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Abstract. The management and prevention of forest fires are crucial
in fire-prone regions such as Corsica, a French island in the Mediter-
ranean. In this study, an approach to mapping wildfire vulnerability is
presented using different data sources, including meteorological, tempo-
ral, geographical and economic datasets. These heterogeneous datasets
are seamlessly integrated to produce a comprehensive forest fire vulner-
ability map for Corsica. The methodology involves the collection and
pre-processing of a variety of data, such as historical forest fire events,
meteorological variables, land cover data, socio-economic indicators and
temporal factors. Machine learning models are used to visualise the com-
plex relationships between these variables and predict wildfire suscepti-
bility. Finally, we were able to create a daily fire susceptibility map for
the island of Corsica.
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1 Introduction

Forest fires have a catastrophic impact on the environment, the economy and
even people’s lives. In recent decades, these fires have become more intense,
more frequent and more deadly under the influence of climate change. Therefore,
understanding and preventing wildfires has become an important scientific topic
and many papers have addressed this issue [2].

The island of Corsica, our study island, is particularly affected by this prob-
lem: More than 75,000 hectares of forest burned in 2021 alone. The Mediter-
ranean climate (cold winters with little precipitation and very hot and dry sum-
mers) favours the development of forest fires. For this reason, some researchers
at the University of Corsica had the idea of launching the GOLIAT project, a
multidisciplinary project aimed at better understanding forest fires in order to
prevent them. The acronym GOLIAT stands for “Group of Tools for Fire Fight-
ing and Regional Planning”. It is a multidisciplinary project involving researchers
from various fields: Physics, Biology, Economics, History, Computer Science, etc.

Supported by “Collectivité de Corse” CdC through the GOLIAT project.

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2024
Published by Springer Nature Switzerland AG 2024. All Rights Reserved

J.-L. Guisado-Lizar et al. (Eds.): SIMUtools 2023, LNICST 519, pp. 110-119, 2024.
https://doi.org/10.1007/978-3-031-57523-5_9


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-57523-5_9&domain=pdf
http://orcid.org/0000-0003-3026-2258
https://doi.org/10.1007/978-3-031-57523-5_9

Wildfire Risk Mapping Based on Multi-source Data and Machine Learning 111

The aim is to put scientific knowledge at the service of professionals in the field
(firefighters, foresters, etc.) by creating tools that these professionals can use on
a daily basis. This is why many employees are also members of the GOLIAT
project.

In this context, our goal was to create a forest fire risk map: a map that
would show us the fire risk for every place on the island for every day. But first
we had to answer a (seemingly) simple question: How can we define “risk”?

Academically, the concept of “risk” refers to a state of uncertainty in which
certain possibilities include the occurrence of a loss, disaster or other undesirable
outcome [19]. It is an integral part of various areas such as finance, business,
insurance and everyday life. Risk consists of two key components: probability
and impact.

Probability refers to the likelihood or chance that a certain event or outcome
will occur. Impact refers to the extent or severity of the possible consequences
of that event or outcome. This definition is very broad and general. If we apply
it to the prevention of forest fires, the “probability” component would represent
the likelihood of a fire occurring and the “impact” component would represent
the vulnerability of a particular place: the presence of people, infrastructures
that should be protected, etc.

Although this is a two-component problem, our current software focuses
mainly on predicting the probability of fire occurrence. However, taking into
account the vulnerability of the location could be an interesting improvement
for the future of the method.

To create our forest fire risk map, we used a 2 x 2 km resolution grid to
divide our area. Each grid cell is assigned a forest fire risk between 0 and 1,
with 0 representing a very low risk and 1 representing a very high risk. Each
grid cell is also linked to the data of the respective day and shows whether a
forest fire has occurred or not. This data is fed into a machine learning model for
classification. This model is able to tell us, based on the data we provide it with,
how likely it is that a fire will break out on a particular date and location. Of
course, these models can make mistakes. Therefore, we want to try out different
models and choose the best one in terms of certain precision metrics, which we
will discuss later in this document.

Once we have an optimal machine learning model, we select a day and run
the model for each cell in our grid for that day. Each cell is associated with a
forest fire risk between 0 and 1, which we use to create a choropleth map. We
now have a tool that allows us to create a wildfire risk map for any given day,
assuming the data is available.

In the following sections, we will first look at the background work. Then we
will present our solution in detail, starting with an explanation of the method-
ology used and ending with the applications of our method.
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2

Background

The quantity and nature of the data to be processed are essential parameters
in selecting a machine learning model. Related works have shown a wide variety
of data to be useful [6,13,15]. The relevant data can vary significantly from one
study to another and appear to depend on the specific characteristics of each
location (geography, climate, population, etc.). Therefore, we relied on studies
conducted in regions similar to Corsica (high altitude variation, Mediterranean
climate, low population density) and identified the relevant variables [6,9,15,16,
18]. They are listed below:

The coordinates of the fire: the fire is identified either by a point or by its
position on a grid. Often, the position on a grid dividing the relevant territory
is used when we are trying to create a map, as is the case in our situation.
Temperature: most commonly, the average temperature of the given day is
used.

Wind strength: here, as well, the average wind strength over the day is taken
into consideration.

Wetness: Wetness plays a great role on ignition and spreading probability of
the fire. Indeed, wet fuel will ignite less easily and more slowly.

Topography: altitude affects the vegetation cover and influences the available
fuel and consequently the potential for a fire to ignite and spread [12,15]. In
addition, the degree of slope also plays an important role, as a fire will spread
more quickly if it follows a slope.

Land Use: this is about categorizing the type of land on the island [9,15,16].
Certain types of land, such as urban or cultivated areas, are less prone to fires
than others, such as bushes.

Day of the week: in Europe, more than 80% of fires are of human origin
[3,6,18]. This means that human activity has a significant impact on the
risk of fire. The day of the week has a major influence on human activity.
Towards the end of the week, for example, people spend more time in nature,
where their activities can lead to the ignition of fires. The day of the week is
therefore likely to be an important criterion.

Unemployment rate: in certain studies, it is assumed that the unemployment
rate is a factor that contributes to the ignition of forest fires [12]. This could
be because unemployed people are less employed and therefore have more
time to fuel conflicts with their neighbours, e.g. by starting fires on their
properties.

Road density: some studies have also shown the effects of road density [9,15].
Roads concentrate human activities, especially in summer, in touristic places
like Corsica. Therefore, this seems to be an interesting parameter to consider.
Vegetation: vegetation serves as the medium for fire propagation [9]. Thus, it
has a direct impact on the probability of ignition as well as the spread of a
potential forest fire.

We were able to obtain this data from the relevant authorities. Then we had

to use it to train the model. But first we had to select model. There is indeed



Wildfire Risk Mapping Based on Multi-source Data and Machine Learning 113

a wide range of machine learning models. Since our goal here is to classify cell
grids, we focused on classification methods. Also for efficiency and transparency
reasons, we focused on supervised machine learning. After reviewing related work
and the literature, a few potential models emerged:

— Random Forest: a Random Forest is an ensemble machine learning algorithm
that combines multiple decision trees to improve predictive accuracy and
reduce overfitting [14,17]. Random Forest creates multiple random subsets of
the dataset through a process called bootstrapping. For each subset, it builds
a decision tree using a random subset of features at each node of the tree.
When making predictions, each tree in the forest independently predicts the
output, via majority voting. Finally, Random Forest combines the predictions
from all the individual trees to produce a more robust and accurate prediction.

— Adaboost: AdaBoost, short for Adaptive Boosting, is another ensemble
machine learning algorithm used for binary classification [10]. It works a little
bit like Random Forest, except Adaboost trains its learners sequentially and
assigns weight to the data, paying more attention to often misclassified data.
It makes Adaboost more powerful, but also more prone to overfitting.

— Gradient Boosting: Gradient boosting is a machine learning technique that
builds a predictive model in a stage-wise fashion by combining the predictions
of multiple weak models, typically decision trees [11]. Like the two previous
models, it combines the predictions of several individual models to improve
overall predictive performance.

The workflow is recapitulated in Fig.1. We made the choice to try all of
these models and chose the more performant one to use in our application. Our
definition of “performant” will be detailed afterward.

3 Method

In this section, we will give further details on the method we used to create our
map.

As mentioned in previous sections, we selected and gathered a wide range
of data. Those data were obtained from relevant authorities: Copernicus [1] for
weather data, the French governmental opensource data website “data.gouv” [5]
for road, topography and land use, French forest database [4] for vegetation and
the National Institute of Statistics and Economical Studies [7] for unemployment
rate.

To locate fire and relevant data, we decided to divide the map to a 2 x 2 km
grid. We chose this particular grid format because it’s the one that is already
used to locate fires in France. To each grid cell are assigned data of the area.
We consider that each cell grid, each day, is a data entry [8]. We assign to this
entry all the relevant data of the grid cell, and a boolean “fire”, set to “True” if
a fire happened at this time and location and to “False” instead.

Using this method, we found ourselves with a tremendous amount of data
where “fire” is set to “False”, because obviously, there are more days without fire
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Fig. 1. Strategy used to answer our problematic.

than with fire. If one wants to do machine learning, this huge data imbalance can
be problematic. Indeed, it could introduce a bias, and the model might be bad
at generalization. Thus, it is essential to have a pretty well-balanced dataset. To
this end, we deleted part of our “no fire” data. We now have a balanced dataset
with 27 500 examples of fires and 27 500 examples of “no fire”, that will help us
to train our model. Now, the next step would be to choose a model.

Once the data was prepared, we had to train the models and see which one
performed best. We used the scikit-learn library. The first step was dividing
the data into two sets, a training set and a validation set. Then, we created
instances of the models we’re interested in. To capable the parameters, we used
the GridSearchCV function of the scikit-learn library. This function tests a model
with different sets of parameters, to determine which parameters give the best
results. We ensure that all our models have optimal parameter settings, enabling
us to easily compare them.

To compare the models, we decided to use their AUC. AUC stands for “Area
Under the (Receiver Operating Characteristic) Curve.” It is a commonly used
metric in machine learning and statistics to evaluate the performance of a binary
classification model. The Receiver Operating Characteristic (ROC) curve is a
graphical representation of a model’s ability to distinguish between the two
classes it is trying to classify, typically the positive class (e.g., presence of a
fire) and the negative class (e.g., absence of a fire). The AUC varies between 0
and 1, with 0.5 being the performance achieved by random choice.

After a careful comparison of the models, the Random Forest appeared to be
the one with the best AUC. It was around 0.80, which is considered quite good.
Gradient Boosting was behind with around 0.70, and Adaboost was pretty close
with a score of about 0.75.
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Once we had selected our model, we also tried to optimize its recall. Recall
is a performance metric that allows you to evaluate the effectiveness of a binary
classification model, especially when one of the classes is of greater importance
or when you want to minimize the number of false negatives. This is our case: it
would indeed be dramatic to “miss” a fire by underestimating the risk in a given
area. On the other hand, it would also be problematic to overestimate the risk,
as this could lead to a fragmentation of forces. We have therefore tried to find a
kind of balance between recall and another metric, precision, which focuses on
minimising false positives, while still prioritizing recall. A target that has been
chosen in similar articles and seems quite reasonable to us (and which we have
therefore tried to replicate) is to achieve a recall of over 0.9 and a precision of
over 0.6, which is already an honourable value in this field [8].

4 Application

We then generated the risk map. We edited it for a day for which we had data,
the 8th of July 2009. Then, we compared it with the fires that really happened
this day. The result is represented in Fig. 2, with the blue stars being the location
of the actual fires happening that day.

As we can observe, the predictions for this day seem pretty accurate. Most
of the fires are located in places where the fire risk is above 0.7, or 0.6 for three
of them. Only one is located in a place where the fire risk is below that (about
0.4 to 0.5). No fire happened in locations where the fire risk is above 0.8, but we
can argue that those places are already identified by the capable authorities as
being very prone to fire, and are thus very closely monitored.

The prefecture of the island already publishes its own forest fire risk map.
It is published every summer day on the prefecture’s website. This map, based
exclusively on meteorological data, is shown in the Fig.3. As we can see, it is
far less accurate than our map, which makes it less useful for the staff on the
ground. This is actually the main reason why this project was launched in the
first place.
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Fig. 2. The fire risk map edited for the 8th of July 2009. The blue stars represent the
actual fires. (Color figure online)

We were also able to obtain from the model the contribution of each variable
to the result. These data may be of crucial importance. Indeed, knowing which
variables have an influence on fire susceptibility allows us to prevent fire more
efficiently. These contributions are represented in Fig. 4.

As we can observe in Fig.4, the contribution can be very different from a
variable to another. Road density, time of the day, geographical and meteoro-
logical values seem to play a pretty important role, as well as altitude variables.
On the other hand, day of the week, unemployment rate, vegetation and land
use don’t seem very meaningful. We can try to explain some of those results. For
instance, the lack of importance of the “day of the week” variale can be explained
because fires often happen during summer, when there are a lot of tourists on
the island. The day of the week is way less meaningful for this population, who
doesn’t work at the moment and is thus more free. For the vegetation, we can
argue that the Corsican vegetation is pretty homogenous. Furthermore, the vast
majority of fires are forest fire (more than 90% of them) which can explain why
land use isn’t of great importance as well.
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Fig. 3. The prefecture’s map.
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Fig. 4. The relative contribution of variables to our model.
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We can conclude that our method can help us to prevent fires, and in addition,
to better understand our territory and how to protect it.

5 Conclusion

To summarise, we have proposed a method to predict the probability of forest
fires for a given day at different locations in Corsica. This method involves the
collection and processing of a large dataset containing historical records of forest
fires, meteorological parameters, land cover information, socio-economic indica-
tors and temporal aspects. Using machine learning models, we calculate a forest
fire risk between 0 and 1. This risk is calculated for each of our grid cells. We
then use these numbers to create a choropleth map. The map created is a great
tool to help decision makers make better decisions, and for the public to get
information before going on a hike or other outdoor activity.

The prospects for this project include a phase of method validation and
consolidation, in which we will assess the accuracy of the method in more detail.
We will also take a closer look at the current map and the predictions and
accuracy differences between the two maps. In addition, we would like to combine
the map’s hazard prediction with more traditional simulation techniques for the
high fire risk areas identified in the map. This would allow us to predict fire risk
more efficiently. Finally, before the map is made available to the public, it needs
to be validated in practise.
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