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Abstract: The aim of this paper is to investigate how optical and Synthetic Aperture Radar
(SAR) data can be combined in an integrated multi-source framework to identify burned
areas at the regional scale. The proposed approach is based on the use of fuzzy sets theory
and a region-growing algorithm. Landsat TM and (C-band) ENVISAT Advanced Synthetic
Aperture Radar (ASAR) images acquired for the year 2003 have been processed to extract
burned area maps over Portugal. Pre-post fire SAR backscatter temporal difference has
been integrated with optical spectral indices to the aim of reducing confusion between
burned areas and low-albedo surfaces. The output fuzzy score maps have been compared
with reference fire perimeters provided by the Fire Atlas of Portugal. Results show that
commission and omission errors in the output burned area maps are a function of the
threshold applied to the fuzzy score maps; between the two extremes of the greatest
producer’s accuracy (omission error < 10%) and user’s accuracy (commission error < 5%),
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an intermediate threshold value provides errors of about 20% over the study area. The
integration of SAR backscatter allowed reducing local commission errors from 65.4%
(using optical data, only) to 11.4%, showing to significantly mitigate local errors due to the
presence of cloud shadows and wetland areas. Overall, the proposed method is flexible and
open to further developments; also in the perspective of the European Space Agency (ESA)
Sentinel missions operationally providing SAR and optical datasets.
Keywords: Landsat TM; Synthetic Aperture Radar (SAR); fuzzy sets theory; fire
monitoring; burned area mapping

1. Introduction
Forest fires in the Mediterranean and Temperate Continental zones of Europe have strong
ecological and socio-economic impacts [1]. The application of improved and integrated monitoring tools
is therefore of crucial importance to assess and understand the effects of annually-occurring forest fires. It
is nowadays possible to observe long-term global and regional changes from several imaging systems
onboard satellite platforms, continuously monitoring our planet’s surface, including sensors operating
in different regions of the electromagnetic spectrum. The different methodologies and techniques
developed to study biomass, and more specifically burned areas, can be categorized according to the
investigated spectral portion (i.e., visible, infrared and microwave).
As far as the optical and infrared imaging sensors are concerned, several techniques have been
exploited to map burned areas [2–8]. In particular, large-scale studies have relied on the availability of
coarse resolution satellite data, such as NOAA-AVHRR (National Oceanic and Atmospheric
Administration/Advanced Very High Resolution Radiometer) [2–4], SPOT-VGT (Satellite Pour
l’Observation de la Terre/VEGETATION) [9,10], NASA-MODIS (National Aeronautics and Space
Administration-Moderate Resolution Imaging Spectrometer) [11] and the geostationary Meteosat Visible
and InfraRed Imager (MVIRI)/Spinning Enhanced Visible and InfraRed Imager (SEVIRI) satellites [12],
as well as the Geostationary Operational Environmental Satellites (GOES) [13], offering the advantage
of multi-temporal and frequent acquisitions. These imaging sensors provide frequent acquisitions, thus
supporting the implementation of image differencing techniques that can enhance the separability
between burned and unburned areas. In Mediterranean Europe, where burned areas can be small and very
fragmented, regional scale studies [5] require medium to high spatial resolution satellite images. Landsat
TM/Enhanced TM plus (ETM+) data have therefore largely been used [6–8] thanks to their suitable
geometric and spectral characteristics for mapping areas affected by fires. Nonetheless, analyses based
on the exclusive use of optical images can be limited by weather conditions (e.g., cloud cover) and
errors due to spectral overlaps [9]. Cloud cover can drastically reduce the observation frequency in the
visible/infrared domain, which, combined with low fire severity and fast vegetation re-growth after the
fire, might result in a low spectral separability between burned and unburned surfaces. Moreover, the
spectral confusion of burned areas with dark soils, water surfaces, and shaded regions are still unsolved
issues for the optical domain [14], thus reducing the fire mapping capability.
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On the other hand, active microwave sensors, and, in particular, Synthetic Aperture Radar (SAR)
sensors, generally provide information about both the geometrical (morphology, roughness, etc.) and
dielectric properties of the surface and subsurface structure of the observed scene. Active microwave
sensors do not require “optical visibility” and are not sensitive to weather conditions or cloud cover.
Therefore, SAR sensors provide valuable information to complement and enhance multi-spectral
observations for fire mapping [15–29].
The occurrence of a fire can change the physical and structural characteristics of the vegetated
landscape, thus producing significant variations of its electromagnetic response. Indeed, the physical
modifications in the vegetation layer depend on the pre-fire vegetation characteristics, the fire intensity
and the weather conditions at the time of fire occurrence, leading, in extreme cases, to (partial) soil
exposure. When a fire damages vegetation, the contribution to the total backscattering pertinent to
volumetric scattering (taking place within the vegetation layer) decreases, making the contribution
related to the scattering from the soil more prominent [30]. In this scenario, the radar signature is
strongly affected by variations in soil moisture, depending on the weather and the soil drainage
conditions [30–35]. Clearly, the changes in the amount of total backscatter depend on the operative
wavelength: while scattering in X-band is predominantly due to the upper part of the vegetation
structure, the penetration depth associated with the L-band implies a more significant interaction with
the inner structure of the vegetated layer and the vegetation-soil interface [30–32]. Dependency on
local topography and polarization has also been observed and linked to the change in the predominant
scattering mechanisms [23,36–40].
Despite the preliminary investigations on the potential of (X-, C- and L-band) SAR for burned
areas mapping conducted in tropical, boreal and semi-arid ecosystems [17,20–24,41–43], the obtained
results are often site-specific and, generally, not directly comparable. In addition to this, no
consolidated methodology is available. Indeed, a rigorous approach to comprehensively capture
complex soil and vegetation (geo-/bio-physical) variability associated with vegetation fires, should rely on
accurate scattering models [30–35]. Although recent studies have been proposed [44], the specific
applicability of the available microwave scattering models has not been fully assessed in this context.
Accordingly, empirical models are typically employed [15–19].
In boreal regions, earlier studies carried out with C-band ERS (European Remote Sensing) and
RADARSAT data have highlighted a general increase in SAR backscattering over burned areas, as a
consequence of exposed rough surface and increased soil moisture, mainly due to decreased surface albedo,
permafrost melting and lowered evapotranspiration [15,20,21]. For the Mediterranean region, distinct
studies have been conducted for the identification of fire perimeters with C-band RADARSAT-1 [32],
ERS SAR [24] data on Central Portugal, and L-band ALOS PALSAR (Advanced Land Observing
Satellite Phased Array L-band Synthetic Aperture Radar) images on Greece [27]. The potential of SAR
data to assess burn severity, fire damage and vegetation recovery has also been investigated [18,19,25,26].
The integration of optical and SAR data for burned area mapping has been addressed only in a few
works [28,29,45], despite the recognition of their complementary character [28].
The aim of this paper is to investigate how the distinctive features of the information conveyed by
optical and SAR data can be combined to identify burned areas, specifically through the development
of an integrated multi-source framework for burned area maps production based on a fuzzy algorithm.
This framework is an extension of the automated algorithm originally proposed for Landsat
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TM/Enhanced TM plus (ETM+) data, based on the use of fuzzy sets theory and a region growing
algorithm [46,47]. This paper is mainly focused on the study of Mediterranean-type regions, particularly
on Portugal, affected by remarkable fire events during the year 2003. It is worth remarking that Portugal
has been chosen being one of the few countries provided with operational programs for the
systematical mapping of burned areas [8]. A multi-temporal analysis (including pre- and post-fire
acquisitions) has been conducted by employing both Landsat-5 TM and (C-band) ENVISAT ASAR
data to properly integrate the optical indices and scattering signature into the considered fuzzy
algorithm to exploit the complementary features of optical and SAR information. Burned area maps
have been derived and compared to fire perimeters from the fire atlas available for Portugal, covering
the period from 1975 to 2009 and derived from Landsat imagery, to evaluate the contribution of
SAR-derived information.
2. Study Area
Figure 1 shows the area covered by the optical and SAR datasets acquired for this study. Portugal is
one of the southern European countries most affected by fires, however, with a large temporal and
spatial variability of the number of fires and the areas burned. Climate is a major driver of this
inter-annual variability to the extent of the burned surface [48,49]. The northern and central parts of
the country are much more fire prone than the southern part due to differences on land use and cover,
topography, climate and population density [49–51]. With the exception of the flat, coastal region, the
highest incidence of burned areas is registered in central Portugal, showing a rugged topography and
vegetation cover dominated by forest stands of Pinus pinaster, Eucalyptus globulus and by shrublands.
In contrast, southern Portugal has a flat landscape, dominated by agroforestry systems of Quercus suber,
Quercus rotundifolia woodlands and agricultural fields of cereal crops. Only the southwestern part,
characterized by the presence of mountains and a vegetation cover dominated by forest stands of
Eucalyptus globulus and Quercus suber, is affected by wildfires. The study of Oliveira et al. [50]
revealed fire intervals shorter than 25 years in regions located in the north and centre of the country,
contrasting with intervals longer than 50 years in the south. Since the beginning of Forest Service
burned area mapping, the year 2003 results as the most affected by wildfires, with more than 425 000
ha of forest and scrublands consumed by fire.
3. Datasets and Pre-Processing
3.1. Landsat TM Images
Five Landsat-5 TM scenes were acquired to cover Portugal (Figure 1) on clear sky dates in late
summer 2003; details on the optical TM dataset are given in Table 1, also providing, for each frame,
the percentage of area covered by forest according to the Corine Land Cover map [52]. Landsat-5 TM
images have been obtained from the USGS Glovis archive [53] as Standard Terrain Correction products
(Level 1T -precision and terrain correction) and processed for radiometric calibration and atmospheric
correction with the 6S code [54]. Surface reflectance in the visible, near-infrared and shortwave infrared
wavelength domains has been used as input data into the fuzzy burned area mapping algorithm, as
described in Section 4.
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Figure 1. Optical and SAR datasets acquired during the year 2003 and used for this study:
(a) Landsat-5 TM images shown as false color composite mosaic (R-G-B: 5-4-3);
(b) ENVISAT ASAR data frames overlaid on the Corine Land Cover (CLC2006) map.
Lists of optical and SAR scenes are given in Tables 1 and 2.
Table 1. The Path/Row, date of acquisition and percentage of forestland cover (according
to the CLC2006 map) for each frame of the Landsat-5 TM data set. The locations of the
TM frames are visualized in Figure 1a.
Path/Row

Acquisition Date

Forest Cover (%)

203/032
203/033
203/034
204/032
204/033

8 October 2003
9 June 2003
24 October 2003
12 August 2003
12 August 2003

28%
43%
26%
19%
28%

3.2. ENVISAT-ASAR Images
Information derived from the optical-based analysis has been complemented by the SAR data
acquired at C-band (wavelength of ~5.6 cm) by the ASAR sensor onboard the ENVISAT satellite,
specifically by collecting over each of the available nine ASAR data frames shown in Figure 1, one
pre- and one post-fire season SAR image for the year 2003. SAR data have been acquired in the single
VV polarization, imaging mode (IM), and in a Single Look Complex (SLC) format. Pixel spacing of
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SLC SAR images is of about 20 m × 5.5 m (ground range/azimuth). Details of the ASAR dataset are
given in Table 2 along with the precipitation cumulated in the four days prior to ENVISAT overpass.
Table 2. SAR data set and pertinent rainfall data.
Frame

Track

Orbit

Name

Acquisition Date

Pass

Cumulated Precipitation * (mm)

2498
2494
2492
2493
2499
2454
3775
1377
2497
2496
2497
2489
2490
2491
2495
3774
1380
2498

452
452
316
316
316
452
180
87
316
452
452
316
316
316
452
180
87
316

5516
5516
6883
6883
6883
5516
6246
6153
6883
9023
9023
9388
9388
9388
9023
7749
8658
9388

s1
s2
s3
s4
s5
s6
s7
s8
s9
s1
s2
s3
s4
s5
s6
s7
s8
s9

21 March 2003
21 March 2003
24 June 2003
24 June 2003
24 June 2003
21 March 2003
11 May 2003
04 May 2003
24 June 2003
21 November 2003
21 November 2003
16 December 2003
16 December 2003
16 December 2003
21 November 2003
24 August 2003
16 October 2003
16 December 2003

Descending
Descending
Ascending
Ascending
Ascending
Descending
Descending
Ascending
Ascending
Descending
Descending
Ascending
Ascending
Ascending
Descending
Descending
Ascending
Ascending

1.76
14.36
0.0
0.0
0.03
0.14
0.0
0.11
0.0
0.15
0.28
0.27
0.67
0.68
0.31
0.06
8.26
0.21

* Source: IPMA, I.P. PT02 gridded precipitation dataset.

SLC SAR images have been co-registered and then averaged by performing a multi-look operation [55]
with three looks in range direction and fifteen looks in the azimuth one, resulting in a multilooked SAR
pixel spacing of about 60 m × 80 m. Lee noise filter has been applied to multi-looked SLC SAR
images. Afterwards, multi-looked amplitude SAR images have been properly geocoded [55], namely
converted from radar to UTM projection coordinates and radiometrically calibrated [55,56] to obtain
sigma naught (σ°) maps, with a 60 m × 80 m spatial resolution on the ground. To accurately perform
the calibration process of SAR images amplitude, a terrain height correction step was implemented by
exploiting the precise satellite orbital information provided by the University of Delft and ASTER
GDEM (Advanced Space-borne Thermal Emission and Reflection Radiometer Global Digital Elevation
Model) with 30 m spatial resolution. Notice that the ASTER GDEM is the only DEM at 1 arc-second
(approximately 30 m) grid with global coverage. The NASA SRTM DEM 1 arc-second data coverage is
freely available for only the United States. 3 arc-second data are available for worldwide coverage.
ASTER GDEM has been checked for artifacts and the minimum and maximum values occurring in the
study areas have been evaluated. The temporal variation of backscattering (∆σ°post-pre) for the 2003
season has been computed starting from the pre- and post-fire (geocoded) σ° maps over the available
nine SAR data frames. The SAR image pre-processing steps are shown in Figure 2.
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Figure 2. (a,b,c) Over sites s8, s1 and s4 the ∆σ° maps and (d,e,f) the post-fire Landsat-5
TM false color composite (R-G-B 5-4-3) images.
Since the temporal difference between pre- and post-fire images enhances the separability between
unburned and burned surfaces [28,57], ∆σ°post-pre was selected as input to the fuzzy burned area
algorithm. The pre-fire season acquisition dates are assumed to be 21 March 2003 (sites s1, s2 and s6),
4 May 2003 (s8), 11 May 2003 (s7) and 24 June 2003 (s3, s4, s5 and s9) while the post-fire season
dates are 24 August 2003 (s7), 16 October 2003 (s8), 21 November 2003 (sites s1, s2, s6) and
16 December 2003 (s3, s4, s5, s9). Figure 3 shows ∆σ° maps and Landsat-5 TM false color composite
images (R-G-B 5-4-3) over sites s1, s4 and s8. Notice that the burned areas appear as the brighter areas
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in the ∆σ° maps and the dark red regions in the TM false color composite images. For convenience, in
the rest of the manuscript ∆σ° will denote the (post-pre) variation of σ°.
SLC ASAR images

Landsat TM images

Co‐registration
Multilooking

Radiometric calibration

Radiometri calibration
(including Terrain
Correction) and
Geocoding

Variation (post‐pre fire )
of °

°post‐pre

Atmospheric correction
(surface reflectance)

FUZZY ALGORITHM
Spectral
transform
(spectral indices)

Soft constraint
evaluation

Synthetic
negative and
positive evidence

Revision
growing layer

Fuzzy score map

Figure 3. Flowchart of the pre-processing and classification steps implemented for the
integration of SAR and optical data in the fuzzy burned area-mapping algorithm.
3.3. Ancillary Datasets
The Corine Land Cover map for the year 2006 (CLC2006) has been obtained from the European
Environmental Agency website [52], as a raster dataset with a spatial resolution of 100 m × 100 m
providing information on the major land cover types over Europe. Figure 1b shows the level 1
land-cover classes over Portugal: artificial surfaces, agricultural areas, forest and semi-natural areas,
wetlands and water bodies. The CLC2006 map has been used to derive for each TM frame a mask of
those surfaces which are not likely to be affected by fires (also called “unburnable surfaces”) and
identified by the following classes: artificial surfaces (level 1 CLC2006 codes 1–10), wetlands (level 1
CLC2006 codes 34–38) and water bodies (level 1 CLC2006 codes 39–43).
Reference burned area perimeters have been extracted from the Landsat based Fire Atlas of
Portugal [58] and used for accuracy assessment of the fuzzy burned area maps. This dataset provides
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burned area polygons over the entire Portugal for each fire season and it is produced with a
semi-automatic classification of Landsat satellite imagery with a minimum mapping unit of 35 ha for
the 1975–1983 period (Landsat MSS era) and 5 ha since 1984 (Landsat TM/ETM+ era). A detailed
description of the Fire Atlas can be found in Oliveira et al. [50]. In this work, the reference fire
polygons have been edited to discard burned areas caused by fires occurred later than the post-fire TM
acquisitions over the study area.
4. Methods
Figure 3 shows the flowchart of the steps implemented for data pre-processing and image
classification (thicker black box). Pre-processing of optical and SAR data are described in Sections 3.1
and 3.2, respectively, whereas the details on the implementation of the fuzzy burned area-mapping
algorithm are provided in this section. As shown in Figure 3, the ∆σ° and surface reflectance Landsat-5
TM images constitute input data for the fuzzy algorithm [46,47,59].
The algorithm was initially proposed to map burned areas in Mediterranean regions from Landsat
TM/ETM+ data. It is theoretically based on the concept of burn evidence reinforcement [47]: spectral
indices derived from the multi spectral bands of the TM/ETM+ sensors can provide consistent
coherent information over burned areas, whereas they may have a complementary, incoherent behavior
over confusing surfaces (e.g., cloud and topographic shadows, sparse unburned vegetation, and
wetlands). The approach relies on the fuzzy integration of the spectral indices and a region-growing
algorithm for mapping the areas likely to be burned. In the proposed method, the six spectral indices listed
in Table 3 [60–66] have been used. The evidence of burn given by each index (named “partial positive
evidence”, PE) is quantified by using fuzzy membership functions as defined by Stroppiana et al. [47].
These functions return a fuzzy membership score in the range [0, 1], which also absolves the task to
rescale the indices to a unique common domain. In the same way, the indices can be interpreted as a
“partial negative evidence” of burn (NE).
The partial positive evidence brought by all indices is integrated in a synthetic score by using
Ordered Weighted Averaging (OWA) operators [67,68]. OWAs constitute a parameterized family of
soft-mean-like aggregation operators suitable to formalize the expert’s attitude in decision-making
problems. In the algorithm, two OWA operators were chosen to derive the layers used for seed selection
and region growing, respectively: requiring a high reliability for the seeds, a conservative integration
approach and a more relaxed criterion for region growing were used. Partial negative evidence brought
by optical indices is integrated in a synthetic layer of negative evidence, which is subtracted to the
integrated positive evidence to reduce the unlikely positive evidence over confusing surfaces.
Integration of SAR data is carried out at this level: ∆σ° is converted into fuzzy scores (partial negative
evidence, NE∆σ°) to be subtracted to the synthetic positive evidence brought by the optical indices and
used as seed layer to reduce erroneously selected seeds. Stroppiana et al. [47] provide further details of
the fuzzy burned area algorithm.
4.1. Membership Function of the Fuzzy Sets for σ° Variation
The fuzzy burned area-mapping algorithm relies on the definition of the membership functions of
fuzzy sets (μ) for each input (i.e., the optical spectral indices and the backscatter difference) to
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determine the degrees of partial positive/negative evidence (fuzzy scores). The membership functions of
the spectral indices originally defined by Stroppiana et al. [47] were maintained for this work. Hence,
the first step is to define a membership function of fuzzy sets on the domain of the backscattering
variation (μ∆σ°). As for the spectral indices in Stroppiana et al. [47], μ∆σ° was defined with a partially
data-driven approach [69], i.e., based on the analysis of the statistics (average and standard deviation),
separability (M, Equation (1)) and frequency distribution of ∆σ° over burned and unburned surfaces.
For the analyses provided here, training pixels over burned and unburned surfaces (unburned forest
vegetation, soil, and artificial surfaces) have been selected by photo-interpretation of false color
composite RGB (5-4-3, 7-4-3) Landsat TM images and used for computing statistics of ∆σ° and
separability [70,71], as follows:

M 

 i ,b   i ,u

(1)

 i ,b   i , u

where μi,b and σi,b the mean and standard deviations of the burned surfaces, respectively, and μi,u and
σi,u are the mean and standard deviations of the unburned surfaces, respectively. Using M we can
discriminate between two (burned and unburned) classes. M-separability ranges between 0 (low
separability) and ∞ (highest separability): M > 1.0 indicates good separation, while M < 1.0 stands for
poor separation (high histogram overlap). It must be stressed that the two classes are practically
separated when M >> 1.
Table 3. The spectral indices used in the fuzzy burned area-mapping algorithm.
Index Name

Formula

Reference

Char Soil Index

CSI  ρ 4 ρ5

[60]

Enhanced Vegetation Index

EVI  G *  4  3   4  C1 * 3  C2 * 1  1

[61]

Two-band EVI

EVI 2  G *  ρ 4  ρ3   ρ 4  C3 *ρ3  1

[62]

Mid-Infrared Burn Index

MIRBI  10 *ρ7  9.5*ρ5  2

[63]

Normalized Burn Ratio

NBR   4  7   4  7 

[64]

Normalized Burn Ratio 2

NBR 2   5  7   5  7 

[64]

Normalized Difference Vegetation Index

NDVI   4  3   4  3 

[65]

Soil Adjusted Vegetation Index

SAVI   4  3 1  L   4  3  L 

[66]

ρi is the surface reflectance in TM bands 1, 2,… to 7 and C1 = 6, C2 = 7.5, C3 = 2.4, G = 2.5, L = 0.5.

4.2. Integration of the SAR Membership Function of the Fuzzy Sets for ∆σ°
The fuzzy partial negative evidence NE∆σ° has been integrated with the partial negative evidence
from the spectral indices (NBR and MIRBI) [72], to derive a synthetic layer of negative evidence
(NE). This layer is used to revise the seed layer to reduce the likelihood of choosing false seeds input
to the region growing algorithm as follows: rPEseed = PEseed − NE (PE = Positive Evidence,
NE = Negative Evidence, rPE = revised Positive Evidence). In the case of only optical data,
NE = max(NEMIRBI, NENBR) (i.e., negative evidence is given only by optical spectral indices), while in
the case of integration optical + SAR by NE = max(NEMIRBI, NENBR, NE∆σ°). The region growing
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algorithm is the last step to extract the fuzzy score map, which takes values in the range [0, 1]. Finally,
a burned area map (0/1 unburned/burned) is derived by applying a threshold to the fuzzy score map.
4.3. Accuracy Assessment
In order to evaluate the performance of the proposed approach, the burned area maps, obtained
by employing both optical and SAR data, have been compared with the corresponding ones identified
by the reference (burned) polygons, specifically by computing confusion matrices, overall accuracy,
commission and omission errors and Kappa coefficient of agreement [73]. Notice that, however, in our
case overall accuracy could be biased considering the significant difference between the size of the two
classes (burned and unburned).
5. Results and Discussion
5.1. Backscattering Variation over Unburned and Burned Areas
Box-plots in Figure 4 show ∆σ° statistics (median, interquartile range, maximum and minimum
values and outliers) for the different surface classes (burned, soil/sparse vegetation, urban and unburned
vegetated surfaces) and SAR frames (s1–s9). For each site, separability (M) has been evaluated for three
different class pairs: burned-soil/sparse vegetation, burned-urban, and burned-unburned forest vegetation
(Table 4). Note that values of ∆σ° over burned areas are generally greater than the corresponding ones
relevant to unburned surface classes (average =3.0 ± 1.6 db, all sites together), in agreement with
previous findings obtained for Mediterranean environments [19]. Notice that, over site s7 (for which
the post-fire acquisition is concomitant to the driest conditions), the fire-event had minor effect on the
radar backscattering variation (average ∆σ° = 0.75 db) providing the lowest separability values (see
Table 4). As far as sites s3, s8 and s9 are concerned, an increasing of ∆σ° also for the soil/sparse
vegetation class was observed, thus leading to low separability values (0.06–0.56). It is noteworthy
that s5 is the only site that shows a separability greater than 1 for burned/unburned pair comparisons.
Despite the generally low separability, it is also worth noting that in the fuzzy algorithm ∆σ° is
exploited as negative evidence (conveying information on where the surface is not burned) and
combined with information brought by the optical spectral indices (being one source of information
among the multiple and complementary inputs).
Results highlight a variability in the behavior of ∆σ° across sites, depending on several factors. First
and foremost, the actual scattering patterns naturally exhibit a certain dependence on the local
incidence angle, as shown in Tanase et al. [25]. Nonetheless, in our case, this effect can be reduced by
the use of the (temporal) difference of radar backscattering. Soil moisture has been recognized as an
important factor in determining changes in the electromagnetic backscattering. Particularly, in boreal
forests Bourgeau-Chavez et al. [15] observed an increase of the backscattering after a fire event due to
albedo decrease, permafrost melting and evapotranspiration decrease [20].
Different behaviors have been observed for Mediterranean and tropical environments. Since the
occurrence of precipitation events can significantly affect the backscattering signature, SAR
acquisitions during the wet season are generally characterized by higher backscattering compared to the
ones acquired during the dry season [15,23,25].

Remote Sens. 2015, 7

1331

Figure 4. Boxplots (median, interquartile range, maximum and minimum values and
outliers) of ∆σ° (dB) for burned, soil/sparse vegetation, urban and unburned vegetation
surfaces over the SAR frames s1–s9.
Table 4. The separability, M, between burned and different unburned surface classes
(soil/sparse vegetation, urban and unburned vegetation) and for the SAR frames (s1−s9),
and the number of pixels in the training set (in brackets). The average separability is shown
in the last column.
Class

s1

s2

s3

s4

s5

s6

s7

s8

s9

Average

Soil

0.59
(320)

0.79
(376)

0.56
(812)

0.97
(752)

1.16
(782)

0.90
(866)

0.45
(404)

0.20
(614)

0.06
(1049)

0.63

Urban

0.98
(95)

1.15
(454)

0.90
(725)

1.29
(942)

1.11
(867)

1.11
(717)

0.51
(377)

0.87
(617)

1.33
(1088)

1.03

Vegetation

1.33
(428)

1.19
(290)

0.88
(783)

1.07
(915)

1.18
(952)

1.34
(940)

0.66
(409)

1.03
(660)

0.78
(1134)

1.05

Burned

(1311)

(342)

(830)

(864)

(823)
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In other cases (e.g., site 9), the observed ∆σ° could also be explained in terms of fire severity
as suggested by Kalogirou et al. [44]. These considerations, therefore, underline the key importance of
information on environmental variables for understanding the backscattering variation over burned
areas [35–39]. Nonetheless, a quantitative and detailed analysis of their influence is outside the scope
of this work, since it demands more extensive investigations on heterogeneous environments.
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Figure 5 shows the ∆σ° histograms for burned (red) and unburned areas (unburned forest,
soil/sparse vegetation, urban all together) (light green) extracted from the training dataset. Based on the
above-discussed results, the fuzzy membership function of the negative evidence for the ∆σ° (μ∆σ°is
defined as follows:
∆ °

0.0 ⇒

∆ °

1.0

∆ °

3.0 ⇒

∆ °

0.0

otherwise

∆ °

0.33

∆ °

(2)
1.0

where NE∆σ° is the negative evidence from ∆σ°.
The function defined by Equation (2), used to extract the evidence of unburned conditions, takes
value 0 when ∆σ° > 3 dB (i.e., over pixels pertinent to a burned areas, degree of membership = 0) and
value 1 when ∆σ° < 0.0 dB (i.e., over pixels pertinent to unburned areas, degree of membership = 1),
given that fires generally induce an increase of the radar backscattering. Intermediate ∆σ° values are
linearly scaled between 0 and 1. Similarly to the negative evidence defined for the optical indices
(MIRBI and NBR), as proposed in the original version of the algorithm [47], the negative evidence for
microwave index ∆σ° is then introduced.

Figure 5. The histograms of ∆σ° values over burned (red) and unburned (green) surfaces
(unburned vegetation, soil/sparse vegetation and urban all together) shown as probability
density. On the secondary y-axis the score given by the membership function of fuzzy sets
(μ∆σ° for the negative evidence as defined by Equation (2).
5.2. Fuzzy Burned Area Maps
The fuzzy score map takes values in the range [0,1] and results from the integration of the
membership degrees of positive and negative evidence (brought by NBR and MIRBI optical spectral
indices and ∆σ°), and the region growing algorithm. Figure 6 shows the fuzzy score map (a) and the
reference burned areas (b) extracted from the Landsat Based Fire Atlas of Portugal. In Figure 6a, color
keys represent potentially burned areas (fuzzy score > 0), whereas white areas identify unburned surfaces
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(fuzzy score = 0). A binary burned area map (0-unburned, 1-burned) can be derived by applying a
threshold to the fuzzy score map of Figure 6a. Although the continuous values of the fuzzy score could
provide additional information on the conditions of the burned surface (e.g., burn severity), it is
necessary to set a threshold value for validation purposes. As a general remark, the two maps show a
good agreement, with the exception of some regions along the western coast and in southern Portugal
characterized by low fuzzy scores (cyan colors), which are not burned according to the reference dataset.

Figure 6. (a) The obtained fuzzy score map; (b) the reference map derived from the
Landsat based Fire Atlas of Portugal (where black and white represent burned and
unburned areas, respectively).
Figure 7 shows example zoom images over the study area, making visible details that cannot be
appreciated at the regional scale of Figure 6, i.e., the output fuzzy score map (column 3) and the input
(optical and SAR) data (columns 1 and 2). Notice that the reference fire perimeters (highlighted by the
red polygons) are overlaid on the optical RGB false color composite (column 1). It can be observed
that actually burned areas are identified by high (yellow to red colors) fuzzy scores (column 3), while
low scores correspond to areas that are unlikely to be burned. A clear example is given in panel b
where an old burn is adjacent to recent burns and is identified by low fuzzy scores. Moreover, low
score regions, which, according to the reference map, are not burned areas, could correspond to the
exposed soils. The variability of the fuzzy score could be related to burn severity, although this
hypothesis should be further investigated. Finally, Figure 7 highlights the ability of the algorithm to
identify the unburned island (fuzzy score = 0, white) within the fire perimeter (e.g., panel c3). The
absence of the unburned island in the reference dataset could inflate the commission errors as derived
from the confusion matrix.
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Figure 7. (a–d) Examples of the optical + SAR fuzzy score maps (column 3) over zoom
areas of about 22 km × 22 km from TM frames 203/032 (rows a, b) and 203/033 (bottom)
(rows c, d) compared to the Landsat TM (R-G-B 5-4-3) (column 1) and the ∆σ° images
(column 2). The red polygons are the reference fire perimeters.
Further investigation was carried out on the variability of the fuzzy score in the map output from the
algorithm (Figure 6a) and over actually burned areas as derived from the reference map (Figure 6b) for
each TM frame, as well as on the entire study area. Figure 8 shows the histograms the box-plots of the
scores in the output fuzzy map and over pixels identified as actually burned in the reference map.
The histograms of the fuzzy scores for pixels belonging to the reference map (green) are biased
towards greater values (median for all frames is greater than 0.8) with a significant proportion of
values in the [0.9, 1.0] interval, meaning that, over real burns the fuzzy map provides high scores. The
white histograms represent the score distribution in the fuzzy map output from the algorithm, where
the low scores represent pixels that are likely not to be burned. For example, over frames 203/032 and
204/033, a significant proportion of pixels are assigned low fuzzy scores (white bars in correspondence
of low scores), which correspond the regions pointed out in Figure 6a as low score areas (cyan colors).
The difference between the two histograms in the range of low score values is an indicator of the
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commission error (i.e., areas identified as “burned” but actually “not burned” according to the reference
map), which is in fact a function of the threshold applied to the fuzzy score map.

Figure 8. In each panel: the box plot and the histogram (expressed as percentages) of
the fuzzy score in the map output from the fuzzy algorithm (white) and over real burned
areas as derived from the reference map (green) for each TM frame and the entire study
area (“all frames”).
The variability of the burned area map accuracy as a function of the threshold applied on the fuzzy
score was analyzed by assessing commission and omission errors and the kappa coefficient for a set
of thresholds in the range [0.1, 1.0]. As stated in Section 4, overall accuracy is not a reliable metric for

Remote Sens. 2015, 7

1336

comparing classes with unbalanced size, and is, therefore, not discussed in this study. Figure 9 shows
the omission (OE, light blue triangle markers) and commission errors (CE, red circles) computed from
the confusion matrix as a function of the threshold applied to the fuzzy score map for each TM frame
and all frames together.

Figure 9. The commission (CE (%), red circle markers) and omission errors (OE (%), blue
triangle markers) as a function of the threshold applied to the optical + SAR fuzzy score
map (see Figure 6a) for each TM frame and for the study area as a whole (last row).
As expected, low threshold values provide burned area maps with the lowest omission errors
(OE < 10%) and the highest commission (CE > 50%) by retaining all the potentially burned areas,
including both all actually burned and unburned areas. Increasing the threshold value up to about 0.5
leads to a decrease of the commission error with omission error still lower than 25%: for extreme
values of the threshold (> 0.8), CE decreases below 10% but the OE is above 50%. In such a case, the
output is conservative, meaning that the areas identified as “burned” are reliable, while several actually
burned areas are not identified. Dealing with a binary map (burned/unburned), such a tradeoff between
the two types of error is to be expected [74]. Results show that the threshold could be flexibly selected
based on user’s requirements on the error levels of the output burned area map. The commission and
omission error curves intersect at 0.5. In correspondence to this threshold value the output map
provides burned area perimeters with commission and omission errors of 20.1% and 20.8%,
respectively, and a kappa coefficient of 0.78 over the study area (Figure 9 bottom row).
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5.3. The Role of SAR Data within the Integrated Framework
The results reported above are based on a case study in which the optical data information is not
corrupted. This was followed by the analysis of cases in which the information from optical data is
affected by artifacts, such as cloud coverage, which emphasizes the effectiveness of the information
conveyed by the SAR data.
Figure 10 shows the variability of the commission and omission errors as a function of the threshold
applied to the fuzzy score map derived with only optical (red) and optical + SAR data (blue), to point
out the contribution of optical-microwave integration. The graphs highlight that integration reduces
commission errors without drastically increasing omission. Figure 11 shows the optical + SAR burned
area maps derived from the fuzzy score maps by applying a threshold values of 0.1 (top row) and 0.5
(bottom row), where red pixels represent pixels with fuzzy score greater than the threshold value (first
column). The optical + SAR accuracy map, i.e., the map showing the spatial distribution of correctly
classified burns (orange), omission (blue) and commission errors (green), is shown in the middle
column; the last column shows the accuracy map for only optical data.

Figure 10. The commission (top row) and omission (bottom row) errors (%) as a function of
the threshold applied to the fuzzy score map, derived with only optical (red markers) and
optical + SAR data (blue), for each TM frame and for the study area as a whole (last column).
Notice that the commission (omission) errors in the optical + SAR maps are 43.1% (6.8%) and
20.1% (20.8%) for threshold values of 0.1 and 0.5, respectively. On the contrary, in the case in which
only optical data are used, the corresponding values of 47.9% (5.7%) and 22.6% (19.6%) are obtained.
It is then clear that, by employing clear sky Landsat TM images—as in the considered case—the optical
information could already suffice to map burned area. However, the inclusion of SAR information into
the algorithm leads to a consistent behavior.
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Figure 11. (a–c) the optical + SAR burned area map (first column) and its accuracy map (second
column) compared to the accuracy of the burned area map derived with only optical data (third
column) in the case of threshold of the fuzzy score 0.1; (d–f) the same for the case of threshold of the
fuzzy score 0.5.
When the optical information is poor a significant performance degradation could be observed when
only optical data are processed due to the spectral confusion between burned areas and low albedo
surfaces [14]. In Figure 12, two examples are considered, where cloud shadows (example 1) and
wetlands (example 2) are present and the performance of the algorithm relying only on optical data is
poor. However, by complementing it with the SAR contribution, in both cases (d1, d2), a significant
reduction of the commission error is obtained, with respect to the case in which only optical data are
used (c1, c2). For instance, in the first example, the commission error decreases from 65.4% (optical
only) to 11.4% (optical + SAR). These simple examples demonstrate the importance of an integrated
framework for processing optical and SAR data for burned area mapping.
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Figure 12. Two cuts relevant to the TM frame 204/032: (a1,a2) the false color
composite of the TM image (R-G-B 5-4-3); (b1,b2) the reference maps (black = burned,
white = unburned, grey = masked); (c1,c2) the fuzzy score maps obtained with only optical
data; (d1,d2) the fuzzy score maps obtained with optical + SAR data; (e1,e2) the accuracy
maps corresponding to (c1,c2); (f1,f2) the accuracy maps corresponding to (d1,d2). Each
cut covers an area of about 30 km × 30 km.
6. Conclusions
The key importance of the integration of optical and SAR data for fire monitoring to reduce the
intrinsic limitations in the exclusive use of optical data has long been recognized. To reduce the
commission errors in burned area maps, SAR pre- and post-fire backscatter images (∆σ°) have been
integrated into a burned area mapping fuzzy algorithm previously built on the exclusive use of optical
data. Being our focus on Mediterranean ecosystems, Landsat-5 TM and ENVISAT ASAR data over
Portugal for the year 2003 were acquired and processed. The analysis of ∆σ° images over burned and
unburned surfaces has highlighted that, despite the site-specificity of backscattering response, microwave
backscattering generally increases after a fire event. Within our framework, a membership function of the
fuzzy score for ∆σ° (μ∆σ°) has been introduced to convey information on unburned areas characterized
by no change or decreasing backscattering; these data are exploited as negative evidence of burn in the
fuzzy algorithm to reduce seed pixels erroneously identified based solely on the optical spectral indices.
The optical + SAR fuzzy score map output from the region growing algorithm provides continuous
values in the range (0,1). Although it is necessary to apply a threshold to derive a burned area map
(burned = 0, unburned = 1), the fuzzy score could be related to the characteristics of the burned
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surfaces, such as for example, burn severity. The commission and omission error levels in the final
burned area map are a function of the threshold, which could be flexibly set by the expert based on
his/her requirements on the final accuracy. Error levels vary between two extremes: a map where areas
identified as burned are highly reliable, i.e., highest user’s accuracy (commission error < 5%) and a
map where almost all actually burned areas are identified, i.e., highest producer’s accuracy (omission
error < 10%). An intermediate case, with a 0.5 threshold value, leads to commission and omission
errors of about 20% over the study area.
The analysis of the contribution of SAR data to the accuracy of the final burned area map was
carried out at the regional and local scales. Results show that ∆σ° images introduced into the fuzzy
algorithm can correct for erroneously identified burned areas and thus reduce commission errors. This
effect is particularly evident when clear sky optical images are not available (high incidence of could
shadows) and where low albedo surfaces (e.g., wetlands) are present and not masked out with external
information on the land cover. As a consequence, the contribution of the optical + SAR integration can
be significant. This result is of particular interest for applications in tropical regions, where cloud cover
can be persistent and forest and deforestation fires can produce a significant amount of trace gas
emissions due to the high woody fuel load. Further developments could be implemented to exploit the
potentiality of SAR data as positive burn evidence, at the same level of the input optical spectral
indices. In this perspective, SAR data operatively become an alternative source of information in
absence of optical data due to, for example, persistent cloud cover. Moreover, further work will be
carried out to investigate the relationship between the fuzzy score and the characteristics of the burned
surfaces, such as burn severity. The proposed fuzzy algorithm proved to be flexible and robust and it
could be a methodological framework suitable also for testing SAR data acquired at longer wavelength
that might provide more separability of the burned surfaces. It will also be suitable for testing data
made available by future satellite missions, such as for example, the ESA-Sentinel 1 and 2.
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