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A B S T R A C T

The objective of this article was to develop a methodology for the burned areas delimitation and
fire severity assessment in forest fires occurred in Spain between 2018 and 2022. As input data, this
study was based on the use of Sentinel-2 spectral indices, which are characterized by having spectral
bands in the near-infrared (NIR) and short-wave infrared (SWIR) spectral regions, allowing a high
distinction between burned and unburned areas, and between different fire severity degrees too. All
possible combinations between Sentinel-2 bands applied to a spectral normalized difference index
(SP) were analyzed, along with the most commonly used burn spectral indices in remote sensing as
the Burned Area Index (BAI), the Burned Area Index for Sentinel-2 (BAIS2), the Mid-Infrared Burn
Index (MIRBI), the Normalized Burn Ratio (NBR), the Relativized Burn Ratio (RBR) and the relative
differential Normalized Burn Ratio (RdNBR). In addition, in order to delete confusions between
burned area and the presence of other land cover areas, the Sentinel-2 Global Land Cover (S2GLC
2017) and the temporal differences between pre-fire and post-fire dates were obtained for each
spectral index (dSP). The results were compared by: in the case of burned areas, the Emergency
Mapping Service (EMS) and the Galicia forest service; in the case of fire severity, using field plots
classified as in Ruiz-Gallardo et al. (2004) study (null, low, moderate and high severity). The final
statistic results obtained showed that the dNBR2 spectral index (using B11 and B12 Sentinel-2
spectral bands) provided the highest results of burned area delimitation (7% of commission error
and 3% omission error, respectively) whereas, the combination of the BAIS2, the NBR and the
modified Normalized Burn Ratio (NBR2, using B7 and B12 Sentinel-2 spectral bands), used in areas
with low, mix and full vegetation respectively, provided the highest results in fire severity assessment
(kappa statistic, F1-score and Balanced Accuracy equal to 0.87, 0.86 and 0.92, respectively). The
methodology developed in this work allows obtaining accurate maps of burned area and fire severity
in Spain, contributing to the reinforcement of national forest fires statistics.

1. Introduction
Over the last decades, forest fires have become an environmental

problem with serious ecological, economic and social effects (Pausas
and Keeley, 2019). Although it is a global challenge, in a specifically
vulnerable country like Spain and in a scenario of climate change (Sobrino
et al., 2024), it is particularly serious (Picos et al., 2019). Moreover,
the size and number of forest fires are not the only variables to be
considered. Fire severity is also a crucial variable, providing information
of how fire intensity affected ecosystems (Keeley, 2009). In this study,
fire severity is defined as the different damages observed (ecological,
geophysical, atmospheric, · · · ) after a forest fire happened (Simard, 1991;
Ruiz-Gallardo et al., 2004).

In order to analyze forest fires, remote sensing has established itself
as a technique to monitor burned areas (regardless of the fire size). In
contrast to the old techniques of forest fire analysis, which used handmade
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maps, remote sensing allows the detection of burned areas and fire severity
in a reliable, fast and easy procedure (Chuvieco et al., 2003; Key et al.,
2006). In this sense, the development of methodologies that allow an
improvement in burned area estimation represents an achievement in
research future lines (Pereira et al., 1997; Justice et al., 1998). However,
remote sensing techniques also have limitations, that should be highlighted,
such as the presence of clouds in the study area or the reliability decrease
in areas with very heterogeneous land cover, the solution to which is
conditioned by fieldwork validations (Arellano Pérez et al., 2013; Soverel
et al., 2010).

Most methods which estimate burned area and fire severity from
remote sensing, have been carried out using post-fire imagery alone or
in comparison with pre-fire imagery (change detection) (Sobrino et al.,
2019). Several authors proposed methodologies based on supervised and
unsupervised classification techniques (Chuvieco and Congalton, 1988;
Sunar and Özkan, 2001; Bar et al., 2020). Despite having achieved
positive results, practically, it is impossible to implement these tecniques
for high dimensions and huge samples and, in the presence of outliers,
the outcome varies greatly. In this context, thresholding techniques using
spectral indices, defined as combinations of sensor bands, are positioned
as an interesting tool due to be an effective and simplest technique and
having a close relationship between combustion processes and reflectance
variations in visible, near-infrared and mid-infrared spectrum (0,4 - 8
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µm). These variations are most clearly observed in the near infrared (NIR)
and shortwave infrared (SWIR) regions, where a decrease in the NIR
means a decrease in chlorophyll (disappearance of vegetation) and an
increase in the SWIR means a decrease in soil moisture (Key et al., 2006;
White et al., 1996). On the basis of the variations between the NIR and
SWIR regions, there is a remarkable group of spectral indices specifically
designed to analyses burned areas and fire severity: the Burned Area Index
(BAI) (Chuvieco and Martín, 1998), the Burned Area Index for Sentinel-2
(BAIS2) (Filipponi, 2018), the Mid-Infrared Burn Index (MIRBI) (Trigg
and Flasse, 2001), the Normalized Burn Ratio (NBR) (Key et al., 2006), the
Relativized Burn Ratio (RBR) (Parks et al., 2014) and relative differential
Normalized Burn Ratio (RdNBR) (Miller and Thode, 2007). Relativized
versions of dNBR, as RBR and RdNBR spectral indices, were designed to
detect changes even when pre-fire vegetation condition was low (Parks
et al., 2014). In this sense, it is crucial to consider the existing pre-fire
vegetation density in order to improve the fire severity assessment in
areas with heterogeneous vegetation (García-Llamas et al., 2019; Zald and
Dunn, 2018; Miller and Thode, 2007). Popular institutions, as the United
States Geological Survey (USGS) which goal is to understand the causes,
consequences, and benefits of forest fires, works with Landsat satellites
and dNBR index in order to assess burned areas and fire severity.

The study proposed by Balsak and San in 2023, described the
advantages and disadvantages found in the use of high (higher detail
but lower number of images) and low (lower detail but higher number
of images) spatial resolution sensors. Despite the existence of a number
of sensors widely used for forest fire analysis (Chu and Guo, 2013), the
Copernicus MultiSpectral Instrument (MSI) onboard Sentinel-2 satellite,
gives a high-resolution optical observation over global surfaces provided
by the European Space Agency (ESA) (Fletcher, 2012). In addition, with a
revisit time of 5 days (considering both satellites: Sentinel 2A and Sentinel-
2B), MSI sensor allows the possibility to assess forest fires damages
using the red-edge domain which is considered as a great descriptor
of chlorophyll content (Curran et al., 1990; Fernández-Manso et al., 2016;
Navarro et al., 2017). This allows comparing the most popular spectral
indices designed for forest fires with spectral indices obtained from the
MSI red-edge spectral bands.

The methodology presented on this article brings the innovation of
jointly assessing burned area and fire severity using high spatial resolution
imagery and considering the existing pre-fire vegetation density, in terms
of fire severity, based on forest fires occurred in Spain between 2018-2022.
The study objectives were structured in the following steps: i) assess the
spectral indices obtained from Sentinel-2 images and to define the optimal
thresholds, both for the study of burned area and fire severity, based on
a statistical analysis and considering the pre-fire vegetation condition; ii)
develop a methodology to provide accurate burned areas and fire severity
maps.

2. Materials

2.1. Reference data
The reference data used in this study is divided in two parts. On the

one hand, for burned areas delimitation the Emergency Mapping Service
(EMS) and the Galicia forest service, provide an accuracy burned areas
delimitation datasets obtained by the combination of GPS measurements
and remote sensing data with high spatial resolution (in this case, Pléiades-
1A/B, SPOT 6/7 and Sentinel-2A/B, with a pixel size of 0.5, 1.5 and 10
meters, respectively). On the other hand, fire severity was validated by
field plots (20× 20 m, equal to Sentinel-2 spatial resolution) classified by
visual analysis as in Ruiz-Gallardo et al. (2004) study, which assess the fire
severity on the basis of burned vegetation percentages (Ryan and Noste,
1985). Of the 34 forest fires analyzed, there were 5 where only the burned
area was studied, 12 where only the fire severity was studied and 17 where
both were studied. Table 1 shows the percentage of burned vegetation for
each field fire severity class; Table 2 shows the fire date extinction, the
dates of field fire severity and the number of plots for each field fire severity
class. The fire extinction dates were provided by European Forest Fires
System (EFFIS) which updates burned areas information two times every
day, using the Moderate Resolution Imaging Spectroradiometer (MODIS)
daily images, at 250 meters of spatial resolution, and information from the

CORINE Land Cover; Figure 1 shows an example of field plots sampling in
Pedro Bernardo wildfire.

Table 1
Percentage of burn vegetation and brief description (for each field fire severity class),
based on Ruiz-Gallardo et al. (2004) study.

Field fire severity class Percentage of burn vegetation Description

Null severity Global vegetation ≈ 0 % No effects on
vegetation

Low 0 % ≤ Global vegetation ≤ 50 %
0 % ≤ Tree canopy ≤ 30 %

- Shrub canopy
specially affected by

the fire
- Some trees may be
just scorched on the
stem base or even

intact

Moderate 50 % ≤ Global vegetation ≤ 90 %
30 % ≤ Tree canopy ≤ 75 %

Most or all of the shrub
canopy may have been

killed

High Global vegetation ≥ 90 % Mostly killed vegetation

Figure 1: Example of fire severity field plots sampling in Real Sitio de San Ildefonso
forest fire. Green colour corresponds to null severity, yellow to low, orange to
moderate and red to high. The reference coordinate system is WGS84 (EPSG:
4326).

2.2. Sentinel-2 data
The MSI sensor aboard the Sentinel-2 satellite is characterized by

having 13 spectral bands in different spatial resolutions (10, 20 and 60 m)
as shown in Table 3. All the images used have been downloaded from the
ESA portal and are Level 2A reflectance images (bottom of atmosphere or
BOA, which are atmospherically corrected) derived from the associated
Level-1C products. Table 4 shows the Sentinel-2 acquisition date for all
the images used in this study. To avoid seasonal changes in vegetation
that could be falsely detected as a burnt area, a limited time lag between
images should be considered. In most cases, two post-fire images from
different dates were used, since the fire extinction and the field fire severity
date were different.
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Table 2: Fire date extinction (provided by European Forest Fires System, EFFIS), field burn vegetation severity plots dates and the number of plots for
each field fire severity class.

Community Place name Fire extinction date Field fire plots date Number of field plots

Nerva 02/08/2018 04/10/2018 9 - High severity plots

Andalucía Estepona 12/09/2021 21/10/2021
22/10/2021

5 – Null severity plots
1 – Low severity plots

25 – High severity plots

Almonaster 01/09/2020 - -

Castilla La Mancha

Barchín del Hoyo 31/07/2019 12/08/2019

2 – Null severity plots
1 – Low severity plots

3 – Moderate severity plots
2 – High severity plots

Hellín 25/07/2021 18/08/2021
19/08/2021

1 – Low severity plots
2 – Moderate severity plots

8 – High severity plots

Castilla y León

Pedro Bernardo 28/06/2019 02/08/2019

18 – Null severity plots
1 – Low severity plots

5 – Moderate severity plots
25 – High severity plots

Real Sitio de San Ildefonso 04/08/2019 05/09/2019

9 – Null severity plots
2 – Low severity plots

12 – Moderate severity plots
29 – High severity plots

Navalacruz 20/08/2021 16/09/2021
17/09/2021

2 – Null severity plots
3 – High severity plots

Zamora 24/06/2022 15/07/2022

5 – Null severity plots
3 – Low severity plots

12 – Moderate severity plots
24 – High severity plots

Luchente 08/08/2018 - -

Comunitat Valenciana Bejís 29/10/2020 - -

Vall d’Ebo 19/08/2022 - -

Extremadura Cabezuela del Valle 03/09/2020 - -

Flariz 24/07/2020 31/07/2020
27/08/2020

5 – Null severity plots
1 – Low severity plots

8 – Moderate severity plots
14 – High severity plots

San Millao 29/07/2020
04/08/2020
03/09/2020
10/09/2020

5 – Null severity plots
11 – Moderate severity plots

24 – High severity plots

Verín∗ 22/07/2020
04/08/2022

09/09/2020
22/08/2022
23/08/2022

9 – Null severity plots
15 – Moderate severity plots

13 – High severity plots

Lobios 12/09/2020 21/09/2020
28/09/2020

2 – Null severity plots
1 – Low severity plots

7 – Moderate severity plots
11 – High severity plots
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Vilariño 13/09/2020 22/09/2020
1 – Null severity plots

3 – Moderate severity plots
8 – High severity plots

Cualedro 13/09/2020 25/09/2020
26/09/2020

2 – Null severity plots
1 – Low severity plots

3 – Moderate severity plots
5 – High severity plots

Chandrexa 13/09/2020 29/09/2020 1 – Null severity plots
5 – High severity plots

Cernado 14/09/2020 29/09/2020
1 – Null severity plots
1 – Low severity plots
4 – High severity plots

Cadavos 14/09/2020 30/09/2020 2 – Moderate severity plots
4 – High severity plots

Galicia Arbo 31/07/2022 22/08/2022 2 – Moderate severity plots
4 – High severity plots

Baltar 06/08/2022 16/08/2022
1 – Null severity plots
1 – Low severity plots

4 – Moderate severity plots

Boiro 06/08/2022 10/08/2022
12/08/2022

2 – Null severity plots
5 – Low severity plots

10 – Moderate severity plots
7 – High severity plots

Carballeda de Valdeorras 22/07/2022 02/08/2022
03/08/2022

1 – Low severity plots
14 – Moderate severity plots

58 – High severity plots

Folgoso do Courel 23/07/2022

27/07/2022
28/07/2022
29/07/2022
04/08/2022

7 – Null severity plots
2 – Low severity plots

25 – Moderate severity plots
64 – High severity plots

Irixo 11/08/2022 29/08/2022
1 – Null severity plots

1 – Moderate severity plots
6 – High severity plots

Laza-Chandrexa 15/08/2022 18/08/2022 3 – High severity plots

Lobeira 26/08/2022 06/09/2022 1 – Moderate severity plots
2 – High severity plots

Oimbra-Rabal 21/07/2022 18/08/2022
23/08/2022

1 – Null severity plots
3 – Low severity plots

9 – Moderate severity plots
2 – High severity plots

Oimbra-Videferre 19/07/2022 23/08/2022
1 – Null severity plots

2 – Moderate severity plots
1 – High severity plots

Vilariño de Conso 24/07/2022 18/08/2022 1 – Low severity plots
2 – Moderate severity plots

Navarra San Martín 21/06/2022 - -

Global - - -

80 – Null severity plots
26 – Low severity plots

153 – Moderate severity plots
360 – High severity plots

619 plots - Total

∗Two forest fires occurred in the same area but in different years (July, 2020; August, 2022)
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Table 3
Sentinel-2 bands with their respective central wavelengths and spatial resolutions.
In bold font the spectral bands used in this study.

Sentinel-2 Bands Central Wavelength (µm) Resolution (m)

B1 - Coastal aerosol 0.433 60

B2 - Blue 0.49 10

B3 - Green 0.56 10

Band 4 - Red 0.665 10

B5 - Vegetation Red Edge 0.705 20

B6 - Vegetation Red Edge 0.74 20

B7 - Vegetation Red Edge 0.783 20

B8 - NIR 0.842 10

B8A - Vegetation Red Edge 0.865 20

B9 - Water Vapour 0.945 60

B10 - SWIR - Cirrus 1.375 60

B11 - SWIR 1 1.61 20

B12 - SWIR 2 2.19 20

3. Methodology

3.1. Flowchart
The methodology, proposed on this article, is shown in Figure 2

flowchart and it is structured in different steps: a) forest fires selection
inside study area; (b) download, pre-processing and spectral index
calculation of Sentinel-2 images related to forest fires study area; (c)
reference data collection (burned area: EMS/GPS; fire severity: field plots);
(d) statistical analysis (omission and commission errors; kappa statistic,
F1-score, Accuracy and Balanced Accuracy); (e) final maps provided by
spectral indices with highest accuracy obtained in statistical analysis step.
All steps represented in the Figure 2 flowchart are described in detail in
the following sub-sections.

Figure 2: Overall flowchart steps followed in this study.

3.2. Study area
The work that is described was carried out in 34 forest fires occurred

in Spain between 2018 and 2022, being 32 of them large fires (>
500 Ha). Those fires burned over 115,000 Ha, classified mainly as

Table 4
Sentinel-2 acquisition date of the images used in this study.

Community Place name Pre-fire date Post-fire date
(burned area)

Post-fire date (fire
severity)

Nerva 31/07/2018 15/08/2018 4/10/2018

Andalucía Estepona 8/9/2021 18/09/2021 20/10/2021

Almonaster 24/08/2020 3/9/2020 3/9/2020

Castilla La Mancha
Barchín del Hoyo 30/07/2019 2/8/2018 12/8/2019

Hellín 22/07/2021 27/07/2021 20/09/2021

Castilla y León

Pedro Bernardo 1/6/2019 1/7/2019 31/07/2019

Real Sitio de San
Ildefonso 2/8/2019 25/08/2019 6/9/2019

Navalacruz 9/8/2021 24/08/2021 8/9/2021

Zamora 10/6/2022 25/06/2022 15/07/2022

Luchente 4/8/2018 24/08/2018 24/08/2018

Comunitat
Valenciana Bejís 8/8/2022 23/08/2022 23/08/2022

Vall d’Ebo 8/8/2022 7/9/2022 7/9/2022

Extremadura Cabezuela del
Valle 19/08/2020 3/9/2020 3/9/2020

San Millao 28/07/2020 7/8/2020
7/8/2020
1/9/2020
11/9/2020

Verín 18/07/2020 28/07/2020 11/9/2020

Lobios 11/9/2020 29/09/2020 29/09/2020

Vilariño 11/9/2020 11/10/2020 11/10/2020

Cualedro 11/9/2020 21/09/2020 21/09/2020

Chandrexa 11/9/2020 11/10/2020 11/10/2020

Cernado 11/9/2020 11/10/2020 11/10/2020

Cadavos 11/9/2020 11/10/2020 11/10/2020

Arbo 23/07/2022 2/8/2022 22/08/2022

Galicia Baltar 2/8/2022 7/8/2022 20/08/2022

Boiro 31/07/2022 10/8/2022 10/8/2022

Carballeda de
Valdeorras 8/7/2022 23/07/2022 2/8/2022

Folgoso do Courel 8/7/2022 23/07/2022 2/8/2022

Irixo 7/8/2022 12/8/2022 22/08/2022

Laza-Chandrexa 2/8/2022 22/08/2022 22/08/2022

Lobeira 22/08/2022 27/08/2022 9/9/2022

Oimbra-Rabal 13/07/2022 23/07/2022 22/08/2022

Oimbra-Videferre 13/07/2022 23/07/2022 22/08/2022

Vilariño de Conso 8/7/2022 2/8/2022 22/08/2022

Navarra San Martín 28/05/2022 2/7/2022 2/7/2022

Pinus sylvestris L, Pinus pinea L., Pinus pinaster Ait., Pinus radiata,
Pinus nigra, Populus x canadensis, Populus nigra, Quercus pyrenaica,
Quercus ilex, Quercus suber, Acacia dealbata, Alnus glutinosa, Fraxinus
angustifolia, Juniperus oxycedrus, Juniperus communis, Castanea sativa,
Salix spp., Olea europaea, Arbutus unedo, Eucalyptus nitens, Eucalyptus
camaldulensis and Eucalyptus globulus Labill. with a shrubby understory
of Erica L. sp., Cistus L. sp., and Cytisus Desf. Sp. The study area has an
elevation range between 70 and 2100 m a.s.l. and slopes between 0% and
85%. The forest fires studied are stratified in two main different climate
regions: Mediterranean climate, with 2-3 months of summer drought,
has rainy winters (mean precipitation equal to 100 mm), and dry and
hot summers (mean temperatures and rainfall round 22 ◦C and 35 mm,
respectively); Atlantic climate has abundant rainfall (> 750 mm) with
average annual temperatures ranging from 13 ◦C in hilly regions to 11 ◦C
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on the coast (Costafreda-Aumedes et al., 2018). Figure 3 shows the map
of Iberian Peninsula with the forest fires studied.

Figure 3: Map of Iberian Peninsula with the forest fires studied. In red color, forest
fires that only burned areas were studied; in blue color, forest fires that only fire
severity were studied; in green color, forest fires that both burned area and fire
severity were studied. Pink color boxes represent Sentinel-2 tiles used in this study.
The reference coordinate system is WGS84 (EPSG: 4326).

3.3. Preprocessing
All Sentinel-2 bands used on this study have been resampled (from

10 to 20 meters) and cropped, as close as possible to the study area,
in order to reduce the processing time. Despite having checked for the
presence of clouds prior to downloading images, it ensures the removal of
pixels classified as clouds using the Scene Classification Image (SCL) mask
(Richter and Schläpfer, 2005). In addition to the cloud correction, since
this study focuses on forest fires occurring on forest cover, the Sentinel-2
Global Land Cover (S2GLC 2017) was used in aim to remove all areas
corresponding to other land cover types (Malinowski et al., 2020). Figure
4, shows the S2GLC 2017 for the Nerva forest fire (Andalucía, August
2018).

Figure 4: Sentinel-2 Global Land Cover (S2GLC 2017) focused on Nerva forest fire
(Andalucía, August 2018). All classes excluding woodland (broadleaf tree cover and
coniferous tree cover) and shrubland (herbaceous vegetation, moors and heathland
and sclerophyllous vegetation), were eliminated. The reference coordinate system is
WGS84 (EPSG: 4326.

Once pre-processing Sentinel-2 images, a discussion on the main
different spectral indices directly related to forest fires, was driven in
order to select those of them which showed to perform better according to
literature based on their sensitivities. In the review of the most commonly

used spectral indices in forest fires, it was noted that most of these
indices employ a normalized difference algorithm (i.e. the subtraction
of two bands reflectivity divided by the sum of those same bands
reflectivity), being the only difference the combination of bands used
(Chuvieco et al., 2006; Fernández-Manso et al., 2016). For this reason, all
possible combinations of normalized difference spectral indices (SP) were
calculated from the Sentinel-2 bands (Table 3) with a view to obtain the
combination that best estimates burned area and fire severity. In addition,
considering burned areas as an environment change, a change detection
technique using the temporal differences between pre-fire and post-fire
dates were obtained for each spectral index (Table 5).

Table 5
Spectral indices for burned areas delimitation and fire severity assessment; the
difference between pre and post-fire images were applied in this study.

Spectral Index Algorithm∗ References

differential
Burned Area
Index (dBAI)

BAI =
1

(0.1 − B4)2 + (0.06 − B8)2

dBAI = BAIPRE-FIRE − BAIPOST-FIRE

Chuvieco and
Martín (1998)

differential
Burned Area

Index for
Sentinel-2
(dBAIS2)

BAIS2 =

(
1 −

√
B6 ∗ B7 × B8A

B4

)
×(

B12 − B8A
√

B12 − B8A
+ 1

)
dBAIS2 = BAIS2PRE-FIRE − BAIS2POST-FIRE

Filipponi (2018)

differential
Mid-Infrared
Burn Index
(dMIRBI)

MIRBI = 10 × B11 − 9.8 × B12
dMIRBI = MIRBIPRE-FIRE − MIRBIPOST-FIRE

Trigg and Flasse
(2001); Tran
et al. (2018)

differential
Normalized
Burn Ratio
(dNBR)

NBR =
(B8 − B12)
(B8 + B12)

dNBR = NBRPRE-FIRE − NBRPOST-FIRE

Key et al.
(2006)

Relativized Burn
Ratio (RBR) RBR =

dNBR
(NBRPRE−FIRE + 1.001)

Parks et al.
(2014)

relative
differential
Normalized
Burn Ratio
(RdNBR)

RdNBR =
dNBR√

|NBRPRE−FIRE|
Miller and

Thode (2007)

Normalized
difference
spectral
indices**

SP =
BX − BY

BX + BY

dSP = SPPRE-FIRE − SPPOST-FIRE

Delegido et al.
(2018)

*All spectral and spatial band information used is summarized in Table 4.
** Bx and By are all the different pair of Sentinel-2 bands used in this study.

3.4. Burned area delimitation
The burned area delimitation result is based on the comparison

between the spectral indices exposed in Table 5 and the reference areas
delimitation (see Section 2.1). In this sense, the Separability Index (SI)
algorithm (Eq. 1), provided by Kaufman and Remer in 1994 and employed
in many studies (Filipponi, 2018; Lasaponara, 2006; Veraverbeke et al.,
2011; Teodoro and Amaral, 2019), was the technique used to select the
most accurate spectral index.

SI =
|µb−µub|
σb + σub

(1)

Where µb and µub are the mean values, and σb and σub are the
standard deviation values of burned and unburned areas, respectively. The
higher the SI value, the higher the separability between classes, where one
is the recommended minimum separability value (Fornacca et al., 2018).
The required mean and standard deviation values were calculated from
random plots (100 plots per fire, where 50 correspond to burned areas
and 50 to unburned areas according to the reference data) in each of the
forest fires analyzed. Eq. (2) represents the normalized difference spectral
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index selected (dNBR2 with the SI highest value) as a combination of the
two sentinel SWIR bands (Band 11 and Band 12, as shown in Table 3)
(Key et al., 2006). Table 6 shows the SI values for each spectral index, as
well as the burned threshold obtained by mean and standard deviation
statistics combination for both classes (burned and unburned).

NBR2 =
(B11 − B12)
(B11 + B12)

; dNBR2 = NBR2PRE-FIRE − NBR2POST-FIRE (2)

Table 6
Separability index (SI) and burned threshold extracted in all forest fires studied.
The dNBR2 index was obtained as a combination of the two sentinel SWIR bands
(Band 11 and Band 12, as shown in Eq. (2) and Table 3).

Spectral index Separability Index (SI) Burned Threshold

dBAI 1.24 dBAI ≤ -45

dBAIS2 1.41 dBAIS2 ≤ -0.15

dMIRBI 1.42 dMIRBI ≥ 0.25

dNBR 1.52 dNBR ≥ 0.10

RBR 1.60 RBR ≥ 0.10

RdNBR 1.20 RdNBR ≥ 0.25

dNBR2 1.65 dNBR2 ≥ 0.10

The burned threshold column represents the value above or below
which a pixel will be considered as a burned area. For example, in the case
of the dNBR index, a pixel whose value is equal to or higher than 0.10 will
be classified as a burned area. In addition, in order to reduce speckling and
obtain a smoothed image, a low pass spatial filter (size 3×3) was applied
which reduced noise but likely increased omission of smaller burned areas
(Vanderhoof et al., 2021).

Using the Table 6 burned threshold, all the burned spectral indices were
reclassified being burned and unburned areas pixels which values are one
and zero respectively (BSI). Moreover, reference area delimitation datasets
are also reclassified being burned and unburned areas pixels which values
are two and zero (RAD), respectively. Finally, both perimeters are summed
and interpreted following the classification in Table 7.

Table 7
Interpretation of the burned area delimitation results where BSI is the burned spectral
index reclassified and RAD is the reference area delimitation dataset reclassified.

Pixel values Interpretation

BSI + RAD = 0 No Fire Pixels (NF)

BSI + RAD = 1 Commission Pixels (CP)

BSI + RAD = 2 Omission Pixels (OP)

BSI + RAD = 3 Coincidence Pixels (COIP)

To analyze the accuracy of pixel values (Table 7), the Eq. (3), Eq.
(4) and Eq. (5) are used. The result of Eq. (3), Eq. (4) and Eq. (5) are
expressed in percentages. The coincidence area (COI) measures the BSI
capacity to correctly delineation the burned area compared to the RAD.
The omission area (OM) measures the pixels, which SPI detects as fire,
but the RAD detects as no fire. Otherwise, the commission area (COM)
measures the pixels, which BSI detects as no fire, but the RAD detects as
fire.

Coincidence Area (COI) =
COIP

COIP + OP
× 100 (3)

Omission Area (OM) =
OP

COIP + OP
× 100 (4)

Commission Area (COM) =
CP

COIP + OP
× 100 (5)

3.5. Fire severity
The fire severity result is based on the comparison between the spectral

indices exposed in Table 5 and field plots classified as in Ruiz-Gallardo et al.
(2004) study (Table 1). As in the case of burned area delimitation, the fire
severity methodology is based on the Separability Index (SI) algorithm
(Eq. (1)) but using field plots (Table 2), and adding different weights (SIw)
depending on the fire severity class (the higher fire severity, the higher
weight) (Tran et al., 2018). This criterion is based on the relationship
between fire severity and future erosion risks, considering more important
the correct distinction between high and moderate fire severity (forest
structure completely damaged and, therefore, high risk of erosion) than
between moderate and low fire severity (forest structure little damaged
and low risk of erosion) (Tran et al., 2018). Eq. (6) shows the weights
considered for each severity class.

SIw = (SIUB−L × 0.1) + (SIL−M × 0.3) + (SIM−H × 0.6) (6)

SIUB−L, SIL−M and SIM−H are the separability index between unburned
and low severity, low and moderate severity and moderate and high
severity, respectively. The SIw results obtained were, in all the cases, very
low (SIw less than one). Since there are studies that relate fire severity to
vegetation type (Fornacca et al., 2018; Mpakairi et al., 2020; Parker et al.,
2015; Picotte and Robertson, 2011), burned area was divided according
to pre-fire vegetation. This division was carried out based on Normalized
Difference Vegetation Index (NDVI, Eq. (7)), prior to the fire date (Rouse Jr
et al., 1973).

NDVI =
(B8 − B4)
(B8 + B4)

(7)

Bands B8 and B4 (Eq. (7)) correspond to NIR and Red Sentinel-2 bands
(Table 3). In order to divide the NDVI pre-fire image using the optimal
threshold, a histogram analysis was realized (Jiménez-Muñoz et al., 2009;
Sobrino et al., 2008). Figure 5, shows the pre-fire NDVI histogram divided
in two peaks based on S2GLC 2017 classes: woodland (broadleaf tree
cover and coniferous tree cover) and shrubland (herbaceous vegetation,
moors and heathland and sclerophyllous vegetation). In the middle of
two peaks, there is a region that represents areas with a combination of
low and full vegetation density (B). Discontinuous red lines represent the
different thresholds used: A or low density, NDVI < 0.40; B or mix density,
0.40 ≤ NDVI < 0.75; C or full density, NDVI ≥ 0.75). Figure 6, shows the
pre-fire NDVI image focused on the Lobios forest fire (Table 4) classified
using thresholds obtained by Figure 5 histogram.

In this context, several spectral indices obtained from the combination
of post-fire bands reached SIw values higher than 1. BAIS2 index was
selected for vegetation low density areas, NBR for vegetation mix density
areas and NBR3 (Eq. (8)), which is similar than NBR algorithm but using
the B7 red-edge band (Table 3), for vegetation full density areas.

NBR3 =
(B7−B12)
(B7+B12)

(8)

Once the spectral indices were selected as the best predictors,
approximately 40% of the field plots (Table 2) were used to extract the
mean and standard deviation statistics (248 plots where 32 correspond to
null severity, 10 to low, 61 to moderate and 144 to high). The remaining
60% of field plots (371 plots where 48 correspond to null severity, 16 to
low, 92 to moderate and 216 to high) were used for validation (omission
and commission errors, accuracy, balanced accuracy, F1-score stat and
kappa index) (Tharwat, 2020; Congalton, 1991; Boca and Rodríguez,
2012; Congalton and Green, 2019). Accuracy (ACC) metric, defined as
a ratio between the correctly classified samples to the total number of
samples, is one of the most commonly used measures for the classification
performance (Tharwat, 2020). However, ACC is sensitive to the imbalanced
data (as in this study where the quantity of high severity field plots is
much larger than low severity). In this sense, Balanced Accuracy (BA)
and F1-score (F1), considered as the harmonic mean of precision and
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Figure 5: Pre-fire NDVI histogram divided in two peaks based on S2GLC 2017
classes: woodland (broadleaf tree cover and coniferous tree cover) and shrubland
(herbaceous vegetation, moors and heathland and sclerophyllous vegetation). In the
middle of two peaks, there is a region that represents areas with a combination of
low and full vegetation density (B). Discontinuous red lines represent the different
thresholds used: A or low density, NDVI < 0.40; B or mix density, 0.40 ≤ NDVI <
0.75; C or full density, NDVI ≥ 0.75).

Figure 6: Pre-fire NDVI image focused on the Lobios forest fire (Table 4) classified
using thresholds obtained by Figure 5 histogram. The reference coordinate system
is WGS84 (EPSG: 4326).

recall, was also analyzed. Finally, the kappa index (κ) was obtained to
overall demonstrate the importance of inter-rater reliability, which is that
it represents the level to which the data collected in the study are accurate
representations of the variables tested (McHugh, 2012).

Furthermore, the results were compared with those obtained from
the global methodology proposed by the United States Geological Survey
(USGS), which uses the dNBR index classified according to Table 8 (Key
et al., 2006; Lutes et al., 2006; Keeley, 2009) and performed by Landsat
images. Table 8 also shows the BAIS2, NBR, NBR3 optimal thresholds as a
combination of µ and σ (same procedure that burned area delimitation)
and Table 9, shows the interpretation of kappa index (Landis and Koch,
1977).

Table 8
Thresholds for low, moderate and high severity, for each severity degree and for
vegetation low, mix and full density areas. USGS algorithm was reclassified in the
same fire severity degrees used in this study (null severity: high enhanced regrowth,
low enhanced regrowth and unburned; low severity: low severity; moderate severity:
moderate-low and moderate-high severity; high severity: high severity). The null
severity is validated according to if the field plots are inside or outside the burned
area (following the burned area delimitation thresholds obtained in Table 6).

Vegetation

density

Fire

severity
Low Moderate High

Low (BAIS2) BAIS2 < 0.90 0.90 ≤ BAIS2 < 1 BAIS2 ≥ 1

Mix (NBR) NBR > 0 0 ≥ NBR > -0.30 NBR ≤ -0.30

Full (NBR3) NBR3 > 0.20 0.20 ≥ NBR3 > -0.30 NBR3 ≤ -0.30

Global (USGS) dNBR < 0.27 0.27 ≤ dNBR < 0.66 dNBR ≥ 0.66

Table 9
Interpretation of kappa values.

Kappa values Interpretation

< 0.00 No agreement

0.00 - 0.19 Poor agreement

0.20 - 0.39 Fair agreement

0.40 - 0.59 Moderate agreement

0.60 - 0.79 Substantial agreement

0.80 - 1.00 Almost perfect agreement

4. Results
The R statistical software (Team, 2013) and library “caret” (Kuhn,

2015), were used to perform the results analysis. Regarding burned area
delimitation, Table 10 shows the burned area delimitation results for
each spectral index (using burned threshold column of Table 6) where
the highest values of coincidence area (COI) and the lowest values of
omission area (OM) and commission area (COM) determine the suitable
index to differentiate between burned and unburned areas. The results
are expressed in hectares (Ha) and percentages (in parentheses). The
assessment of the burned areas delimitation was carried out using Eq.
(1), Eq. (2) and Eq. (3). In global sense, the results (displayed in Table
10), show the dNBR2 algorithm as the most accurate index (considering
the COI, OM and COM values) to estimate burned areas (112717.96 Ha
(98%), 4047.25 Ha (2%) and 7952.70 Ha (8%), respectively.

Regarding fire severity, Figure 7 show the fire severity results obtained
by the methodology proposed in this study (FS) and the United States
Geological Survey (USGS) methodology (using the spectral index thresh-
olds of Table 8) where the lowest values of omission (O) and commission
(C) errors and the highest value of Accuracy (ACC), Balanced Accuracy
(BA), F1-score (F1) and Kappa index (κ) determine the suitable index to
differentiate between the different fire severity classes. The results of k
are expressed by the kappa values of Table 9. FS methodology provides
higher ACC, BA, F1 and k values (0.93, 0.92, 0.86 and 0.87) than USGS
methodology (0.84, 0.88, 0.81 and 0.73). The fire severity class with the
lowest O and C error results is null severity (O equal to 10%, and C equal
0%), respectively. On the contrary, the fire severity class with the highest
O and C error results are low severity (O equal to 27%, and C equal to
43%), respectively.
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Table 10
Burned area delimitation results based on coincidence area (COI), omission area
(OM) and commission area (COM), using the spectral indices summarized in Table
5 and reclassified by burned threshold values of Table 6. The results are expressed
in hectares (Ha) and percentages (in parentheses).

Spectral index

dBAI dBAIS2 dMIRBI dNBR RBR RdNBR dNBR2

Commission
area

(COM)

3903.66
(4%)

10977.97
(9%)

8374.46
(7%)

12433.95
(10%)

9090.65
(8%)

16701.23
(13%)

7952.70
(7%)

Omission
area (OM)

16015.12
(14%)

6646.04
(6%)

6203.20
(5%)

5064.45
(4%)

5667.42
(5%)

4037.06
(3%)

4047.25
(3%)

Coincidence
area (COI)

100750.09
(86%)

110119.17
(94%)

110562.01
(95%)

111700.76
(96%)

111097.79
(95%)

112728.15
(97%)

112717.96
(97%)

Total
Burned

Area (COI
+ OM)

116765.21
(100%)

Figure 7: (Up) Fire severity assessment, using the methodology proposed in this
study (FS, Table 8), based on omission errors (O), commission errors (C), F1-score
(F1) and Balanced Accuracy (BA). Results expressed in percentages. (Middle) Fire
severity assessment, using the United States Geological Survey (USGS) methodology
(Table 8), based on omission errors (O), commission errors (C), F1-score (F1) and
Balanced Accuracy (BA). Results expressed in percentages. (Down) Comparative of
FS and USGS methodologies based on Accuracy (ACC), Balanced Accuracy (BA),
F1-score (F1) and Kappa index (κ). Results of k are expressed by the kappa values
of Table 9.

Figure 8: Burned area delimitation map (obtained by NBR2) focused on Zamora
forest fire (Castilla y León, June 2022). The reference coordinate system is WGS84
(EPSG: 4326).

Figures 8 and 9 show the final maps of burned area delimitation and
fire severity, respectively, classified using thresholds obtained (Table 6
and 8) from the spectral indices with the most accurate results (NBR2
for burned area delimitation and FS for fire severity). The forest fire
represented is Zamora forest fire (Table 2), the largest analyzed in this
study.

5. Discussion
The large number of Sentinel-2 images available allows the study of

large forest fires with a necessarily high spatial and temporal resolution.
However, the use of optical satellites also entails a series of limitations, such
as the presence of clouds. In this study, despite choosing cloud-free images
within the area of influence of the fire, and applying a cloud mask to all the
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Figure 9: Fire severity map obtained by the combination of FS methodology, focused
on Zamora forest fire (Castilla y León, June 2022). The reference coordinate system
is WGS84 (EPSG: 4326).

images, this is sometimes not enough, and omission errors corresponding
to areas of clouds or shadows are sometimes found (Tarrio et al., 2020).
In addition, there are several types of surfaces more commonly reported
to generate spectral confusions with burned areas like water bodies, urban
areas and shadows (Parnot, 1988; Chuvieco and Congalton, 1988). The
use of radar techniques, such as Sentinel-1 satellite, is an alternative due to
the practically null disturbance caused by clouds (Tanase et al., 2015). But,
considering the high processing that must be carried out in comparison
with optical systems, it was declined (Wicks and Himed, 2004; Burigana
and Magnini, 2017).

The spectral indices, defined as band combination algorithms, allow to
combine spectral bands whose spectral response behaves differently after
the occurrence of a forest fire (Delegido et al., 2018). The bands most
commonly used in this study were mainly combinations of NIR (decreased
reflectivity caused by vegetation loss) and SWIR (increased reflectivity
caused by moisture loss and increased observed ground surface area)
(Escuin et al., 2008; Chuvieco Salinero et al., 2002).

The use of thresholding, as an image classification technique, was
carried out instead of other methods such as supervised or unsupervised
classifications, which are widely used in the field of forest fires (Shin
et al., 2019; Bastarrika et al., 2014; Pulvirenti et al., 2020). Thresholding
technique, based on statistics such as mean and standard deviation, is
considered a fast and easy method (de Diego and Rosin, 2001). However,
it has various inconveniencies such as selecting the suitable threshold to
discriminate between classes (e.g. burnt and unburned) (Chuvieco and
Congalton, 1988).

In relation to burned area delimitation dNBR2 index, obtained as
a combination of the two Sentinel SWIR bands (Eq. (2)), is chosen
considering the coincidence area (97%), and the mean of omission and
commission area (5%) parameters. RdNBR index, represents the same
coincidence area but with the highest commission errors (13%). In terms of
burned area delimitation, it is considered more appropriate to reduce the
omission error as much as possible and, therefore, to detect the maximum
number of pixels that really belong to burned areas. Moreover, there are
different techniques to eliminate the commission errors obtained, such
as the application of spatial filters or, if it is possible, the elimination
of those groups of pixels that achieve a certain criterion (e.g. area less
than one hectare) (Chuvieco Salinero et al., 2008). The results obtained
using the dNBR2 index show errors of omission (3%) and commission
(7%) lower than those obtained by Pepe and Parente in 2018 (12.2%
and 15.5%, respectively) and by Filipponi in 2019 (40.7% and 24.28%,
respectively) for forest fires in Italy and using the NBR, BAIS2 and NDVI
indices from Sentinel-2 data. Boschetti et al. study in 2008 focused on 2008
Greece forest fires using MODIS product, also obtains higher omission and
commission errors (10.75% and 17%, respectively) than those provided by
dNBR2 index. Another study, carried out by Donezar-Hoyos et al. (2017)
using the temporal difference of the Burn Area Index (BAI) (Chuvieco and

Congalton, 1988) from Sentinel-2 images, shows omission errors (0.5%)
lower than those obtained in this study (4%). Nevertheless, it should
be noted that the results obtained by Donezar-Hoyos et al. (2017) focus
exclusively on a single fire, thus reducing the possibility of errors due to
the smaller size of the study area.

Regarding fire severity results, the use of three different spectral indices
(BAIS2, NBR and NBR3) for each vegetation density class (low, mix and
full density, respectively) provides more accurate results than the results
provided by the United States Geological Survey (USGS) methodology.
Although the null and low fire severity degrees were classified equally in
both methodologies, FS methodology obtained lower omission (O) and
commission (C) errors for moderate and high severity (Figure 6). Despite
the fact that FS performed accurate results than USGS, it is important
to note that USGS is used globally (without dividing the area according
to vegetation density). In comparison with other scientific studies, the
value of kappa index obtained (0.93) is higher than the performed by
Quintano et al. (2018) study (kappa equal to 0.80) and Arellano Pérez
et al. (2013) study (kappa equal to 0.70), which use Landsat-8 images and
the Composite Burn Index (CBI) as fire severity reference data. However,
the kappa parameter also has limitations on accuracy measures due to
randomness and quantity disagreement (Pontius Jr and Millones, 2011).
Gibson et al. (2020) study (more than 100,000 validation plots obtained
by high-resolution photography photo interpretation) provides higher
Balanced Accuracy (BA) metric in null severity (0.96) but lower for the
other fire severity classes (0.80, 0.65 and 0.90 for low, moderate and high
severity, respectively) than BA performed in this study (Figure 6). The
fire severity omission and commission errors results obtained are higher
than Quintano et al. (2018) study in null and low severity (omission
= 5% and 0%, commission = 0% and 23%, respectively) and lower in
moderate and high severity (omission = 24% and 31%, commission =
23% and 13%, respectively). The fire severity commission errors results
obtained are higher than Arellano Pérez et al. (2013) study in low and
moderate severity (commission = 20% and 10,3%, respectively) and lower
in high severity (commission = 23.3%, respectively). In this sense, it is
important to note that this study assigns more weight to high severity, as it
considers the strong relationship between high severity and erosion risks
(forest structure completely damaged leads to high risk of erosion). Despite
Quintano et al. (2018) and Arellano Pérez et al. (2013) works are focused
in only one fire located in a specific climate (Mediterranean and Atlantic,
respectively), the quantity and homogeneity of field plots used is higher
than those used in this study (e.g. only 16 low severity plots are used in
this study validation). Unfortunately, the quantity and homogeneity of
field plots depends on the degree of access to the fire (number of fieldwork
days, safe measurement areas, adverse weather, topography, ...) and the
predominant fire severity in the forest fire area, making it very difficult to
obtain a large and homogeneous database (Morgan et al., 2014).

6. Conclusions
Based on Sentinel-2 images and field plots obtained in forest fires

occurred in Spain (2018-2022), this study represents an innovation in
the forest fires field, enabling the possibility of obtaining (separately)
burned area and fire severity maps using Sentinel-2 satellite data. In both
cases, statistical tests were performed using spectral indices commonly
used in forest fires literature and all possible combinations of normalized
differential spectral indices from Sentinel-2 bands. For burned area
estimation the dNBR2 index is the suitable algorithm, while for fire
severity estimation the use of three different spectral indices (BAIS2, NBR
and NBR3) for each vegetation density class (low, mix and full density,
respectively) is selected as the best option. The selection criteria used
is based on statistics such as omission and commission errors, together
with the Accuraccy (ACC), Balanced Acccuracy (BA), F1-score (F1) and
Kappa statistic (κ). It is demonstrated that the combinations between red,
near infrared (NIR) and short-wave infrared (SWIR) bands are suitable
for differentiating between healthy and burned vegetation, and between
the different fire severity classes.

Despite the satisfactory results obtained in this study, several statements
should be considered. Firstly, all the tests carried out are based on forest
fires occurred in Spain, being most of them in Galicia. Therefore, the
reliability of this methodology does not correspond to other study areas.
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Secondly, field campaigns were carried out with certain limitations mainly
due to the terrain topography and the weather. In addition, as the field
plots were selected visually using the Ruiz-Gallardo et al. (2004) protocol,
only those plots that clearly represented one of the four severity classes
(null, low, moderate or high severity) were considered valid.

Finally, to improve the line of research followed in this study, future
works can make a significant contribution in the light of the above. A
database extension, both number of fires and their location (fires occurring
outside Spain) and the fire severity field plots (higher number of field plots
and homogeneity) should contribute to improving the scope of this study.
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