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Abstract

Across the world, millions of hectares of forest are burned by wildfires each

year. Satellite remote sensing, particularly when used in time series, can describe

complex disturbance-recovery processes, but is underutilized by ecologists. This

study examines whether a greater disturbance magnitude equates to a longer

recovery length, in the fire-adapted forests of south-east Australia. Using Land-

sat time series, spectral disturbance and recovery maps were first created, for

2.3 million hectares of forest, burned between 2002 and 2009. To construct

these maps, a piecewise linear model was fitted to each pixel’s Normalized Burn

Ratio (NBR) temporal trajectory, and used to extract the disturbance magni-

tude (change in NBR) and the spectral recovery length (number of years for

the NBR trajectory to return to its pre-fire state). Pearson’s correlations

between disturbance magnitude and spectral recovery length were then

calculated at a state level, bioregion level and patch level (600 m 9 600 m, or

36 hectares). Our results showed overall correlation at the state level to be

inconclusive, due to confounding factors. At the bioregion level, correlations

were predominantly positive (i.e. a greater disturbance equals a longer recov-

ery). At the patch level, both positive and negative correlations occurred, with

clear evidence of spatial patterns. This suggests that the relationship between

disturbance magnitude and recovery length is dependent on forest type. This

was further explored by investigating the major vegetation divisions within one

bioregion, which provided further evidence that relationships varied by vegeta-

tion type. In Heathy Dry Forests, for example, a greater disturbance magnitude

usually led to a longer recovery length, while in Tall Mist Forests, the opposite

behaviour was evident. Results of the patch-level analysis were particularly

promising, demonstrating the utility of satellite remote sensing in producing

landscape scale information to inform policy and management.

Introduction

Forests are in a state of continuous change, in response

to various processes and feedback mechanisms (Kennedy

et al. 2014). For millions of years, fire has been responsi-

ble for much of that change, influencing vegetation struc-

ture and distribution, climate and the carbon cycle

(Bowman et al. 2010). The concept of a fire regime is

used to describe fire behaviour and vegetation response in

a particular ecosystem, broadly encompassing variables

such as fuel type, fire frequency, spatial distribution and

impacts (Bond and Keeley 2005). Ecologists have long

recognized that different plant species have distinct repro-

ductive strategies under different fire regimes (Bowman
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et al. 2010). In the fire-adapted forests of south-east Aus-

tralia, for example, it is argued that much of the unique

biota depends on fire for its very existence (Cheal 2010).

Thus, fire can be considered a necessary, or at least inevi-

table, ecosystem function. There is a concern, however,

that climate change and other anthropogenic factors are

altering existing fire regimes, and in doing so, placing

forests under increased stress (Enright et al. 2015).

Increasingly, there is recognition that global environ-

mental problems require global solutions. Satellite remote

sensing is crucial in providing the necessary coverage to

address these problems. However, communication

between the ecology and remote sensing communities, on

what can and should be measured from space, is lacking

(Skidmore et al. 2015). Many studies exploring the

ecological impacts of fire are conducted at a local scale,

typically focussing on specific ecosystems, such as the

mountain ash (Lindenmayer and Sato 2018) and alpine

ash (Bassett et al. 2015) forests of south-east Australia.

These studies contain highly detailed information over

limited spatial extents. In contrast, satellite remote sensing

provides spatially extensive wall-to-wall coverage, enabling

broad assessments over large areas.

Landsat data, in particular, have spatial and temporal

resolutions well suited to large-area forest assessment,

and, with an historical archive spanning four decades,

longer-term changes can be explored (Cohen and Goward

2004). Following 2008, when Landsat data were made

freely available, techniques to analyse images in time

series have become widespread (Wulder et al. 2012; Wul-

der and Coops 2014). Many studies have used Landsat

time series to map forest disturbances, due to various

agents such as fire, logging and insects (Huang et al.

2010; Kennedy et al. 2012; Senf et al. 2015). Indeed stud-

ies have been conducted over extremely large areas; for

example: the entire forest estate of Canada (Coops et al.

2018), the conterminous United States (Cohen et al.

2016) and eastern Europe (Potapov et al. 2015).

The process of vegetation recovery following distur-

bance is an essential component of landscape dynamics

(Pickell et al. 2016). The regular and consistent measure-

ments offered by satellites enable vegetation regrowth to

be monitored over time and across large areas. Recent

studies have demonstrated promising results (Frazier

et al. 2015; Zhao et al. 2016; White et al. 2018). But

extracting accurate and meaningful recovery information

from multi-spectral sensors, due to their limited ability to

capture the complexities of forest structure, remains chal-

lenging (Gomez et al. 2011). Some authors (e.g. Bolton

et al. 2015) recommend a fusion approach with LiDAR

data. In a recent study, however, White et al. (2018)

concluded that Landsat time series alone could provide

accurate results. Nonetheless, the role of Landsat time

series in tracking forest recovery, and in ecology more

generally, remains a nascent area (Pasquarella et al. 2016).

In this study, we examine the relationship between

disturbance magnitude and recovery length, across large

areas of forests burned between 2002 and 2009 in

Victoria, Australia. We test the hypothesis that a greater

disturbance magnitude leads to a longer recovery, as mea-

sured by spectral reflectance. These disturbance–recovery
relationships are explored across multiple scales – local,

regional and state-wide (over two million hectares of

burned forest). This paper demonstrates that satellite

remote sensing can help identify and characterize complex

ecological processes across large areas.

Materials and Methods

This research was undertaken in two distinct stages. First, dis-

turbance and recovery maps were created for the study area.

And second, these maps were used to examine the relation-

ship between disturbance magnitude and recovery length.

The methods for each of these stages are outlined below.

Creating the spectral disturbance and
recovery maps

A conceptual diagram describing the process used to

create the forest disturbance and recovery maps, through

changes in spectral reflectance, is shown in Figure 1.

Study areas

Between 2002 and 2009, forests within the state of Victo-

ria experienced several large wildfires (Fig. 2), which

together burned over two million hectares of forest. The

vast areas burned in these fires, at different severities and

in varied bioregions and vegetation types, provide an

opportunity to study forest disturbance and recovery

across large areas. In addition, this time-period enabled

longer-term trends to be studied, as several years of Land-

sat data exist either side of the fires. The 13 fires used in

this research were each greater than 20 000 ha, according

to the state government’s fire history database (Depart-

ment of Environment Land Water and Planning, 2017),

which provided sufficient data for study at a large-area

scale. Other than two fires in the north-west of the state

which were in spring and autumn, fires occurred during

summer, with all three summer months represented. In

addition, two of the fire events located in eastern Victoria

burned across periods of almost 2 months (Attiwill and

Adams 2013). Burned areas were further refined to

include only forests. For the forest mask, we used a mask

developed by Mellor et al. (2013) to define training data,

which was then used to create masks for 1989, 1999 and
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2009, via a binary Random Forests classification. The three

masks (1989, 1999 and 2009) were then merged to include

all pixels classified as forest in at least one of these years.

Forested areas were thus extensively represented, whereas

in a single date classification, pixels recently disturbed, for

example, may be classified as non-forest.

The majority of the burned areas occurred in public land

forests, which are managed both as parks and reserves – for

conservation, biodiversity and tourism; and state forests –
for timber resources, water catchments and other conserva-

tion purposes (Department of Environment and Primary

Industries, 2013). The Interim Biogeographic Regionalisa-

tion for Australia (IBRA) framework (Australian Govern-

ment, 2017) classifies Victoria into 11 distinct bioregions

based on common climate, geology and native vegetation

(Fig. 2). Eight of these bioregions were impacted by one or

more of the 13 wildfires. Victorian forests are dominated by

various eucalypt species, but they are far from homogenous.

They range from low, multi-stemmed mallee woodland in

the arid north-west, to dense, wet forests in the south-east,

where trees can attain heights of 75 m (Mellor et al. 2013).

Landsat data

For the 19 Landsat tiles covering the study area (WRS paths

96 to 90, rows 84 to 87), Tier 1 Surface Reflectance prod-

ucts (TM and ETM+) with less than 70% cloud-cover were

acquired from the United States Geological Survey (USGS)

archive, along with the corresponding cloud masks from

January to March 1988-2017. Using the statistical software

R (R Core Team, 2017) and the Raster package (Hijmans

2016), annual composites were created by choosing the first

clear pixel nearest to February 15, in a method similar to

other studies (Kennedy et al. 2010; White et al. 2014; Hay-

wood et al. 2016). A late summer date was chosen to

increase the likelihood that fire-related disturbances were

captured in the season that they occurred in. Generally, in

forests, spectral indices making use of the shortwave infra-

red (SWIR) bands are preferred over other indices (Cohen

and Goward 2004), due to their ability to more accurately

represent forest moisture and structure (Schroeder et al.

2011). The Normalized Burn Ratio or NBR (Key and Ben-

son 2006) is one such index, and was selected in this study

to represent fire disturbance magnitude and recovery. For

Landsat TM and ETM+ data, it is calculated as follows:

NBR ¼ NIR� SWIR2

NIRþ SWIR2

where NIR is the near-infrared band (0.76–0.90 lm) and

SWIR2 is the second shortwave infrared band (2.08–
2.35 lm). NBR is commonly employed to estimate burn

severity (Eidenshink et al. 2007) and has been used exten-

sively in Landsat time series (Huang et al. 2010; Kennedy

et al. 2010; Senf et al. 2015). Furthermore, an earlier

study in the region found that NBR accurately captured

fire disturbance and subsequent spectral recovery (Hislop

et al. 2018).

Determining burned areas

The fire history data (Department of Environment Land

Water and Planning, 2017) indicate the general extent of

the fires, but may not faithfully represent the patch-like

nature of burned areas, given it is based on various

collection methods and sources. To determine burned and

un-burned pixels, we used annual disturbance maps that

were produced in an earlier study (Hislop et al. 2019). In

brief, a Random Forests model, based on human inter-

preted reference data (Soto-Berelov et al. 2017) and Land-

sat annual composites, was used to classify each year

between 1988 and 2017 into a binary disturbed/non-dis-

turbed map. Overall model accuracy, using the Random

Forests out-of-bag estimate was 91.2%. These methods are

comprehensively explained in Hislop et al. (2019). In this

study, the relevant binary disturbance maps (i.e. those

matching the year of each fire event) were cross-referenced

with the fire history data to determine the burned areas for

each fire.

Disturbance magnitude

A piecewise linear model, using a combination of regres-

sion and point-to-point lines was applied to each pixel’s

NBR trajectory, using the breakpoints flagged by the annual

h

Figure 1. Overview of the spectral disturbance and recovery mapping

workflow.
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disturbance maps (Fig. 1). With the fitted NBR models, we

extracted the magnitude of change for each fire disturbance

event (the difference in NBR between pre- and post-fire).

Although most fire affected pixels were detected in the

same year as the fire itself, there were instances where the

event was not detected until the following year (e.g. if the

fire occurred late in the season, the image compositing pro-

cedure may have selected a pixel prior to the event), so a 2-

year window was allowed.

Spectral recovery

To characterize post-fire spectral recovery, we calculated

when the fitted NBR line would hypothetically cross the

pre-fire value if the recovery gradient continued in a lin-

ear fashion (Fig. 1). This approach allows for longer

timeframes to be extrapolated beyond the length of the

time series, by projecting the recovery gradient forward.

Before calculating the recovery gradient, any pixels that

had experienced a second disturbance within 5 years

were removed, to prevent them from adversely impacting

results. An exception to this rule was made for large

areas in the north-east of Victoria, which were burned in

the 2003 Bogong fires, and then experienced further dis-

turbance in 2007. The second disturbance was due to

major fires in some areas and drought in others. Thus,

we treated this scenario separately, to investigate the

effects of multiple disturbances on the subsequent spec-

tral recovery (see Appendix S1 and S2). Essentially, this

involved determining the recovery length from the 2007

disturbance, but using the pre-disturbance value from

the 2003 fire. It should be noted that our method does

not necessarily reflect true spectral recovery beyond

5 years, as secondary disturbances after 5 years were not

considered. However, the majority of pixels did not

experience a second disturbance, so spectral recovery is

typically based on a regression line fit through 8 to

14 years of data. Nonetheless, our derived recovery esti-

mates could be more accurately described as the forest’s

potential to recover, rather than true recovery; an

approach that resembles other studies (e.g. Kennedy

et al. 2012). Although we did not evaluate our data with

an independent dataset such as LiDAR (White et al.

2018), we manually assessed 100 random pixel trajecto-

ries to check how closely our derived recovery aligned

with the un-fitted NBR time series; 96 of 100 were

deemed to be an accurate representation.

The relationship of disturbance magnitude
and recovery length

To explore the relationships between disturbance magni-

tude and recovery length, as measured spectrally, analy-

sis was undertaken at state, regional and local levels.

The objective was to test the hypothesis that a greater

disturbance magnitude leads to a longer recovery. In

the remainder of this report, when we refer to positive

correlations between disturbance magnitude and recov-

ery length, we mean that a higher disturbance magni-

tude equals a longer recovery length, while negative

correlations indicate that a higher disturbance equals a

shorter recovery length. Although we do not directly

relate NBR change magnitudes to burn severity through

field based protocols like the Composite Burn Index

(Key and Benson 2006), we assume that a higher

change magnitude generally reflects a higher burn

Figure 2. Study area, showing large wildfires

that occurred between 2002 and 2009,

overlaid on bioregions, within the state of

Victoria, Australia.

ª 2019 The Authors Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London 379

S. Hislop et al. Forest Recovery Depends on Forest Type



severity, particularly when comparing pixels from the

same local area.

State and regional level analysis

State-wide composite disturbance and recovery maps were

constructed by merging the data from the individual fires.

Where overlapping data existed (e.g. 2003 and 2007 fire

areas burned twice), the most recent fire was used. The

composite disturbance and recovery maps were then anal-

ysed at state and regional levels. For the regional level

analysis, the IBRA bioregions (Australian Government,

2017) were utilized. As indicated previously, eight of the

11 bioregions were impacted by one or more of the 13

wildfires. At state and bioregion levels, the average

disturbance magnitude and spectral recovery length, along

with the correlations between them, were calculated.

Patch-level analysis

The motivation behind the patch-level analysis was to

provide a mechanism to study the relationship between

disturbance magnitude and recovery length, in a way that

removed confounding influences, such as climate, vegeta-

tion and soil type, along with fire conditions (e.g. the

weather on the day or the timing of the fire within the

fire season). Our goal in choosing a patch size was to

maximize within-patch homogeneity (in terms of vegeta-

tion, climate, elevation, fire date, etc.), while retaining

enough pixels to give statistically robust results. A patch

size of 600 9 600 m (400 pixels) satisfied these criteria.

Larger patch sizes were initially trialled, which produced

similar results, however, the relationships between distur-

bance and recovery tended to be weaker. As the patch size

was reduced, slightly stronger correlations emerged, but

at the expense of statistical significance (i.e. P-values

increased).

To create the patches a grid of 600 9 600 m was

defined over the entire burned area. This naturally created

many patches that were not entirely burned (i.e. along

the edge of burned areas). To ensure enough pixels were

available to interrogate in each patch, patches containing

fewer than 320 burned pixels (80% coverage) were

removed from further analysis, leaving a total of 48 850

patches across the study area. In each patch, a Pearson’s

correlation coefficient was computed between disturbance

magnitude and recovery length, to determine the strength

of the disturbance–recovery relationship (Fig. 3). A posi-

tive correlation coefficient indicated that, within the

patch, pixels with a larger disturbance magnitude (i.e.

greater severity) took longer to recover, while a negative

correlation indicated the opposite. Patches were subse-

quently grouped into bioregions for further analysis of

their respective patch-level distributions. Pairs of biore-

gions (e.g. Victorian Alps vs. South East Corner) were

compared using Mann–Whitney U tests (non-parametric

equivalent to a t-test) on random samples of 1000 patches

in each bioregion. Mann–Whitney U tests were used

because the data were not normally distributed. The ran-

dom sampling ensured even class sizes while reducing the

adverse effects of spatial autocorrelation.

South Eastern Highlands case study

The South Eastern Highlands bioregion was selected for a

more detailed investigation into disturbance–recovery
relationships across different forest types. This region,

located mostly in the east of Victoria (Fig. 2), is densely

vegetated and consists primarily of wet and dry sclero-

phyll forest and woodlands, with pockets of rainforest

and grassland (Department of Environment and Primary

Industries, 2013). Average rainfall is typically between

900 mm and 1500 mm per year and elevations range

from approximately 200 m to 1300 m. Within the South

Eastern Highlands bioregion there are a number of

distinct vegetation types, which respond differently to fire.

In a comprehensive report on the fire tolerance of differ-

ent vegetation types, Cheal (2010) grouped Ecological

Vegetation Classes (EVCs) into 32 Ecological Vegetation

Divisions (EVDs). We adopted Cheal’s groupings for the

purpose of this case study. Within the South Eastern

Highlands bioregion burned area, the five most dominant

EVDs were selected for further study (Table 1). In each

of the relevant patches, the division with greatest coverage

(by area) was selected to represent the entire patch.

Again, we compared the distribution of patches in each

EVD, and computed Mann–Whitney U tests between each

pair (1000 patches per class).

Results

Spectral disturbance and recovery maps

The total forest area burned by the 13 wildfires was

almost 2.3 million ha (over a quarter of the state’s

forested land). The average disturbance magnitude

(change in NBR) across all pixels was 0.46 (SD 0.21) and

the average spectral recovery length was 9.3 years (SD 5.2).

At the bioregion level (Table 2), disturbance magnitude

was lowest for the Murray Darling Depression (0.28) and

highest for the Victorian Midlands (0.66). Spectral recov-

ery lengths ranged from 14.7 years for the Murray Dar-

ling Depression to 4.6 years for the NSW South Western

Slopes. For a breakdown by individual fire event, refer to

the Appendix (A1 and A2). An example map output for

the 2003 Bogong Fire is shown in Figure 4.
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Disturbance–recovery relationships

State and regional levels

At the state level, the correlation between disturbance

magnitude and recovery length using all pixels was practi-

cally non-existent (�0.01), suggesting that other drivers

are exhibiting greater influence on forest recovery. At the

bioregion level, predominantly weak positive relationships

were found (i.e. a greater disturbance magnitude equals

a longer recovery time), with the Murray Darling

Depression showing the highest correlation, with 0.34,

and Furneaux the lowest, with �0.01 (Table 2).

Patch level

At the 600 9 600 m patch level, the average correlation

across all patches was 0.13 (SD 0.29). A map of the output

(Fig. 5) shows how patches are distributed across the

state, indicating clear spatial patterns. The average corre-

lations for each of the bioregions are shown in Table 3.

These range from 0.29 for the South East Coastal Plain to

�0.02 for the Victorian Midlands. Note that Table 2

shows the average correlations of pixels, while Table 3

shows the average correlations of patches. Table 3 also

shows the percentage of patches that have positive, nega-

tive and no correlation in each bioregion. Percentages are

based on a = 0.005, which means that positive correla-

tions are typically > 0.15, while negative are <�0.15.

Across all patches, 49% had positive correlations, 18%

had negative correlations and 33% showed no correlation.

Density plots for five of the bioregions are shown in

Figure 6 (the remaining three bioregions did not contain

nearly as many patches, so were excluded). These indicate

that in most bioregions, the distribution of patch correla-

tions is more-or-less normally distributed; the exception

being the Murray Darling Depression, which has a nega-

tive skew. Within each of these bioregions, 1000 patches

were randomly selected and Mann–Whitney U tests were

undertaken on all pairs of distributions (see Appendix

S3). These tests showed clear differences in all bioregion

pairs, except between the South East Corner and South

Eastern Highlands.

South Eastern highlands case study

Results from the EVD analysis within the South Eastern

Highlands bioregion are shown in Table 4 and Figure 7.

Figure 3. Example of 600 9 600 m patches, showing disturbance, recovery and the corresponding correlations. The top row shows a patch with

strong positive correlation (i.e. higher disturbance magnitude equals longer recovery), while the bottom row shows a patch with strong negative

correlation (i.e. higher disturbance magnitude equals shorter recovery).
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Most EVDs had twice as many patches (between 41 and

55%) showing positive correlations to those showing

negative (between 12 and 20%). The exception was the

Tall Mist Forest, where only 30% of patches were posi-

tive and 40% were negative. Figure 7 shows that most

patches had disturbance–recovery correlations between

negative 0.25 and 0.5; however, differences are evident

between the EVDs. Forby Forest, Heathy Dry Forest and

Moist Forest all exhibited positive average correlations,

with values of 0.11, 0.11 and 0.17 respectively, while

High Altitude Woodland had a mean closer to zero

(0.08). Tall Mist Forest was markedly different from the

other EVDs, with a slight positive skew and a negative

average correlation (-0.03). In the Tall Mist Forest EVD

a significant number of patches (40%) appeared to

recover more quickly with an increased disturbance mag-

nitude. These differences are enhanced in Figure 8,

which displays the data as proportional representations

(with binned correlations). As per the bioregion analysis,

1000 patches in each of the five EVDs were randomly

selected and Mann–Whitney U tests undertaken on all

pairs of distributions (see Appendix S4). These tests

showed differences in all EVD pairs, except between

Forby Forest and Moist Forest.

Discussion

There are many indicators which together form a broad

notion of forest recovery following a disturbance.

Although we can measure these separately (e.g. tree

height, canopy cover, etc.) the underlying ecological pro-

cesses are inherently linked. The long archive and broad

coverage of Landsat allows us to study disturbance and

recovery dynamics over large areas, by analysing changes

in the spectral signal over time (Cohen et al. 2016; White

et al. 2017; Coops et al. 2018). In this study, we aimed to

explore the relationship between spectral disturbance

magnitude and subsequent recovery length, following

wildfire.

The state of Victoria contains 11 distinct bioregions,

which vary according to climate, soil type and topography.

As a consequence, the forests are diverse, and respond to

fire in different ways. This is well illustrated by comparing

the Murray Darling Depression bioregion with the South

East Coastal Plain. In the Murray Darling Depression, the

average disturbance magnitude (change in NBR) was 0.28,

Table 1. Main ecological vegetation divisions (EVDs) in the South

Eastern Highlands bioregion relevant to this study.

Ecological

Vegetation

Division (EVD)

Dominant

EVCs in EVD

(this study)1

Average

annual

rainfall

(mm)2
Elevation

(m)3

Forby Forest Herb-rich

Foothill Forest

Grassy Woodland

1190 280–1050

Heathy Dry

Forest

Shrubby Dry Forest

Heathy Dry Forest

Grassy Dry Forest

1138 230–1100

High Altitude

Woodland

Montane Dry

Woodland

Montane Grassy

Woodland

Montane Herb-rich

Woodland

1136 750–1290

Moist Forest Moist Forest

Shrubby Moist

Forest

Shrubby Foothill

Forest

Lowland Forest

Montane Moist

Forest

1184 160–1090

Tall Mist Forest Tall Mist Forest 1387 270–1150

1nv2005_evcbcs (data.vic.gov.au).
2bioclim (worldclim.org/bioclim).
3shuttle radar topography mission (srtm).

Table 2. Average disturbance magnitude (change in NBR) and recovery length by bioregion.

Bioregion

Area burned

(Ha)

Average

disturbance

magnitude

Standard

deviation

(change)

Average

recovery

(years)

Standard

deviation

(recovery)

Correlation:

magnitude/recovery1

Australian Alps 505 034 0.47 0.21 11.4 4.9 0.13

Furneaux 10 615 0.54 0.24 5.8 3.8 �0.01

Murray Darling Depression 226 008 0.28 0.86 14.7 5.2 0.34

NSW South Western Slopes 11 071 0.47 0.19 4.6 3.6 0.11

South East Coastal Plain 5410 0.60 0.25 6.4 4.0 0.18

South East Corner 134 720 0.42 0.19 9.0 4.2 0.09

South Eastern Highlands 1 271 102 0.48 0.20 7.7 4.5 0.10

Victorian Midlands 97 305 0.66 0.25 8.3 3.6 0.07

State of Victoria 2 261 265 0.46 0.21 9.3 5.2 �0.01

1All correlations significant to 0.005.
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while the average recovery length was 14.7 years. In the

South East Coastal Plain, on the other hand, the average

disturbance magnitude was 0.60 and the average recovery

was 6.4 years. This suggests that, in the Murray Darling

Depression, a small change in NBR may have a much

greater ecological impact than the same change elsewhere.

The Australian Alps also has a long recovery period

(11.4 years). However, this ecosystem is in no way similar

to the Murray Darling Depression. The Alps contain species

such as the snow gum (Eucalyptus pauciflora), which only

grow at high altitudes, while the Murray Darling Depres-

sion consists predominately of multi-stemmed mallee

woodland, which have adapted to survive in arid climates

with limited rainfall. The overall bioregion correlations (all

pixels) suggest that forest recovery is heavily influenced by

factors such as climate, elevation and soil type. However, it

is difficult to establish, from these results alone, the influ-

ence of fire severity on recovery length. The use of localized

patches enabled us to explore the disturbance–recovery
relationships independently from other factors driving for-

est recovery, such as vegetation and soil type. The method

produced promising results.

The patch-level correlations indicated that the influence

of disturbance magnitude on subsequent recovery length

differs across and within bioregions. In the Murray

Darling Depression, for example, most patches (66%) had

positive correlations, while in the Victorian Midlands

many patches (36%) had negative correlations. These

results are highlighted in the state-wide map (Fig. 5),

which clearly identifies areas where relationships are posi-

tive, negative and non-existent. That we see spatial pat-

terns suggest that the patch method has merit, as we can

A

B

Figure 4. Example of the derived spectral

disturbance (panel A) and recovery (panel B)

maps for the 2003 Bogong fire.
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clearly see that vegetation is responding differently based

on location. According to Cheal (2012), some forest types

in south-east Australia show little variation in fire severity

– either the vegetation burns or it does not. Our results

support this assertion, as one-third of patches showed no

correlation between disturbance magnitude and recovery

length. Perhaps more interestingly, 18% of patches across

the state showed negative correlations. We cannot

categorically say that these areas respond favourably to

being burned at high intensity. However, it is well known

that some forests, like the iconic mountain ash, have

adapted to high intensity (albeit low frequency) fire

(Adams 2013). Our results highlight that forest recovery

following a wildfire is a complex process.

While the patch-based technique enabled factors such as

climate, vegetation and soil type to be somewhat removed,

Table 3. Average patch-level correlations for each bioregion and the entire state of Victoria. Note that the percentage of correlations is based on

a = 0.005, which means that positive correlations are typically > 0.15, while negative are <�0.15.

Bioregion

Average patch

correlation

Standard

deviation

Number of

patches

Positive

correlation (%)

Negative

correlation (%)

No correlation

(%)

Australian Alps 0.04 0.29 10608 37.4 26.3 36.3

Furneaux 0.16 0.26 75 52.0 12.0 36.0

Murray Darling Depression 0.27 0.33 4804 65.6 13.1 21.3

NSW South Western Slopes 0.09 0.24 161 39.8 14.3 46.0

South East Coastal Plain 0.29 0.33 68 70.6 10.3 19.1

South East Corner 0.16 0.25 2726 55.4 11.0 33.7

South Eastern Highlands 0.14 0.27 28226 50.9 15.7 33.5

Victorian Midlands �0.02 0.29 2182 29.1 35.6 35.3

Victoria (Statewide) 0.13 0.29 48850 48.6 18.3 33.0

Figure 5. Map showing patch-level disturbance-recovery correlations. Smoothing has been applied to the state map.
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the influence of other drivers, such as topography, remains.

We conducted an exploratory analysis into the effects of

topography on both disturbance magnitude and recovery

length, using elevation data from the Shuttle Radar

Topography Mission (SRTM). These results indicated

approximately 40% of patches had a positive relationship

(correlation > 0.15) between disturbance magnitude and

elevation, while 31% had a negative relationship. Approxi-

mately 38% of patches showed a positive correlation

between elevation and recovery length, while 24% exhibited

negative behaviour. Taking all three variables into account

(disturbance magnitude, recovery and elevation) revealed

that the most common scenario was when correlations

between all three were positive, which occurred in 13%

of patches. However, the next most common scenario

had correlations which were positive for disturbance-

recovery and negative for disturbance-elevation and

recovery-elevation (see Appendix S4, Table A5 for results).
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Figure 6. Density histograms of patch level

correlations for each bioregion.

Table 4. Average correlations for each Ecological Vegetation Division. Note that the percentage of correlations is based on a = 0.005, which

means that positive correlations are typically > 0.15, while negative are <�0.15.

Ecological vegetation

division

Average

correlation

Standard

deviation

Number of

patches

Positive correlation

(%)

Negative correlation

(%)

No correlation

(%)

Forby Forest 0.11 0.26 7851 47.1 17.9 35.0

Heathy Dry Forest 0.17 0.26 12571 55.4 12.3 32.2

High Altitude Woodland 0.08 0.26 3282 41.5 20.0 38.5

Moist Forest 0.11 0.27 5762 47.2 17.8 35.0

Tall Mist Forest �0.03 0.32 1094 29.5 40.3 30.2
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Figure 7. Patch level correlations of the 5

most prominent Ecological Vegetation Divisions

within the South Eastern Highlands bioregion.
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This is further evidence that the factors influencing forest

recovery are complex, and there are opportunities for more

research in this domain.

Increasingly, ecological considerations form part of fire

management planning and policy; however, substantial

gaps remain in our knowledge of the impacts of fire on

vegetation communities (Cheal 2012). To explore the

capabilities of Landsat at a more localized scale, we

undertook a case study in a densely forested region (the

South Eastern Highlands), to examine the disturbance–
recovery relationships in different EVDs. The results

showed differences between the five dominant EVDs in

this bioregion. In the Tall Mist Forest division, there was

a slight positive skew and a negative mean, while in the

other divisions the distributions were more normally

distributed, with positive means. The proportional repre-

sentations (Fig. 8) highlight differences, showing for

example, that the Heathy Dry Forest contains more

patches with strong positive correlations. Our results were

not able to detect significant differences between the

Forby Forest and Moist Forest divisions, which share simi-

lar attributes in their tolerable fire intervals and recovery

processes (Cheal 2010). These results demonstrate that

Landsat is able to capture subtleties between forest types,

within a broader bioregion. However, at the spatial and

spectral resolutions of Landsat, there are limits to what

can be achieved with these data alone.

In this paper, spectral recovery is defined with a linear

trajectory, which is not necessarily how a forest recovers

ecologically. However, inspection of individual pixels sug-

gested that a linear model provides a reasonable approxi-

mation, and is the approach adopted in many pixel-based

time series studies (e.g. Kennedy et al. 2010; Hermosilla

et al. 2015). Likewise, the use of Pearson’s correlation in

this study assumes that the disturbance–recovery relation-

ship is linear. However, this may not be the case. Visual

inspection of disturbance-recovery scatterplots (Fig. 3)

showed that in some patches the majority of pixels were

clumped around either similar disturbance magnitudes,

or similar recovery lengths, or both. Further opportunities

may lie in non-linear regression/correlation approaches,

or by employing patch-specific thresholds. Nonetheless,

the use of Pearson’s correlations produced satisfactory

results and served to demonstrate the merits of the patch

approach.

Conclusions

In this research, we aimed to answer a reasonably straight-

forward question: following a wildfire, is there a relation-

ship between the magnitude of disturbance and the time it

takes for a forest to recover (as measured spectrally with

Landsat data)? Our findings suggest relationships exist, but

vary significantly across different bioregions and forest

types. In this paper, we presented an approach that allowed

us to examine these relationships across various spatial

scales, using only optical remote sensing. The use of patches

enabled confounding factors such as climate, elevation and

soil type to be minimized, bringing to focus the two com-

ponents of interest: disturbance magnitude and recovery

length. This was, in effect, an attempt to derive more

detailed information from broad-scale measurements, in

complex ecosystems. Our results highlight the contribution

that Landsat time series, and perhaps satellite remote sens-

ing more generally, can make to ecological assessments

across multiple spatial scales. This type of data driven, evi-

dence-based information can inform policy, and support

improved management of vital forest ecosystems.
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