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ABSTRACT:

Due to the high variability of biomes throughout the country, the classification of burned areas is a challenge. We calibrated a
random forest classifier to account for all this variability and ensure an accurate classification of burned areas. The classifier was
optimized in three steps, generating a version of the burned area product in each step. According to the visual assessment, the final
version of the BA product is more accurate than the perimeters created by the Chilean National Forest Corporation, which
overestimate large burned areas because it does not consider the inner unburned areas and, it omits some small burned areas. The
total burned surface from January to March 2017 was 5,000 km? in Chile, 20 % of it belonging to a single burned area in the Maule

Region, and with 91 % of the total burned surface distributed in 6 adjacent regions of Central Chile.

1. INTRODUCTION

Fires are a tremendous hazard to both natural resources and
human activities. Every year, more than 4 Mkm? (Chuvieco et
al., 2019) of land burn globally, causing significant ecological
and economic consequences, and associated climatological and
health effects as a result of fire emissions (O’Donnell et al.,
2011; Thelen et al., 2013; Van Der Werf et al., 2017). In Chile,
there has been a continuous increase in the number of fires
occurred in the country since 1975. The average annual
reported burned area was around 100.000 ha with an average
fire size of 10 ha. However, the devastating fires that affected
the Central region of Chile in 2017 marked a breaking point and
possibly signalled a change in the fire regime of the country.
More than 500.000 ha were burned, more than 1.000 homes
were consumed by the fire and 11 deaths were the tragic result
of Chile 2017 fire season.

It is expected that due to climate change Central Chile will
experience longer drought periods and higher temperatures,
which will result in dryer fuels available for burning favouring
longer and more intense fire seasons with larger and more
severe forest fires (Rogers et al., 2011). These conditions
highlight the importance of the implementation of a system to
report the area affected by forest fires accurately and in a timely
manner, so the proper forest management decisions could be
making efficiently.

In recent decades, remote sensing products have positioned as a
valuable resource to monitor Earth dynamics. In particular,
burned area estimates generated from satellite data have
provided systematic global information for ecological analysis
of fire impacts, climate, and carbon cycle models, and fire
regime studies, among many others (Beverly et al., 2011;
Canadell et al., 2010; Mouillot et al., 2014; Van Der Werf et al.,
2017). Burned area mapping from satellite images has been
performed using a broad set of methods and sensors, from
coarse to very high spatial resolution, such as Advance Very
High Resolution Radiometer (AVHRR), SPOT-VEGETATION,
MODIS, or MERIS (Alonso-Canas and Chuvieco, 2015; Oliva
et al., 2011; Roy et al., 2005; Silva et al., 2005; Tansey et al.,
2008; Zhang et al., 2003), Landsat TM, ETM and OLI
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(Bastarrika et al., 2011; Hawbaker et al., 2017; Koutsias and
Karteris, 2000), Worldview or lkonos (Dragozi et al., 2014; Wu
etal., 2015).

The recent successful launches of Sentinel-2A (2015) and
Sentinel-2B (2016) marked the beginning of a new era in the
development of remotely sensed products, as the combined
detections of both satellites reduced the revisit time to 5 days. In
addition, Sentinel-2 Multispectral Imager (MSI) sensor improve
upon their predecessors by providing information at 10 and 20
m and including a wider range of spectral bands (Drusch et al.,
2012). The enhanced characteristics of Sentinel-2 MSI make the
sensor specially indicated to fill current gaps in knowledge and
improve current products. The enhanced spatial resolution of
Sentinel-2 allows a more detailed analysis of fire perimeters, as
well as a better definition of small fires (<25 ha) which will be
most likely missed in coarser resolution products (Roteta et al.,
2019).

The design of a burned area algorithm requires considering the
vast diversity of ecosystems affected by fires, since the spectral
response and the burn severity of the burned areas differ greatly
among ecosystems. That is why novel studies have explore the
use of machine learning techniques, such as Random Forest
(Ramo and Chuvieco, 2017), neural networks (Ba et al., 2019),
support vector machines (Dragozi et al., 2014) or genetic
programming (Cabral et al., 2018), or the application of object-
based analysis (Dragozi et al., 2014; Shimabukuro et al., 2015).
The most extended approaches are based on (i) using active fire
detections to guide the sample selection used to compute the
burned area statistics introduced in the algorithm (Alonso-
Canas and Chuvieco, 2015; Fraser et al., 2000; Giglio et al.,
2009; Pu et al., 2007), or (ii) applying the two-phase strategy
method which in a first instance identifies the strong burned
spectral response and in a second phase delineates the rest of
the burned area by applying contextual classifiers (Alonso-
Canas and Chuvieco, 2015; Bastarrika et al., 2011; Oliva et al.,
2011).

Due to the diverse climatic conditions, Chile has a vast diversity
of ecosystems expanding from North to South, which produces
an important variety of spectra representing burned areas and
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many other land cover classes. This creates particular conditions
for burned area algorithm generalization, making the process
very challenging. Due to the complexity in the spectral
responses of burned area we selected the Random forest method
(Breiman, 2001) to develop an automatic burned area
classification algorithm. We use random forest because of its
ability to integrate data from different sources, being insensitive
to outliers and non-normal distributions, and its efficient
computing performance. Random forest has also been used in
different areas of forest fire research, particularly for fire
regimes characterization (Archibald et al., 2009), fire
occurrence prediction (Oliveira et al., 2012), and burned area
discrimination (Ramo and Chuvieco, 2017).

In this study we analyse the application of the random forest
method for burned area discrimination in Chile. The
classification model is applied to the whole Chilean territory.
Therefore, we aim to accurately map the area affected by both
forest and agricultural fires. We explore the optimization of the
classifier calibration and analyse the effects of increasing the
variability included in the training sample to obtain the most
accurate results.

2. METHODOLOGY
2.1 Study area

Chile is a South American country located in the south-west of
the continent, between the Andes and the Pacific Ocean. It is
350 km wide from west to east in its widest point, but more than
4000 km long from north to south. Due to its length, several
biomes can be found in this country, from deserts in the north,
to Mediterranean and temperate forests in the center and
subpolar forests in the south (Olson et al., 2001). Fires are most
common in Central Chile, between latitudes 30°S and 40°S
since the Atacama Desert in the north does not contain enough
vegetation to be affected by fires, and the forests in the south
are too cold and moist to burn. In this study, only areas burned
from January to March 2017 were detected and analysed.

2.2 Sentinel-2 MSI data

In June 2015, the first of the Sentinel-2 mission satellites was
launch. The Sentinel-2A satellite provides data at 10, 20 and 60
m of spatial resolution. This satellite provided a temporal
resolution of 10 days, which was reduced to 5 days after the
launching of Sentinel-2B satellite on March 2017 established at
an complimentary orbit. However, since the period from
January to March 2017 was analysed in this study, Sentinel-2B
images were not available for most fires yet.

Input data for this BA detection was the Level-1C product,
which includes Top-Of-Atmosphere (TOA) reflectances. The
Level-2A  product with Bottom-Of-Atmosphere  (BOA)
reflectances is preferable, but in the moment of processing the
data for this study L2A products were not uploaded to GEE.
The L1C product contains 13 bands ranging from the visible
region of the spectrum to the red edge, Near Infrared (NIR) and
Short-Wavelength Infrared (SWIR) (Drusch et al., 2012). In this
study we work at 20 m spatial resolution.

2.3 Google Earth Engine

Google Earth Engine (GEE, https://earthengine.google.com/) is
a cloud-computing platform to process satellite data, developed
by Google. The platform includes access to a large database of
various satellite imagery datasets and a powerful ability of data
processing, which makes it suitable for processing large
amounts of data (otherwise too heavy to process) or for

implementing and publishing various applications to the public.
To operate efficiently with GEE the only requirement is a good
internet connexion. The GEE API is available with the
JavaScript programming language, a code editor where
algorithms are developed and a map to visualize results.

2.4 Temporal composites

Burned areas were detected analysing the spectral differences
observe on land covers after the fire, so two dates were
required: pre-fire and post-fire dates. Only areas burned in the
post-fire date that were unburned in the pre-fire date were
detected as burned. We decided to compute temporal
composites to avoid the low data availability found in South
Chile due to the frequent cloud coverage. Therefore, the pre-
and post-fire dates are not images acquired on a single date, but
temporal combination of images acquired over several months.

The post-fire composite was generated by minimizing the
Normalized Burn Ratio spectral index (NBR) (Key and Benson,
1999) over the images acquired from January 1% to March 31%
2017, covering most of the fire season. This minimization
selects burned pixels while dismissing most clouds, cloud
shadows and snow. The same minimization was applied over
the pre-fire period, corresponding to October-December 2016.

2.5 Development of the generalized Random Forest model

2.5.1 Workflow: The BA detection in this study was carried
out in three steps: 1) selecting sample dataset from different
study areas, 2) training a Generalized Random Forest (GRF)
model with these data, and 3) applying the GRF to classify BA
for all the Chilean territory. After generating a BA product, we
inspected it visually. Based on the classification errors
observed, new training sites were to improve the resulting BA
product. Three iterations were needed to optimize the final
product, thus generating three different versions, each more
accurate than the previous.

252 Training data: In each training site, burned and
unburned polygons were defined manually to train a Random
Forest model specific of each training site. A two-phase strategy
was then applied over the burn probability image obtained for
each study area. First identifying seeds with a strong burned
signal (using as threshold the minimum among the mean burn
probabilities from all training polygons) and then extending the
burned areas by applying a less strict threshold (50% burn
probability). This way, we produced reference perimeters for
every training site. From the classification of the training sites,
we randomly selected the training dataset (burned and unburned
samples) used to obtain the GRF.

Ten study areas were used for the first version (v1), located
between latitudes 33°S and 37°S where most of the 2017 fires
occurred. We sampled 1000 random points from each category
(burned and unburned) and study area, with a total of 20,000
training points for introduced in the GRF-v1 model.

In the second version (v2), we added four new training sites.
Two around latitudes 38 and 39°S, where agricultural fires are
most common and where overestimation of BA was observed.
Another around latitude 47°S to include sample points
representing the subpolar biome in the south. The last one
located between latitudes 31-32°S represented the desert from
northern Chile where we observed commission errors. More
than 27,000 points were used to train the GRF-v2 model.
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Figure 1. Comparison of different versions of the BA product (yellow line) in a sample area located in the Santiago Metropolitan
Region. The background image is the postfire image composite resulting from the combination of the available images from
January 1% to March 31,

In the third and final version (v3), eight additional training sites
were used. We distributed them throughout Chile (latitudes 30
and 50°S). The training sites were located where we observed a
higher presence of errors. Therefore, some of them did not
contain any burned area, in which case only training points for
the unburned class were sampled. With a total of 22 study areas,
the GRF model was trained with almost 40,000 sample points.

2.5.3  The generalized Random Forest model: The Random
Forest model (RF) (Breiman, 2001) for each version was
created considering 100 decision trees and a minimum of 10
leaves in every branch or node. The model was then trained
with the corresponding sampled points and a total of 27
variables:

e 9 original post-fire bands from product L1C: Blue (B2),
Green (B3), Red (B4), red edge (B5, B6, B7), NIR (B8A),
and Short and Long SWIR (B11, B12).

e 4 post-fire spectral indices: Normalized Difference
Vegetation Index (NDVI) (Rouse et al., 1974),
Normalized Burn Ratio (NBR) (Key and Benson, 1999),
Normalized Burn Ratio 2 (NBR2) (Garcia and Caselles,
1991), and Mid-Infrared Burned Index (MIRBI) (Trigg
and Flasse, 2001).

e 13 variables representing the temporal difference between
pre- to post-fire composites of the bands and indexes
exposed above.

e Relative difference NBR (RANBR) (Miller and Thode,
2007).

Finally, the GRF classifier was applied on pre- and post-fire
composites, resulting in a probability image with values from 0
% (unburned) to 100 % (burned). To obtain the last BA map, a
two-phase strategy was used on this image, resulting in a binary
layer of burned and unburned areas; a 100% threshold was used
for identifying seeds, and 50% to extend burned areas around
seeds.

2.6 Validation strategy

All three versions of the BA product were visually inspected
after their generation, comparing them with pre-fire and post-
fire temporal composites. These composites were first assigned

a SWIR-NIR-Red colour composition, as shown in Figure 1.
BA products were also compared with perimeters conceded by
the National Forest Corporation (CONAF). By this comparison,
we evaluated the goodness of the classification, identified the
errors and decided whether more study areas should be
included, and where.

3. RESULTS AND DISCUSSION
3.1 Version comparison

The classification errors observed throughout Chile were mainly
due to cloud or relief shadow, and harvested croplands
classified as burned. Figure 1 and 2 compare all three BA
versions produced for two training sites. Burned areas are
detected with very similar shapes in all of them, but small BA
corresponding to croplands misclassified as BA are filtered out
in later versions. Only the largest agricultural fields remain in
GRF-v3, which have a higher burn probability.

In Figure 2, most BA correspond to agricultural fires, but there
are many pixel groups belonging to cloud shadows. These
shadows are detected as burned in GRF-vl but are mostly
removed in GRF-v3 due to the inclusion of new training sites
with this kind of noise. After visual validation of GRF-v3, we
decided that the result was the most accurate product that we
could produce.

3.2 Separability analysis

After a Random Forest model has been trained, it is possible to
know the importance that each variable had when creating the
decision trees. In , the three most important variables are
shown, along with their cumulative importance, for every
version of the BA product. According to this Table, the RANBR
is always the most important or second most important variable
in these RF models, followed by the temporal differences of
NBR and NBR2. Differences of the MIRBI index and post-fire
values of the B7 band appear only once.

According to the cumulative importance, the three most
important variables are sufficient to approach 50 % of
importance in the decision trees. Nevertheless, the cumulative
importance of these variables decreases slightly in later
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Figure 2. Comparison of different version

versions, since more study areas were included and sample
points became more heterogeneous, indicating that more
variables were needed to decide whether a pixel was burned or
unburned.

Table 1. The most important variables of the RF model and
their cumulative importance in all three versions.

BAProduct [ 1% 2" 31 Cumulative
version position | position | position | importance
GRF-v1 RINBR | dNBR | dNBR2 46.6 %
GRF-v2 dNBR | RANBR B7 43.7%
GRF-v3 RINBR | dNBR2 | dMIRBI 415%

3.3 Comparison with reference data

The BA product was compared with the official BA perimeters
produced by CONAF. A quick view to both perimeters in
Figure 3 was enough to see that the BA detected in this study
were more accurate than those by CONAF, since the later did
not account for the unburned islands inside the BA perimeter.
The mismatch between BA perimeters due to inclusion of
unburned island has also been reported in previous studies
(Ramo and Chuvieco, 2017).

While our BA product works at 20 m, CONAF perimeters seem
to have a lower spatial resolution, since the border of the
polygons are smoother.

We also observed that some pixels without a strong burned
signal were classified as unburned by the GRF-v3 BA product.
It is difficult to decide which BA delineation is correct in this
case based only on the colour composition from Figure 3.

S
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Vegetation under the canopy might be burned, which is difficult
to distinguish from satellite imagery if the upper canopy
remains unburned and green.

Overall, the CONAF perimeters seem to generally overestimate
burned areas when compared to the GRF-v3 BA product. There
are also some small BA that are not identified by CONAF.

3.4 Product assessment

According to GRF-v3 BA product, around 5,460 km? were
burned in Chile in January, February and March 2017, a
considerable increase compared to the average annual 1,000
km?. From this total surface, 20 % corresponds with burned
areas larger than 1,000 km? (Figure 4). In fact, this corresponds
to a single burned area located in the Maule Region. 47 % of
the burned surface was divided in BA between 10 and 1000
km?, and 67 % of the total burned surface (3,660 km?) was
represented in burned patches larger than 10 km?. Only 33 % of
the bugned surface (1,800 km?) corresponds to BA smaller than
10 km*.

When analysing the burned surfaces by region, we found that
most of the BA is in Central Chile (Figure 5), as expected. The
Maule Region contains 2240 km? of burned surface, 41 % of
the total. Following by O’Higgins (735 km?, 13.4 %), Biobio
(640 km?, 11.7 %), Araucania (550 km?, 10 %), Nuble (470
km?, 8.6 %) and Santiago Metropolitan Region (320 km?, 5.9
%). All these 6 regions amount to 91 % of the total burned
surface in Chile. In the four northern regions we accounted only
2 km? of burned surface. Even though there are some small BA
areas in these regions, most of the detected BA are commission
errors due to relief shadows.

Figure 3. Comparison between BA product ) @i ieNARfeHaMTesdyrbinuidn a sample area located in the Biobio Region.
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Figure 4. Distribution of burned surface by BA sizes.

4. CONCLUSIONS

This study presents the optimized calibration of a generalized
random forest model which could be applied to classify burned
area in Chile automatically. We showed the importance of the
training sample in the classification result and the need to
include a diverse set of land covers and burned area conditions
to unsure the accuracy of the fil product, supporting previous
studies (Colditz, 2015). We produced a BA classification which
improved current BA perimeters offered by CONAF, since our
product considers unburned patches inside burned areas, detects
more small BA areas and includes agricultural fires. In addition,
it is implemented in GEE ensuring the operational efficiency of
the methodology.
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Figure 5. Total burned surface by region.
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