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Abstract: The increasing availability of products generating burned area (BA) maps in recent years
necessitates the creation of more accurate reference perimeters to validate these products and provide
users with information about their accuracy. For this purpose, reference perimeters were created
using Sentinel-2 images in Latin America and the Caribbean (LAC) for the year 2019. The sampling
was adapted to the peculiarities of the Sentinel-2 tiling grid system, and statistically representative
sample units were selected for biomes and fire activity through stratified random sampling. Fire
perimeters were extracted using a Random Forest supervised classification and results were manually
supervised and refined. Efforts were made to maximize the temporal length covered by the reference
perimeters for each sample, aiming to minimize temporal errors when using the perimeters for
validation. The dataset covers 569,214.2 km? (3.5% burned, 88.7% unburned, and 7.8% unobserved).
These perimeters were compared with higher spatial resolution PlanetScope-derived perimeters,
resulting in 8.4% commission errors and 3.8% omission errors. As a validation exercise, MCD64A1
and FireCCI51 global burned area products were validated using the Sentinel-2 reference dataset
created, confirming that the temporal extent of the reference perimeters significantly affects the
validation of such products. The reference fire perimeters are publicly available in the Burned Area
Reference Database (BARD).

Keywords: validation; reference dataset; burned area

1. Introduction

The increasing availability of satellite data over the last decades has facilitated Earth
Observation (EO), with the acquisition of spectral information of the land surface at differ-
ent spatial, temporal, and spectral resolutions. Utilizing this data, the scientific commu-
nity has developed diverse types of satellite derived products, such as long-time series
coarse-resolution burned area (BA) products [1-5], which are key for many applications,
such as fire impact assessment [6], vegetation recovery assessment [7], carbon emissions
estimation [8], fire regime and fire dynamics analysis [9], or fire—climate interaction assess-
ment [10], creating a knowledge that can be useful for environmental management.

Nevertheless, these products require validation for two primary purposes: first, to
inform users about limitations when applying them with management or research ap-
proaches, and second, to provide valuable information for developers to create improved
versions of the product [11]. Validation is based on assessing the accuracy of the product
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through a comparison with more precise independent reference datasets. Since the system-
atic mapping of BA in situ at large scales is impractical, EO based on satellite data with
higher spatial resolution than the product has been demonstrated as a feasible method to
create reference fire perimeters [12]. Due to the growing demand of BA validation datasets
and the public availability of the Sentinel and Landsat satellites imagery in recent years,
various authors have created reference fire perimeters [11,13-16]. Additionally, a Burned
Area Reference Database (BARD) has been designed to compile several global and regional
BA datasets created to facilitate validation and calibration activities [17].

For the generation of reference fire perimeters, the Land Product Validation (LPV)
subgroup from the Committee on Earth Observation Satellites (CEOS) adopted a standard
protocol document more than a decade ago [12]. This document sets up some general
aspects for the generation of reference data: the use of image pairs from the same re-
gion with different acquisition dates to map BA between both dates, the thematic content
(mapped region, burned areas, unmapped areas), and the final format with appropri-
ate descriptive information for any user. Building upon this protocol, different method-
ologies aligned with the specified guidelines have been employed to create reference
fire perimeters.

Initially, Landsat images were commonly used for this purpose [14,15,18-21], given
their spatial resolution of 30 m, enabling the creation of more precise perimeters compared
with global BA products, which, currently, have a much coarser spatial resolution. However,
the launch of the Sentinel-2A satellite in mid-2015 and Sentinel-2B in March 2017 provided
another alternative of globally available periodic images, with a spatial resolution of 10 m
across various spectral bands, surpassing that of Landsat. Furthermore, for both combined
Sentinel-2 satellites, global acquisitions occur at a minimum frequency of every 5 days,
whereas for Landsat, the minimum interval between two images is 16 days or 8 days when
combining two Landsat satellites.

However, for global or continental validation studies, it was more practical to use
Landsat than Sentinel-2. This is because defining the geometry of the sampling units is
simple based on Thiessen Scene Areas (TSA) [22-24], designed on the Worldwide Reference
System (WRS-2) of Landsat. This design ensures that sampling units are contiguous
and do not overlap, while also guaranteeing direct access to images for download and
processing. For Sentinel-2, the use of TSA is not feasible due to the overlap between different
Sentinel-2 tiles in the tiling grid system. Nevertheless, a recent study by Stroppiana et al.
(2022) [13] proposed a strategy to facilitate sampling based on the Sentinel-2 tiling grid
system, avoiding the overlap of different tiles used as sampling units. This methodology
was implemented at a continental scale for Subsaharan Africa.

Beyond the satellite employed, an additional difference among the various method-
ologies used to create reference fire perimeters is the temporal length of them. While early
validation studies commonly used short reference periods, i.e., the time period between
two consecutive image acquisitions, more recent studies have documented that employing
longer periods reduces error percentages related to temporal dating errors in burning
events [11,14]. Therefore, for a more accurate assessment of the spatial precision of a
product, the temporal length of reference perimeters should be extended.

In this paper, we present the methodology employed for the creation of the ‘RP_LAC_
2019_S2: reference fire perimeters obtained from Sentinel-2 imagery over Latin America
and the Caribbean for the year 2019’ database (hereafter S2RP), publicly available in the
BARD [25]. This database consists of continental-scale reference fire perimeters for the year
2019 in Latin America and the Caribbean (LAC). These perimeters were generated using
Sentinel-2 imagery with the objective of achieving long temporal reference units. Besides,
fire perimeters of higher spatial resolution have been generated based on PlanetScope
imagery, to compare them with S2RP. Finally, S2RP has been used for the validation of the
FireCCI51 [2] and MCD64A1 [1] coarse resolution global BA products as an example of the
applicability of the S2RP database.
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2. Materials and Methods
2.1. Data
2.1.1. Sentinel-2

Sentinel-2 is a mission part of the European Space Agency’s (ESA) Copernicus pro-
gram [26], composed of two identical satellites, Sentinel-2A and Sentinel-2B, operating on
polar sun-synchronous orbits. Images are acquired by a multispectral sensor, of which
spatial resolution ranges from 10 to 60 m depending on the spectral band. Since the launch
of Sentinel-2B in July 2017, the combined use of both satellites has enabled the Sentinel-2
mission to achieve a minimum revisiting time of five days at the equator.

We accessed Sentinel-2 data via the cloud platform Google Earth Engine (GEE), under
the tag “COPERNICUS/S2_SR”: https:/ /developers.google.com/earth-engine/datasets/
catalog/COPERNICUS_S2_SR, accessed on 1 February 2024. This is the Sentinel-2 MultiSpec-
tral Instrument Level-2A product, which provides surface reflectance data, structured into
110 x 110 km tiles within the WGS84 datum and UTM projection. Since the Sentinel-2 tile grid
is not aligned with the orbit acquisitions, some tiles are not fully covered by the same orbit,
causing different acquisition dates over the same footprint. Besides, in adjacent UTM zones,
Sentinel-2 tiles have a tendency to spatially overlap, as noted by Stroppiana et al. (2022) [13].

2.1.2. Ecoregions 2017 © Resolve

Ecoregions 2017 © Resolve [27] is the revised map of Olson world ecoregion map [28],
and divides the land surface into 14 different biomes. To aggregate biomes based on their
fire regimes similarities, the same reclassification made by Franquesa et al. (2022) [11]
was used as the first stratification criteria. This way, the biomes within the study area are
categorized into six groups: “Tropical Forest”, “Tropical Savanna”, “Temperate Forest”,
“Temperate Savanna”, “Mediterranean”, and “Deserts & Xeric Shrublands”.

2.1.3. MCD64A1 v061

The MCD64A1 version 6.1 is the latest version of NASA’s standard global BA product
available at https:/ /doi.org/10.5067 /MODIS/MCD64A1.061, accessed on 2 February 2024.
The algorithm is based on a burn-sensitive vegetation index derived from MODIS 500 m
SWIR bands, combined with 1 km active fire observations of the same sensor [1]. The
product has been available from November 2000 to the present, and is distributed in MODIS
standard tiles, with an approximate dimension of 1200 x 1200 km containing monthly
information at 500 m resolution about the burn date, its uncertainty, Quality Assurance
(QA) indicator, and first and last day of reliable change detection. We accessed the data
via GEE, under the tag “MODIS/061/MCD64A1”: https:/ /developers.google.com/earth-
engine/datasets/catalog/MODIS_061_MCD64A1, accessed on 2 February 2024.

2.1.4. FireCCI51 v5.1

MODIS Fire_cci BA version 5.1 (FireCCI51) is a global coverage BA product developed
within ESA’s Fire_cci project. It is founded upon a hybrid algorithm that combines MODIS
250 m Near Infrared (NIR) band and thermal channels’ active fire information [2]. The
product ranges from 2001 to 2020 and is delivered at a pixel-level spatial resolution of
approximately 250 m for monthly burned area estimations with Day Of the Year detection
(DQY), the Land Cover (LC) of burned pixels, and the confidence level of detection. The
access to this product was made under the tag “ESA /CCI/FireCCI/5_1" in GEE: https://
developers.google.com/earth-engine/datasets/catalog/ESA_CCI_FireCCI_5_1, accessed
on 2 February 2024.

2.1.5. PlanetScope

PlanetScope, operated by Planet Labs company, is a constellation of approximately
130 satellites with the capacity of acquiring 200 million km?/day imagery with around 3.7 m
per pixel resolution. Imagery is obtained along the swath in the form of a continuous series
of individual frame images referred to as “scenes” [29]. Such scenes are not captured over


https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR
https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR
https://doi.org/10.5067/MODIS/MCD64A1.061
https://developers.google.com/earth-engine/datasets/catalog/MODIS_061_MCD64A1
https://developers.google.com/earth-engine/datasets/catalog/MODIS_061_MCD64A1
https://developers.google.com/earth-engine/datasets/catalog/ESA_CCI_FireCCI_5_1
https://developers.google.com/earth-engine/datasets/catalog/ESA_CCI_FireCCI_5_1

Remote Sens. 2024, 16, 1166

4 0f 22

the same geographical area at regular intervals, and while there is almost daily coverage
over most of Earth’s locations, the accessibility of images fluctuates due to the dynamic
nature of the imagery acquisitions.

Three different satellite generations have been released since the first launch in 2014,
of which two of them acquired imagery in 2019 (the last generation named SuperDove was
not launched until 2020). The Dove Classic is the only instrument type covering whole
2019, with the earliest imagery available of the Dove-R in March of the same year. Both
instruments capture data in four spectral bands, three in the visible wavelengths and one
in the NIR wavelengths, but the spectral range captured for each band is different between
both generations [30]. Besides, the size of the scenes is also variable: 25.0 x 11.5 km for the
Dove Classic and 25.0 x 23.0 km for the Dove-R.

Through a project proposal submitted to the ESA, we obtained access to download a
total of 30,000 km? of PlanetScope imagery from 2019 in LAC.

2.2. Sampling Design

Following the good practices on accuracy assessment [31], the sampling design to
create the S2RP dataset was based on probability sampling, using a stratified random
sampling design. The methodology used to select the sample units (Figure 1) begins
with the identification of the tiles suitable to be used as sampling units, as they ensure
robust statistical sampling, considering the Sentinel-2 tiling grid system [13]. Subsequently,
stratification according to the corresponding biome and fire occurrence was made. Finally,
a random selection of the stratified sampling units was applied after defining the number
of sample units to be sampled among strata [20].

Total sampling units population Stratification Sample size allocation
Discarding Sentinel-2 tiles that meet any 1. Biome: Ecoregions 2017 n° of samples per stratum
of the following criteria: 2. Fire activity: MCD64A1 (Equation 1):
1. Not fully covered by a single orbit —
2. One tile from each pair of nhocNh BAh
overlapping tiles total sample size N=56

3. Water > 50%

Figure 1. Scheme of the sampling design methodology employed.

2.2.1. Identification of Sampling Units

The use of Sentinel-2 tiles as sampling units offers practical benefits in terms of
simplification during data downloading and processing. However, due to the inherent
misalignment between orbit acquisition and certain tiles, along with overlapping in UTM
adjacent zones due to the tiling grid system, Stroppiana et al. (2022) [13] described two
filtering criteria to ensure robust statistical sampling and prevent overlap between units.
The first criterion involves discarding tiles not entirely covered by at least one of the orbits,
ensuring uniform acquisition dates over the tile’s footprint. The second criterion entails the
random elimination of one tile from each pair that overlaps in UTM adjacent zones, thus
preventing an increased sampling probability in common land areas.

For our study, we applied both criteria for the tile grid over LAC, and additionally,
we discarded the tiles covering a water percentage higher than 50%, to ensure a minimum
land cover to map BA.

In terms of the temporal dimension of the sample units, Boschetti et al. (2016) [24]
defined each continuous pair of images’ time interval as the temporal coverage for each
sampling unit. However, such short temporal sampling units are more affected by temporal
errors, since in a short reference period, the probability of a burned area being wrongly
outdated with respect to the reference period is higher than in a longer period, potentially
affecting spatial assessments due to those dating misalignments between the reference data
and the product. In contrast, Padilla et al. (2018) [14] defined a minimum temporal length
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of 100 days, establishing stringent criteria based on a maximum allowed cloud cover and a
fixed interval between images. The approach of these criteria required consecutive images
with a cloud cover of less than 30%. However, this methodology presents disadvantages, as
the total population size can result very limited. Additionally, it may constrain options for
obtaining longer reference units. To avoid these limitations, we decided not to establish any
criteria based on metadata or a minimum time length. Therefore, similarly to Franquesa
et al. (2022) [11], we initially defined the entire year 2019 as the starting temporal period.
However, we were aware that achieving complete temporal coverage for the entire year
would not be feasible due to clouds. Consequently, the actual period for each sampling
unit was defined after a visual analysis of the available images, as will be explained later in
Section 2.3.1.

2.2.2. Biome and Fire Activity Stratification

Stratification enables the assurance of diverse conditions within the sample units.
In our study, we stratified the sampling units based on two criteria: first, their primary
biome to represent the diverse fire regime characteristics depending on the environment,
and second, fire activity to ensure samples with both high and low fire occurrence. These
strata have been previously proposed in studies for validating global and continental BA
products following CEOS’s Stage 3 protocol [11,18,32].

Each sampling unit was categorized according to its predominant aggregated biome,
utilizing the stratification layer described in Section 2.1.2. Next, each sampling unit was
labeled either as high or low fire activity. To accomplish this, the MCD64A1 product was
used for calculating the BA proportion detected for each sampling unit in 2019. Following
this calculation, the threshold to classify the sampling units into high or low fire activity
was set as the 80th percentile of the BA proportion within each biome, a methodology
employed in previous studies [11,18]: sampling units above the 80th percentile of the BA
proportion for a specific biome were designated to the high BA stratum, while samples
below this threshold were labeled as low BA.

2.2.3. Sample Size Allocation

The total number of sample units for each stratum was determined by Equation (1) [20]:

nh o« NhvV BAh 1)

where nh is the total number of units to be sampled for the stratum £, Nh is the total number
of sampling units available to be sampled in the stratum, and BA# is the average of total
BA in such stratum. A minimum value of 2 was assigned to nh for ensuring at least two
samples for each stratum, even if the BA extent is low. Total sample size N was set to
56 sample units.

Once the sample size allocation was determined, the sample units were selected via
simple random sampling without replacement from the population of each stratum.

2.3. Extraction of Reference Fire Perimeters

For the extraction of reference fire perimeters within the selected sample units (Figure 2),
the process began by selecting Sentinel-2 imagery to map the BA. This selection considered
the fire periods, cloud cover, and temporal criteria. BA classification was performed to
extract short temporal units of fire perimeters (short units) for each consecutive image
pair, using an adapted version of the Reference Perimeters (RP) tool developed by Roteta
et al. (2021) [33]. These short units represent the boundaries of the burned area detected
between the preceding and subsequent images over a short period. Finally, all short units
generated within every sample unit were aggregated to create a single long temporal unit
fire perimeter (long unit) per sample unit, generating fire perimeters of a longer period.
The aim of generating long units is to minimize the errors associated with burn dating
when these perimeters for evaluating other BA products are utilized [11].
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. . . Extraction of short units . .

Sentinel-2 imagery selection — ) . > Short units to long unit
fire perimeters

Potential short units Supervised Accumulation of short units fire
Image pairs with: classification perimeters by priority order:
1. Low cloud cover Random Forest 1. Unobserved
2. BA signal persistence 2. Burned

3. Unburned

4

Supervision &
manual refinement

Potential long units
Consecutive short units

of the perimeters

\ 4

Selection of the long unit
Longest time series within a

burning period

Figure 2. Scheme of the Sentinel-2 reference fire perimeters” extraction methodology.

2.3.1. Selection of Sentinel-2 Images

Sentinel-2 images used to map BA were manually selected for each sample unit. The
approach involved a visual analysis of all imagery available for the year 2019. On that
analysis, the cloud cover for each image was evaluated. Several studies have used metadata
cloud coverage values to discard the cloudiest images [13,14]. However, occasionally a
significant portion of the cloudy pixels are cirrus clouds, which, in some cases, do not
hinder the accurate detection of BA. This limits the overall pool of imagery available for BA
mapping. Therefore, we opted to discard images by visually analyzing the cloud coverage
on a one-by-one basis.

Standard protocol for BA products’ validation [12] recommends generating BA refer-
ence data using two satellite images, mapping the BA occurred between the two acquisition
dates. We checked which consecutive images could be utilized together to map the refer-
ence fire units. Two available images were considered part of the same potential short unit
if the burned signal persisted. The persistence of this signal depends on several factors as
biome, land-cover, and post-fire weather conditions [34]. To ensure the persistence of the
burned signal, we verified that areas visibly burned in the previous image were still visible
in a subsequent image, without a fixed time interval between the previous and posterior
images, thereby avoiding limitations on the availability of imagery for constructing the fire
perimeters. This process resulted in different potential collections of imagery suitable for
mapping long units in each sample unit, particularly when the post-image of a short unit
could serve as the pre-image of the next short unit. Among these options, we selected the
longest time sequence within a burning period.

2.3.2. Extraction of Short Unit Fire Perimeters

To extract the fire perimeters between consecutive pair of images, we implemented
an adapted version of the RP tool developed by Roteta et al. (2021) [33]. This tool, a
supervised classifier, operates on GEE, a cloud-computing platform with available ready-to-
use satellite data and products. The algorithm employs a Random Forest (RF) classifier [35]
to map the burned areas between the time lag from the pre-fire image to the post-fire one.
The user creates training polygons for both burned and unburned areas through image
interpretation, over a Long SWIR/NIR/Red color composition. To facilitate burned area
detection, VIIRS 375 m [36] and MODIS 1000 m collection 6 [37] hotspots between both
acquisition dates were added to the GEE interface. The RF is trained using VIS, NIR, SWIR1,
and SWIR2 bands, along with the calculated NBR (Normalized Burn Ratio) [38], NBR2 [39],
and NDVI (Normalized Difference Vegetation Index) [40] spectral indices of the post-fire
image and the post-pre difference image.
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A two-phased strategy [33] is applied to the output burned probability image of the RF
model. This strategy aims to achieve a balance between omission and commission errors. In
this approach, patches of pixels with a probability exceeding 50%, using a 4-node connection,
are labeled as burned if they contain at least one seed pixel inside. The seed pixel is identified
as having a higher probability than the average of the mean RF probabilities obtained for the
training polygons. While the original RP tool uses the Sentinel-2 Scene Classification Layer
(SCL) to mask cloudy areas, we opted to use an empirical mask based on a threshold of the
Sentinel-2 Coastal aerosol band (B1). This approach was chosen to prevent overestimation
of areas unable to detect BA, as using the SCL layer might mask regions with cirrus clouds
that mostly do not inhibit the BA detection, leading to a reduction in the total observed area.
We adjusted the Bl threshold one by one for each pair of images to mask only the clouds
that hinder the detection of BA. To mask shadows, the SCL layer was used (value 3—cloud
shadows), as in the original RP tool. The algorithm was adapted to aggregate both clouds and
shadows to the mask. The output layer for each pair of images was categorized into three
groups of polygons: unobserved (derived from the clouds and shadows mask), burned, and
unburned. The results were modified, if necessary, with new training polygons added until
an accurate classification was achieved.

Finally, the perimeters were downloaded from GEE to a local computer and displayed
with a GIS desktop application. The short unit results were manually refined.

2.3.3. Conversion of Fire Perimeters from Short to Long Unit

The generation of long units involves utilizing the perimeters of all short units gener-
ated for the sample unit. The methodology employed was consistent with that outlined by
Franquesa et al. (2022) [11], wherein burned and unobserved pixels are accumulated, with
priority given to the unobserved pixels. In practical terms, if a pixel is labeled as burned in
one short unit and as unobserved in another, it will be categorized as unobserved in the
long unit. Similarly, a pixel must be labeled as unburned in all the short units to maintain
the same category in the long unit.

2.4. Sentinel-2 and PlanetScope Reference Fire Perimeters Comparison

To assess the accuracy of the Sentinel-2 reference fire perimeters, PlanetScope imagery
was utilized to generate higher-resolution fire perimeters over a subset area of S2RP where
both datasets were compared. We followed a strategy to select diverse comparison sites to
best represent S2RP biome variability considering the PlanetScope download quota before
extracting the fire perimeters (Figure 3).

Select, process & download Extraction of PlanetScope

—>

Selection of comparison sites >

PlanetScope imagery

-

Potential comparison sites
0.22°x0.22° cells

within a >50days S2RP sample

!

-

Select comparison sites by
Biomes diversity
Highest BA occurrence

Dates selection based on:
1. S2RP temporal series
2. 20 days intervals approx.

4

Scenes Selection based on:
1. Comparison site covering
2. Time proximity

|

Scenes Processing
1. Harmonize & normalize
2. Composite
3. Clipto AOI

fire perimeters

Supervised
classification of
consecutive composites
(short units)
Random Forest

v

Supervision & manual
refinement of the
perimeters

.

Short units to long unit:
Accumulation of BA

l

Download the composite

%

Figure 3. Scheme of the PlanetScope fire perimeters’ extraction methodology.
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2.4.1. Selection of the Sentinel-2—PlanetScope Comparison Sites

A grid network of 0.22° x 0.22° (approximately 500 km?) was established across LAC,
where every cell was a potential comparison site. To minimize potential accuracy errors
arising from temporal imprecision, a filter was applied to the grid to retain only the cells
that overlap with any sample unit from S2RP with a minimum temporal length of 50 days.
For each of these cells, the percentage of burned, unburned, and unobserved areas based on
the S2RP perimeters was computed. Additionally, the information regarding the tile name
of the overlapping S2RP sample unit and its respective biome was assigned to each cell.
This way, cells were selected as comparison sites considering the percentage of different
categories according to S2RP, opting for those with the highest percentage of burned area
for each biome, and moreover, ensuring that the unobserved percentage was lower than 5%.
Once a comparison site was secured for each biome, additional ones were defined for the
biomes more represented in S2RP, following the same criterion, but avoiding repeating the
S2RP overlapping sample unit, to increase the variability. The total number of comparison
sites was determined by the limit of the PlanetScope imagery download quota.

2.4.2. Selection, Processing, and Download of PlanetScope Imagery

Following the identification of the comparison sites, the PlanetScope imagery was
selected. Since the extent of its scenes is smaller than that of the comparison sites, multiple
scenes were chosen for each date to collectively cover the entire extent. In cases where
there were not enough scenes of the same day available to fill the entire comparison
site, additional scenes from days as close as possible were also selected. To minimize
temporal imprecision errors, efforts were made to ensure that the initial and final dates
of the PlanetScope images closely approximated those of the sample units in S2RP. Scene
selection also considered the cloud percentage according to metadata, prioritizing scenes
with very low cloud cover percentages.

In the scenes download procedure, Planet provides users with various tools to facilitate
image preprocessing [41], from which three were utilized. Firstly, both the composite tool
and the clipping tool were used to optimize the utilization of the image download quota. By
creating a mosaic of images prior to downloading, the quota was not wasted on areas where
multiple scenes overlapped. Additionally, areas of scenes outside the designated sites were
not downloaded. Secondly, the harmonization tool was used to enable the combination of
scenes from different satellite generations, despite their distinct spectral responses. The
tool also normalizes the reflectance data to correct variations between scenes caused by
other parameters [42]. For every site, diverse composites were generated and downloaded
approximately every 20 days.

2.4.3. Extraction of PlanetScope Fire Perimeters

Following the methodology of Stroppiana et al. (2022) [13], the process for the extraction
of PlanetScope fire perimeters was similar to the explained in the Sections 2.3.2 and 2.3.3 for
Sentinel-2. The main difference is that since only VIS and NIR bands were available for
PlanetScope imagery, RF was adapted to that spectral resolution. Thus, the classifier was
trained with the values of blue, green, red, and NIR bands, and the NDVI spectral index.
The training set was independently collected with respect to the ones used with Sentinel-2
imagery. We did not apply any masking to PlanetScope imagery, since the cloudiness
of all scenes downloaded was inexistent or very low. The perimeters of all PlanetScope
short units were downloaded from GEE to be refined with a local desktop GIS application.
Finally, long units were generated accumulating the burned polygons of the short units.

2.4.4. Accuracy Metrics from the S2RP-PlanetScope Comparison

Finally, PlanetScope and S2RP perimeters were compared between them. The confu-
sion matrix (Table 1) was computed to subsequently calculate accuracy metrics (Table 2)
that quantify the agreement and disagreement between both fire perimeters. For that, areas
cataloged as unobserved in S2RP were discarded from the analysis. Following previous
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studies [11,13,18], we calculated the commission error (Ce), omission error (Oe), Dice
Coefficient (DC) [43], and relative bias (relB) metrics for each comparison site. Ce refers
to the percentage wrongly classified as burned in the product, while Oe represents the
percentage wrongly classified as unburned. DC combines both Ce and Oe to provide
information about the agreement in a single measure, while relB informs if the validated
product overestimates (positive values) or underestimates (negative values) BA.

Table 1. BA confusion matrix. Rows represent BA products classification and columns the reference
fire perimeters classification. A represents the area, where A1; and Ap) correspond to the agreement
for the burned and unburned categories, respectively. Meanwhile, A1, (commission error, burned
for the product class and unburned for the reference class) and A;; (omission error, unburned
for the product class and burned for the reference class) represent disagreement. A;; and Ay,
represent, respectively, the total burned and unburned area for the product classification, while A
and A, represent, respectively, the total burned and unburned area for the reference classification.
At represents the total area interpreted.

Reference Class Total
Burned Unburned
Product Class Burned Aqq Aqp Ay
Unburned A21 A22 A2+
Total Ayq Ao A

Table 2. Accuracy metrics computed from the confusion matrix.

Accuracy Metric Formula
Commission error Ce = %
Omission error O, = %
Dice Coefficient DC = leﬁ“ﬁ
Relative Bias relB = Al%leZI

2.5. Accuracy Assesment of Global BA Products

MCD64A1 Collection 6.1 [1] and FireCCI51 [2] global BA products were assessed with
S2RP. For computing the areas, a raster analysis has been applied to the global BA products,
with a spatial resolution of 1 m. The confusion matrix and the same metrics as described
in the Section 2.4.4 have been computed, but in this case the results are inferenced to the
whole LAC, as described in Franquesa et al. (2022) [11].

3. Results
3.1. Sampling

From the 2649 Sentinel-2 tiles covering LAC, 1491 tiles guaranteed the same acquisition
date across the entire area and non-overlapping with another tiles. Moreover, 1292 of them
were determined to be suitable as sampling units, due to their water percentage being
lower than 50%. The stratification based on biome and fire activity was achieved for the
1292 sampling units. The threshold calculated according to the MCD64A1 product for
the year 2019 for each biome to assign high or low fire activity for each stratum can be
consulted in Table S1 of the Supplementary Materials.

The total number of sample units to be selected for each stratum (Table 3) was calcu-
lated following Equation (1), where 56 was the total sample size. The spatial distribution of
both the entire population of sampling units and the selected sample units, determined
through stratified random sampling, is illustrated in Figure 4.
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Table 3. For each biome and high/low fire activity stratum, the number of sampling units in the
population (Nh) and the number of the ones selected as sample units (1h).

High Fire Stratum Low Fire Stratum Total
Biome Stratum Nh nh Nh nh Nh nh
Tropical Forest 141 10 564 14 705 24
Tropical Savanna 54 6 213 10 267 16
Temperate Savanna 38 2 153 2 191 4
Deserts & Xeric Shrublands 17 2 67 2 84 4
Temperate Forest 6 2 25 2 31 4
Mediterranean 3 2 11 2 14 4
Total 259 24 1033 32 1292 56
— 20°N
Sample units L 0°
High fire activity
D Low fire activity
Sampling units (Biome) .
Tropical forest — 20°S
Tropical savanna
Temperate savanna
. Temperate forest — 40°S
Deserts & Xeric Shrublands
. Mediterranean
| | | I [ [

I
160°W  140°W  120°W  100°W 80°W 60°W 40°W

0 1000 km| /.

Figure 4. The 1292 sampling units of the population stratified by biome. In black, the selected
56 sample units stratified by high or low fire activity. The blank spaces in the map belong to the
Sentinel-2 tiles discarded, since they were not suitable to use as sampling units.

Most sampling units in the entire population belong to “Tropical Forest” (~55%),
followed by “Tropical Savanna” (~21%) and “Temperate Savanna” (~15%). Additionally,
the biomes with the highest BA, as detected by MCD64A1 in 2019, are “Tropical Savanna”
and “Tropical Forest”, in that order. Due to the prevalence of these two biomes in the
sampling population and their high BA, 24 sample units were selected from the “Tropical
Forest” biome and 16 from the “Tropical Savanna” biome. In contrast, each of the remaining
biomes contributed only four sample units, adhering to a minimum of two units established
for each high/low fire activity stratum.

Details of the whole population of 1292 sampling units used in the stratified random
sampling and the 56 sample units selected can be consulted in the S2RP database published
in the Burned Area Reference Database (BARD) [17], publicly available at https://doi.org/
10.21950/GZUTII, accessed on 7 February 2024.
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3.2. Sentinel-2 Reference Fire Perimeters

Over the 56 sample units, 258 short units were generated, with a total of 314 Sentinel-2
images processed, to subsequently convert them in the corresponding 56 long units. The
temporal length of these long units resulted variable from 5 to 220 days, from which 17 were
<50 days long, 30 between 50 and 100 days long, and 9 more than 100 days long, with a
median of 70 days long and an average of 72 days long. Across all biomes, the median
value varied between 55 and 85 days long, and the Tropical Forest biome was the one with
the most variability in the temporal length, where most perimeters had a temporal length
between 5 and 135 days, and another 2 even larger than 200 days (Figure 5).

Tropical forest 4 I—|:|:|—| @
Tropical savanna - } [Ij jo
Temperate savanna - I-D:’—|
Deserts & Xeric Shrublands - I—|:|:’—|
Temperate forest I—EEH
Mediterranean - I—D]——|

0 50 100 150 200
Temporal length of reference data (days)

Biome

Figure 5. Temporal length distribution of generated reference data in days across different biomes.
The box extends from the Q1 to Q3 quartile values of the data and the green line is the median value
(Q2). Whiskers extend to 1.5 times the interquartile range (Q3-Q1), and the circles are outliers.

The total area covered by the reference units is 569,214.2 kmz, of which 19,760.7 km?
was mapped as burned (3.5%), 505,174.9 km? as unburned (88.7%), and 44,278.6 km? (7.8%)
as unobserved. The results by biome are illustrated in Table S2 of the Supplementary
Materials. The biome with most burned area was the “Tropical Savanna’ biome, with
8.3% of the total area catalogued as burned. In contraposition, the “Temperate Savanna’
biome was the one with less BA, with only 0.6% of the total area categorized as burned.
From all biomes, Tropical Forest was the biome with most unobserved area (13.6%).

3.3. Comparison with PlanetScope Reference Perimeters

The location of the selected comparison sites is illustrated in Figure 6, and specific
information about every one of them and its overlapping S2RP area can be consulted in
Table S3 of the Supplementary Materials. In total, 10 comparison sites could be chosen until
reaching the download quota limit. As the Tropical Forest and Tropical Savanna biomes
are the most represented in S2RP, they are also the most represented in the PlanetScope
perimeters, with three comparison sites for each. Meanwhile, each of the other biomes is
represented by a single comparison site. The total comparison area is 5170.9 km?, with
each comparison site ranging from 456.3 km? to 589.8 km?. From the entire validated area,
30.56% was classified as burned by S2RP, and 0.77% as unobserved. A total of 54 Plan-
etScope composites were downloaded to fully cover the entire spatial and temporal extent
of the comparison sites, requiring the use of at least a portion of 508 PlanetScope scenes.
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Figure 6. Location of the selected comparison sites, their biome, and identification number.

Regarding the temporal period, most scenes used to generate the initial and final
PlanetScope composites belong to the same day or, if not available, to a day before or after
the S2RP period. However, in some cases, the scenes available on those dates were not
sufficient to cover the entire site, requiring the use of scenes from more distant dates. The
scenes composing the composites initiating the PlanetScope comparison periods have a
maximum mismatch of 1 day before and 4 days after the initial date of the S2RP perimeters.
The 4-day mismatch occurs in sites 8 and 10. For site 10, scenes with this mismatch represent
5.75% of the total composite area, and for site 8, this percentage is 1.73%. Regarding the
composites concluding the PlanetScope comparison periods, the maximum mismatch is
1 day before and 13 days after. The 13-day mismatch occurs in site 10, with such scenes
representing 12.25% of the composite. Another noteworthy mismatch is a maximum of
10 days in the final composite of site 1, with those scenes representing 1.5% of the total
composite. The characteristics of the selected comparison sites can be consulted in detail in
Table S3 of the Supplementary Materials.

Table 4 presents the results of the accuracy metrics calculated for S2RP using the
PlanetScope reference fire perimeters. The results are illustrated for each comparison site,
globally and by biome in terms of Dice Coefficient (DC), Commission Errors (Ce), Omission
Errors (Oe), and relative Bias (relB).

Table 4. Accuracy metrics [%] calculated for all comparison sites and by biome for S2RP.

Site S2RP Tile DC [%] Ce [%] Oe [%] relB [%] Biome DC [%] Ce [%] Oe [%] relB [%]
1 22LEQ 9.8 55 0.8 5.0 Tropical
2 20LMK 90.8 145 3.1 133 ;"P“a 94.8 7.8 25 5.8
3 21JWM 929 7.7 6.6 1.2 orest
4 22LDL 97.3 4.1 13 2.9 ol
5 19PGK 923 10.1 5.1 5.5 Tropica 95.6 6.4 24 43
6 19NEJ 94.6 8.9 15 8.1 Savanna
7 20HLB 97.7 2.8 1.8 1.0 Temperate Savanna 97.7 2.8 1.8 1.0
8 11SPR 67.4 448 13.6 56.4 Deserts & Xeric Shrublands 67.4 448 13.6 56.4
9 19HBT 89.3 5.5 15.4 —10.5 Temperate Forest 89.3 5.5 15.4 —10.5
10 19HBV 89.8 13.7 6.3 8.6 Mediterranean 89.8 13.7 6.3 8.6
TOTAL 93.9 8.4 3.8 5.0
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In total, the S2RP achieved DC = 93.9%. Ce were higher than Oe, indicating a tendency
to overestimate BA (Ce = 8.4%, Oe = 3.8%, relB = 5.0%). Among biomes, Temperate Savanna
yielded the best results for all metrics (DC = 97.7%, Ce = 2.8%, Oe = 1.8%, relB = 1.0%),
followed by Tropical Savanna and Tropical Forest, respectively. All biomes except Deserts
& Xeric Shrublands obtained a DC greater than 89%, Ce lower than 14%, and Oe lower than
16%, while this biome experienced the highest commission errors (Ce = 44.8%, DC = 67.4%,
relB = 56.4%). It is also noteworthy that S2RP overestimated BA in all biomes except
Temperate Forest (relB = —10.5%, Oe = 15.4%), indicating an underestimation of BA, and
presenting the highest Oe among all comparison sites.

3.4. Accuracy Estimates for MCD64A1 and FireCCI51

Table 5 presents accuracy estimates and standard errors calculated using S2RP for
MCD64A1 and FireCCI51 datasets, both globally and by biome.

Table 5. Estimated accuracy metrics [%] and their standard error in parentheses by biome for the
FireCCI51 and MCD64A1 global BA products.

Product
FIRECCI51 MCD64A1
Biome DC [%] Ce [%] Oe [%] relB [%] DC [%] Ce [%] Oe [%] relB [%]

Tropical Forest 39.1 30.2 72.8 —61.1 38.9 35.2 72.2 —57.1
P (10.8) (5.9) (9.9) (12.2) (8.3) (7.1) (7.3) (7.5)
Tropical Savanna 62.7 20.5 48.3 —34.9 60.6 23.1 50.0 —35.0
P (8.6) (4.3) (10.0) (9.3) 9.3) (5.0 (11.0) (11.1)
Temperate Savanna 66.7 32.8 33.8 —14 67.3 23.3 40.0 —-21.8
P 8.7) 9.0) (9.4) (8.6) (11.3) 4.9) (15.1) (15.1)
Deserts & Xeric 3.9 40.8 98.0 —96.6 2.1 70.3 98.9 —96.2
Shrublands (2.8) (10.7) (1.5) (2.6) (1.8) (25.6) 0.9) 0.3)
Temperate Forest 52.3 35.1 56.2 —32.4 299 23.5 81.4 —75.7
P (8.6) (3.5) (10.4) (12.4) (19.2) 0.7) (14.8) (19.1)
Mediterranean 43.4 39.8 66.1 —43.7 50.9 199 62.7 —53.5
2.0) (1.9) 2.2) (3.7) (11.6) 4.3) (11.5) (11.9)

Total 55.6 23.3 56.4 —43.1 53.9 25.9 57.6 —42.8

(7.2) (3.9 (7.7) (7.6) (7.5) (4.3) (8.0) 8.1)

For the global population, Oe was higher for both FireCCI51 (56.4% (£7.7)) and
MCD64A1 (57.6% (£8.0)), compared to Ce: FireCCI51 (23.3% (+3.9)) and MCD64A1
(25.9% (£4.3)). RelB indicates the underestimation of BA for both products: the FireCCI51
(—43.1% (£7.6)) and the MCD64A1 (—42.8% (£8.1)). In terms of DC, FireCCI51 exhibited
slightly superior results (DC = 55.6% (£7.2)) than MCD64A1 (53.9% (£7.5)).

Across biomes, Temperate Savanna showed the most favorable outcomes for both
products in DC, Oe, and relB, followed by Tropical Savanna in terms of DC and relB.
Concerning Ce, FireCCI51 demonstrated its lowest errors in the Tropical Savanna, while
MCD64Alperformed best in the Mediterranean biome. Conversely, the lowest accura-
cies for both products across all metrics were found in the Deserts & Xeric Shrublands
biome. On that biome, there was a substantial disparity in Ce, with FireCCI51 record-
ing 40.8% (£10.7) and MCD64A1 recording 70.3% (£25.6). The difference for Ce was
also high in the Mediterranean biome, where FireCCI51 (Ce = 39.8% (£1.9)) reported
higher errors compared to MCD64A1 (Ce = 19.9% (£4.3)). The highest differences in DC,
Oe, and relB were in Temperate Forest, where omission errors were high for MCD64A1
(Oe = 81.4% (+£14.8)). Moreover, relB indicated an underestimation of BA detection for
both products in all biomes, but the errors were more balanced for Temperate Savanna,
especially for FireCCI51 (relB = —1.4% (£8.6)).
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4. Discussion

In this paper, S2RP was created, a reference fire perimeters dataset over LAC derived
from Sentinel-2 imagery for the year 2019, with validation approaches for global BA
products, such as FireCCI51 and MCD64A1, which have been assessed as an example of the
utility of S2RP. Additionally, PlanetScope high-resolution imagery was used for accuracy
estimation of S2RP.

To select the Sentinel-2 tiles employable as sampling units for a statistically robust
sampling, we applied for LAC the same approach of tiling grid system filtering conditions
proposed by Stroppiana et al. (2022) [13] for Subsaharan Africa. This way, we discarded
overlapping tiles from adjacent UTM zones, and the tiles not fully covered by a single orbit
to assure the same acquisition date over the whole image. To those filtering conditions,
we added an extra filter that discarded the tiles with a higher water percentage than 50%,
obtaining a total of 1292 sampling units. In contrast to Stroppiana et al. (2022) [13], we
did not apply rigid criteria for the time series selection with a maximum metadata cloud
coverage or an established time interval between consecutive images.

In our study, a total of 56 Sentinel-2 tiles were selected as sample units for LAC, while
other recent validation studies such as Stroppiana et al. (2022) [13] selected 50 to represent
Subsaharan Africa and Franquesa et al. (2022) [11] employed 105 or 106 sample units of
100 x 100 km from Landsat imagery for each year validated to represent the whole Earth
land. The stratified random sampling was based on biomes and fire activity, and the total
number of sample units to be selected for each stratum was determined by Equation (1).
This equation causes a higher representation for the strata with higher BA and more
samples. Consequently, 24 (43%) of the sample units belong to the “Tropical Forest’ biome
and 16 (29%) to the “Tropical Savanna’ biome. Thus, the representation of the “Temperate
Savanna’, ‘Deserts and Xeric Shrublands’, “Temperate Forest’, and ‘Mediterranean’ biomes
is more limited with the minimum of four sample units selected for each of them.

Similar to the approach by Franquesa et al. (2022) [11], we evaluated the image pairs
for generating BA on a case-by-case basis for every sample unit, to ensure the persistence
of burned signal with minimal cloud coverage. This way, we focused on minimizing the
total unobserved area, to have the best amount of data available for validation. In this
regard, it is noteworthy that the decision not to establish strict criteria before the sampling
regarding cloud coverage based on metadata or the time interval between consecutive
images, similar to Stroppiana et al. (2022) [13], had both advantages and disadvantages.
The main advantage was that not setting these criteria prevented the exclusion of many
valid tiles from the sampling, making the dataset more representative of LAC than it would
have been with such criteria in place. However, it is true that in our case, the stratified
random sampling without establishing prior cloudiness criteria led to the selection of some
sample units with most images exhibiting such high cloud cover that it was impossible to
find many consecutive images under optimal conditions for detecting BA. This resulted in
a lower temporal length than desired for some reference units.

The fire perimeters were created utilizing a modified version of the RP Tool developed
by Roteta et al. (2021) [33] within the GEE cloud platform. By leveraging the processing
capabilities of GEE and its accessibility to diverse preloaded datasets, we employed the
Random Forest supervised classification algorithm. This approach facilitated the genera-
tion of highly accurate fire perimeters by creating training polygons for each image pair.
Additionally, we integrated active fire points into the map interface, successfully stream-
lining the image interpretation process. Furthermore, the modification we implemented
for cloud masking, using a threshold of the Sentinel-2 Coastal aerosol band B1 visually
determined for each image pair, was satisfactory. This modification helped us avoid unnec-
essary masking for areas where BA detection was possible, even in the presence of cirrus
clouds. Consequently, we achieved a greater observed area compared to the observed area
attainable using the original mask based on the Sentinel-2 Scene Classification (SCL) layer.
In Figure 7 it is illustrated an example of how we reduced masked areas where land surface
is observable even in the presence of clouds.
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Figure 7. Example of cloud masking for a central region of the 19NGH tile, on 10 January 2019. The
masked regions are those areas in black. (a) The image without masking (the darkest zones are cloud
shadows); (b) the same image masked employing B1 threshold; and (c) the image masked based on
Roteta et al. (2021) [33], utilizing the Scene Classification Layer (SCL).

Before accumulating the perimeters of the short units to create the long unit of each
sample unit from S2RP, all short units were supervised and manually refined when nec-
essary to make the result more feasible. Most of the corrections were made to reduce
commission errors in croplands, where the reflectance changes of recently harvested or
ploughed parcels and the decrease of the photosynthetic activity is sometimes similar to
BA, causing land cover with higher Ce and Oe rates compared to different studies [44—46].

To assess the accuracy of S2RP, high spatial resolution reference perimeters were
created using PlanetScope images. There is a prior study conducted by Stroppiana et al.
(2022) [13] regarding the comparison of BA perimeters derived from Sentinel-2 images on a
continental scale using PlanetScope images. Nevertheless, the procedure we have proposed
has some differences compared to that study. The fundamental distinction lies in the
selection of comparison sites, as we designed a procedure to capture the biome variability
of the dataset. For that, as we had a limited download quota, we defined an extent of
approximately 500 km? for each comparison site, which is smaller than the comparison
sites utilized by Stroppiana et al. (2022) [13], which ranged between 974 and 1588 km?.
Additionally, in our study, we validate sites based on perimeters from the same S2RP
dataset, whereas Stroppiana et al. (2022) [13] created separate Sentinel-2 perimeters for
comparison with PlanetScope images. Finally, in our case, the PlanetScope perimeters have
been manually refined to achieve the most accurate result possible.

The Planet composite, clip, and harmonization tools were highly beneficial to exploit
the download quota and all the imagery of interest available as best as possible, even if
conducting a statistically robust sampling was impractical due to the limitations of data
scarcity and the non-systematic acquisition of PlanetScope data, which makes probability
sampling, as with Sentinel-2, impossible. Therefore, the results are not generalizable to
the entire dataset. Nevertheless, the procedure followed in the selection of comparison
sites focused on best representing the biome variability in the S2RP dataset. Additionally,
to minimize errors due to temporal imprecision, we ensured that the temporal length in
all comparison sites was equal to or greater than 50 days. Besides, the selected validated
sites exhibited high percentages of BA according to the S2RP dataset to ensure a significant
BA for comparison. This procedure led to the comparison of 10 sites, each approximately
500 km? in size, providing a more extensive representation of the predominant biomes in
S2RP. Simultaneously, it ensured at least one comparison site for each biome.

The fact that the PlanetScope constellation captures a large volume of images over the
Earth’s surface every day has facilitated the temporal alignment of PlanetScope perimeters
with the S2RP period, and there are not significant misalignments in most of the sites.
However, since the acquisition of PlanetScope scenes is not systematic, there are significant
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date misalignments over limited areas of different comparison sites. However, we do
not have access to any other constellation with a systematic acquisition of images at this
spatial resolution.

Similar to Stroppiana et al. (2022) [13], PlanetScope perimeters were extracted using a
comparable approach to S2RP, adjusting the Random Forest algorithm to the PlanetScope
bands, and the approach was satisfactory. Nevertheless, it should be noted that the fact that
PlanetScope sensors do not capture electromagnetic energy in the SWIR wavelengths is a
disadvantage compared to Sentinel-2 images. Having access to bands in the SWIR range
would have allowed the calculation of burn indices such as NBR or NBR2, which would
likely have further improved the classification.

The precision metrics obtained after comparing the PlanetScope perimeters with S2RP
demonstrate overall satisfactory results, reflecting a significant agreement between both
datasets (DC = 93.9%, Ce = 8.4%, Oe = 3.8%, relB = 5.0%). This shows a higher agreement
than the obtained by Stroppiana et al. (2022) [13] in the comparison between their Sentinel-2
and PlanetScope derived BA fire perimeters in Subsaharan Africa (DC = 86.1%, Ce = 11.6%,
Oe = 15.6%, RelB = —4.0%). The higher agreement obtained in our comparison could be
related to the better temporal alignment of PlanetScope and Sentinel-2 time series in almost all
comparison sites, minimizing the temporal errors compared to Stroppiana et al. (2022) [13].

Most of the comparison sites have also yielded results indicating a high agreement
between both datasets, except for comparison site 8 in the Deserts & Xeric Shrublands
biome, which exhibited the highest commission errors (Ce = 44.79%), along with relatively
large omission errors (Oe = 13.63%). Upon visual analysis of the errors in this comparison
site, they mostly occur on croplands (Figure 8). Similarly, in comparison site 10, located
in the Mediterranean biome, it has also been observed that many of both commission and
omission errors occur on croplands.
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Figure 8. Agreement map of the comparison site 8 of Deserts & Xeric Shrublands biome.

On the other hand, since most of the PlanetScope scenes comprising the first and last
composite of the temporal series align perfectly or with a mismatch of just one day to the
preceding and subsequent dates of S2RP, generally, not many errors caused by temporal
misalignment between both datasets have been observed, except for comparison site 9 in
the Temperate Forest biome. In this site, which has the highest Oe value (15.44%), errors
caused by temporal mismatch have been observed in an area where the closing PlanetScope
composite of the temporal series is created with scenes from three days later than the final
date of S2RP (Figure 9).
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Figure 9. Illustration of the omission errors caused by a temporal delay in the final dates of the
PlanetScope composite in a region of the comparison site 10, of Temperate Forest biome. (a) The
PlanetScope difference image of the last PlanetScope reference short unit (dates: 10 March 2019 to
2 April 2019); (b) the Sentinel-2 difference image of the last S2RP short unit (dates: 20 March 2019 to
30 March 2019); and (c) the agreement map between both datasets.

Despite these errors due to the rapid loss of burned signal in croplands and temporal
precision issues, most differences between both datasets are mainly due to the lower spatial
resolution of S2RP (10 m) compared to the PlanetScope reference perimeters (3 m). This
difference has allowed the PlanetScope perimeters to better detect small fires, as well
as small unburned areas within large fires. Additionally, it has enabled more accurate
delineation of the borders of the fires. Despite its limitations, PlanetScope imagery was
effective to compare a subset of S2RP with a high spatial resolution product.

The validation of the global BA products showed an underestimation of BA in LAC,
with high Oe and negative relB for both FireCCI51 (Oe = 56.4%, relB = —43.1%) and
MCD64A1 (Oe = 57.6%, relB = —42.8%). FireCCI51 (DC = 55.6%, Ce = 23.3%) obtained
slightly better results than MCDA64A1 (DC = 53.9%, Ce = 25.9%). There are different
studies where accuracy metrics for both products have been calculated at different levels,
such as for different regional scales and specific land uses [47,48], or only for a specific
biome [49], some of them based on Sentinel-2 derived fire perimeters, similar to the accuracy
assessment conducted by Katagis and Gitas (2022) [16] for Mediterranean ecosystems and
the validation in croplands of Ukraine by Hall et al. (2021) [50]. However, there are fewer
validation approaches in a continental scale utilizing Sentinel-2 imagery, and to the best
of our knowledge, our validation using Sentinel-2 imagery for LAC is the first of its kind,
while Stroppiana et al. (2022) [13] conducted a similar validation at a continental level but
focused on Subsaharan Africa. Furthermore, other authors [11,14,15] conducted global
validations employing Landsat imagery, which has a lower spatial resolution (30 m). We
compare the accuracy metrics obtained on those global validations and on the validation for
Subsaharan Africa with Sentinel-2 imagery [13] with the obtained on this study in Table 6.
The results obtained for our study indicate in almost all metrics less precision for the global
products than the studies of Stroppiana et al. (2022) [13] and Franquesa et al. (2022) [11],
but better precision than Padilla et al. (2018) [14] and Boschetti et al. (2019) [15].

It must be said that the validation studies introduced in Table 6 are not ideal for
comparing with each other since the reference sample units belong to different geographical
areas, time periods, and sensors. However, such differences between different studies for
the same global BA algorithms could not be explained exclusively by those factors. As
suggested by Franquesa et al. (2022) [11], the main reason for the differences reported
among different studies with a similar methodological approach could be attributed to the
temporal length of the reference units. Franquesa et al. (2022) [11] employed reference units
with a minimum temporal length of 48 days, and the median length exceeded 100 days. In
the study by Stroppiana et al. (2022) [13], the minimum length was 35 days, and 86% of
the reference units ranged from 100 and 200 days. In contrast, our study’s reference units
generally have a shorter temporal length compared to Franquesa et al. (2022) [11] and
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Stroppiana et al. (2022) [13], with a minimum of only 5 days and a median of 70 days.
This shorter period could be due to the generally higher cloud coverage of LAC compared
to most of the extent of the rest of the globe. Nevertheless, the temporal length of our
reference units is generally higher than that of Padilla et al. (2018) [14] and Boschetti et al.
(2019) [15], where all reference units had temporal lengths between 8-16 days and 16 days,
respectively. Thus, this analysis reinforces the idea that the use of longer reference units is
preferable for validation exercises, to minimize the temporal imprecisions that are wrongly
attributed to spatial disagreements.

Table 6. Accuracy metrics of FireCCI51 and MCD64A1 obtained by Boschetti et al. (2019) [15],
Franquesa et al. (2022) [11], Padilla et al. (2018) [14], Stroppiana et al. (2022) [13], and this study. All
metrics are expressed in percentages.

FIRECCI51 MCD64A1
This Stroppiana Franquesa  Padilla This Stroppiana Franquesa  Padilla Boschetti
Metric Stud et al. (2022) etal. etal. Stud et al. (2022) etal. etal. etal.
y [13] (2022) [11]  (2018) [14] y [13] (2022) [11]  (2018) [14] (2018) [15]
DC [%] 56 67 28 54 58 62 48 -
Ce [%] 23 19 54 26 21 19 35 40
Oe [%] 56 43 67 58 54 49 62 73
relB [%] —43 —32 —29 —28 —43 —42 —38 —41 —54

By biomes, the best results in terms of DC were achieved for savannas (in Temperate
Savanna: FireCCI51 DC = 66.7%, MCD64A1 DC = 67.3%; in Tropical Savanna: FireCCI51
DC = 62.7%, MCD64A1 DC = 60.6%). Meanwhile, the worst accuracy metrics were for
Deserts and Xeric Shrublands, where omission errors were very high (FireCCI51 Oe = 98.0%,
MCD64A1 Oe = 98.9%), most of them related to croplands and small fires. Nevertheless, the
accuracy results by biome should be interpreted with caution for the Temperate Savanna,
Deserts and Xeric Shrublands, Temperate Forest, and Mediterranean biomes, since only
four samples are represented for each of them.

The Tropical Forest biome and the Tropical Savanna biome are better represented in
S2RP, with 24 and 16 samples, respectively. In Table 7, commission and omission errors of
FireCCI51 and MCD64A1 obtained for both biomes by our study and by Franquesa et al.
(2022) [11] are illustrated. Since Franquesa et al. (2022) [11] validated both products for
three different years, we have compared our metrics with the range of values obtained
for those three years. The accuracy metrics obtained for the Tropical Forest biome are
similar for both studies. Such low accuracies for this biome, with especially high omission
errors, could be explained by the fact that tropical forests show a fast understory vegetation
regrowth, and with the influence of unburned canopies in the spectral signal, complicating
the detection of BA [34]. Regarding to the Tropical Savanna biome, metrics show a higher
accuracy compared to the forest. Franquesa et al. (2022) [11] obtained in general slightly
better precisions for that biome than in our study, especially related to omission errors.
Nevertheless, the differences are always lower than 10%, and could be related to the
different geographical area covered or to the sensors employed.

Finally, it must be noted that the reason why we used the FireCCI51 and MCD64A1
global BA products as examples of a validation approach is that since their accuracy
assessment is largely addressed in the literature, it is possible to contextualize our validation
results. Nevertheless, S2RP is suitable for validating any other BA product with a coarser
spatial resolution (>10 m) that covers LAC for the year 2019.
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Table 7. Commission and omission errors [%] of FireCCI51 and MCD64A1 obtained by Franquesa et al.
(2022) [11] and this study for the Tropical Forest and the Tropical Savanna biomes. The range of
values of the study of Franquesa et al. (2022) [11] expresses the minimum and maximum between the
three years validated.

FireCCI51 MCD64A1
Ce [%] Oe [%] Ce [%] Oe [%]
. Franquesa . Franquesa . Franquesa . Franquesa
Biome S{h;s etal. (2022) sTth;s etal. (2022) S];h;s etal. (2022) sTthzls etal. (2022)
i [11] nad [11] i [11] nd [11]
Tropical forest 30.2 22.0-34.0 72.8 66.7-72.2 35.2 20.6-35.7 72.7 70.9-78.6
Tropical Savanna 20.5 15.1-20.6 48.3 34.8-39.9 23.1 13.8-22.7 50.0 39.9-45.2

5. Conclusions

S2RP is a database of reference fire perimeters in LAC for the year 2019, created using
Sentinel-2 images. The database was developed following a statistically robust sampling
methodology adapted to the Sentinel-2 tiling grid system [13], and a procedure was fol-
lowed to ensure that the temporal period of the reference perimeters was as long as possible
to minimize temporal errors when using these perimeters to validate BA products [11]. Not
establishing rigid metadata-based criteria to discard tiles before sampling made it more
representative of the Sentinel-2 tiles in LAC. Although the achieved temporal length is
generally shorter than in other studies that adopted strict criteria, S2RP remains a valid
database for validating global BA products. Its comparison with reference perimeters cre-
ated using high-resolution PlanetScope images indicates high accuracy metrics. Although
the comparison cannot be generalizable to the entire dataset, the results obtained after se-
lecting comparison sites to account for the variability of S2RP biomes are favorable. Finally,
S2RP has been used to validate the global products FireCCI51 and MCD64A1, yielding
results that generally align well with previous validations for these products by different
works. Notably, in comparison with other validation studies, global products in our re-
search exhibited lower errors when compared to studies that used reference perimeters of
shorter temporal length and higher errors when compared to studies that used perimeters
of longer temporal length. This reinforces the idea that using perimeters of longer temporal
length is advisable for spatial accuracy studies of global BA products. The S2RP database
can be downloaded at https://doi.org/10.21950/GZU7II, accessed on 7 February 2024.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/rs16071166/s1, Table S1: Threshold values determined to each biome for
the high/low fire activity stratification. The value was defined in the 80th percentile. Table S2: Total
burned, unburned, and unobserved area, and corresponding percentage (%) for each biome. Table S3:
The characteristics of the selected S2RP-PlanetScope comparison sites: n° and country of the site; the
coordinates of the site centroid and its total area; the biome, burned, and unobserved percentage,
and the period of the overlapping sample unit and its tile; and the PlanetScope period, number of
PlanetScope scenes employed, and the composites downloaded.
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