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Fire occurrence, which results from the presence of an ignition source and the conditions for a fire to
spread, is an essential component of fire risk assessment. In this paper, we present and compare the
results of the application of two different methods to identify the main structural factors that explain
the likelihood of fire occurrence at European scale.

Data on the number of fires for the countries of the European Mediterranean region during the main
fire season (June–September) were obtained from the European Fire Database of the European Forest Fire
Information System. Fire density (number of fires/km2) was estimated based on interpolation techniques
and was used as the dependent variable in the model. As predictors, different physical, socio-economic
and demographic variables were selected based on their potential influence in fire occurrence and on
their availability at the European level. Two different methods were applied for the analysis: traditional
Multiple Linear Regression and Random Forest, the latter being a non-parametric alternative based on an
ensemble of classification and regression trees. The predictive ability of the two models, the variables
selected by each method and their level of importance were compared and the potential implications
to forest management and fire prevention were discussed.

The Random Forest model showed a higher predictive ability than Multiple Linear Regression. Further-
more, the analysis of the residuals also indicated a better performance of the Random Forest model,
showing that this method has potentiality to be applied in the assessment of fire-related phenomena
at a broad scale. Some of the variables selected are common to both models; precipitation and soil mois-
ture seem to influence fire occurrence to a large extent. Unemployment rate, livestock density and den-
sity of local roads were also found significant by both methods. Maps of the likelihood of fire occurrence
were obtained from each method at 10 km resolution, based on the selected variables. Both models show
that the spatial distribution of fire occurrence likelihood is highly variable in this region: highest fire like-
lihood is prevalent in the northwest region of the Iberian Peninsula and southern Italy, whereas it is low
in northern France, northeast Italy and north of Greece. In the most fire-prone areas, preventive measures
could be implemented, associated to the factors identified by both models.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

Forest fires are a major hazard in Mediterranean Europe, where
an average of ca. 45.000 fires occur per year (European Commis-
sion, 2011). The sustainable management of forests in Europe,
which occupy nearly half of Europe’s total area (FOREST EUROPE,
UNECE and FAO, 2011), requires the understanding of the factors
that influence fire occurrence and its environmental and socio-eco-
nomic consequences. The probability of a fire to occur results from
the joint combination of the existence of an ignition source and the
ll rights reserved.
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adequate conditions for the fire to spread. The conditions for fire to
occur can be assessed prior to the fire season taking into consider-
ation the structural factors which remain relatively stable during at
least one fire season (San-Miguel-Ayanz et al., 2003), such as
topography, climate and infrastructures (road density etc.), provid-
ing a long-term evaluation of the most fire-prone areas. The assess-
ment of the conditions for fire occurrence is fundamental to
understand the spatial and temporal distribution of fires as well
as their causes. Furthermore, fire occurrence is an essential compo-
nent of fire risk, according to the terminology that considers risk as
a combination of probability of occurrence and potential outcome
(e.g. Bachmann and Allgöwer, 2000; Chuvieco et al., 2010; Finney,
2005). From this point of view quantitative long-term fire risk
assessment is relevant for fire managers, since it supports forest
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fire prevention planning, the setting up of fire-fighting organiza-
tions and also the restoration of fire affected areas (e.g. San-Mig-
uel-Ayanz et al., 2003).

Previous studies have investigated the factors influencing long-
term fire occurrence, fire danger and risk in Europe, mainly at local
and regional level. For example, at a local scale, Amatulli et al.
(2006) applied classification and regression trees to assess long-
term fire risk in a particular area in the southeast of Italy. Martínez
et al. (2009) focused their research on the human factors of fire risk
in Spain based on structural variables such as unemployment rate,
average distance to roads and agrarian landscape patterns. At the
European scale, Sebastián-López et al. (2002) applied the fire po-
tential index (FPI), an integrated index which combines long-term
and short-term variables to assess fire danger, developed initially
by Burgan et al. (1998) for the USA. More recently, Sebastián-López
et al. (2008) presented a methodology to integrate socio-economic
and environmental variables to model long-term fire danger in
southern Europe, using stepwise regression. Koutsias et al. (2005,
2010) describe the results obtained with Geographically Weighted
Regression in Southern Europe, using structural human variables in
the model.

In this study, we present a novel approach to identify the factors
that influence fire occurrence at a broad scale and to model the
likelihood of fire occurrence, in the European Mediterranean region
(EUMed) where this phenomenon is recurrent. The assessment of
fire occurrence at this scale can provide guidance for the planning
and implementation of fire prevention measures, in particular the
design of forest management strategies adjusted to the conditions
of different ecosystems.

The proposed model considers physical and human variables.
Physical variables are assumed to reflect the intrinsic natural condi-
tions of the study area, while the importance of the human factors in
forest fire occurrence assessment and risk modelling in the EUMed
region is widely recognized (Catry et al., 2009; Chuvieco et al.,
2010; Koutsias et al., 2005; Leone et al., 2009; Martínez et al.,
2009; Chuvieco et al., 2003; Romero-Calcerrada et al., 2008, 2010;
Sebastián-López et al., 2008; Vilar et al., 2010). Two different statis-
tical methods were applied to model fire occurrence: Multiple Lin-
ear Regression (LR), a technique widely used in similar studies
(e.g. Sebastián-López et al., 2008; Syphard et al., 2008) and Random
Forest (RF), a non-parametric technique, which has been previously
used in ecological applications (Breiman, 2001; Cutler et al., 2007).
We investigated the potential applicability of the Random Forest
method in the assessment of fire occurrence by comparing the re-
sults obtained from both methods. The predictive ability of the mod-
els and the level of importance of the selected variables are
presented and discussed, focusing on the common variables in both
models and the identification of the factors that influence fire occur-
rence throughout Southern Europe. Maps of the likelihood of fire
occurrence in the EUMed region according to the presence of the se-
lected variables were also derived with each method.

2. Materials and methods

2.1. Dependent variable

Data on the number of fires were obtained from the European
Fire Database (Camia et al., 2010). The study area covered the five
European countries most affected by fire: Portugal, Spain, France,
Italy and Greece. The islands close to the mainland and with suffi-
cient fire records were also included (Corsica, in France and Sicily
and Sardinia, in Italy). We used a subset of the total dataset corre-
sponding to the data from 2000 until 2007 for the months between
June and September (here called the main fire season), which cor-
responds to the most recent and complete data available for all
these five countries that are harmonized in the database.
In the database, records for each individual fire event include
the date of the fire, the type of land cover burned, the burned-area
size and the administrative region where it occurred. In most cases,
the geographical location of each fire event is given as descriptive
information based on the administrative region, frequently at
NUTS3 level, which corresponds in most EU countries to the
administrative level of provinces. In recent years, geographical
coordinates have been added to the database; however this infor-
mation is incomplete and lacks harmonization between countries.
The number of geo-referenced fire events available is variable
among and within countries and corresponds so far to a small pro-
portion of the total number of fires. The location inaccuracy asso-
ciated with the fire records made it necessary to transform the
individual fire events into a continuous variable using kernel den-
sity methods. Previous authors (Allgower et al., 2005; Amatulli
et al., 2007; de la Riva et al., 2004; Koutsias et al., 2004) found that
these methods were suitable to estimate fire density. As a proxy of
fire ignition, fire density forms the dependent variable here.

The fire events with high-resolution geographical information
in the database were used for an exploratory analysis of fire distri-
bution, in order to find out the proportion of fires that fall into
Wildland and Non-Wildland areas inside each NUTS3 region. Wild-
land and Non-Wildland areas were defined based on Corine Land
Cover (CLC) (Table 1), the only database of land cover information
available for most European countries, thus comparable between
countries and regions. CLC classes were grouped into three catego-
ries, depending on the characteristics of the land cover types and
their potential influence on fire occurrence: Wildland, Non-Wild-
land and Excluded. Wildland areas were selected taking into ac-
count their potential influence in fire occurrence and spread
under a conservative approach. The excluded classes are those that
have a neglectable contribution to fire occurrence, either by ab-
sence of vegetation or due to their low flammability. Non-Wildland
areas include the other CLC classes whose conditions are not typi-
cally related to fire occurrence but where a proportion of the fires
can occur (or at least start) mainly due to human causes, such as
agricultural areas (e.g. Catry et al., 2009; Leone et al., 2009; Martí-
nez et al., 2009). The results showed that, in Greece, 72% of fires
started in Wildland and 28% started in Non-Wildland areas, while
in the other countries the proportions were 65% and 35%, respec-
tively. These shares were used to proportionally assign the fire
events to the Wildland and Non-Wildland areas of each NUTS3
and randomly distributing the resulting ignition points using GIS
tools.

Subsequently, fire density was calculated using kernel density
estimation methods. Since the spatial distribution of fires is highly
irregular (clustered), adaptive kernel density estimation was ap-
plied, with the bandwidth being defined on the basis of the kth
nearest-neighbour (KNN). This means that the size of the band-
width is defined according to the distance between each point
and its kth nearest-neighbour, thus varying with point concentra-
tion. The density is therefore calculated using a variable bandwidth
that depends on the KNN distance for each point. The software Cri-
meStat III� (Levine, 2007) was used to create single density sur-
faces, at 1 km resolution, using bandwidths from 2 to 30 KNN, for
each season in each year and per country. Afterwards, a calibration
procedure was applied in order to find the most suitable band-
width size (Amatulli et al., 2007; Breiman et al., 1977). This proce-
dure is based on the total number of points and the distance
between them to select the bandwidth that minimizes the effect
of under/overestimation for that specific set of points. Amatulli
et al. (2007) found that the results obtained with this method show
low sensitivity to the precise point location, thus allowing for the
random positioning of the fire events when their exact location is
unknown. The results obtained per country were then aggregated
for the entire EUMed region. The edge effect between neighbouring



Table 1
Corine Land Cover (CLC) classes aggregated in Wildland, Non-Wildland and Excluded.

CLC code Wildland CLC code Non-wildland CLC code Excluded

2.4.3 Land principally occupied by agriculture,
with significant areas of natural vegetation

1.1.2 Discontinuous urban surfaces 1.1.1 Continuous urban fabric

2.4.4 Agro-forestry areas 1.2.1 Industrial or commercial units 1.2.3 Port areas
3.1.1 Broadleaved forest 1.2.2 Road and rail networks and assoc. land 1.2.4 Airports
3.1.2 Coniferous forest 1.3.1 Mineral extraction sites 2.1.2 Permanently irrigated land
3.1.3 Mixed forest 1.3.2 Dump sites 2.1.3 Rice fields
3.2.1 Natural grasslands 1.3.3 Construction sites 3.3.2 Bare rocks
3.2.2 Moors and heathlands 1.4.1 Green urban areas 3.3.5 Glaciers and perpetual snow
3.2.3 Sclerophyllous vegetation 1.4.2 Sport and leisure facilities 4.1.1 Inland marshes
3.2.4 Transitional woodland-shrub 2.1.1 Non-irrigated arable land 4.1.2 Peat bogs
3.3.3 Sparsely vegetated areas 2.2.1 Vineyards 4.2.1 Salt marshes
3.3.4 Burnt areas 2.2.2 Fruit tree and berry plantations 4.2.2 Salines

2.2.3 Olive groves 4.2.3 Intertidal flats
2.3.1 Pastures 5.1.1 Water courses
2.4.1 Annual crops associated with permanent crops 5.1.2 Water bodies
2.4.2 Complex cultivation patterns 5.2.1 Coastal lagoons
3.3.1 Beaches, dunes, sand 5.2.2 Estuaries
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countries was reduced by averaging the density within a buffer of
2 km in each side of the border. This buffer size was found to be the
best compromise between maintaining the specific density values
of each country while allowing for a smoothing effect near the bor-
der, after an exploratory analysis with buffers sized 2, 5 and 10 km.

Afterwards, the average fire density for the period 2000–2007
was calculated and corrected for the fire domain extent. It was as-
sumed that there are spatial limitations to the occurrence of fire
that derive from the physical or the human characteristics of land
cover. The fire domain area, i.e. the area exposed to fire, was de-
fined based on the selection of the Corine Land Cover classes and
topographic regions where the conditions for the occurrence of fire
are known to exist (Wildland and Non-Wildland in Table 1), while
the land cover types where fire cannot occur were excluded (Ex-
cluded in Table 1 and all the areas above 2000 m elevation) This
is an important step for the analysis, considering the spatial nature
of this phenomenon. The fire density values previously obtained
from the interpolation method were corrected accordingly; for
example, a grid cell where 40% of the area is urban (where no forest
fire can occur) will have a higher value of fire density when cor-
rected because fires could only occur in 60% of the area of the grid
cell. The average fire density 2000–2007, corrected by the fire do-
main extent, was used as the dependent variable. This variable was
up-scaled to a 10 km resolution by averaging the 1 km cells to a
10 � 10 km grid covering the EUMed region. This resolution was
found to be the best compromise considering the resolution of
the different available datasets. The base grid was composed of
ca. 16,000 pixel cells covering the study area.
2.2. Explanatory variables: selection and pre-processing

A total of 37 variables were extracted from several databases
covering physical, socio-economic and demographic aspects (Ta-
ble 2). The variables were selected considering both their potential
relevance for fire occurrence, based on extensive literature review
and experts’ knowledge, and their availability at the European le-
vel. All the variables were integrated in a Geographic Information
System (GIS) and transformed to a continuous scale at 10 km res-
olution, following the procedures described ahead.
2.2.1. Topography
The topographic features affect vegetation distribution, compo-

sition and flammability and have also an influence on local climate
variations (Syphard et al., 2008; Whelan, 1995). Topographic vari-
ables were obtained from the Digital Elevation Model (DEM) avail-
able at the European level. This DEM is based on SRTM images from
NASA, further processed in order to fill in no-data voids existing in
the original images (Jarvis et al., 2008; Reuter et al., 2007). Eleva-
tion values at 1 km resolution were aggregated at 10 km based
on average and on maximum values, creating two layers. Slope
may affect ignitions by limiting accessibility, with a threshold of
20� (36%) being mentioned as a restrictive factor for harvesting
in forest conservation studies (Widayati et al., 2010). Conedera
et al. (2011) also found that anthropogenic fires occurred more fre-
quently in gentler slopes, defining a threshold below 33� (approx-
imately 64%) for a study area in Switzerland. In view of these
results and after an exploratory analysis of the frequency of slope
ranges existing in the EUMed region, slope values were divided
in two categories: below 30 percent and above 30 percent. The pro-
portion of area with slope below and above 30 percent in each pix-
el cell was retrieved, creating two layers. Aspect was reclassified
into four main directions: N (293–67�), E (67–113�), S (113–
248�) and W (248–293�). Since the data were available at 100 m
resolution, taking into account the circular nature of this variable
and to avoid losing crucial information when upscaling to 10 km,
it was preferred to retrieve the proportion of each pixel occupied
by each different aspect, thus creating four other layers (proportion
of aspect N, E, S, W).Topographic roughness is considered the
amount of land surface variability of a particular area (Stambaugh
and Guyette, 2008) and is a proxy for describing the potential of
terrestrial propagation (in this case fire spread) related to topo-
graphic variability. Roughness was calculated as the ratio between
the surface area and the planimetric area based on the DEM at
1 km resolution and using GIS tools. Roughness values were aggre-
gated at 10 km based on average values and on maximum values,
creating two new layers.
2.2.2. Land cover
Land cover, which represents the landscape features of the

Earth’s surface has been previously associated with fire occurrence
(e.g. Catry et al., 2009; Martínez et al., 2009; Syphard et al., 2008;
Vilar et al., 2010). Considering the specific context of the study area
in relation to the causes of fire ignitions, with over 90% being
anthropogenic, land cover maps were used as representative of
the type of vegetation available to burn, i.e. as a proxy of fuel types,
because they reflect the potential interaction with the human com-
ponents. We used the land cover inventory provided by the Corine
database (European Commission, 1994; EEA-ETC/TE, JRC, 2002) to
define the land cover variables. From the original 44 classes (level
3) of Corine only those classes with potential influence in fire
occurrence (thus matching the fire domain area) were selected
and aggregated in seven larger categories (Table 3). The proportion



Table 2
Variables collected to be included as predictors in the model. The codes chosen may not include the whole description of the variable for simplicity purposes.

Variable type Variable name Code Source and reference Resolution/scale

Environmental – Topographic Average elevation Elev_avg DEM Europe (Jarvis et al., 2008; Reuter et al., 2007) 1 km
Maximum elevation Elev_max 1 km
Proportion of slope < 30% Slope_below_30perc 100 m
Proportion of slope > 30% Slope_above_30perc 100 m
Proportion of aspect N Aspect_N 100 m
Proportion of aspect E Aspect_E 100 m
Proportion of aspect S Aspect_S 100 m
Proportion of aspect W Aspect_W 100 m
Average roughness Roughness_avg 1 km
Maximum roughness Roughness_max 1 km

Environmental – Land cover Proportion Forest Forest Corine Land Cover 2000 (European Commission, 1994;
EEA, 1994; EEA-ETC/TE, JRC, 2002)

100 m
Proportion Shrubland Shrubland
Proportion Grassland Grassland
Proportion Other Natural Areas Other_natur_areas
Proportion Land with agriculture and natural vegetation Land_agric_natur
Proportion Agricultural land Agriculture
Proportion Wildland-Urban Interface WUI

Environmental – Climatic Average temperature (fire season) Tavg WorldClim (normals 1961–1990) (Hijmans et al., 2005) 1 km (30 arc s)
Minimum temperature (fire season) Tmin

Maximum temperature (fire season) Tmax

Cumulative precipitation fire season Total_prec_fireseason
Cumulative precipitation other season Total_prec_nofireseason
Average Relative Humidity (fire season) RH Climate Research Unit (CRU) and Tyndall Centre

(normals 1961–1990) (New et al., 2002)
18.5 km (100)

Average soil moisture anomaly (fire season) Soil_moisture_anom JRC, Soil Moisture Archive (2010) 5 km

Infrastructure Density highways Dens_highways Tele Atlas (2007) (level 00) 1/100.000
Density main roads Dens_main_roads Tele Atlas (2007) (levels 01–03) 1/100.000
Density local roads Dens_local_roads Tele Atlas (2007) (levels 04–06) 1/100.000
Density railways Dens_railways Tele Atlas (2007) 1/100.000
Density electric stations Dens_electric_stations Platts, McGraw-Hill Research and Analytics, USA (2006) Vector
Density electric lines Dens_electric_lines Platts, McGraw-Hill Research and Analytics, USA (2006) Vector

Demographic Average population density Popdens_avg Gallego (2010) 100 m
Maximum population density Popdens_max Gallego (2010) 100 m
Proportion of high urban density area High_urban_dens EUROSTAT, GISCO (2001) 1:3 million
Proportion of intermediate urban density area Intermed_urban_dens EUROSTAT, GISCO (2001) 1:3 million
Proportion of low urban density area Thinly_urban_dens EUROSTAT, GISCO (2001) 1:3 million

Socio-economic Average unemployment rate 2000–2007 Unemployment EUROSTAT Regional Statistics (2010, annual data) NUTS3
Density of livestock Livestock_dens Farm Structure Survey, EUROSTAT (2000) NUTS3
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of the 10 km pixels occupied by each land cover type was extracted
from the Corine map. Then, a new raster layer was created per land
cover type, with the value of each cell representing the proportion
of the pixel area occupied by that specific land cover. Seven new
layers were created, one per land cover category.

2.2.3. Climate
Weather conditions are known to affect fuel accumulation and

moisture (e.g. Syphard et al., 2008; Vilar et al., 2010), thus having
an effect on the probability of a fire to occur. Considering the tem-
poral scale of our study, climatic variables derived from averages of
weather conditions over a period of at least 10 years, were used.
Temperature, relative humidity and precipitation values were re-
trieved from the databases mentioned above (Table 2) and trans-
formed at 10 km resolution. Temperature and relative humidity
were considered for the main fire season months. Precipitation val-
ues, on the other hand, were divided by fire season (June–Septem-
ber) and off-season. It was hypothesized that also the precipitation
occurring outside the fire season may affect fire occurrence by
favouring seasonal growth of vegetation resulting in an increase
availability of fine fuels (notably in grasslands), where fires can
more easily start and spread during the main fire season; on the
contrary, precipitation during the fire season may hinder fire
occurrence by increasing fuel moisture content and limiting fire
ignition and spread (Bravo et al., 2010; Drever et al., 2008; Moreno
et al., 2011; Pausas, 2004; Pereira et al., 2005). Soil moisture anom-
aly was included because it is related to the plant physiological
activity and is an indicator of drought (Laguardia and Niemeyer,
2008). The moisture content of live fuels is influenced by soil mois-
ture (Chuvieco et al., 2004) and, thus, it affects the amount of heat
required for plants to ignite (Bartsch et al., 2009). The soil moisture
anomaly was obtained as the difference of the average value for the
period 2000–2007 (for the fire season) in relation to the long-term
average 1990–2004. Values below zero mean wetter than average,
while values above zero mean drier than average (JRC, 2010).

2.2.4. Infrastructures
Roads represent the accessibility to the areas where fires can

occur. Road density and distance to roads have been pointed out
as important factors in fire occurrence studies (Catry et al., 2009;
Martínez et al., 2009; Romero-Calcerrada et al., 2008; Vilar et al.,
2010). The road network data from Tele Atlas (Tele Atlas, 2007)
was used to calculate road density, defined as road length per unit
area. Road density was calculated per grid cell at 10 km resolution,
dividing Tele Atlas data in three levels: highways (00), main roads
(01–03) and local roads (04–06). Railway density was also calcu-
lated as length per 10 km2 cell. The same was done for the density
of electric lines, while the density of electric stations was calcu-
lated as number of stations per grid cell.

2.2.5. Demographic variables
Population density represents the distribution of potential

causative agents, considering that fires in Europe are mainly
Table 3
Corine classes aggregated in land cover categories.

Corine codes Land cover categories

3.1.1, 3.1.2, 3.1.3 Forest
3.2.2, 3.2.3, 3.2.4 Shrubland
2.3.1, 3.2.1 Grassland
2.4.4, 3.3.3, 3.3.4 Other natural areas
2.1.1, 2.2.1, 2.2.2, 2.2.3, 2.4.1, 2.4.2 Agricultural land
2.4.3 Land with agriculture and natural areas
1.1.2 Wildland–Urban Interface

Based on expert’s knowledge, the discontinuous urban surfaces class (code 1.1.2)
was considered to represent the Wildland–Urban Interface (WUI) in Europe.
human-caused. Data on population density at European level was
obtained from the dasymetric grid of population density disaggre-
gated with Corine Land Cover and point survey data, as described
in Gallego (2010), combined at 10 km resolution based both on
the average and on the maximum value. The degree of urbaniza-
tion was also included because it classifies each commune (NUTS5)
according to its urban nature (densely, intermediate and thinly),
combining population density with total population values and
considering the characteristics of surrounding areas (EUROSTAT,
2001). The proportion of each grid cell occupied by each level of ur-
ban density was calculated.

2.2.6. Socio-economic variables
Unemployment rate has been previously found in the European

Mediterranean environment as a contributing factor to fire occur-
rence and fire risk (Ferreira de Almeida and Vilaça e Moura,
1992; Leone, 1999; Martínez et al., 2009; Sebastián-López et al.,
2008; Velez, 2000), even though the reasons for this association
are not clear. In some interpretations it is considered either as a
generic indicator of social conflict, which in turn would increase
vandalisms in country areas, or as affecting deliberate fire occur-
rence due to the enhanced opportunities of seasonal employments
on fire prevention and fighting. Unemployment rate at NUTS3 level
was obtained from the regional statistics of Eurostat (2010); when
the values at NUTS3 level were inexistent, the dataset was com-
pleted with the values of the correspondent NUTS2 for the year.
The average rate between 2000 and 2007 was calculated and was
assigned to each cell that falls into the respective NUTS3 area.
The density of livestock refers to the ratio of the number of live-
stock units per hectare of Utilisable Agricultural Area (UAA) and
it is a proxy of agricultural intensification in animal husbandry
(Eurostat, 2000). Livestock density was referred to 10 km resolu-
tion by calculating the UAA and the number of livestock units
per grid cell according to the NUTS3 where it belongs to.

2.3. Models

The exploratory analysis of the data revealed unequal variances
in the dependent variable. Different transformations were tested in
order to obtain a normal distribution in the residuals, as required
by the Multiple Linear Regression model. As a result, a square root
transformation was applied to the fire density values. The predic-
tors were assessed for multicollinearity using the Pearson’s corre-
lation coefficient; the threshold of 0.75 was applied as criteria for
the removal of one of the correlated variables.

The original dataset was randomly divided into calibration
(60%) and validation (the remaining 40%) samples; this procedure
was repeated five times applying a sampling with replacement
method, thus obtaining five random sub-samples of the data, each
one with a calibration and a validation dataset. Each sub-sample
was composed of a high number of observations (ca. 9500 for cal-
ibration and approximately 6500 for validation) and each grid cell
of 10 � 10 km corresponds to one observation. Subsequently, two
different methods of analysis were applied: Multiple Linear
Regression (LR) and Random Forest (RF), using the R Statistical
Software (R Development Core Team, 2010).

Regression techniques have been widely applied in fire model-
ing, such as linear regression (e.g. Keeley et al., 2005; Syphard
et al., 2007; Sebastián-López et al., 2008) or logistic regression
(e.g. Catry et al., 2009; Martínez et al., 2009). Usually these models
are built with the goal of using the fewest predictors to explain the
greatest variability in the response variable (Graham, 2003). There
are several approaches to select the most relevant predictors in
regression models, such as stepwise procedures, Akaike’s informa-
tion criterion, Schwarz’s Bayesian information criterion or F Statis-
tics (Murtaugh, 2009). In our study, we applied Multiple
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Regression to each training sample, creating five intermediate
models. In order to be included in the final model, the predictors
had to fulfill the criteria of having a p value < 0. 05 and a t value
higher than two in at least three of the five intermediate models.
To validate the intermediate models, each of them was tested with
the corresponding validation sample set aside at the beginning of
the analysis. Then, the correlation coefficient was calculated be-
tween the observed and the estimated values in the validation
samples, assuming that the predictive capacity of the model would
be good if there would be a significant correlation between the ob-
served and the predicted values in the independent sample.

The final model was built with the variables selected in the pre-
vious step and applied to the complete dataset. The contribution of
each variable to the regression model was assessed by means of
relative importance measures calculated with the package Relaim-
po of the R software (Gromping, 2006). The metrics ‘‘lmg’’ (Lind-
eman et al., 1980) was selected because it represents the R2

contribution of each variable averaged over orderings among
regressors, i.e., the results of this metrics are not dependent on
the order of the predictors in the model.

The exploratory analysis of the results revealed, however, non-
linear trends. Furthermore, considering the large study area, it may
be expected that the same variables would operate differently
depending on the location (Prasad et al., 2006), thus traditional
parametric methods might not provide satisfactory results.

The second proposed method was applied to the same data:
Random Forest, a nonparametric technique derived from classifica-
tion and regression trees (CART). Previous studies (Amatulli et al.,
2006; Lozano et al., 2008; McKenzie et al., 2000) highlighted the
potential capability of CART for fire risk prediction. RF consists of
a combination of many trees, where each tree is generated by boot-
strap samples, leaving about a third of the overall sample for vali-
dation (the out-of-bag predictions – OOB). Each split of the tree is
determined using a randomized subset of the predictors at each
node. The final outcome is the average of the results of all the trees
(Breiman, 2001; Cutler et al., 2007). This method has been applied
in ecological studies (Cutler et al., 2007; Prasad et al., 2006), show-
ing high accuracy and the ability to model complex interactions
between variables. In addition, since it uses the OOB samples
(independent observations from those used to grow the tree) to
calculate error rates and variable importance, no test data or
cross-validation is required. However, this method behaves as a
‘‘black box’’ since the individual trees cannot be examined sepa-
rately (Prasad et al., 2006) and it does not calculate regression coef-
ficients nor confidence intervals (Cutler et al., 2007). Nevertheless,
it allows the computation of variable importance measures that
can be compared to other regression techniques (Gromping, 2009).

In order to maintain a similar procedure between the two meth-
ods, RF was applied to each subset of samples, using the training
datasets. Even though independent validation samples are not re-
quired in RF, they provide the opportunity to assess the generaliza-
tion capability of this method (Cutler et al., 2007), thus they were
maintained. To run the model, it was necessary to define a priori
two essential parameters: the number of variables to try at each
split (mtry) and the number of trees to run (ntree). The parameter
mtry was found via the internal RF function TuneRF; this function
computes the optimal number of variables starting from the de-
fault (total number of variables/3 for regression) and it looks below
and above this threshold for the value with the minimum OOB er-
ror rate. Breiman (2001) and Liaw and Wiener (2002) mentioned
that even a mtry of 1 can produce good accuracy, while Gromping
(2009) refers the need to include at least two variables to avoid
using also the weaker regressors as splitters. In our case, we real-
ized that the increase in values of mtry would result in a higher
predictive performance of the model and the attribution of higher
importance to fewer variables. Even though the ranking of the
variables in terms of importance doesn’t change significantly with
different mtry, as it was also found by Cutler et al. (2007), we used
the independent samples instead to find mtry and applied it to the
training samples to run RF, to avoid potential overfitting. The ntree
parameter was set to 1000, to obtain stable results. The selection of
the most relevant variables to include in the final model was done
by ranking the variables according to their importance and exclud-
ing the least important ones in all the samples. The variable impor-
tance measure available in RF was used for this procedure, namely
the mean decrease in accuracy (% IncMSE), considered a more reli-
able measure than the decrease in node impurity (Genuer et al.,
2010); this measure corresponds to the difference between the
misclassification rate for the original and the permuted out-of-
bag samples, averaged over all the trees and divided by the stan-
dard deviation of the differences. The validation procedure was
the same used for the Multiple Regression analysis, by calculating
the correlation values between the observed and the predicted val-
ues in the independent samples.

The final models were built with the smaller set of variables
previously selected. The contribution of each variable for the mod-
el was assessed via the importance measures already described for
each method and the results compared based on literature. The
goodness-of-fit of the models was evaluated by comparing the ob-
served with the predicted fire density values and maps of fire prob-
ability were created with the normalized values of the predicted
fire density.

2.4. Analysis of the spatial autocorrelation in the residuals

Spatial autocorrelation was analyzed with the objective to
determine whether the final models take into account the spatial
structure of the dependent variable. It was assumed that, if no
autocorrelation remained in the residuals of the regression models,
then the spatial pattern observed in the dependent variable could
be explained by the spatial pattern observed in the predictors (Dor-
mann et al., 2007; González-Megías et al., 2005; Legendre and
Legendre, 1998). We tested for the presence of spatial autocorrela-
tion in the residuals of both models by building semivariograms,
which plot the semivariance as a function of distance.
3. Results

3.1. Dependent variable – fire density

The distribution of fire density is irregular in the study area
(Fig. 1). An extended cluster of fire densities reaching over 1.7 fires
per km2 on average per year is prevalent in northwestern Spain,
northern and central Portugal. In the northern parts of France
and Italy and some parts of Greece fires occurred rarely in the
study period.

3.2. Predictors

After testing for multicollinearity, the following predictors were
excluded from further analysis: average temperature, minimum
temperature, average elevation, slope above 30 percent, average
roughness and intermediate urban density.

3.3. Multiple Linear Regression

The intermediate models created by LR selected 19 variables;
the climatic variables showed generally the highest t values, fol-
lowed by livestock density, density of local roads and thinly urban
dense areas. In Table 4, the contribution of each variable to the
model, measured by lmg metrics, is given. The adjusted R2



Fig. 1. Yearly average fire density in EUMed between 2000 and 2007 during the main fire season.

Table 5
Adjusted R2 and correlation values between observed (obs)
and predicted (pred) values in the Linear Regression interme-
diate models.

Adjusted R2 Correlation obs vs pred

Sample1 0.458 0.685
Sample2 0.460 0.680
Sample3 0.451 0.691
Sample4 0.453 0.691
Sample5 0.453 0.691

S. Oliveira et al. / Forest Ecology and Management 275 (2012) 117–129 123
obtained for each testing sample and the correlation value
between the observed and the predicted values are presented in
Table 5. The R2 values were between 0.45 and 0.46 and the corre-
lation values were all above 0.68.

3.4. Final LR model

The final model was initially built with the 19 variables selected
(Table 4). The percentage of variance explained with this model
was 44% (adjusted R2 = 0.445, residual standard error = 0.0798 on
16077 df and F-statistic = 681.3). All the variables appeared as
highly significant (p < 0.000), except maximum elevation, signifi-
cant at 0.10 level. The precipitation variables were the most rele-
vant, corresponding to 70% of the total contribution. On the
contrary, the majority of the topographic variables showed a very
low contribution to the model (less than 1% each), as well as pop-
ulation density, density of main roads and WUI cover (Table 5).
Due to the minor importance attributed to some of the variables,
LR was applied again using only the highly significant variables
with more than 1% relative contribution to the model (in total 11
Table 4
Variables selected by the intermediate models using Multiple Linear Regre
percentage lmg (metrics were normalized to sum 100%). The range of p value
significant (p < 0.05) are presented. The direction of association between ea
association; �, negative association).

Variables p Value min p Value max

Total_prec_nofireseason 0.0000 0.0000
Total_prec_fireseason 0.0037 0.1239
Soil_moisture 0.0000 0.0000
Livestock_dens 0.0000 0.0000
Tmax 0.0000 0.0000
RH 0.0000 0.0000
Thinly_urban_dens 0.0000 0.0000
Dens_local_roads 0.0000 0.0000
Unemployment 0.0000 0.0010
Dens_highways 0.0001 0.0053
Elev_max 0.0000 0.0037
Aspect_W 0.0000 0.0035
WUI 0.0000 0.0014
Dens_main_roads 0.0000 0.0000
Aspect_N 0.0009 0.1133
Popdens_avg 0.0000 0.0000
Slope_below_30perc 0.0000 0.1080
Aspect_S 0.0000 0.0000
Aspect_E 0.0000 0.0001
variables), to verify if the accuracy would be maintained even
when using a smaller number of variables. The adjusted R2 ob-
tained was similar (adjusted R2 = 0.439, residual standard er-
ror = 0.08025 on 16085 df and F-statistic = 1146), showing that,
in this case, a more parsimonious model does not affect its
performance.

The order of the variables according to their relative contribu-
tion to the model didn’t change substantially (Table 6), with the
ssion, by descending order of contribution to the model measured by
s in the 5 samples and the number of samples where each variable was
ch predictor and the dependent variable is also presented (+, positive

No. samples signif Direction lmg (%)

5 + 48.193
3 � 22.151
5 + 5.339
5 + 4.986
5 � 3.868
5 � 3.283
5 � 2.624
5 + 1.888
5 � 1.293
5 + 1.284
5 � 1.137
5 + 1.077
5 � 0.728
5 � 0.637
3 + 0.463
5 � 0.398
3 � 0.352
5 + 0.162
5 + 0.139



124 S. Oliveira et al. / Forest Ecology and Management 275 (2012) 117–129
precipitation variables being the most important ones, followed by
soil moisture anomaly and livestock density.
3.5. Random Forest

The mtry parameter, i.e., the number of predictors used at each
split, was set to 20, according to the results obtained from the tun-
ing function of this method (section 2.3). The intermediate models
created with RF show a proportion of explained variance between
93% and 95%, both in the training and testing datasets (Table 7).
The correlation between the observed and the predicted values
in the testing datasets is above 0.97 for all the samples.

The variable importance plots for the five samples show a
threshold of ca. 20% IncMSE above which the variables assume
higher importance (Fig. 2). The average % IncMSE was calculated
between all the samples and the variables that showed an average
IncMSE of 20% or higher were selected for the final model (Table 8).
3.6. Final RF model

The final model was built with the 12 variables shown in Table 8.
The percentage of variance explained with this model was 96.3%
(mean of squared residuals = 0.00043). In this model, the most
important variables according to the values of % IncMSE were, by
descending order: off-season precipitation, unemployment, soil
moisture, fire season precipitation, density of local roads, livestock
density, maximum elevation, maximum roughness, shrubland, rel-
ative humidity, maximum temperature and grassland.

Plots of the observed and the predicted values for each testing
sub-sample were created; since the resulting plots are similar to
all the sub-samples of each model, an example is presented in
Fig. 3 for each model. In the case of LR, the distribution of both
the observed and predicted values is skewed to the left due to
the higher proportion of low fire density pixels. It is also evident
that the predicted values of fire density are underestimated when
the observed values are above the threshold of 0.4. The RF model
shows a better fit. Underestimation of the higher fire density val-
ues can still be observed, but significantly less than in LR.
3.7. Likelihood of fire occurrence

Maps with the likelihood of fire occurrence were created by
normalizing the predicted values in both models (Fig. 4). The
map obtained with LR shows higher likelihood for fire occurrence
in western Iberian Peninsula, southwestern Italy and southwestern
Greece. Surprisingly, northwestern France appears with intermedi-
ate values, as well as the mountainous areas of the Pyrenees and
the Alps. The map obtained with RF shows the highest values more
concentrated in the northwestern Iberian Peninsula and southern
Table 6
Results of the Linear Regression model with the selected 11 variables

Variables Estimate Std. error t Value Pr(>|t|) lmg(%)

(Intercept) 0.346 0.014 23.888 0.000
Total_prec_nofireseason 0.000 0.000 80.009 0.000 51.191
Total_prec_fireseason �0.001 0.000 �58.347 0.000 22.531
Soil_moisture 0.070 0.003 22.859 0.000 5.771
Livestock_dens 0.013 0.001 13.925 0.000 5.068
Tmax �0.008 0.000 �24.385 0.000 4.603
RH �0.002 0.000 �16.188 0.000 3.648
Thinly_urban_dens 0.000 0.000 �11.502 0.000 2.452
Unemployment �0.002 0.000 �9.663 0.000 1.367
Dens_local_roads 0.021 0.001 16.129 0.000 1.271
Aspect_W 0.001 0.000 8.921 0.000 1.056
Dens_highways 0.112 0.015 7.266 0.000 1.042
Italy, including the islands. The south of France, the interior of
Spain and central-western Greece show intermediate values.

In order to evaluate the goodness-of-fit of each model, maps of
the residuals were created and compared (Fig. 5). In LR, the higher
values of the residuals are concentrated in large areas of the north-
west of the Iberian Peninsula, northeast of Italy and in parts of the
islands, meaning that the model underestimated fire density for
these areas. On the other hand, the LR model also overestimated
fire density in southern Greece and northwest France, shown by
the negative values of the residuals. In general, the RF model shows
lower residuals values and a better fit in the estimation of fire den-
sity. Most of the Spanish and French territories present very low
values in the residuals. Although this model also underestimates
fire density in the northwest of the Iberian Peninsula, similarly to
LR, the pattern is spatially more limited and covers smaller areas
than in LR. In the RF model, 13% of the cells showed zero residuals,
while in the LR model there were only 1% of the cells with zero va-
lue for the residuals.
3.8. Spatial autocorrelation

Fig. 6 shows the semivariogram built for the dependent variable
and the residuals of both models. The dependent variable shows
evidence of spatial autocorrelation up to 1500 km lag. Between
2500 and 3300 km, the semivariance increases again, representing
the discontinuous area of Greece, which was, for this reason, disre-
garded. The RF model seems to incorporate much better the effects
of spatial autocorrelation than the LR model, evidenced by the flat
semivariance line throughout most of the distance and by the low-
er values of semivariance obtained (which were multiplied by five
in order to be visible at the scale of the graph).
4. Discussion

Fire density distribution in the EUMed region shows irregular
patterns; the results of our study suggest that this distribution is
influenced by both physical and human factors and that non-linear
trends exist, thus a non-parametric method is considered suitable
for modeling fire occurrence. Previous studies also evidenced the
existence of non-linear relationships between fire ignition and
the independent variables (Syphard et al., 2007; Vilar et al.,
2010). The comparison between the results obtained with Multiple
Linear Regression and Random Forest showed that RF had a much
higher predictive ability, while LR showed a positive but weak rela-
tionship between the dependent variable and the predictors.

In their final form, both models in their final form included a
smaller number of variables selected from the original set of 32;
LR included 11 variables and RF 12. Other authors also stated that
a parsimonious model would be more stable and easier to general-
ize (Catry et al., 2009; Vilar et al., 2010), particularly at a broad spa-
tial scale. When studying the key factors determining fire
occurrence at this extent it is crucial to bear in mind that environ-
mental and social conditions differ from region to region and the
same variables may operate differently depending on the location
and the scale of analysis (Prasad et al., 2006).

There were eight variables included in both models, evidencing
their importance to fire density distribution, independently of the
method used. The most important variable identified in both mod-
els was the off-season precipitation (total_prec_nofireseason). This
is most likely related to the positive influence of spring rainfall in
vegetation growth and fuel accumulation. Fire season precipitation
also played a crucial role. The relationship here is negative: the
drier it is during the fire season, the likelier fires occur. A strong
influence of precipitation variables on fire occurrence has been
shown previously: Bravo et al. (2010) found that rainfall was



Table 7
Results of the intermediate models created with Random Forest, including the correlation values between observed (obs) and predicted (pred) values.

% Variance explained Mean squared residuals Correlation obs vs pred

Calibration sample Validation sample

Sample 1 94.68 94.38 0.0006551101 0.9716
Sample 2 94.2 95.08 0.000689778 0.9767
Sample 3 94.92 94.48 0.000578382 0.9727
Sample 4 94.29 93.96 0.0006233862 0.9732
Sample 5 94.87 94.41 0.0005946975 0.9732

Fig. 2. Plots of the variable importance measure (% Increase MSE) for the five samples.

Table 8
Variables included in the final model using Random Forest, in
descending order of importance based on average % IncMSE
(mean decrease in accuracy) from the five samples.

Variables Avg % IncMSE

Total_prec_nofireseason 179.286
Total_prec_fireseason 93.315
Unemployment 84.375
Soil_moisture 69.502
RH 58.150
Dens_local_roads 56.690
Livestock_dens 47.038
Shrubland 26.061
Roughness_max 25.050
Elev_max 23.625
Tmax 22.917
Grassland 20.276
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positively correlated to fire frequency in Argentina, because it
influenced the production of fine fuels for fire. Drever et al.
(2008) also found that the variables best explaining fire occurrence
in the Great Lakes-St. Lawrence forest in Canada were a combina-
tion of antecedent-winter precipitation and fire season precipita-
tion deficit/surplus. In European Mediterranean areas, Pausas
(2004) analyzed the relation between fire and climate for a period
of 50 years and suggested that high rainfall may increase fuel loads
that burn in the successive years; Moreno et al. (2011) mentioned
that the regeneration of shrubland-type vegetation was correlated
with precipitation in the fall and winter immediately after the fire,
which in turn contributes to fuel accumulation that may burn in
successive fire seasons.

Soil moisture anomaly was also one of the most important vari-
ables, assuming the 3rd position in both models. The positive rela-
tionship suggests that an ignition is more likely to occur when the
soil surface layer is drier, since the moisture content of fuels is
directly affected by soil moisture (Chuvieco et al., 2004). Soil
moisture is relevant because of its effect on dead fuels on the
ground and because it is a proxy for drought. As pointed out also
by Bartsch et al. (2009), fuel is more easily ignited under low sur-
face wetness conditions.

Unemployment is identified in the RF model as the second most
important variable, while in the LR model it comes in 8th position
and with a negative and weak relationship. This may mean that a
non-linear association between unemployment and fire density ex-
ists and, as such, it was better recognized by the RF model, even
though it is not possible to know from the RF model the direction
of the association. Unemployment may be acting as a proxy for eco-
nomic depression, which, in rural areas, is often associated with land
abandonment; in the Mediterranean region, where fires are mostly
human-caused, it is also an indicator of potential social conflicts,
which may in turn be the driver for motivations of deliberate igni-
tions (arson) in specific regions (Ferreira de Almeida and Vilaça e
Moura, 1992; Leone, 1999; Velez, 2000). Sebastián-López et al.
(2008) found that unemployment was related to fire only for the
people aged below 25 years old, for which no explanation was pro-
vided. Martínez et al. (2009) included unemployment as a potential
fire predictor but could not explain the association either.

Livestock density comes in 4th position in LR and in 6th position
in RF. The presence of livestock has also been identified by previous
authors as being positively correlated to fire occurrence (Koutsias
et al., 2010; Martínez et al., 2009). Agricultural activities, such as
land burning for pasture renovation, are known to cause fires that
spread to shrubland and forested areas nearby. Romero-Calcerrada
et al. (2008), on the other hand, found that the presence of goats
and sheep was related to the absence of ignitions in Central Spain,
probably because these species feed on grass and bushes and thus
reduce the accumulation of fine fuels. The same was found by
Sebastián-López et al. (2008), which differs from our results.

The other climatic variables, Tmax and RH, come next in variable
importance in the LR model, while in RF their position is lower but
still important. All the climatic variables were included in both



Fig. 3. (a and b) – Plots of the observed and the predicted values calculated by Multiple Linear Regression (a, on the left) and Random Forest (b, on the right) for one of the
samples.

Fig. 4. Maps of the likelihood of fire occurrence obtained from Linear Regression
(on top) and Random Forest (bottom) models.

Fig. 5. Maps of residuals obtained from Linear Regression (on top) and Random
Forest (bottom) models.
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models and these results point out that these factors are, in gen-
eral, good predictors of fire occurrence. Drever et al. (2008) also
mentioned the strong influence of climate on fire occurrence, even
though at a smaller scale. The majority of fires occurred with tem-
peratures above 20 �C; the negative association that appears in the
LR model between temperature and fire density may be due to the
existence of a non-linear and more complex relation between these
variables not revealed by a linear model, most likely associated
with the human causes of fire ignitions in this region, thus not to-
tally dependent on temperature.

Density of local roads was found to be important in both mod-
els. In the LR model, density of highways was also significant, while
in RF this variable was discarded. The influence of the density of lo-
cal roads is to be expected, since these roads connect peri-urban



Fig. 6. Semivariance plotted as a function of distance (km) for the dependent
variable (black) and the residuals of both models (LR in green and RF in red, the
values of the latter multiplied by five).
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areas and give access to the rural land and forested areas. Other
studies mentioned the association of roads to fire occurrence;
Romero-Calcerrada et al. (2008) and Syphard et al. (2008) pointed
out the distance to roads to be one of the explanatory variables of
fire occurrence in central Spain and southern California, respec-
tively. In Portugal, Catry et al. (2009) and Vasconcelos et al.
(2001) also found that distance to roads decreased the number of
fire ignitions, the same being mentioned by Vilar et al. (2010) in
relation to road density in the region of Madrid, Spain.

The LR model included also thinly populated areas and the pro-
portion of aspect W as significant variables, but their association to
fire density is not clear. Sebastián-López et al. (2008) found aspect
to be very poorly related to fire occurrence, being more likely re-
lated to fire behavior and burned areas. In fact, aspect is not in-
cluded in the RF model, even though this model includes other
topographic variables: maximum elevation and maximum rough-
ness. Maximum elevation was present in the first LR model (with
19 variables), having a negative association with fire density, but
it was later excluded because of the low significance for the model.
It is well acknowledged that elevation dampers fire occurrence,
since in high altitude areas human activity and occupation are re-
duced, thus decreasing the likelihood of human-caused ignitions.
In addition, the effects of altitude in weather conditions, vegetation
cover and soil moisture are less favorable to fire occurrence as alti-
tude increases (González et al., 2006; Sebastián-López et al., 2008;
Vilar et al., 2010). The effect of roughness is not entirely clear, but
the negative association found between roughness and fire density
suggests that fire is more likely to occur in flatter areas.

The RF model includes as well two variables representing land
cover: proportion of shrubland and grassland, which were not
present in the LR model. The proportion of shrubland-type fuel
was previously identified by Sebastián-López et al. (2008) as the
variable with the highest predictive power in their model for
Southern Europe, justified by the fact that shrubland is usually
the vegetation type most affected by fire in Mediterranean areas.
In studies related to the characterization of the land cover types
more prone to fire, it was also found that shrublands are more
fire-prone than other land cover types in Mediterranean areas
(Moreira et al., 2001, 2009; Mouillot et al., 2003; Nunes et al.,
2005). Likewise, grasslands are mainly composed by fine fuels
and are easy to ignite, thus their relation with fire occurrence is
somewhat expected.

These results provide valuable insights on the potential causes of
the spatial distribution of fire events throughout the EUMed region.
In spite of the strong human influence on fire occurrence in Mediter-
ranean Europe, the physical variables – particularly those related to
climatic conditions – should be included in the analysis since they
form the natural setting that favors or hampers human actions. Fire
management strategies should focus on the areas where the combi-
nation of specific climatic conditions, particularly precipitation be-
fore and during the main fire season, is favorable to fire
occurrence. In the areas where livestock and local roads density is
high and where shrubland and grassland-type vegetation are com-
mon, preventive measures should be applied. Finally, our results
suggest that socio-economic problems such as unemployment
should be considered in the implementation of preventive actions.

5. Conclusions

The EUMed region is the area of Europe with highest fire inci-
dence. Inside the boundaries of the region, however, fire density
has an irregular distribution in space and time. The probability of
a fire to occur depends on the interactions between the physical
and human variables that affect the ignition and spread of a fire.
In this study, the likelihood of fire occurrence was modeled using
two different methods: Multiple Linear Regression and Random
Forest. The comparison of the results obtained with these two
methods allowed for the examination of non-linear relationships
between the variables, not assumed in Multiple Linear Regression,
and the investigation of the potentialities of the RF method in fire
occurrence modeling. Moreover, both methods ranked the vari-
ables according to their relative contribution to the model, allow-
ing for the identification of the common factors in both models
and, thus, emphasizing their significance in explaining fire density
distribution.

The two models showed distinct results; the RF model showed
higher predictive accuracy than LR, reflecting the existence of non-
linear trends. Moreover, spatial autocorrelation in model residuals
was reduced to a much higher degree with the RF model. In spite of
these differences, both models identified northwestern Iberia and
southern Italy as areas with high fire density, while northern
France, northeastern Italy and northern Greece were identified as
low fire density areas. Furthermore, it was also possible to identify
common significant variables, providing important insights to bet-
ter understand the factors affecting fire occurrence in this region,
during the fire season.

At the European level, the lack of comparable data and the com-
plexity of the factors that influence fire occurrence and risk have
been pointed out as limitations for the systematic investigation
of long-term fire occurrence and risk at this broad scale. Neverthe-
less, the importance of this assessment for fire prevention and
management encourages the further development of research in
this area. Future work could focus on the variations in the predic-
tors at different spatial and temporal scales, in order to assess the
consistency of the explanatory power of the variables throughout
the whole study area. The same methods could be applied to other
European regions with the same type of variables, to understand
the implications of regional differences in the level of importance
of the variables selected and in the overall predictive ability of
the models.
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