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Abstract: Wildfire detection and mapping is crucial for managing natural resources and preventing
further environmental damage. In this study, we compared two methods of mapping burn scars
using Sentinel-2 satellite imagery, a pixel-based approach and an object-based approach, at test sites
located in various climatic zones with diverse land cover synthesis. The study aimed to determine the
advantages and limitations of each method in terms of accuracy and precision in detecting burn scars.
The results showed that both methods could detect burn scars with high accuracy, but with some
limitations. The F1 score was in the range of 0.64-0.89 for the object-based approach, and 0.58-0.90 for
the pixel-based approach. The pixel-based method produced a more precise delineation of the burnt
area, but it was only suitable for detecting burn scars in a limited area of interest. The object-based
method, on the other hand, was able to detect burn scars over a larger area accurately but with some
commission errors. The results of both methods were also compared to the Copernicus Emergency
Management Service (CEMS) rapid mapping product.

Keywords: burn scar; detection; object-based; pixel-based; Sentinel-2

1. Introduction

Forest fires, regardless of their causes, have a negative impact on society [1-3], the
environment [4-6], and the economy [7,8] worldwide. They also alter the carbon cycle and
speed up climate change [9]. On the other hand, global warming intensifies fire regime
and fire severity [10,11]. Thus, it results in a self-feeding, autocatalytic process, which
accelerates the pace of changes. Therefore, the monitoring of burnt areas is crucial for the
proper management of forest fires and reduction of their negative impact.

Mapping of burnt areas is performed using satellite images with different spatial and
temporal resolutions. In [12], a comprehensive review of burn scar mapping methods using
Earth Observation techniques is presented. Later, new approaches were developed [13-18].
The detection of burnt areas is based on the interaction of an electromagnetic wave with
objects on the Earth’s surface, described by several indices derived from the spectral bands
of optical satellite images: the Normalised Difference Vegetation Index (NDVI) [19,20],
the Global Environmental Monitoring Index (GEMI) [21], the Burn Area Index (BAI) [22],
the Normalised Burn Ratio (NBR) [23], and their modifications: the differenced Nor-
malised Burn Ratio (ANBR) [24], the multi-temporal differenced Normalised Burn Ratio
(dANBRMT) [25], and the Burned Area Index for Sentinel-2 (BAIS2) [26].

From the point of view of burnt area monitoring, the methods which do not require
a set of training data are particularly valuable. Automated approaches usually consist of
two-phase algorithms: first, they detect “core” (also known as “seed”) burnt segments or
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pixels, and then they apply procedures to improve the delimitation of burn scars. Several
methods for determining “core” burn scars have been developed. The first group of
methods uses information on historical burnt and unburnt areas to iteratively define the
decision criterion [27], to calculate membership functions of fuzzy sets [28,29], and to make
predictions with a gradient-boosted regression model [30] for the “core” mapping. The
second group looks for negative outliers in a time series [31]. The third group of methods
uses adaptive thresholding based on image statistics [13,18] or active fires products [16].
Procedures for improving the delimitation of burn scars are based on the logistic regression
approach [27], watershed region growing [31], spectral distance of neighbouring objects to
the core burnt area [13], and mean-shift segmentation [18].

The majority of burnt area mapping methods use pixel-based classification
approaches [14-18,27-29]. However, there are some works in which object-based classifica-
tion approaches are applied [13,32,33]. The evaluation of the advantages and disadvantages
of both approaches was carried out, among others, for land cover [34,35], urban environ-
ment [36,37], and landslides [38]. However, to the best of our knowledge, it has not been
analysed in the context of automatic burnt area mapping.

The main aim of this work was to perform a remotely sensed detection of burnt and
non-burnt areas within selected test sites with the use of two different approaches—pixel-
and object-based—and then to compare the resulting maps with each other and with
Copernicus EMS rapid mapping products, as well as to assess their accuracy against
reference data extracted from high-resolution satellite images. For this purpose, we selected
and applied two-step methods based on adaptive thresholding [13,18] on four test sites.
The second objective was to perform an analysis of the applicability of both methods in
various conditions, such as vegetation type, land cover composition, or climate zone, in
order to highlight the advantages and disadvantages of each approach.

2. Test Sites and Data
2.1. Satellite Imagery

The pairs of pre- and post-event Sentinel-2 L2A (surface reflectance) images acquired
for each test site (Table 1) were used in the processing chain of both algorithms. A total of
eight satellite tiles were downloaded. All tiles were clipped to the boundaries of the test
sites (see Section 2.3) and then further processed.

Table 1. Satellite imagery used for mapping of burn scars and validation.

Test Site (TS) TS 1 Poland TS 2 Sweden TS .3 United TS 4 Greece
Kingdom

. Sentinel-2 L2A, Sentinel-2 L2A, Sentinel-2 L2A, Sentinel-2 L2A,
Pre-event image

25 March 2020 4 July 2018 24 June 2018 1 August 2021
Post-event Sentinel-2 L2A, Sentinel-2 L2A, Sentinel-2 L2A, Sentinel-2 L2A,
image 14 May 2020 27 July 2018 14 July 2018 16 August 2021
Reference image PlanetScope, PlanetScope, PlanetScope, PlanetScope,
& 8 May 2020 27 July 2018 14 July 2018 15 August 2021

Four-band surface reflectance PlanetScope images from © Planet Labs PBC (San Fran-
cisco, CA, USA) [39] acquired after the fire events served as a reference data source. Better
spatial resolution (3 m vs. 10 m) allowed for detailed visual interpretation of burnt areas [40].

2.2. Auxiliary Data

The auxiliary data from various sources and databases (see Table 2) were used at
different stages of processing chain and for comparison of test sites with each other. The
elevation data from the Shuttle Radar Topography Mission (SRTM) by NASA [41] served
as a base for slope layer calculation that was performed in the object-based method. Digital
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elevation models (DEMs) were also used to assess the altitude diversity of the studied areas.
For this purpose, three different DEMs were used: 10 m DEM LiDAR [42] from the Head
Office of Geodesy and Cartography in Poland (TS1), 30 m ALOS World 3D [43] from JAXA
(TS2), and 30 m SRTM (TS3 and TS4).

Table 2. Auxiliary data used for mapping of burn scars and validation.

Test Site (TS) TS 1 Poland TS 2 Sweden TS .3 United TS 4 Greece
Kingdom
Activation no. of EMSR
C(C) Ianli‘;us 1(«:)1\/?5 EMSR 436—Lillhardal EMSR EMSR
pe . 436—Goniadz) and Strandas- 436—Mossley 436—Diabolitsi
Rapid Mapping
myrvallen
. DEM SRTM v.3.0 DEM ALOS DEM SRTM v.3.0 DEM SRTM v.3.0
Elevation (NASA), DEM World 3D (NASA) (NASA)
LiDAR (GUGIK) (JAXA)
Clouds and Sentinel-2 Land Sentinel-2 Land
sﬁz d(iws Cover band, 15 Cover band, 27 n/a n/a
May 2020 July 2018
Land cover S2GLC 2017 S2GLC 2017 S2GLC 2017 S2GLC 2017

In order to exclude clouds and shadows during the classification process and valida-
tion of the results, the Sentinel-2 Land Cover (SLC) layer attached to the L2A dataset of
each image tile was used [44]. The following classes were masked out: cloud shadows,
medium cloud probability, high cloud probability, thin cirrus, snow, and ice. For analysis of
land cover distribution inside each test site, the Sentinel-2 Global Land Cover 2017 (S2GLC)
dataset [45] was used. It has a spatial resolution of 10 m and contains 13 classes.

Products of the Rapid Mapping activations of the Copernicus Emergency Management
Service (EMS) [46] were used to extract the information on the extent of the fire, its area,
and the type of land cover that was directly burnt. Table 2 lists all the auxiliary data used
in this study.

2.3. Test Sites

Four regions were selected from the Copernicus Emergency Management Service’s
Rapid Mapping Activations database of wildfires and forest fire products. Each region
had to contain at least one fire burn scar visible in a given period of time, be distributed in
different climatic zones in Europe, and represent different types of land cover affected by
fire (Figure 1). In addition, burn scars had to occupy at least 1000 ha of land.

The size of test sites was set at 50 x 50 km, which is a quarter of the area of one
Sentinel-2 tile. Even though the burn scars covered between 0.4% and 1.9% of each site,
such a large terrain allowed for different land covers and landscape characteristics to
be captured. The size of the selected test sites provided an opportunity to see how the
algorithms cope with potential commission error.

2.3.1. Poland

The Polish test site is located in north-eastern Poland, east of Goniadz, on the north
bank of the Biebrza River (Figure 2). The fire started in the afternoon of 19 April 2020, and
the extent of the burnt area did not expand after 26 April 2020 (53°33/03.6" N, 22°48/50.4"
E). As stated in the Copernicus EMS product, the burnt area covered about 5327 ha and
concerned marshes, peatbogs, meadows, reeds, forest, and shrub, located on a relatively
flat terrain. According to the S2GLC database, the entire test site is mainly cultivated (32%)
or covered by coniferous trees (25%), herbaceous vegetation (20%), broadleaf trees (14%),
marshes (4%), peatbogs (2%), and other (3%). It is situated in a warm temperate transitional
climate zone.
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Figure 1. Location of test sites in Europe (red rectangles).
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Figure 2. (left) Test site 1 in Poland; background—Sentinel-2 Global Land Cover 2017. (right) Close-
up on the burn scar; background—shaded DEM 10 m (LiDAR/GUGIK). Black polygon marks the
extent of the reference polygon.

2.3.2. Sweden

The Swedish test site is located in central Sweden, in the Jamtland county. In this area of
interest, two burn scars are noted: one situated north of Strandasmyrvallen (61°48'39.6” N,
14°25'55.2" E), and the other further in the north-west direction, north-west of Lillhardal
(61°54'25.2"" N, 13°57'28.8" E). The fire started on 16 July 2018 and covered about 4849 ha
of land in total, as stated in the Copernicus EMS maps. Those products also provide
information on the type of land cover that burnt, mainly forests, shrub or herbaceous
vegetation, and wetlands. The entire test site, according to the S2GLC database (Figure 3),
consists mainly of coniferous tree cover (54%), peatbogs (15%), moors and heathland (8%),
broadleaf trees (7%), marshes (6%), herbaceous vegetation (6%), water bodies (2%), and
other (2%). It is situated in a cold temperate transitional climate zone.

2.3.3. United Kingdom

The test site in Great Britain is located east of the town of Mossley, east of Manchester, and
includes the Saddleworth (Figure 4). Moor (53°30'28.8” N 1°59'20.4” W). A peat moor burnt
for 3 weeks from 24 June 2018 to 18 July 2018, and as reported in the map published under
Copernicus EMS activation, the total burnt area was 1020 ha. The wildfire mainly covered
wetlands and moors spreading on the hills of the Pennines. According to S2GLC 2017, the
entire test site consists mainly of herbaceous vegetation (30%), broadleaf trees (18%), artificial
surfaces including built-up areas and roads (15%), peatbogs (14%), moors and heathland
(13%), and other (10%). It is situated in a warm maritime temperate climate zone.
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Figure 3. (left) Test site 2 in Sweden; background—Sentinel-2 Global Land Cover 2017. (middle) and
(right) Close-up on the burn scars; background—DEM 30 m (ALOS World 3D/JAXA). Black polygons
mark the extent of the reference polygons.
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Figure 4. (left) Test site 3 in the United Kingdom; background—Sentinel-2 Global Land Cover 2017.
(right) Close-up on the burn scar; background—shaded DEM 30 m (SRTM/NASA). Black polygon
marks the extent of the reference polygon.

2.3.4. Greece

The Greek test site is located north-east from Diabolitsi town, in Messinia in the
Peloponnese Region (37°19'08.4"” N 22°0043.2” E). The fire broke out on 4 August 2021.
According to Copernicus EMS activation, the total burnt area was 5107 ha. The burnt
terrain contained mainly pine forests and cultivations in the mountainous landscape with
steep slopes. The entire test site consists mainly of broadleaf trees (38%), sclerophyllous
vegetation (27%), herbaceous vegetation (13%), vineyards (9%), cultivated areas (3%), and
other (10%), according to the S2GLC 2017 dataset (Figure 5). It is situated in a maritime
subtropical climate zone.
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Figure 5. (left) Test site 4 in Greece; background—Sentinel-2 Global Land Cover 2017. (right) Close-
up on the burn scar; background—shaded DEM 30 m (SRTM/NASA). Black polygon marks the
extent of the reference polygon.
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3. Methods

This chapter presents a brief description of the applied algorithms—object-based and
pixel-based, validation process, and comparison. Both algorithms first detect the main bulk
of the burnt area, i.e., the union of all regions with spectral characteristics indicating a high
probability of fire damage and then refine this area incorporating units (pixels or objects)
that have been less evidently affected by the fire. The main bulk of the burnt area initially
detected in both approaches is referred to as the core burnt area. The detailed description
of algorithms, their implementation, and their performance are found in [13,18].

3.1. Object-Based Algorithm

The algorithm makes use of bi-temporal reflectance images. An extended description
of the algorithm and equations is provided in [13]. It consists of five main steps: band arith-
metic; multi-level segmentation and masking; detection of core burnt areas; region growing;
and post-processing. In the first step, spectral indices are computed: the Normalised Burn
Ratio (NBR) [23],

NBR = (NIR — SWIR)/(NIR + SWIR) 1)

and the Normalised Difference Vegetation Index (NDVI) [19],
NDVI = (NIR — R)/(NIR + R) (2)

In the first stage of the segmentation process, AOIl is divided into homogeneous square
objects using cloud mask layers of images t1 (pre-event) and t2 (post-event). The objects
which contain information about clouds, shadows, snow, and water are classified and
excluded from further analysis. Any remaining unclassified objects are then merged again
and re-segmented to obtain objects, which will be directly used for burnt area mapping.
This step uses the multiresolution segmentation method [47]. Trial and error showed
that the best layers for segmentation are the NBR at t2 and the difference of NIR spectral
channels at t1 and t2. The scale parameter is set at 100 and does not need to be changed
between scenes. The next step, core burnt area classification, has two-stages. Firstly,
potential burnt areas are classified on the basis of the NBR layer of the post-fire image.
Objects that fulfil the following condition are considered for further analysis:

1o < (Ms — 05) 3)

where Lo is the mean for an object of NBR_t2, yig is the mean for layer NBR_t2, and o5 is
the standard deviation for NBR_t2. Secondly, differences in each spectral parameter are
calculated for pre- and post-fire images of the scene. We consider the following differences
of spectral parameters: indices—dNBR, dNDVI spectral bands—near infrared (dNIR) and
shortwave infrared (dASWIR1, dSWIR2). These values are used to calculate the threshold for
a specified pair of images. They are expressed as relative values and calculated as follows:

dis = 100 — (g t1-100)/ g t2 )

where dyg is the difference of a spectral parameter at scene level, pstl is the mean of a
spectral parameter of a pre-fire image, and ug t2 is the mean of a spectral parameter of
a post-fire image. Objects of potential burnt areas are reclassified into core using a set of
variable thresholds (T) that are calculated as linear or polynomial functions of the difference
between pre- and post-fire images or as a function of a post-fire (t2) image. Threshold
functions and an explanation of how they were established is provided in [13]. After the
classification of objects into core burnt areas, they are merged, and relations between them
and neighbouring objects are analysed. Neighbouring objects are classified as burnt if their
spectral distance of layer dNBR (difference of NRB in t1 and t2) from the core is lower than
the standard deviation of all areas classified as burnt:

(MBA — OBA) < HO < (KBA + OBA) %)
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where ugp is the mean of ANBR values of the total burnt area detected on the scene, oy is
the standard deviation for dNBR values in the total burnt area detected on the scene, and
1o is the mean of the dNBR value of each object adjacent to the core burnt area object. The
process is iterative—after an object is classified as burnt area, it is merged into core object,
and the procedure is repeated.

The last step of the classification is post-processing. Each class of objects—classified
as burnt areas, unclassified, and excluded in the first step—are merged, and the minimum
mapping rules are applied. Minimum mapping unit is set to 1 ha. Moreover, enclosure
analysis is carried out, and small unclassified areas or clouds are reclassified into burnt areas.

3.2. Pixel-Based Algorithm

The pixel-based methodology is realised through a two-phase approach. The first
phase includes the detection of core burnt areas, while in the second phase, a localised
adaptive thresholding approach is applied to optimise the pixel-based discrimination into
burnt and unburnt classes. The NBR index is used to detect the core burnt areas. It is
calculated for the extent of the image following the fire event.

The first phase starts with masking out water bodies, non-vegetated areas, clouds,
and smoke, because according to preliminary experiments, these elements render the
core burnt area detection output prone to noise. First, the water bodies are excluded by
utilising the Normalised Difference Water Index (NDWI) [48]. Then, in order to identify the
non-vegetated areas, the Normalised Difference Vegetation Index (NDVI) [49] is estimated,
for both images, prior to and after the fire event, and their difference dNDVI is thus
employed. Eventually, a pixel is considered non-vegetated when the NDVI index for both
images—before and after the event—is less than 0.17 and its state has not changed more
than 0.04 (ANDVI < 10.041) [13] (thresholds may be adapted per landscape synthesis in
an area). Finally, clouds, smoke, and bad pixels are identified as such using the Scene
Classification Layer (SCL) provided by Sentinel-2 Level 2A products.

At the second phase, the first step is to estimate an initial threshold (Thy;;) for the
discrimination between core burnt and unburnt areas. This is carried out by thorough
reviewing the histogram spectral range of the NBR index in the image while juxtaposing it
with the known situation on the ground from the reference data (see Section 3.3). Thjpi is
defined as the value, for which the first deep valley of the histogram is detected. Then, a
first categorisation is performed on the basis of this initial threshold as follows: if the NBR
value of a pixel (p) is lower than the Thjnj; (NBR(p) < Thyyit), then the pixel is considered
burnt, or else it is labelled as unburnt (similar to [18]). This is in line with the expected
spectral behaviour, i.e., lower NIR and higher SWIR values for burnt areas; thus, lower
NBR values. This first clustering is based upon the assumption that the histogram of the
NBR index is the sum of two partially overlapping distributions, the distribution of the
unburnt pixels and the distribution of the burnt ones. A relative example for this procedure
comes from [50], who determined the threshold from the sequential criteria assessment
of the frequency distribution of dNBR values over a sample area with known fire activity
based on the presence of MODIS Active Fire detections and the success rate of burnt area
masks mapped per ecosystem of interest. At this point, an initial map has been produced,
which depicts core burnt and unburnt areas.

As a second step, the post-fire RGB image (derived from the Sentinel-2 Red (B4), Green
(B3), and Blue (B2) bands) is segmented using the mean-shift segmentation algorithm [51].
The segmentation output consists of segments with pixels of similar spectral behaviour
leveraging on the highest possible spatial resolution provided by the aforementioned bands.
Segments are then overlaid with the initial map from the previous step; the ones with a
high percentage of burnt pixels (>70%) are selected, and their centroids (Cm) are calculated.
Around each Cy, square patches of expanding size pk, are centered and the size of each
patch in pixels is calculated as (20-k) x (20-k), k =1, 2, ...20. Minimum Cross Entropy
Thresholding [52] is then utilised to estimate the threshold for the binary classification for a
given size. The optimal threshold ™ for each segment, with centroid (Cyy,), is calculated
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as the median of all the expanding windows. The optimal splitting threshold for the scene is
finally estimated as the median of all the segments” optimal thresholds Thg, = median_(m
=1...M) (f"opt). Pixels (p) with NBR(p) < Thgp, are considered burnt. The final map
contains pixels that, on the basis of the localised approach, have a high probability of being
labelled as burnt.

3.3. Validation

For each test site, the extent of the reference polygons of burn scars were prepared on
the basis of the PlanetScope satellite image manual interpretation. The first step was to set
a threshold on the NIR band of the PlanetScope image so that it indicated the burnt area in
a general way and, after vectorisation, could be the basis for correction of the course of the
boundary between the burn scar and the remaining land (layer 1). Then, the NDVI was
calculated, and a threshold was set to delineate green vegetation from other land cover
(layer 2). This layer was helpful in excluding unburnt places inside the burnt area. Finally,
the main work was conducted by means of visual interpretation of images in various colour
compositions, taking additionally into consideration these two layers (layer 1 and layer 2).
Burnt areas were manually digitised on screen to obtain the pixels delineating exactly the
damaged area.

In the case of test sites 1 and 2 (Poland and Sweden), clouds and shadows, present in
the post-event Sentinel-2 images, were removed with the use of a mask layer included in
the Sentinel-2 Land Cover (SLC) band attached to Level 2A tiles. The same mask was used
in both detection algorithms. In order to maintain the uniformity of materials needed for
later comparison, the following classes were masked out in the reference polygons: clouds
shadows, cloud medium probability, cloud high probability, thin cirrus, snow, and ice.

The reference polygons were used to prepare four sets of reference points, one for each
test site. Each set contained 25,000 points randomly spread inside the entire test site with
a stratification into burnt and unburnt areas. The number of points corresponding to the
burn scar reference polygon depended on the area it occupied in relation to the entire test
area. It ranged from 94 to 446 points (Table 3), as burn scars accounted for 0.38% to 1.78%
of each test site.

The reference points were used to validate the results of burn scar detection with object-
and pixel-based methods, as well as the extent of fire-damaged areas from Copernicus EMS
activations. The accuracy was assessed with the use of confusion matrix that indicated
true positives (TP), false presences (FP), and false negatives (FN) on the basis of which the
following measures were calculated: precision, recall, and overall accuracy (OA), as well as
F1 score [53]. Precision is a ratio of correctly classified “burnt” points to all points classified
as burnt. The lower the value of precision, the greater the commission error. Recall is a ratio
of correctly classified “burnt” points to all points that are actually burnt. The lower the
value of recall, the greater the omission error. F1 score is a harmonic mean of the precision
and recall. The higher the F1 score, the more perfect precision and recall. Overall accuracy
is a ratio of correctly classified points to the total number of reference points.

3.4. Comparison

Overlaying the extent of reference polygons on the burnt area determined by the pixel-
and object-based methods and then comparing these results with the satellite image, the
elevation map, and the land cover map, it was possible by means of visual interpretation to
determine the types of land cover or the type of landscape, for which the algorithm resulted
in misclassifications.

Core areas resulting from both algorithms were also examined. For this purpose,
raster results were processed into vector form, both core and final burnt areas. Then, the
core burnt areas were intersected with the corresponding reference burnt areas, and in
the same way, the final burnt areas were intersected with the reference burnt areas. For
each polygon created this way, their area was calculated, and then the percentage share
of core areas and final areas in relation to the reference polygon area was calculated. On
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this basis, conclusions could be drawn about the size of the omission error generated by
each algorithm and the extent, to which the applied post-classification and optimisation
methods influenced the final result.

4. Results

Figure 6 shows reference polygons and burn scars detected by each method. The
results of mathematical validation are presented in the Table 3 and described in Section 4.1.
Tables 4 and 5 collect the insights from visual validation, which are described in Section 4.2,
together with the results of comparison.

Object-based method ased method i Copernicus EMS

Sentinel-2 L2A Reference polygon

object-based metod pixel-based metod
I reference burnt area [0 core core
. burntareas . burntareas
EMS Copernicus burnt area - final - final

Figure 6. A close-up of burnt areas in (a) TS1 Poland, (b) TS2 Sweden, (¢) TS3 United Kingdom, and
(d) TS4 Greece. From left to right: Sentinel-2 satellite image (bands 12-8-4), reference polygon (in
pink), object-based method (light blue—core burnt area, dark blue—final burnt area), pixel-based
method (light violet—core burnt area, dark violet—final burnt area), Copernicus EMS (in yellow).
The background image is Sentinel-2.

4.1. Validation of Burn Scars Maps

Validation of EMS rapid mapping burn scar delineation maps showed that in general,
none of them showed omission errors in relation to the reference extent of the fire (Table 3,
Figure 7). The burn scar in the UK showed a slight commission error, and in Greece and
Sweden had larger commission errors. In the case of Poland, the F1 score was much better
than the results given by object- or pixel-based methods.

However, it must be noted that both tested methods always used Sentinel-2 images as
a base for classification, and this is not the case in the Copernicus EMS mapping procedure.
EMS used different sources of input data, namely, for Poland, Sweden, and Greece, it was
SPOT 6/7, and for the UK, it was GeoEye-1 and SPOT 7. These satellites have sensors of
better spatial resolution, and sometimes the images are acquired on a date that is closer to
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the event, so the vegetation changes are not as large, like when only Sentinel-2 images are
used. There are also differences in the cloud cover amount during the acquisitions. These
two conditions were revealed in the case of test site 1 and had an impact on such a good
result of the EMS Copernicus map compared to the tested algorithms.

Validation results
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o
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o
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Figure 7. Intercomparison of accuracies of the maps produced with the three (3) different methods.

Table 3. Validation results.

No. of

No. of Burnt Non-burnt OA
Test Site Method Reference TP FP FN Recall Precision F1 o
. Reference (%)
Points .

Points
pixel-based 293 212 153 0.66 0.58 0.62 98.54
TS1PL object-based 446 24,554 222 24 224 0.50 0.90 0.64 99.01
EMS Copernicus 445 14 1 1.00 0.97 0.98 99.94
pixel-based 268 82 100 0.73 0.77 0.75 99.27
TS2 SE object-based 368 24,632 232 116 136 0.63 0.67 0.65 98.99
EMS Copernicus 361 264 7 0.98 0.58 0.73 98.92
pixel-based 90 125 4 0.96 0.42 0.58 99.48
TS3 UK object-based 94 24,906 91 20 3 0.97 0.82 0.89 99.91
EMS Copernicus 94 20 0 1.00 0.83 0.90 99.92
pixel-based 362 45 35 091 0.89 0.90 99.68
TS4 GR object-based 397 24,603 324 25 73 0.82 0.93 0.87 99.61

EMS Copernicus

395 122 2 1.00 0.76 0.86 99.50

The developed confusion matrices showed that, taking into account the two tested
methods, the detection of the burnt area was the best for the Greek test site. The F1 score
was 0.87 for the object-based method and 0.90 in the case of the pixel-based method. The
worst results were obtained for the Polish site, with F1 equal to 0.62 for the pixel-based
method (caused by both commission and omission errors) and 0.64 for the object-based
method (caused by omission error). The results in Sweden and the United Kingdom areas
varied. The largest difference in F1 score between both methods was recorded for the test
site in the UK, where the object-based method achieved 0.89 (small commission error) and
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the pixel-based method achieved 0.58 (large commission error, however, recall was very
good, which means almost no omission errors). The results in Sweden were opposite—the
pixel-based method achieved F1 equal to 0.75 (small omission and commission errors), and
the object-based method achieved 0.65 (both omission and commission errors).

Overall accuracy was very high. For the object-based method, accuracy ranged from
98.99% to 99.91%; for the pixel-based method, from 98.54% to 99.68%; and for EMS rapid
mapping, from 98.92% to 99.94%. However, overall accuracy values have to be analysed
with the awareness that they are not entirely reliable, due to the large disproportion between
the number of burnt and non-burnt reference points.

4.2. Comparison of the Pixel- Versus Object-Based Approach
4.2.1. Visual Analysis of the Results
Table 4 presents the main classification errors detected for each test site by visual

analysis of the results. As far as possible, the errors are ordered starting from the most
frequent or those occupying the largest areas.

Table 4. The results of visual analysis of misclassified places within the respective test sites.

Object-Based Method Pixel-Based Method

TS 1 Poland

Commission Errors

- large clusters of pixels in meandering river valley

water in the river Biebrza over a distance of of Biebrza

several kilometers

large cluster of pixels in a forest on wetland

- some fields which on the pre-event image are covered
with green vegetation and on post-event image are

strips of green vegetation inside the main burn scar open ground
one field which on the pre-event image is covered with - single pixels and small pixel clusters on farmland, cut
green vegetation and on post-event image is an forest, shadowed edges of forest, shores of

open ground

water reservoirs

two small clusters of pixels on cloud shadows - some edges of clouds and cloud shadows

- some mowed meadows

Omission Errors

forest
meadows

- forest

TS 2 Sweden

Commission Errors

cloud shadows
clouds

patches of green vegetation, lakes, and strips of roads

inside burn scar

- single pixels and small pixel clusters on water reservoirs
(especially close to shores) and forest
- some edges of clouds and cloud shadows

Ommission Errors

- forest

- forest

TS 3 United Kingdom

Commission Errors

patches of green vegetation inside burn scar
parts of three water reservoirs and a few small lakes
the edges of some clouds and small parts of shadows

- single pixels and small pixel clusters on various land
cover: build-up areas, farmland, meadows, roads, water

- some shores of water reservoirs

- some mowed meadows
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Table 4. Cont.

Object-Based Method Pixel-Based Method

Omission Errors

- small areas inside and one bigger at the edge of the main

none
burn scar
TS 4 Greece
Commission Errors
- open ground inside the burn scar
- single pixels and pixel clusters on various forms of land
- roads, patches of green vegetation, and open ground cover: cloud shadows, meadows, boundary between

inside the main burn scar
- parts of water reservoir

forest and non-forest area, open pit mine, open ground
along railroad, some farmland

- shores of water reservoirs

- the edge of one cloud

Omission Errors

- some vineyards

- burnt grass between single trees and bushes - burnt trees

As a result of the visual analysis of the algorithms’ outputs, a summary, included
in Table 5, was created. It lists places that were incorrectly classified. The pixel-based
method resulted in more commission errors. Some unburnt places were classified as burnt.
However, there were also elements that were characteristic for the object-based approach.
The misclassification of small unburnt areas surrounded by burnt areas resulted from the
applied minimum size of objects and, in particular, from the post-classification tools used,
which generalise the extent of the burnt area.

Table 5. Summary of the visual analysis of misclassified places within all test sites. The more pluses,
the more test sites where the problem occurred.

Commission Errors Omission Errors
Object-Based Pixel-Based Object-Based Pixel-Based
Cloud or its rim ++ +++
Cloud shadow or its rim + ++
Water reservoir +
Shore or part of water reservoir + ++
Part of river or river’s valley (Figure 8) + ++
Mowed meadow ++
Single pixels or small clusters of pixels with + it
various land cover types
Green vegetation inside main burn scar +++
Other land cover inside main burn scar +++ +
Trees or forest + ++ +++
Meadow +
Vineyard +
Burnt grass between single trees or bushes +

Some errors were present on water bodies as well (Figure 9). This may indicate that
the water index was not fully effective in detecting water. In the case of the pixel-based
approach, a large number of individual or small clusters of pixels occurred in the unburnt
area. They appeared on different types of land cover, and it was difficult to determine any
prevailing one.
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Figure 8. Snapshot example of misclassification in the case of water reservoirs. Sentinel-2 images
with burn scar classification: blue—object-based method, orange—pixel-based method.

Omission errors occur primarily in areas covered with groups of trees or forest. This
applies to both methods. If only the litter and undergrowth are burnt and show through
between the unburnt treetops, the spectral response of such an area is not classified as burnt
ground for both algorithms. Some parts of a forest are counted as burnt as a result of post-
classification in the case of the object-based method, but this is quite random. Most burnt
areas covered with trees are not detected. This was also confirmed by the low compliance
values presented in the Table 5 for test sites in Poland and Sweden.

The applied cloud and shadow mask did not eliminate all areas that should be ex-
cluded from the analysis (Figure 10). This is a problem that influences both approaches
because the same mask has been used.

Figure 9. Snapshot example of misclassifications in the case of clouds and shadows. Sentinel-2 images
with burn scar classification: blue—object-based method, orange—pixel-based method.

Figure 10. Snapshot example of misclassification in the river valley. (left) Sentinel-2 image; (right)
Sentinel-2 image with burn scar classification: blue—object-based method, orange—pixel-based method.
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4.2.2. Comparison of Accuracies of Object- and Pixel-Based Approaches

Both detection algorithms generate semi-finished products called core burnt areas.
The results of comparing the extent of core areas and reference polygons (see Section 3.3)
are demonstrated in the Figure 11. It can be seen that in the case of the third test site (UK),
core areas had a very high percentage of coverage with the reference polygons and thus
little could be improved in post-processing and optimisation of initial detection. It complies
with the absence of omission errors, as proven by validation.

Comparison of core and final burnt areas
versus reference burnt areas
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Figure 11. Comparison of core and final burnt areas versus reference burnt areas.

The greatest difference between the core burnt area and the final burn scar was revealed
in the case of test site in Greece (both methods) and in Sweden (only pixel-based method).
This could be related to the strong heterogeneity of burnt areas connected both to the
composition and vertical structure of the burnt ecosystem and to the varied intensity of fire.

Relatively low values of compliance occurred for the Polish and Swedish test sites.

This was due to problems with cloud and shadow masking and the presence of forest in
burnt areas.

5. Discussion

The polar and temperate zones [54] in Europe are characterised by more frequent cloudi-
ness than the subtropical zone [55]. Thus, it is often impossible to acquire a cloudless image
after a fire. Therefore, the process of masking clouds and their shadows is an integral part
of the analysis of the extent of the burnt area. The used mask did not fully remove cloudy
and shadowy areas properly [56], so these places were susceptible to misclassification. Both
pixel- and object-based methods are affected by errors related to inefficient cloud and shadow
masking. This kind of error is not intrinsic to these methods and can be considered external.
However, object-based classification is somewhat less affected.

The pixel-based method studied here does not avoid the inherent problem of this ap-
proach, i.e., commission error in the form of individual misclassified pixels called the salt and
pepper effect, which has been discussed in the literature [33,34]. This effect was reduced by
masking potentially problematic areas such as water bodies, non-vegetated areas, clouds, and
smoke, but compared to the results of the object-based method, it is still visible.

The use of the pixel-based approach to detect a relatively small area of fire in relation to
the size of the test site was also a major challenge for this method. In many studies [17,18],
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the analysed area is often limited to the immediate vicinity of the burnt area, which
usually reduces the commission error. On the other hand, the pixel-based approach better
detects green vegetation and other land cover inside main burn scars than the object-based
approach, where the precision of detection of small areas is directly connected to the defined
minimum mapping unit [35]. Moreover, the object-based approach detects other forms of
land cover (meadows, vineyards) as burn scars.

Neither the object- nor pixel-based approach reduced the omission errors in burnt
forest, especially when the fire mainly affected forest undergrowth. This is a common error,
which was noted previously [57] and can be overcome by using hyperspatial imagery [58].

The period of data acquisition prior to and after a fire seems to play a role for both
methods. The time of scene acquisition after a fire varies depending on the land cover and
timing of the fire itself. In the boreal coniferous forest, it is not crucial, i.e., the image can
be obtained even a few weeks after the event if the fire affected the tree crowns. However,
in the case of a more dynamically changing ecosystem during the year, such as peat bogs,
swamp vegetation, and reeds, the window in which a satellite image should be obtained is
quite narrow. This is important due to the vegetation, which is dynamically reborn after
the winter period. It turns green, which changes the spectral responses of the surroundings
of the burnt area, and the burnt area itself can regenerate quite quickly. This was the case
for the analysed test site 1.

It seems that hybrid classification, which firstly detects burn scars in a general scale
using object-based classification and secondly applies a pixel-based approach for detailed
delimitation of a burnt area, would reduce omission and commission errors. Similar
conclusions were obtained in the case of land cover classification by [35].

6. Conclusions

The pixel-based method tested in our study allows for a more precise delineation
of the border between burnt and unburnt areas, causing less commission errors in burn
scar detection, but only in the immediate vicinity of the burnt surface. It is best suited for
detecting burn scars in a limited area of interest. Otherwise, in the remaining unburnt
area, commission errors are significant and show up as single misclassified pixels or small
clusters of pixels covering different forms of land cover.

The object-based method tested in our study can and should be applied to large areas
of interest, because unlike the pixel-based approach, it can calculate the statistics on the
basis of the entire satellite scene, and commission errors outside the burn scar are rare. On
the other hand, commission errors that contain relatively small patches of unburnt land
surrounded by burnt areas are present, unlike with the pixel-based method. However, they
could be minimised by setting less rigorous parameters of the minimum size of objects and
the generalisation in the post-classification process.

Both methods are quite sensitive to phenological changes in vegetation, and thus it is
very important, if not crucial, to choose the pair of satellite images acquired as close to the
start and end of the fire as possible. Both are also dependent on the accuracy of the Scene
Classification Layer included in Sentinel-2 products, which seems not to be high enough.
Cloud and shadow masks dedicated to Sentinel-2 images need further improvement.

Finally, future research may focus on the combination of the two methods, which
could mitigate their inefficiencies. For example, one may consider applying both methods
in a sequential manner where they are adapted to each other, e.g., first the object-based
method for a general recognition of burn scars in the entire satellite scene, and then the
pixel-based method for a more precise delimitation of the edges of burnt areas.
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