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ABSTRACT

Natural hazards are a challenge for the society. Scientific community efforts have been severely increased assessing tasks
about prevention and damage mitigation. The most important points to minimize natural hazard damages are monitoring
and prevention. This work focuses particularly on forest fires. This phenomenon depends on small-scale factors and fire
behavior is strongly related to the local weather. Forest fire spread forecast is a complex task because of the scale of the
phenomena, the input data uncertainty and time constraints in forest fire monitoring. Forest fire simulators have been
improved, including some calibration techniques avoiding data uncertainty and taking into account complex factors as the
atmosphere. Such techniques increase dramatically the computational cost in a context where the available time to provide
a forecast is a hard constraint. Furthermore, an early mapping of the fire becomes crucial to assess it. In this work, a non-
supervised method for forest fire early detection and mapping is proposed. As main sources, the method uses daily thermal
anomalies from MODIS and VIIRS combined with land cover map to identify and monitor forest fires with very few
resources. This method relies on a clustering technique (DBSCAN algorithm) and on filtering thermal anomalies to detect
the forest fires. In addition, a concave hull (alpha shape algorithm) is applied to obtain rapid mapping of the fire area (very
coarse accuracy mapping). Therefore, the method leads to a potential use for high-resolution forest fire rapid mapping
based on satellite imagery using the extent of each early fire detection. It shows the way to an automatic rapid mapping of
the fire at high resolution processing as few data as possible.
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1. INTRODUCTION

Forest fire is a natural phenomenon, which is part of the ecosystem cycle. However, human activities are changing the
frequency of the fires occurrences and the burnt area as well. Although every country have highly qualified firefighters to
stop, reduce and assess the fires, the number of fires for a given area could be high enough to collapse the resources
available. In fact, countries implemented mechanisms to share resources between them trying to avoid the severe damages
during intense seasons. This seasonal behavior of the fire could be so extreme that resources are eventually shared even
between transoceanic countries like the forest fires that took place in Chile on 2017. Frequently, the most common cause
of forest fires is human action instead of natural phenomena like lightings. The occurrence of fires is not easy to predict
even during some seasons. Fire occurrences and burnt areas could be very different in close zones that belongs to different
countries.

Prevention tasks are carried out to avoid severe damages. Nevertheless, such pre-event works are expensive and could not
be feasible in some cases. These previously mentioned pre-event tasks may require legislative implementations since some
forest areas are private. Also, several works deal with forest treatment to avoid high fire severity like thinning vegetation
[1][2] in order to reduce the potential fuel. The prevention must be done when there is a previous knowledge that leads to
a high probability of forest fire in a specific zone.
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In addition, there is a big effort in research community trying to model the forest fire behavior. Several models have been
developed and implemented in software simulators. These simulators could help to decision-making teams to forecast the
fire behavior. The main drawbacks of such models are input data uncertainty, computing complexity and initialization.
When the fire starts is hard to know its current fire front, the moistures of the fuels and the weather conditions at high
resolution. Several approaches using data assimilation have been carried out to avoid data uncertainty [3] [4] [5]. Forest
fire modelling is computed at high spatial resolution scale, in the order of meters. When using complex models that take
into account as many parameters as possible, including the interaction of the atmosphere, the computing cost and the
initialization becomes a not easy task [6]. Several research communities try to simplify the problem and provide tools to
assess the fire behavior in real-time [7] [8].

Finally, post-event tasks are very costly and should be done as fast as possible. Fire severity could hardly damage the
vegetation and the soil. Then, when the fire severity is high enough, the fire causes changes in the soil composition and
consequently in its behavior regarding the water flows. Consequently, vegetation regeneration is very slow and the
topography as it was is lost. Therefore, it is crucial to focus the efforts in specific areas where is decisive to take measures
to maintain the soil and achieve a good regeneration of the vegetation.

Aiming to improve the efficiency of the tasks during the whole forest fire event is convenient to combine about fire
behavior, vegetation and soil science. Then, a precise monitoring of the fire becomes crucial. For this reason, this work
focuses in fire detection and rapid fire mapping. The paper explains an approach that combines multiple satellite sensors
to detect the fire and provide the fire mapping as soon as new data is available.

The first section depicts the algorithm used for fire detection and rapid mapping, followed by a comparison between the
fire detection and a human validated fire mapping. The section 2 shows how other sources are used to obtain a more
accurate mapping algorithm using satellite images to process only the areas where a fire has been detected. Finally, some
preliminary results and conclusions are exposed.

2. FIRE DETECTION AND RAPID MAPPING
2.1 Algorithm

One of the remote sensing products that provide information in near real-time is the Thermal Anomalies from NASA [9]
[10]. This product has been validated, tested and finally improved by including additional sensors such as Visible Infrared

Imaging Radiometer Suite (VIIRS). In fact, this product currently uses Terra and Aqua at 1km spatial resolution and VIIRS
at 375 meters resolution providing information within three hours of the satellites overpass.

The main goal of the fire detection and rapid mapping is to develop a quick algorithm to identify each fire and to estimate
its size and monitor the fire spread. Such method allows to focus on each identified fire an process other sources minimizing
the computational cost and increasing a potential parallelism for every case.

Hence, the first step creates clusters with thermal anomalies. Each cluster represents a potential fire. In order to avoid
clusters which are false positives, the thermal anomalies are filtered using the CORINNE Land Cover 2012 (CLC2012)
[11]. This filtering process is carried out creating an R-Tree with the CLC2012 geometries and it is finally checked with a
point-in-polygon procedure for those land covers types that should be taken into account. The R-Tree is created only once
and used in the following runs. After that, the clustering process starts. First, a custom K-Nearest Neighbor algorithm was
tested [4] [12] and finally replaced by DBSCAN [13] included in Scikit-Learn [14] Python library. A set of labeled groups
of thermal anomalies is obtained as output.

Following, a potential burnt area is computed applying the alpha shape algorithm [15] obtaining the convex hull of each
set of points. The alpha shape algorithm is applied in a loop and stops when a given set of points creates two different
polygons for the convex hull. The loop stop condition is based on the premise that each group should be a single burnt
area. At this point, each set of fires have a potential burnt area, an extent of the fire, a percentage of area inside vegetated
area, an initial date and time and all the properties of the thermal anomalies associated with the fire.
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A set of classes has been implemented to comprehend an abstract concept of a fire case that allows monitoring and
processing the fires in subsequent executions of the fire detection. When the algorithm runs checks the result of the
previous execution. Therefore, it takes into account the previous fire detections. Then, the clustering of the current
execution adds the points of the previous burnt areas polygons and adds the new thermal anomalies obtained since the
last execution. This last step may result in cases where some thermal anomalies are associated to more than one cluster,
this means that several fires can joint in a single fire as can be seen in Figure 1.

06-08-2016 07-08-2016 08-08-2016

09-08-2016 10-08-2016 11-08-2016
Figure 1. Join fires. Upper images from NPP Suomi corrected reflectance. Below, visualization of the convex hull of the
clusters. This sample case took place in Portugal.

In addition, some fire cases are false positives. Even using CLC2012 to filter the thermal anomalies some new industrial
areas, volcanoes, etc. could cause false positive fire detections. Aiming to reduce such cases, each fire detection is
checked searching for unusual fire behavior. For instance, detections which are rarely active or with a non constant
activity during a long period are labeled as potential false positives and each extent is used for an additional filtering
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process for the next fire detection run. See Figure 2. Consequently, some false positives that could be present at some
stage may disappear afterwards and used as a filter for later executions.

volcanic area.

2.2 Implementation

The first development to check the feasibility of the method has been developed in Python using GIS libraries such as
GDAL OGR, Shapely or R-Tree. The implementation follows the UML class diagram described in Figure 3. This scheme
allows including new sources and methods for the forest fire mapping process. In addition, the fire collection could be
used by other applications inside EFFIS about risk and damage assessment.

Fire
+ ThermalAnomalies : array + CurrentBASatellite : OGRGeometry
+ FireArray : array + DetectionDate : datetime
+ Labels : array + FirstDateTime : datetime
+ LoadLastDetections(Path : string) + LastDate : datetime
+ LoadLastDetectionsDB(DB : string) + CurrentBA TA : O
+ UpdateDB(DB : string) |+ Fire(EPSG : string, Active : bool, Id : long, Datetime : datetime, Source : Source)
+ FilterBy(RTree : object, GeomDict : object, ListFeatureType : object) + Forecast(TimeHorizon : int, PerimeterSourceType : string, Model : string, Params : string)
+ Clusterize(eps : float, min_samples : int, n_jobs : int) + JoinFire(FireObj : Fire)
+ Checkjoins() + AddSource(Source : Source)
+ UpdateDump(Path : string) + UpdateFromHotspots(UntilVal : datetime)
+ UpdateBA() + ComputeBA_TA(UntilVal : datetime) : OGRGeometry
+ UpdateBALastimage(UntilVal : datetime)
llecti BurntArea

+ Areas : array + DateTime : datetime = None

+ GetBABySource() : BurntAreaCollection + Geometry : OGRGeometry = None

+ GetBAAsAray() : array + ConcaveMethod : string = "AlphaShape"

+ GetUntil(UntilDateT : datetime) : BurntAreaCollection + Source : Source = None

+ AreaHa : float = None

+ GetArea() : float

+ ComputeArea()

+ GetSource() : string

+ GetDateTime() : object

+ AlphaShape(Alpha : int, MinNeigh : int, Step : int) : OGRGeometry
+ dNBR(UNil : datetime)

Source

+ Type : string

+ GetType() : string

+ IsType(Type : string) : bool

+Source
Cluster
+ Anomalies : array
+ Add(Hotspot : ThermalAnomaly)
+ GetAsArray(UntilVal : datetime) : array + Adquisition : datetime
+ Source : string
+ Path : string
1\ + Filename : string
ThermalAnomaly + DonwloadDate : datetime
+ Point : OGRGeometry +P o R
+ DateTime : datetime = None

+ Confidence : int

Figure 3. UML class diagram developed for to check the feasibility of the proposed method.

2.3 Results

The algorithm do not ensure that every cluster is single fire, since is just a clustering of several points. Nevertheless, its
potential is not negligible since could allow much more complex and costly computation focusing on the fire extents. As
a first evaluation, the algorithm is run during the fire season of 2016 from date 17/07/2016 to 17/09/2016 using an EPS
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value for the DBSCAN of 0.015 inside the bounding box ((27.1866,-18.8603),(73.19,51.0)) for Europe. Finally, we
compared the results of fire detection and burnt area from the current EFFIS mapping product (with human validation) and
the proposed algorithm in this work.

Figure 4 shows the number of fire detections produced by EFFIS and the proposed fire detector. The fire season starts
with a similar number of detections. However, there is a difference at the beginning of august. Looking at the daily fire
occurrence in Figure 5, the EFFIS mapping product is has a peak of fires that is not seen by the fire detector. It could be
several reason for this fact. The current EFFIS service maps the fire as soon as a satellite image from Landsat is available
with a good visibility. Thus some fire mapping could be delayed some days until the data sources are good enough to map
the fire correctly. In addition, the fire mapping using only the thermal anomalies works well for big fires. That means that
little fires in the same area could be mapped as one or even discarded by the low number of thermal anomalies with a low
confidence value.
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Figure 4. Fire occurrences during the fire season 2016.
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Figure 5. Daily fire occurrences during fire season 2016.
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Figure 6. Average fire duration, computed using the fires which are labeled as not active
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Figure 7. Daily accomulated burnt area.
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Figure 8. Daily burnt area.
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Figure 9. Daily differential burnt area.

Moreover, when comparing the burnt area in Figure 7, is clear that the fire detection system is underestimating the total
burnt area. As can be seen in Figure 8, there is an daily error that affects to the accumulated burnt area. In addition, since
some fires are not even detected during august the difference of the burnt area between both methods increases.

Finally, the daily differential of the burnt area, Figure 9, depicts a similar behavior in both methods. The proposed approach
depicts a considerable amount of daily-burnt area omitted and a similar trend during the most intense days of the fire
season.

In terms of burnt area, is mandatory to use some additional method to increase the accuracy of the estimated burnt area.
The thermal anomalies is crucial tool for fire detection. Nevertheless, it has limitations using this approach for forest fire
mapping. For this reason, this work proposes the use of the fire detections to use satellite imagery only over the fire extents
for a better-burnt area estimation.

3. EXPLOITING THE FIRE DETECTION FOR BURNT AREA MAPPING

This section describes how the amount of requested and processed data from Sentinel-2 can be reduced using the fire
extents of each fire could be used to request and process images from Sentinel-2 reducing the amount of data requested
and processed.

As soon as the fire detector creates the list of fire objects, each non-active fire is grouped by UTM zone and the
complementary tiling grid of Sentinel-2 [16], where only the desired bands of such tiles are downloaded. As first approach
only band 8 and 12 are used to compute the differenced normalized burnt ratio (ANBR) [17] that compares images before
and after the fire event. During the request, an image fetching method is developed to discard not useful imagery. For
instance, such images where the fire extents falls in nodata area, or the cloud coverage over the estimated area is high are
discarded and other date is requested. Therefore, the complementary module of the fire detector requests and processes
each fire extent using several parallel processes in a single machine.

Figure 10 depicts the potential of this approach showing how this method is feasible to process satellite imagery using
minimal resources automatically focusing on the fire extents.
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Figure 10. dNBR computed from Sentinel-2 computing only the extents produced by the fire detector based on thermal anomalies.
North Portugal during fire season 2016.

Also, some other techniques for fire mapping could be added to increase the accuracy of the fire mapping like the semi-
automatic method proposed by National Observatory of Forest Fires (NOFFI) [18]. For instance, normalized vegetation
index (NDVI) could be computed to carry out an auto segmentation at low resolution, using a single image or the
difference of the NDVI. Afterwards, a classification of each pixel is done at full resolution. Finally, those areas which
match better regarding the rest of burnt areas estimations would be selected. An example of auto segmentation is shown
in Figure 11.

0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500

Natural NDVI Low resolution segmentation
Figure 11. Example of auto segmentation of a fire case in Greece.

Several image-processing techniques could be applied since the fire extents are not a high workload. Additionally, the
computation could be easily distributed to run in parallel environments with a final check step for those fires that are near
enough to create artifacts between overlapping extents. This will correct the burnt scars that have been previously
estimated using the alpha shape for each cluster of thermal anomalies.
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4. CONCLUSIONS

This work proposes a method for burnt area mapping combining different sources of information. The initial method
detects the fires reducing the number of false positives and estimates a potential burnt area computing a convex hull
applying an alpha shape. Although the fire detector could assess the task of focus on the areas where there is fire, the
results show that could not be used as a generalized method to compute burnt areas. However, it could be applied as a
rapid mapping estimator when dealing with big fires. The main reason of this drawback is the spatial resolution of the
thermal anomalies. In fact, this approach has been used to estimate the burnt area of big fires with a good performance.
Therefore, this approach uses a very low computational cost providing a potential burnt area with a few hours of delay
since the data acquisition of the sensors.

In addition, the fire detector results could be considered as a set of regions of interest, extents to focus the processing
combining other sources. In this work, Sentinel-2 images are used to complement the initial estimation. This
combination allows to download and process the minimum data required to improve the accuracy using other burnt scar
mapping approaches.

The method could be globally applied replacing the CLC2012 by a global forest cover layer. Besides, to avoid the false
positives, different fire behavior parameters for each zone should be defined given the different behavior of the fire in
different areas.

This work could evolve to a more solid and validated system for fire monitoring. The potential use of the results could be
relevant for emergency management departments and for the research community a middle-long term. One of the main
challenges in fire modelling is to obtain a good dataset describing the evolution of the fire. Combining as many sources
as possible and processing all of them, it would help to create such datasets and help to develop and validate forest fire
spread models.
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