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Abstract: Fire severity is an important characteristic of fire regimes; however, global assessments
of fire regimes typically focus more on fire frequency and burnt area. Our objective in this case
study is to use multiple lines of evidence to understand fire severity and intensity patterns and
their environmental correlates in the extreme 2013 Forcett-Dunalley fire in southeast Tasmania,
Australia. We use maximum likelihood classification of aerial photography, and fire behavior
equations, to report on fire severity and intensity patterns, and compare the performance of multiple
thresholds of the normalised burn ratio (dNBR) and normalized difference vegetation index (dNDVI)
(from pre- and post-fire Landsat 7 images) against classified aerial photography. We investigate how
vegetation, topography, and fire weather, and therefore intensity, influenced fire severity patterns.
According to the aerial photographic classification, the fire burnt 25,950 ha of which 5% burnt at
low severities, 17% at medium severity, 32% at high severity, 23% at very high severities, while 22%
contained unburnt patches. Generalized linear modelling revealed that fire severity was strongly
influenced by slope angle, aspect, and interactions between vegetation type and fire weather (FFDI)
ranging from moderate (12) to catastrophic (>100). Extreme fire weather, which occurred in 2% of
the total fire duration of the fire (16 days), caused the fire to burn nearly half (46%) of the total area
of the fireground and resulted in modelled extreme fireline intensities among all vegetation types,
including an inferred peak of 68,000 kW·m−1 in dry forest. The best satellite-based severity map
was the site-specific dNBR (45% congruence with aerial photography) showing dNBR potential in
Eucalyptus forests, but the reliability of this approach must be assessed using aerial photography,
and/or ground assessment.
Keywords: aerial photography; Eucalyptus forest; fire severity mapping; normalized burn ratio; fire
intensity; geospatial validation; generalized linear modelling; Tasmania

1. Introduction
Fire regimes are a multidimensional concept that capture the spatiotemporal variation in
landscape fire in terms of physio-chemical processes and biological effects [1,2]. A key facet of
the fire regime concept is fire severity, which is defined as the degree of post-fire ecological change
associated with loss of organic matter aboveground and belowground [3,4]. Fire severity is important
to quantify and map because it affects smoke and greenhouse gas emissions [5], plant and animal
demographic processes [6,7], correlates with property damage [8], and influences habitat quality and
geomorphological processes [9]. Fire severity is different from fire intensity, which refers to the energy
output of a fire during burning, although both concepts are loosely connected [4,10]. For instance,
a fast, high-intensity flaming fire in grassland ecosystems can produce less severe impacts than
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slow-combusting smoldering fires in heavy fuels [3,11]. The most commonly used fire intensity metric
is fireline intensity, defined as the rate of energy release per unit length of firefront [12]. Fire intensity
during a wildfire event is difficult to measure because of the associated risks relating to operating
under a dangerous environment, and fire management agencies prioritize fire suppression and saving
lives above research and data acquisition [13]. Consequently, fire behavior modelling provides a
practical alternative means of estimating fire intensity.
Fire severity is also challenging to assess because it is a three-dimensional concept, capturing
fire impacts on vegetation in the horizontal and vertical planes. Fire severity assessments involve
field-based measurements, remote sensing (RS) analysis, or simulation modelling (e.g., Keane et al. [14],
Loschiavo et al. [15]), although a combination of field and RS is more common. Field methods assess
actual fire effects on vegetation, such as plant mortality, canopy scorching and defoliation, diameter of
burnt twigs, fuel load consumption, changes in soil characteristics, and ash deposition [3]. An example
is the composite burn index (CBI) [16], which aggregates severity ratings at different vegetation strata
within a 30 m diameter plot into an overall rating, ranging from zero (unburned) to three (high severity).
Remote sensing methods enable fire severity assessments at broader temporal and spatial scales. Change
detection (using spectral indices) and supervised image classification are the most common mapping
methods. The normalized burn ratio (NBR) [16] and normalized difference vegetation index (NDVI) [17]
are the most commonly applied indices.
NBR has been extensively used in western U.S. coniferous forests [18–23], but less so in
tropical savannas [24–26], Mediterranean ecosystems [27–30], and boreal forests [5,31,32]. Very few
published studies have applied NBR in mapping fire severity patterns in wildfires in temperate
Eucalyptus-dominated forests of Australia [33–36], largely because of: (1) the general unavailability
of usable satellite images that are cloud-free, (2) availability of other imagery that typically lack a
shortwave infrared (SWIR) band required for NBR computation [33], and (3) availability of higher
resolution imagery that are more attractive for fire severity assessments. In Australia, this situation
is exacerbated by a lack of a nationally-adopted method of measuring and mapping fire severity.
Consequently, fire severity assessments using NDVI (which does not require the SWIR band) from
non-Landsat imagery (e.g., Satellite Pour l’Observation de la Terre (SPOT 6) and aerial photography,
both of which provide a higher spatial resolution), have been the most preferred in Eucalyptus forests
(e.g., [10,15,37,38]).
Field data are typically used to train and validate remotely sensed fire severity mapping products
because remote sensing data are usually captured in a two-dimensional top-down perspective,
while fire severity is a three-dimensional biological concept. Validation of fire severity mapping
(with NBR) in the United States and other regions has extensively used the field assessment of CBI.
Where ground observations are lacking or inadequate, indirect validation through inter-comparison
with other remotely-sensed products or upscaling (integration of field measurements and a
high-resolution, remotely-sensed imagery) can be made [39,40]. For instance, in the Australian context,
aerial photography is the common data source for accuracy assessment of satellite observations
(e.g., [38,41,42]) or for stratifying field assessments of wildfire severity (e.g., [10,35,37]).
In temperate Eucalyptus forests, fire severity assessments are increasingly being used by fire
ecologists to understand the impacts of intense fires, and the legacy effects of land use such as
logging and prescribed burning [6,43,44]. However, the satellite-based approach remains nascent
in these ecosystems and particularly in Tasmania. In this context, the Forcett-Dunalley fire event in
south-eastern Tasmania presents an excellent opportunity to study fire severity patterns using remote
sensing techniques applied to both aerial photography and satellite imagery informed by a post-fire
field survey.
Here, we use multiple lines of evidence to understand fire severity and intensity patterns
and their environmental correlates in the extreme 2013 Forcett-Dunalley fire in southeast Tasmania,
Australia. We specifically: (1) describe the geographical patterns of fire severity using a classification
of multispectral aerial photography across the Forcett-Dunalley fireground, informed by field truthing
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after the fire; (2) model the variation in fire intensity and flame heights among different vegetation
types and associate these differences to fire weather and fuel loads; (3) evaluate congruence between
the generated aerial photography fire severity map and four approaches of satellite analyses of fire
severity; (4) quantify the temporal variation of fire severity across the course of the fire in different
vegetation types; and (5) determine environmental factors that influenced the observed fire severity
patterns as well as congruence between aerial and satellite-based mapping.
2. Materials and Methods
2.1. Study Area
Tasmania is the island state of Australia, located between 41◦ –44◦ S and 145◦ –149◦ E, covering
an area of approximately 6.8 Mha. The island has mountains and a high plateau of 1600 m, a dry
low elevation interior rift valley, and coastal plains (Figure 1a). The climate is temperate, with a
pronounced summer–winter contrast in day length and temperature, which is also strongly affected by
elevation, resulting in treeless alpine vegetation at around 1000 m above sea level. There is a marked
west to east orographic rainfall gradient associated with the interaction with westerly winds [45].
The locus of this study is the Forcett-Dunalley fireground located in the southeast of the island
on, and adjoining, the Forestier and Tasman Peninsulas. This fire was one of five fires that burnt
over 87,000 ha (Figure 1a) during an extreme fire weather event, associated with antecedent drought
and strong north-westerly winds, driven by the interaction of a high-pressure system and a cold
front that brought hot air over Tasmania on 3–4 January [46]. The Forcett-Dunalley fire started at
2 pm on 3 January 2013, possibly from a stump that had been burning since late December 2012
in a property in the town of Forcett, northwest of the fireground [47]. From 3–4 January, a highly
unstable middle-level atmosphere, high temperatures (reaching 41.8 ◦ C), strong north-westerly winds
(gusting to 70–90 km·h−1 ), low relative humidity, and dry fuels (predominately in long unburned
Eucalyptus forest) interacted to form the worst daily fire weather in Tasmania since the disastrous
1967 fire season [46]. Under these extreme weather conditions, the fire destroyed 250 residential and
commercial properties, concentrated in the township of Dunalley (Figure 1c), an event that attracted
global media attention [48] and led to formation of the 2013 Tasmanian Bushfires Inquiry [46]. The fire
then burned for another 14 days under much more moderate fire weather conditions, creating strong
contrasts in fire severity across the fireground. Marsden-Smedley [47] reported that the fire burnt
approximately 24,000 ha of native forests, agricultural properties, and forest plantations (Figure 1b).
The fireground has a cool moist maritime climate, with mean annual rainfall ranging from 600 mm
in the north-west to 1000 mm in the southeast (Figure 1c), and mean daily temperatures of 17 ◦ C in
summer and 9 ◦ C in winter. The geology of the region is an intermix of igneous and sedimentary
rocks that form a low (ca. maximum 600 m above sea level) topography complex. The drowning of
valleys and coastal plains following deglaciation formed numerous narrow peninsulas with undulating
terrain, surrounded by numerous bays and low headlands (Figure 1c). The main vegetation types
include wet Eucalyptus forests and patches of temperate rainforest on sheltered southerly slopes and
gullies in higher rainfall areas in the south-east; and dry sclerophyll forests on infertile soils and
north-facing slopes in drier areas (Figure 1b). About 20% of the area has been cleared for agriculture
and low-density settlement.
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Figure 1. Geographic context of the Forcett-Dunalley fireground: (a) Annual rainfall (in millimetres)
and elevation (in metres) across Tasmania and the location of major fires in the 2013 fire season:
1–Forcett-Dunalley; 2–Giblin River; 3–Repulse; 4–Bicheno; 5–Montumana. (b) Dominant vegetation
in the Forestier and Tasman Peninsulas based on TASVEG 3.0, an integrated vegetation map of
Tasmania [49]. (c) Elevation displayed as hillshaded Digital Elevation Model, and mean annual rainfall
across the Forestier and Tasman Peninsulas.
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2.2. Data Harmonisation and Analysis
We employed two distinct image types as primary datasets: 25 cm resolution orthorectified
aerial photography and pre- and post-fire 30 m resolution Landsat 7 satellite images. The aerial
photography was provided by the Tasmanian Fire Service, and obtained from an aircraft flown in
the NE–SW direction at a height of approximately 2700 feet around 20 January 2013, immediately
after the fire. The data were collected as mosaics in the red, green, blue, and near infrared (NIR)
bands. We acknowledge that using an image collected shortly after a fire may mask the full effects
of crown scorch and consumption and there is a chance that fire severity may be underestimated,
although complete and intermittent crown fires were readily apparent in the aerial photography
(see Figure S1). Further, we undertook additional fire severity assessments by conducting a field
survey in forests in 2018. Landsat 7 scenes for path 89/row 90 acquired by the ETM+ sensor were
downloaded from the United States Geological Survey website (https://earthexplorer.usgs.gov/)
for pre-fire (27 January 2012) and post-fire (29 January 2013) dates. These images were obtained as
Level-2 products (https://landsat.usgs.gov/landsat-surface-reflectance-data-products), having been
orthorectified and with data already converted into surface reflectance. Due to the scan line corrector
failure affecting this period [50], additional separate Level-2 images collected within a month of the
acquisition times of the primary Landsat images were used to fill missing data gaps (pre-fire images:
3 February 2012 (path 90/row 90), and 12 February (path 89/row 90); post-fire images: 5 February
2013 (path 90/row 90), and 14 February 2013 (path 89/row 90).
To allow for the combination of geographic data with different spatial resolutions, we used a
50 × 50 m grid as our unit of analysis, which was considered appropriate for the purposes of landscape
ecology analysis. The extent and type of vegetation was obtained from the vegetation layer TASVEG
3.0 [49], each grid cell was attributed with the vegetation type with the largest area within that cell.
TASVEG contains a description of 162 mapping units of natural vegetation found in Tasmania, grouped
into dry Eucalyptus forest and woodland, wet Eucalyptus vegetation, native grasslands, modified land,
non-eucalypt vegetation, among other plant groups. Fire history, fire perimeter, and fire progression
isochrones were obtained from the unpublished records held by the Tasmanian Fire Service. Using a
33 m digital elevation model (DEM) provided by the Tasmanian Department of Primary Industries,
Parks, Water and Environment (DPIPWE), we applied the terrain function in the R package raster [51]
to calculate slope, aspect, and topographic position index (TPI). TPI is an index that classifies a cell
according to its position within the landscape by measuring the difference between the altitude of that
cell and the mean altitude of its neighbors [52]. Positive values represent hilltops and ridges, negative
values indicate valleys and gullies, while values close to zero indicate flat areas or mid-slopes. Grid
cells were attributed with the mean slope, most frequent aspect, and mean topographic position index.
Hourly gridded weather data was obtained from a downscaled initial analysis product provided
by the Antarctic Climate and Ecosystems Cooperative Research Centre, Hobart, Tasmania at 1.5 km
spatial resolution [53]. These data included air temperature, relative humidity, wind speed, and
McArthur forest fire danger index (FFDI) [54]. Weather data were assigned to cells based on the
spatial overlap with fire progression isochrones to enable estimation of meteorological variables for
each cell at the time of combustion. Grid cells were attributed with the maximum temperature, wind
speed and FFDI, the minimum relative humidity, and the most common categorical wind direction
within them. All spatial analyses were performed in ArcGIS 10.3 [55] (data harmonization and GIS
analysis) and ERDAS Imagine 2016 [56] (image processing) while statistical analysis was done in R
version 3.4.0 [57] software. To provide a temporal context for the fire, non-gridded FFDI (calculated
from 30-min weather data including temperature, relative humidity, wind speed, and soil moisture),
and soil dryness index (both obtained from the nearby Hobart Airport and Stroud Point automatic
weather stations during and before the fire event were plotted. A schematic workflow of the overall
methodology is provided in Figure 2.
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Figure 2. Schematic workflow of overall methodology of the study. For the five objectives of this study,
the various data streams and analytical steps are shown, as is the way these steps are interrelated.
ML refers to maximum likelihood classification; RH to relative humidity, and temp to temperature.

2.2.1. Fire Behavior Modelling
We used the Amicus modelling framework, which incorporates fire behavior models appropriate
for Australian vegetation types, to estimate fire intensity and flame height of the fire [58]. We employed
the dry eucalypt forest fire model (DEFFM) by Cheney et al. [59] for both dry and wet Eucalyptus
forests, and forest fire behavior tables for Western Australia by Sneeuwjagt and Peet [60] to correct
for wind speed in wet forests. For short rotation Eucalyptus plantations, we used DEFFM; while the
pine plantation pyrometrics model by Cruz et al. [61] was used for a Pinus radiata plantation forest.
A description of input parameters and equations used to calculate the rate of spread (in m·h−1 ) and
flame height (in metres) in the mentioned models is summarized in Cruz et al. [62]. All the models use
Byram’s fireline intensity [12] for estimation of fire intensity (Equation (1)):
Fintensity = HωR

(1)

where Fintensity is fireline intensity (kW·m−1 ); H is heat yield of the available fuel (kJ·kg−1 ); w is the amount
of fuel consumed by flaming combustion (kg·m−2 ); and R is the forward rate of fire spread (m·s−1 ).
Fireline intensity and flame height were estimated for four categories of gridded FFDI
(low-moderate (<12), high (12–24), very high (25–49), and severe (50–74) using mean estimates of
surface and total fuel loads for broad vegetation types in Tasmania [63]. We used theoretical surface
fuel loads (in tonnes·ha−1 ) for each broad forest type on the fireground as follows: dry forest = 16.58,
wet forest = 25.56, softwood = 16, and hardwood = 17. Theoretical total fuel load (surface,
elevated, and bark, excluding crown fuels) in tonnes·ha−1 which we assumed were consumed, were:
dry forest = 20.75, wet forest = 31.42, hardwood = 19, and softwood = 18. We used mean values of slope
for each vegetation type (dry forest = 10.48◦ , wet forest = 11.04◦ , hardwood = 6.61◦ , softwood = 7.74◦ ).
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Mean values for gridded weather data (wind speed, relative humidity (RH), and temperature) used
in the models were for each of the FFDI categories in each vegetation type. These fireline intensities
and flame heights are a conservative estimate that do not include canopy fuel consumption, as no
measurements of canopy fuel loads were available for these forests, nor was there a suitable canopy
fire intensity model.
We calculated the aforementioned fire behavior metrics based on three assumptions: (1) that
fire was spreading along flat ground (slope of 0◦ ), (2) on a positive mean slope angle, and (3) on a
downslope angle in the direction of wind. We followed the criteria of Hirsch and Martell [64] and
Fernandes and Botelho [65], classifying fire intensities based on controllability as follows: intensities
of >4000 kW·m−1 and flame height of over 3.5 m were “uncontrollable,” while fireline intensities
of >10,000 kW·m−1 and >11.5 m high flames were classified as “extreme”. Additionally, we report
Cheney [66] categorization of fire intensity and flame height based on the degree of crown scorch,
with <500 kW·m−1 and 1.5 m flames classified as low intensity fires; 501–3000 kW·m−1 and 6 m as
moderate, with complete crown scorch; 3000–7000 kW·m−1 and 15 m as crown fires in low forests;
while 7000–70,000 kW·m−1 and >15 m as complete crown fires with firestorm conditions at upper
limits of fire intensity.
2.2.2. Fire Severity Mapping
To train the classification of aerial photography for the fire severity analysis, we used a qualitative
post-fire field assessment of 53 sites undertaken by Marsden-Smedley [47] three months after the
fire on 14–15 April 2013. The author stratified the fireground according to the vegetation type and
severity class from visual observation of the aerial photography, with vegetation cover ranging from
0–80% depending on the severity of the burn. We excluded all nine sites belonging to the “crown
unscorched class” that had undamaged crowns and only ground fires because they had a highly
variable spectral signature due to the mix of burned understory and unburnt tree crowns, which were
unsuitable for maximum likelihood classification. The 44 remaining sites were classified into five fire
severity categories: unburnt vegetation, intermittent crown scorch, full crown scorch, intermittent
crown fire, and crown fire. Unburnt represents no evidence of fire; intermittent crown scorch indicates
understory fire with litter, herbs, and shrubs burnt and less than 50% of upper canopy scorched; full
crown scorch indicates 75 to 100% of upper tree canopy burnt; intermittent crown fire indicates that
some leaves and twigs were consumed while the trunk was still visible; and crown fire indicates that
entire tree canopy was completely consumed, resulting in charred plant remains or ash on the ground
and blackened trunks.
In order to further assess the fire severity classes developed immediately after the fire, we
conducted a field survey in April 2018 to determine the damage status of native Eucalyptus trees, five
years after the fire. The aim of this assessment was to determine if the delayed post-fire mortality and
tree response five years after the fire concorded with the immediate post-fire assessments. At each
of the 36 sites sampled previously in 2013 in wet forests (N = 11) and dry Eucalyptus forests (N = 25)
(the dominant vegetation in the region), we established a circular plot with a 10 m radius. Within each
plot, we visually estimated the canopy cover and recorded the damage score of all Eucalyptus trees with
diameter at breast height (DBH) > 15 cm using three damage categories: dead, epicormic resprouting,
and unburnt. Average percentage damage and tree counts for each of the five qualitative categories of
the 2013 post-fire assessment were determined. We then determined the association between the 2018
stem damage and the 2013 post fire field assessment of the Eucalyptus forests using a chi-square test.
Informed by the 2013 (and 2018) field assessments of fire severity, we used a supervised
classification method, maximum likelihood (ML), to classify the aerial photo in ArcGIS 10.3 software.
This was based on 133 training polygons of variable area delineated using the 2013 field data as reference,
with a total extent of 250 ha: 35 unburnt polygons (total area 76 ha), 18 intermittent crown scorch
(total area 3 ha), 20 full crown scorch (total area 28 ha), 16 intermittent crown fire (total area 39 ha),
and 44 crown fire (total area 104 ha). These polygons did not include the 44 field sites sampled by
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Marsden-Smedley [47]. We excluded shadow as a separate class because its spectral signature was
similar to very high severity class, resulting in spectral confusion between the two classes. There is
therefore a likelihood that shadow was classified as very high severity class, but this is unlikely to affect
our results because aerial coverage of the shadow class was negligible. We tested the accuracy of the
ML classification by comparing it to Marsden-Smedley [47] 44 post-fire assessments.
We then calculated the normalised burn ratio for pre-fire and post-fire Landsat images using the
method of Key and Benson [67] (Equation (2)). The index is based on the premise that fire decreases
the spectral reflectance of vegetation in the NIR (band 4) and increases reflectance in the shortwave
infrared (SWIR) wavelength (band 7) due to loss of vegetation moisture and increased reflectance from
the exposed soil surface [68]. We computed differenced NBR (dNBR) by subtracting post-fire NBR
from pre-fire NBR layer. The index ideally ranges from −2 to 2 where −2 to −0.1 denotes post-fire
regrowth; 0 implies unburned, while 0–2 represents burn severity along an increasing gradient [67].
However, in real situations, the index rarely reaches these extreme values. In this study, the index
ranged from −0.8 to 1.34, although for the native Eucalyptus forests, the range was −0.1 to 1.29.
The dNBR range of values was segmented into discrete severity classes based on three approaches:
(1) ranges used by Key and Benson [67] for western U.S. coniferous-dominated forests, (2) ranges we
developed in this study that incorporated post-fire field assessment of the fireground, and (3) maximum
likelihood classification of dNBR also based on the knowledge of the fireground. Class thresholds,
borrowed from the U.S. study, included unburnt (<0.1), low severity (0.1–0.27), moderate severity
(0.27–0.6, merged from two classes (moderate–low (0.27–0.44) and moderate–high (0.44–0.6)), high
severity (0.6–0.75), and very high severity (>0.75). In this study, we first determined class thresholds
by comparing the 133 training polygons with dNBR values to determine the cut-off (threshold)
dNBR value for each severity class. We identified five severity classes: unburnt (<0.2), low severity
(0.2–0.39), moderate severity (0.39–0.53), high severity (0.53–0.75), and very high severity (>0.75).
The exception was the non-forest vegetation whose unburnt range extended to 0.28. We also performed
maximum likelihood (ML) classification of the raw dNBR data using training polygons that were
informed by the 2013 field data. We computed the differenced normalized difference vegetation
index (dNDVI) [17] whose class ranges were based on a previous assessment of fire severity in
Australia’s Eucalyptus-dominated forests using NDVI [10], which included unburnt (<0.17), low
severity (0.17–0.26), moderate severity (0.26–0.37), high severity (0.37–0.46), and very high severity
(>0.46). Note that the NDVI calculation (Equation (3)) is similar to NBR except that it uses band 3 (Red)
instead of band 7 (SWIR), and contains similar ranges to NBR. The dNDVI in this study ranged from
−0.5 to 1.34.
NBR = ($4 − $7)/($4 + $7)
(2)
where ρ4 and ρ7 are spectral reflectance in bands NIR and SWIR respectively.
NDV I = ($4 − $3)/($4 + $3)

(3)

where ρ4 and ρ3 are spectral reflectance in bands NIR and Red respectively.
Temporal Patterns of Fire Severity
We determined the temporal variation of fire severity across the fireground by intersecting
the fire progression isochrones with the fire severity map from aerial photographic classification.
For each isochrone, we determined the total area burnt by the five fire-severity classes, and this was
further broken down into each vegetation type. The duration and area of the fire isochrone that had
the largest area burnt by the two highest classes was expressed as a percentage of the total duration
and total area of the fireground. For each of the isochrones, we determined the maximum gridded
FFDI and the maximum observed and the continuous variation of FFDI from the nearest available
meteorological station.
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2.2.3. Statistical Analysis
Generalized linear modelling (GLM) was used to investigate the effect of environmental factors
on the geographic patterns of fire severity (unsegmented dNBR). We chose to use dNBR for modelling
because it provided a well-established continuous measure of fire severity, making it more amenable
to modelling using linear regressions. We used a Gaussian distribution with the glm function in R
version 3.4.0 [57] on a randomly selected subset of 2000 points derived from all vegetation types to
assess geographic patterns of fire severity as a function of slope, aspect, topographic position, and the
interaction of fire weather (FFDI) and vegetation type. The Akaike information criterion (AIC) [69] was
adopted using the MuMIn package in R [70] to identify the most parsimonious models with ∆AIC of
less than six from the best model [71]. ∆AIC is the difference between the AIC of a focal model (from all
combinations of predictor variables) and AIC of the best model (which has the lowest AIC). The model
with the least ∆AIC was repeatedly modelled 100 times with 2000 different random samples and the
estimated median effect and 95% confidence interval of each parameter were subsequently determined.
We considered the post-fire multispectral aerial photography which had been ground-validated
by the 2013 field data as the gold standard, for the purpose of validating the satellite classification of
fire severity. For each vegetation type, the spatial congruence of aerial and satellite fire severity maps
was calculated on a cell-by-cell basis by comparing classified severity categories in each cell, and then
calculating the percentage of cells with matching severity category. The best satellite-based severity
map (that had the highest overall classification congruence) was then selected for subsequent analysis.
GLM was used to investigate the effect of slope, aspect, topographic position, and the interaction
of fire weather (FFDI) and vegetation type on the probability of spatial congruence between aerial
photography and the best satellite-based map of fire severity. We used a binomial distribution and
logit link in R on a randomly selected subset of 2000 points. The best models were selected based
on the aforementioned AIC procedure. The estimated median effect and 95% confidence interval
(or uncertainty) of each variable in the best model were then determined.
3. Results
3.1. Fire Weather
Our analysis shows that the Forcett-Dunalley fire burnt 20,200 ha (excluding unburnt patches and
including isolated spot fires) over 16 days from January 3 to January 18 under variable fire weather
conditions, with severe to extreme forest fire danger index (FFDI 50–90) in the first two days, and
achieving catastrophic levels (FFDI c. > 100) at 15:38 on January 4, 2013 (Figure 3a). At the 50 m grid scale,
the mean (and maximum) FFDI was 34 (64) (Figure 4a), mean temperatures of 32 ◦ C (maximum 41 ◦ C),
strong mean winds of 24 km·h−1 (maximum 54 km·h−1 ) from the northwest and low mean relative
humidity 24% (minimum 9.6%) (Table 1). In addition to these meteorological variables, FFDI values were
also exacerbated by antecedent rainfall deficit that contributed to a steady rise in soil dryness index (SDI,
where 200 represents extremely dry conditions) [72] reaching 140 prior to the fire (Figure 3b).
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Figure 3. Temporal trends of fire weather and drought: (a) forest fire danger index (FFDI) for the
duration of the fire, calculated from 30-min weather data (temperature, relative humidity, wind speed,
and soil moisture) from the nearest automatic weather stations (Hobart airport and Stroud Point
stations). (b) Soil dryness index (SDI) also obtained from the Australian Bureau of Meteorology,
three months before and during the fire. The period of the fire is indicated by dashed lines and the
double arrow.

Figure 4. Environmental conditions that influenced the Forcett-Dunalley fire behavior: (a) maximum
FFDI representing continuous spatial data downscaled using a numerical weather model, and (b) fire
history map showing previous areas burnt by wild and prescribed fires between 1967 and 2013 and the
2013 fire perimeter.
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Table 1. Univariate statistics for meteorological variables during the fire calculated across the
50 m lattice of the Forcett-Dunalley fireground from hourly gridded weather data obtained from
a downscaled climate analysis product [53].
Variable

Minimum

Mean

Maximum

Standard Deviation

Fire Danger Index (FFDI)
Temperature (◦ C)
Relative Humidity (%)
Wind speed (km·h−1 )

1.7
15
9.6
6

34
32
23.7
29

63
41
76
54

20.3
8.4
14.1
6.7

3.2. Fire Behavior
Table 2 shows estimated mean fireline intensity and flame heights for the three idealized cases
of fire spreading in the direction of the wind: (a) on a flat ground (0◦ ), (b) in the upslope trajectory,
and (c) in the downslope spread for each vegetation type. Extreme fireline intensities (defined here
as >10,000 kW·m−1 ) were estimated to occur in all forested types under severe FFDI levels when the
fire was spreading on a flat ground as well as on an upslope trajectory, with the maximum estimated
mean intensity reaching 68,571 kW·m−1 in the dry forest (Table 2). All forests, except for wet forest,
were predicted to have experienced extreme intensities under downslope fire spread under very high
and severe FFDI. Uncontrollable intensities (defined here as >4000 kW·m−1 ) were estimated in all
forests under low–moderate FFDI in flat and downslope fire spread, while extreme intensities were
estimated in the upslope spread. The intensity values in the low–moderate FFDI class seem high for
that class because wind speed within the fireground was particularly high in cells categorized as a
low–moderate FFDI class, and within the dry Eucalyptus model (DEFFM), wind speed has a major
influence on the rate of spread of a fire, thus fire intensity. Because of the geographic distribution of
the vegetation types and the timing of the passage of the fire, only small areas of wet forest were burnt
under severe and high FFDI conditions (Figures 1a and 5a).
Table 2. Estimated mean fireline intensities and flame heights in different combinations of FFDI/forest
types for flat slope angles (0◦ ), and for positive and negative mean slope angles for each forest type.
Fintensity is the fireline intensity while Fheight is the flame height. Extreme intensities following [64,65]
are indicated in bold while uncontrollable intensities of >4000 kW·m−1 are indicated in italics.
Forest Type

Dry forest

Wet forest

Eucalyptus
plantation

Pinus
plantation

Slope (◦ )

Low-Moderate FFDI

High FFDI

Very High FFDI

Severe FFDI

Flat

Fintensity
Fheight

8363 kW·m−1
7.8 m

13,523
11.1

29,185
19.4

34,285
21.8

Upslope

Fintensity
Fheight

16,725
13

27,046
18.3

58,370
32.1

68,571
35.9

Downslope

Fintensity
Fheight

5575
5.9

9015
8.3

19,457
14.5

22,857
16.2

Flat

Fintensity
Fheight

4176
-

6819
-

14,174
-

14,962
-

Upslope

Fintensity
Fheight

8951
-

14,616
-

30,382
-

32,072
-

Downslope

Fintensity
Fheight

2723

4447

9243

9757

Flat

Fintensity
Fheight

9426
8.4

15,796
12.2

31,316
20.0

34,315
21.3

Upslope

Fintensity
Fheight

15,313
11.9

25,661
17.3

50,873
28.3

55,745
30.3

Downslope

Fintensity
Fheight

6809
6.6

11,410
9.6

22,620
15.8

24,786
16.9

Flat

Fintensity
Fheight

2032
1.1

1940
1.3

43,070
20.5

42,932
20.5

Upslope

Fintensity
Fheight

-

-

-

-

Downslope

Fintensity
Fheight

-

-

-

-

Fire 2018, 1, 40

12 of 28

Flame heights ranged from predicted maximums of 36 m in dry forest and 21 m in both plantation
forests burning under severe FFDI, to 7 m flames in Eucalyptus plantation forest and 6 m in dry forest
under low to moderate FFDI (Table 2). Flame height estimation for wet forest was not possible within
the Amicus modelling framework, and the Pinus radiata plantation model [61] could not accurately
simulate the influence of slope on rate of spread of the headfire under crowning conditions [73].
Consequently, fire intensity values in Pinus plantation under slope conditions were certainly erroneous,
and thus the results have been excluded from Table 2. An additional factor that influenced fireline
intensity was that most of the fireground (73%) had not been previously affected by wildland fire
(Figure 3b). High fuel loads in those areas probably provided enough fuel to sustain high-intensity fires
that were uncontrollable during the main fire run. The undulating terrain with moderate slope angles
of the fireground (mean of 9◦ and maximum of 39◦ ) probably affected the modelled fire line intensities
(Table 2). Fire intensities and flammable heights were not calculated for non-forest vegetation.
3.3. Fire Severity Mapping
Comparison of the aerial photographic ML classification of fire severity with the 44 post-fire
site assessments of 2013 [47] produced an overall accuracy of 90% and kappa score of 0.87. The nine
surface fire sites excluded from the training polygons were allocated to a range of severity classes
depending on vegetation type, where wet forests were more likely to be classified as unburnt and dry
forest as very high severity fires. The fireground, defined by the aerial photographic classification
(Figure 5a), had a total area of ca. 25,950 ha, of which 5% (1527 ha) burnt at low severities, 17%
(4486 ha) at medium severity, 32% (8245 ha) at high severity, and 23% (5934 ha) burnt at very high
severities, while 22% (5750 ha) contained unburnt patches. Although full expression of crown burn
may take up to 2–3 weeks after a fire, discrimination of the two highest severities was apparent in the
aerial photography acquired immediately post-fire. Furthermore, the assessment of forest mortality
5 years after the fire corroborated the initial post-fire severity categories. A chi-square test between
the 2013 qualitative assessment of fire severity and 2018 quantitative forest recovery datasets showed
a strong association in dry and wet Eucalyptus forests combined (χ2 = 406.77, p < 0.001). The 2013
crown fire class had the highest percentage of resprouting (66%) and dead trees (34%) compared to
low fire severity classes, and no fire-killed or resprouting stems occurred in the unburnt sites (Table 3).
Recovering wet forests had a high canopy cover (>80%) as it was mostly unburnt and had low severity
burns, while dry forests had variable canopy cover due to variable severities, from unburnt (>70%)
to very high severity burns (0–20%). The 2018 field survey provided evidence of the legacy effect
of mixed-severity burns, as well as the unique ability of Eucalyptus species with resprouting growth
forms to recover from high-intensity fires.
Fire severity patterns varied amongst vegetation types, with the highest severities occurring in dry
Eucalyptus forest, Pinus plantation (that occupied a small area within the fireground), and non-forest
vegetation (Table 4 and Figure 5a). Non-forests showed higher severities because their reflectance
values were similar to those of severe fires in the forests. By contrast, wet forest had the largest
unburnt area and smallest area burnt under extreme fire severity. During the initial days of the fire, dry
sclerophyll forest in the northern sector of the fireground burnt under severe FFDI conditions, whereas
most of the wet forests that dominate the southern sector and are capable of sustaining extremely
intense fire intensities, burnt under lower FFDI values.
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Figure 5. Fire severity maps of the fire from: (a) a classified aerial photo using maximum likelihood
classification method, and (b) dNBR using class thresholds generated based on knowledge of
fireground, (c) maximum likelihood classification of raw dNBR, (d) using dNBR class ranges used by
Key and Benson [67] for western U.S. forests, and (e) using dNDVI class ranges used by Hammill and
Bradstock [10].
Table 3. Average percentage damage (with tree counts in brackets) following the 2018 assessment of
damage to Eucalyptus stems (>15 cm DBH) broken down by five qualitative categories of the 2013
post-fire assessment. The highest percentage damage score across each of the 2013 classes is indicated
in bold.
2018 Score

2013 Fire Severity Class
Unburnt

Intermittent Crown Scorch

Full Crown Scorch

Intermittent Crown Fire

Crown Fire

Unburnt
Epicormic
resprouts
Dead

100 (38)

21 (7)

0 (0)

0 (0)

0 (0)

0 (0)

71 (75)

94 (60)

64 (46)

66 (116)

0 (0)

8 (4)

6 (4)

36 (31)

34 (49)

No. trees
No. plots

38
3

86
7

64
5

77
7

165
14

Table 4. Percentage area of each severity classes in each vegetation type in the aerial photo classification,
including the unburnt class. Severity class with the highest percentage area in each vegetation type is
indicated in bold. The total area of each vegetation type is indicated in hectares and as a percentage.

Unburnt
Low
Medium
High
Very high
Area in ha and %
of each vegetation

Dry Forest

Wet Forest

Eucalypt Plantation

Pine Plantation

Non-Forest

15
6
21
32
26

57
3
24
9
7

40
12
15
23
10

2
3
14
27
54

2
3
14
27
54

15,484
60%

2345
9%

1044
4%

910
3%

6158
24%
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3.3.1. Temporal Patterns of Fire Severity
The fourth isochrone (between 4pm and 10pm on the January 4, 2013), representing 1.65% of the
total duration of the fire, burnt nearly half (46%) of the total area burnt from the aerial photographic
analysis. During this time, 41% of all dry forest in the fireground were burnt, as well as 5% of wet
forest, 73% of Eucalyptus plantation, 51% of Pinus plantation, and 65% of non-forest class. The majority
of high severity (53% of all high severity areas) and very high severity (59%) classes burnt in this
fourth isochrone (Figures 6a and 7). Further, most vegetation types during this period experienced the
largest proportion burnt by the highest severity class: 15% of all dry forest, 1% of wet forest, 9% of
Eucalyptus plantation, 31% of Pinus plantation, and 12% of non-forest class (Figure 7). It is important to
note that the distribution of vegetation types affects fire severity patterns. Pinus plantations are largely
restricted to the area affected at the start of the fire, where wet forests were little affected (Figure 7).
Over the subsequent days, fire severity was reduced significantly with an increasing proportion of
both wet forests and unburnt areas in the fireground. Overall, higher fire severities were associated
with more severe fire weather (i.e., higher FFDI), which peaked when FFDI was >75, whereas mild
weather conditions led to lower fire severities and larger unburnt areas towards the end of the fire
(Figure 6b).

Figure 6. Summary of fire severity and fire weather during the fire. (a) Temporal variation of the
five fire severity classes. The width of block in the x-axis corresponds to the duration of isochrone.
(b) FFDI is displayed in three ways: (1) gridded FFDI corresponding with midpoint time between two
consecutive fire isochrones, (2) station FFDI obtained from the nearby meteorological station, which
correspond with the midpoint time between the fire isochrones, and (3) trace FFDI, which is raw FFDI
as recorded at the nearby meteorological station.
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Figure 7. Temporal variation of fire severity classes stratified by different vegetation types. For each
vegetation type (total area indicated on right-hand side of the graph) and the proportion (%) of the
area in each fire severity class for each isochrone is indicated.

3.3.2. Congruence between Aerial and Satellite Fire Severity Maps
The satellite-based maps of fire severity are broadly similar to the aerial photography maps in
the very high severity class (Figure 5). Statistical analysis demonstrated that the NBR thresholds
defined specifically for this study (Figure 5b) produced the highest classification accuracy compared to
other approaches whose class thresholds were based on the aforementioned previous studies (Table 5).
Overall accuracy of the dNBR was slightly higher than that of dNDVI across all vegetation types:
dNBR had a better classification in the dry forest while dNDVI performed best in the wet forest. Class
thresholds used by Key and Benson [67] (designed for coniferous vegetation) did not perform well for
Eucalyptus ecosystems as evidenced by the lowest classification accuracy of all methods. Maximum
likelihood classification of the raw dNBR using training polygons did not improve classification over
our adjusted class thresholds, except in wet forest, and it failed to isolate the low severity class as a
discrete class (Figure 5c). Generally, classification was higher in the wet forest than dry forest across all
satellite-based fire severity approaches.
Table 5. Overall classification accuracy (%) and kappa (in brackets) for the different approaches used to
classify fire severity. Differences in class dNBR thresholds are reflected in the three dNBR approaches
while we have included dNDVI for comparison to dNBR methods.

All vegetation
Dry forest
Wet forest

dNBR Threshold
(This Study)

dNBR ML Classification
(This Study)

dNBR Threshold
(Key & Benson, 2006)

dNDVI Threshold
(Hammill & Bradstock, 2006)

45% (0.33)
48% (0.32)
51% (0.33)

38% (0.19)
47% (0.32)
68% (0.44)

34% (0.17)
36% (0.17)
33% (0.25)

41% (0.26)
44% (0.29)
55% (0.36)

Breaking down the classified fire area in Figure 5a (classified aerial photography map) and
Figure 5b (the best dNBR map) into different vegetation types revealed comparable proportions of
severity classes in each vegetation type (Figure 8). This is particularly so for dry forest as well as the
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Pinus and Eucalyptus plantations. By contrast, wet forest and non-forest vegetation had less agreement
in percentage area across the severity classes. Fire severity in wet forest was over-estimated by dNBR
map for the low severity classes and under-estimated for unburnt class. Fire severity in non-forest
vegetation was over-estimated by dNBR for low and medium classes and under-estimated for high
fire severity and unburnt areas.

Figure 8. Scatterplot of percentage area of each severity class in each vegetation type in aerial
photographic classification relative to the percentage of each class in the dNBR map. The 1:1 line shown
in the graphs represents situations where corresponding points between the aerial photo and dNBR
data are equal.

Spatial congruence (accuracy) between the aerial photographic and dNBR analyses varied between
fire severity class and vegetation types. Overall, higher accuracies across all severity classes were
observed in both wet and dry forests, while the non-forest vegetation had the least congruence. For all
vegetation types, spatial congruence was highest amongst the unburnt and the two highest severity
classes, while low spatial congruence occurred among the intermediate severity classes (Figure 9).
For example, congruence between the two classifications in the dry forest was approximately 65% of
unburnt class, 30% of low severity, and 20% of the medium severity class. This trend was also observed
in the wet forest, although the accuracy for unburnt class in wet forest was higher than dry forest.
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Figure 9. Per-severity class spatial congruence between aerial and dNBR satellite analysis of fire
severity across the vegetation types. The x-axis represents severity class in the dNBR map while the
y-axis is the classification accuracy (congruence) using aerial photographic classification.

3.3.3. Statistical Results of Landscape Controls of Fire Severity
Statistical analysis using unsegmented dNBR values revealed that the geographical patterns of
fire severity are the result of the interactions between FFDI and vegetation type, as well as slope and
aspect (Table 6a). We found strong evidence that fire severity differed between different vegetation
types under varying fire weather conditions and between slope angles. There was some evidence of
the effect of aspect, where northerly-exposed slopes were more likely to burn at higher severities than
other slopes, although this was not significant (Table 7a). Slope gradient had a significant, albeit slight,
negative effect on fire severity. A one-unit increase in slope angle resulted in a 0.002 unit decrease
in fire severity, with steeper slopes experiencing lower fire severities than flat or moderate slopes.
Interactions between FFDI and dry forest, as well as FFDI and plantation forests, had a more significant
positive effect on fire severity, except for wet forest where the interactions had a negative effect, though
not significant (Table 7a).
Table 6. Summary of best models from AIC analysis of environmental variables affecting: (a) fire
severity, and (b) probability of classification congruence between aerial photography and satellite
analysis of fire severity. Raw dNBR is the unsegmented dNBR (from −0.8 to 1.34); topo is topographic
position; Cong is classification congruence.
*K

logLik

AICc

∆AIC

(a) Severity:
Raw dNBR~FFDI:Vegetation +slope + aspect
Raw dNBR~FFDI:Vegetation + slope

8
7

59.7
58.7

−103.4
−103.3

0.00
0.06

(b) Probability of classification congruence:
Cong~FFDI:Vegetation + raw dNBR + topo
Cong~FFDI:Vegetation + raw dNBR + aspect
Cong~FFDI:Vegetation + raw dNBR
Cong~FFDI:Vegetation + topo

8
8
7
7

−1365.2
−1366.5
−1367.6
−1368.4

2746.4
2749.1
2749.3
2750.9

0.00
2.73
2.95
4.50

Best Models

*K is the number of estimated parameters; logLik is the maximum log-likelihood of each parameter; AICc is
AIC corrected for small samples; and ∆AIC represents the difference between AIC of the best model from all
combinations of predictor variables and the row model. Models with ∆AIC of <6 are shown.
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Table 7. Estimated effect of model parameters on fire severity and probability of congruence and 95%
confidence interval for a linear component of Gaussian GLM (severity) and binomial GLM (probability
of congruence) of the best models with ∆AIC of zero selected from both AIC analyses.
Model Parameter

Effect Estimate

Parameter Significance

2.5%

97.5%

(a) Severity:
Slope
Aspect
FFDI: Dry forest
FFDI: Wet forest
FFDI: Eucalypt plantation
FFDI: Pine plantation
FFDI: Non-forest

−0.002
0.008
0.006
−0.001
0.003
0.009
0.003

*
NS
***
NS
***
***
***

−0.003
−0.006
0.005
−0.004
0.002
0.008
0.002

−0.0002
0.020
0.007
0.002
0.005
0.010
0.004

(b) Probability of congruence:
Degree of severity (dNBR)
Topographic position
FFDI: Dry forest
FFDI: Wet forest
FFDI: Eucalypt plantation
FFDI: Pine plantation
FFDI: Non-forest

0.712
−0.038
0.002
0.052
0.008
0.010
−0.003

***
NS
NS
***
NS
***
NS

0.338
−0.103
−0.003
0.024
−0.004
0.002
−0.009

1.165
0.0288
0.007
0.082
0.019
0.018
0.001

*** p < 0.001, ** p < 0.01, * p < 0.05, NS = not significant.

Similar to fire severity analysis, interactions between FFDI and vegetation and the degree of fire
severity (continuous dNBR) influenced the probability of classification congruence as both sets of
variables were present in almost all the best models (Table 6b). There was strong evidence of the effect
of the degree of fire severity on probability of classification congruence (Table 7b), with a higher degree
of fire severity resulting in a higher probability of congruence between aerial photography and satellite
analysis of fire severity. The interactions between FFDI and vegetation type were different for different
vegetation classes, with interactions in dry forests not significant in influencing the probability of
congruence, unlike wet forests where the interactions were significant.
From the above models, it is clear that certain combinations of fire weather (FFDI) and vegetation
type contributed to differences in classification congruence with aerial photography. The highest spatial
congruence between dNBR and aerial classification was in the wet forests (Figure 10), which was also
confirmed by the best model in Table 7b. Classification performed better at higher fire intensities
(high FFDI) in wet forest and to some degree in dry Eucalyptus forests, as well as in Pinus plantations,
while low congruence was observed in low-intensity fires in those vegetation types. The lowest
classification accuracy was in the low intensity fires in Pinus plantation forest. By contrast, Eucalyptus
plantations and non-forest vegetation showed no difference in classification accuracy across FFDI.
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Figure 10. Predicted probability of congruence of aerial photography and dNBR maps from AIC
analysis of the best model based on the interaction between vegetation and FFDI (Table 6a). The bars
represent the prediction of congruence for increasing FFDI classes (low FFDI = 11, high FFDI = 24,
very high FFDI = 49, and severe = 64).

4. Discussion
In this study, we have reported on fire severity and intensity patterns in the 2013 Forcett-Dunalley
fire. This was a large, destructive, 16-day long fire that displayed low to extreme intensities across all
forests associated with moderate (FFDI 11) to catastrophic (FFDI > 100) fire weather conditions. Using
high resolution multi-spectral aerial photography (taken shortly after the fire) and using qualitative
post-fire field validation data, we were able to develop a detailed map of the geographical pattern of
fire severity. Fire severity and intensity were strongly controlled by the interaction of vegetation type
and fire weather. We used standard Australian fire behavior equations based on regional estimates of
fine and total fuel loadings for each dominant vegetation type, and estimates of prevailing weather
conditions to estimate fire intensity and flame heights during the fire. According to the Amicus fire
behavior model, we show that dry Eucalyptus forests probably burnt under very high fireline intensities
(c. > 65,000 kW·m−1 ). The undulating terrain, with mean slopes >10◦ , was found to have possibly
contributed to variations in fire severity and intensity. Our detailed fire severity map presented the
opportunity to assess congruence of aerial photography with several commonly applied satellite-based
approaches to map fire severity. Below we contextualize our findings with respect to related studies
on landscape patterns of fire severity and consider the most appropriate approach to map fire severity
in temperate eucalypt forests.
The 2013 Forcett-Dunalley fire is one of the most destructive and intense fires that have impacted
Australian landscapes in the last five decades and was identified as among the top 500 extreme fire
events in the global analysis of Moderate Resolution Imaging Spectroradiometer (MODIS) fire radiative
power between 2002 and 2013 [74]. Other comparable extreme fires in Australia include the 1967
Tasmanian fire [75], 1983 Ash Wednesday fire in South Australia [76], 2003 Canberra fire [77,78], 2003
Alpine fires in Victoria [79], 2006 Blue Mountains fires [80], and the most devastating of all, the 2009
Victorian Black Saturday fire [81]. Beyond Australia, recently similar extreme fires have mostly been
reported in western United States (e.g., the 2013 Californian Rim fire [82] and 2017 North Bay fire [83]),
Canada (e.g., the 2001 Chisholm fire [84]), and in the Mediterranean Basin [85]. The Forcett-Dunalley
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fire can be described as a “mega-fire” according to the criteria of Cruz et al. [81] because it involved
extreme fire behavior (including wildfire–atmosphere coupling), extensive environmental damage,
large area burnt (usually >500 ha), and property destruction, but, thankfully, there was no loss of
human life. Our maximum estimates of fire intensities in dry eucalypt forests were within the accepted
upper bounds of intensities for Eucalyptus forests, of approximately 70,000 kW·m−1 [66,86], with the
2009 Black Saturday Victorian fires reportedly achieving intensities of around 88,000 kW·m−1 [81].
The cause of such high fire intensities in the Forcett-Dunalley fire was a combination of high fuel loads
in the long unburnt dry forest and extreme fire weather during the time of burning, as we will explain
in subsequent paragraphs.
Fire severity assessments are increasingly being used by fire ecologists to understand the impacts
of intense fires, and the legacy effects of prescribed burning in temperate Eucalyptus forests [6,43,44].
This study is the first ever to publish mapped fire severity patterns for the island state of Tasmania.
The largest area of the Forcett-Dunalley fireground (55%) exhibited the highest severities (32% as
intermittent crown fire and 23% as full crown fire). Previous studies of extreme fires in similar
landscapes have shown varying total percentage area under high severities and above, such as
approximately 35% in the Blue Mountains in SE Australia [10], 49% in 2003 Alpine fires in Victoria [79]
and 67% on the first day of the 2009 Kilmore East fire in Victoria [81]. In our study, the highest
severities occurred in the dry Eucalyptus forest, Pinus plantations, and non-forests (Table 4). Non-forest
vegetation showed apparent higher severities because their reflectance values were similar to those of
severe fires in the forests, although in reality, the fire intensity and biological impact was obviously not
equivalent to that experienced in forests. Wet forest had the largest unburnt area and smallest area
burnt under extreme fire severity due to its geographic location during the passage of the fire.
The temporal patterns of fire severity aligned closely with the fire weather patterns, where
short-lived (six hours) extreme weather conditions produced a large percentage of the high and
very high severity classes at the start of the fire. This was followed by days of moderate fire
weather that resulted in a majority of the area under unburnt and low severity classes. These
results are consistent with other previous studies that relate fire activity with fire weather ([22,87–90]).
Few studies have examined the temporal variation of fire severity using fire isochrones within a fire
event (e.g., [81,91–93]). For example, Cruz et al. [81] reported on the Black Saturday fire in February
2009 in Victoria, Australia, where most damage was produced in less than eight hours. Within
that period, an intense weather system caused extreme fire to persist for two to three hours, which
moderated in the subsequent hours [94]. The result was a large area burnt as crown fire (44%) and as
surface fires in different intensities (c. 50%) while only 6% was unburnt. This 12-h period accounts
for 75% of the burned area, while the rest of the fire burned at low intensities till containment nine
days later [95]. Hammill and Bradstock [88] also observed high crown consumption during extreme
weather (FFDI 100), which was significantly reduced during moderate weather (FFDI 20).
Landscape patterns of variability in fire severity were clearly the product of an interplay of fire
weather conditions, vegetation and fuel characteristics, and local terrain (Table 6a). The interactive
effects of these environmental factors on fire regimes are complex and appear to be biome-specific [4].
For example, in Eucalyptus ecosystems of Australia, bark fuel has a greater influence on fire propagation
and spotting, making fire behavior in Eucalyptus forest considerably different from other flammable
forest types such as the coniferous forests of northern America [75,81]. Our study reported that
vegetation type and fire weather largely influenced the spatial variability of fire severity. Fire severity
was generally higher in dry forest than wet forest. Under high fire weather conditions, long unburnt
dry eucalypt forests burnt at high severities due to high fuel accumulations and high vertical and
horizontal fuel continuities, resulting in transmission of flames to the tree crowns. In addition, dry
forests are more open and experience faster surface winds, with understory composition and condition
adapted to drier conditions, making them more flammable. Lower fuel loads in frequently burnt
dry forests can reduce the risk of crown fire, a key justification for fuel management in these forest
types [96]. In contrast to dry forests, wet eucalypt forests that occur in cooler sheltered areas with
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high fuel and soil moistures, are only flammable under much higher fire weather conditions, and can
sustain high-intensity crown fires under extreme fire weather condition [35]. Previous studies in dry
and wet sclerophyll forests in Australia have identified fire weather (FFDI) as the most dominant factor
influencing fire severity patterns [42,90,97]. Such intense forest fires can cause atmospheric instability
resulting in a positive fire-atmosphere feedback, driving extreme fire behavior [80].
Terrain–vegetation complexes are known to affect fire severity patterns, with sheltered
polar-facing slopes that support wet Eucalyptus forests less likely to burn than drier equatorial-facing
slopes [98]. In our study, there was some evidence of the effect of aspect, where northerly-exposed
slopes were more likely to burn at higher severities than other slopes. Slope steepness had a significant
negative effect on fire severity, with steeper slopes experiencing less fire severity than flat and gentle
slopes, which may be indicative of lower fuel loadings on steeper slopes. It is important to note that
calculated theoretical fire intensity increased with increasing slope angles, but we were unable to
determine in this study whether the observed fire severity trend with slope steepness was related to
fire direction, i.e., whether fire was travelling upslope or in the downslope trajectory. Previous studies
have identified a less pronounced effect of slope in dry Eucalyptus forests, albeit some studies have
reported lower crown fire probability in steeper slopes due to fuel discontinuity in dry forests [37,97]
similar to this study. Lecina-Diaz et al. [30] and Alexander and Cruz [99] however show that steeper
slopes exhibit extreme severities due to stacking-up of crowns of large trees which increases scorching
of upslope trees by hot gases, and subsequent tree crowning. Steeper positive slopes in Eucalyptus
forests are known to increase rate of spread of a fire, which in turn increases flame depth, eventually
inducing postfrontal crowning [66]. A confounding effect of slope and aspect is that steep equatorial
facing slopes in the mid latitudes receive high solar radiation, substantially affecting the productivity
of vegetation compared to polar-facing slopes [100].
Our study afforded the opportunity to compare the performance of aerial photographic mapping
of fire severity with a number of well accepted satellite analyses. We found that dNBR classification
based on post-fire field survey provided the highest congruence with aerial photography with a 45%
agreement, outperforming dNBR using the approach of Key and Benson [16] and NDVI using the
approach by Hammill and Bradstock [10]. It is clear that applying thresholds designed to work in
different environments causes inaccuracies when they are applied to other environments without
local calibration [4]. For instance, the site-specific dNBR had higher congruence than dNDVI, which
tended to saturate at the high extremes, compared to dNBR [36], as evidenced by low dNDVI values
for the high severity class, compared to dNBR range for the same severity class. In addition, dNBR
was not as affected by clouds as dNDVI, making it more reliable in areas frequently affected by cloud
cover. Improved performance of NBR over NDVI is consistent with findings by Escuin et al. [27].
Other studies in Australia have produced higher dNBR accuracies than reported in this study, for
example, 81% in Eucalyptus forests of the Sydney Basin in south-eastern Australia [33], 73% in dry
forests of eastern Australia [101], and 72% and 80% in wet and mixed Eucalyptus forests of Victoria
respectively [34]. Higher accuracies in those studies were probably due to less influence of drought on
spectral properties of the remotely sensed images, as well as defining separate dNBR thresholds for wet
and dry Eucalyptus forests. Other studies worldwide have shown varied performance of dNBR such
as 68.4% in western US coniferous forests [21], 45–88% in boreal forests and tundra ecosystems [31],
86.4% in pine-dominated Mediterranean ecosystems [102], and low unquantified accuracy in African
savannahs [24]. Higher accuracies beyond Australia were due to different forest types that respond
differently to fire, and due to research, development and application of NBR in coniferous ecosystems.
Developing dNBR for Eucalyptus vegetation requires further field validation of fire severity by adapting
assessments such as the composite burn index [16].
In both dry and wet Eucalyptus forests, the probability of classification congruence between aerial
photography and dNBR was highest for areas burnt by high-intensity fires. This is because of the
distinct radiometric burn signal associated with crown defoliation, high scorch heights, charring on
tree trunks, complete consumption of ground fuels and ash deposition. By contrast, low congruence in
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low-intensity wet forests was likely due to the dense canopies that obscured low-intensity fires from
being detected by lower-resolution satellite sensors. Although low intensity fires in both wet and dry
forests were apparent in higher resolution aerial photography, they were poorly detected by more
coarse-scale satellite sensors that returned “mixels” made up of the spectral signature of undamaged
crowns and burnt understories. The limited sensitivity of satellite observations in detecting low
intensity burn signals in dense forests has also been reported in other studies [19,34]. Low congruence
in lower intensity fires in dry forests was likely due to drought, and desiccation of live fuels, resulting
in overlaps and spectral confusion between unburnt and low severity burns. Escuin et al. [27] have
noted that variability in fire severity is not only influenced by changes in tree canopies but also
by changes in understory vegetation and soil characteristics. The lower accuracies in low-intensity
fires in dry forests are consistent with other south-eastern Australian studies of fire severity using
spectral indices, such as Hammill and Bradstock [10] and Chafer et al. [37], who attributed the low
accuracy to seasonal differences in vegetation condition. This is a significant limitation of dNBR in
mapping low–moderate fire intensities in the dry Eucalyptus forests with open canopies. We have
shown that dNBR can produce serviceable, albeit less reliable, mapping than aerial photography if
dNBR thresholding is informed by aerial photography, ground assessment, and ideally, both. Further
field evaluation of NBR in Eucalyptus forests is required, for example by applying the composite burn
index [16] to accommodate the biophysical attributes of Eucalyptus forests.
Although ground-validated classified aerial photography provides a more precise estimation of
fire severity than satellite-based measures, it is important to acknowledge that this approach also has a
number of limitations. Unlike the wide spectral bandwidth of satellite imagery, the narrow spectrum of
aerial photography constrains quantitative analysis and favors qualitative assessments [103]. Pre-fire
conditions, such as drought, can also affect spectral signatures, confounding identification of fire
effects [19]. Like satellite imagery, mixed pixels of burnt understory and unburnt tree canopies are
difficult to reliably map, although there is scope to apply advanced image classification techniques
that incorporate contextual information, such as object-oriented classification and machine learning
methods, to help overcome these limitations. An important practical consideration is the cost of aerial
photography, whereas Landsat imagery is ubiquitous and freely available.
5. Conclusions
This study reported on the geographic patterns of fire intensity and severity across the
Forcett-Dunalley fireground using aerial photography, satellite imagery, and geographic information
systems analysis of vegetation, terrain, and weather data. We have shown that fire intensity, and
thus fire severity, was affected by the interplay of fire weather, vegetation, and associated fuel load,
and slope angle. Under short-lived extreme FFDI conditions, about half of the fireground was burnt
and large areas of dry forest burnt under very high modelled intensities (c. > 65,000 kW·m−1 ).
The dNBR classification of Landsat imagery, based on the post-fire field survey, provided the highest
(45%) congruence with aerial photography compared to other satellite approaches. We attributed
incongruence between aerial photography and satellite-based fire severity indices to an interaction
between FFDI and vegetation resulting from the effect of flame height and canopy defoliation. Our
study also highlighted the difficulty of accurately mapping low fire severity under dense canopies in
the wet forests as well as in dry forests because of the mixed-pixel problem and misclassification of
unburnt dry forests with cured understory vegetation affected by antecedent drought. We conclude
that the dNBR index based on satellite imagery has potential for fire severity mapping in temperate
Eucalyptus forests, but this approach requires training using aerial photography, or ground assessment,
and ideally, both.
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