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ABSTRACT

Background. Wildfires are a growing threat to many ecosystems, bringing devastation to human
safety and health, infrastructure, the environment and wildlife. Aims. A thorough understanding
of the characteristics determining the susceptibility of an area to wildfires is crucial to prevention
and management activities. The work focused on a case study of 13 countries in the eastern
Mediterranean and southern Black Sea basins. Methods. A data-driven approach was imple-
mented where a decade of past wildfires was linked to geoclimatic and anthropic descriptors via a
machine learning classification technique (Random Forest). Empirical classification of fuel allowed
linking of fire intensity and hazard to environmental drivers. Key results. Wildfire susceptibility,
intensity and hazard were obtained for the study area. For the first time, the methodology is
applied at a supranational scale characterised by a diverse climate and vegetation landscape,
relying on open data. Conclusions. This approach successfully allowed identification of the main
wildfire drivers and led to identification of areas that are more susceptible to impactful wildfire
events. Implications. This work demonstrated the feasibility of the proposed framework and
settled the basis for its scalability at a supranational level.

Keywords: crossboundary wildfire management, eastern Mediterranean, hazard mapping,

machine learning, Random Forest, risk management, susceptibility mapping, wildfire drivers.

Introduction

Wildfires are growing in intensity and spreading in range across many ecosystems, causing
devastation to the environment, wildlife, human health and infrastructure (United Nations
Environment Programme 2022). However, the complexity of the processes controlling
wildfire occurrence is high, and in other regions and ecosystems, the data indicate a
decrease of the area burned by fires. For example, after the large impacts of the 1980s
wildfire seasons, in most southern European countries, the average trend in wildfire
distribution showed a decrease in the total annual burned area and number of events
(Turco et al. 2016). The latter situation is certainly related to increasing firefighting
capacities and awareness thanks also to improved wildfire forecasting. However, in this
same area, the impacts of climate change, coupled with the drastic modifications in land
use and socio-economic conditions that have occurred in the last decade are expected to
trigger a significant increase in the frequency, extent and severity of wildfires if further
improved prevention and control measures are not put in place (Turco et al. 2018).

Severe wildfires characterised the 2021 wildfire summer season, during which Greece,
Italy, Algeria and Turkey experienced a large number of severe wildfire events burning more
than 630 000 ha (San-Miguel-Ayanz et al. 2022). The 2021 Algerian wildfires killed at least
90 people (ReliefWeb 2021), resulting in the deadliest fires of recent times after the events
in central Portugal (2017) and in Mathi, Greece (2018). Thus, the impacts of the recent
and recurrent wildfires in the Mediterranean area indicate that human societies are facing
an increasing fire risk, owing to the combination of climate conditions and landscape-scale
fuel accumulation caused by the abandonment of rural activities (Ascoli et al. 2021).
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In order to reduce such impacts, there is an urgent need
to shift from fire-management systems mainly focused on
wildfire suppression to early warning systems that include
structured prevention and risk mitigation strategies. In this
framework, a comprehensive high-resolution geographical
mapping of at least the static wildfire hazard and risk level is
a first priority towards developing large-scale, integrated
approaches to such strategies.

An obstacle to this shift is the absence of a collective and
widespread understanding of the conditions related to
Extreme Wildfire Events (EWEs) (Tedim et al. 2013, 2018)
and other classes of impactful wildfires beyond the sole cause
of ignition or the effect of weather, which are the main
uncontrollable aspects of the phenomenon. Blaming only igni-
tion causes and weather effects neglects the fact that there is
still much room for knowledge improvements leading to the
identification of priorities for effective wildfire prevention.
EWEs in particular are a complex phenomenon that springs
from the interplay between natural and social conditions
acting in all phases of wildfire activity (Tedim et al. 2018).
The first step to tackle this problem requires reaching a
comprehensive understanding of the general wildfire regime,
leading to a definition of priorities, a rise in prevention and
preparedness level and more effective land use planning, with
appropriate restoration and risk mitigation activities.

A powerful tool to deepen the understanding of these
phenomena is provided by wildfire susceptibility assess-
ments, which also allow hazard and risk maps to be obtained
(Pradhan et al. 2007; Ghorbanzadeh et al. 2019a). Hazard
maps provide information on the likelihood of wildfire
occurrence, taking into account knowledge about fire beha-
viour. Risk maps include the characterisation of the exposed
elements in terms of their value and vulnerability, and
ultimately lead to identification of the areas where wildfires
can have the most severe impacts.

To foster prevention activities, a thorough understanding
of the predisposing environmental factors for severe wild-
fires is crucial in civil protection and fire management activ-
ities. From a technological point of view, there are plenty of
data, tools and models that can be applied to this issue.
Therefore, advanced hazard and risk mapping methodolo-
gies harmonised at different scales are necessary.

Synoptic time series of mapped burned areas provide a
significant input to learn from the past, allowing us to better
understand wildfire regimes and to identify the main drivers of
catastrophic wildfires. However, often time series are not long
enough and locally accurate to reach these goals. To circum-
vent this problem, a larger and biogeographically diverse area
can be considered to infer wildfire drivers in different climates,
topographic and anthropogenic conditions. In this context,
wildfire susceptibility, hazard and risk maps can at least par-
tially compensate for the lack of accurate synoptic time series
of burned areas at local scale, helping decision makers and
practitioners in wildfire management and long-term land-
scape management, and strengthening efficient prevention
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activities adapted to local environmental and socio-
economic contexts. The objective of such maps may range
from static assessments (hazard) to dynamic ones (danger).

In this work, we describe in detail a possible methodol-
ogy for wildfire hazard assessment at supranational level,
along the lines of a research framework started at local level
for the Liguria Region in Italy (Tonini et al. 2020) and
recently expanded at national scale (Trucchia et al. 2022).
Such methodology is based on the drafting of a contingency
hazard matrix aiming at coupling the information related to
wildfire susceptibility and potential fireline intensity. The
susceptibility, describing the static spatial probability of
wildfire occurrence, was estimated in a machine learning
framework to determine the most fire-prone areas based on
the geo-topographical characteristics of the territory and
average climatic data. The potential intensity and fire beha-
viour, a proxy for the severity of wildfire in case of its
occurrence, were modelled as a function of land cover.

Hazard mapping, as well as its main components, is pro-
vided with spatial resolution of 500 m over the whole study
area, which includes different countries in the eastern
European Mediterranean landscape. The availability of dif-
ferent static maps makes it possible to assess different types
of information related to wildfires: to begin with, suscepti-
bility mapping addresses in a static way the areas having
high probability of being affected by a wildfire event. The
intensity mapping in turn estimates the areas where wildfires
can be characterised by extreme fire behaviour. Finally,
hazard mapping highlights the areas characterised by high
probability of intense wildfires. The information provided is
a valid tool for supporting national civil protection agencies
in the early phases of the disaster risk management cycle and
makes it possible to better address cross-border wildfire
management issues. An important objective of this research
paper is to assess the performance of the susceptibility meth-
odology in a full-scale case study and gather relevant infor-
mation on wildfire drivers in the eastern Mediterranean area.
Another objective is to test the feasibility of an expeditive,
fast-track approach to hazard mapping that relies on open
data, easy to gather and interpret. To the best of our knowl-
edge, this study represents one of the first attempts to model
wildfire hazard at the supranational scale in the eastern
Mediterranean, where useful information can be drawn
with a view to cross-border wildfire management, supporting
the European Civil Protection Mechanism. This analysis also
provides the starting point for wildfire risk assessment, when
the exposure elements in a given area are included.

A framework for wildfire hazard assessment
and mapping

The proposed approach combines multi-source data gather-
ing, model/expert-based processes and machine learning
(ML) analyses.
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This preliminary work, undertaken for a large area
including several countries in the Eastern Mediterranean
and southern Black Sea region, uses available global data
sets, considering only open data. The main steps, each one
producing maps as an output, are summarised below:

1. Wildfire susceptibility is defined as the static probability
of wildfires in a certain area, depending on the intrinsic
characteristics of the terrain. This can be achieved by
adopting several approaches, ranging from statistical
hierarchical ones to ML-based algorithms.

2. Wildfire intensity is defined as the rate of heat energy
released by the fire. It is linked to flame length and more
in general to fire behaviour during a specific wildfire
event. At this stage, the areas where severe wildfires
can develop owing to fuel cover and other environmental
features are detected. This can be done by expert-based
classification of fuel cover or by empirical models.

3. Wildfire hazard is indicated by the spatial distribution of the
areas where a severe wildfire is likely to occur. This can be
done by merging the outputs of the two previous steps by
means of empirical functions or via contingency matrices.

The hazard maps obtained can then be paired with data on
available highly valued resources and assets and their vul-
nerability to potential wildfire events in order to obtain risk
maps. Such maps are usually tailored around the choice of
assets to be safeguarded (infrastructural, social, ecosyste-
mic, ...) and usually employ multi-criteria decision-making
techniques and multi-objective optimisation procedures.

In the following, the terms regarding wildfire hazard and
risk will be disambiguated. Extensive work has been done in
the last two decades on this subject, and despite the many
efforts that the community put in place, there are still dis-
crepancies between the different approaches. In particular, a
considerable range of definitions for wildfire hazard still
exists, and the metrics used to express the terms are varied.
According to Bachmann and Allgower, ‘inconsiderate use of
the terms ‘danger’, ‘hazard’ and ‘risk’ may ultimately result
in misunderstandings that can have fatal consequences’
(Bachmann and Allgower 2000, p. 67)

The approach proposed here has the objective of obtain-
ing a clear operational characterisation of hazard, keeping
at minimum the terminological differences with other estab-
lished frameworks. Similarities and divergences between the
proposed approach and some of those present in the litera-
ture are discussed below.

Hardy (2005) proposes the same division between hazard
and risk, with the latter encompassing the exposed assets
(highly valued resources and assets, HVRAs). His framework
also states that static hazard mapping should be indepen-
dent of weather assessment, which is instead considered in
danger profiling and early warning systems. In this frame-
work, wildfire hazard is ‘a fuel complex, defined by volume,
type, condition, arrangement, and location that determines

the degree of ease of ignition and the resistance to control.
Fire hazard expresses the potential fire behaviour for a fuel
type, regardless of the fuel type’s weather-influenced fuel
moisture content.” This characterisation was the synthesis of
the NWCG (2003) and Canadian (Ministry of Forests (MOF)
1997, Ministry of Forests and Range (MOF) 2008) defini-
tions of fire hazard. This definition clearly associates the
hazard with the fuel that paves the way for specific fire
behaviour, which in the framework proposed in the present
paper corresponds only to the severity/fuel behaviour layer.
However, the terms ‘arrangement and location’ can fit into
the proposed framework as they are dealt with in the com-
putation of the susceptibility layer.

Scott, Thompson and Calkin (USDA), in their exhaustive
general technical report of 2013 (Scott et al 2013)
expressed a framework that is widely compatible with the
one proposed here. They adopted the words ‘likelihood’ and
‘susceptibility’ for wildfire susceptibility and the exposed
elements’ vulnerability to fire, respectively. In particular,
they expressed wildfire hazard as the contribution of both
wildfire likelihood and potential intensity / fire behaviour,
expressly stating that fire intensity level is independent of
likelihood. In the framework of Scott and co-authors, likeli-
hood and intensity are to be considered as integrated mea-
sures of hazard that fit with the concept of hazard as a
situation with potential for damage.

Parente and Pereira (2016) expressed a risk framework
for a case study of Portugal, expanding the seminal ideas of
Verde and Zézere (2010). Also in their case, risk is obtained
by integrating the static hazard map with HRVAs and
related vulnerability. Fire hazard is considered by blending
the pixel-by-pixel fire probability, which accounts e.g. for
human pressure in determining ignition, with a spatially
distributed ‘wildfire favourability score’ that depends on
land use - vegetation cover and topography. Such frame-
works share with ours the fact that susceptibility is not only
linked by fire ignition probability but also by the favourable
conditions for its spread, which enhance the possibility of
fire occuring in a given location. However, the framework of
Parente and Pereira is intrinsically dependent on the proba-
bilistic rating of different scenarios, assigning a probability
to different scenarios of total annual burned area.

Finally, recent works by Ghorbanzadeh and co-authors
(Ghorbanzadeh et al. 2019a; Gholamnia et al. 2020;
Tavakkoli Piralilou et al. 2022) considered susceptibility
obtained via ML techniques applied to topographic, anthropic,
land cover/land use and climatic inputs as a stand-alone proxy
for wildfire hazard, to be expanded to a full-fledged risk
analysis using social and infrastructural vulnerability indicators.

Materials and methods

In this section, the data and the algorithms used in the
analysis are described in detail.
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Study area

The study area includes the following countries: Italy,
Slovenia, Croatia, Western Balkans (Albania, Bosnia and
Herzegovina, North Macedonia, Montenegro, Kosovo' and
Serbia), Greece, Cyprus, Bulgaria and Turkey. Together,
they embrace a vast area (~1612500 km?) characterised
by a large number of different biogeographical regions:
Mediterranean, continental, Alpine, Anatolian, Pannonian
and Black Sea biogeographical regions (European
Environment Agency 2002). Following the Koppen-Geiger
climate classification (Beck et al. 2018), most of the area is
characterised by either ‘hot-summer Mediterranean climate
(Csa)’, especially along the coast, ‘semi-arid climate (BSk)’,
especially in internal continental areas, and ‘Mediterranean-
influenced warm-summer humid continental climate (Dsa,
Dsb, Dfb)’, especially in mountain areas and in the interior
regions of eastern Europe and Turkey. Given the high diver-
sity of environments, vegetation typically ranges from
Mediterranean maquis to broadleaf woods to coniferous
trees especially in the high-elevation areas, but also large
portions of grasslands. Most of the area is characterised by
heavy anthropic impact on the distribution of vegetation
species, mainly for agro-forestry purposes. In the last dec-
ades, the abandonment of traditional agricultural and for-
estry activities has led to reforestation and to possible
impacts on biodiversity (Plieninger et al. 2014 and reference
therein) but also to potentially positive effects on carbon
sequestration (Novara et al. 2017).

Burned area database

Proper wildfire susceptibility mapping relies on a dataset of
past burned area polygons. In this analysis, the European
Forest Fire Information System (EFFIS) burned area data-
base was adopted for all countries in the study area. The
main dataset provides the burned area recorded from 2008
to 2019. The wildfire polygons were then merged and pro-
jected to a binary working raster (which accounts for the
presence—absence of wildfire). In this way, information
about the burned frequency per pixel is not present in the
dataset. This procedure can decrease the impact of pasture
agricultural fires in the final analysis (Trucchia et al. 2022).

This database provides the label for the classification
procedure to the training set and the test set through ran-
dom sampling of the pixels (see Methodology subsection).
The wildfire database encompasses a total of 10 118 burned
polygons corresponding to a grand total of 2922532 ha
burned. As a further validation procedure, another dataset
from EFFIS was retrieved, corresponding to the 2020-2021
burned areas, which includes 7204 polygons summing up to
1100217 ha burned.

Climatic database

Several climatic layers were considered. The two main
data sources were provided by ERAS5 data, i.e. the fifth-
generation European Centre for Medium-Range Weather
Forecasts (ECMWF) reanalysis for global climate and
weather. These are: the Climate Change Knowledge
Portal (CCKP), that is, the hub for climate-related infor-
mation, data and tools for the World Bank Group (World
Bank Group 2021), and the Copernicus Climate Data Store
— CCDS (Hersbach et al. 2018). The climatic layers
retrieved from CCKP are the ERAS layers (retrieved for
the time window 1991-2020) corresponding to mean pre-
cipitation, maximum number of consecutive dry days,
maximum temperature, mean temperature, number of
summer days and number of tropical nights. From CCDS,
the layer of soil moisture averaged for the years
1991-2020 was retrieved.

The map of the Koppen—-Geiger climate classification, avail-
able at 1-km resolution for the present-day (1980-2016) was
also retrieved (Beck et al. 2018).

The climatic layers are summarised in Table 1.

Land use/land cover layers

The main data source used for defining vegetation cover
variables is CORINE Land Cover 2018 (CLC2018). The ras-
ter obtained, containing the CORINE code for the pixels,
was processed to obtain the neighbouring vegetation vari-
ables, which express vegetation continuity over the ana-
lysed landscape. Vegetation continuity was the most
important aspect in previous studies conducted in Italy
(Trucchia et al. 2022) where local and very detailed fire
perimeters were used in the analysis. The results from that
study show that the spatial continuity of very flammable
species is the main factor responsible for large and
uncontrollable fires. However, the continuity of mature
and undisturbed broadleaf forests limits the expansion of
large wildfires. For this reason, neighbouring percentages of
vegetation variables were included in the large-scale analy-
sis. For each pixel, a Moore neighbourhood of order 2
(resulting in the 24 surrounding pixels having a total area
of 2.5 x 2.5km?) was estimated (see Fig. 1). The frequency
of appearance of the vegetation types was then computed.
For instance, in the case where a pixel is completely sur-
rounded by CLC2018 code ‘311’, that is, broadleaf vegeta-
tion, the variable ‘perc_311’ is set to 1 while all the other
‘perc_XXX’ variables are set to 0.

Aside from CORINE data, the Tree-Cover Density (TCD)
layer provided by Copernicus and available from the
Copernicus Land Monitoring Service (Langanke et al
2013) was used to characterise each pixel.

'This designation is without prejudice to position on status, and is in line with United Nations Security Council resolution (UNSCR) 1244 and the
International Court of Justice (ICJ) Opinion on the Kosovo declaration of independence.
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Table |I. Description of the climatic layers adopted.

Climatic layer Resolution (km) Description

Source

Average of yearly accumulated

Number of days in the longest period without
significant precipitation of at least | mm (days)

Average maximum temperature (°C)
Average mean temperature (°C)

Average count of days where the daily
maximum temperature surpassed 25°C (days)

Average count of days where the daily
minimum temperature remained above

Volumetric soil water (layer |), 0-7 cm

Climate Change Knowledge Portal 1991-2020

Climate Change Knowledge Portal 1991-2020

Climate Change Knowledge Portal 1991-2020
Climate Change Knowledge Portal 1991-2020
Climate Change Knowledge Portal 1991-2020

Climate Change Knowledge Portal 1991-2020

ERAS5 monthly averaged data on single levels

Mean precipitation ~55
precipitation (mm)
Maximum no. of consecutive ~55
dry days
Max temperature ~55
Mean temperature ~55
Number of summer days ~55
Number of tropical nights ~55
20°C (days)
Soil moisture ~25
Koppen—Geiger climate ~74

classification

Eight climate classes of K&éppen—Geiger (-)

from 1979 to present, from Copernicus
Climate Data Store

Beck et al. (2018)

Broadleaves

Grassland

Anthropic layers

A dataset accounting for anthropic effects in the fire regime
was incorporated into the analysis with the following layers:

(1) 2015 Population Density retrieved from the NASA
Socioeconomic Data and Applications Center (SEDAC) prod-
uct Gridded Population of the World, Version 4 (GPWv4)

(2) Distance from cultivated land, elaborating Corine Land
Cover data

(3) Distance from urban areas, again elaborating Corine
Land Cover data.

Topographic layers

The following layers related to topographic information
were incorporated into the analysis:

(1) The Digital Elevation Model (DEM) from the Multi-
Error-Removed Improved-Terrain (MERIT) DEM
(Yamazaki et al. 2017)

Sclerophyllous

Fig. 1. A representation of the Moore
Neighbourhood and the ‘neighbourhood percent-
Shrubs ages’ of vegetation classes obtained (vegetation con-
tinuity). Any other neighbour vegetation type not
represented in the image is set to 0%.

(2) Slope, obtained from the DEM by the means of
Geospatial Data Abstraction Library (GDAL) libraries
(3) Aspect components, northing and easting (Olaya 2009).

All climatic variables are summarised in Table 1, and all the
other variables in Table 2.

Methodology

Susceptibility map

The proposed methodology for computation of the wild-
fire susceptibility map is based on an ML algorithm (Tonini
et al. 2020; Trucchia et al. 2022) structured as a classifica-
tion task. It is based on the Random Forest Classifier (RF)
(Breiman 2001) used to find a functional relationship
between the dependent variable (the label, in this case wild-
fire occurrences) and the independent variables (the predis-
posing environmental factors). RF is a widespread technique
when it comes to studying a wide range of natural hazards
such as floods (Nachappa et al. 2020a), landslides
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Table 2.

Input data for the susceptibility mapping: non-climatic layers for predisposing factors and observed variable (burned areas).

Input data Source

Description

CORINE land cover CopernicusA

Copernicus tree cover density (TCD) Copernicus®
Digital Elevation Model (DEM)

Burned areas EFFIS®

MERIT DEM (Yamazaki et al. 2017)

Land cover raster file of Corine 2018 at 100-m resolution
Density of the forestry areas at European level at 100-m resolution
Raster file related to the elevation in metres for the study area

Historical burned areas retrieved from EFFIS (data ranging from 2008
to 2019)

Ahttps://land.copernicus.eu/pan-european/corine-land-cover.

Bhttps:/land.copernicus.eu/pan-european/high-resolution-layers/forests/tree-cover-density.

https://effis.jrc.ec.europa.eul.

Table 3. The wildfire susceptibility classes subdivisions.

Susceptibility classes Percentile ranges Description

Three-class thresholds

| 0-25 Low

2 25-75 Medium
3 75-100 High

Five-class thresholds

| 0-30 Very low
2 30-50 Low

3 50-80 Medium
4 80-95 High

5 95-100 Very high

The three-classes general levels are used to classify the susceptibility map
when used as one of the two inputs of the expert judgement-based hazard
contingency matrix. The five-classes subdivision is used to assess the perform-
ance of the susceptibility map.

(Ghorbanzadeh et al. 2019b) or even multi-hazard analyses
(Nachappa et al. 2020b).

The predisposing factors considered are geographic data
(elevation, slope, aspect, land cover/fuel cover), climatic
data (ERAS5 layers, Koppen—Geiger climate classes) and
anthropogenic data (population density, distance from set-
tlements and crops), as shown in detail in this section.

All the input layers involved in the creation of the predis-
posing factor dataset were rasterised and rescaled to a spatial
resolution of 500m, adopting the EPSG:3035 ETRS89-
extended/LAEA FEurope coordinate reference system. The
dataset covering the entire study area was randomly sampled
in order to split the data into a training and a testing set. First,
a sampled set is generated by merging all national sampled
subsets. These latter are built by taking into account 30% of
the total number of burned pixels and the same number of
pseudo-absence pixels (that is, pixels that have not experi-
enced a wildfire according to the wildfire historical dataset)
associated with each country. Finally, the sample dataset
obtained in this way is split into training and testing sets
by randomly selecting 75 and 25% of the pixels respectively.
The resulting dataset summarises the geo-topographical and
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Table 4. Brief description of the different model configurations
with their identification code.

Experiment Experiment description

code

El Model configuration with the whole set of
predisposing factors

E2 Neighbouring vegetation variables are removed

E3 Climate variables are removed

E4 The unique climate variables kept in the feature
dataset are the mean precipitation and mean
temperature

climatic conditions of all the different countries and has the
property of being balanced, that is, the number of burned
pixels is equal to the number of non-burned pixels (pseudo-
absences). This allows better training of the ML model, which
otherwise would overestimate the most frequent label.
Consequently, the RF model was trained on the training
dataset and evaluated over the test dataset to compute per-
formance indicators. In this work, we use as performance
indicators the area under the receiving operator characteristic
(ROC) curve (AUC) and the mean square error (MSE)
(Trucchia et al. 2022), which are cited below. In addition,
we also tested the models on a validation dataset that referred
to a temporal period not included in the data used for train-
ing, namely, the burned area information for 2020 and 2021.

The output susceptibility can be visualised in several
ways, retaining the raw continuous values or classifying
them through a given choice of percentile values (see
Table 3). In the first percentile choice, the susceptibility
was divided into three classes (from Low to High).

This classification helped to build the susceptibility/wild-
fire intensity contingency matrix for assessing wildfire hazard.

This choice aims at reducing the complexity of the con-
tingency matrix: the intensity layer is crossed with low,
medium or high likelihood of experiencing a wildfire. This
subdivision, which uses a low number of classes, is more
suitable to identify the wildfire hazard levels than a
five-class configuration for the susceptibility, introducing
less subjectivity to the computation.
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In the second configuration, five classes were defined
(from Very Low to Very High susceptibility) once again
through specific percentiles.

This configuration is more aimed at an operational use of
the map, as it highlights the percentage of the territory most
prone to wildfires (e.g. 5% of territory extremely prone to
wildfires corresponding to the fifth class, 20% of highly

Table 5. Intensity classes are defined based on expert judgement
as a function of the vegetation cover codified by the third level of
CLCl8.

Intensity Description Typical vegetation

classes coverage

| Low-intensity surface wildfire Crops, grasslands

2 Medium-intensity surface Broadleaves, tree crops
wildfire

3 High-intensity surface wildfire Shrubs, sclerophyllous

vegetation

4 Very-high-intensity Conifers, mixed forest

crown fires

In particular, three types of surface wildfires ranging from low to high intensity
were defined, while the fourth class represents crown fires, affecting mainly
the coniferous vegetation typically associated with very high intensity.

susceptibility corresponding to pixels associated with Class
4 or 5, and so on), discriminating those areas from the part
of the territory characterised by lower susceptibility levels.

The latter subdivision was used to assess the performance
indicators on the validation dataset containing the burned
area for the years 2020 and 2021. Test pixels associated
with past wildfires are assigned to each of the above classes
and their susceptibility distribution can be visualised by a
histogram. If the susceptibility map is well built, most of the
testing wildfire pixels will then fall on the highest suscepti-
bility classes.

When the ML model was trained, its input features (i.e.
the predisposing factors) were ranked according to their
relevance assessed by computing the Gini impurity
(Breiman 2001) to identify the main drivers of wildfire
occurrence in the study area.

Four different ML model configurations were selected in
order to analyse how the contribution of vegetation and
climate variables have an impact on model outcome. This
allowed us to infer specific information on the behaviour of
the variables that are directly involved in the wildfire sce-
nario (Table 4). The tested configurations include a standard
model with the whole ensemble of predisposing factors, a
model that does not use the neighbouring vegetation

}

- Burned areas
2020-2021

-4_|_

Geo-climatic
dataset [r—
\ Pseudo-absences
Pseudo-absences A 4
Training
dataset 1
75% of pixel
Burned areas Random forest
2008-2019 classifier
'y 25% of pixels Test ) 1
dataset |
Validation ]
IE@ Performances

y

I
.IPerformances I |
-1 I

Hazard contingency matrix

CORINE

3rd level

[ Input

Fig. 2.
RF classifier is trained using information on wildfire occurrences (to get labels of training data) and the related geo-
climatic predisposing factors on selected burned and unburned pixels. The model is then used to classify each pixel
of the geo-climatic dataset, producing a susceptibility map. A wildfire intensity map is produced inferring categories
from land use/land cover data. Susceptibility and Intensity classes combine to produce the output hazard map.
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Schematic representation of the adopted methodology for wildfire hazard assessment and mapping. An
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Fig. 3.

variable (vegetation continuity), a model that excludes the
climate variables, and finally an experiment with a simpli-
fied set of climate variables, where only the mean annual
cumulative precipitation and the mean annual temperature
are kept, similarly to the approach to the Italian susceptibil-
ity mapping of Trucchia et al. (2022). The performance of
all such models in terms of ROC AUC and MSE is tabulated.
The importance of the predisposing factors in each of the
tested configurations is then discussed.

Intensity map

Different approaches are available to compute wildfire
intensity and/or behaviour. Some of them rely on empirical
relationships between fuel cover, fuel structure, and a worst-
case scenario for fuel moisture and wind conditions. The one
adopted in this work is simpler and relies on expert-based
classification.

Here, the identification of different intensity classes is
based solely on vegetation cover. In particular, four classes
of wildfire severity were defined on the basis of the fuel type
codified following the third level of CLC18 land use (see
Table 5).
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Susceptibility map divided into five classes based on the defined percentile values of Table 3.

Hazard map

In the proposed framework, the hazard map is obtained as a
function of both the susceptibility and intensity layers (Fig. 2).
As the intensity has been aggregated into categories, the
susceptibility is also aggregated via a quantile-based analysis
of the continuous distribution of susceptibility in the study
area. As mentioned before, the input susceptibility is divided
into three main classes: Low, Medium and High susceptibility
(see Table 3). For the hazard assessment, a contingency matrix
is adopted. The matrix takes as inputs the susceptibility classes
(rows) and the intensity classes (columns), then six hazard
levels are defined according to expert judgement.

The hazard classes numerical values range from 1 to 6.
From lowest to highest, they correspond respectively to Very
Low, Low, Medium, Medium-High, High and Extreme wildfire
hazard. The matrix is designed in a way such that high levels
of hazard are present in relation to medium/high probability
of wildfire occurrence coupled with high/very high potential
severity. In the case of very high levels of wildfire intensity
and high susceptibility, the hazard is assigned an extreme
value. Low/medium intensity values are always associated
with low to medium-high hazard levels.
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Table 6. Association between land cover codes from CLC2018
and the intensity classes described in Table 5.

CLC 18 class Description Intensity class
211 Non-irrigated arable land |
212 Permanently irrigated land |
213 Rice fields |
221 Vineyards |
222 Fruit trees, berry plantations 2
223 Olive groves 2
231 Pastures |
242 Complex cultivation patterns |
243 Land principally occupied by |

agriculture, with significant

areas of natural vegetation
244 Agro-forestry areas 2
311 Broad-leaved forest 2
312 Coniferous forest 4
313 Mixed forest 4
321 Shrub and/or herbaceous |

vegetation associations
322 Moors and heathland 3
323 Sclerophyllous vegetation 3
324 Transitional woodland/shrub 3
331 Beaches, dunes, sands |
332 Bare rock |
333 Sparsely vegetated areas 2
334 Burnt areas 3

All codes corresponding to non-vegetated areas are aggregated into a code
‘0 — not burnable’.

Results

Wildfire susceptibility, intensity and hazard obtained through
the methodology above were estimated for the study area.
Evaluating the trained ML model over the whole geo-
topographical and climatic dataset allows retrieval of the
estimated probability value associated with the pixels of the
study area. In this way, the susceptibility output is charac-
terised by continuous values between 0 and 1, which are then
aggregated into the classes shown in Table 3. The resulting
susceptibility map refers to the base configuration (with the
full ensemble of predisposing factors) and is shown in Fig. 3.

Wildfire potential intensity maps are defined over the
whole study area, based on the land cover information
retrieved from CLC18 at the third level of detail
Aggregating such classes as discussed in Table 5 and
detailed in Table 6 allows definition of the areas in which
wildfires are expected to be more severe solely as a function
of the vegetation type.

As a result of such spatial fuel aggregation, the intensity
map is shown in Fig. 4.

The hazard map in the eastern European Mediterranean
countries selected for this study is provided through a con-
tingency matrix (Fig. 5) that takes as inputs susceptibility
and intensity. It is shown in Fig. 6.

Performance of ML model for susceptibility
mapping

In the following, the RF model performance is assessed,
considering the different model configurations adopted.
Indicators like the ROC AUC and MSE are evaluated for
different testing datasets. Those indicators use the raw sus-
ceptibility values, without any percentile-based aggregation.
Particular attention is given to the importance of the vari-
ables assessed with different methods such as the Gini
impurity or the drawing of partial dependence plots. The
objective is to get a better understanding of the main pre-
disposing factors’ role associated with wildfires. The latter
factors can be included in four main variable classes: cli-
matic, vegetational, topographical and anthropic. Particular
focus on the role of the neighbouring vegetation variable,
especially compared with the local land cover information,
is given. The first testing dataset is provided by random
sampling of the 25% of pixels from the ML predisposing
factors dataset, as mentioned in the Methodology section.
The second set includes the ensemble of all the wildfire
burned areas retrieved by EFFIS in the years 2020-2021
that were never used for the RF classifier’s training phase.

Table 7 shows the ROC AUC values and the MSE as well
for the two datasets.

The model configuration including all the predisposing
factors performs better than the others, as expected. Good
performance in terms of AUC and MSE is also achieved
removing the neighbouring vegetation; however, in the fol-
lowing analyses, we illustrate how this affects the suscepti-
bility mapping. Excluding the eight climate variables results
instead in a decrease of the AUC values as well as an increase
of the MSE for both the test pixels and the fire validation set.
Introducing just two climate variables (experiment E4), one
observes a definite improvement in the ROC AUC indicator.
These results confirm that the climatic variables have an
important role in assessing wildfire susceptibility, as will be
described in the following paragraphs, but also that including
more variables, up to eight, (see Table 1) does not improve
model performance in a linear way, mainly owing to the
physical correlation between many climatic variables. Fig. 7
shows the Pearson correlation coefficient matrix of the pre-
disposing factors, highlighting the high level of correlation
between the climatic variables.

The ROC curves evaluated for the validation dataset
(2020-2021 burned areas) are plotted in Fig. 8.

As an additional computation, the distribution of suscep-
tibility over the burned areas of 2020-2021 is assessed. The
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Fig. 4. Wildfire potential intensity map in the eastern European Mediterranean countries. Blue, yellow and red represent the
different intensity levels associated with the occurrence of surface fires. Purple identifies the possibility of having severe canopy

wildfires, mainly owing to the presence of conifers.
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Fig. 5.

Hazard contingency matrix (for increasing hazard levels from | to 6). It combines the input

classes of intensity (columns) and susceptibility (rows). Every entry of the matrix is the hazard level
relating to a specific susceptibility and intensity class.

susceptibility is aggregated into the classes of Fig. 3. In
general, the more test burned pixels fall in the upper fifth
percentile of the susceptibility distribution, the more reli-
able the map is in identifying fire-prone areas. Fig. 9 reports
the results of this analysis.

Testing the susceptibility mapping over the most
recent burned areas gives makes it possible to understand
whether the model is working as expected, reaching a
good level of generality and the ability to overcome
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issues related to overfitting on the training dataset. Here,
most of the burned areas were characterised by a medium
or high level of susceptibility, with more than 60% of pixels
falling in the two highest susceptibility classes.

Ranking drivers’ importance

Ranking the importance of the driving variables is a crucial
step to gain a fully explainable Artificial Intelligence (XAI)
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Fig. 6.
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Hazard map of the study area. It is a categorical map with six classes, from Very Low to Extreme. Red and violet pixels

cover the areas in which a severe wildfire has a high probability of occurring.

Table 7. The performance indicators evaluated using both the test dataset that include a random selection of pixels in the adopted dataset
corresponding to burned areas 2008-2019, and the validation dataset of burned area values for 2020-2021.

Model Experiment code Test pixels of training burnt Pixels of training years burnt area
polygons 2020-2021
MSE ROC AUC MSE ROC AUC

All variables El 0.182 0.789 0.282 0.833

No neighbouring percentages E2 0.183 0.787 0.292 0.822
vegetation

No climate E3 0.203 0.742 0.250 0.767
Simplified climate E4 0.192 0.770 0.285 0.819

The indicators refer to the four model configurations adopted.

framework, as it is of paramount importance that the results
of the ML techniques can be understandable by scientists,
end-users and practitioners. XAl is the opposite of the con-
cept of the ‘black box’ in ML where even its designers cannot
explain why an AI procedure led to a specific decision
(Barredo Arrieta et al. 2020). Analysis of the drivers’

importance mainly relies on the Gini index (Breiman
2001) computed via the sklearn Python package
(Pedregosa et al. 2011). The post-processing on the trained
RFs allows an estimation of variable importance in defining
the predicted label based on the Gini impurity, which is
evaluated at the different nodes in the tree estimator’s

427


https://www.publish.csiro.au/wf

A. Trucchia et al.

International Journal of Wildland Fire

(a) Features correlation matrix

1.0
o8 e |

] 0.6

perc_0 -

- 0 - [ |
perc_211 - ||
perc_212 -

] 00

perc_213 -

perc_221 -

perc_222 -

perc_223 - - 0.0
perc_231 -

perc_242 -

perc_243 - |

perc_244 -
perc_311 - H B

perc_312 -
perc_313 -
perc_321 -

perc_322 -
perc_323 - |

perc_324 -
perc_331 -

perc

332 -
perc_333 -

perc_334 -
perc_241 -
perc_335 -

branches. The feature importance histograms show the nor-
malised impact of each driving variable on the model out-
come, so that the sum of all the importances is always one.
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Fig. 7. In this figure, the Pearson correla-
tion coefficient matrix is plotted. Blue, red
and white cells respectively represent posi-
tive, negative and no correlation between
the entries. In (a), all the predisposing fac-
tors are considered, while (b) portrays a
subset of the whole matrix showing the
correlation between the climate factors.
The analysis was carried out using all the
information of the training dataset (see
Materials and methods section). Cl stands
for mean precipitation, C2 for the maximum
number of consecutive dry days, C3 for the
maximum temperature, C4 for the mean
temperature, C5 for the annual number of
hot days, Cé for the number of summer
days, C7 for the number tropical nights,
C8 for the soil moisture.

Several importance graphs are plotted. In particular, Fig. 10
shows the relative importance of the main categories, sepa-
rating climate (green), topographic (red), vegetational
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Fig. 9. Histogram showing the frequency of burned pixels in the
years 2020-2021| for each susceptibility class. More than 85% of the
pixels fall in the 50% most susceptible areas (including the Medium,
High and Very High classes) while more than 60% of pixels are found
in High to Very High susceptibility classes.
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Fig. 10. Importance bar plot for all the predisposing factors for

Model configuration El, which accounts for the whole set of inputs.
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Fig. 11. Importance barplot for climatic variables of Fig. 10, with
the different Képpen—Geiger one-hot-encoded variables that have
been summed into the category ‘koppen’. From more to less impor-
tant, C| stands for mean precipitation, C2 for the maximum number
of consecutive dry days, C8 for the soil moisture, C4 for the mean
temperature, Cé for the number of summer days, C3 for the maxi-
mum temperature, C7 for the number of tropical nights, C5 for the
annual number of hot days.

(pink) and anthropic (blue) components. In this choice, the
categorical variables that are split into several predisposing
factors through one-hot encoding (Potdar et al. 2017) are
represented with their own importance, without performing
any aggregation. The results indicate that climate and
topography are definitely the most important factors, fol-
lowed by anthropic factors and finally by vegetation.

The plots shown in Figs 11-13 report the importance of
the various parameters for each category.

Concerning climate, the first three parameters in the
ranking are all related to precipitation, followed by param-
eters related to air temperature. The eight climate indices
from the Koppen-Geiger climate classification are in the
lowest part of the ranking (in the plot, we show the sum
of the importance of each Koppen index that comes from the
one-hot encoding of the related categorical variable).
Despite the highest resolution, these variables are almost
unused in the classification.

For topography, slope and elevation are more relevant
than exposure, whereas considering anthropic factors, pop-
ulation density and the distance from urban areas are more
important than the distance from crops (Fig. 12a, b).

For vegetation, TCD is the first parameter in the ranking
of Fig. 13. Most fires in the study region spread to rural areas
and shrublands where the TCD is very low. In addition, high-
density forests are mostly represented by old mature forests
where the frequency of fires is extremely low compared with
rural areas and shrubland. Importantly, vegetation continu-
ity of the different vegetation classes remains among the
most important factors. All parameters related to the class of
vegetation itself in each pixel are almost unused in the
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algorithm if compared with the respective, spatially aver-
aged, neighbouring percentage variables.

Almost all parameters characterised by the highest rank-
ing are related to the continuity of fine and flammable
vegetation from transitional woodland/shrubland, shrub-
lands, rural areas, grassland and sclerophyllous vegetation.
However, the third position in the ranking is represented by
broadleaf forest. In this ranking, high importance of the
parameter does not necessarily mean high frequency of
wildfire but only that in many cases highly discriminating
decisions of the random trees are taken considering that
parameter. This is in line with the results obtained at
national scale and is even more important for the larger-
scale study region considered here.
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from the categorical ‘vegetation’ class after a one-
hot encoding procedure.

Important information comes from considering the total
importance of each category after opportune aggregation
into groups (see Fig. 14). Climate variables emerge as the
most important category, confirming that climate plays a
crucial role for estimating susceptibility at the supranational
scale of the study area. The second position is taken by the
neighbouring percentage vegetation (perc), which has been
considered separately from TCD and the vegetation itself
(veg). The ranking continues with the topographic and
anthropic categories. TCD and the vegetation of the single
pixel are less important.

Given its importance, it is thus important to analyse in
detail the role of neighbouring vegetation: from a modelling
point of view, the dataset includes a number of features
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Fig. 14. Gini importances aggregated by category and summed for
display purposes. Climate, climatic variables; perc, neighbouring veg-
etation variables; topography, topographic variables; anthropic,
anthropic variables; TCD, Tree Cover Density; veg, vegetation of
the single pixel that has been encoded into several binary variables.

equal to the number of vegetation types, as explained in the
Materials and methods section, whereas the important con-
tribution comes from the sum of all such features. However,
these features represent partial information, because they
give solely the percentage of a specific type of vegetation per
pixel and not the whole composition of vegetation in the
surrounding area. In contrast, the other categories represent
an ensemble of different variables, even if they belong to the
same more general category (i.e. climate). Having clarified
this aspect, it is thus important to note that neighbouring
vegetation always has importance higher than 20%, while
the vegetation of a single pixel is always under 5%. The
continuity of vegetation, then, truly impacts the choices of
the ML algorithm, giving much more information than just
the local land cover data. This result highlights the role of
the neighbouring vegetation shown in the first part of this
section, offering quantitative evidence for its impact on the
model. Climate is indeed very important in discriminating if
a pixel has a higher or lower probability of burning.
However, as shown by Fig. 11, Table 1, climate information
in the analysed experiment includes nine variables, which
also have a potential high degree of correlation. In fact, they
show a very similar importance, where each value has a
weight ranging from 5 to 6%.

The importance plots for experiments E2, E3 and E4
follow similar trends to the ones shown in this paper, with
the obvious removal of some columns from Fig. 10 (which
expresses the ranking for the complete set of inputs) but
respecting, with few limited exceptions, the same ranking.

In conclusion, both climate and neighbouring vegetation
add important information to the dataset, helping the model
to get more accurate results. The variable describing vege-
tation continuity is considerably the most relevant, expres-
sing the full potential if coupled to at least two climatic

variables. The vegetation of an individual pixel does not
improve model classification when vegetation continuity is
not included. In that case, the climatic and topographic
variables have the largest impact on the final classification.

Performance of hazard mapping

A method for testing the hazard map is proposed in this
section. Validating the hazard map is not a trivial task, as it
gives information on wildfire probability and severity that
cannot be directly tested either on the whole historical set of
wildfires or on a random sampling of it. To cope with the
limits of data availability on fire severity for the period
2008-2019, validation focused on the most severe wildfires
occurring in summer 2021 in southern Turkey. For the event
considered, the Union Civil Protection Mechanism (UCPM)
was activated.

The situation was summarised by ERCC (Emergency
Response Coordination Centre) through a dedicated European
Civil Protection and Humanitarian Aid Operations (ECHO)
daily map (Fig. 15a) (ERCC - Emergency Response
Coordination Centre 2021).

The frequency of the hazard classes belonging to each
pixel was estimated in the areas burned in this event, as
reported by the ECHO map, showing that ~70% of the
burned area was characterised by high and extreme hazard
classes; see Fig. 15b.

The results obtained in such hazard distribution histo-
grams show that these wildfires took place in very hazard-
ous areas. The majority of the burned pixels are
characterised by hazard classes equal to or greater than 5,
which indicates that High and Extreme wildfire hazard was
expected in such areas. These results offer concrete support
for a positive validation of the hazard map, underling the
ability to identify the portion of the territory that is most
frequently affected by intense wildfires.

Discussion

By embracing a wide-scale study area characterised by dif-
ferent climates, we found that climate indices play a major
role in wildfire hazard assessment. In this case, climate helps
to discriminate, within the same class of vegetation, those
areas that are potentially more susceptible to wildfire. For
instance, in terms of wildfire hazard, it is essential to dis-
criminate between Mediterranean pines and mountain
spruces within the class conifers. However, shrubs and scler-
ophyllous vegetation are not always characterised by very
high hazard depending on the current climatic conditions,
but climate change could increase their level of hazard in
the future. For these reasons, it is urgent to implement
prevention activities by encouraging the establishment of
shared priorities based on objective and reliable wildfire
hazard assessment and mapping. A key opportunity for
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discriminating between priorities is to consider wildfire risk
scenarios by including the exposed elements, in terms of
their vulnerability and value, thus identifying areas
characterised by very-high-risk scenarios.

Among the four categories of drivers considered here,
vegetation and anthropic features are the only drivers that
can be managed by landscape planners and fire managers
through specific interventions such as fuel treatment in
highly populated areas and expansion of broadleaf forests.

As an additional remark, the validity of the maps pro-
duced holds as long as no major change affects the input
layers, such as land cover, anthropic layers, or the climatic
conditions. In order to better reflect changes in climatic
conditions and land use, such maps should be updated
when input data change significantly, also providing new
data for the burned areas that constitute the observed varia-
ble in the susceptibility modelling.

Conclusions

This work analysed the factors controlling susceptibility to
wildfires in a large region of ~1 612 500 km?, encompassing
eastern Mediterranean countries from Italy to Turkey, using
open-data sources on burned area, climate, topography,
anthropic features and vegetation. The susceptibility map
highlighted the importance of climate and vegetation conti-
nuity in susceptibility assessments. Vegetation continuity
has a twofold role: on the one hand, continuity of high
flammability fuels is the main factor responsible for severe
fire events; on the other hand, continuity of native broad-
leaved forests may limit the propagation of large wildfires.

The preliminary results of the risk mapping process and
of the susceptibility maps discussed in this work are cur-
rently being refinement through: (i) use of more accurate
local data, (ii) consideration of the seasonality of the phe-
nomena, (iii) implementation of ad hoc spatial validation
procedures. A more thorough factor importance analysis,
with a special focus on the impact of different vegetation
types, is ongoing.

In conclusion, we believe that the preliminary results of
the introduced risk mapping process open a relevant path to
restoration and adaptation strategies, fostering the objec-
tives of the European Union (EU) Biodiversity Strategy
for 2030.

The methodology presented in this work has been adopted
for the development of wildfire risk mapping guidelines
through the ongoing European program IPA Floods and Fires
(IPAFF), which targets the Western Balkans (Albania, Kosovo?,
Montenegro, Serbia, North Macedonia, Bosnia-Herzegovina)
and Turkey. The authors of this work are currently developing,
together with national and local experts of a regional working

group across the Western Balkans and Turkey, advanced tools
and methodologies to build capacities in wildfire risk assess-
ment and mapping, considering static hazard and risk map-
ping across national boundaries.
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