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A B S T R A C T

The regular and consistent measurements provided by Earth observation satellites can support the monitoring
and reporting of forest indicators. Although substantial scientific literature espouses the capabilities of satellites
in this area, the techniques are under-utilised in national reporting, where there is a preference for aggregating
ad hoc data. In this paper, we posit that satellite information, while perhaps of low accuracy at single time steps
or across small areas, can produce trends and patterns which are, in fact, more meaningful at regional and
national scales. This is primarily due to data consistency over time and space. To investigate this, we use MODIS
and Landsat data to explore trends associated with fire disturbance and recovery across boreal and temperate
forests worldwide. Our results found that 181 million ha (9 %) of the study area (2 billion ha of forests) was
burned between 2001 and 2018, as detected by MODIS satellites. World Wildlife Fund biomes were used for a
detailed analysis across several countries. A significant increasing trend in area burned was observed in
Mediterranean forests in Chile (8.9 % yr−1), while a significant decreasing trend was found in temperate mixed
forests in China (-2.2 % yr−1). To explore trends and patterns in fire severity and forest recovery, we used Google
Earth Engine to efficiently sample thousands of Landsat images from 1991 onwards. Fire severity, as measured
by the change in the normalized burn ratio (NBR), was found to be generally stable over time; however, a slight
increasing trend was observed in the Russian taiga. Our analysis of spectral recovery following wildfire indicated
that it was largely dependent on location, with some biomes (particularly in the USA) showing signs that spectral
recovery rates have shortened over time. This study demonstrates how satellite data and cloud-computing can be
harnessed to establish baselines and reveal trends and patterns, and improve monitoring and reporting of forest
indicators at national and global scales.

1. Introduction

The importance of forests in providing clean air and water, mana-
ging carbon and nutrient cycles, and providing habitat cannot be
overstated. Since the Rio Earth Summit in 1992, many countries have
progressively adopted the principles of sustainable forest management,
attempting to manage forest resources in ways that balance ecological,
economic and socio-cultural factors. In 1994, twelve countries –
Argentina, Australia, Canada, Chile, China, Japan, Republic of Korea,
Mexico, New Zealand, Russian Federation, United States of America
(USA) and Uruguay – formed the Montréal Process Working Group, to
advance the conservation and sustainable management of temperate

and boreal forests. Together, these countries contain approximately 90
% of the world’s temperate and boreal forests and 50 % of the world’s
total forests. Recognised in the Montréal Process under Criterion 3 is a
forest’s ability to adapt to and recover from disturbances (Montréal
Process, 2009). Forest area burned is also an indicator in the global
Forest Resource Assessment, as produced every five years by the Food
and Agriculture Organization of the United Nations (FAO; Table 1).

Forest disturbances and subsequent recovery (or regeneration) are,
in many ways, natural processes essential to healthy forest systems.
Dead and decaying trees, whether standing or fallen, stimulate biodi-
versity and provide habitat for many species (Senf et al., 2018). How-
ever, the benefits to biodiversity may be out-weighed by negative
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impacts to other ecosystem services, such as clean air, water and food
(Thom and Seidl, 2016). This conflict is particularly apparent in the
case of fire, which has impacted terrestrial ecosystems for over 350
million years (Doerr and Santı, 2016). Consequently, in certain cases,
fire is necessary to preserve ecosystem health (Cheal, 2012; Doerr and
Santı, 2016). Yet, in recent years, humans have viewed wildfires in
terms of the risks they pose; a view that some think neglects fire’s
crucial role in sustaining biodiversity and key ecosystem services
(Moritz et al., 2014).

In many parts of the world, such as western USA, southern Australia
and Mediterranean Europe, aggressive fire suppression policies are
practiced (North et al., 2015), while in more remote regions, such as the
northern boreal forests in Canada, wildfires are often left to burn
naturally (Coops et al., 2018). Higher human populations often corre-
late positively with more fire ignitions (Mann et al., 2016; Pickell et al.,
2017), and a large body of literature asserts that climate change will
increase fire activity (Bowman et al., 2010; Gauthier et al., 2015; Jolly
et al., 2015; Millar and Stephenson, 2015). Regardless of whether fires
are influenced by human factors or not, there is a growing concern that
changes to fire regimes (frequency, severity, spatial extent and pattern)
will threaten the resilience of forests (Enright et al., 2015).

The 2030 Agenda towards achieving the United Nations Sustainable
Development Goals recognises that “if you can’t measure it, you can’t
manage it” (Paganini et al., 2018). While global initiatives promoting
sustainable forest management, such as the Montréal Process and the
FAO’s Forest Resource Assessment, provide policy directions, the
monitoring and reporting responsibilities fall on individual countries.
Accurate and systematic monitoring of disturbances across multiple
scales can help researchers understand how much disturbance a forest
can tolerate before its resilience is threatened. This knowledge can then
inform management strategies, so they can focus on minimising adverse
effects to forest ecosystems (Millar and Stephenson, 2015).

However, a review of several national forest reports (available at
www.montrealprocess.org) found that the current reporting of fire
disturbances is ad hoc and inconsistent. These approaches do not pro-
vide a sound basis for trend analysis or assessing forest resilience. Most
countries present information based on multiple-source compilations,
where consistency over time and space is variable. In Australia, for
example, national data is compiled by aggregating fire data from in-
dividual states and territories (MIG and NFISC, 2018). And even within
states and territories, fire boundary datasets are compiled from multiple
sources and methods, integrating on-ground, aerial and satellite mea-
surements (Haywood et al., 2016). Likewise in Canada, the National
Fire Database is a multi-source compilation collected by different fire
management agencies (Coops et al., 2018). In addition, simply re-
porting on burned areas does not address whether forest resilience is
being threatened by disturbances ‘beyond reference conditions’.

To ecologists, the ecosystem impacts of fire disturbance may be
more important than the area burned (Doerr and Santı, 2016). Initial
impacts are often defined by the term ‘fire severity’ (Keeley, 2009).
However, despite its importance, fire severity is not routinely captured
at a national level in most countries. The exception is the USA, where
the Monitoring Trends in Burn Severity (MTBS) project aims to capture
severity for all fires greater than 200 ha in the east and 400 ha in the
west of the country (Eidenshink et al., 2007). Although MTBS has

limitations (Kolden et al., 2015), it represents one of the few systematic
attempts to assess burn severity at the landscape scale. Ongoing eco-
system impacts can be assessed in terms of a forest’s ability to recover
from disturbance, however, there is less certainty around how to define
forest recovery (Bartels et al., 2016). It is a complex and extended
process, which begins with an initial re-establishment of vegetation and
progresses through to a gradual return of forest structure (White et al.,
2017). But, if there is an endpoint when a forest is said to have ‘re-
covered’, it is largely dependent on one’s point of view (e.g., ecological,
economic). Nonetheless, understanding how forest recovery rates and
patterns differ across environmental and climatic conditions can help
inform effective strategies for sustainable forest management (Bartels
et al., 2016).

Earth observation satellites offer a cost-effective and achievable
means to routinely measure the impacts of fire disturbance to support
monitoring and reporting of key forest indicators. Satellites can provide
wall-to-wall coverage that is consistent through time and space, irre-
spective of jurisdictional boundaries, and the data can be harnessed to
reveal trends over time and offer a better understanding of ecological
dynamics (Kennedy et al., 2014). Current free and open access to sa-
tellite data (Wulder et al., 2012), coupled with cloud-computing plat-
forms like Google Earth Engine (GEE) (Gorelick et al., 2017), has led to
a paradigm shift in remote sensing, enabling huge amounts of data to be
processed efficiently, and affording the same opportunities to all. Two
of most prominent data collections available in GEE are from the
Moderate Resolution Imaging Spectroradiometer (MODIS) and Landsat
satellites. One of many datasets in the MODIS collection is the burned
area monthly product (MCD64A1 Collection 6), a record of burned
areas across the globe at 500 m pixel resolution from November 2000
onwards (Giglio et al., 2018).

The coarse spatial resolution of MODIS is a necessary trade-off for
its high temporal resolution (daily). In contrast, Landsat satellites visit
the same spot on earth less frequently (every 16 days) but provide
higher spatial resolution data (30 m since 1982). Derived from Landsat
data, the Normalised Burn Ratio (NBR; Key and Benson, 2006), a ratio
of the near-infrared and short-wave infrared bands, has been used
widely in forest related studies (Kennedy et al., 2012; White et al.,
2017). Indices like NBR are generally considered more adept at char-
acterizing forest structure and moisture than those which use shorter
wavelengths, such as the ubiquitous NDVI (Hislop et al., 2018). The
change in NBR (dNBR) pre-fire to post-fire is commonly used to assess
fire severity (Cocke et al., 2005; Eidenshink et al., 2007; Escuin et al.,
2008), and studies have used NBR in time series to characterise forest
recovery (Kennedy et al., 2012; White et al., 2017). Although authors
have suggested that dNBR is not an optimal measure of fire severity
(Kolden et al., 2015; Roy et al., 2006; Smith et al., 2016), we consider it
a reasonable surrogate at a landscape scale, where more precise (i.e.,
field) data is often unavailable. Likewise, although Landsat cannot di-
rectly capture all of the complexities of forest recovery, it has been
shown to correlate well with high-resolution lidar data, which is com-
monly used to capture detailed structural information (White et al.,
2018). For the purposes of this study, we use the Landsat spectral signal
five years post-fire to represent forest recovery.

The aim of this paper is to evaluate the utility of freely available and
spatially exhaustive satellite data for investigating trends in fire area,

Table 1
Monitoring and reporting indicators addressing forest fire disturbance.

Framework Indicator

Montréal Process (2009) 3.b Area and percent of forest affected by abiotic agents (e.g. fire, storm, land clearance)
beyond reference conditions

Forest Resources Assessment 2015 (Food and Agriculture Organization of the United
Nations (FAO, 2016)

8.1 Total land area burned
8.1.1. …of which forest area burned
8.2 Number of fires
8.2.1 …of which forest fires
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severity and forest recovery across large areas. We propose a data
driven approach that has advantages over current reporting practices,
which are typically based on multi-source compilations that are in-
consistent across time and space. While satellite imagery may not al-
ways provide high accuracies at individual time-steps, its consistency
over time means that large-area trends can be derived. In this study,
data from both the MODIS and Landsat satellites were used within GEE,
to examine fire disturbance and recovery trends in global boreal and
temperate forests, as defined by the World Wildlife Fund (WWF) biomes
(Olson et al., 2001). We present a novel approach whereby MODIS
burned areas were used as a basis for sampling over 250,000 Landsat
images across almost 2 billion ha of forests. Specifically, the MODIS
burned area product, intersected with the WWF biomes and adminis-
trative boundaries, formed the basis of a stratification in time and
space, which was used to sample burned Landsat pixels. Six of the
Montréal Process countries that regularly experience forest fires were
investigated: Australia, Canada, Chile, China, Russia and the USA, along
with southern Europe, to evaluate: (1) patterns and trends in area
burned over the last two decades, (2) whether the average size of fires
have changed over this time, (3) whether changes in fire severity and/
or forest recovery are evident in the Landsat record, and (4) the simi-
larities and differences between countries with similar forest types.

2. Materials and methods

2.1. Study areas

The study areas (Fig. 1) were selected based on the member coun-
tries of the Montréal Process that occupy the temperate regions of the
world and routinely experience forest fires: Australia, Canada, Chile,
China, Russian Federation (Russia) and the USA. Forest regions were
intersected with the WWF biomes related to boreal and temperate
forests (Olson et al., 2001). In addition, Mediterranean Europe was
included, as it is also a region which experiences many forest fires, and
its inclusion meant that most of the Earth’s temperate and boreal forests
(> 90 %) were included. Argentina and Mexico were initially con-
sidered, however the forest fires in these two countries primarily occur
in biomes classified as subtropical forests, so they were not used in this
analysis. Uruguay is also mainly tropical/sub-tropical, while the other
Montréal Process countries (Japan, Korea and New Zealand) do not
typically experience many forest fires.

2.2. Burned areas and number of fires

The MODIS burned area monthly product (MCD64A1 Collection 6;
Giglio et al., 2018) was used to identify the number of fires (patches)
and area burned in each country and biome. MCD64A1 is available
worldwide from November 2000 onwards. Although the MCD64A1
product has a coarse spatial resolution (500 m), validation against
Landsat data has found it to be reasonably accurate (r2 > 0.7), parti-
cularly at a large area scale (Boschetti et al., 2019; Giglio et al., 2018).
Perhaps unsurprisingly, Boschetti et al. (2019) reported that the
MCD64A1 product missed many of the small and fragmented fires
evident in the Landsat record. We combined monthly burned area data
into 12-month periods, by calendar year in the northern hemisphere
and centred at January 1 in the southern hemisphere (with each year
being labelled with the later year). This was undertaken so that fires
were grouped by fire season, which in temperate and boreal latitudes,
centres around summer months. Data were then masked using the
‘Hansen’ forest mask (Hansen et al., 2013) with a 10 % threshold, to
select only forested areas. This initial processing was performed in GEE.
The results (i.e., areas of burned forest, grouped by year) were then
exported at a pixel resolution of 250 m (in an Albers Equal Area pro-
jection) for each country/region. Although the MCD64A1 has a pixel
size of 500 m, a 250 m resolution was used to account for location shifts
(due to the reprojection) and the forest mask (which is available at 30 m
resolution). Downloaded data were processed in R (R Core Team, 2017)
to calculate burned areas in each country and biome for each year
(2001–2018).

2.3. Sampling strategy used for Landsat pixels

To investigate fire severity and forest recovery (in terms of spectral
response), a sample of Landsat pixels were selected across the study
areas. The MODIS burned area data were used to inform the selection of
pixels, via stratified random sampling. Specifically, the MODIS burned
patches were stratified by country, biome and year, and 500 pixels in
each stratum were randomly sampled. If there were less than 500 pixels
available in any one unit, all pixels were used. The centre of each
MODIS pixel was converted to a point-based dataset, thus the minimum
distance between samples was 250 m. Limiting samples to 500 per unit
and stratifying by country, biome and year meant that pixels were more
evenly sampled across time and space. A sample based purely on area,
for example, would bias it towards years of high fire activity. The

Fig. 1. Temperate and boreal related biomes, according to the World Wildlife Fund (WWF) classification, intersected with the countries and regions used in this
study.
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sample points (210,798 in total) were then imported back into GEE.

2.4. Landsat composites and time series extraction

GEE was used to construct annual Landsat surface reflectance
composites for the years 1991–2019 for each region of interest. Landsat
5 and 7 surface reflectance products (Masek et al., 2013) were used
directly, while Landsat 8 surface reflectance images (Vermote et al.,
2016) were harmonized to Landsat 5/7 using the parameters of Roy
et al. (2016). Each scene was masked with the included FMask (Zhu and
Woodcock, 2012). The compositing method used was that of the me-
doid (a multi-dimensional median; Flood, 2013) within a late summer/
early spring window (southern hemisphere: 1 January – 1 April,
northern hemisphere: 1 July – 1 October). In China, there were fewer
clear images available, so the temporal window was expanded (1 June –
1 November). The code for these processing steps was adapted from the
GEE implementation of LandTrendr (Kennedy et al., 2018). NBR was
then calculated from each yearly composite. The decision to use NBR
over other Landsat indices was based on its demonstrated capabilities in
numerous studies worldwide (e.g., Hermosilla et al., 2015; Hislop et al.,
2018; Kennedy et al., 2012). The NBR time series (and the forest mask
previously mentioned) was subsequently extracted at a 30 m resolution
for each of the sample pixels.

2.5. Filtering the pixel samples

Further processing was done to remove pixels that did not meet the
criteria of burned forest at the 30 m pixel level. This was performed
because not all burned areas identified by the MODIS product appear
burned in the Landsat NBR time series. This is due to differences both in
spatial and temporal resolution (500 m versus 30 m, daily versus a
yearly composite in our case, respectively). From each pixel’s temporal
trajectory, the mean and standard deviation from the 10 years pre-fire
were calculated. The minimum NBR value was then selected, from
between the fire year and one year later (in an annual time series, a late
season fire may not appear in the data until the following year). If the
minimum value was greater than 2 standard deviations below the pre-
fire mean, the pixel was considered burned, otherwise it was marked as
non-burned and removed from further analysis. This step was a simple
way to filter out non-burned pixels.

2.6. Calculating fire severity

Studies using Landsat imagery to estimate fire severity in forested
ecosystems commonly use change in NBR (dNBR), pre-fire to post-fire
(Cocke et al., 2005; Eidenshink et al., 2007; Escuin et al., 2008; Key and
Benson, 2006). However, we acknowledge that the use of dNBR for this
purpose has limitations (Kolden et al., 2015; Smith et al., 2016). Var-
ious authors have proposed solutions to improve the utility of dNBR in
fire severity mapping (Collins et al., 2018; Miller and Thode, 2007;
Parks et al., 2014). Due to the scale of our study and the lack of field
data for validation, we made the decision to use dNBR in its absolute
form as a surrogate for fire severity, but we do not use classes (e.g.,
high, medium, low), which typically requires field data and/or expert
interpretation. For the pixels where the fire was detected in the same
year in both the MODIS and Landsat data (as opposed to one year
apart), dNBR between the pre-fire mean and the fire year was calcu-
lated. Pixels where the fire was not detected in the Landsat record until
the following year were excluded from the fire severity analysis, since
comparing recently burned pixels with those from a year after would
not be a valid comparison (however, those pixels were included in the
forest recovery dataset). In total, 48,514 pixels were used in the fire
severity analysis.

2.7. Calculating forest recovery

Landsat time series has shown promising results in representing
forest recovery (Kennedy et al., 2012; White et al., 2017), although, it is
important to note that spectral recovery does not necessarily mean
functional, structural or compositional recovery. Nonetheless, over
large areas and in the absence of other data, Landsat represents the best
record of land changes available over the last 4 decades (Wulder et al.,
2012). To determine spectral recovery, we adopted the method pro-
posed by Kennedy et al. (2012), who developed a recovery metric
(‘recovery indicator’) based on the NBR value 5 years post disturbance.

=RecoveryIndicator
NBR

NBR
regrowth

disturbance

Where

=NBR NBR NBRregrowth t t5 0

where NBRt5 is the value five years post disturbance and NBRt0 is the
value at the disturbance year. Kennedy et al. (2012) used fitted tra-
jectories based on LandTrendr segmentation to determine their various
NBR values for the disturbance and regrowth. We adapted this slightly
by using the mean from 10 years pre-fire for the NBRt-1 value (used to
calculate ΔNBRdisturbance), the minimum from the fire year and one year
after as the NBRt0 value, and the mean value from years 4–6 post fire as
the NBRt5 value. In addition, where NBRt5 was greater than the pre-fire
mean, pixels were marked as 100 % recovered, and where NBRt5 was
less than the NBRt0 value, pixels were marked as 0 % recovered. Only
pixels burned prior to 2013 were used in the recovery analysis (in total,
56,337).

2.8. Quality assurance

The aim of this study was to evaluate the potential of using a data-
driven approach, based on the fusion of several existing datasets, to
explore trends in fire disturbance and forest recovery across large areas.
Central to the process was the automatic extraction of fire-effected
Landsat pixels, each of which was analysed in time series, to derive fire
severity and forest recovery metrics. We formally evaluated our
methods in this respect, by visually inspecting 100 pixels in each of the
six countries and Europe (700 pixels in total). The validation procedure
involved plotting the NBR trajectory of each pixel, inspecting the cor-
responding Landsat images and assessing whether the calculated fire
severity (dNBR) value and forest recovery indicator were accurately
derived in the context of the overall time series. Overall, 91 % of pixels
were assessed as being accurate. Our approach aligns with the princi-
pals of Stage 1 validation, meaning that estimated accuracy is based on
a small set of reference data from selected locations (Boschetti et al.,
2019). Therefore, it is not a statistically robust measure of overall ac-
curacy; however, the process was undertaken as a quality assurance
measure, and was considered adequate in this regard.

2.9. Assessment of results

MODIS-derived estimates of burned area were calculated for each of
the six countries, plus southern Europe, for the period 2001–2018, and
further sub-divided by WWF biomes. Burned area trends were esti-
mated using the Theil-Sen non-parametric slope method and sig-
nificance tests were undertaken using the Mann-Kendall test for
monotonic trends, computed with the R package rkt (Marchetto, 2017).
The total number of fires in each country/biome were calculated and
the results are presented in terms of the average size of fires over the
study period. These were grouped into 3-year periods in the assessment
of average fire size, to ensure enough samples for comparisons over
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time. The number of large fires (> 200 ha) and areas burned by these
were also calculated (Appendix 1).

Fire severity and forest recovery results are presented as violin plots
representing the distributions of pixels in each country/biome. In each
country/biome the average values in each 3-year period were calcu-
lated to assess trends over time. Although the aim was to sample 500
pixels in each stratum (country-biome-year), it was not always possible
due to large variations in areas burned year-on-year. Additional fil-
tering of the data was also undertaken, to remove non-burned pixels, so
in some strata the final sample was quite low. Samples were therefore
grouped into 3-year periods, which equates to a theoretical upper limit
of 1500 samples per unit; however, units typically contained between
200 and 600 samples. Each unit taken forward contained at least 100
samples. The sample-based Landsat data were not considered compre-
hensive enough to statistically test for monotonic trends (as per the
area-based estimates).

3. Results

3.1. Burned area and number of fires

Our analysis of the MODIS burned area dataset (MCD64A1), inter-
sected with a global forest cover product (Hansen et al., 2013) found
1,045,991 fires (patches) across the study area (2 billion ha) between
2001 and 2018, burning a total of 181 million ha. There were 82,042
fires greater than 200 ha, which contributed to 87 % of the total area
burned (Appendix 1). Russia had by far the highest number of fires
(721,023), followed by the USA (145,223), China (55,157) and Europe
(42,888). However, fires in China and Europe were, on average, much
smaller than, for example, Canada – 76 ha and 106 ha versus 845 ha
respectively. Table 2 shows the area of forest burned in each country
and biome as totals, annual averages and percentages of forest area.
Russia had the largest area burned (105 Mha), followed by Canada (31
Mha), the USA (22 Mha) and Australia (13 Mha). Boreal Forests/Taiga
contributed to 51 % of the area burned, followed by Temperate
Broadleaf and Mixed Forests (23 %) and Temperate Coniferous Forests
(12 %). As a percentage of forest burned each year, Australia had the
greatest amount (1.7 % yr−1), over three times the next greatest (Russia
with 0.6 % yr−1). Table 2 also shows the results of Theil-Sen slope
calculations, shown as percentages in relation to annual averages.
Mann-Kendall tests of significance revealed significant trends (α =
0.05) in only two cases: Mediterranean Forests, Woodlands, and Scrub
in Chile (8.9 % yr−1, p = 0.02) and Temperate Broadleaf and Mixed
Forests in China (-2.2 % yr−1, p = 0.02). Other notable trends include
Temperate Coniferous Forests in Canada (4.9 % yr−1, p = 0.07) and the
USA (3.9 % yr−1, p = 0.06). Over the entire study area and all biomes,
the slope was 1.5 % yr−1 (p = 0.29).

Fig. 2 shows the area burned per year in each country and biome,
along with the yearly country averages (dashed grey lines) and Thiel-
Sen slopes (black lines). The charts indicate substantial year-on-year
variations across all countries and biomes. For example, Russia had 8
Mha more forest burned in its maximum year (2003, 10 Mha), com-
pared with its minimum year (2007, 2 Mha); a factor of 4. In contrast,
in Chile, there was 377,000 ha of forest burned in 2017, over 63 times
greater than 2013 (6000 ha). In Australia and China, the results in-
dicate slight negative trends across the 18 years. However, the area
burned was substantially greater in some years than others (particularly
2003). In the USA, the year with the greatest area burned (2015) was 6
times that of year with the least amount (2001), but less than twice the
annual average. In Europe, the area burned was much higher in five of
the years (particularly 2017), compared with the other 13. In Canada
the most recent nine years (2010–2018) experienced a far greater area

burned than the previous nine (2001–2009) – 21 Mha versus 13 Mha;
however, the overall trend was not considered significant (2.2 % yr−1, p
= 0.26).

The average fire size (Fig. 3) highlights some additional trends in
the data, noting that each country-biome category displayed contains at
least 4 periods which each contain at least 50 fires. In Chile, for ex-
ample, the average fire size in Mediterranean Forests, Woodlands and
Scrub has remained constant over time, even though the area burned in
this type of forest has increased (Fig. 2). In contrast, the average size of
fires in Temperate Broadleaf and Mixed Forests has increased markedly.
In Canada there were slight increases in most biomes, but most pro-
nounced is that seen in Temperate Coniferous Forests, where the
average fire size has increased by a factor of 3 since 2007. In the
Mediterranean forests of Europe, average fire size decreased over time
until the last 3 years, which saw a marked increase. In Russia, the
average fire size in Boreal Forests/Taiga and Temperate Coniferous
Forests has also increased from 2007 onwards.

3.2. Fire severity

Similarities and differences in fire severity (defined as the change in
NBR for a sample of Landsat pixels) across countries and biomes are
shown in Fig. 4. In Temperate Broadleaf and Mixed Forests, the fire
severity distributions in most countries displayed a high amount of
dispersion. Russia and the USA were exceptions, with most values
grouped towards the lower end of the severity scale. In Temperate
Coniferous Forests, there were also a broad range of values, especially
in Canada. The severity of fires in Boreal Forests/Taiga had similar
distributions in Canada and the USA (Alaska), as expected; Russia, too,
was quite similar. In Temperate Grasslands, Savannas and Shrublands,
the severity distributions were quite different in Australia and China,
but similar in Canada and the USA. In Montane Grasslands and
Shrublands, distributions were fairly dispersed in the three countries
represented. In Mediterranean Forests, Woodlands and Scrub, dis-
tributions from Chile, the USA and Europe were similar, while in
Australia, the distribution was clustered towards the lower end of the
scale, with a mean change in NBR of around 400.

Average dNBR values over time are shown in Fig. 5. These results
indicate that dNBR was generally either consistent or highly variable
over the 18-year period, without any clear trends within the analysed
period. A slight negative trend was observed in Temperate Broadleaf
and Mixed Forests in China. In Russia there appears to be a positive
trend in the Boreal Forests/Taiga biome, indicating that the average
dNBR has increased in recent years. Each 3-year sample was checked to
see whether it was distinct from the country-biome as a whole (i.e., the
18-year period), by undertaking Mann-Whitney U-tests (a non-para-
metric equivalent of a t-test). Significantly different periods (α = 0.05)
are marked with dots in Fig. 5.

3.3. Forest recovery

For each of the valid Landsat pixel samples from 2001 to 2012, a
recovery indicator was calculated (percent of spectral recovery five
years post-fire). Differences and similarities between countries and
biomes are shown in the violin plots in Fig. 6. These charts suggest
many biomes respond similarly to fire across the different countries. In
Temperate Broadleaf and Mixed Forests, all countries showed reason-
ably fast spectral recovery, with a substantial portion of pixels showing
full recovery after 5 years. In contrast, in Montane Grasslands and
Shrublands, Temperate Coniferous Forests and Boreal Forests/Taiga, a
longer recovery was observed. In Canada, for example, most pixels in
Temperate Coniferous Forests and Boreal Forests/Taiga had only
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recovered around 60 % of their pre-fire NBR value after 5 years. In
Temperate Grasslands, Savannas and Shrublands, the USA, Russia and
China showed similar distributions, while in Australia, faster rates of
recovery were observed. In Mediterranean Forests, Woodlands and
Scrub, Australia and Europe had similar recovery distributions; in Chile
and the USA, slower recovery rates were seen.

The average values of the recovery indicator in each country-biome,
divided into 3-year periods, are shown in Fig. 7. The data indicates

positive trends in some cases, meaning that five years post-fire, pixels
burned more recently had recovered more in comparison to earlier
years. In particular, this was observed in the temperate forest categories
in the USA, and to a lesser degree, Temperate Coniferous Forests in
Canada. In contrast, the Temperate Broadleaf and Mixed Forests in
Russia showed a negative trend, indicating a lower percent recovered
after five years following more recent fires. Again, as with the fire se-
verity assessments, Mann-Whitney U-tests were undertaken to

Table 2
Forest area burned per country and biome in the period 2001–2018, as detected by the MODIS burned area product (MCD64A1). Also, Thiel-Sen slope results (yearly
percentage in relation to average annual area burned), with significant trends (Mann-Kendall, α = 0.05) marked with *.

Country / Biome Forest Area ('000
ha)

Area Burned ('000
ha)

Area Burned
(%)

Area Burned per year
('000 ha)

Area Burned (% per
year)

Theil-Sen Slope (% per
year)

Australia
Mediterranean Forests, Woodlands, and

Scrub
12912 4984 38.6 277 2.1 −0.79

Montane Grasslands and Shrublands 1115 893 80.0 50 4.4 0.00
Temperate Broadleaf and Mixed Forests 27888 7070 25.4 393 1.4 −2.53
Temperate Grasslands, Savannas, and

Shrublands
2429 426 17.6 24 1.0 0.55

Total 44345 13373 30.2 743 1.7 −1.01
Canada
Boreal Forests/Taiga 362556 27065 7.5 1504 0.4 0.90
Temperate Broadleaf and Mixed Forests 55947 361 0.6 20 0.0 1.40
Temperate Coniferous Forests 64650 3271 5.1 182 0.3 4.87
Temperate Grasslands, Savannas, and

Shrublands
15844 420 2.7 23 0.1 0.65

Total 498997 31117 6.2 1729 0.3 2.23
Chile
Mediterranean Forests, Woodlands, and

Scrub
2700 410 15.2 23 0.8 8.89*

Temperate Broadleaf and Mixed Forests 15880 676 4.3 38 0.2 4.38
Total 18580 1086 5.8 60 0.3 6.41
China
Montane Grasslands and Shrublands 6016 21 0.3 1 0.0 −1.01
Temperate Broadleaf and Mixed Forests 75011 2877 3.8 160 0.2 −2.20*
Temperate Coniferous Forests 29732 1135 3.8 63 0.2 2.01
Temperate Grasslands, Savannas, and

Shrublands
3156 172 5.4 10 0.3 −3.34

Total 113915 4204 3.7 234 0.2 −1.37
Europe
Mediterranean Forests, Woodlands, and

Scrub
40726 2867 7.0 159 0.4 −2.05

Temperate Broadleaf and Mixed Forests 52382 1673 3.2 93 0.2 −0.80
Total 93108 4540 4.9 252 0.3 −2.32
Russia
Boreal Forests/Taiga 727752 60634 8.3 3369 0.5 2.13
Montane Grasslands and Shrublands 3822 54 1.4 3 0.1 −3.15
Temperate Broadleaf and Mixed Forests 102019 26160 25.6 1453 1.4 −1.45
Temperate Coniferous Forests 35375 6409 18.1 356 1.0 2.78
Temperate Grasslands, Savannas, and

Shrublands
35582 12092 34.0 672 1.9 −3.09

Total 904551 105349 11.6 5853 0.6 0.65
USA
Boreal Forests/Taiga 39338 4642 11.8 258 0.7 −0.48
Mediterranean Forests, Woodlands, and

Scrub
4154 1423 34.3 79 1.9 6.12

Temperate Broadleaf and Mixed Forests 161085 2410 1.5 134 0.1 0.47
Temperate Coniferous Forests 106783 11422 10.7 635 0.6 3.89
Temperate Grasslands, Savannas, and

Shrublands
25800 1633 6.3 91 0.4 3.53

Total 337159 21530 6.4 1196 0.4 0.43
All Biomes
Boreal Forests/Taiga 1129646 92341 8.2 5130 0.5 1.38
Mediterranean Forests, Woodlands, and

Scrub
60492 9684 16.0 538 0.9 −0.08

Montane Grasslands and Shrublands 10953 968 8.8 54 0.5 −0.29
Temperate Broadleaf and Mixed Forests 490212 41226 8.4 2290 0.5 −2.04
Temperate Coniferous Forests 236540 22237 9.4 1235 0.5 4.34
Temperate Grasslands, Savannas, and

Shrublands
82811 14743 17.8 819 1.0 −1.66

Overall Total 2010654 181198 9.0 10067 0.5 1.52
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determine whether each 3-year period in each country-biome was sig-
nificantly different (α = 0.05) than the country-biome as a whole;
significant periods are marked with dots in Fig. 7.

4. Discussion

Using a range of freely available spatial products, coupled with the
computing power of Google Earth Engine, we explored fire disturbance
and forest recovery trends across 2 billion ha of temperate and boreal

Fig. 2. Area burned by fires between 2001 and 2018, as detected by the MODIS burned area product (MCD64A1). Also shown are country averages (dashed grey line)
and Theil-Sen slopes (solid black line). Note that the scales on the y-axis are different.

Fig. 3. Average fire size (ha), between 2001 and 2018, as detected by the MODIS burned area product (MCD64A1), divided by country, biome and into three-year
periods. Note that data is only displayed for cases with at least 4 time-periods which each contain at least 50 fires.
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forests over the last 18 years. Although 18 years is a short period for
examining trends in fire behaviour, we demonstrate a workflow that
could be incorporated into national reporting frameworks to monitor
forests in a systematic way, especially as more data become available in
coming years. These methods, which make use of the consistent and

repeatable nature of satellites, have advantages over the ad hoc mon-
itoring and reporting practices currently used in many jurisdictions. By
measuring the same metrics with consistent data and processes over
time, the resulting trends are more likely to reflect actual changes ra-
ther than changes in measurement practices.

Fig. 4. Violin plots of Landsat-based samples, showing the change in NBR (multiplied by 1000), divided by country and biome.

Fig. 5. Average change in NBR (multiplied by 1000), divided by country, biome and into three-year periods for 2001-2018. Note that lines are shown only where
samples were at least 100 and dots mark periods where the sample was significantly different than the population (Mann-Whitney, α = 0.05).
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Using the MODIS burned area product, we found that boreal and
temperate forests (as intersected with the Hansen forest mask), show an
increasing trend in area burned across the study area. However, the 1.5
% yr−1 trend over the 18 years was not considered significant (α =
0.05). Giglio et al. (2013) recently reported that overall, global burned
areas (forest and non-forest) had slightly decreased over the past two
decades. However, decreased fire activity is not uniformly distributed
across the globe. Dennison et al. (2014), for example, found that the
occurrence of large fires (> 405 ha) in the western USA had increased

significantly from 1984-2011. McCullough et al. (2019) also report that
wildfires are becoming larger and more frequent across much of the
USA. In our assessment, a significant (α = 0.05) increasing trend was
found in only one case: Mediterranean Forests, Woodlands and Scrub in
Chile (8.9 % yr−1, p = 0.02). Other substantial (but not significant at α
= 0.05) trends were observed, including Temperate Coniferous Forests
in Canada (4.9 % yr−1, p = 0.07) and the USA (3.9 % yr−1, p = 0.06).
A significant decreasing trend was seen in Temperate Broadleaf and
Mixed Forests in China (-2.2 % yr−1, p = 0.02). By biome, the greatest

Fig. 6. Violin plots of Landsat-based samples, showing spectral recovery, divided by country and biome.

Fig. 7. Average percent of spectral recovery after five years, divided by country, biome and into three-year periods for 2001-2009. Note that lines are shown only
where samples were at least 100 and dots represent periods where the sample was significantly different than the population (Mann-Whitney, α = 0.05).
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trend was found in Temperate Coniferous Forests (4.3 % yr−1, p =
0.07). A slight increase (1.4 % yr−1, p = 0.33) was seen in Boreal
Forests/Taiga, while the other four biomes all showed slight decreasing
trends.

The unpredictable nature of fire naturally leads to large year-on-
year variations in area burned. Our results showed that in Australia, for
example, the average area of forest burned was approximately 1.7 %,
three times more than the next highest country (Russia, with 0.6 %).
However, in Australia, 25 % of the total area burned was from one year
alone (2003). Large variations were found to a greater or lesser degree
in all regions (Fig. 2). In many parts of the world, it is difficult to de-
termine the main drivers influencing fire activity. Aggressive fire sup-
pression capabilities and policies (North et al., 2015), along with stra-
tegies such as prescribed burning (Cheal, 2012) and advanced fire
detection systems (Wickramasinghe et al., 2016), may be preventing
large fires from eventuating, even though more humans living in the
rural-urban interface often leads to more ignitions (Mann et al., 2016).

It is difficult to compare our results to published reports. As dis-
cussed in the introduction, reported figures are often compiled from
multiple sources (derived from different data sources and methodolo-
gies) and reported at whole of country levels. In this study, we limited
the scope to burned forests in temperate and boreal areas, as indicated
by the WWF biomes, which only cover parts of certain countries. In
Australia, for example, the amount of burned area in the northern
tropical and subtropical forests dwarfs that in the temperate regions,
but the impact of southern fires may be more concerning, due to their
irregularity and severity. Perhaps the most similar area-based study at a
country level is that of Coops et al. (2018), who explored wildfire trends
across Canada with Landsat derived disturbance layers. The authors
found increasing trends in some areas (e.g., Montane Cordillera) and
decreasing trends in others (e.g., Atlantic Maritime). Interestingly, the
average annual burned area in Canada stated by Coops et al. (2018) was
1.65 Mha yr−1, which is close to our figure of 1.73 Mha yr−1. Our
results showed that 97 % of the area burned in Canada was from fires
greater than 200 ha, which is the same figure that Stocks et al. (2003)
arrived at 15 years ago. A similar assessment was made by North et al.
(2015) in the USA, who reported that 97 % of burned area was from
fires greater than 120 ha. However, in the study by Coops et al. (2018)

the authors calculated that only 63 % of the area burned was from
patches greater than 200 ha. The discrepancy could be due to the dif-
ferences between the Landsat and MODIS sensors. For example, a single
patch in the MODIS data may present as several smaller patches in the
Landsat data, because of the different temporal and spatial resolutions.
The most recent iteration of the MODIS burned area product is more
accurate than previous versions (Giglio et al., 2018). Nonetheless, it still
likely underestimates fires in some areas (e.g., closed canopy forests)
and overestimates in others (e.g., patchy forests) (Soto-Berelov et al.,
2018). However, we argue that by consistently measuring the same
metrics over time, overall trends will have increased accuracy, even if
individual time-points suffer from systematic or random inaccuracies.

In some respects, the novelty of this study centres around using
MODIS data to inform a selection of pixels for the Landsat-based sam-
pling. Although other authors have used MODIS products for stratifi-
cation to select Landsat scenes (e.g. Boschetti et al., 2016), to our
knowledge, the use of MODIS data to select individual Landsat pixels is
not common practice. In fact, such an approach would be largely un-
achievable without high performance computing platforms such as
GEE. Our study areas covered over 3000 individual Landsat scenes.
Conservative estimates of three images contributing to each yearly
composite (1991 onwards) means that over 250,000 Landsat individual
images were used in the analysis. The objective of the sampling process
was to develop a large reference dataset of fire-effected Landsat pixels,
without the need for copious manual interpretation. With this in mind,
we looked for pixels that appeared burned in both MODIS and Landsat.
The proportion of pixels that met both requirements ranged from 30 %
in China to 60 % in Australia and Canada. However, we cannot equate
the discrepancies to being commission errors in MODIS, as they could
be due to various reasons, such as different spatial resolutions and the
use of annual Landsat composites versus daily MODIS data. In the case
of China and Russia, missing data in the Landsat record also limited the
number of positive matches.

Our results comparing dNBR across the different countries showed
similar patterns across biomes (Fig. 4). As previously noted, dNBR is not
an ideal measure of fire severity and is typically used in conjunction
with field data to determine severity levels. Recently, Kolden et al.
(2015) highlighted several limitations in using NBR to assess fire

Fig. 8. Percent of spectral recovery five years post-fire, based on a sample of Landsat pixels across North America and Australia.
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severity. In our study, steps were taken to address some of these
shortcomings. Firstly, we re-state that almost half the world’s forests
were sampled in this work. Therefore, using offset values from nearby
unburned forest, as suggested by Kolden et al. (2015), was considered
impractical. However, phenological inconsistences were addressed
through the compositing procedure and by using the mean pixel-value
of the 10 years prior to each fire to represent pre-fire conditions. Other
criticisms of fire severity mapping focus on class allocation (e.g., high,
medium, low), which is subject to human interpretation. We did not
classify dNBR values, as this is unnecessary for examining trends. Far
more important is considering the dNBR values in relation to their
environment (i.e., forest type), which we addressed by using WWF
biomes. These extremely broad biomes were used to demonstrate our
methods and explore large-scale trends. However, many countries have
more precise bioregion data, which would undoubtedly be more ap-
propriate for national monitoring and reporting.

We acknowledge that our fire severity measurements are unlikely to
satisfy the local needs of fire ecologists. However, these methods pro-
vide insights at landscape and regional scales, which can inform na-
tional reporting and highlight areas that warrant further attention. By
measuring the dNBR metric over time, in the same location and forest
type, trends may emerge, which could indicate that forest resilience is
being threatened. To date, few studies have specifically examined this.
In a recent review, Doerr and Santı (2016) list small studies in the USA,
which did not find any broad trends. Likewise, our results did not find
substantial changes in fire severity over time, although the period is
perhaps too short for trends to emerge. A positive trend in dNBR was
observed in the Russian taiga, which suggests that in recent years, fire
severity may have been greater than earlier years. Continuing to
monitor dNBR (or variations of) in a systematic way over the coming
decades may reveal trends in future.

It is largely accepted that climate change will alter fire regimes, and
the capacity of forests to recover, worldwide (Enright et al., 2015).
However, the effects are likely to be complex. For example, warmer
weather may extend growing seasons in some areas, while restricting
growth in others. Increased droughts may reduce fuel loads, while si-
multaneously making existing fuels more flammable (MIG and NFISC,
2013). Some have suggested that higher carbon dioxide levels can in-
crease growth (CO2 fertilization); however, other factors, such as water
availability, are thought to exert far more influence (Appenzeller,
2015). In addition, in some areas active forest management is practiced,
while in more remote areas, forests are largely left untended. All of
these factors make the assessment of forest recovery, especially in terms
of health and resilience, difficult. In addition, as noted in the in-
troduction, the point where a forest is considered ‘recovered’ is largely
dependent on one’s point of view. Our broad-scale assessment of forest
recovery, based on the percent of spectral recovery five years after fire
(Kennedy et al., 2012), showed similarities and differences across
countries. Temperate Broadleaf and Mixed forests, which occur in all
six countries and in Europe, indicated fast rates of spectral recovery,
with many pixels ‘fully’ recovered after five years. In contrast, tempe-
rate coniferous and boreal forests showed a slower rate of recovery. In
the boreal forests of Canada and Alaska, and the taiga in Russia, pat-
terns of recovery were quite similar, with an average recovery indicator
of around 60 %; this is perhaps unsurprising, given their latitudinal
similarities. The relationship between location and recovery can clearly
be seen in the spatial patterns in Fig. 8.

Our assessment of recovery rates across 12 years produced some
interesting results. In particular, increasing recovery rates over time
were observed in the temperate forest categories in the USA, and to a
lesser degree, coniferous forests in Canada. In contrast, the Temperate
Broadleaf and Mixed Forests in Russia showed a negative trend, in-
dicating slower rates of recovery after more recent fires. Changes to
spectral recovery rates may reflect changes in forest composition. In the
boreal forests of Canada, for example, recent studies have found that,
following wildfires, black spruce has been replaced by aspen and birch;
to a satellite these deciduous trees appear brighter (Appenzeller, 2015).
Although Landsat time series only offers a spectral view of forest re-
covery, it can potentially highlight areas where recovery rates are
changing, and thus provide valuable information from a landscape
monitoring perspective. In fact, spectral recovery may be a more rea-
listic measure of the fire impacts than dNBR, and therefore could be a
better surrogate for fire severity. Alternatively, there may be an op-
portunity to use both dNBR and a recovery indicator as a more holistic
measure of fire severity. Further research opportunities exist in this
area.

5. Conclusions

In this paper, a methodical approach was used to estimate large-area
trends in fire disturbance and forest recovery using freely available
satellite data in a cloud computing environment. The techniques de-
monstrated here are a cost-effective means to produce baseline data at
regional and national scales, to explore trends and patterns. As pointed
out by Coops et al. (2018), remote sensing data should complement (not
replace) existing fire databases, which provide a range of valuable in-
formation, including causal agent, suppression efforts, etc. The ap-
proach outlined here can be used to improve monitoring and reporting
on key forest indicators, which in turn can lead to more informed
management strategies and a greater understanding of the essential and
inevitable role that fire plays in many ecosystems.
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Appendix A

Table A1

Table A1
Forest area burned by fires greater than 200 ha, per country and biome in the period 2001–2018, as detected by the MODIS burned area product (MCD64A1).

Country / Biome Area Burned ('000
ha)

Area Burned by Fires > 200 ha
('000 ha)

% burned > 200 ha Total No. Fires No. Large Fires (> 200
ha)

Australia
Mediterranean Forests, Woodlands, and Scrub 4984 4693 94.2 13644 1538
Montane Grasslands and Shrublands 893 884 99.1 342 75
Temperate Broadleaf and Mixed Forests 7070 6554 92.7 19101 2669
Temperate Grasslands, Savannas, and

Shrublands
426 389 91.3 2350 99

Total 13373 12520 93.6 35437 4381
Canada
Boreal Forests/Taiga 27065 26444 97.7 23228 5379
Temperate Broadleaf and Mixed Forests 361 340 94.1 720 109
Temperate Coniferous Forests 3271 3092 94.5 5462 930
Temperate Grasslands, Savannas, and

Shrublands
420 282 67.1 7417 276

Total 31117 30157 96.9 36827 6694
Chile
Mediterranean Forests, Woodlands, and Scrub 410 243 59.3 7156 306
Temperate Broadleaf and Mixed Forests 676 609 90.1 2280 256
Total 1086 852 78.4 9436 562
China
Montane Grasslands and Shrublands 21 11 53.9 513 20
Temperate Broadleaf and Mixed Forests 2877 2038 70.9 39629 2172
Temperate Coniferous Forests 1135 861 75.9 10620 862
Temperate Grasslands, Savannas, and

Shrublands
172 89 51.8 4395 140

Total 4204 2999 71.3 55157 3194
Europe
Mediterranean Forests, Woodlands, and Scrub 2867 2343 81.7 21182 2025
Temperate Broadleaf and Mixed Forests 1673 1109 66.3 21706 1558
Total 4540 3452 76.0 42888 3583
Russia
Boreal Forests/Taiga 60634 55064 90.8 207294 26811
Montane Grasslands and Shrublands 54 42 78.6 490 73
Temperate Broadleaf and Mixed Forests 26160 20762 79.4 248771 13740
Temperate Coniferous Forests 6409 5811 90.7 21909 2916
Temperate Grasslands, Savannas, and

Shrublands
12092 7483 61.9 242559 8217

Total 105349 89162 84.6 721023 51757
USA
Boreal Forests/Taiga 4642 4240 91.3 16102 1347
Mediterranean Forests, Woodlands, and Scrub 1423 1344 94.5 3845 381
Temperate Broadleaf and Mixed Forests 2410 1530 63.5 35691 2219
Temperate Coniferous Forests 11422 9904 86.7 48991 6623
Temperate Grasslands, Savannas, and

Shrublands
1633 813 49.8 40594 1301

Total 21530 17831 82.8 145223 11871
All Biomes
Boreal Forests/Taiga 92341 85748 92.9 246624 33537
Mediterranean Forests, Woodlands, and Scrub 9684 8623 89.0 45827 4250
Montane Grasslands and Shrublands 968 938 97.0 1345 168
Temperate Broadleaf and Mixed Forests 41226 32942 79.9 367898 22723
Temperate Coniferous Forests 22237 19667 88.4 86982 11331
Temperate Grasslands, Savannas, and

Shrublands
14743 9056 61.4 297315 10033

Overall Total 181198 156974 86.6 1045991 82042

S. Hislop, et al. Int J Appl  Earth Obs Geoinformation 87 (2020) 102034

12



References

Appenzeller, T., 2015. The new north. Science (80-) 349, 806–809. https://doi.org/10.
1126/science.349.6250.806.

Bartels, S.F., Chen, H.Y.H., Wulder, M.A., White, J.C., 2016. Trends in post-disturbance
recovery rates of Canada’s forests following wildfire and harvest. For. Ecol. Manage.
361, 194–207. https://doi.org/10.1016/j.foreco.2015.11.015.

Boschetti, L., Roy, D.P., Giglio, L., Huang, H., Zubkova, M., Humber, M.L., 2019. Global
validation of the collection 6 MODIS burned area product. Remote Sens. Environ.
235, 111490. https://doi.org/10.1016/j.rse.2019.111490.

Boschetti, L., Stehman, S.V., Roy, D.P., 2016. A stratified random sampling design in
space and time for regional to global scale burned area product validation. Remote
Sens. Environ. 186, 465–478. https://doi.org/10.1016/j.rse.2016.09.016.

Bowman, D.M.J.S., Balch, J.K., Artaxo, P., Bond, W.J., Carlson, J.M., Cochrane, M.A.,
Antonio, C.M.D., Defries, R.S., Doyle, J.C., Harrison, S.P., Johnston, F.H., Keeley, J.E.,
Krawchuk, M.A., 2010. Fire in the earth system. Science (80-) 481, 481–485. https://
doi.org/10.1126/science.1163886.

Cheal, D., 2012. A biological basis for planned burning. Proc. R. Soc. Victoria 124, 7–19.
https://doi.org/10.1071/RS12007.

Cocke, A.E., Fulé, P.Z., Crouse, J.E., 2005. Comparison of burn severity assessments using
differenced normalized burn ratio and ground data. Int. J. Wildl. Fire 14, 189.
https://doi.org/10.1071/WF04010.

Collins, L., Griffioen, P., Newell, G., Mellor, A., 2018. The utility of Random Forests for
wildfire severity mapping. Remote Sens. Environ. 216, 374–384. https://doi.org/10.
1016/j.rse.2018.07.005.

Coops, N.C., Hermosilla, T., Wulder, M.A., White, J.C., Bolton, D.K., 2018. A thirty year,
fine-scale, characterization of area burned in Canadian forests shows evidence of
regionally increasing trends in the last decade. PLoS One 13, 1–19. https://doi.org/
10.1371/journal.pone.0197218.

Dennison, P.E., Brewer, S.C., Arnold, J.D., Moritz, M.A., 2014. Large wildfire trends in the
western United States, 1984–2011. Geophys. Res. Lett. 2928–2933. https://doi.org/
10.1002/2014GL059576.Received.

Doerr, S.H., Santı, C., 2016. Global trends in wildfire and its impacts: perceptions versus
realities in a changing world. Philos. Trans. B. https://doi.org/10.1098/rstb.2015.
0345.

Eidenshink, J., Schwind, B., Brewer, K., Zhu, Z., Quayle, B., Howard, S., 2007. A project
for monitoring trends in burn severity. Fire Ecol. 3, 3–21. https://doi.org/10.4996/
fireecology.0301003.

Enright, N.J., Fontaine, J.B., Bowman, D.M.J.S., Bradstock, R.A., Williams, R.J., 2015.
Interval squeeze: altered fire regimes and demographic responses interact to threaten
woody species persistence as climate changes. Front. Ecol. Environ. 13, 265–272.
https://doi.org/10.1890/140231.

Escuin, S., Navarro, R., Fernández, P., 2008. Fire severity assessment by using NBR
(Normalized Burn Ratio) and NDVI (Normalized Difference Vegetation Index) de-
rived from LANDSAT TM/ETM images. Int. J. Remote Sens. 29, 1053–1073. https://
doi.org/10.1080/01431160701281072.

Flood, N., 2013. Seasonal composite landsat TM/ETM+ Images using the medoid (a
multi-dimensional median). Remote Sens. (Basel) 5, 6481–6500. https://doi.org/10.
3390/rs5126481.

Food and Agriculture Organization of the United Nations (FAO), 2016. FRA 2015 Process
Document. Forest Resources Assessment Working Paper, pp. 186.

Gauthier, S., Bernier, P., Kuuluvainen, T., Shvidenko, A.Z., Schepaschenko, D.G., 2015.
Boreal forest health and global change. Science (80-) 349, 819–822. https://doi.org/
10.1126/science.aaa9092.

Giglio, L., Boschetti, L., Roy, D.P., Humber, M.L., Justice, C.O., 2018. The Collection 6
MODIS burned area mapping algorithm and product. Remote Sens. Environ. 217,
72–85. https://doi.org/10.1016/j.rse.2018.08.005.

Giglio, L., Randerson, J.T., van der Werf, G.R., 2013. Analysis of daily, monthly, and
annual burned area using the fourth-generation global fire emissions database
(GFED4). J. Geophys. Res. Biogeosci. 118, 317–328. https://doi.org/10.1002/jgrg.
20042.

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., Moore, R., 2017. Google
earth engine: planetary-scale geospatial analysis for everyone. Remote Sens. Environ.
202, 18–27. https://doi.org/10.1016/j.rse.2017.06.031.

Hansen, M.C., Potapov, P.V., Moore, R., Hancher, M., Turubanova, S.A., Tyukavina, A.,
Thau, D., Stehman, S.V., Goetz, S.J., Loveland, T.R., Kommareddy, A., Egorov, A.,
Chini, L., Justice, C.O., Townshend, J.R.G., 2013. High-resolution global maps of
21st-century forest cover change. Science (80-.). 342, 850–853. https://doi.org/10.
1126/science.1244693.

Haywood, A., Verbesselt, J., Baker, P.J., 2016. Mapping disturbance dynamics in wet
sclerophyll forests using time series landsat. ISPRS - International Archives of the
Photogrammetry, Remote Sensing and Spatial Information Sciences XLI-B8 633–641.
https://doi.org/10.5194/isprsarchives-XLI-B8-633-2016.

Hermosilla, T., Wulder, M.A., White, J.C., Coops, N.C., Hobart, G.W., 2015. An integrated
Landsat time series protocol for change detection and generation of annual gap-free
surface reflectance composites. Remote Sens. Environ. 158, 220–234. https://doi.
org/10.1016/j.rse.2014.11.005.

Hislop, S., Jones, S., Soto-Berelov, M., Skidmore, A., Haywood, A., Nguyen, T.H., 2018.
Using Landsat spectral indices in time-series to assess wildfire disturbance and re-
covery. Remote Sens. 10, 1–17. https://doi.org/10.3390/rs10030460.

Jolly, W.M., Cochrane, M.A., Freeborn, P.H., Holden, Z.A., Brown, T.J., Williamson, G.J.,
Bowman, D.M.J.S., 2015. Climate-induced variations in global wildfire danger from
1979 to 2013. Nat. Commun. 6, 1–11. https://doi.org/10.1038/ncomms8537.

Keeley, J.E., 2009. Fire intensity, fire severity and burn severity: a brief review and
suggested usage. Int. J. Wildl. Fire 18, 116–126. https://doi.org/10.1071/WF07049.

Kennedy, R.E., Andréfouët, S., Cohen, W., Gómez, C., Griffiths, P., Hais, M., Healey, S.P.,
Helmer, E.H., Hostert, P., Lyons, M.B., Meigs, G.W., Pflugmacher, D., Phinn, S.R.,
Powell, S.L., Scarth, P., Sen, S., Schroeder, T.A., Schneider, A., Sonnenschein, R.,
Vogelmann, J.E., Wulder, M.A., Zhu, Z., 2014. Bringing an ecological view of change
to Landsat-based remote sensing. Front. Ecol. Environ. 12, 339–346. https://doi.org/
10.1890/130066.

Kennedy, R.E., Yang, Z., Cohen, W., Pfaff, E., Braaten, J., Nelson, P., 2012. Spatial and
temporal patterns of forest disturbance and regrowth within the area of the
Northwest Forest Plan. Remote Sens. Environ. 122, 117–133. https://doi.org/10.
1016/j.rse.2011.09.024.

Kennedy, R.E., Yang, Z., Gorelick, N., Braaten, J., Cavalcante, L., Cohen, W.B., Healey, S.,
2018. Implementation of the LandTrendr algorithm on google earth engine. Remote
Sens. 10, 691. https://doi.org/10.3390/RS10050691. 10, 691. 2018.

Key, C.H., Benson, N.C., 2006. Landscape assessment: sampling and analysis methods. In:
Lutes, D.C. (Ed.), FIREMON: Fire Effects Monitoring and Inventory System, General
Technical Report. RMRS-GTR-164-CD, pp. LA1–LA51.

Kolden, C.A., Smith, A.M.S., Abatzoglou, J.T., 2015. Limitations and utilisation of
Monitoring Trends in Burn Severity products for assessing wildfire severity in the
USA. Int. J. Wildl. Fire 24, 1023–1028. https://doi.org/10.1071/WF15082.

Mann, M.L., Batllori, E., Moritz, M.A., Waller, E.K., Berck, P., Flint, L., Flint, L.E., Dolfi, E.,
2016. Incorporating anthropogenic influences into fire probability models : effects of
human activity and climate change on fire activity in California. PLoS One 1–21.
https://doi.org/10.1371/journal.pone.0153589.

Marchetto, A., 2017. rkt: Mann-Kendall Test. Seasonal and Regional Kendall Tests.
Masek, J., Vermote, E.F., Saleous, N., Wolfe, R., Hall, F.G., Huemmrich, F., Gao, F., Kutler,

J., Lim, T.K., 2013. LEDAPS calibration, reflectance, atmospheric correction pre-
processing code, version 2. Oak Ridge Natl. Lab. Distrib. Act. Arch. Cent. https://doi.
org/10.3334/ORNLDAAC/1146.

McCullough, I., Spence Cheruvelil, K., Lapierre, J.-F., Lottig, N., Moritz, M., Stachelek,
J.J., Soranno, P.A., 2019. Do lakes feel the burn? Ecological consequences of in-
creasing exposure of lakes to fire in the continental US. Glob. Chang. Biol.
2841–2854. https://doi.org/10.1111/gcb.14732.

Millar, C.I., Stephenson, N.L., 2015. Temperate forest health in an era of emerging
megadisturbance. Science (80-.). 349, 823–826. https://doi.org/10.1126/science.
aaa9933.

Miller, J.D., Thode, A.E., 2007. Quantifying burn severity in a heterogeneous landscape
with a relative version of the delta Normalized Burn Ratio (dNBR). Remote Sens.
Environ. 109, 66–80. https://doi.org/10.1016/j.rse.2006.12.006.

Montréal Process, 2009. Criteria and Indicators for the Conservation and Sustainable
Management of Temperate and Boreal Forests, third ed. pp. 100.

Montreal Process Implementation Group for Australia and National Forest Inventory
Steering Committee, 2018. Australia’s State of the Forests Report 2018. Canberra.

Montreal Process Implementation Group for Australia and National Forest Inventory
Steering Committee, 2013. Australia’s State of the Forests Report 2013. ABARES,
Canberra.

Moritz, M.A., Batllori, E., Bradstock, R.A., Gill, A.M., Handmer, J., Hessburg, P.F.,
Leonard, J., McCaffrey, S., Odion, D.C., Schoennagel, T., Syphard, A.D., 2014.
Learning to coexist with wildfire. Nature 515, 58–66. https://doi.org/10.1038/
nature13946.

North, B.M.P., Stephens, S.L., Collins, B.M., Agee, J.K., Aplet, G., Franklin, J.F., Fulé, P.Z.,
2015. Reform forest fire management. Science (80-) 349, 1280–1281. https://doi.
org/10.1126/science.aab2356.

Olson, D.M., Dinerstein, E., Wikramanayake, E.D., Burgess, N.D., Powell, G.V.N.,
Underwood, E.C., Amico, J.A.D., Itoua, I., Strand, H.E., Morrison, J.C., Loucks, J.,
Allnutt, T.F., Ricketts, T.H., Kura, Y., Lamoreux, J.F., Wesley, W., Hedao, P., Kassem,
K.R., 2001. Terrestrial Ecoregions of the World: A New Map of Life on Earth 51,
933–938.

Paganini, M., Petiteville, I., Ward, S., Dyke, G., Steventon, M., Harry, J., Kerblat, Flora,
2018. Satellite Earth Observations in Support of the Sustainable Development Goals.

Parks, S.A., Dillon, G.K., Miller, C., 2014. A new metric for quantifying burn severity: the
relativized burn ratio. Remote Sens. (Basel) 1827–1844. https://doi.org/10.3390/
rs6031827.

Pickell, P.D., Coops, N.C., Ferster, C.J., Bater, C.W., Karen, D., Flannigan, M.D., Zhang, J.,
2017. An early warning system to forecast the close of the spring burning window
from satellite-observed greenness. Sci. Rep. 1–10. https://doi.org/10.1038/s41598-
017-14730-0.

R Core Team, 2017. R: A Language and Environment for Statistical Computing.
Roy, D.P., Boschetti, L., Trigg, S.N., 2006. Remote sensing of fire severity: assessing the

performance of the normalized burn ratio. IEEE Geosci. Remote Sens. Lett. 3,
112–116. https://doi.org/10.1109/LGRS.2005.858485.

Roy, D.P., Kovalskyy, V., Zhang, H.K., Vermote, E.F., Yan, L., Kumar, S.S., Egorov, A.,
2016. Characterization of Landsat-7 to Landsat-8 reflective wavelength and nor-
malized difference vegetation index continuity. Remote Sens. Environ. 185, 57–70.
https://doi.org/10.1016/j.rse.2015.12.024.

Senf, C., Pflugmacher, D., Zhiqiang, Y., Sebald, J., Knorn, J., Neumann, M., Hostert, P.,
Seidl, R., 2018. Canopy mortality has doubled in Europe’s temperate forests over the
last three decades. Nat. Commun. 9, 4978. https://doi.org/10.1038/s41467-018-
07539-6.

Smith, A.M.S., Sparks, A.M., Kolden, C.A., Abatzoglou, J.T., Talhelm, A.F., Johnson, D.M.,
Boschetti, L., Lutz, J.A., Apostol, K.G., Yedinak, K.M., Tinkham, W.T., Kremens, R.J.,
2016. Towards a new paradigm in fire severity research using dose-response ex-
periments. Int. J. Wildl. Fire 25, 158–166. https://doi.org/10.1071/WF15130.

Soto-Berelov, M., Jones, S.D., Clarke, E., Reddy, S., Gupta, V., Felipe, M.L.C., 2018.
Assessing two large area burnt area products across Australian southern forests. Int. J.
Remote Sens. 39, 879–905. https://doi.org/10.1080/01431161.2017.1392638.

Stocks, B.J., Mason, J.A., Todd, J.B., Bosch, E.M., Wotton, B.M., Amiro, B.D., Flannigan,

S. Hislop, et al. Int J Appl  Earth Obs Geoinformation 87 (2020) 102034

13

https://doi.org/10.1126/science.349.6250.806
https://doi.org/10.1126/science.349.6250.806
https://doi.org/10.1016/j.foreco.2015.11.015
https://doi.org/10.1016/j.rse.2019.111490
https://doi.org/10.1016/j.rse.2016.09.016
https://doi.org/10.1126/science.1163886
https://doi.org/10.1126/science.1163886
https://doi.org/10.1071/RS12007
https://doi.org/10.1071/WF04010
https://doi.org/10.1016/j.rse.2018.07.005
https://doi.org/10.1016/j.rse.2018.07.005
https://doi.org/10.1371/journal.pone.0197218
https://doi.org/10.1371/journal.pone.0197218
https://doi.org/10.1002/2014GL059576.Received
https://doi.org/10.1002/2014GL059576.Received
https://doi.org/10.1098/rstb.2015.0345
https://doi.org/10.1098/rstb.2015.0345
https://doi.org/10.4996/fireecology.0301003
https://doi.org/10.4996/fireecology.0301003
https://doi.org/10.1890/140231
https://doi.org/10.1080/01431160701281072
https://doi.org/10.1080/01431160701281072
https://doi.org/10.3390/rs5126481
https://doi.org/10.3390/rs5126481
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0080
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0080
https://doi.org/10.1126/science.aaa9092
https://doi.org/10.1126/science.aaa9092
https://doi.org/10.1016/j.rse.2018.08.005
https://doi.org/10.1002/jgrg.20042
https://doi.org/10.1002/jgrg.20042
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1126/science.1244693
https://doi.org/10.1126/science.1244693
https://doi.org/10.5194/isprsarchives-XLI-B8-633-2016
https://doi.org/10.1016/j.rse.2014.11.005
https://doi.org/10.1016/j.rse.2014.11.005
https://doi.org/10.3390/rs10030460
https://doi.org/10.1038/ncomms8537
https://doi.org/10.1071/WF07049
https://doi.org/10.1890/130066
https://doi.org/10.1890/130066
https://doi.org/10.1016/j.rse.2011.09.024
https://doi.org/10.1016/j.rse.2011.09.024
https://doi.org/10.3390/RS10050691
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0150
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0150
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0150
https://doi.org/10.1071/WF15082
https://doi.org/10.1371/journal.pone.0153589
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0165
https://doi.org/10.3334/ORNLDAAC/1146
https://doi.org/10.3334/ORNLDAAC/1146
https://doi.org/10.1111/gcb.14732
https://doi.org/10.1126/science.aaa9933
https://doi.org/10.1126/science.aaa9933
https://doi.org/10.1016/j.rse.2006.12.006
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0190
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0190
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0195
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0195
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0200
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0200
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0200
https://doi.org/10.1038/nature13946
https://doi.org/10.1038/nature13946
https://doi.org/10.1126/science.aab2356
https://doi.org/10.1126/science.aab2356
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0215
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0215
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0215
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0215
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0215
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0220
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0220
https://doi.org/10.3390/rs6031827
https://doi.org/10.3390/rs6031827
https://doi.org/10.1038/s41598-017-14730-0
https://doi.org/10.1038/s41598-017-14730-0
http://refhub.elsevier.com/S0303-2434(19)31069-4/sbref0235
https://doi.org/10.1109/LGRS.2005.858485
https://doi.org/10.1016/j.rse.2015.12.024
https://doi.org/10.1038/s41467-018-07539-6
https://doi.org/10.1038/s41467-018-07539-6
https://doi.org/10.1071/WF15130
https://doi.org/10.1080/01431161.2017.1392638


M.D., Hirsch, K.G., Logan, K.A., Martell, D.L., Skinner, W.R., 2003. Large forest fires
in Canada 1959–1997. https://doi.org/10.1029/2001JD000484. 108.

Thom, D., Seidl, R., 2016. Natural disturbance impacts on ecosystem services and bio-
diversity in temperate and boreal forests. Biol. Rev. 91, 760–781. https://doi.org/10.
1111/brv.12193.

Vermote, E., Justice, C., Claverie, M., Franch, B., 2016. Preliminary analysis of the per-
formance of the Landsat 8 / OLI land surface reflectance product. Remote Sens.
Environ. 185, 46–56. https://doi.org/10.1016/j.rse.2016.04.008.

White, J.C., Saarinen, N., Kankare, V., Wulder, M.A., Hermosilla, T., Coops, N.C., Pickell,
P.D., Holopainen, M., Hyyppä, J., Vastaranta, M., 2018. Confirmation of post-harvest
spectral recovery from Landsat time series using measures of forest cover and height
derived from airborne laser scanning data. Remote Sens. Environ. 216, 262–275.
https://doi.org/10.1016/j.rse.2018.07.004.

White, J.C., Wulder, M.A., Hermosilla, T., Coops, N.C., Hobart, G.W., 2017. A nationwide
annual characterization of 25 years of forest disturbance and recovery for Canada
using landsat time series. Remote Sens. Environ. 194, 303–321. https://doi.org/10.
1016/j.rse.2017.03.035.

Wickramasinghe, C.H., Jones, S., Reinke, K., Wallace, L., 2016. Development of a multi-
spatial resolution approach to the surveillance of active fire lines using Himawari-8.
Remote Sens. 8, 1–13. https://doi.org/10.3390/rs8110932.

Wulder, M.A., Masek, J.G., Cohen, W.B., Loveland, T.R., Woodcock, C.E., 2012. Opening
the archive: how free data has enabled the science and monitoring promise of landsat.
Remote Sens. Environ. 122, 2–10. https://doi.org/10.1016/j.rse.2012.01.010.

Zhu, Z., Woodcock, C.E., 2012. Object-based cloud and cloud shadow detection in
Landsat imagery. Remote Sens. Environ. 118, 83–94. https://doi.org/10.1016/j.rse.
2011.10.028.

S. Hislop, et al. Int J Appl  Earth Obs Geoinformation 87 (2020) 102034

14

https://doi.org/10.1029/2001JD000484
https://doi.org/10.1111/brv.12193
https://doi.org/10.1111/brv.12193
https://doi.org/10.1016/j.rse.2016.04.008
https://doi.org/10.1016/j.rse.2018.07.004
https://doi.org/10.1016/j.rse.2017.03.035
https://doi.org/10.1016/j.rse.2017.03.035
https://doi.org/10.3390/rs8110932
https://doi.org/10.1016/j.rse.2012.01.010
https://doi.org/10.1016/j.rse.2011.10.028
https://doi.org/10.1016/j.rse.2011.10.028

	A satellite data driven approach to monitoring and reporting fire disturbance and recovery across boreal and temperate forests
	Introduction
	Materials and methods
	Study areas
	Burned areas and number of fires
	Sampling strategy used for Landsat pixels
	Landsat composites and time series extraction
	Filtering the pixel samples
	Calculating fire severity
	Calculating forest recovery
	Quality assurance
	Assessment of results

	Results
	Burned area and number of fires
	Fire severity
	Forest recovery

	Discussion
	Conclusions
	Author statement
	mk:H1_19
	Acknowledgements
	mk:H1_21
	References




