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ABSTRACT
Wildland fires are among the main factors affecting the surrounding territory in terms of ecological 
and socioeconomic changes at different temporal and spatial scales. In the Mediterranean envir-
onment, although fire can positively influence some bio-physical dynamics of habitats, it acts as 
a pressing disturbance on ecosystems when the severity, spatial scale, and/or frequency are high, 
thereby determining their degradation. Therefore, knowing and mapping the accurate quantita-
tive spatial distribution of all areas affected by fire during an entire high-frequency fire season and 
on a relatively large scale (regional/national scale) is an essential step to initialize the numerous 
subsequent effect monitoring analyses that can be carried out. This work proposes a reliable and 
open-access workflow to map burned areas on regional and national scales during the entire fire 
season. To achieve this, we integrated optical (Sentinel-2, S2) and Synthetic Aperture Radar (SAR; 
Sentinel-1, S1) free high spatial and temporal resolution data into a multitemporal composite 
criterion. Open-source software and Python-based libraries were used to develop the workflow. In 
particular, the second-lowest near infra-red (NIR) image composite (secMinNIR) criterion, based on 
the retrieval of the second minimum values that the NIR values reached in each pixel during the 
entire time frame considered, was applied to cloud-free S2 imagery to optimize the separability 
between burned and unburned areas. Subsequently, a second temporal composite criterion was 
developed and applied to the S1 time series, relying on the SAR capacity to detect vegetation fire- 
induced structural and humidity changes. It was based on retrieving the S1 pixel value of the first 
next (or the same) date to the corresponding date of the pixel value previously found by 
secMinNIR. The burned area map was created using an object-based geographic analysis 
(GEOBIA) process, using two optical and SAR composite images as input layers. The large-scale 
mean-shift (LSMS) algorithm was employed to segment the image, while the random forest (RF) 
classifier was the machine-learning model used to perform supervised classification. GEOBIA-based 
burned area classification was also performed using only the optical composite. The resulting 
accuracy values were compared using the precision (p), recall (r), and F-score accuracy metrics. The 
classification achieved high accuracy levels (F-score value greater than 0.9) in both cases (S1+ S2, 
0.956; S2, 0.914), highlighting the increased effectiveness of this approach in detecting burned 
areas, heterogeneous in terms of amplitude, and affected site-specific characteristics that occurred 
during the fire season. Although the use of only optical data is sufficient to map the fire-affected 
areas early, some commission errors, represented by small regions scattered over the entire study 
area, remain, proving that the integration of SAR data improves the quality of the obtained results.
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1. Introduction

1.1. Wildland fire overview

Wildland fires are primary natural disturbances that 
influence the ecological dynamics of many ecosys-
tems at different spatial and temporal scales. Thus, 
fire stimulates bio-physical activities and natural 
regeneration, positively and indirectly affecting the 
biodiversity of the environments affected by fire 
(Chuvieco 2009; Chuvieco et al. 2019). However, at 
higher severity and/or frequency, associated with 

human activities and climate oscillations, wildland 
fires contribute to environmental degradation, 
namely, soil erosion, habitat simplification (i.e. frag-
mentation), biomass loss, greenhouse gas (GHGs) 
emissions with the simultaneous consumption of nat-
ural carbon reserves and the release of carbon mon-
oxide dioxide, and socioeconomic damage (Cascio 
2018; Chuvieco 2009; Chuvieco et al. 2019; Hardy 
2005; Reid et al. 2016). According to European fire 
statistics (EFFIS annual fire reports, 2021; European 
Environment Agency, 2021), the long-term trend of 
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burned area extension has decreased in Europe, and 
some countries have experienced more extreme 
events (in terms of the burned surface) during the 
last decades, causing significant damage and land-
scape changes, especially in Mediterranean ecosys-
tems (Silva et al. 2019; EFFIS, 2021). Portugal, in 
particular, was affected by hundreds of square kilo-
meters of forest areas and woodlands burned in dis-
tinct fire seasons.

In this context, the rapid and systematic mapping 
of wildland fires at the regional scale is fundamental 
for assessing and understanding their ecological 
impacts and factors contributing to their behavior 
and propagation. Moreover, this knowledge is essen-
tial to address initiatives and strategies for post-fire 
management, particularly in high-risk areas such as 
Mediterranean countries (Crowley et al. 2019; De 
Luca, Silva, and Modica 2021; Gitas et al. 2012).

1.2. The role of remote sensing

Remote sensing techniques and optical satellite ima-
gery have been extensively used for burned area 
detection on a regional/national scale (Barbosa et al. 
1999; Crowley et al. 2019; Eva and Lambin 1998; 
Filipponi 2019; Kasischke et al. 1993; Pulvirenti et al. 
2020; Setzer and Pereira 1991) and globally (Chuvieco 
and Martin 1994; Chuvieco et al. 2016; Giglio et al. 
2018; Knopp et al. 2020; Otón et al. 2019; Tansey 
et al. 2004a), promoted by the increasing availability 
of numerous satellite platforms and more robust algo-
rithms and software (Chuvieco 2009; Chuvieco et al. 
2019). The efficiency of these sensors is due to the 
high sensitivity of the visible (VIS), near-infrared (NIR), 
and short-infrared (SWIR) spectral regions to changes 
in the surface affected by fire (Chuvieco 2009; 
Chuvieco et al. 2019; Pereira et al. 1999). In the period 
immediately after a fire, burned vegetation presents 
an unequivocal spectral signature owing to the cumu-
lative effects of the loss of green biomass, bare soil 
unveiling, ash and coal presence, and temperature and 
moisture changes (Inoue et al. 2008; Miettinen and 
Liew 2008; Pereira et al. 1999; Smith et al. 2005).

1.3. The compositing criteria: principles and 
literature review

Among the methodologies provided in the literature 
aimed at large/regional-scale burned area mapping, 

the multitemporal image compositing criteria enable 
the mapping of fires that occur at different and pro-
gressive times, such as during an entire fire season, 
which is adequate to maintain the spectral discrimi-
nation between unburned and burned pixels in 
longer timeframes (Barbosa, Pereira, and Grégoire 
1998; Chuvieco et al. 2005; Ql and Kerr 1997; Sousa, 
Pereira, and Silva 2003). Furthermore, several studies 
have demonstrated the ability of this method to deal 
with the influence of external factors such as clouds, 
cloud shadows, and high-brightness surfaces 
(Barbosa, Pereira, and Grégoire 1998; Cabral et al. 
2003; Chuvieco et al. 2005; Mayaux, Gond, and 
Bartholome 2000; Qi and Kerr, 1997; Sousa, Pereira, 
and Silva 2003). The multitemporal compositing cri-
teria initially proposed with the aim of optimizing 
land cover classification because of its capacity to 
maximize the spectral reflectance of healthy vegeta-
tion (Cabral et al. 2003; Holben 1986; Qi and Kerr, 
1997), have been subsequently adapted for burned 
area detection by numerous authors (Barbosa, Pereira, 
and Grégoire 1998; Chuvieco et al. 2005; Fernández, 
Illera, and Casanova 1997; Miettinen and Liew 2008; 
Pereira et al. 2017, 1999; Silva et al. 2004; Sousa, 
Pereira, and Silva 2003; Tansey et al. 2004a, 2004b). 
The main approaches used for land cover classifica-
tion, such as the multitemporal normalized difference 
vegetation index (MNDVI), are unsuitable for burned 
surfaces because of their spectral characteristics, 
resulting in the worst discrimination (Chuvieco et al. 
2005; Pereira et al. 1999), returning a low spectral 
separability between unburned and burned areas 
(Miettinen and Liew 2008; Sousa, Pereira, and Silva 
2003), underestimating the results, and generating 
a large number of false positives (Barbosa et al. 
1999; Cabral et al. 2003; Pereira et al. 2016). Other 
authors have improved the criteria for dealing with 
various artifacts. For example, the lowest reflectance 
value of red or short-wave infrared (SWIR) bands, 
coupled with the MNDVI criterion, has been used to 
reduce the presence of clouds in composite images, 
with the disadvantage of causing an increase in the 
presence of cloud shadows (Cabral et al. 2003; 
Chuvieco et al. 2005; Mayaux, Gond, and Bartholome 
2000; Qi & Kerr, 1997). For these reasons, several 
alternative criteria have been proposed for multitem-
poral compositing in burn mapping. Barbosa, Pereira, 
and Grégoire (1998), followed by other studies 
(Chuvieco et al. 2005; Miettinen and Liew 2008), 
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selected pixels with minimum NIR reflectance in the 
time series using low/coarse resolution satellite data, 
considering that burned vegetation has low reflec-
tance in these spectral bands. The minimum NIR 
reflectance highlights the separability of charred 
fuels deposited over the ground, characterized by 
very low VIS and NIR reflectance, preventing the mis-
interpretation of clouds and vegetated areas. 
Therefore, burned territory unity (pixels) represents 
the minimum NIR value in a time series. The lowest 
NIR criteria produce higher separability between 
burned and unburned vegetation (Sousa, Pereira, 
and Silva 2003). However, this emphasizes cloud sha-
dows when used in more local-scale studies 
(Chuvieco et al. 2005; Pereira et al. 1999; Sousa, 
Pereira, and Silva 2003) and requires supplementation 
with efficient cloud shadow removal approaches 
(Miettinen et al. 2013). Miettinen and Liew (2008) 
evaluated several composite methods and considered 
the lowest value of NIR as one of the more permeants, 
but only if the dataset was cloud shadow masked 
before the process. The criteria of the third lowest 
NIR value selection were demonstrated to deal with 
this issue, achieving better performance in removing 
shadows. At the same time, the quality of the image 
and the spectral differences between vegetation cov-
ers were maintained without fine-grained spatial het-
erogeneity typical of other criteria (Cabral et al. 2003; 
Stroppiana et al. 2002). Researchers have also used 
the thermal infrared (TIR) band to detect burned areas 
(Chuvieco et al. 2005; Miettinen and Liew 2008; 
Pereira et al. 1999; Sousa, Pereira, and Silva 2003). In 
fact, recently burned areas are warmer than unburned 
surfaces, clouds, and shadows (Pereira et al. 1999, 
1999). Chuvieco et al. (2005) concluded that maximiz-
ing the TIR criteria was more accurate than maximiz-
ing other NIR-based criteria. Miettinen and Liew 
(2008) highlighted the problem of using this band, 
including the underestimation of smaller burned 
areas owing to its lower spatial resolution. When the 
thermal band is not available, several authors (Cabral 
et al. 2003; Chuvieco et al. 2005; Stroppiana et al. 
2002) have suggested using the highest NIR value 
among the three minimum red reflectance values of 
the daily images because, as seen above, although 
minimizing NIR may be suitable, the presence of 
cloud shadows needs to be dealt with extra proces-
sing. This technique has been further integrated with 
the use of SWIR, which, similar to TIR behavior, avoids 

the selection of colder pixels (e.g. occupied by cloud 
shadows) more than NIR. Pereira et al. (2017) and 
Pereira et al. (2016) evaluated different criteria, the 
first, second, and third lowest NIR value and the max-
imum SWIR value among the three lowest NIR values 
(minNIRmaxSWIR criteria), in terms of spectral separ-
ability between burned/unburned areas and the pre-
sence of clouds and shadows. The final conclusions 
were that, although the lowest NIR presented higher 
separability between burned and unburned areas, it 
caused the identification of a large number of cloud 
shadows owing to the spectral similarity between 
burned vegetation and shadows at this wavelength, 
as also observed by Miettinen et al. (2008); the second 
lowest NIR criterion achieved the best results, fol-
lowed by the minNIRmaxSWIR criterion, maintaining 
burn separability with a low incidence of cloud 
shadows.

1.4. The opportunity for higher resolution data

These approaches have been successfully applied for 
the regional to continental/global mapping of burned 
areas using coarser spatial resolution satellite data 
(e.g. NOAA/AVHRR, PROBA-V, SPOT-VEGETATION, 
and NASA Terra/Aqua MODIS). This could involve 
underestimating smaller burned areas and increasing 
omission errors (Roteta et al. 2019). Kasischke et al. 
(1993) observed that only 89.5% of burned areas 
larger than 20 km2 were detected, without false posi-
tives, using AVHRR satellite data. An additional short-
coming of coarse-resolution data is their inability to 
distinguish medium/small unburned areas within the 
fire perimeter (unburned “islands”), representing 
potential areas of high biodiversity from which vege-
tation recovery can spread in a post-fire scenario 
(through speed dispersion and/or agamic regenera-
tion) (Christopoulou et al. 2014; Meddens, Kolden, 
and Lutz 2016), overestimating the actual damage. 
The advent of sensors with increasingly better spatial 
and temporal resolutions has allowed the develop-
ment of approaches that ensure a more accurate 
mapping of burned areas. Several authors have 
shown that using Landsat-7/8 multispectral satellite 
platforms (Axel 2018; Boschetti et al. 2015; 
Christopoulou et al. 2014; Goodwin and Collett 2014; 
Hawbaker et al. 2017; Mitri and Gitas 2004; Silva et al. 
2019; Storey, Lee West, and Stow 2021), high perfor-
mance can also be achieved for larger burned area 
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detection scales, improving the level of detail and 
accuracy obtained from coarse resolution sensors, 
particularly for smaller burned areas and unburned 
islands. Their higher temporal resolution, combined 
with finer spatial resolution, allowed a broad applica-
tion of successful approaches based on single or mul-
titemporal Sentinel-2 data for mapping burned areas. 
Recent studies have exploited the spectral endow-
ment of sensors and the combination of derivable 
spectral indices (Filipponi 2019; Knopp et al. 2020; 
Llorens et al. 2021; Mpakairi, Ndaimani, and Kavhu 
2020; Navarro et al. 2017; Pulvirenti et al. 2020; 
Roteta et al. 2019; Sali et al. 2021; Smiraglia et al. 
2020; Vanderhoof et al. 2021). Multispectral Sentinel- 
2 data were recently integrated into the fire detection 
procedure adopted by the European Forest Fire 
Information System (EFFIS) (EFFIS Rapid Damage 
Assessment, 2021), thus allowing the refinement of 
the map of burned areas obtained from coarser- 
resolution sensors and the detection of fires below 
30 hectares. However, the literature lacks the use of 
NIR-based multitemporal composite techniques 
applied to the higher temporal and spatial resolution 
Sentinel data to optimize the mapping of burned 
areas.

1.5. Integration of SAR information

In addition to optical data, synthetic aperture radar 
(SAR) active sensors have achieved good perfor-
mance in burned area mapping and fire effect esti-
mation (Belenguer-Plomer, Chuvieco, and Tanase 
2019; De Luca, Silva, and Modica 2021; Donezar 
et al. 2019; Gimeno, San-Miguel-Ayanz, and 
Schmuck 2004; Kurum 2015; Lasaponara and Tucci 
2019; Lehmann et al. 2015; Pepe et al. 2018; 
Stroppiana et al. 2015; Tanase et al. 2020, 2011; 
Zhang et al. 2019). The Earth’s microwave backscat-
ter is affected by variations in the structural parts and 
dielectric permittivity of the surface, triggered by 
vegetation cover, shape, size, and orientation of the 
canopy scatterers, soil structure, and moisture con-
tent modifications, making it a suitable system for 
discriminating alterations on the Earth’s surface. 
Factors such as wavelength, polarization, the orbit 
of the satellite sensor, and local topographic proper-
ties of the Earth’s surface can influence the SAR 
backscatter (De Luca, Silva, and Modica 2021; 
Gimeno, San-Miguel-Ayanz, and Schmuck 2004; 

Hachani et al. 2019; Imperatore et al. 2017; Kurum 
2015; Tanase et al. 2011, 2010a, 2020). Polarization is 
an intrinsic feature of the primary sensor that influ-
ences the behavior of the SAR signal scattered by 
burned vegetation. Generally, after a fire event in 
a Mediterranean context, characterized by drier sea-
sons, cross-polarized backscatter [vertical-horizontal 
(VH) and horizontal-vertical (HV)] decreases owing to 
its higher sensitivity to the reduced contribution of 
volumetric dispersion and moisture content. In con-
trast, the co-polarized signal [vertical-vertical (VV) or 
horizontal-horizontal (HH)] might show an increased 
backscatter attributable to higher soil exposure after 
the fire event (Imperatore et al. 2017). Although 
several studies have confirmed this finding 
(Carreiras et al. 2020; De Luca, Silva, and Modica 
2021; Ruiz-Ramos, Marino, and Boardman 2018; 
Tanase et al. 2010a, 2010b), the literature shows 
how several different backscatter behaviors can be 
observed for vegetation affected by fire and influ-
enced by local environmental variables (Ban et al. 
2020; Martins et al. 2016; Stroppiana et al. 2015). 
Some authors have used multi-polarimetric indices 
to maintain the information provided by two differ-
ent polarizations for various research purposes con-
cerning environmental monitoring (Kim et al. 2012, 
2014; Yunjin Kim and Van Zyl 2009; Martins et al. 
2016; Periasamy 2018; Pipia et al. 2019; Szigarski 
et al. 2018; Trudel, Charbonneau, and Leconte 
2012), including the radar vegetation index (RVI), 
which is one of the most widespread. De Luca, 
Silva, and Modica (2021) successfully used a dual- 
polarimetric RVI index to map burned areas in 
Mediterranean environments. Martins et al. (2016) 
used several dual-polarimetric SAR indices to analyze 
and monitor the temporal effects of fire in 
a Mediterranean environment.

1.6. Aim and structure of the study

This research maps a series of fires throughout the 
2017 fire season, covering most of Portugal, using 
a multitemporal composite and supervised geo-
graphic object-based classification approach 
(GEOBIA). The main objective was to develop an 
open-source workflow based on optical and SAR mul-
titemporal composite data for burned area mapping 
at a regional scale in Mediterranean regions, assessing 
the contribution of SAR data, given that most studies 
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of burned area mapping in this region are based only 
on coarser optical data. Specifically, the aim and 
novelty of our proposed workflow rely on the follow-
ing key points.

(a) To optimize an optical-based multitemporal 
composite processing criterion using higher 
temporal and spatial multispectral data 
(Sentinel-2) and integrating SAR data 
(Sentinel-1) to accurately map the burned 
areas that occurred during the entire fire 
season.

(b) To compare the accuracy of burned area maps 
derived from S1 and S2 data with those derived 
from S2 data only.

(c) To assess the effectiveness of GEOBIA over 
a large region using open-source software 
and freely available datasets.

The remainder of this paper is organized as follows. 
Section 2 presents a brief overview of the study area 
and fire event. Section 3 provides details about the 

datasets and the methodologies addressed; in parti-
cular, we describe satellite datasets and respective 
pre-processing workflows (Section 3.1), explain the 
implemented multitemporal compositing procedure 
(Section 3.2), describe the GEOBIA process, including 
segmentation, training, and validation sample setting, 
provide object-based classification (Section 3.3), eval-
uate accurately the resulting map (Section 3.4), and 
analyze the results in-depth with the use of descrip-
tive statistics and spectral separability calculation 
(Section 3.5). The results are summarized in 
Section 4, while Section 5 discusses the main consid-
erations, highlighting the strengths and limitations of 
the current study and recommending future research 
directions.

2. Study area

The analyses focused on a study area (Figure 1), 
including Portugal’s northern and central parts 
(between the 39.5° and 42.1° parallels), expanding to 
55,441.44 km2. This represented the area where major 

Figure 1. Location of the burned study area in Europe (top-left), in Portugal (bottom-left). The image on the right shows the overview 
of the study area (Sentinel-2 composite image based on the second-lowest NIR criterion, false-color composite SWIR-NIR-RED); the red 
areas represent the burned surfaces.
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fires occurred during the exceptional fire season 
(June–October) of 2017 (ICNF, 2017; European 
Environment Agency, 2021).

According to statistics provided by the Instituto 
da Conservaçăo da Natureza e das Florestas (ICNF, 
2017), the total burned area from January 1 to 
October 31 was 442,418 ha. Almost all burned areas 
(>95% of the national burned surface) occurred 
inside the present study area. The southern part of 
Portugal was excluded because it was unaffected by 
significant events (in terms of the total surface area 
that affected the country during the fire season ana-
lyzed). Only one large fire (defined by ICNF as a fire 
exceeding 100 ha) occurred outside the study area in 
southern Portugal.

3. Materials and methods

3.1. Satellite datasets and pre-processing

A multitemporal compositing approach was tested on 
different progressive fire events in the central and 
northern parts of Portugal during the fire season in 
2017, from June to October. In Mediterranean 
European regions, this period is considered one of 
the most severe fire seasons in recent years in terms 
of the total area burned and environmental and civil 
damages (San-Miguel-Ayanz et al. 2018). The size of 
each event was very different, and the spatial distri-
bution over the entire area was considered. Most of 
the surface (52.37%) was affected during the fire 
events in October (ICNF, 2017).

Sentinel-2 dataset

The S2 Level-2A (Bottom of the Atmosphere) dataset 
was preprocessed and downloaded using the 
Google Earth engine (GEE), which sped up the pro-
cess considering that most parts of the images are 
unavailable online in the Copernicus Open Access 
Hub owing to the long-term policy adopted, which 
allows only 12 months of the online retention period 
of the images (Copernicus Long Term Archive 
Access, 2022).

Focusing on image research in the study area, the 
first period considered was from June 1 to 
15 November 2017. Extending the image search per-
iod by a few weeks was necessary so that the number 
of images covering the last fire season to be analyzed 

was sufficient. Otherwise, applying the composite cri-
terion could discard the last images of the fire season 
in which fires could be present. The number of avail-
able images for the study area with less than 7.5% 
cloud cover was 227. After selecting only the red (B4), 
NIR (B8), and SWIR (B12) bands, the latter was 
resampled from a 20 m to a 10 m pixel space using 
bilinear interpolation to relate it to the first two bands. 
Each of these images was grouped per day of acquisi-
tion, and, according to this, a large image mosaic for 
each acquisition date, covering the entire study area, 
was produced. The GEE imageCollection.mosaic() func-
tion was used for mosaicking.

On some acquisition dates, very few images 
were taken over the study area; therefore, some 
mosaics mainly consisted of unavailable pixels. 
These mosaics were excluded from the final data-
set to reduce the time and memory process 
demand without affecting it. Considering this 
reduction, the final dataset consisted of three 
monthly dates, represented by 15 image mosaics 
for the entire study area (Table 1).

As illustrated in the following sections, the change 
in the detection technique between the pre- and 
post-fire scenes was implemented to map the burned 
areas. To do this, a pre-fire composite image was 
constructed by applying the same pre-processing 
steps as for the post-fire image, to the images 
acquired from April 1 to May 31.

Table 1. Sentinel-2 (S2) and Sentinel-1 (S1) image mosaic dates 
used in this study (format: year/month/day), acquired before 
and during the fire season.

Time of acquisition
Sentinel-2 Multispectral 

Level-2A
Sentinel-1 IW mode 

Level-1 GRDH

Pre-Fire 2017/04/15 2017/04/14
2017/04/25 2017/04/20
2017/04/28 2017/05/02
2017/05/08 2017/05/14
2017/05/25 2017/05/26

Fire season 2017/06/04 2017/06/07
2017/06/07 2017/06/25
2017/06/24 2017/07/07
2017/07/07 2017/07/19
2017/07/14 2017/07/25
2017/07/24 2017/08/06
2017/08/03 2017/08/18
2017/08/13 2017/08/24
2017/08/23 2017/09/05
2017/09/02 2017/09/17
2017/09/12 2017/09/23
2017/09/22 2017/10/05
2017/10/02 2017/10/17
2017/10/22 2017/10/23
2017/10/26 2017/10/29
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Sentinel-1 dataset

The S1 images were downloaded using the Alaska 
Satellite Facility (ASF) (2022) interface. The S1-A/B 
high-resolution ground range detected (GRDH), 
acquired in interferometric wide (IW) mode, and dual- 
polarized [vertical-horizontal (VH) and vertical-vertical 
(VV) polarizations] were used. To cover the entire 
study area, 45 images of the same flight path (path 
147, ascending flight direction), consisting of three 
images for each sensing date (15 sensing dates) and 
covering the same sensing period adopted for the S2 
dataset, were downloaded (Table 1).

The S1 pre-processing workflow commenced by 
applying precise orbit information and removing 
thermal noise. This workflow involved radiometric 
calibration (to beta, β0, nought backscatter standard 
conventions) (Small 2011) and radiometric terrain cor-
rection (RTC) processes, through which the images 
were radiometrically flattened and geometrically cor-
rected using the shuttle radar topography mission 
(SRTM) 1 arc-second (Farr et al. 2007) digital elevation 
model (DEM). All S1 images were mosaicked as 
a function of the acquisition date, resulting in a final 
dataset of 15 large image mosaics covering the entire 
study area, and stacked, relying on the geolocation 
product to initialize the offset method. 
A multitemporal Lee filter with a 5 × 5 pixel of window 
size was employed to reduce the speckle noise (Lee 
and Pottier 2009). To align each pixel of both datasets, 
consisting of a 10 m space sampling, the S1 and S2 
mosaic datasets were finally stacked, choosing the 
extent of the S1 dataset as master data for the geolo-
cation and the bilinear as the interpolation method.

3.2. Multitemporal compositing

Optical (Sentinel-2) part
The second lowest NIR composite criterion 
(secMinNIR) (Figure 2) was adopted in this study 
for the optical dataset. Considering a time series in 
which each image corresponds to an acquisition 
date, each pixel of the final composite image con-
tains the second-lowest value of NIR among the 
corresponding pixels (exactly aligned xy position in 
the image) of the entire image time series. For 
each xy pixel, the process searches for the sensing 
date where the pixel has the second lowest NIR 
value.

SAR (Sentinel-1) part
To obtain an SAR composite image, information on 
the acquisition date of the image to which each pixel 
of the S2 composite belongs was created, that is, the 
date when the second lower value of NIR was 
observed. According to the literature, a fire event 
does not always correspond to a decrease in the 
SAR backscatter (Ban et al. 2020; Hosseini and 
McNairn 2017; Martins et al. 2016; Stroppiana et al. 
2015). In the Mediterranean environment, the results 
depend on different environmental (e.g. humidity and 
land cover) or sensory (e.g. frequency and polariza-
tion) factors (Tanase et al. 2010b, 2010a). This is why 
a similar compositing approach was not applied to 
the S1 data. Instead, based on the layer with the date 
of S2 compositing, for each pixel of the S1 data, the 
value recorded in the image with the first date of 
acquisition subsequent to the one corresponding to 
S2 compositing was chosen. Thus, both the optical 
and SAR datasets corresponded to information 
acquired at a similar moment. The S1 and S2 compo-
siting procedure was written in a Python script and 
could be adapted to be performed on different time 
frames (monthly, bimonthly, during the entire fire 
season, etc.). In our case, the criterion was applied 
for the entire fire season (June-October) and, sepa-
rately, for the pre-fire period (April-May).

3.3. Object-based burned area mapping

Burned area mapping was carried out by performing 
supervised object-based geographic object-based 
image analysis (GEOBIA) classification. The large- 
scale mean shift (LSMS) algorithm for image segmen-
tation (Michel, Youssefi, and Grizonnet 2015) and ran-
dom forest (RF) machine learning algorithm for 
classification (Breiman, 2001; Cutler et al., 2007) were 
used. The two methods were implemented in Orfeo 
tool-box v.7.0.0 (OTB) (OTB Homepage, 2021) and 
Scikit-learn Python library v. 0.23.1 (Pedregosa et al. 
2011), respectively.

Input layer creation

From the two optical bands, NIR and SWIR (B8 and 
B12 bands, respectively), the normalized burn ratio 
(NBR; eq. 1) for the pre- and post-fire periods was 
computed. From the VH and VV layers, the dual- 
polarized radar vegetation index (RVI; eq. 2) was also 
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calculated for the pre- and post-fire periods. The dif-
ferences between the post-fire and pre-fire values 
were computed as ΔNBR (eq. 3) and ΔRVI (eq. 4) to 
allow a change detection approach. Two datasets 
were created and used as inputs for segmentation 
and image classification. One was formed by the 
four layers derived from optical and SAR data (S1 
+ S2): ΔNBR and post-fire NBR for the optical data, 
and ΔRVI and post-fire RVI as SAR layers. The second 
included only two optical layers (S2): ΔNBR and post- 
fire NBR. 

NBRt¼ NIR � SWIRð Þ= NIRþ SWIRð Þ (1) 

RVIt¼ 4 � VH= VVþ VHð Þ (2) 

Δ NBR ¼ NBRpostfire� NBRprefire (3) 

Δ RVI ¼ RVIpostfire� RVIprefire (4) 

Before stacking, each layer band was normalized in 
the same continuous scale range [0–100] (eq. 5) to 
equalize and make them comparable as well as 
reduce the influence of their different scale ranges 
on the following segmentation process (De Luca, 
Silva, and Modica 2021, 2019): 

Figure 2. The flowchart illustrates the second-lowest NIR (secMinNIR) scheme, SAR criteria, and their placement within the workflow.
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Xnorm¼ X� Xminð Þ= Xmax� Xminð Þ (5) 

where Xnorm is the normalized value, X is the original 
value, and Xmin and Xmax are the lower and highest 
pixel values of the layer band (original range), 
respectively.

Image segmentation

The large-scale mean shift (LSMS) is a non-parametric 
segmentation algorithm introduced by Fukunaga and 
Hostetler (1975) and developed and improved by 
Michel, Youssefi, and Grizonnet (2015). It is a tile- 
based approach, optimized for extensive and/or high- 
resolution imagery, comprising four successive steps: 
a) smoothing (filtering), for image noise reduction; b) 
segmentation, for image subdivision in segments; c) 
segment merging: for small-size segment reduction; 
d) vectorization: transformation in vector format, 
including spectral feature extraction (mean and var-
iance). The first and second steps require setting the 
two parameters that most influence the final result: 
range radius and spatial radius. In terms of Euclidean 
distance, the range radius is the spectral threshold for 
regrouping two neighboring pixels. The spatial search 
distance of the neighboring pixels was set based on 
the spatial radius (measured in the number of pixels). 
While the spatial radius was set to 25, the range radius 
was set based on the minimum Euclidean distance 
between burned and unburned pixels calculated on 
300 regions of interest (ROIs) (150 for burned and 150 
for unburned areas) scattered over the entire study 
area. These ROIs, with a size of 4 × 4 pixels, were 
chosen to cover all the most representative land cov-
ers (forest, mainly composed of native Quercus spe-
cies, Mediterranean Pinus and Eucalyptus plantations; 
shrublands; pastures; agricultural orchards and crop 
areas), through visual interpretation supported by 
several ancillary pieces of information: the high spatial 
resolution Esri ArcGIS World Imagery map (Esri ArcGIS 
World Imagery, 2021) and Google Earth Satellite 
Imagery (Google Earth, 2021), the land use/land 
cover map of Portugal (Carta de Uso e Ocupação do 
Solo) (COS, 2018), and the official burned area map of 
Portugal (ICNF, 2017). The mean value of the pixels in 
each ROI was computed separately for each optical 
and/or SAR layer band. The Euclidean distance was 
calculated for each combined pair of mean ROI values.

The value of the 35th percentile resulting from the 
entire Euclidean distance list (composed of each 
Euclidean distance value between every combination 
of ROIs) was chosen as the range radius value for the 
smoothing step. To initialize the segmentation step, 
the process was repeated on the smoothed images 
by selecting a series of values around the 10th percen-
tile of the Euclidean distance list calculated for the 
smoothed image. To finalize the parameter value set, 
we carried out a careful trial-and-error procedure to 
select a suitable range radius value for the segmenta-
tion step. The results were visually evaluated at each 
step of the segmentation process by using a composite 
optical image of the burned areas. We applied 
a criterion according to which the burned area was 
successfully segmented when it was completely 
“encapsulated” within one or more polygons. There 
must be no unburned parts in the same polygon. This 
approach was carried out for both datasets (S1+ S2 and 
S2), and the final range radius parameter was set as 
follows: for S1+ S2, 6 (smoothing) and 2 (segmenta-
tion); for S2, 12 (smoothing) and 5.8 (segmentation).

In terms of space and radiometry, segments of less 
than 10 pixels were merged into adjacent segments.

Object-based classification

A well-known RF machine learning algorithm was 
implemented to classify the segments resulting from 
the LSMS segmentation. The training polygons were 
derived by selecting segments that matched the pre-
viously selected ROIs used in the segmentation step. In 
total, 300 training polygons were selected, with 150 for 
each of the two classes: unburned and burned. The 
mean (ms) and variance (vs) spectral data were used as 
spectral features to fit and predict the RF model.

The algorithm parameters were set by using the 
initial out-of-bag (OOB) error estimated by the RF 
model during the training step as a predictor of the 
final accuracy level. A set of values was chosen for 
each RF parameter, and the classification process was 
initiated for every possible combination of parameter 
values (Table 2). The combined values that reached 
the highest OOB were used in the RF model.

Finally, the Gini feature importance was computed 
to assess the contribution of each input spectral fea-
ture image layer to classification.
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3.4. Accuracy assessment

The accuracy assessment was implemented using 
1,000 validation sampling points distributed in the 
study area so that they did not overlap with the 
training polygons and were labeled following 
a stratified random approach (Congalton and Green 
2019). The official ICNF burned area map was used to 
initialize stratified sampling, from which 500 points 
were randomly distributed for each of the two 
classes (unburned and burned). Subsequently, the 
distribution of points was optimized through 
a careful visual assessment supported by the ancil-
lary information already used for the training step 
(Esri ArcGIS World Imagery, 2021; Google Earth, 2021; 
COS, 2018) and by each pre- and post-fire Sentinel-2 
mosaic image. In addition to avoiding the overlap-
ping of the training polygons, this enabled the 
improvement of the ICNF map, namely the identifi-
cation of unburned islands, which were frequently 
not mapped in the ICNF map. The ICNF maps of the 
burned area were based on field surveys and com-
plemented with semi-automatic image classification 
of satellite imagery. Landsat and Sentinel-2 data 
from 2017 were used (ICNF, 2017). True positive 
(TP), false negative (FN), and false positive (FP) accu-
racy categories were computed using the following 
criteria:

● TP: the sum of burned and unburned corrected 
classified polygons.

● FP: when an unburned validation polygon corre-
sponds to a polygon classified as burned.

● FN: when a burned validation polygon corre-
sponds to a polygon classified as unburned.

Subsequently, the precision, recall, and F-score accu-
racy metrics (Equations. 6, 7, and 8) were computed to 
evaluate the accuracy of the classified map (Goutte 
and Gaussier 2005; Shufelt 1999; Sokolova, Japkowicz, 
and Szpakowicz 2006). 

precision ¼ TPj j= TPþ FPj j (6) 

recall ¼ TPj j= TPþ FNj j (7) 

F � score ¼ 2 � � � precision � �
� recall= precisionþ recallð Þ (8) 

3.5. Spectral separability

Some descriptive statistics of the classified product, 
namely the total weighted (involving the number of 
pixels of each polygon) average (µsw) and standard 
deviation (σsw) of the values of the spectral feature mean 
(µs) and variance (vs) of all the resulting polygons, sepa-
rately for class (burned/unburned), were calculated to 
further investigate and characterize the resulting output.

The relationship between the differently classified 
polygons was further analyzed by calculating their 
spectral separability. The modified M-statistic 
(Kaufman and Remer 1994) was implemented using 
the weighted average of the mean values of the 
spectral polygons (eq. 9): 

M � statistic ¼ μ1� μ2j j= σ1þσ2ð Þ (9) 

where µ1 and µ2 are the weighted averages of the 
spectral mean values (µsw) for burned and unburned 
polygons, respectively, and σ1 + σ2 are the weighted 
standard deviations of the spectral mean values (σsw) 
for burned and unburned polygons, respectively. The 
spectral separability between the two targets 
increased with an increasing M-statistic.

4. Results

4.1. Optical multitemporal composite image

Figure 3 shows an overview of the multitemporal 
compositing for the study area and the five illustrative 

Table 2. Parameter values of the random forest (RF) classifier 
tested through an exhaustive grid search approach to set the 
optimal combination.

Parameter name Values set Description

n_estimators 100, 650, 1200, 1750, 
2300, 2850, 3400, 3950, 
4500, 5050, 5600, 6150, 
6700, 7250, 7800, 8350, 

8900, 9450, 10,000

The number of trees in 
the RF model

max_depth 10, 20, 30, 40, 50, 60, 70, 
80, 90, 100, 110, 300, 

500, 800, 1000

The maximum depth of 
the tree

min_samples_split 2, 5, 10 The minimum number 
of samples required 
to split an internal 
node

min_samples_leaf 1, 2, 4 The minimum number 
of samples required 
to be at a leaf node

max_features “auto,” “None,” “log2” The number of features 
to consider when 
looking for the best 
split
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areas. A composite image resulting from the applica-
tion of the secMinNIR criterion is shown.

This image consists of Sentinel-2 values observed 
on the date corresponding to the second-lowest NIR 
value, considering the time frame from June to 
October 2017. The RGB image combination (R = B12; 
G = B8; B = B4) highlights the areas where NIR is lower 
than the surrounding pixels, making them appear red. 

These areas are expected to represent the surfaces 
affected by fire events during the entire fire season.

The destruction of the vegetative part (there-
fore, of the chlorophyll content) involves 
a decrease in the reflectance of NIR, followed by 
a simultaneous increase in red and SWIR; the latter 
was caused by reduced absorption by water 
(Miettinen et al. 2013; Pereira et al. 1999). The 

Figure 3. Multitemporal composite output relative to the optical part of the dataset (Sentinel-2) that resulted from processing fire 
season images (June-October). Five illustrative areas are shown on a more detailed scale beside the overview of the entire study area 
(top left). The images are shown in RGB combination (R = B12; G = B8; B = B4).
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ΔNBR image, shown in Figure 4, was computed as 
the difference between the NBR composite image 
derived for the fire season time series (June– 
October) by applying the secMinNIR criterion and 
the NBR image derived for the time series covering 

the pre-fire period (April–May) by applying the 
same compositing criterion.

Using the “post- less pre-fire” formula, the dar-
ker areas in the image correspond to lower values 
of the ΔNBR index, representing a high level of 

Figure 4. The Figure shows the ΔNBR index map calculated by applying the subtraction NBRpost-fire – NBRpre-fire. The darker areas correspond 
to lower index values, while the brighter pixel means represent higher values. The overview of the entire study area is shown on the top-left; 
five illustrative areas are shown on a more detailed scale.
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change between the two dates with a decline in 
NIR and an increase in SWIR.

4.2. SAR multitemporal composite image

For each optical pixel chosen using the secMinNIR com-
posite criterion, the SAR pixel with the same or the next 
closest acquisition date was associated with the optical 
data and used to create a SAR composite image for the 
same pre- and post-fire periods (April-May and June- 
October, respectively). The dual-polarized ΔRVI derived 
from the VH and VV composite SAR images relative to 
the difference between the pre- and post-fire periods is 
shown in Figure 5. Considering the gray scalar used in 
Figure 5, the pixels tend to darken as much as the ΔRVI 
value is lower, and vice versa.

The datasets formed by the optical indices (ΔNBR and 
NBRpost-fire) and SAR indices (ΔRVI and RVIpost-fire) were 
segmented using the LSMS algorithm. Segmentation 
was performed on the S1+ S2 and S2 datasets, which 
resulted in 2,136,807 and 2,238,504 objects, respectively. 
The area of the objects for the S1+ S2 and S2 datasets 
ranged from 0.15 ha to 154,969.23 ha (mean = 2.78 ha; 
standard deviation = 186.40) and from 0.15 ha to 
291,812.03 ha (mean = 2.81 ha; standard devia-
tion = 265.98), respectively.

4.3. Segmentation results

The segmentation results for the S1+ S2 and S2 data-
sets are presented in Figures 6 and 7, respectively. The 
segments enclose groups of adjacent spectrally 
homogeneous pixels and, considering only the opti-
cal and/or SAR bands sensitive to fire, correspond to 
the same level of fire severity and are different from 
the surrounding segments representing burned or 
not-burned segments.

The unburned part is represented both by most 
of the study area (unburned surface surrounding 
the burned areas) and by the small areas not 
reached by the fire but which are within the 
burned areas (“unburned islands”). The Figures 
also show that the transition areas between 
burned and unburned areas, where the fire caused 
low-severity damage, were segmented separately 
from the higher-severity burned areas in both sen-
sor combinations (S1+ S2 and S2).

4.4. GEOBIA classifications and accuracies

Subsequently, the segmented data results were clas-
sified using the RF algorithm. The values of the RF 
parameters, set using the OOB estimated error as 
a predictive accuracy indicator, are listed in Table 3. 
As observed, the three parameters did not vary 
between the two-sensor combinations, maintaining 
their default original values (min_samples_split:2; 
min_samples_leaf:1; max_features: “auto”). Reaching 
an OOB error of 0.924, the set values for n_estimators 
and max_depth parameters were 1,200 and 110, 
respectively, using a combination of both sensors 
(S1+ S2). Using only S2 and an OOB value of 0.908, 
the values were 1,750 and 65.

The classifications resulting from the GEOBIA pro-
cess for the S1+ S2 and S2 datasets are shown in 
Figures 8 and 9, respectively. The images show the 
segments classified as burned in the entire scene and 
five representative sample areas. Based on the 
images, a few differences appear between the sensor 
combinations. The classified segments encircle the 
regions affected by the fire. Only a minor confusion 
is noticeable at the level of some transition areas (e.g. 
Figures 8–9, bottom left), mainly where the low- 
severity fire occurred, as observed by comparing the 
respective ΔNBR maps (Figure 4, bottom left). Some 
commission errors were also noticeable, involving 
very small agricultural fields (Figures 8–9, bottom 
left). The S2 classified map shows that, although it 
incorporated small transitional areas omitted with 
the S1+ S2 combination, it made more commission 
errors by including agricultural and unburned regions 
adjacent to these areas.

The Gini feature importance was calculated to 
express the influence of the spectral features (mean 
and variance) of each image layer during the model 
prediction process (Figure 10). In both dataset combi-
nations and corresponding burned area classification, 
the mean spectral feature of NBRpost reached the 
highest values (0.413 for S1+ S2 and 0.515 for S2), 
followed by the mean spectral features of ΔNBR 
(0.256 and 0.305), highlighting the importance of 
optical data for burned area mapping. When both 
optical and SAR data were used (S1+ S2), the third 
and fourth most important features were derived 
from the SAR data: the mean spectral features of 
ΔRVI (0.125) and RVIpost (0.048). Below the mean spec-
tral feature importance values, the variance achieved 
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a lower importance value in both dataset combina-
tions, with the lowest absolute variance values 
reached with the SAR indices (0.035, ΔRVI, and RVI).

The weighted descriptive statistics (µsw and σsw) 
calculated for the values of the spectral features (ms 

and vs) of all classified polygons, separately for 
burned/unburned classes and the image layer, are 

reported in Table 4. Specifically, only the statistics 
calculated for the S1+ S2 dataset were reported 
because the values retrieved for S2 (referable to 
ΔNBR and NBR) are similar.

As expected, the weighted average of the spectral 
mean (ms) for both optical and SAR image layers was 
higher for the unburned class (45.8026, ΔNBR; 23.8265, 

Figure 5. The ΔRVI index map, calculated by applying the subtraction RVIpost-fire – RVIpre-fire. The darker areas correspond to lower index 
values, while the brighter pixels represent higher values. The overview of the entire study area is shown on the top-left; five illustrative areas 
are shown on a more detailed scale.
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NBR; 49.5496, ΔRVI; 20.3481, RVI) than the burned class 
(29.7601, ΔNBR; 12.3907, NBR; 47.4288, ΔRVI; 17.5369, 
RVI), and the respective weighted standard deviation 
was in the range between 1.7230 (ΔRVI) and 4.8992 
(ΔNBR) for the burned class, and 1.0755 (ΔRVI) and 
4.2363 (RVI) for the unburned class. The second spec-
tral feature, namely the variance (vs), did not exceed 

2.6855 (RVI) and 3.2240 (RVI) for the burned and 
unburned classes, respectively. The total burned area 
that occurred during the considered fire season, result-
ing from classification, was 3,471.75 km2 using the S1 
+ S2 dataset and 3,648.17 km2 using the S2 dataset. 
The accuracy overview of the obtained burned area 
map was expressed as precision (proportionally inverse 

Figure 6. Segmentation output that resulted from applying the Large-Scale-Mean-Shift (LSMS) algorithm to the S1+ S2 dataset. The 
segments are presented in a blue border, while the base map is the S2 composite image based on the second-lowest NIR (SecMinNIR) 
criterion (false-color composite B12-B8-B4). The segmentation is shown for the entire study area (top left) and five detailed illustrative 
areas.
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to commission errors), recall (proportionally inverse to 
omission errors), and F-score (representing the overall 
accuracy of the map). Using the S1+ S2 dataset, the 
recall, precision, and F-score metrics were 0.954, 0.957, 
and 0.956, respectively. Using the S2 dataset, the recall, 
precision, and F-score metrics were 0.969, 0.865, and 
0.914, respectively.

5. Discussion

5.1. Image compositing

The final images were composed of all pixels affected 
by the fire events that occurred during the fire season 
considered (June–October). This means that all the 
single events that occurred in the period considered, 

Figure 7. Segmentation output that resulted from applying the Large-Scale-Mean-Shift (LSMS) algorithm to the S2 dataset. The 
segments are presented in a blue border, while the base map is the S2 composite image based on the second-lowest NIR (SecMinNIR) 
criterion (false color composite B12-B8-B4). The segmentation is shown for the entire study area (top left) and five detailed illustrative 
areas.
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even in the first month, were potentially equally high-
lighted in the image. Generally, when a single post- 
fire image is used to map a long time series of fires, 
less spectral discrimination of burned areas that occur 
during the starting and farthest periods of the fire 
season is expected. This is due to various environ-
mental factors (climatic events, vegetation regrowth, 
biochemical changes in the burned material, etc.) that 
could lead to possible confusion with vegetation 
affected by phenological senescence and/or stress 
(Dijk et al., 2021; Fraser et al. 2000; Gallagher et al. 
2020; Jukka Miettinen et al. 2013; Pereira et al. 1999; 
Rodman et al. 2021; Verbyla, Kasischke, and Hoy 
2008). The high discrimination between burned and 
unburned areas observed in the composite image is 
given by the lower NIR reflectance that the vegetation 
fire induces immediately after the event and in the 
first few weeks afterward. The minimum NIR values 
commonly occur on the dates closest to fire extinc-
tion. Under these conditions, the difference between 
the spectral signal from the surrounding background 
and the discriminability of the burn area was higher. 
However, choosing the NIR to its minimum value 
implies that in the final composite, the reflectance 
values of the surrounding vegetation background 
are among the lowest in the time series. Cabral et al. 
(2003) discuss this aspect. However, this makes the 
image compositing approach less appropriate for 
some specific applications (e.g. temporal growth 
monitoring, analysis of the spectral behavior of post- 
fire vegetation, etc.), the signal reduction is consistent 
throughout the image, and the relative differences 
between vegetation types are maintained. This pro-
cedure is particularly suitable for qualitative analyses, 
such as image classification. Choosing a low NIR value 
ensures that the pixel that best corresponds to the 
burned area is selected. However, when cloud sha-
dows are present, this involves a substantial reduction 
in the NIR reflectance on the affected surface, which 

becomes an obvious problem if we directly choose 
the pixel with the lowest NIR value, as demonstrated 
in several studies (Barbosa, Pereira, and Grégoire 
1998; Chuvieco et al. 2005; Miettinen and Liew 2008; 
Pereira et al. 2017, 2016; Sousa, Pereira, and Silva 
2003). The same authors demonstrated a method to 
choose the second-lowest NIR to solve this problem. 
This is because the strong reduction in optical reflec-
tance caused by cloud shadows has a higher magni-
tude than that caused by fire. Pereira et al. (2017) 
showed that the second NIR also overcame the criter-
ion in which the highest SWIR value among the three 
pixels with the lowest NIR was used. This problem 
arises when the shadow occupies the same surface 
twice (or more). The advantage of the latter approach 
is that SWIR interacts with fire and shadows in 
a mutually opposite manner. The reflectance values 
of SWIR increase in the case of vegetation affected by 
fire because the absorption of electromagnetic waves 
at these wavelengths by the water is lacking (Pereira 
et al. 1999). Using ΔNBR boosted the sensitivity of 
these two bands to the burned vegetation. This well- 
known index, which is used in burned area mapping, 
severity estimation, and post-fire monitoring pur-
poses, has been widely explored and its efficacy pro-
ven in the literature (Crowley et al. 2019; Donezar 
et al. 2019; Epting, Verbyla, and Sorbel 2005; 
Fernández-García et al. 2018; Fornacca, Ren, and 
Xiao 2018; Key and Benson 2006; Kurum 2015; Miller 
and Thode 2007; Pulvirenti et al. 2020; Roteta et al. 
2019; Schepers et al. 2014; Vanderhoof et al. 2021; 
Zhang et al. 2019), is also used for the creation of 
reference maps of burned areas (Ban et al. 2020; De 
Luca, Silva, and Modica 2021).

Concerning the SAR data on the dual-polarimetric 
ΔRVI image, the burned areas were visually evident 
(Figure 5), highlighting the efficiency of the data for 
visually detecting burned areas. The dual-polarimetric 
ΔRVI integrates the information of both polarizations 
(VH and VV), improving the backscatter interception of 
the variability of volume, structure, and size of the 
different components of the vegetation canopy and 
soil (De Luca, Silva, and Modica 2021; Saatchi 2019). 
The combined contribution of these two elements 
forms the total SAR signal backscattered from the 
Earth’s surface, which is covered by vegetation 
(Saatchi 2019). Cross-polarization presents a higher 
sensitivity for the distribution of vegetation volume 

Table 3. The final combination of Random Forest (RF) parameter 
values that resulted from the exhaustive grid search-based test 
and was used in the classification approach for both datasets (S1 
+ S2 and S2).

Parameter name Values (S1+ S2) Values (S2)

n_estimators 1200 1750
max_depth 110 65
min_samples_split 2 2
min_samples_leaf 1 1
max_features “auto” “auto”
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scatterers associated with small branches and leaves. 
Therefore, it is more efficient in detecting variations in 
the structure and volume of objects placed on the 
Earth’s surface, depending on the severity of the dis-
turbance and the length of the wave used (Carreiras 
et al. 2020; Imperatore et al. 2017; Saatchi 2019; Tanase 
et al. 2010b). Cross-polarized backscatter tends to 

decrease when drought conditions persist on the sur-
face (Ruiz-Ramos, Marino, and Boardman 2018). On the 
other hand, co-polarization intercepts the signal back-
scattered from the rough surface of bare ground, which 
is more exposed to the destruction of the canopy 
after the fire component (Carreiras et al. 2020; Saatchi 
2019).

Figure 8. Classification output, based on the S1+ S2 dataset. Segments showing only the burned class (blue) are overlaid on an S2 
composite image based on the second-lowest NIR (SecMinNIR) criterion (false color composite B12-B8-B4). The classification is shown 
for the entire study area (top left) and five detailed illustrative areas.
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5.2. GEOBIA application

Several studies have successfully applied GEOBIA to 
map burned areas for mapping purposes (Gitas, Mitri, 
and Ventura 2004; Mitri and Gitas 2004; Polychronaki 
and Gitas 2010, 2012; Sertel and Alganci 2016; 
Shimabukuro et al. 2015) as an alternative classifica-
tion technique to the pixel-based approach, 

observing that the former mitigates common biases 
provided by the pixel-based approach. Georgopoulos, 
Stavrakoudis, and Gitas (2019) presented an OBIA 
methodology based on mean-shift and support vec-
tor machine (SVM) algorithms for segmentation and 
classification, respectively, to map burned areas using 
Sentinel-2 data. The advantage of the GEOBIA 

Figure 9. Classification output, based on the S2 dataset. Segments showing only the burned class (blue) are overlaid on an S2 
composite image based on the second-lowest NIR (SecMinNIR) criterion (false color composite B12-B8-B4). The classification is shown 
for the entire study area (top left) and five detailed illustrative areas.
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approach is that, using the average value of the set of 
pixels contained within a segment, instead of any 
single value, the pixel variance caused by possible 
outliers is reduced, increasing the reliability of the 
classification (Radoux and Defourny 2008). 
Considering only the spectral mean pixel value of 
the objects is a more efficient approach in the case 
of SAR data where, even if the speckle filter is applied, 
speckle noise remains in the images (Polychronaki 
et al. 2013). The integration of both spectral features 
used in the present work (mean and variance) was 
thus expected to provide an advantage in classifying 
the two burned/unburned binary classes as additional 
information on the variability of the objects inside the 
polygons compared with using only the mean. 
However, the importance of the resulting features 
demonstrated that the former feature was not as 
decisive as the spectral mean for both optical and 
SAR data. This was because the spectral separability 

expressed by the mean was sufficiently discriminatory 
Table 5. An M-statistic higher than 1 means that the 
discrimination is relatively strong (De Luca et al. 2019; 
Kaufman and Remer 1994). Furthermore, the 
weighted statistics (Table 4) demonstrated that the 
variance did not differ significantly between the 
burned and unburned classes.

A combination of uncorrelated feature spaces (e.g. 
shape and topological features) is considered to be 
able to avoid classification confusion and improve 
accuracy (Gitas, Mitri, and Ventura 2004; Mitri and 
Gitas 2004; Polychronaki et al. 2013; Polychronaki 
and Gitas 2010).

5.3. Map accuracy

The classification accuracy assessment results 
reached high levels in both cases (S1+ S2 and S2), 
as represented by an F-score value of more than 0.9. 
Although there was an effective distinction between 
most agricultural areas (plowed fields) and burned 
areas, some commission errors distributed over the 
entire study area remained when only an optical 
dataset was used. Tillage exposed the underlying 
soil layers on the surface, eliminating the vegetation 
present and causing a spectral response in some 
cases comparable to that caused by a low-severity 
fire (Dijk et al., 2021). When ΔNBR was used, which 
was the most “important” layer for the learning 
model (Figure 10), the spectral separability was 
indeed higher between agricultural fields and 
unburned polygons than between the former and 
the burned surface (Table 6). However, the extent 

Figure 10. Feature importance for burned area mapping (Gini importance), expressed by each spectral feature (mean and variance) 
used in the classification process for both dataset combinations: S1+ S2 and S2.

Table 4. Weighted descriptive statistics (average, µsw; standard 
deviation, σsw), computed using the values of the spectral fea-
tures (mean, ms; variance, vs) of all the classified polygons of 
each S1+ S2 input layer (ΔNBR, NBR, ΔRVI, RVI), separately for 
burned and unburned classes.

Image layer Spectral features

Weighted average  
(µsw)

Weighted standard 
deviation (σsw)

Burned Unburned Burned Unburned

ΔNBR ms 29.7601 45.8026 4.8992 3.8137
vs 2.4165 1.4901 2.8745 2.1497

NBR ms 12.3907 23.8265 2.8068 4.1501
v2 1.1457 1.5632 1.9540 1.8859

ΔRVI ms 47.4288 49.5496 1.7230 1.0755
v2 0.8201 0.7188 1.5703 1.5541

RVI ms 17.5369 20.3481 3.8364 3.9241
vs 2.6855 3.2240 5.6704 4.2363
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of these errors remained low, considering the size of 
the study area and minimal amount of spectral infor-
mation used. Conversely, SAR achieved low separ-
ability in all cases (<1). Separability was sufficiently 
high if agricultural fields were compared with the 
burned class and when using the SAR layer with 
the highest importance in the RF learning process. 
Speckle noise may also play a dual role in this issue. 
Even after the filtering process, the SAR image layers 
presented persistent speckle outliers (Figure 5) 
owing to the intrinsic characteristics of the SAR sig-
nal (De Luca, Silva, and Modica 2021). At smaller 
scales (such as those of agricultural fields), this 
implies higher mixing with the background 
(Figure 5, bottom left). This could decrease the dis-
tinguishability of agricultural fields and affect small 
burned areas or transition areas between burned and 
unburned areas (Figure 5, bottom left). However, this 
would be relevant when using only SAR data, rather 
than integrating both optical and SAR information. 
Several studies (De Luca, Silva, and Modica 2021; 
Polychronaki et al. 2013; Verhegghen et al. 2016) 
have addressed false positives and negatives using 
only SAR-based datasets caused by either the strong 
influence of moisture changes in bare soil or speckle 
noise. Considering the results of the present study, 
the feature importance demonstrates how the SAR 
product contributes to the final accuracy at a lower 
level than the optical product. However, the accuracy 
results indicate that the integrated use of optical and 
SAR datasets reduces commission errors, correcting 
the erroneous identification of burned areas that 
could occur using individual types of sensors, as 
already observed in Stroppiana et al. (2015). This 
confirms what other authors have considered using 
SAR as complementary data, rather than a substitute 
for optical data (De Luca, Silva, and Modica 2021; 
Lasko 2019; Lehmann et al. 2015; Polychronaki et al. 
2013; Stroppiana et al. 2015). Optical sensors are 
more effective for burned area mapping because of 
the more robust relationship between the optical 
wavelengths and the effects of fire on vegetation.

However, SAR data are fundamental not only for 
proven complementary information that improves 
classification, but also for fire detection in unfavorable 
atmospheric conditions, owing to the ability of micro-
waves to penetrate cloud cover (Richards 2009). 
However, this latter aspect is less important in the 

Mediterranean climate context than in the tropical 
zone.

5.4. Final considerations and limitations

Burned area maps, covering regional to continental/ 
global territory, derived from coarse and medium spa-
tial resolution satellite sensors (e.g. NASA Terra/Aqua 
MODIS, SPOT-VEGETATION, NOAA/AVHRR) have cer-
tainly been an important source of information for 
the fire science and application communities 
(Boschetti et al. 2015). As demonstrated in this and 
other studies, the free availability of Sentinel satellites 
with enhanced spatial and temporal resolution offers 
new opportunities that guarantee the fast distribution 
of burned area products at very high accuracy and 
large scales. This can only be achieved if all fire events, 
including small fires (between 0.1 and 1 km2), and 
small unburned islands are detected. The use of 
improved spatial resolutions guarantees more precise 
monitoring, even within the same burned areas, 
because all the details (e.g. unburned spots) can be 
surveyed. The increase in time and processing con-
sumption required by higher resolution is also over-
come by the development of open-source software 
solutions and cloud platforms that allow the easy pro-
cessing of large amounts of data (Chuvieco et al. 2019).

The findings of this approach open a debate 
regarding the quality of official reference data. 
Official maps based on coarse data tend to overesti-
mate burned areas. They fail to classify many 
unburned islands, rendering the produced map 
almost unusable as a reference. In our case, this pro-
blem was overcome by integrating freely available 
high-resolution images with accurate visual analysis. 
However, in our opinion, this method is laborious. For 
this reason, there is a need for increasingly accurate 
mapping methods for relatively large territories (and/ 
or specific fire seasons) that lack accurate maps of 
burned areas.

The results of this study showed that using only the 
NIR and SWIR bands, already known to be the most 
sensitive bands for discriminating burned areas 
(Chuvieco et al. 2005; Pereira et al. 1999), with or 
without the integrated use of given SAR, it is possible 
to achieve high values of accurate burned area map-
ping quality (accuracy >90%). This is an essential 
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aspect favoring a more rapid and effective practical 
operability of the approach.

Although the integration of the SAR data slightly 
increased the accuracy, it did not overcome the 
importance expressed by the information of the opti-
cal indices during the learning process.

Although this was not the case in this study, the 
method might be hindered by the frequent presence 
of cloud shadows on the same pixels, which is typical 
in more temperate European climates. The advan-
tages of SAR should be investigated and possibly 
raised in these cases. Integrating the highest SWIR 
(Pereira et al. 2017) might be another valid solution, 
considering the already addressed weaknesses com-
pared with the secMinNIR.

6. Conclusions and recommendations

The objective of this study was to optimize a method 
of detecting burned areas that occurred during an 
entire fire season, based on a multitemporal composit-
ing criterion and image segmentation, through the 
integration of optical and SAR data, open-source soft-
ware, and algorithms. This study contributes to the 
development and harmonization of accurate methods 
used for the detection of burned areas at national and 
continental levels. These objectives were pursued 
based on the robustness and spatial adaptability of 
the algorithm. The approach was tested and validated 
on a large regional scale in a heterogeneous 
Mediterranean territory with fire conditions of varying 
severity and different burned vegetation and temporal 
progression. We believe that this method could be 
extended to other European ecosystems. Future stu-
dies might involve verifying the performance of the 
proposed classification workflow in other 
Mediterranean regions or ecosystems. However, the 
efficiency of SAR information when cloud shadows 
occupy the same pixel for more scenes should be 
tested and compared, especially in more temperate 
climates, as should the eventual integration of the 
highest SWIR value into the composite process.

Our findings suggest that optical data can only 
achieve high levels of accuracy. However, optical and 
SAR imagery synergy can improve the accuracy of 
burned-area mapping. Despite this, we believe that 
optical data alone can be used as the first effective 
solution for the detection of burned vegetation areas, 

allowing easier data management and less time- 
consuming processing. These aspects are fundamental 
in operational scenarios in which disaster mapping 
methodologies such as fires are used. The utilization of 
other bands, frequencies, polarization combinations, or 
indices may provide improvements for further analysis. 
In particular, many optical indices have been implemen-
ted and proposed as optimized for the detection of 
burned areas compared to standard NBR [e.g. BAIS2 
(Filipponi 2018) or the recent NBR+ (Alcaras et al. 
2022)]. Supplementary analyses should integrate, test, 
and compare these data to optimize the approach pro-
posed in this study further.

Further optimizations might entail using open- 
source cloud computing platforms, such as the 
Google Earth Engine (GEE), where an extensive data-
base of satellite imagery and computational power is 
accessible to all users.
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