 Plots showing the effect of stand-development stage on (a) the probability of rainforest 
presence, (b) the probability of presence of tree ferns, and (c) the fine fuel load of sclerophyllous 
trees. Effects represent model predictions based on models in Table A.4.7, however only models in 
which stand-development stage was a significant predictor of the response (p < 0.1; Tables S4) are 
presented. Error bars represent two standard errors. Different stand-development stages (x-axis) are 
considered significantly different from one another if their error bars do not overlap, and these are 
highlighted with a * if p < 0.1 and a *** if p < 0.001 

 

 

 

 

(a) (b) 

(c) 

*** 
*** 

* 
* 



 

 
 

Appendix 4  A.35 

Appendix 4.8 

Figure A.4.8.1 ΔAIC and χ2 test summary for binomial mixed-effect models predicting the probability 
of a high-severity (P(HSF)) fire as a function of stand-development stage (SDS) for a given FFDI 
percentile. A separate model was fit for each FFDI percentile on the x-axis, each of these models 
predicted the probability of a high-severity fire on a day with an FFDI above that percentile. In each 
case, the full model containing SDS as an explanatory variable was compared to a null model using a 
χ2 test to determine if the explanatory variable was a significant predictor of the response. (a) shows 
the p-value of that for each FFDI percentile, and (b) shows ΔAIC for each FFDI percentile. If p < 
0.05, then SDS was considered a significant predictor, and we explored the relative difference in the 
response for each level of the explanatory variable through effects plots in Figure A.4.8.2. Different 
line types and colours represent different types of high-severity fire resulting from the combustion of 
different fuel layers as indicated. For overview of variables used in models see Appendix 4.10 
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Appendix 4.8 (cont.) 

 

Figure A.4.8.2 Plots showing the effect of stand-development stage (SDS) on the probability of (a) a 
coupled surface-understorey fire causing a crown fire, (b) a coupled surface-understorey fire causing 
crown scorch, (c) a surface fire causing a crown fire, and (c) a surface fire causing crown scorch. 
Effects represent model predictions based on full models summarised in Appendix 4.10. Line colours 
represent the stand-development stage as indicated, and corresponding shaded areas represent +/- two 
standard errors. Different stand-development stages (x-axis) are considered to have a significantly 
different P(HSF) from one another as indicated in Figure 4.6 if their error bars do not overlap, and the 
corresponding p < 0.05 in Figure A.4.8.1 
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Appendix 4.9 

Figure A.4.9.1 ΔAIC and χ2 test summary for binomial mixed-effect models predicting the probability 
of a high-severity (P(HSF)) fire as a function of previous disturbance severity (Sev) for a given FFDI 
percentile in sapling-stage stands. A separate model was fit for each FFDI percentile on the x-axis, 
each of these models predicted the probability of a high-severity fire on a day with an FFDI above 
that percentile. In each case, the full model containing Sev as an explanatory variable was compared 
to a null model using a χ2 test to determine if the explanatory variable was a significant predictor of 
the response. (a) shows the p-value of that for each FFDI percentile, and (b) shows ΔAIC for each 
FFDI percentile. If p < 0.05, then Sev was considered a significant predictor, and we explored the 
relative difference in the response for each level of the explanatory variable through effects plots in 
Figure A.4.9.2. Different line types and colours represent different types of high-severity fire resulting 
from the combustion of different fuel layers as indicated. For overview of variables used in models 
see Appendix 4.10 
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Appendix 4.9 (cont.) 

Figure A.4.9.2 Plots showing the effect of previous disturbance severity (Sev) on the probability 
(P(HSF)) of (a) a coupled surface-understorey fire causing a crown fire, (b) a coupled surface-
understorey fire causing crown scorch, (c) a surface fire causing a crown fire, and (c) a surface fire 
causing crown scorch in sapling-stage stands. Effects represent model predictions based on full 
models summarised in Figure S8. Line colours represent the previous disturbance severity as 
indicated, and corresponding shaded areas represent +/- two standard errors. Different previous 
disturbance severities (x-axis) are considered to have significantly different effect on P(HSF) as 
indicated in Figure 4.7 if their error bars do not overlap, and the corresponding p < 0.05 in A.4.9.1 
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Appendix 4.10 

Variables used in statistical modelling. The abbreviations for all response and explanatory variables 
used in the statistical modelling presented above are given, along with a description, relevant units, 
and the distribution of each variable 

Variable Description Unit Distribution 
Response Variables: 
BD Bulk density of elevated fine fuels kg/m3 Gamma 
Gapuo Gap between 75th percentile live understorey 

tree height and 25th percentile canopy height to 
crown base 

m Gamma 

FLlu Fine fuel load in the live understorey t/ha Gamma 
FLs Fine fuel load on the surface t/ha Gamma 
Prrf Presence of rainforest trees in sampling unit unitless Binomial 
FLrf Fine fuel load in rainforest trees t/ha Gamma 
Prscl Presence of sclerophyllous trees in sampling 

unit 
unitless Binomial 

FLscl Fine fuel load in sclerophyllous trees t/ha Gamma 
Prtf Presence of tree ferns in sampling unit unitless Binomial 
FLtf Fine fuel load in tree ferns in sampling unit t/ha Gamma 
FFDI McArthur’s Forest Fire Danger Index unitless Gamma 
HSF Occurrence of a high-severity fire unitless Binomial 
Explanatory Variables 
SDS Stand-development stage unitless Categorical 
Sev Severity of previous disturbance unitless Categorical 
Region Geographical region of stand unitless Categorical 

 

 

 

 

 

 

 

 

 




