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Abstract: Forest fires are part of a set of natural disasters that have always affected regions of the world
typically characterized by a tropical climate with long periods of drought. However, due to climate
change in recent years, other regions of our planet have also been affected by this phenomenon, never
seen before. One of them is certainly the Italian peninsula, and especially the regions of southern
Italy. For this reason, the scientific community, as well as remote sensing one, is highly concerned in
developing reliable techniques to provide useful support to the competent authorities. In particular,
three specific tasks have been carried out in this work: (i) fire risk prevention, (ii) active fire detection,
and (iii) post-fire area assessment. To accomplish these analyses, the capability of a set of spectral
indices, derived from spaceborne remote sensing (RS) data, is assessed to monitor the forest fires.
The spectral indices are obtained from Sentinel-2 multispectral images of the European Space Agency
(ESA), which are free of charge and openly accessible. Moreover, the twin Sentinel-2 sensors allow to
overcome some restrictions on time delivery and observation repeat time. The performance of the
proposed analyses were assessed experimentally to monitor the forest fires occurred in two specific
study areas during the summer of 2017: the volcano Vesuvius, near Naples, and the Lattari mountains,
near Sorrento (both in Campania, Italy).

Keywords: fire monitoring; Sentinel-2; time series; Italy wildfires; active fire detection; pre-fire
analysis; burned area mapping

1. Introduction

Nowadays the Earth observations are extensively used to manage risk (floods, subsidence,
landslide), to monitor land usage, and so forth [3]. The damage caused by fires is a key element
both for the environment itself and for humans. In fact, fires are the main cause of forest loss around
the world and even animal heritage loss. Therefore, this general impoverishment of the ecosystem
corresponds to an increase of the hydro-geological instability (especially in mountainous areas with
high slopes), threatening any human settlements downstream and around the burned areas. Although
on the one hand, these tragic events have highlighted the limits of the current preventive measures, on
the other hand they have determined the need to find alternative ways that can support the existing
ones and the relevant authorities.

Therefore, satellite remote sensing can certainly be helpful to support forest fires monitoring activities.
It allows some important advantages such as the ability to find information on large areas in
relatively quick way (including those inaccessible and/or dangerous to humans). At the moment, fires
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monitoring services based on the processing of satellite data [1,2] have three main aims: (i) fire risk
assessment, (ii) active fire detection, and (iii) burned area mapping.

Among these, the first is certainly the most difficult to handle for the remote sensing scientists. In
fact, to the best of our knowledge, a specific technique able to well perform this task is still absent.
Nowadays, prevention mechanisms are mainly based on the processing of meteorological data and on
the use of human resources. Therefore, in order to find a relationship between the fire ignition event,
the status of the vegetation and the climatic data, a time series based on Normalized Differential Water
Index (NDWI) [3] and Enhanced Vegetation Index (EVI) [4] products, achieved by MODIS data, has
been analyzed [5] .

In order to detect active fires, the joint use of Short Wavelength Infra-Red (SWIR) and Near Infra-Red
(NIR) spectral bands must be taken into account [6-8]. In particular, the SWIR frequencies are very
useful because they are transparent with respect to smoke clouds during the active fires [9].
Eventually, the third objective concerns the post-fire management and, in particular, the evaluation
of the burned area extension. In fact, accurate information about the extension of the burned areas
is needed to calculate losses both in terms of economic and environmental impacts. Usually a good
method to compute this task is based on the so-called change detection analysis [6,8,10]. It basically
consists in comparing the images of the same scene on the ground but acquired at different times. In

Spatial Bands Wavelength Range
Resolution [m] (Bands Number) [um]

10 Blue (2), Green (3), Red (4), 0.490 — 0.842

and NIR (8)
20 Vegetation Red Edge (5,6,7, 8A) 0.705 — 2.190
and SWIR (11,12)
60 Coastal Aerosol (1), 0.443 — 1.375
Water Vapour (9), and SWIR (10)

Table 1. The 13 Sentinel-2 bands.

order to detect wildfires and monitoring forest areas under fire risk, current remote sensing systems,
such as the European Forest Fire Information System (EFFIS) [11] or the Advanced Fire Information
System (AFIS) [12], are essentially based on data processing from MODIS [1] and VIIRS [2] satellite
sensors. On the one hand, they return multispectral images that have good requirements in terms
of frequency of observations (16 days for both sensors). On the other hand, they have a very low
spatial resolution on the ground (that is hundreds of meters), resulting in an inability to detect the
exact position of active fires and the exact extension of the burned areas. The small fires aftermaths
are surely less significant than large fires in terms of climate changes, but play a significant role in
the usage of land and in total gas emissions. In order to overcome these bottlenecks, some works
have used data from the Landsat and the ESA Sentinel-2A /2B [13,14] satellite sensors. The Landsat
bands, from Visible to SWIR, are provided at 30-m spatial resolution whereas the Panchromatic at
15-m. On the contrary these bands from Sentinel-2 (S-2) are acquired at different spatial resolution,
from 60-m to 10-m, and we can see the spectral response of these bands in Table 1. Moreover, the S-2
data even provide excellent performance in terms of acquisition rate (passages on same area every 5
days through the combined use the twin satellite sensors). As we can see in Table 1, they can acquire
data on 13 spectral channels in the Visible, NIR and SWIR bands at different spatial resolutions [13,14].
However, the Sentinel-2 NIR and SWIR are provided at 10-m and 20-m spatial resolution respectively,
as reported in Table 1. In order to further improve the spatial resolution and to obtain more accurate
active fires mapping, some works resort to super resolution techniques on SWIR bands. Thus, the
10-m spatial resolution for SWIR bands is achieved using data from the S-2 bands at higher resolution
[9,15]. The rest of the paper is organized as follows: First, in Section 2 we describe the dataset and
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Figure 1. (a) RGB image of the fire on Vesuvius from Sentinel-2 data acquired on July 12th 2017 and (b)
3-D false colour composite (012, 011 and pg4 bands) of the same data, obtained using the SRTM DEM.

(a) (b)

Figure 2. (a) RGB image of the fire on Lattari mountains from Sentinel-2 data acquired on 12 July 2017
and (b) 3-D false colour composite (012, p11 and pg4 bands) of the same data, obtained using the SRTM
DEM.

the investigated study areas. Then, in Section 3 we focus on the proposed analysis of the three main
above-described aims. Thus, in Section 4 we show some experimental results. Eventually, we highlight
conclusions and future work.

2. Study Area and Dataset

The study of the fire effects are very important, considering that in less than seven months (from

winter to summer season of 2017), about 75.000 hectares of woodland were destroyed, and in particular
65% of the total damages in the Italian regions. For all these analyses, we selected some examples of
fires that devastated the Italian country, specifically south Italy. Among these burned areas important
forest heritage was also involved, such as those of the volcano Vesuvius and the Lattari mountains,
both located in Campania, in the south of Italy (Fig.1 and Fig.2).
For the specific investigated study areas, we used Sentinel-2 standard Level-1C which represent
the Top-Of-Atmosphere (TOA) in cartographic geometry (UTM/WGS84 projection). However, in
multi-temporal analysis, conducted in this work, we performed the atmospheric correction on Level-1C
products using the Sen2Cor Processor to create the Bottom-Of-Atmosphere (BOA) reflectances (i.e.
Level-2A products). In Table 2 we can see the whole dataset exploited for the proposed analysis, where
the possible presence of the cloud covering is also shown.


https://doi.org/10.20944/preprints202009.0069.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 September 2020 d0i:10.20944/preprints202009.0069.v1

40f13

Pre-Fire Index
Computation

Metrics
N Reference Burned
' Area Map
i
.

Index . . | Metrics
. Active Fire Ma : .
Computation ]—'[ Clive ire Map ]—}'[ Computation }

.

.

|

Ll Reference

' Active Fire Map
[ o
'

Post-Fire Index
Computation

Atmospheric
Correction
(S2 - L2A)

I(gr;{t]ﬂaé? L,‘ Resampling }—»‘ Subset

Atmospheric

.
.
.
T o v - l

Comtion (it Ll | e |
(52 - 1L2A) °d parches ZOmpute !
H
H
i
.

Figure 3. General workflow of the proposed analysis.

3. Proposed analysis

In this Section we present the analysis conducted on the aforementioned target sites for the three
proposed topics. The general workflow is depicted in Fig.3. The core of this workflow is based on the
choice of the task, so after the decision a different branch of the graph must be followed: (i) fire risk
prevention, (ii) active fire detection, and (iii) post-fire area assessment. However, in all these analyses
we started from the Sentinel-2 Level-1C (S52-L1C), as shown in Figure 3, and we realized a specific
resampling taking into account the considered task. Then, we focused on the study area. In the next
sections, we analyse in more details the different branches.

3.1. Pre-fire analysis

In order to find a relationship between the fire ignition event and the status of the vegetation, the
pre-fire analysis is conducted on a time series based on Normalized Differential Water Index (NDWI)
[3]. The NDWTI is defined as [3]:

NDWI — PONIR — PSWIR )
PNIR + PSWIR

where pnr and pgwir are the BOA reflectance values of the NIR and SWIR band, respectively. The
NDWI, obtained from freely-available Sentinel-2 Level-2A (S2 - L2A) data, is calculated as:

NDWI = 8 P1 @)
P8 + P11

where pg is the NIR band, centered at the wavelength of 842 nm; while p1; is the SWIR band, centered
at 1610 nm. The Level-2A products provide atmospheric corrected reflectance images which are
required when we want to compare spectral index values of multiple dates [16]. Because of its main
characteristic to monitor changes in water content of leaves [3], the NDWI has been used to exploit
a time series analysis from Sentinel-2 Level-2A data covering almost one year of acquisitions (from
December 2016 to December 2017, listed in Table 2 ).

3.2. During-fire analysis

For the during-fire task some Active Fire Indices (AFIs), mainly used to this aim in literature due
to their computational simplicity and their physical properties [7,8,10,17], are compared. The AFIs are
derived through a proper combination of the pyjr and psyir bands and in this paper we compare five
spectral indices which are achieved on Sentinel-2 data as follows:
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Acquisition date Mission Cloud cover Fire event
09/12/2016 S-2A NO -
29/03/2017 S-2A NO -
08/04/2017 S-2A NO -
27/06/2017 S-2A PARTIAL pre-fire
07/07/2017 S-2A PARTIAL post-fire
12/07/2017 S-2B NO during-fire
17/07/2017 S-2A PARTIAL during-fire
06/08/2017 S-2A NO post-fire
16/08/2017 S-2A NO -
31/08/2017 S-2B NO -
15/10/2017 S-2A NO -
04/11/2017 S-2A NO -
19/12/2017 S-2B NO -
24/12/2017 S-2A NO -
Table 2. Acquisition dataset from Sentinel-2 mission used for this study.
AFL = P12 P12, P84 @3)
Psa P11 P11
AFL = P12 )
£8A
AL = B2, 5)
08
Arg =241 (©)
08
AFI; = P22 @)
P11

where pg and p11 have been defined in Section 3.1; while pg 4 is the NIR band centered at the wavelength
of 865 nm and p1, is the SWIR band, centered at 2190 nm. The pg is provided at 10-m spatial resolution,
while the other considered bands are provided at 20-m spatial resolution, so the pg is resampled at
the lower 20-m spatial resolution. It is worthwhile to notice that, since each index refers only to one
acquisition date, it is not strictly necessary working on BOA products for this task [16]. Therefore,
all of these bands represent the radiance data at TOA, that means the Level-1C. In order to detect an
active fire we considered the followed rules:

AFL > Ty, 8

where Ty is the threshold for the index AF I, with k € {1,2,3,4,5}.
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3.3. Post-fire analysis

In order to estimate the extension of a certain burned area, the change detection method is
commonly adopted [18,19]. After the selection of a proper spectral index, the technique consists in
the computation of such index from Level-2A data [16] acquired before and after the fire event and
then in thresholding their difference. Similarly to the active fire case, also in this case the choice of the
best index to be use determines the reliability of the technique. In literature there are several spectral
indices that can be useful for this purpose. In this work, we used one of the most popular that is the
Normalized Differential Vegetation Index (NDVI) and is defined as [20]:

NDVI = PNIR — PRED 9)
PNIR + PRED
PNIR is even the BOA reflectance value of the NIR band and prrp of the RED band, and on the

Sentinel-2 bands as:

NDvI =P8 F4 (10)
08 + 04

where pg has been previously defined; while p4 is one (Red) of the three Visible bands, centered at
665 nm. Basically, it exploits green leaf scattering in the Near Infra-red wavelength and chlorophyll
absorption in the red wavelength. Another index is the Normalized Burning Ratio (NBR) [10,21]. The
NBR is defined as [21]:

NBR — PNIR — PSWIR (11)

PNIR + PSWIR

PNIR is even the BOA reflectance value of the NIR band and pgy g of the SWIR band, and on the
Sentinel-2 bands as:

R= 1 (12)
P8 + P12
where pg and pjp have been defined in Section 3.2. In this analysis, we also used the NDWI,
above-defined in Section 3.1.

4. Experimental Results

4.1. Classification Metrics

For the active fire detection and the burned area assessment, the performance of each spectral
index used is evaluated in terms of binary classification. To this aim we need to define a ground
truth on which computing the classification metrics. For this work, such ground truth (GT) has been
generated by hand in GIS environment, using the information derived from the comparison between
satellite and high resolution hyperspectral images. Therefore, we compare this GT with the maps
obtained thresholding the computed spectral indices. In the specific case, we have considered different
thresholds to match the best detection of the active fires and burned areas. In order to evaluate the
quality of the retrieved binary maps, we have considered some metrics, usually used for classification
tasks [22]:

- Precision (P) is the ratio between the correctly predicted positive observations and the total
predicted positive ones;

- Recall (R) is the ratio between the correctly predicted positive observations and all actually
positive observations;

- F-measure (F) is the harmonic average of precision and recall.

It is worthwhile to remember that a high P values correspond to a low false positive rate. In other
words, lower false alarm higher Precision. Instead, high R values correspond to a low false negative
rate, that means higher R higher detection rate. Therefore, F is high when both P and R are high; it
drastically decreases when one of them falls off.
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4.2. Pre-fire assessment
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Figure 4. Time series of the NDWI mean on two AOIs affected by fires (dashed lines) and on other two
AOQIs that were not (continuous line) for the Vesuvius area (a) and the Sorrento Peninsula (b). Fires
period is highlighted in grey.

Thanks to the GT it has been possible to discriminate on the Sentinel-2 data areas affected by fires
from those which were not. In order to evaluate the multi-temporal trend of the NDWI, we select
several patches from the Vesuvius and the Lattari mountains zones (taking into account the absence of
cloud cover). Some samples are shown in Fig. 5. Therefore, for each selected patch and for all the data

Figure 5. Patches from Vesuvius and Lattari Mountains acquired on June 27th 2017. In the first row,
two samples from burned areas (the average values of NDWI in the patches are respectively 0.12 and

0.16), and in the second row, two samples from unburned areas (the average values are respectively
0.34 and 0.37).
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frames, the average values of NDWI have been computed, in order to assess the correlation between
the fire ignition events and the status of the vegetation. The results are shown in Fig.4. Exploring the
graphs we can notice that, after the fire event occurs (at the beginning of July 2017), the NDWI mean
value in the burned areas rapidly decreases towards negative values. This is consistent with the fact
that lower NDWI value indicates lower water content in the plants, and therefore the presence of a
very dry vegetation. Moreover, it is very interesting to focus on the average value of the NDWI before
the fire ignition event, in fact in the area affected by fires the average NDWI is lower than the one of
areas not affected by fire. In both the analyzed sites this difference seems to be evident, but in the area
of the Sorrento peninsula it is much more. In fact, in the first few days of July (before the fire) the
NDWI mean value of the burned areas is about four times smaller than that one of the unburned areas.
Therefore, this index seems to be a promising tool to identify vegetated areas with higher risk to be
affected by fires.

4.3. During fire assessment

An active fire is detected by considering the followed rules: AFIy > Tj, where k € {1, 2,3,4, 5}.
The performance is computed in terms of the metrics described in Sec. 4.1 and is reported in Table 3.
Moreover, in order to evaluate the threshold stability, the technique has been applied on both sites
under investigation, in fact in Table 3 it is noticed that we have obtained a different threshold for
the two considered areas of interest. In particular, the AFIs have been computed on Sentinel-2 data
acquired on 12th and 17th July 2017 for the Vesuvius and Sorrento areas, respectively. As we can
appreciate in Table 3, the AFI; and AFI5 show the best performance in terms of F-measure for both
sites. In particular, the presented result for AFI; has been obtained with a« = 0.5, as reported in [17].
On the opposite, AFI, presents the worst F-measure for both the target sites. This is due to the very
low recall value that means a low detection rate. Furthermore this index has been computed after the
down-scaling of the pg band to the 20-m spatial resolution and it can determine a general worsening
in the performance. This aspect can have a greater impact where the active fires becomes thinner.
Indeed, observing the Vesuvius area in Fig. 6, we can see that the upper-thinner line of fire is almost
absent in the AFI, and AFI3, and completely absent in AFI4 map. These results allow us to conclude
that resampling of the pg band degrades performances, and further p1; band is more effective than
011 when is considered in a ratio with pyjr. However, among the indices with worst performance,
AFI, and AFI; have the better one in terms of precision (especially for the Vesuvius area), that means
low false alarm rate. This aspect can be easily verified observing the corresponding maps in Fig.6.
Moreover, from a visual inspection we can observe that the boundaries (especially for very thin active
fires) are more evident considering the indices which involve p1, and p1; bands than those using only
p12 and pg, or pg4 bands. Similar considerations can be carried out for the Sorrento area. It can be

M Vesuvius
B Sorrento
Precision Recall F-measure Threshold
AFL 0.8206 0.5389 0.6505 0.14
0.7962 0.6327 0.7051 0.27
AFL 0.9694 0.3340 0.4968 0.11
0.8584 0.4958 0.6286 0.15
AFIs 0.9649 0.3416 0.5045 0.10
0.7434 0.5609 0.6394 0.12
AFI, 0.4652 0.1308 0.2042 0.14
0.6189 0.2738 0.3796 0.17
AFIs 0.9265 0.5220 0.6678 0.19
0.7477 0.6878 0.7165 0.22

Table 3. Table of AFIs performance on the study areas.

finally noted in Table 3 that the optimal threshold values are very similar in the two considered scenes
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AFI3 map AFIy map AFIs map

Figure 6. Ground truth used (up-left corner) and the AFIs maps obtained for the active fire detecion
task on the Vesuvius area.

for all the indices, with the exception of AFI;. Indeed, the threshold value of the AFI; is very different
moving from one case to the other. This is probably due to the « coefficient which has to be properly
tuned when considering different areas with different features. This instability does not occur for AFIs,
and in general for AFIs that involve only two bands, which show more stable threshold values.

4.4. Post-fire assessment

For the numerical assessment we have compared all the indices mentioned in Sec.3.3 (included the
NDWI, defined in Section 3.1) in terms of binary classification.

B Vesuvius
B Sorrento
Precision Recall F-measure Threshold
0.8657 0.6358 0.7332 0.05
NDWI 0.9317 0.9057 0.9185 0.07
0.8893 0.8226 0.8546 0.18
NDVI 0.9206 0.8079 0.8606 0.06
NBR 0.9500 0.8073 0.8728 0.04
0.9345 0.9253 0.9299 0.08

Table 4. Table of the performance of the proposed indices for the burned area mapping task on the
study areas.

The proposed analysis has been then performed on both the subject areas of this work. In
particular, for the Vesuvius volcano area we assess the change detection related to the fire event of
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NDVI map NBR map

Figure 7. Ground truth used (up-left corner) and the maps obtained for the burned area mapping task.

the July, 5th 2017, and thus we have used the Sentinel-2 data acquired on June 27th and July 7th 2017
as pre-fire and post-fire images, respectively. While the acquisition of the July 17th 2017 has been
taken into account as post-fire image, for the Sorrento peninsula. The numerical results are shown in
Table 4 for both the study areas. The NBR index provides the better performance for both the target
sites, even if in the Vesuvius area the NDVI shows a higher value for the recall metric. However the
F-measure values of the NDVI and NDWI do not appear extremely worse with respect to the NBR one,
especially for the Sorrento area. Although this could suggest to use one of them indifferently, we have
to consider, as in the active fire detection task, the threshold stability that also is a crucial aspect in this
case. Therefore, observing the last column of the Table 4, it can be noticed that the threshold values
of the NBR index and the NDWI are more stable compared to the NDVI one. Moreover, on the same
target site, the NBR and the NDWI present threshold values very similar, but the former with a better
F-measure. For these reasons, the use of the NBR is suggested. From a visual point of view (see Fig. 7),
it is possible to appreciate the good quality of the map obtained on a small area of the Vesuvius park
using the NBR index. Finally, about the spatial resolution, it is worthwhile to remember that NBR and
NDWI are defined at 20-m spatial resolution; while the NDVI involves 10-m resolution bands, but in
Fig. 7 it is displayed an its version scaled at 20-m resolution just for a better presentation without any
lost meaning on the reported considerations.

5. Conclusions and future developments

In conclusion, in this article we highlight how satellite remote sensing products can make a huge
contribution to protecting the environment from the forest fires threat. In particular, the use of the
NDWI to monitor the water content of the vegetation areas, in order to perform a fires risk prevention
task, has been tested. The encouraging results obtained by a multi-temporal analysis of the NDWI
allow us to further investigate and explore new ways to develop useful remote sensing techniques for
the ambitious forest fire prevention purpose. Regarding the during-fire assessment, standard active fire
detection technique based on the definition of spectral indices have been presented and compared. In
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general, the AFI5, composed by the SWIR bands, gives better results in terms of the considered metrics.
Moreover, the AFlIs defined as the ratio between two bands present more stable and reliable threshold
values with respect to the AFI; defined as the linear combination of three specific ratios. Then, based
on change detection analysis, a comparison between three indices (NBR, NDVI and NDWI) has been
performed in order to ensure accurate burned areas detection. The presented analysis has highlighted
that the detection capability and the threshold stability are not negligible aspects in the choice of which
index has to be used to accomplish this task. An interesting possible future development of this study
is the integration of presented techniques, based on satellite Sentinel-2 data, with detection methods
based on airborne extremely high resolution thermal sensors. An example of such a sensor is the
last-generation ITRES TABI-1800 thermal sensor (see Table 5 for its technical specifications) mounted
on the Tecnam P2006T special mission aircraft (Fig. 8) of BENECON S.C.aR.L. In fact, guided by the
large-scale Sentinel-2 fire maps, the aircraft can be sent over critical areas to detect very small fire

fronts.
Parameter Description
Sensor type TIR Pushframe sensor
Spectral range 3.7-48 um
# Spectral channels 1
# Across-Track pixels 1800
Total Field of View 40 degrees
TIFOV (+/- 10%) 0.405 mrad
Spatial resolution 10-125cm

Table 5. ITRES TABI-1800 specifications.

-
=

TR T

Figure 8. The Tecnam P2006T aircraft owned by Benecon S.C.aR.L.
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