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Abstract. Forest fires burn an average of about 440 000 ha
each year in southern Europe. These fires cause numerous
casualties and deaths and destroy houses and other infras-
tructure. In order to elaborate on suitable firefighting strate-
gies, complex interactions between human and environmen-
tal factors must be taken into account. In this study, we inves-
tigated the spatiotemporal evolution in the burned area over
a 50-year period (1970–2019) and its interactions with to-
pography (slope aspect and inclination) and vegetation type
in southeastern France by exploiting the geographic infor-
mation system (GIS) databases. Data were analyzed for two
25-year periods (1970–1994 and 1995–2019), since a new
fire suppression policy was put into place after 1994, which
focused on rapid extinction of fires in their early phase. In
the last 25 years, the burned area decreased sharply, and
the geographic distribution of fires also changed, especially
in regions where large fires occur (Var administrative divi-
sion). Elsewhere, even though forest fires remain frequent,
the total extent of the burned area decreased substantially.
Fire hotspots appear closer to built-up areas in the west, are
randomly distributed in the east, and they almost completely
disappear in the central region of the study area where there
is a history of large fires. Slope orientation presents an in-
creasingly important role in the second period; south-facing
slopes are preferred the most by fire, and north-facing slopes
are preferentially avoided. Even though the slope inclination
is less affected by the new firefighting strategy, low slope
inclinations are even more avoided after 1994. The greatest
proportion of the burned area is strongly associated with the
location of sclerophyllous vegetation clusters which exhibit
highly fire prone and expand in area over time. Natural grass-

lands are also preferred by fire, while broadleaved, conifer-
ous, and mixed forest are increasingly avoided by fire.

1 Introduction

Forest fire is a common and important element of the Earth
system (Bond and Keeley, 2005) that disturbs natural ecosys-
tems and threatens human welfare and wellbeing through-
out the globe. The Mediterranean climate is characterized by
hot and dry summers which favor fire ignition and propaga-
tion. Consequently, wildfires are particularly active around
the Mediterranean basin, and fires in the Mediterranean cli-
mate zones are considered to have a wide range of environ-
mental and socioeconomic impacts (Miller et al., 2009; San-
Miguel-Ayanz et al., 2013; Ganteaume et al., 2013).

Forest fires burn an average of 440 000 ha each year in the
Euro–Mediterranean region, and this corresponds to about
85 % of the total burned area (BA) in Europe (San-Miguel-
Ayanz et al., 2020). Of the five principal Euro–Mediterranean
countries concerned by forest fires (France, Greece, Italy,
Portugal, and Spain), France has the lowest amount of BA
(San-Miguel-Ayanz et al., 2020). It also has the smallest
potential burnable area, since only the southern Mediter-
ranean fringe is affected by forest fires. France, Spain, Italy,
and Greece all show similar trends in decreasing decadal
BA in 1980–2010, and only Portugal experienced a progres-
sive increase during this interval (San-Miguel-Ayanz et al.,
2020). It should be noted that BA is generally decreasing de-
spite increases in summer temperatures throughout the Euro–
Mediterranean zone (Pokorná et al., 2018; Rodrigues et al.,
2020), and this can be attributed to more efficient firefighting
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strategies (Fox et al., 2015; Turco et al., 2016; Ganteaume
and Barbero, 2019).

Forest fire spatial distribution, size, and frequency are as-
sociated with several interacting factors that can be catego-
rized into two main groups, namely (i) environmental and
(ii) anthropogenic factors. Environmental factors generally
include fuel characteristics (e.g., type and water content), to-
pography (e.g., slope inclination, altitude, and aspect), and
weather conditions (e.g., temperature, humidity, and wind
speed); anthropogenic factors include the characteristics of
the transitional zone between wildland vegetation and artifi-
cial areas in the wildland–urban interface (WUI).

Among the environmental characteristics, several stud-
ies provide evidence of spatial patterns relating forest fire
probability and BA to topography (Dickson et al., 2006;
Nunes et al., 2016; Padilla and Vega-García, 2011). Slope
aspect affects incoming solar radiation and can determine
fuel type, fuel moisture, and fuel density, all of which influ-
ence flammability (Holden et al., 2009). In addition, aspect
influences the degree of ecological change related to fire (fire
severity; Birch et al., 2015; Estes et al., 2017; Parks et al.,
2018). In the Northern Hemisphere, south-facing slopes re-
ceive more solar radiation during the day than north-facing
slopes, and this can enhance burn severity (Alexander et al.,
2006; Oliveira et al., 2014a; Oliveras et al., 2009), but the
trend is not systematic (Broncano and Retana, 2004). In ad-
dition to the impact on fire severity, other studies (Mouil-
lot et al., 2003) have demonstrated that south-facing slopes
in Corsica (France) can burn more frequently than other ex-
posures. On the northern shore of the Mediterranean, south-
facing slopes frequently have more housing than north-facing
slopes, and this may contribute to a greater number of ig-
nitions (Fox et al., 2018). Steep slopes tend to have higher
spread rates and fire intensities (Capra et al., 2018); fatality
rates are also greater compared to flat areas (Molina-Terrén et
al., 2019). Csontos and Cseresnyés (2015) observed an expo-
nential increase in upslope fire spread with increase in slope
inclination, whereas downslope fire spread velocity was un-
affected by slope angle and was similar to rates detected on
flat terrain. Slope and altitude tend to be correlated, but their
association with fires is often conflicting. For instance, Nunes
et al. (2016) found that BA and ignition density were posi-
tively correlated with elevation and slope at a municipal scale
in Portugal. Similarly, Elia et al. (2019) showed that the prob-
ability of fire ignition increased with elevation and slope in
southern Italy. However, Narayanaraj and Wimberly (2012)
observed a negative impact of elevation and slope inclination
on human-caused fires.

The role of vegetation is complex and can be influenced
by flammability (Michelaki et al., 2020; Molina et al., 2017)
or spatial patterns of vegetation in the landscape (Curt et
al., 2013). Vegetation continuity affects the fire propagation,
which contributes to determining the BA (Duane et al., 2015;
Fernandes et al., 2016). Vegetation type is another impor-
tant factor to consider which has been explored in number of

studies on fire selectivity indices (Bajocco and Ricotta, 2008;
Barros and Pereira, 2014; Carmo et al., 2011; Moreira et al.,
2009; Moreno et al., 2011; Nunes et al., 2005; Pereira et al.,
2014). Overall, there is widespread agreement in the litera-
ture that shrublands are regarded as fire prone areas at multi-
ple scales, including regional (Carmo et al., 2011; Moreno et
al., 2011), national (Nunes et al., 2016, 2005), and continen-
tal (Moreira et al., 2011; Oliveira et al., 2014b; Pereira et al.,
2014) scales. The probability of large fires is greater in dense
shrublands than in forested ecosystems in the Mediterranean
basin (Moreira et al., 2011; Ruffault and Mouillot, 2017). Ac-
cording to Mermoz et al. (2005), fire proneness of shrublands
could be related to their recovery rate, since shrublands can
regenerate faster and favor fuel accumulation in a short time,
unlike forests which take longer to recover and expand. In
addition, Oehler et al. (2012) point out that shrubs are con-
sidered a low suppressing priority by firefighters due to the
low cost of restoration. In Europe, grasslands are also con-
sidered to be fire prone (Oliveira et al., 2014a). Cultivated ar-
eas are the least fire prone vegetation types because of their
low combustibility and proximity to built-up land covers,
which facilitates rapid fire detection and suppression (Mor-
eira et al., 2011). Forested areas are found to be more fire
prone than cultivated areas but less than shrublands (Mor-
eira et al., 2011). More specifically, broadleaved forests are
usually less prone to burning than coniferous species, which
present a greater fire hazard (Moreira et al., 2009; Oliveira et
al., 2014a).

Spatial relationships between fire occurrence and environ-
mental factors evolve over time, due to changes in biomes
and climate, but also as the result of fire management prac-
tices. Mapping and understanding these trends are crucial
for evaluating the effectiveness of firefighting strategies and
developing suitable policies (Bowman et al., 2017). There
are numerous recent efforts that aim to analyze the spatial
and temporal trends of fire activity at a global, national,
and regional level. Otón et al. (2021) analyzed global trends
of BA, based on the FireCCILT11 database, which is the
longest available global BA dataset to date (1982–2018).
At a national level, Catarino et al. (2020) investigated the
trends of annual BA in Angola between 2001 and 2019 using
MODIS products (MCD64A1) and associated the significant
trends to land cover, ecological regions, and protected areas.
Ganteaume and Barbero (2019) utilized a long-term (1957–
2017) fire geodatabase to analyze the spatiotemporal varia-
tions in large fires in terms of frequency and BA in the French
Mediterranean. Silva et al. (2019) used a satellite-derived BA
dataset covering a 39-year period over the Iberian Peninsula
to study BA trends and explore the relationship between ar-
eas with significant BA trends and fire danger. Urbieta et
al. (2019) studied the spatiotemporal trends in Spain between
1980 and 2013 with regard to fire frequency, BA, and fire
size and their relationship with changes in climate, land use
and land cover, and fire suppression. Viedma et al. (2018) as-
sessed the changing role of environmental and human-related
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factors in reference to fire activity in west-central Spain from
1979 to 2008. Fire suppression is an important factor that can
influence fire spread. In France, as a response to the large
fires that occurred between 1986 and 1990, a major change
in the fire suppression strategy was established in the 1990s;
it focused on the rapid suppression of fire ignitions, regard-
less of the weather conditions, in order to avoid fire propaga-
tion (Battesti, 1997). The fire policy had a significant impact
on fire activity in southern France and weakened the fire–
weather relationship (Ruffault and Mouillot, 2015). Despite
the sharp decrease in BA after the full implementation of the
fire management policy, its effectiveness on very large fires
was not as successful as for smaller fires, since changes in
BA that correspond to large return periods are not significant
(Evin et al., 2018). Although many studies have focused on
determining the relationships between fire behavior and driv-
ing factors (Mhawej et al., 2015), few studies have examined
how fire suppression strategies impact the spatial distribu-
tion of BA. Identifying spatial patterns and the main driving
forces that determine fire distribution provides useful infor-
mation for fire and civil protection agencies, and it assists
in the allocation of appropriate firefighting resources and in
designing proper prevention actions (Moreira et al., 2011).

The objective of this study is to quantify changes in spa-
tiotemporal BA patterns induced by a major shift in the fire
suppression strategy initiated in the early 1990s in southeast-
ern France. The time interval under study spans 5 decades
(1970–2019) and includes the relation of BA with respect
to environmental factors such as (a) topography (slope as-
pect and inclination) and (b) vegetation type. Although sev-
eral studies have investigated the relationships between BA
and environmental factors, very few have covered such a long
time interval based on burn scar polygons, and they have not
been explicitly related to changes in fire suppression meth-
ods.

2 Data and methods

2.1 Study area

The study area is comprised of a subset of the three admin-
istrative division, with the greatest BA in continental France
(only Corsica has a greater burned area), according to the
French official forest fire database (http://promethee.com,
last access: 15 February 2022) for Bouches-du-Rhône, Var,
and Alpes-Maritimes (Table 1; Fig. 1). Areas within the ad-
ministrative division limits that were excluded represent sur-
faces that cannot burn, such as marshlands in the western-
most part of Bouches-du-Rhône and the high alpine mineral
surfaces located in the northern part of Alpes-Maritimes.

Topography varies from west to east (Fig. 1). The gen-
tlest slopes are found in the west (Bouches-du-Rhône), and
both the altitude and slope inclination increase eastwards.
The steepest slope inclinations are found in the northeastern

Table 1. Environmental characteristics of the study area per admin-
istrative division unit.

Bouches-du- Var Alpes-
Rhône Maritimes

Total area (km2) 3456 6019 3495
Forested area (km2) 1530 4044 2727
Ratio forest/total (km2) 0.44 0.67 0.78
Mean slope (◦) 8.8 11.9 24.3
Median slope (◦) 5.7 9.6 25.2

part of the study area where the French Alps are located. To-
pography influences the population distribution since much
of the built area is concentrated along the coast or on shallow
to intermediate slopes in the WUI. In the Bouches-du-Rhône
area, the western portion of the administrative division has
particularly low population densities due to the presence
of the national park and wetlands mentioned above. Simi-
larly, much of the population in the Alpes-Maritimes region
is concentrated in the southern portion of the administra-
tive division. The 2010 population densities of 388.8, 167.5,
and 252.0 persons per square kilometer for the Bouches-du-
Rhône, Var, and Alpes-Maritimes, respectively, are approxi-
mative as they simply divide population by total area with-
out accounting for geographic distributions. The order, how-
ever, is accurate and shows the greatest population density
for Bouche-du-Rhône, and the lowest for the Var. Based on
the demographic and environmental characteristics described
above, the westernmost section (Bouche-du-Rhône) of the
study area has low potential for fire ignition and propaga-
tion, but this increases when moving towards the eastern half
of administrative division. The central part of the study area
(Var administrative division) has a high potential for fire ig-
nition and the greatest potential for fire propagation, since it
has a high forested area and a large continuous WUI area.
Finally, the eastern section (Alpes-Maritimes administrative
division) has high ignition and propagation potentials in the
southern portion of the administrative division and low igni-
tion/high propagation at higher altitudes.

2.2 Fire database

Forest fire research in France is frequently based on the na-
tional database for forest fires in France (http://promethee.
com), where the fire location is defined as the municipal-
ity where fire ignition occurred. For this study, we used
a fire geographic information systems (GIS) database pro-
vided by the National Forestry Office (Office National des
Forêts – ONF) and the Delegation for the Protection of
the Mediterranean Forest (Délégation à la Protection de la
Forêt Méditerranéenne – DPFM). Even though the number
of recorded fires is significantly lower than the Prométhée
database, the total area burned is almost identical; the very
small fires recorded in Prométhée are not all digitized in the
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Figure 1. Map of southeastern France showing the study area and the administrative division limits overlain on a 5 m digital elevation model.

ONF database. To the best of our knowledge, this is only
the second use of this geodatabase after Ganteaume and Bar-
bero (2019). The dataset includes more than 3000 digitized
burn scar polygons for fires that occurred between 1970 and
2019. Due to the long temporal extent of the database, the
accuracy and the methods used to define burn scars varied
over time. In the 1970s, burn scars were mapped using field
measurements with GPS devices, and the technique progres-
sively evolved to integrate remote sensing data (satellite im-
agery and orthophotos). Although the description of how BA
was defined is not recorded in the database, earlier polygons
are clearly less accurate (coarse shapes with little detail) than
burn scars after the advent of satellite imagery (Fig. 2).

2.3 Environmental variables

2.3.1 Topography

Burn scar polygons were rasterized to a 5 m spatial resolu-
tion and overlain on a 5 m digital elevation model (DEM) ex-
tracted from RGE ALTI©, the official National Geographic
Institute (Institut Géographique National – IGN) database.
The DEM was used to calculate the slope aspect and incli-
nation. In the conversion of vector polygons to raster cells,
BA polygons smaller than half the cell size (25 m2) were
not defined as being burned during rasterization, so BA for
the slope aspect and inclination analyses represent approxi-
mately 96 % of actual BA in the study area. The aspect was
divided into the following five categories: flat, north, east,
south, and west. The inclination was divided into the follow-
ing five categories: 0–10, 10–20, 20–30, 30–40, and > 40◦.

Table 2. CORINE Land Cover layers and their respective fire peri-
ods.

CORINE Land Cover Fire period

1972 (predicted) 1970–1974
1980 (predicted) 1975–1984
1990 1985–1994
2000 1995–2002
2006 2003–2009
2012 2010–2014
2018 2015–2019

2.3.2 Vegetation type

For the computation of the forested BA and the identification
of fire prone vegetation categories, GIS forest layers were
extracted from the European CORINE Land Cover (CLC)
database. The database includes five reference years of 1990,
2000, 2006, 2012, and 2018. In addition to the CLC ref-
erence layers, it was considered best to backcast two addi-
tional forest cover layers for 1972 and 1980 to account for
any transitions between forested and non-forested surfaces
for the 2 decades preceding the CLC database. The method-
ology followed for the projection process is addressed in the
section on forest layer projection. The fire geodatabase was
then matched with the CLC layer that was chronologically
closest to the equivalent fire period (see Table 2).

The vegetation types that were used in the current study
follow the CLC nomenclature, i.e., broadleaved forest, conif-
erous forest, mixed forest, natural grasslands, and sclerophyl-
lous vegetation (Fig. 3; Table 3). Although natural grasslands
and sclerophyllous vegetation are not forests, the categories

Nat. Hazards Earth Syst. Sci., 22, 1181–1200, 2022 https://doi.org/10.5194/nhess-22-1181-2022
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Figure 2. Evolution of digitized burn scar accuracy over the past few decades.

Figure 3. Distribution of vegetation types based on CLC 2018.

Table 3. Average and relative forested areas according to vegetation
type between 1970 to 2019.

Type Area (ha) %

Broadleaved forest 172 547 20.6
Coniferous forest 201 262 24.1
Mixed forest 160 973 19.2
Natural grassland 93 322 11.2
Sclerophyllous vegetation 208 057 24.9
Total 836 161

will be referred to collectively as wildland or forested areas
indiscriminately for the sake of brevity.

Forest layer projection

Although most urban growth occurred on agricultural land
(Roy et al., 2015) and forest cover changed little, the Land
Change Modeler (LCM) module of TerrSet (Eastman, 2020)
was used to predict vegetation cover in 1972 and 1980. The
LCM is programmed to forecast change from an earlier to
a later date, so going back in time (a backcast) required the
temporal inversion of the filenames for the 1990 (renamed to
2000) and 2000 (renamed to 1990) CLC layers; in this way,
the land cover was simulated for 1980 and 1972. Land cover
categories were simplified from the original CLC categories
to the following: built, broadleaved forest (broad), conifer-
ous forest (conifer), mixed forest, natural grasslands (grass),

https://doi.org/10.5194/nhess-22-1181-2022 Nat. Hazards Earth Syst. Sci., 22, 1181–1200, 2022
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sclerophyllous vegetation (bush), other, and water. Only tran-
sitions greater than 0.05 % of the landscape (14.3 km2) were
modeled, and these included the following: bush→ grass,
bush→ other, built→ other, grass→ other, broad→ bush,
other→ grass, bush→ conifer, other→ bush, bush→ broad,
bush→mixed, mixed→ bush, other→ conifer,
mixed→ broad, mixed→ other, other→ broad,
other→mixed, broad→ other, grass→ bush,
mixed→ conifer, built→mixed, built→ bush, and
conifer→mixed. Note that these are the inverse of
historical trends, so the built–mixed transition actually
backcasts the historical transition of mixed forest to built
area. The explanatory variables used to predict land cover
change were the following: altitude, slope inclination,
distance from built area, distance from broad, distance from
conifer, distance from mixed, distance from grass, distance
from bush, distance from other, and distance from water.
According to Eastman (2020), Cramer’s V values of ≥ 0.15
for explanatory variables are useful and should be kept in
the model, and all explanatory variables used here met this
criterion. Accuracy rates to model transitions ranged from
65 % to 90 %, with mean and median values of 78 % and
80 %, respectively.

2.4 Fire history 1970–2019

A 500× 500 m grid (25 ha) was created and overlain on the
study area in order to measure the percentage of each cell
that was burned each year between 1970 and 2019 (50 years)
(Fig. 4). These percentage values were then summed to pro-
duce the cumulative percentage of BA for each cell. This ap-
proach facilitated the effort to identify clusters of cells/areas
that have been burned multiple times and to give an overview
of the spatial distribution of BA in the region. To better illus-
trate the impact of suppression strategies on fire occurrence,
the method was applied to two 25-year subsets of the fire
dataset (i) 1970–1994, and (ii) 1995–2019 as the mid-point
break corresponds to the major shift in firefighting strategy
and allocated resources in France.

2.5 Spatiotemporal analysis – contextual
Mann–Kendall

In order to identify spatiotemporal trends within the entire
time period (1970–2019), a modified version of the Mann–
Kendall test was applied (Kendall, 1975; Mann, 1945). The
Mann–Kendall test is a non-parametric test which is used to
statistically assess monotonic upward or downward trends
for a variable through time. In this study, we used the con-
textual Mann–Kendall (CMK) test which was introduced by
Neeti and Eastman (2011), and it differs from the original test
by evaluating trends at a 3× 3 cell neighborhood for each cell
in a grid. The specific method has been used to assess trends
in BA with satisfactory outcomes (Silva et al., 2019; Catarino
et al., 2020; Otón et al., 2021). The CMK method was de-

vised from Tobler’s first law of geography, which states that
“everything is related to everything else, but near things are
more related than distant things” (Tobler, 1970). By assum-
ing that trends show signs of spatial autocorrelation between
adjacent cells, the CMK test allows for greater confidence
in identifying the presence of a trend (Neeti and Eastman,
2011). However, it requires observations to be a set of inde-
pendent random variables and, thus, applying the test on data
that are temporally autocorrelated may lead to a false rejec-
tion of the null hypothesis of no trend (Douglas et al., 2000).
To assess the temporal autocorrelation in our dataset, we ap-
plied the Durbin–Watson test (Durbin and Watson, 1950),
and to remove it, the prewhitening procedure by Wang and
Swail (2001), which preserves the same temporal trend but
without the autocorrelation, was used (Fig. 5).

2.6 Fire selectivity (Jacobs’ index)

In order to examine the fire proneness of the environmental
variables considered in this study (slope aspect and inclina-
tion and vegetation type), a resource selection index was cal-
culated for each 25-year interval (Fig. 7). Resource selection
is based primarily on wildlife ecology (Manly et al., 2002),
but its use has been extended to include fire selectivity (Ba-
jocco and Ricotta, 2008; Barros and Pereira, 2014; Moreira
et al., 2001, 2009; Moreno et al., 2011; Nunes et al., 2005;
Oliveira et al., 2014a). The rationale behind fire selectivity is
that fires burn selectively when the proportion of a class (e.g.,
type of vegetation) within a burned area is higher than the
proportion of the available area to burn. The opposite applies
when a specific class of variable is burned proportionally less
than the available area (fire avoidance).

In our work, we used Jacobs’ selectivity index (Jacobs,
1974) which is defined as follows:

Di =
r −p

r +p− 2rp
. (1)

r stands for the proportion of resource class i used by fire,
and p is the proportion of resource class i available to fire.
Jacobs’ index values range between −1 and 1. Positive val-
ues indicate fire preference, and negative values indicate fire
avoidance. The index was calculated for each class of the
environmental factors (described in the subsequent sections)
for each year. Similar to other studies (Barros and Pereira,
2014; Nunes et al., 2005), the available area for each fire to
burn is defined as twice the amount of area burned by each
fire (Fig. 6).

2.7 Geographically weighted regression

A geographically weighted regression (GWR) was used to
quantify the impact of the change in the firefighting strat-
egy on the relative importance of the environmental fac-
tors. GWR is applied in wide range of interdisciplinary
fields, including forest fires (Koutsias et al., 2010; Martínez-
Fernández et al., 2013; Nunes et al., 2016; Rodrigues et al.,

Nat. Hazards Earth Syst. Sci., 22, 1181–1200, 2022 https://doi.org/10.5194/nhess-22-1181-2022
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Figure 4. Flowchart depicting the processing steps for generating the cumulative percentage of forested burned area per cell.

Figure 5. Flowchart depicting the processing steps for estimating the trend significance using the contextual Mann–Kendall method.

Figure 6. Illustration of the burned area (r) and available area (p)
to be used by a fire. The available area (the sum of the burned area
plus buffer zone) around each fire corresponds to twice the burned
area.

2016; Kolanek et al., 2021). GWR is a local non-parametric
regression method (Fotheringham et al., 2003) that allows
the relationships between dependent and explanatory vari-
ables to vary over space. The basic form of a GWR model,
provided by Fotheringham et al. (1998, 2003) is defined as
follows:

yi = βi0+
∑j

z=1
βizxiz+ εi, (2)

where yi is the dependent variable at location i, βi0 is the
intercept parameter at location i,j is the number of explana-
tory variables, biz is the local regression coefficient for the
zth explanatory variable at location i, xiz represents the zth
explanatory variable at location i, and εi denotes the ran-
dom error at location i. Since GWR allows coefficients to
be spatially heterogeneous, a sub-model for the location of
each observation is created that considers only a subsam-
ple of the total observations, where observations in closer
proximity have a greater effect in determining the local set
of coefficients than observations located at further distances
(Fotheringham et al., 1998). This neighborhood is called a
kernel, and the maximum distance from a regression point
at a location i is defined as the bandwidth. The bandwidth
is an important parameter than can be defined in the follow-
ing two different ways: (i) fixed bandwidth (fixed distance
for each regression point) and (ii) adaptive bandwidth (fixed
number of nearest neighbors for each regression point). The
first type of neighborhood is more appropriate when data are
regularly distributed across space, whereas the second type
is more appropriate for data that form spatial clusters. In the
current work, the adaptive bandwidth approach was utilized
to fit the GWR model which was optimized based on the
value of Akaike information criterion (Akaike, 1974). For

https://doi.org/10.5194/nhess-22-1181-2022 Nat. Hazards Earth Syst. Sci., 22, 1181–1200, 2022
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Figure 7. Flowchart depicting the processing steps and data used to relate the burned area to the vegetation type, slope inclination, and
orientation.

each of the three environmental variables described above,
a univariate GWR model was used to explore the relation-
ship with the dependent variable (percent of BA) for the two
25-year periods of (i) 1970–1994 and (ii) 1995–2019.

3 Results

Results presented below will first describe the fire history
for the entire time interval (1970–2019) and then analyze the
spatiotemporal evolution of the BA split according to the two
25-year periods. Finally, it will explore the relationship of
BA to topography (slope aspect and inclination) and vege-
tation type. Factor-specific results will be discussed, as they
are presented in the following sections, while broader con-
siderations will be explained in the Sect. 4.

3.1 Fire history

In total, 3382 fires burned 296 820 ha in 1970–2019. The
mean and median areas of BA are 87.7 and 4.2 ha, respec-
tively; these values reflect the typical positively skewed dis-
tribution of fire size, where the vast majority of fires are
small, and a few fires, accounting for most of the burned
area, are very large. The number of fires equal to or greater
than 100, 500, and 1000 ha is 378 (11.2 %), 123 (3.6 %), and
65 (1.9 %), respectively. Of the total number of fires, 2424
(88.2 %) occurred in forested landscapes, and these burned
an area of 263 645 ha (88.8 % of total BA).

Mean and median values for forested landscape fires are
slightly greater than for all fires at 111.7 and 6.5 ha, respec-
tively. The number of fires equal to or greater than 100, 500,
and 1,000 ha is 314 (13.0 %), 106 (4.4 %), and 60 (2.5 %), re-
spectively. As stated above, the results presented below will
deal exclusively with the forested BA that was occupied by

one of the vegetation types mentioned in Sect. 2.3.2, since
the trends with respect to vegetation and topography for all
fires and forested landscapes are nearly identical.

Annual forested BA varies significantly from year to year
(Fig. 8), although there are clear differences between the first
2 decades (1970–1990) and the last 3 decades (1991–2019).
The mean and median annual BA are 5156.4 and 2746.1 ha,
respectively. Several big fires occurred in the 1980s, followed
by a sharp decrease in the early 1990s. Similar to the rest of
southern Mediterranean Europe, most of the forested BA is
related to a small number of large fires (Turco et al., 2016).
Only 5 years (1979, 1986, 1989, 1990, and 2003) of the
50-year record account for almost half of the total forested
BA (126 700 ha). The forested BA for each of these years
surpasses 20 000 ha, attaining nearly 36 000 ha in 1989. Of
the 5 years cited above, only 2003 is found in the second
25-year interval. As described by Fox et al. (2015) for the
Alpes-Maritimes, the decrease in BA corresponds to an im-
provement in firefighting strategy, since the latter period had
some of the hottest summers on record; the same explanation
appears to hold for the neighboring administrative divisions
studied here.

Figure 9 maps the cumulative percentage area burned in-
side each 25 ha cell for 1970–1994 and 1995–2019, respec-
tively. Generally, most fires occur in the WUI north of the
large coastal cities since densely developed areas have too
little vegetation to burn, and relatively remote areas have too
few ignition sources. Although we did not treat wind direc-
tion or speed, BA shapes in both periods tend to align them-
selves with known wind patterns in the region. They have
a NW–SE orientation throughout most of the western and
central sections (Bouches-du-Rhône and Var administrative
divisions) but show little preferential orientation in the east-
ern administrative division of Alpes-Maritimes where wind
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Figure 8. History of annual forested burned areas from 1970 to 2019.

Figure 9. Cumulative percentage of the forested burned areas in the 1970–1994 interval (a) and in the 1995–2019 interval (b) over a
500× 500 m grid.

speeds are lower than the mistral winds in the Rhône valley.
There is a clear difference between the two periods, with the
second one having significantly fewer burned cells which are
also slightly more spatially dispersed. In addition, cumulative
percentage values are noticeably lower, with a small number
of cells (302) exceeding 100 % and very few (9) reaching
200 %. All major hotspots disappear in the second interval,
apart from some located mainly in the western area of study
zone near Aix-Marseille.

The largest patches in both intervals are found in the cen-
tral part of the study zone in the Var administrative division,
which combines continuous forest cover and a lower popu-
lation density that is distributed more evenly throughout the
administrative division. The two largest continuous BA clus-
ters are found here, with one being north of Saint-Tropez and
one east of Toulon. In the 1995–2019 time interval, the first
cluster shrunk, whereas the second one completely disap-
peared. In the western section of the study area (Bouches-du-
Rhône), burned patches are located in constrained areas be-
tween densely built zones (Aix-en-Provence and Marseille),
with several cells displaying high fire recurrence. In the east-

ern section of the study area (Alpes-Maritimes), where pop-
ulation is particularly dense along the coast (Cannes–Nice),
BA cells are concentrated inland along the periphery of the
coastal built-up area. A major hotspot with the highest cumu-
lative percentage burned area is found just west of Cannes,
and this patch almost disappears in the second period. In
comparison to the rest of the study area, patches in the eastern
administrative division of the Alpes-Maritimes are smaller
and more numerous, with high to very high recurrence, even
at higher altitudes.

Spatiotemporal analysis

Results of the CMK method depict areas of increasing and
decreasing trends in terms of mean annual BA over the study
area (Fig. 10). Positive Z scores (colored in red) correspond
to areas with increasing trends, and negative Z scores (col-
ored in blue) correspond to areas with decreasing trends.
Overall, a general decreasing trend of BA throughout most
of the study area can be observed, with approximately 60 %
of the cells corresponding to a negative value. The largest
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clusters of negativeZ scores are located predominately in the
central areas of the region, north of Toulon, north of Saint-
Tropez, and west of Cannes, with small negative patches
northeast of Marseille and north of Nice. Positive Z score
clusters are more constrained in terms of size and are gen-
erally dispersed. Significant decreasing trends are relatively
limited and can be spotted in areas such as to the east of Mar-
seille, west of Cannes, and north of Nice. Significant pos-
itive trends are detected in several locations (although lim-
ited in area) such as between Aix-en-Provence and Marseille
and in the northeastern part (Alpes-Maritimes administrative
division) of the study area. Although contrasting negative–
positive trends co-exist in close proximity near Marseille and
Aix-en-Provence, the greatest speckled pattern is found in
the Alpes-Maritimes administrative division, where fires are
smaller and more randomly distributed.

3.2 Fire selectivity and topography

Topographic effects studied here include the slope aspect and
inclination. Since some areas may have greater BA values
simply because a given topographic class is more frequent
in the landscape, Jacobs’ selectivity index was calculated in
order to identify potential classes of aspect and inclination
that are preferred by fire between two periods of (i) 1970–
1994 and (ii) 1995–2019.

Figure 11 shows fire preference (Jacobs’ index > 0) and
fire avoidance (Jacobs’ index < 0) for the two 25-year peri-
ods under study. Between 1970–1994, S-facing slopes have
a weak positive median value (0.02), while the others are
all negative. Values become increasingly negative in the fol-
lowing order: W (−0.08), E (−0.12), N (−0.18), and flat
(−0.38). In the second period (1995–2019), the median fire
selectivity of S-facing slopes (0.1) increases and presents a
clear difference with other trends which either remain the
same (flat) or decrease. N-facing (−0.33) slopes appear to
be even less prone to fire in the 1995-2019 interval, and flat
surfaces continue to show the greatest aversion to fire.

As for aspect, Fig. 12 shows fire selectivity for each of the
two periods based on Jacobs’ selectivity index according to
slope inclination. Overall, fire is not selective with regards to
inclination; in the first period, the gentlest (≤ 10◦) and steep-
est (> 40◦) inclination categories tend to be avoided by fire
(values of −0.20 and −0.19, respectively). In the second pe-
riod, median fire selectivity for gentlest slopes (≤ 10◦) show
slightly stronger avoidance, shifting from −0.2 to −0.29,
while steepest (> 40◦) slopes, located mainly in the eastern
segment of the study area, exhibit a similar change, shift-
ing from−0.19 to−0.27. Intermediate slope categories (10–
40◦), which account for a high percentage of BA in the west-
ern (Bouches-du-Rhône) and central (Var) study area, do not
exhibit any clear fire selectivity pattern.

3.3 Fire selectivity and vegetation type

Forested and semi-natural vegetation is distributed between
five categories, of which natural grasslands and sclerophyl-
lous vegetation have the lowest and the highest 50-year av-
erage covers, respectively, as the following values show:
broadleaved forest (20.6 %), coniferous forest (24.1 %),
mixed forest (19.2 %), natural grasslands (11.2 %), and scle-
rophyllous vegetation (24.9 %). Over the 50-year study pe-
riod, mixed and broadleaved forests maintain roughly the
same area, whereas conifers present a slight but decreasing
trend. Sclerophyllous vegetation expanded in the study area
(≈ 6 % increase), becoming the most common type in the last
3 decades. Finally, natural grassland is by far the least com-
mon type and shrunk slightly (≈ 3.5 % decrease) over time.

Fire selectivity with regards to vegetation type is pre-
sented in Fig. 13. In the first period, three types of vegeta-
tion show signs of fire avoidance, namely mixed (−0.28),
broadleaved (−0.24), and coniferous (−0.21). Natural grass-
lands and sclerophyllous vegetation display a weak prefer-
ence for fire, with median values of 0.09 and 0.05, respec-
tively.

Even though the order changes slightly in the second pe-
riod, the effects of the fire suppression strategy on vegetation
types are more evident than for the topographic factors. On
the one hand, all three forest types are more clearly avoided
by fire, while, on the other hand, natural grasslands and scle-
rophyllous vegetation show even stronger fire preference in
the second period, shifting from 0.08 to 0.28 and from 0.05
to 0.15, respectively.

3.4 Geographically weighted regression

There is considerable spatiotemporal variability in the
strength of the correlation between the BA and environmen-
tal variables throughout the study area. The coefficient of
determination R2 values range spatially from 0.00 to 0.68
(slope inclination), depending on the variable and time inter-
val (Table 4). The explanatory power for all values tends to
be weak, and topographic factors and sclerophyllous vegeta-
tion show the strongest correlations with BA. The remaining
vegetation types display a weak fit that is similar in both pe-
riods.

Figures 14 and 15 depict local R2 results of the applica-
tion of GWR between the percentage of BA and topographic
factors. Overall, the highest values are concentrated mainly
in the western and central parts (closer to the coastline) of the
study area for both slope aspect and inclination. The propor-
tion of variance explained by aspect is slightly greater in the
second period, with several cells being in the highest class
(0.25–0.35). Despite having a strong local fit in the first pe-
riod, both distribution and variability changed drastically for
slope inclination in the second period.

Figures 16 to 20 display local R2 results of the applica-
tion of GWR between the percentage of BA and the percent-
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Figure 10. Trends of mean annual burned area between 1970 and 2019, based on the contextual Mann–Kendall method. Areas with positive
Z scores depict increasing trends in the burned area, while negative Z scores show decreasing trends.

Figure 11. Box plot representing the distribution of the Jacobs’ index (ranging from −1 to +1) for 1970–1994 (left) and 1995–2019 (right)
according to the slope aspect. The (i) median value (50th percentile; bar within the box), (ii) first quartile (25th percentile; bottom part of the
box), and (iii) third quartile (75th percentile; top part of the box) are shown. Whiskers represent observations outside the middle 50 %, and
points represent outliers.

age of each vegetation type. Similar to topographic variables,
sclerophyllous vegetation exhibits the same spatial pattern of
high R2 values. A clear increase in local R2 can be observed
when moving towards the western part of the region, which
is more evident in the first period. Low fits are found for both
periods in the higher altitude areas, located mainly in north-
eastern segments of the area.R2 values for natural grasslands
are generally low and display small differences both in terms
of space and variance. Explanatory variables related to forest
categories show a very weak fit in the relationship with BA.

In addition, the general clustering patterns are quite different
between the two periods.

4 Discussion

4.1 Fire history

BA in southeastern France has undergone substantial
changes over the last 50 years. Annually, BA varies consid-
erably, but clear declining trends are observed in the second
part of the temporal interval under study. Around half of the
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Figure 12. Box plot representing the distribution of the Jacobs’ index (ranging from −1 to +1) for 1970–1994 (left) and 1995–2019 (right),
according to slope inclination. The (i) median value (50th percentile; bar within the box), (ii) first quartile (25th percentile; bottom part of
the box), and (iii) third quartile (75th percentile; top part of the box) are shown. Whiskers represent observations outside the middle 50 %,
and points represent outliers.

Figure 13. Box plot representing the distribution of the Jacobs’ index (ranging from −1 to +1) for 1970–1994 (left) and 1995–2019 (right)
according to vegetation type. The (i) median value (50th percentile; bar within the box), (ii) first quartile (25th percentile; bottom part of the
box), and (iii) third quartile (75th percentile; top part of the box) are shown. Whiskers represent observations outside the middle 50 %, and
points represent outliers.

total BA (126,700 ha) was recorded in 5 years, i.e., 1979,
1986, 1989, 1990, and 2003. Due to particularly catastrophic
fires in the 1980s, a new fire suppression policy (Vulcain)
was initiated that came fully into effect in 1994 (Battesti,
1997). This new strategy focused on aggressively suppress-
ing fire ignitions under any weather conditions in order to
avoid fire propagation to the extent where suppression would
become both more difficult and more expensive. Although
the fire weather index values were not calculated here for the
three administrative divisions, Fox et al. (2015) noted a gen-
eral increase in summer temperatures between about 1980
and 2010, so the firefighting policy had a major impact on
the decrease in total BA after 1994. Only 2003 stands out

as a big fire year in the 1995–2019 interval, and although it
was the hottest/driest year on record in the Alpes-Maritimes,
it remained within the range of BA values of the big 1980s
fires (Fox et al., 2015). Nonetheless, it raises doubts about
the sustainability of rapid suppression in extreme conditions
when resources are spread thinly over a greater number of
ignitions (Curt and Frejaville, 2018).

Spatiotemporal analysis

The effect of the new firefighting strategy can also be viewed
spatially. In general, fire patches are less large and are dis-
tributed over smaller geographic proximities with one an-
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Table 4. Descriptive statistics of local R2 per environmental factor for 1970–1994 (P1) and for 1995–2019 (P2).

Slope Slope Sclerophyllous Natural Coniferous Broadleaved Mixed
aspect inclination vegetation grasslands forest forest forest

Period P1 P2 P1 P2 P1 P2 P1 P2 P1 P2 P1 P2 P1 P2

Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.01 0.00 0.00 0.00 0.00 0.00
Maximum 0.24 0.36 0.68 0.25 0.48 0.47 0.19 0.21 0.20 0.21 0.11 0.23 0.26 0.25
Mean 0.08 0.11 0.13 0.06 0.19 0.17 0.07 0.08 0.08 0.09 0.04 0.06 0.07 0.05
Median 0.07 0.1 0.1 0.05 0.16 0.15 0.08 0.06 0.05 0.03 0.03 0.05 0.04 0.05
Standard deviation 0.08 0.12 0.08 0.04 0.12 0.11 0.03 0.05 0.03 0.03 0.02 0.05 0.05 0.04

Figure 14. Spatial distribution of local R2 between the burned area and slope aspect for 1970–1994 (a) and 1995–2019 (b).

other, and the fire recurrence is lower. Spatiotemporal trends,
however, vary from west to east, according to the specific
population and environmental contexts of each administra-
tive division. In the western part of the study zone, around
Aix-en-Provence and Marseille, hotspots, in the form of pos-
itive Z scores, remain, and the new firefighting strategy had
less effect since fires were already limited in size by vege-
tation continuity. Although limited in area, multiple clusters
of positive trends are found in closer proximity to the built-
up areas near Marseille and Aix-en-Provence in compari-
son to overall decreasing trends. Increased human activity is
known to affect fire ignition (Badia et al., 2011; Chas-Amil
et al., 2013; Jiménez-Ruano et al., 2017; Lampin-Maillet et
al., 2011), and in our context that can be potentially linked to
the high number of arson activities found in the area (Curt et
al., 2016). On the contrary, in the central part of the study
area, where most of the big fires occur, the new fire pol-
icy effectively limited fire propagation over the continuous
vegetated cover that defines the region. This zone displays
the largest clusters of negative Z scores, thereby decreasing
BA with very few positive values and low fire recurrence.
Ganteaume and Barbero (2019) provided evidence that large
fires (> 100 ha) declined sharply in the central segment of
the study area after the introduction of the fire management
policy, and our results, using different methods, are coher-
ent with their findings. Finally, in the eastern segment of the
study area, frequent small dispersed fire patches are found.

Fire shapes are not elongated by wind direction compared to
polygons in the western and central administrative divisions,
and although negative fire occurrence trends dominate, par-
ticularly in the WUI band, there is a greater number of small
positive patches compared to other zones.

4.2 Burned area and topography

S-facing slopes have the greatest BA, burn more frequently
(Mouillot et al., 2003), and are more exposed to forest fires
than other slopes due to both environmental factors (greater
insolation and evapotranspiration) and WUI characteristics
since S-facing slopes in southern France have more houses
and therefore more potential ignition sources (Fox et al.,
2018). S-facing (sum of SW, S, and SE) slopes play an in-
creasingly important role over time, and this could be linked
to a combination of hotter summers and an increasing num-
ber of human dwellings on these slopes, as growth rates on S-
facing slopes in the Alpes-Maritimes were 4–5 times greater
than on N-facing slopes in 1990–2012.

Slope inclination favors fire propagation directly through
more efficient radiative heat transfer (Rothermel, 1983) and
increases the rate of spread and fire intensity (Csontos and
Cseresnyés, 2015; Capra et al., 2018). In addition, slope in-
clination influences fire ignition and suppression indirectly
through accessibility, solar radiation variations, fuel mois-
ture, and fuel density, which in turn influence flammability
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Figure 15. Spatial distribution of local R2 between the burned area and slope inclination for 1970–1994 (a) and 1995–2019 (b).

Figure 16. Spatial distribution of local R2 between the burned area and percent cover of the sclerophyllous vegetation for 1970–1994 (a)
and 1995–2019 (b).

(Holden et al., 2009). In this study, flat areas are most avoided
by fire for several independent reason. Radiative heat trans-
fer is less efficient on these slopes, which are more densely
inhabited and more easily accessible with denser road net-
works, so lower fire preference probably depends as much or
more on early suppression as on physical processes. The fire
avoidance of low slope inclinations strengthens over time,
and this is coherent with more rapid suppression in this inter-
val. The BA in intermediate slope inclinations is not affected
significantly by the change in firefighting strategy, potentially
due to factors that counter rapid suppression like more effi-
cient radiative heat transfer, more difficult accessibility, and
the presence of isolated or diffuse housing.

4.3 Burned area and vegetation type

The role of vegetation in fire frequency and BA patches lo-
cated in the Bouches-du-Rhône and Var administrative di-
visions was studied by Curt et al. (2013). Their case study
reflects patterns observed here at a larger scale, namely that
vegetation flammability is secondary to landscape organiza-
tion. Large open patches of continuous fuel, as are found in
the Var administrative division, favor larger fires with longer
return intervals than the small patchy wildland distribution

in the Bouches-du-Rhône (Ganteaume and Barbero, 2019).
Burned vegetation patterns observed here highlight the fre-
quently cited role of sclerophyllous vegetation (shrubland)
(Ganteaume and Jappiot, 2013; Moreira et al., 2011; Oliveira
et al., 2014a; Tessler et al., 2016). Shrublands both favor fire
propagation in dry conditions (Baeza et al., 2002) and re-
sult from recurrent fires (Tessler et al., 2016). As Mermoz
et al. (2005) suggested, the fire proneness of sclerophyllous
vegetation is connected to its ability to regenerate faster and
generate quicker fuel accumulation; this also applies in our
case, since sclerophyllous vegetation covers the greatest area,
has the greatest BA and greatest explained variance in the
GWR analysis, and is one of two vegetation categories (with
natural grasslands) that has positive resource index values.
These results are coherent with the findings of others work-
ing in Mediterranean environments where large fires tend to
occur in landscapes with dense shrublands (Moreira et al.,
2011; Ruffault and Mouillot, 2017). In a context where ini-
tial suppression is crucial to fire extinction, sclerophyllous
vegetation may resist early suppression better than other cov-
ers, where initial propagation is perhaps slower. Moreover,
firefighting assets appear to prioritize other types of vege-
tation during fire suppression, since fire selectivity remains
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Figure 17. Spatial distribution of localR2 between burned area and percent cover of natural grasslands for 1970–1994 (a) and 1995–2019 (b).

Figure 18. Spatial distribution of local R2 between the burned area and percent cover of the coniferous forest for 1970–1994 (a) and
1995–2019 (b).

unchanged for bushlands, possibly due to the low cost of
restoration (Oehler et al., 2012).

As other studies have concluded (Oliveira et al., 2014a),
natural grasslands display a high fire susceptibility. Despite
the change in the firefighting policy, grasslands are over-
represented in BA in both time intervals, and this may be due
to faster initial propagation or accessibility issues as, for ex-
ample, in certain mid- to high-altitude areas over the eastern
section of the study area, where burned clusters of this veg-
etation type are found. Sheep grazing is a common practice
in high alpine pastures of the Alpes-Maritimes administrative
division, and natural grassland fires may be due to bush clear-
ing operations by shepherds which resulted in uncontrolled
wildfires that affected much larger areas than originally in-
tended. All three forest types (broadleaved, coniferous, and
mixed) display a similar pattern characterized by fire avoid-
ance that is even more evident after the fire management pol-
icy change. This does not necessarily reflect a higher priority
for suppression by firefighting assets over other vegetation
types but may indicated that fires in these vegetation types
initially take more time to spread than in bushland, so they
are suppressed before becoming large fires.

5 Conclusion

In this study, the results provide a coherent picture of the im-
pact of a shift in firefighting strategy on fire occurrence and
environmental characteristics. The burned area decreased
sharply in the SE of France after 1994 with the introduc-
tion of the new firefighting strategy. Rapid fire extinction was
particularly effective in limiting big fires in the region. Large
fire hotspots found mainly in the central parts disappear after
the policy change, while new clusters of high fire recurrence
appear in closer proximity to areas with increased human ac-
tivity.

S-facing aspects have an increasingly bigger impact over
time, and this may be linked to both environmental condi-
tions and increased human presence on those slopes. Fire
avoids low slope inclinations and even more so after the shift
in fire suppression, as flat areas are easier to access and more
densely inhabited, so lower fire preference is probably deter-
mined as much or more by early suppression as by physical
processes (reduced radiative heat transfer).

Over half of the total BA in the last 50 years concerned
sclerophyllous vegetation, thus confirming its strong associ-
ation with high fire susceptibility and recurrence. Consider-
ing that sclerophyllous vegetation regenerates and expands
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Figure 19. Spatial distribution of local R2 between the burned area and percent cover of the broadleaved forest for 1970–1994 (a) and
1995–2019 (b).

Figure 20. Spatial distribution of local R2 between the burned area and percent cover of the mixed forest for 1970–1994 (a) and 1995–
2019 (b).

faster than other vegetation types in the region, this may lead
to an increase in fire risk in the future. Natural grasslands,
even though they cover limited area and decline with time,
are also preferred by fire which may be due to pastoral fires.
On the contrary, broadleaved, coniferous, and mixed forest
are avoided by fire, especially after the change in fire man-
agement policy.

Further ongoing exploitation of the fire GIS database in
conjunction with WUI characteristics will likely further im-
prove our understanding on the driving forces of BA and the
impacts of firefighting strategies in the region.
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Abstract 

Knowledge about fire ignition causes and their spatiotemporal patterns can greatly enhance the efficiency of fire 

management and fire strategies. In France, the majority of forest fire research is based on a 2x2 km gridded database 

that provides amongst other information, the cause of fire ignition. According to the same database however, 

approximately 70% of all fires between 1973 and 2020 were recorded without a cause of ignition. Therefore, information 

on fire causes for a very large part of the fires that were recorded in the last 50 years is not taken into consideration and 

can potentially provide significant evidence on fire ignition patterns. As arson fires are of particular interest in 

southeastern France since they are the most frequent and account for the largest volume of burned area, this study aimed 

to exploit a fire ignition point geodatabase and machine learning methodologies, to create and evaluate a model that can 

identify whether unknown caused fires can be classified as arson or non-arson fires, based on numerous environmental 

and anthropogenic factors. The results of the study suggest that cause identification can be adequately accurate using 

such a model, although a larger fire database would increase overall performance. 

 

 

1. Introduction 

Fire ignition patterns can vary significantly both temporally and spatially depending on the cause of ignition 

(Curt et al., 2016) and can be impacted by a plethora of environmental and anthropogenic drivers (Catry et al., 

2009; Syphard et al., 2008; Syphard and Keeley, 2015). Some studies have demonstrated that arson fires can 

potentially be predicted both spatially and temporally (Gonzalez-Olabarria et al., 2012; Penman et al., 2013). In 

SE France, arson (particularly pyromania and conflict/interest) is the most frequent ignition cause for large fires 

(100>ha) (Ganteaume and Jappiot, 2013). Recording fire causes and studying their spatiotemporal patterns is 

important for establishing useful fire policies (Rodrigues et al., 2014) since a better understanding can enhance 

the efficacy of fire prevention measures (Oliveira et al., 2012). In France according to the national fire database 

(Prométhée) that contains records of fire ignition causes, approximately 70% of all fires between 1973 and 2020 

were ignited by an unknown cause. The percentage of non-identified causes is high, and it is an additional 

constraint to the already limited research conducted on fire ignition causes. As in many other disciplines, 

applications of machine learning methodologies have seen a significant increase in wildfire science over the 

past years (Jain et al., 2020). Thus, this study aims to examine whether a fire ignition point dataset coupled with 

machine learning methods can be used to identify the source (arson or non-arson) of unknown caused fires and 

evaluate the importance of several environmental and anthropogenic factors in determining the ignition source. 

 

2. Data & Methodology 

2.1. Study area 

The study area covers the administrative department of “Bouches-du-Rhône”, which according to the official 

forest fire database in France (Prométhée), ranks second in terms of burned area and fire frequency in mainland 

France (Figure 1, Table 1). The department is characterized by gentle slopes and low to intermediate altitudes 

that increase when moving eastwards. Population density (388.8 people/km2) is higher in the eastern half of the 

department since that is where the second most populated city in France (Marseille) is found and because the 
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westernmost parts are covered by wetlands and a national park. Therefore, the westernmost section has a low 

potential for fire ignition and propagation but increases when moving towards the eastern half of the department.  

 

Figure 1 Departmental limits of Bouches-du-Rhônes overlaid on a 25 m Digital Elevation Model. 

 

Table 1 Environmental characteristics of Bouches-du-Rhône. 

Total area (km²) 3456 

Forested area (km²) 1530 

Mean slope (°) 8.8 

Median slope (°) 5.7 

Mean elevation (m) 142 

Median elevation (m) 89 

When considering only fires with a known cause, 63 % of the total burned area and approximately half (51 %) 

of all fire ignitions in the department are due to arson fires, according to Prométhée (Table 2). In addition, most 

of the large fires (>100 ha) in the study area are caused by arsonists (Figure 2). Even though negligence 

(professional & personal) is the second most frequent cause of fire ignition, it does not cause a proportionate 

volume of burned area. 

Table 2 Number of fires and volume of burned area per ignition cause from 1973 to 2020 in Bouches-du-Rhônes. 

Fire Ignitions 

(#) 

Percentage (%) Burned Area 

(ha) 

Percentage (%) Cause 

349 3.3 3,020 3.3 Accidental 

161 1.5 335 0.4 Natural 

1,034 9.7  5,223 5.7 Negligence 

1,556 14.7 14,493 15.7 Arson 

7,524 70.8 69,105 75 Unknown 

10,624 - 92,176 - Total 
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Figure 2 Number of fires per volume category of burned area (> 1ha) and ignition cause from 1973 to 2020. 

2.2. Data 

2.2.1. Fire database 

In France, the majority of forest fire research is based on Prométhée, the national database for forest fires. The 

specific fire database holds records of fires starting from 1973 and it includes information such as burned area, 

cause of ignition, date, and approximate location (within a 2x2 km grid) for each fire. In the current study, we 

used a geographic database that contains exact coordinates of fire ignitions that is provided by the National 

Forestry Office (Office National des Forêts, ONF), which to the best of our knowledge is the second time being 

utilized after Ganteaume and Long-Fournel, 2015. The dataset consists of 3,234 fire ignition points ranging 

from 1960 to 2012, which however does not contain information on the cause of ignition. To enrich the ONF 

point database with the cause of ignition, two additional databases were used (Figure 3). Information from the 

Prométhée database was firstly merged with a polygon fire geodatabase that is described in Bountzouklis et al., 

2022 and subsequently spatially joined with the point geodatabase resulting in a combined dataset that contains 

ignition coordinates, burn scars, and cause of ignition.  

 

Figure 3Flow chart depicting the processing steps to generate the final dataset. 

As earlier records on fire causes are considered less reliable (Ganteaume and Jappiot, 2013) only fires from 

1996 to 2012 were considered, resulting in 323 fires (Figure 4). it was deemed best to classify causes into two 

major categories, arson and non-arson, due to the limited recorded number of fires caused by accident, 

negligence and lightning strikes but also due to the significance of arson fires in the specific area. 
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Figure 4 Number of fires per cause and burned area size. 

2.2.2.  Explanatory variables 

Multiple environmental and socioeconomic factors (Table 3 & Figure 5) that are known to be associated with 

forest fires, were acquired by a combination of European and national databases, in order to train a model that 

can identify the ignition cause of a fire. To account for any potential geometric errors of the ignition points and 

more importantly to include contextual geographic information, a circular buffer zone (500 m) was created 

around each fire ignition point to extract relative information. 

Table 3 List of environmental, anthropogenic and spatiotemporal variables considered. 

Type Name Description Source 

Land Cover 

Artificial surfaces 

Percentage of cover within each 

zone 

Corine Land Cover - 

2006 

Agriculture 

Vegetation 

Water/ Wetlands 

Topographic 

Slope inclination Mean inclination (o) 

National Geographic 

Institute - 5 m spatial 

resolution 

Slope aspect 
Percentage of cover within each 

zone (Flat, N, E, S, W) 

Elevation 
Mean elevation (m) above sea 

level 

Topographic wetness index 
Topographic-driven control on 

soil moisture 

Vegetation type 

Coniferous 

Percentage of cover within each 

zone 

National Geographic 

Institute - 2006 

Coppice 

Hardwood 

Open Forest 

Shrublands 

Anthropogenic 

Population density Individuals per sq. m. National Institute of 

Statistics and 

Economic Studies - 

Sub-municipal level - 

2006 

Gini index Inequality index 

Income Mean taxable income (€) 

Unemployment Unemployment rate (%) 

Primary road distance 

Euclidean distance 

from fire location (m) 
National Geographic 

Institute - 2008 

Secondary road distance 

Power pylons distance 

Railway distance 

Wildland Urban Interface 

distance 

House density Buildings per sq. m. 

Spatiotemporal 

characteristics 

Season Winter, spring, summer, autumn 

Fire database Burned area size 
<1 ha, 1-2 ha, 1-2 ha, 2-5 ha, 5-

25 ha, >25 ha 

Coordinates XY coordinates of each fire 
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Figure 5 Kendall's Tau rank correlation coefficient heatmap of explanatory variables. 

2.3. Methods 

The analysis of the data is based on Random Forests (Breiman, 2001), a well-established machine learning 

algorithm in many disciplines but also in wildfire science (Jain et al., 2020). In order to train the model, 70% of 

the original dataset was utilized, while the remaining 30% was used for testing the accuracy in predicting the 

cause of a fire. Due to the limited number of observations, the process of splitting the data (using the same ratio) 

and executing the model was iterated (n=300) to have a more consistent perception of the accuracy of the model. 

Additionally, the processing chain included tuning the algorithm’s hyperparameters as well as calculating the 

feature importance score for all variables. Feature importance was based on the Gini impurity method which 

can be used as a diagnostic which contributes to understanding which variables are driving the results of a model 

and which ones can be discarded. 

 

3. Results 

The accuracy of the model is illustrated in the form of a boxplot (Figure 6) that represents accuracy scores from 

all iterations of the model. The accuracy of the model to classify unknown caused fires can vary substantially 

ranging from 56% to 76% (median value 67%), due to the small size of the dataset. 

 

Figure 6 Boxplot representing Random Forest’s 

classification accuracy for all iterations (n=300). (i) Bar 

within the box is the median value, (ii) bottom part of 

the box is the first quartile, and (iii) top part of the box 

is the third quartile. Whiskers represent observations 

outside the middle 50 % and points represent outliers. 
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Figure 7 shows the importance values of each explanatory variable used in the model. Overall, anthropogenic 

features (in blue) appear to surpass in importance the rest. Moreover, topographic factors (in brown) seem to be 

more important than land cover and vegetation type while spatiotemporal variables except for XY coordinates 

hold the lowest importance. More specifically, Secondary road distance, Shrublands and Unemployment rate 

are the three variables displaying the highest importance. Finally, several variables mainly related to 

spatiotemporal characteristics and others such as certain vegetation types (Hardwood & Coppice) as well as 

Water can be excluded to decrease model complexity and execution time. 

 

Figure 7 Distribution of the variable importance values for all iterations (n=300). 

 

4. Conclusion 

The results of the study suggest that the source of unknown caused fires can be identified at an acceptable level 

of accuracy even with a limited number of fires. Anthropogenic drivers such as distance to secondary roads and 

unemployment rate, along with higher volumes of shrublands around ignition points are the most important 

features in determining the classification of unknown caused fires for the specific area.  

Overall performance of such models would most likely greatly benefit from the exploitation of larger datasets 

as well as from the inclusion of weather-related variables. Finally, as location holds particular importance over 

certain fire causes, spatial extensions of machine learning algorithms such as Geographic random forests 
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(Georganos et al., 2021) and Geographically weighted neural networks (Hagenauer and Helbich, 2022) could 

provide significant enhancements over the original algorithms.  
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Abstract
The percentage of wildfires that are ignited by an undetermined origin is substantial in Europe and
Mediterranean France. Forest fire experts have recognized the significance of fires with an
unknown ignition source since documentation and research of fire causes are important for
creating appropriate fire policies and prevention strategies. The use of machine learning in wildfire
science has increased considerably and is driven by the increasing availability of large and
high-quality datasets. However, the absence of comprehensive fire-cause data hinders the utility of
existing fire databases. This study trains and applies a machine-learning based model to classify the
cause of fire ignition based on several environmental and anthropogenic features in Southern
France using an eXplainable Artificial Intelligence framework. The results demonstrate that the
source of unknown caused wildfires can be predicted at various levels of accuracy/natural fires have
the highest accuracy (F1-score 0.87) compared to human-caused fires such as accidental (F1-score
0.74) and arson (F1-score 0.64). Factors related to spatiotemporal properties as well as topographic
characteristics are considered the most important features in determining the classification of
unknown caused fires for the specific area.

1. Introduction

In Europe, approximately 50% of all fires were caused
by an unknownorigin based on data reported from19
European countries in the European Forest Fire Data-
base from 1999 to 2016 (De Rigo et al 2017). InMedi-
terranean France, almost 70% of all fires between
1973 and 2020 were recorded without a cause of igni-
tion according to the forest fire database for theMedi-
terranean area (Prométhée.com).Many experts in the
field of fire management in Europe have acknow-
ledged the importance of fires classified as having
an undetermined origin (Tedim et al 2022), since
the lack of information regarding fire causes makes
it difficult for fire managers to determine the most
suitable course of action to prevent similar incidents
from happening in the future. French fire experts,
in particular, have identified fires of unknown ori-
gin as being of paramount importance (Tedim et al

2022) among the various categories of fires: natural,
accident, negligence, deliberate, and rekindle of the
harmonized classification scheme of fire causes in
Europe (Camia et al 2013). In southeastern France,
Ganteaume and Guerra (2018) highlighted the fact
that large areas are burned by fires of undetermined
sources, and they argue for enhanced quality and
quantity of investigations into fire ignition causes in
order to improve the accuracy of fire databases. Fire
ignition patterns can vary significantly both tempor-
ally and spatially depending on the cause of ignition
(Curt et al 2016) and can be impacted by a plethora of
environmental and anthropogenic drivers (Syphard
et al 2008, Catry et al 2009, Syphard and Keeley
2015). As such, documentation and research of fire
causes and their spatiotemporal patterns are essential
for establishing meaningful fire policies (Rodrigues
et al 2014) since a better understanding of these
patterns can improve the efficacy of fire prevention
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strategies (Oliveira et al 2012). However, the absence
of comprehensive fire-cause data hampers the utility
of these databases.

Similar to other areas of study, the utilization
of machine learning (ML) methodologies in wild-
fire science has seen a marked increase in popular-
ity in recent years (Jain et al 2020, Bot and Borges
2022) Applications of ML in wildfire science include
classifying and mapping fuel properties (Riley et al
2014) and quantities (López-Serrano et al 2016) as
input variables in fire behavior models; fire and
smoke detection (Zhao et al 2018, Ba et al 2019)
for rapid firefighting response; active or final burned
area and severity mapping based on remote sensing
data for suppression planning and damage assess-
ment (Pereira et al 2017, Collins et al 2018, Ban
et al 2020); forecasting of fire weather variables (Bates
et al 2017, Lagerquist et al 2017); prediction of fire
occurrence (Dutta et al 2016, Vecín-Arias et al 2016),
fire spread/growth rates (Chetehouna et al 2015) and
burned area (Mayr et al 2018, Hodges and Lattimer
2019) formore effective dissemination of suppression
assets; modeling and mapping of fire risk based on
various environmental and anthropogenic variables,
to identify potential drivers of fire ignition and/or
burned area (Curt et al 2016, Ghorbanzadeh et al
2019, Molina et al 2019).

WhileMLmodels have demonstrated great effect-
iveness at identifying complex patterns in large data-
sets, some are considered ‘black boxes’ because it can
be difficult to understand how the model arrives at
its predictions or how certain patterns were identi-
fied (Loyola-Gonzalez 2019). This lack of interpretab-
ility can be a barrier to adoption, as it may be difficult
for stakeholders to trust such models without under-
standing the complete algorithm inference pattern.
In recent years, eXplainable Artificial Intelligence
(XAI)/interpretable machine learning has emerged
as an approach that employs various techniques and
strategies to enhance the interpretability, transpar-
ency, and explainability of ML models and their
decision-making processes with the ultimate goal of
fostering trust and accountability in the model’s out-
put. In the context of wildfire science, the application
of XAI has been explored by only two recent studies to
address wildfire occurrence and size (Al-Bashiti and
Naser 2022, Cilli et al 2022).

Research conducted on fire ignition causes is fairly
limited and poorly understood, but some studies
have demonstrated that arson fires can potentially be
predicted both spatially and temporally (Gonzalez-
Olabarria et al 2012, Penman et al 2013). The object-
ive of this study is to develop a ML-based model that
can classify the ignition source of fires that have been
recorded without a known cause in France. Further-
more, this study aims to evaluate the significance and
the effect of various environmental and anthropo-
genic factors in determining the classification of dif-
ferent fire sources utilizing XAI methods.

2. Method

2.1. Study area
The study area comprises 15 administrative divisions
(departments) in the south of France, with a total
area of just over 80 000 km2 (table 1, figure 1). The
specific region is considered the most fire-prone in
France and where most of the burned area is recor-
ded, despite exhibiting decreasing trends in the last
decades (Bountzouklis et al 2022). Environmental
characteristics and landscapes vary significantly with
bothmountainous and coastal zones contained in the
study area; the highest altitudes and steepest slopes
are found in the northeastern parts where the French
Alps are located (e.g. Hautes-Alpes, Alpes-de-Haute-
Provence) whereas in the southern portions topo-
graphy is low-lying and relatively flat (e.g. Bouches-
du-Rhône, Hérault). Population density is influenced
by topography: the highest concentrations are located
in areas with low altitudes and gentle slopes, espe-
cially in the southeastern Mediterranean coastal and
near coastal zones (e.g. Bouches-du-Rhône, Alpes-
Maritimes). The French Alps and the island of Cor-
sica are largely covered by forests & semi-natural areas
whereas the largest agricultural areas are concentrated
mainly in the center of the study area.

2.2. Fire database
The current study was based on ‘Prométhée’, the
official forest fire database for Mediterranean area
in France. This database documents fires from 1973
onwards and contains information for each fire
such as burned area, ignition source (known/un-
known), time, date, and location within a 2 × 2 km
grid. Similar to the harmonized European classific-
ation scheme on ignition causes (Camia et al 2013),
‘Prométhée’ includes five major fire ignition sources:
(i) accidental (e.g. power lines, vehicles), (ii) arson
(e.g. pyromania, conflict), (iii) private negligence
(e.g. cigarette butts, leisure), (iv) professional negli-
gence (e.g. industry, agriculture) and (v) lightning.
The total number of fires considered in our study
is 48 038; these were recorded from 1997 to 2020.
Fire records prior to 1997 were excluded from this
study since classification on the origin of fires is con-
sidered less reliable (Ganteaume and Jappiot 2013).
The dataset comprised of records starting in 1997 is
fairly balanced with regards to the number of fires of
known/unknown sources as approximately 60% have
a known cause of ignition. Within the known causes
(n = 27 620) frequency varies considerably; arson is
the most frequent (38.4%), followed by private negli-
gence (26.7%), professional negligence (17.2%), acci-
dental (10.1%) and finally lightning (7.6%) (figure 2).

2.2.1. Fire frequency& burned area according to cause
After unknown causes, arson fires are both the most
numerous and account for the greatest annual burned
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Table 1. Physical and human characteristics of the administrative divisions within the study area based on data from.

Administrative division
Areaa

(km2)
Mean

elevationa (m)
Mean slopea

(o)

Population
densityc

(people/km2)

Artificial
surfacesb

(%)
Agricultural
areasb (%)

Forests &
semi-natural
areasb (%)

Alpes-de-Haute-Provence 6995 1150 15.5 23.7 1.1 19.2 79.7
Hautes-Alpes 5691 1665 20.6 24.8 1.3 15.2 83.5
Alpes-Maritimes 4294 1110 20.3 257.0 8.9 4.5 86.6
Corse-du-Sud 4019 536 15.3 40.4 2.2 11.1 86.7
Haute-Corse 4707 592 16.2 39.8 1.9 12.4 85.6
Ardèche 5566 596 11.1 59.4 2.7 28.1 69.3
Aude 6344 359 7.4 59.9 2.8 48.4 48.7
Bouches-du-Rhône 5091 142 3.7 405.1 15.7 42.2 42.1
Drôme 6559 581 11.1 80.0 3.4 41.1 55.5
Gard 5875 248 6.2 128.2 6.5 40.3 53.2
Hérault 6230 264 6.5 195.5 7.2 41.5 51.3
Lozère 5176 1025 9.3 14.8 0.7 25.5 73.8
Pyrénées-Orientales 4139 855 12.6 117.3 5.2 27.5 67.3
Var 6032 364 7.8 181.6 9.2 20.9 69.9
Vaucluse 3578 339 5.6 157.3 6.8 53.8 39.4
a French National Institute of Geographic (IGN).
b Corine Land Cover (2018).
c National Institute of Statistics and Economic Studies (INSEE).

Figure 1. Location map illustrating the administrative division limits of the study area.

area most years (figures 3(a) and (b)). This is fol-
lowed by private negligence, which, even though is the
second most frequent fire source, it does not cause a
proportionate extent of burned area. Despite similar
numbers of accidental and lightning fires, the annual
percentage of area burned by accidental fires is often

significantly greater than that burned by lightning
fires and occasionally greater than the other causes.
Lastly, although the percentage of burned areas by
unknown origin fires is substantial most years, fre-
quently second after arson, it fluctuates widely from
5% to 49% depending on the year.

3



Environ. Res. Lett. 18 (2023) 044038 C Bountzouklis et al

Figure 2. Number of fires per cause in the study area (1997–2020).

Figure 3. Percentage of (a) burned area and (b) fire ignitions according to cause and year.

2.3. Considered features
Table 2 describes the land cover, topographic, anthro-
pogenic, and spatiotemporal variables that were used
as features to predict the fire ignition source. The
contextual geographic information of the selected

factors was processed for each 2 × 2 km grid initially
in ArcGIS Pro v2.9 and subsequently using python
packages pandas (McKinney 2010) and NumPy
(Harris et al 2020) to preprocess the data for the classi-
fication scheme (e.g. replace missing values, one-hot
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Table 2. List of features used to model the occurrence of forest fires.

Type Name Description Source

Land cover Artificial surfaces Percentage of cover within
each grid

Corine Land Cover—2006
(Raster—100 m spatial resolution)Agriculture

Forest
Low vegetation
(e.g. shrublands)
Water
Wetlands

Topographic Elevation Mean elevation (m) above
sea level

National Geographic Institute
(Raster—100 m spatial resolution)

Slope aspect Percentage of cover within
each zone (North, East,
South, West)

Topographic
wetness index
(TWI)

Topographic-driven control
on soil moisture

Topographic
ruggedness index
(TRI)

Amount of elevation
difference between adjacent
cells of a DEM (Riley et al
1999)

Anthropogenic Population density Number of individuals/area National Institute of Statistics
and Economic
Studies—Sub-municipal
level—2006—(Tabular)

Gini index Inequality index
Income Mean taxable income (€)
Unemployment Unemployment rate (%)
Primary road
density

Total line length/area National Geographic
Institute—2008 (Vector)

Secondary road
density
Powerline density
Railway density

Spatiotemporal Season Winter (Dec–Feb), spring
(Mar–May), summer
(Jun–Aug), autumn
(Sep–Nov)

Fire database ‘Prométhée’

Burned area size <0.1 ha, 0.1–0.5 ha,
0.6–1 ha, 2–5 ha, 1–25 ha,
>25 ha

Coordinates XY centroid coordinates
Time of the day Morning (5:00–12:00),

afternoon (12:00–17:00),
evening (17:00–21:00),
night (21:00–5:00)

encoding, etc) and finally for visualization purposes
seaborn (Waskom 2021).

2.4. Fire cause classification based on random
forests (RFs)
ML methodologies learn and adapt through the pro-
cess of experience, where the size and quality of the
input data play a critical role in determining the over-
all effectiveness of the model. RFs (see e.g. Breiman
2001) is a supervised ML algorithm used both for
classification and regression that is well-established in
many disciplines and has grown substantially in pop-
ularity in the field of wildfire science over the last dec-
ade (Jain et al 2020). RF is based on decision trees
(Breiman et al 2017), where each decision tree is a
series of If-Then-Else sequences with several branches
connected by decision nodes and finally by leaf nodes

that eventually determine a value or category such as
the label of a classification task (figure 4). Further-
more, a fundamental characteristic of RF is that a ran-
dom subset of features is used at each node of each
decision tree, resulting in several individually trained
and uncorrelated decision trees, and these are finally
merged into a larger ensemble model to limit overfit-
ting and produce more accurate predictions.

The processing chain of RF (classification, accur-
acy score, confusion matrix, hyperparameter tun-
ing, etc) was carried out using the implementation
of the algorithm in Python module Scikit-Learn
(Pedregosa et al 2011) (figure 5). To address the
unbalanced number of samples between classes,
the Synthetic Minority Oversampling Technique
(SMOTE) (Chawla et al 2002) was used, which is
implemented under Python package scikit-learn
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Figure 4. Random forests diagram.

Figure 5. Flow chart depicting the processing chain used to classify fire causes.

imbalanced-learn (Lemaitre et al 2017). SMOTE is
a common method to produce synthetic data from a
minority class (e.g. lightning ignitions) by randomly
selecting one of the k-nearest-neighbors and using
it to generate new, but randomly tweaked, similar
samples. To train the classifier, 70% of the dataset
was utilized, while the remaining 30% was used for
testing the accuracy in predicting the cause of a fire.
The synthetic samples created using SMOTE were
utilized only during the training phase and not for

the validation of themodel. To finetune the algorithm
hyperparameters such as number of trees, max num-
ber of features considered for splitting a node, max
levels in each decision tree etc, scikit-learn Ran-
dom Search Cross Validation method was used; this
allowed us to evaluate and narrow down a wide range
of values for each hyperparameter. Subsequently, the
Grid Search with Cross Validation method was used
to examine different combinations of specific values
for the selected hyperparameters.
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To evaluate the model, accuracy, precision, recall
and F1-score were used; these are commonly used as
evaluation metrics for classifiers in the field of ML,
which are calculated using the number of instances
classified as true positives (TP), true negatives (TN),
false positives (FP) or false negatives (FN). Accur-
acy is determined by dividing the number of correct
predictions by the total number of instances. Preci-
sion specifies how many of the instances the classi-
fier predicted as positive are actually positive while
recall shows what fraction of the positive instances
in the dataset were correctly identified by the classi-
fier. F1-score serves as a comprehensive measure of
both precision and recall. A F1-score of 1 denotes
optimal performance, with both precision and recall
being maximized. Conversely, a score of 0 represents
the worst possible outcome, with both precision and
recall being minimal. A score of 0.5, which is equival-
ent to random guessing, is suboptimal performance,
whereas scores above 0.5 are generally considered to
indicate good performance,

Accuracy=
TP+TN

Total number of instances
(1)

Precision= TP/(TP+ FP) (2)

Recall= TP/(TP+ FN) (3)

F1score=2× (Precision×Recall)/

(Precision+Recall) . (4)

To identify which features are driving the classi-
fication but also to comprehend the contribution of
each one, the SHapley Additive exPlanations (SHAPs)
(Lundberg and Lee 2017) method was utilized. SHAP
is an approach based on game theory that is used
to explain the ML model outputs by breaking down
the prediction into contributions from each feature
value. These contributions are combined and help
us understand the overall importance of each feature
value in the final prediction. SHAP values can be visu-
alized using various plots, such as a summary plot,
that allow us to display not only the strength of the
impact a certain feature has but also the direction of
the impact.

3. Results

As elaborated below, the results derived from the RF
model are presented through classification metrics
and a confusionmatrix, subsequently followed by the
description of which features drive the classification
and how they influence it.

3.1. Fire ignition cause classification
The overall accuracy of the multiclass RF classific-
ation scheme reaches about 70% (69.8%). Detailed
results per ignition cause are presented in table 3 and
evaluated using (i) F1-score, (ii) precision and (iii)
recall. Concerning the accidental class, the model dis-
plays the second highest F1-score (0.77) and a mod-
erate discrepancy between and precision (0.81) and
recall (0.74). This indicates that the model is able
to correctly identify most of the instances as acci-
dental when it predicts that class, but it misses more
instances that actually belong to that cause. Regard-
ing the arson class, the model shows a lower F1-score
of 0.64 and not very accurate in terms of precision
(0.60), meaning that it may predict some instances as
arson that actually belong to a different class. How-
ever, the model performs better when it comes to
identifying most of the instances that belong to the
arson class (recall score 0.69). The lightning class dis-
plays overall the best classification metrics (F1-score
of 0.88). The precision score (0.85) is fairly lower than
the recall score (0.91), suggesting that lightning fires
are easier for the model to identify and are not con-
fused with another class. On the contrary, the model
performs the worst for the private negligence class,
with a F1-score of 0.55. In this class, the precision
score (0.59) is higher than the recall score (0.52),
which suggests that the classifier has a higher rate
of correctly identifying positive samples but is miss-
ing a higher proportion of the total number of posit-
ive samples. Finally, the professional negligence class
exhibits relatively low but balanced scores between
precision (0.67) and recall (0.63).

The confusion matrix (figure 6) provides addi-
tional information with regards to the performance
of the classification of ignition causes. More specific-
ally, accidental fires are most frequently misclassified
as arson ones. There is a high number (n = 159) of
arson fires that are wrongly classified as private negli-
gence, and similarly, there are 266 private negligence
fires that are misclassified as arson. This could mean
that there are similarities between the causes of these
fires, or that the model may not have enough inform-
ation to accurately distinguish between these classes.
As the most accurately predicted cause, lightning dis-
plays low misclassification numbers, which are dis-
tributed evenly among the other classes. In contrast,
private negligence, that is a major negative contrib-
utor to the overall classification accuracy, shares its
errors primarily between professional negligence and
arson classes. Finally, professional negligence fires are
also often confused for either arson or private negli-
gence fires.

3.2. Feature importance and effect
Figure 7 illustrates the computed feature importance
of the RF model for all classes, which is expressed
throughmean SHAP values that represent the average
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Table 3. Classification metrics per ignition cause.

Ignition cause Precision Recall F1-score Accuracy

Accidental 0.81 0.74 0.77 69.8%
Arson 0.60 0.69 0.64
Lightning 0.85 0.91 0.88
Private negligence 0.59 0.52 0.55
Professional negligence 0.64 0.68 0.65

Figure 6. Confusion matrix.

impact of a feature on the model output across all
the instances in the dataset. Overall, feature import-
ance values vary significantly both per feature type
and ignition cause. The features summer, elevation
and afternoon form a group that stands out signi-
ficantly from the rest, followed by a second cluster
with slightly less impactful features such as spring,
geographic coordinates, BA <0.1 ha and secondary
road density.

In the context of accidental fires, several features
demonstrate comparable significance, with after-
noon, elevation, summer, and primary road density
being slightly more salient than other variables. Sim-
ilarly, the relevance of features for arson fires is widely
distributed, with spatiotemporal characteristics such
as summer, night, and location being the most prom-
inent factors. Regarding fires caused by lightning,
summer and elevation are by far the most impact-
ful variables followed by secondary road density. In

the case of private negligence, summer exhibits the
highest level of importance, although this distinction
is not substantially greater than that of other vari-
ables, such as afternoon, spring, and secondary road
density. Finally, with respect to professional negli-
gence, summer represents the most influential factor
by a significant margin, with only burned area (BA)
size (<0.1 ha) showing discernible differences from
other variables.

Figure 8 depicts the most influential (n= 10) fea-
tures for each class of the model in descending order.
Furthermore, the impact of each feature on the igni-
tion cause is also illustrated through the positive or
negative SHAP values. These values indicate whether
an instance is more or less likely to belong to a partic-
ular class depending on the magnitude of the feature
values. For example, instances with lower elevation
values are more likely to be classified as an accidental
or arson ignition, and less likely to be categorized as
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Figure 7. Feature importance (mean SHAP values) for all classes.

a lighting fire. Similarly, a fire that occurred during
the summer is more likely to belong to the arson or
lightning class, but less probable to be classified into
the other categories.

4. Discussion

The performance of the RF classifier varies consid-
erably between natural and human-induced fires.
Lightning fires were classified with the highest

accuracy since ignition dynamics for these fires are
significantly different from human-caused fires. As
reported by Curt et al (2016), lightning fires tend
to have small burned areas, occur on steep, densely
vegetated, mountainous slopes with low anthropo-
genic presence; seasonality also plays a significant role
in the incidence of those fires (summer). This partic-
ular profile, which aligns with the interpretation of
features effects through the SHAP values, enables the
classifier to distinguish it from other causes more
clearly.
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Figure 8. Importance and effect of the most influential variables (n= 10) for each ignition cause. The color of each dot represents
the feature value and its position along the row represents the SHAP value for a given feature and instance. Positive values (right
of the center line) indicate higher probability of belonging to a specific class, while negative values (left of the center line) indicate
lower probability of belonging to a specific class.

In contrast to natural fires, human-caused igni-
tions are multi-faceted and more complex to model.
Accidental fires are the least difficult human induced
events to classify in our model, potentially attributed
to the greater association of such fires with infra-
structure elements such as power lines and railways
in contrast to other forms of anthropogenic causes.
The most challenging cause to classify is private neg-
ligence, which is most often misclassified as arson
and vice versa. Both arson and private negligence
fires often occur in similar contexts, specifically the
wildland urban interface. The similarity in environ-
mental contexts and conditions between these types

of fires may make it difficult to distinguish between
the two causes. However, this may also reflect a prob-
lem of reliability in the fire databases (Ganteaume
and Guerra 2018): in order to reduce the number of
unknown caused fires the cause is either speculated or
attributedwithoutmuch physical evidence to support
it (Camia et al 2013). Professional negligence fires are
also confused, but to a lesser extent, with private neg-
ligence. Both causes share common characteristics,
as they tend to burn small/medium areas and occur
mainly outside of the summer season (Curt et al 2016)
which is reflected in the significance and impact those
features hold in the SHAP framework.
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Socioeconomic data used in our model only per-
tains to a single year. While this approach may
have its advantages, such as simplifying data col-
lection and analysis, it can also potentially under-
value the importance of socioeconomic features by
not capturing their temporal fluctuations, especially
considering that most fires in France but also in
the Euro-Mediterranean (95%) region are caused
by humans (Ganteaume et al 2013, Ganteaume and
Jappiot 2013). Factors such as population density,
unemployment rate, etc represent dynamic phenom-
ena that can change considerably over time in con-
trast to static variables such as topography or even to
other dynamic variables as, for instance, land cover.
The addition of geographic coordinates in our work-
flow not only partly tackles spatial non-stationarity,
as the decision trees of the model in a way incor-
porate geographic space during their creation, but
also enhances the results which is in accordance with
other works that utilize ML algorithms for applic-
ations of spatial nature (Hengl et al 2018). Spatial
approaches of ML algorithms such as Geographic
Random Forests (Georganos et al 2021) and Geo-
graphically Weighted Neural Networks (Hagenauer
and Helbich 2022) would be advantageous for such
applications considering the significance of spatial
location and its strong links with different fire igni-
tion causes.

As a first attempt, the current study utilized only
the first-level causes (5 categories) available from the
hierarchical structure of the ‘Promethee’ fire data-
base, which also includes second-level (15 categor-
ies) and third-level (31 categories) causes. Applying
a similar procedure on selected sub level data could
possibly improve functionality and understanding of
ignition sources and their performance within the
classification scheme. However, this would increase
the complexity of the model and may negatively
impact overall accuracy. Finally, the inclusion of
fuel type characteristics and fire-weather variables
can potentially strengthen and facilitate the distinc-
tion between different fire causes; for instance, arson
fires burn larger areas (Ganteaume and Jappiot 2013,
Syphard and Keeley 2015) and this may indicate these
fires are set undermore favorable weather conditions.

The practicality of this model is not intended for
operational use or as a substitute method to conven-
tional field investigationmethods as it cannot provide
physical evidence for the proper deduction of the
cause of a forest fire. Instead, it is targeted as amethod
to analyze large-scale fire databases that contain a
moderate percentage of unknown caused fires. The
ideal balance would be neither too low, as insufficient
data would result in a restricted training dataset, nor
too high, as that would render the model less use-
ful. Despite the limitations in identifying causes of
unknown ignitions, the results can help to facilitate

targeted prevention efforts (Oliveira et al 2012).
Moreover, the benefits of harmonized classification
systems, such as the one proposed by the European
Commission (Camia et al 2013) are emphasized. By
utilizing such schemes, ML models can significantly
benefit from increased harmonized data availability,
provided that the data’s reliability stays at an adequate
level. This allows for the combination of historical
national fire databases, leading to the development
of larger databases with enhanced modeling poten-
tial. Other standardized georeferenced data initiatives
in Europe (e.g. the European INSPIRE Directive, the
European Geodata Infrastructure, etc) which aim to
establish a common framework for the management
and sharing of geospatial data across Europe are going
in this direction.

ML algorithms have become increasingly popu-
lar in fire science (Jain et al 2020). These algorithms
can help identify complex relationships between vari-
ous factors that contribute to fire occurrences. How-
ever, the success of these algorithms relies heav-
ily on the availability of large, high-quality datasets.
As fire science continues to advance, access to lar-
ger and more comprehensive datasets is becoming
increasingly common. This includes georeferenced
explanatory feature data which provides important
contextual information that can be used to better
understand the underlying causes of fires. As these
datasets continue to grow in size and quality, ML
algorithms will become even more powerful tools for
analyzing fire occurrences and fire causes.

5. Conclusion

In this study we train and apply a model to classify
fire ignition causes based on several environmental
and anthropogenic features using an XAI framework.
The results suggest that the source of unknown caused
fires can be identified at various levels of accuracy
depending on the nature the forest fire (e.g. F1-score
lightning 0.87, accidental 0.74, arson 0.64). Spati-
otemporal characteristics including geographic loc-
ation, season, time of the day but also topographic
factors like elevation are the most important features
in determining the classification of unknown caused
fires for the specific area and fire regime studied here.
The role of spatial non-stationarity is highlighted
through the importance it holds in our processing
framework and should be treated by implement-
ing models that utilize spatial approaches of ML
algorithms, which are expected to have increased
accuracy over the original ones. The increasing avail-
ability of large, high-quality datasets is an important
factor driving the growth of ML algorithms in wild-
fire science and will likely play a critical role in advan-
cing our understanding of fire causes in the coming
years.
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1. Introduction:
Forest fires in the Euro-Mediterranean zone burn close to 500,000 ha per year. Many of these fires occur in the Wildland Urban Interface (WUI) (Fig. 1) where wildfires pose a 
serious threat to people and houses. The objective of this study was to quantify temporal changes in environmental factors influencing the spatial distribution of burned area in 
3 departments (06, 13, 83) of the SUD-PACA region since 1970.

Fig. 1: Example of Wildland Urban 
Interface (WUI).

2. Methods:
A burned area polygon database accounting for 3,382 fires and a total burned area of 296,820 ha was obtained from the National Forestry Service (ONF) for 
fires between 1970 and 2019. Fire contour precision improved with time as satellite imagery became available (Fig. 2).

Fig. 2: Burn scar contours 
became more refined with 
satellite imagery.

Fig. 4: 5 m Digital Elévation Model (DEM) for slope 
inclination and aspect.

Fig. 3: Corine Land Cover (CLC)  database for 
vegetation mapping.

Vegetation type was obtained from the Corine Land Cover (CLC) data base (Fig. 3), and slope 
inclination and aspect were extracted from a 5 m Digital Elevation Model (IGN) (Fig. 4).

Fig. 6: Annual burned area and number of fires, 1970-2019.

3. Results and Discussion:
Burned area is highly variable from one year to another, but big fire years tend to disappear 
after an improvement in fire prevention and suppression starting in the early 1990’s; only 
2003, the hottest/driest year on record stands out in the 1994-2019 time interval (Fig. 6).

As shown in Fig. 5, burn scar polygons were overlain 
on slope inclination and aspect to extract percentage 
burned area per slope and aspect categories. Burned 
forested area by vegetation type was also extracted in 
this way.

Data were calculated according to 25-year (1970-
1994, 1995-2019) and decadal time intervals.

Burned patch sizes shrunk in the second time interval (1995-2019) compared to the first (1970-1994) (Fig. 
7). Some persistent hotspots persevere through time in both the Bouches-du-Rhône and Var departments, 
though both their size and fire frequency diminished.

Fig. 7: Burned area frequency for the 1970-1994 (left) and 1995-2019 time intervals (right).

Slope Inclination
Absolute burned area is generally greater on intermediate slopes (Fig. 8 
top), and there’s a tendency for burned areas to shift towards gentler 
slopes inclinations after 1990-1999; this coincides with the shift to more 
effective fire repression and suppression strategies.
The relative burned area (percentage of slopes burned) is greatest for 
steeper slopes (>60%) as shown in Fig. 8, bottom; this, however, 
concerns very little burned area. Slope inclinations most susceptible to 
burning remain the intermediate categories of about 10-40%.

Fig. 8: Burned area per decade expressed as a percentage of total burned 
area per slope inclination category (sum of bars per decade=100%) (top) 
and as a percentage of slope category burned (bottom).

Topographic and vegetation results are plotted as the distribution of total burned area according to category (sum of all bars in a decade=100%) in top row of figures and as a percentage of the category found in the field 
(i.e.. Percentage of north-facing slopes burned, for example) in bottom row figures. These values are sensitive to total burned area, so bar height decreases after the big fire decades of 1970-1979 & 1980-1989.

Fig. 9: Burned area per decade expressed as a percentage of total burned area 
per slope aspect category (sum of bars per decade=100%) (top) and as a 
percentage of slope aspect burned (bottom).

Fig. 10: Burned area per decade expressed as a percentage of total burned area 
per vegetation category (sum of bars per decade=100%) (top) and as a 
percentage of vegetation category burned (bottom).

Slope Aspect
Absolute burned area is greater on South-facing slopes (Fig. 9 top). 
South-facing slopes are drier and have more houses/roads with greater 
fire ignition risk. In addition, the Sud-PACA region has greater South-
facing slope area than North-facing slopes.
Surprisingly, a greater percentage of North-facing slopes is burned than 
for South-facing slopes (Fig. 9 bottom). This unexpected can be linked to 
the direction of maximum wind speed, which is frequently from the 
North (Mistral winds).

Vegetation Type
Sclerophyllous vegetation (i.e.. Shrubland) has the greatest 
absolute burned area (Fig. 10 top). Shrublands are drier and 
allow greater wind speeds so fires propagate more quickly.
This finding is confirmed when burned area is expressed as a 
percentage of vegetation category area (Fig. 10 bottom). 

4. Conclusion
Burned area decreased sharply in the early 1990s when the SDIS firefighting service developed more efficient fire repression and suppression strategies after the catastrophic fires of the 1980s. Frequently burned patches 
diminished in both areal extent and fire frequency afterwards. Intermediate slopes are the most susceptible to burn, but the study reveals a shift to lower slope inclinations, and this may be due to the rapid suppression 
in the initial stages of the fire which thereby limits propagation to steeper slopes. Although fires are frequently found on South-facing slopes due to drier conditions and a greater potential for fire ignition, North-facing 
slopes have greater wind speeds and a greater proportion of these slopes are burned compared to South-facing slopes. Finally, shrublands are the most susceptible to wildfires. The next step is to use machine learning 
algorithms in conjunction with weather and land cover data to better predict forest fire risk in the future.
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Fig. 5: Workflow chart.



4. Conclusion:
The source of unknown caused fires can be identified at an acceptable level of accuracy even with a limited number of fires. Overall performance of such models would greatly benefit from the exploitation of larger
datasets as well as from the inclusion of weather-related variables. As location holds particular importance over certain fire causes, spatial extensions of ML algorithms such as Geographic random forests could potentially
provide significant enhancements over the original algorithm.

Fire source classification 
of unknown-caused fires based on Random Forests
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1. Introduction:
Approximately 70% of all fires between 1973 and 2020 were ignited by an unknown cause in France. Recording fire causes and studying their spatiotemporal patterns is important for establishing useful fire policies since
a better understanding can enhance the efficacy of fire prevention measures. This study examines whether machine-learning methods can be used to identify the origin (arson or non-arson) of unknown-caused fires and
evaluate the importance of several environmental and anthropogenic factors in determining the ignition source.

2. Study area:
The study area covers the administrative department of “Bouches-du-Rhône”, which ranks second in terms of burned area and fire frequency in mainland France (Fig. 1). 

Fig. 3: Number of fires per cause and burned area size.

3. Data & Methods:
A geographic database that contains exact coordinates of fire ignitions was utilized that is provided by the National Forestry Office. Due to the limited recorded number of fires (n=323) caused by accident, negligence and
lightning strikes (natural) but also due to the significance of arson fires in the area, fire sources were merged into two major categories, arson and non-arson (Fig. 3).

Fig. 4: Kendall's Tau rank correlation coefficient heatmap of explanatory variables.

Fig. 6: Distribution of the variable importance values for all iterations (n=300).
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framework of a bilateral agreement. This work has been supported by the French government, through the 3IA Côte d'Azur Investments and the Future project managed by the National Research Agency (ANR) with the
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Fig. 1: Fire ignition points within the Departmental limits of Bouches-du-Rhônes. Fig. 2: Number of fires per volume category of burned area (fires > 1ha) and ignition cause from 1973 to 2020.

3iA Chair: AI For Smart And Secure Territories
Territorial Security Through Environmental Risks Management

Fires caused by arson account for (Fig. 2):

➢63 % of the total burned area

➢51 % of all fire ignitions

➢60 % of large fires (>100 ha)

➢Multiple environmental and anthropogenic factors (Fig. 4) were used to train
a model that can identify the ignition source of a fire.

➢A circular buffer zone (500 m) was created around each fire ignition point to
extract the contextual geographic information.

➢Based on Random Forests, 70% of the dataset was utilized to train the
model, and 30% to test the accuracy in predicting the cause of a fire.

➢The process of splitting the data (keeping the same ratio) and executing the
model was iterated (n=300).

➢Feature importance scores were calculated using the Gini impurity method.

4. Results:
The accuracy of the model to classify unknown caused fires varies substantially ranging from 56% to 76% (median 67%), due to the small size of the dataset (n=323) (Fig. 5). 

Fig. 5: Boxplot representing Random Forest’s classification accuracy for all iterations (n=300).

➢Overall, anthropogenic features surpass in importance the rest (Fig. 6).

➢Topographic factors are more important than land cover and vegetation type while spatiotemporal
variables hold the lowest importance.

➢Secondary road distance, Shrublands and Unemployment rate displaying the highest importance.
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