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Abstract

Wildfires are an increasing threat to Mediterranean ecosystems and populated areas. This
study proposes an innovative static wildfire risk assessment methodology for the Apu-
lia Region (southern Italy). The framework produces a Fire Risk Global Index (FRGi)
by spatially combining two sub-indices related to risk, which are hazard and vulner-
ability, in line with European Community and United Nations guidelines. Hazard is
quantified through five sub-indices—vegetational, historical, climatic, morphological, and
anthropogenic—combined into a Long-Term Danger Index (LTDi). Vulnerability integrates
ecological, economic, and wildland-urban interface components into a Fire Vulnerability
Index (FVi). All processing was performed in an open-source GIS environment (QGIS)
at a spatial resolution of 20 m, ensuring full reproducibility for public administrations.
Preliminary validation confirms the internal consistency of the model, demonstrating a sta-
tistically significant relationship between risk classes and historical fire occurrence. Beyond
its scientific contribution, the methodology serves as an operational tool for civil protection
planning at the regional scale.
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1. Introduction

Wildfires represent a significant danger to both people and the environment, especially
in densely populated areas. The 2024 Report of the Joint Research Centre of the European
Commission on forest fires in Europe, the Middle East and North Africa [1] shows that
2023 was one of the five worst years for wildfires in the EMEA area since 2000. The fires
affected more than 500,000 hectares of natural land, equivalent to approximately half the
island of Cyprus. In recent years, catastrophic fires have been frequent in the European
Union and neighbouring countries. 2023 was no exception: Several fires broke out in
this area that could not be controlled using traditional firefighting means, the so-called
“megafires”, including a fire near the city of Alexandroupolis, in the Greek region of
Eastern Macedonia and Thrace. This was the largest single fire recorded in the EU since the
European Forest Fire Information System (EFFIS) began monitoring them in 2000 [2]. Italy,
on the other hand, in 2023 faced wildfires that devastated a total area of 1073 km?2. Of this
area, approximately 157 km? consisted of terrestrial forest ecosystems. Of these, 63% were
composed of broadleaved evergreen species such as holm oak forests and Mediterranean
scrubland; 17% were coniferous forests; and 15% were deciduous broadleaved forests,
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predominantly mixed with oak species. The 2023 fires in Italy were significant both in
terms of the extent of the areas affected, second only to 2021 over the past six years, and
in terms of their concentration in specific provinces. Compared to 2022, there was a 36%
increase in total burned area and a 6% increase in burned forest area alone [3].

The impact of climate change on wildfires becomes more evident each year. The EFFIS
report highlights a clear upward trend in fire danger levels, longer fire seasons, and more
frequent and rapidly spreading megafires that traditional firefighting methods struggle to
contain. Fires are no longer confined to Southern Europe but are becoming an increasing
threat to regions of Central and Northern Europe as well [4]. More than 90% of forest fires
in the EU are caused by human activities [5]. In Italy, this trend is particularly evident, as
only 2% of fires are attributable to natural causes. Furthermore, according to Turco et al. [6],
the recent increase in fire activity in certain areas may be linked to socio-economic changes,
which, together with climatic ones, can create landscape configurations that are even more
hazardous and unpredictable; new and more up-to-date tools capable of responding to the
emerging needs of wildfire planning and management are therefore required.

The use of static and dynamic fire models, such as increasingly accurate hazard
and vulnerability maps, can provide decision support during the forecasting phase and
consequently in prevention activities [7]. These tools supply Civil Protection authorities
and decision-makers with the resources needed to address occasional anomalies in seasonal
fire trends. Static wildfire risk maps are crucial tools for forest fire management, as they
incorporate various factors to assess fire risk [8]. Indeed, risk zoning is often required
by specific regulations in regional plans for the planning of forecasting, prevention and
active firefighting activities. These maps typically combine static indicators such as terrain
characteristics (elevation, slope, aspect) and proximity to roads and settlements with
dynamic factors such as fuel moisture conditions [9,10].

In the scientific literature, the proposed methodologies differ and also vary according
to the territorial context [11,12]. Furthermore, risk assessment inherently requires the
evaluation of both hazard and vulnerability [13]. Spatial risk assessment constitutes a fun-
damental pillar of wildfire risk management, grounded in the capacity to map and prioritise
fire hazards alongside exposed and vulnerable assets. This process generates essential
information for identifying areas at elevated risk, ultimately guiding strategies related to
wildfire preparedness, prevention, mitigation, and post-fire recovery planning [14].

All these topics cannot be addressed without the use of geomatic and geospatial
technologies. Such technologies have established themselves as a foundational element
in the understanding, management, and mitigation of wildfire impacts, offering a wide
and versatile range of tools and methods applicable across the various stages of wildfire
research. These encompass pre-fire management activities such as risk assessment and
predictive modelling, real-time fire detection and monitoring through advanced instru-
ments including UAVs and satellite sensors, as well as post-fire assessment and ecosystem
recovery, integrating remote sensing, GIS, and Google Earth Engine (GEE). In this way,
geospatial technologies provide invaluable knowledge both for the scientific community
and for policymakers. Through the systematic analysis of wildfire risk factors, these tech-
nologies enable stakeholders to prioritise resource allocation and implement effective land
management strategies. In this regard, Khan et al. [15] conducted a comprehensive review
of the scientific literature, highlighting the pivotal role of geospatial technologies in wildfire
research. Geostatistical approaches are fundamental in the field of forest fire science, given
the spatial characteristics of the phenomenon as well [16].

Geographic Information Systems (GIS) are commonly used to integrate these various
factors [17], as they allow the incorporation of territorial variables such as vegetation
type, climatic factors, and proximity to water bodies [18]. The geospatial approaches for
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developing risk indices are numerous, and several examples can be found in the literature.
The most notable ones are based on the application of machine learning algorithms to
various fire-predisposing factors or on the assignment of weights to those factors [7,19-21].
Furthermore, these approaches are increasingly being applied to other aspects of forest fire
planning, such as active firefighting operations [22]. In Italy, in addition to examples of
methodologies applied at the regional scale [23], there are regulatory references that define
the discipline in this field from both a legislative and a technical standpoint [24-27]. The
present study is situated within the Italian context.

In this work, a new methodology is proposed and applied in the context of the
Apulia Region for the assessment of static fire risk based on morphological, vegetational,
climatic, and anthropogenic factors. The innovative character of this methodology lies in
the development of a Fire Risk Global Index that accounts for both hazard and vulnerability
aspects, in line with the framework proposed by the European Community [28]. The
various complex sub-indices that constitute the risk index were computed in an open-
source GIS environment, which represents one of the fundamental elements of the study,
given that the open-source approach is already widely adopted in the scientific community
for wildfire studies [29], though often using methodologies that require advanced technical
expertise and are therefore rarely replicable by public authorities [30]. Furthermore, all
indices and sub-indices were produced at the individual pixel level with a spatial resolution
of 20 m, thus enabling a local-scale assessment of risk. The risk mapping framework thus
structured, beyond its scientific value, has also an operational and applied significance, as
it has been incorporated into the Regional Plan for the Forecasting, Prevention and Active
Firefighting against Forest Fires 2023-2025 of Apulia Region [31].

2. Materials and Methods
2.1. Study Area

The Apulia region lies along the western edge of the Adriatic Sea and represents the
easternmost part of Italy (Figure 1). The region is characterised by a remarkable territorial
discontinuity, owing to the irregular development of its coastline and a highly varied
surface morphology. The total area of Apulia is approximately 19,350 km?: more than
half of the territory (53.2%) is flat, 45.3% is hilly, and just over 1% is mountainous [32].
The uniformity of the region’s orography results in modest climatic differences across its
various zones, influenced not only by the limited altitudinal variations but also by the
topographic configuration.

Based on data from the Regional Plan for the Forecasting, Prevention and Active
Firefighting against Forest Fires 20232025 of Apulia Region relating to the most recent
available year [31], Apulia ranks fifth among Italian regions by number of forest fires and
fourth, after Sicily, Sardinia, and Calabria, by burned forest area. Restricting the analysis
to fires exceeding 30 hectares in extent between 2008 and 2021, the Apulia region ranks
sixth nationally by total area burned. More specifically, during this period, there were
approximately 120 fires larger than 30 ha, with an average of approximately 150 ha per
event and 8.5 events per year.

Analysis of statistics from the past ten years confirms the seasonal nature of wildfires
in the region. The period from June to September concentrates nearly 93% of all fire events
recorded between 2012 and 2021, as well as almost 97% of the total area burned and over
97% of the forested area affected.

2.2. Indices and Subindices Calculation Methodology

Fire risk models should incorporate multiple interconnected components that account
for both fire behaviour dynamics and the surrounding environmental conditions [33,34].
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The goal of this integration is to produce a holistic assessment capable of estimating both
the likelihood of fire occurrence and its potential consequences [35]. In response to these
needs, the Three-Year Plan for Fire Forecasting, Prevention, and Active Firefighting of
Apulia Region has provided the framework within which an innovative static risk zoning
methodology was developed, centred on a dedicated fire risk index consistent with Civil
Protection guidelines [31]. Fire risk modelling constitutes a key decision-support tool for
Civil Protection planning and fuel management, with the overarching objective of reducing
wildfire damage. At different administrative levels, risk and vulnerability assessments
are a mandatory requirement for land-use planning and risk reduction programmes. In
recent years, the scientific literature has seen the proliferation of several methodological
approaches, ranging from integrated GIS models based on physical parameters to combined
physical/statistical and stochastic/causal frameworks. These studies have consistently
demonstrated the advantage of approaches that draw on multiple and heterogeneous data
sources [36-38]. The risk assessment framework developed in this study incorporates both
hazard and vulnerability components, in accordance with United Nations guidelines [39].
This approach systematically evaluates and weights the principal wildfire-contributing
factors, including vegetation characteristics and land cover patterns, climatic conditions,
topographic features, and socioeconomic variables. The resulting methodology produces
a combined map that classifies the regional territory into distinct risk categories at a sub-
municipal scale, in line with European Community requirements [40].
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Figure 1. Location of the study area and a representation of land cover by broad category. The map
also shows fire density for the period 2012-2021 to illustrate the distribution of this phenomenon
within the Apulia region.

The construction of indices and sub-indices requires the selection of an appropriate
combination strategy [41]. This study adopts a weighted additive model that substantially
reinterprets the approach originally proposed by Chuvieco & Congalton [42], first applied
in Spain and subsequently adapted to other territorial contexts. This approach is consistent
with standard Multi-Criteria Analysis (MCA) procedures [41,43-45]. The methodology
operates through the linear combination of variables, each assigned a specific weight
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reflecting its relative contribution to fire risk. Every variable is processed to account for its
weighted influence on hazard levels, and the final integrated hazard map is generated by
overlaying the various layers and indices according to the model’s criteria. Weight values
are derived through a normalisation procedure ranging from 0 to 1 [46,47]. Several authors
have acknowledged that weight assignment is inherently subjective, yet it generally reflects
the relative importance of each variable in elevating fire risk [41,42]. Each factor is classified
into discrete levels according to its expected influence on fire danger. Given the complexity
of the indices and sub-indices involved, a detailed workflow diagram was produced to
illustrate the multicriteria analysis process implemented in this study (Figure 2).

HAZARD VULNERABILITY

VEGETATION HAZARD INDEX -
VGi

VEGETATION CLIMATE HAZARD
HAZARD INDEX INDEX
VHi CHi MORPHOLOGICAL HAZARD
INDEX - MHi
SPECIFIC VULNERABILITY
HISTORICAL ANTHROPOGENIC INDEX - $Vi FIRE-AFFECTED AREA INDEX -
HAZARD INDEX HAZARD INDEX L2
HHi AHi FIRE CHARACTERISTICS
INDEX - FCi
ENVIRONMENTAL VALUE
MORPHOLOGICAL INDEX - EVi
HAZARD INDEX RESOURCES VALUE
MHi INDEX - RVi PROTECTI\"EP\;::\LUE INDEX -
A

ECONOMIC VALUE INDEX -
ECVi

VIABILITY VULNERABILITY
INDEX - VVi

WILDFIRE
VULNERABILITY
LONG TERM DANGER INDEX - WEVi

INDEX - LTDi

INTERFACE FIRE
RISK INDEX - IFRi

RISK

Figure 2. Workflow of the processed indices and subindices breaking it down into the sections related
to the calculation of hazard, vulnerability, and risk.

The analysis drew on datasets from two main sources: data provided by the Apulia
Region and publicly available online resources. All processing operations were carried
out using the latest version of QGIS 3.34.11-Prizren, exploiting both native modules and
dedicated plugins within the software.
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2.2.1. Hazard Subindices Calculation

The results of this process enabled the development of various sub-indices and indices
that are useful both individually and in aggregate. These were ultimately combined to
create the two final.

Hazard encompasses any phenomenon, circumstance, human activity, or condition
with the potential to cause various adverse impacts, including loss of life, injuries, health
effects, property damage, disruption of livelihoods and services, socioeconomic difficulties,
or environmental degradation [48]. The methodology incorporates five distinct hazard
indices: Vegetational Hazard Index (VHi), Historical Hazard Index (HHi), Climatic Hazard
Index (CHi), Morphological Hazard Index (MHi) and Anthropogenic Hazard Index (AHi).
The combination of these indices, weighted appropriately, produces the Long-Term Danger
Index (LTDi).

Vegetational Hazard Index (VHi). The fuel map supplied by the Apulia Region was
used as the primary input for developing the VHi. The data is freely provided by public
authorities upon specific request in a metadata-rich vector format. The fuel map was
created by integrating remote sensing data (LiDAR) with measurements taken partly in the
field and partly in the laboratory, using the models proposed by Scott & Burgan [49] as a
reference. In the context of forest fires, a fuel map is a spatially explicit representation of
the distribution, type, and structure of vegetative fuels present in a given territory, aimed
at describing the characteristics of the fuel bed that influence ignition, fire spread, and
fire intensity. Fuel maps classify vegetation into homogeneous units (fuel models) that
synthesise the physical and biological properties of fuels, such as fuel load, horizontal
and vertical continuity, the ratio of live to dead fuels, and their response to meteorological
conditions, making them suitable as inputs for fire behaviour models and fire spread
simulators [49]. The map is provided by the Apulia Region in polygonal vector format.

Each fuel model was assigned a numerical hazard value that reflects the pyrological
characteristics determining fire behaviour during a wildfire [50]. For this operation, the lin-
ear flame intensity curves (KW /m) associated with the different fuel models were examined
and considered, as reported in the dataset provided by the Apulia Region (Table 1).

Table 1. Rating of VHi values based on the linear flame intensity (KW /m) of each fuel model.

Fuel Model Linear Flame Intensity VHi Value

1 3500 KW /m 0.035

2 8000 KW/m 0.08

3 100,000 KW/m 1

4 40,000 KW /m 0.4

5 30,000 KW /m 0.3

6 60,000 KW /m 0.6

7 12,500 KW/m 0.7

8 400 KW/m 0.004

9 480 KW/m 0.0048

For the calculation of historical hazard (HHi), a map of fire occurrences [5,51] was
prepared for the period 2000-2021 from data provided by the Apulia Region. This dataset
served as input for the subsequent Kernel Density Estimation (KDE) with a radius of 5 km
and using as a weight the parameter of forested hectares burned given for each event.
The QGIS plugin used was Heatmap, which generates a density raster (heatmap) from an
input point vector layer by applying kernel density estimation. Density is determined by
the number of points within a given area, where higher concentrations of points produce
higher density values. Heatmaps make it easy to visually detect hotspots and areas where
points are clustered.
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The Climatic Hazard Index (CHi) represents another key metric in the assessment
system. The index calculation incorporates historical meteorological data from the Apulia
Region’s Functional Centre weather stations, specifically analysing three primary vari-
ables: maximum temperature averages, precipitation patterns, and relative humidity levels
(Figure 3). These parameters underwent processing through a mathematical model, with
the temporal scope varying according to each station’s available data records. The analysis
revealed that the structural components of temperature and rainfall demonstrate a strong
correlation with elevation, given the region’s limited longitudinal and latitudinal variation.
In contrast, humidity measurements showed no significant systematic correlations. To
account for local-scale variations, the stochastic component was integrated using ordinary
kriging interpolation techniques. This method generates estimates by interpolating ob-
served values, with each observation weighted based on its distance from the estimation
point. The analysis produced normalised raster layers for each climatic variable: tempera-
ture, precipitation, and relative humidity. These parameters were then combined using a
weighted formula that reflects each variable’s impact on fire propagation [52]. The weight-
ing scheme prioritises humidity as the most significant factor, followed by precipitation,
with temperature having the least influence.

Avarage relative humidity

Avarage precipitation

Figure 3. Climate variables maps used to calculate the CHi. Relative humidity values are expressed
in %, precipitation values in mm, and maximum temperature in °C.

The CHi calculation employs the following weighted Formula (1):
CHi = (Relative humidity * 0.45) + (Precipitation * 0.35) + (Temperature x 0.2) (1)

The methodology integrates two distinct analytical approaches to generate comprehen-
sive climate hazard assessments. A deterministic component analyses fixed geographical
parameters, with particular emphasis on the influence of elevation on meteorological
patterns. This relationship is evidenced by systematic variation in temperature and pre-
cipitation values along altitudinal gradients. In parallel, a stochastic framework addresses
localised climatic fluctuations that cannot be directly attributed to geographical variables.
This component captures the random variations and micro-climate effects present in the
data. The synthesis of these approaches in calculating the CHi creates a robust analytical
framework. By merging topographical data with probabilistic meteorological interpola-
tions from weather station measurements, the model generates high-resolution climate risk
mapping across the entirety of the Apulian territory.

The Anthropogenic Hazard Index (AHi) calculation [53,54] (Figure 4) integrates three
density-based components measured at the municipal level, combining transportation
infrastructure (Tld), agricultural density (Ad), and urban density (Ud), as shown in
Formula (2). Since these variables are originally defined at the municipal scale, their val-
ues were spatially assigned to all pixels within each municipality, assuming homogeneity
within administrative boundaries.

AHi = TId + Ad + Ud @)

The resulting index was subsequently normalised to a 0-1 range.
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The transportation infrastructure index (T1d) was derived using a 10 x 10 km reference
grid overlaid on vector data of the infrastructure network. For each grid cell, the index
represents the ratio between the area occupied by transportation infrastructure (assuming
a standardised 10 m road width) and the total cell area. The agricultural density (Ad) quan-
tifies the proportion of agricultural land within each grid cell. This was determined using
land-use classifications from the Apulia Region Nature Map [55], specifically identifying
areas designated for agricultural purposes. The urban density index (Ud) measures the
extent of urban-rural interface zones, defined by establishing a 50 m buffer around the
perimeter of urban aggregates within each cell. The final value represents the ratio between
these interface areas and the total cell area. The base vector datasets for the calculation
of TId and Ud were derived from OpenStreetMap [56], which represents a reliable and
well-validated source for extracting data related to buildings and all aspects of the urban
fabric [57]. By leveraging the direct OpenStreetMap query functionality available within
QGIS, the footprints of all buildings and infrastructure were downloaded.

M v

Transportation
infrastructure index
(TId)

Agricultural density

Urban density index
) (Ad)

(Ud)

0 25 50 km 0 25 50 km

0-0.2 02-04 04-06 06-08 08-1

Figure 4. Maps of anthropogenic variables used to calculate the AHi.

The last sub-index (MHi) derives from the combination of the two topographic ele-
ments most relevant to fire hazard assessment: slope and aspect (Figure 5). Slope influences
the preheating capacity of the fuel, accelerating the combustion process and consequently
the rate of fire spread [58,59].

Aspect map

0
0-0.2
02-04
0.4-0.6 0 30 60 km
0.6-0.8 o |
0.8-1.0

CNEERC

Figure 5. Slope and aspect maps used to calculate MHi.

Aspect influences solar radiation and wind patterns, and therefore temperature and
moisture levels. Slope and aspect were derived from a Digital Elevation Model (DEM) with
a spatial resolution of 20 m. The range of actual slope and aspect values was standardised to
a 0-1 interval (low hazard-high hazard). With regard to slope, normalised values increase
as the actual value increases, whereas normalised aspect values increase according to the
following order: NW-NE, E-NE, W-NW, E-SE, W-SW, SE-SW. The morphological hazard
index is obtained using the following Formula (3):

MHi = (Slope * 0.52) + (Aspect * 0.48) 3)
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https://doi.org/10.3390/geomatics6040079

Geomatics 2026, 6, 79

9 of 26

The weight values were assigned following the calculation of the Pearson correlation
coefficient between the dataset of actual fires recorded over the period 2000-2021 and slope,
and subsequently between the same dataset and aspect. This analysis revealed that slope
is more strongly correlated—albeit marginally—with fire occurrence than aspect, and the
MdI calculation formula reflects this finding accordingly.

These five sub-indices must, however, be combined with one another in order to
compute the Long-Term Danger Index (LTDi). They were weighted and summed to
derive the LTDi, which was subsequently normalised to a 0-1 range. The formula for the
calculation of the LTDi is as follows (4):

LTDi = (Vhi * 0.387) + (Hhi * 0.242) + (Chi % 0.124) + (Ahi % 0.124) + (Mhi * 0.124)  (4)

The weight values were assigned through a Pairwise Comparison approach using
a matrix based on the Saaty scale [46,47]. The resulting matrix is then used to calculate
the relative weight of each element, helping to determine the overall priorities. All raster
datasets were resampled to match the spatial resolution of the finest-resolution layer so
as to preserve the spatial detail carried by the higher-resolution variables. In this case, all
datasets were brought to the resolution of the VHi raster, as this layer represents the areas
with vegetative fuel cover and therefore the areas over which fire risk must be assessed.

2.2.2. Vulnerability Subindices Calculation

Vulnerability, defined as the characteristics of a system or asset that make it susceptible
to the harmful effects of a hazard [48], accounts for the potential damage caused by fire,
whether ecological, and therefore related to fire behaviour and ecosystem characteristics,
or economic, linked to the value of assets and resources affected by the passage of the fire
front [60]. The calculation of the Wildfire Vulnerability Index (W Vi) takes into consideration
and aggregates different aspects, each evaluated by a dedicated sub-index: the Specific
Vulnerability Index (SVi), the Fire Characteristic Index (FCi), and the Resource Value
Index (RVi).

The SVi estimates the potential capacity of an ecosystem to absorb the disturbances
caused by a fire of given characteristics. Vegetation can absorb the disturbance factor
both passively, through resistance, and through post-fire reconstitution, through resilience.
Specific vulnerability is the synthetic value of the combined resistance and resilience
capacity. Drawing on the vegetation type information provided by the Forest Category
Map of the Apulia Region, resistance (RS) and resilience (Re) values were assigned to
each vegetation category; in both cases, values range from 1 to 5, where 5 represents the
maximum resistance and resilience. For both parameters, a high value corresponds to a low
degree of vulnerability. Consequently, a specific vulnerability is calculated as follows (5):

Svi=1 — [(Rs * Re)/25] (5)

The values for resistance and resilience are those listed in Table 2 [61,62].

The FCi provides an estimate of the degree of damage that a fire can cause to exposed
elements, soil and vegetation, independently of the characteristics of those elements. Fol-
lowing a synthetic approach that accounts only for static parameters, the calculation of the
FCi is proposed as the sum of 3 sub-indices, two of which have already been described
above: (a) the Vegetation Hazard Index (VHi); (b) the Morphological Hazard Index (MHi);
(c) the Fire-affected Area Index (FAi).

The FAi assigns to each pixel a value representing the historical fire occurrence of
that area, expressed in terms of both the extent and the number of past fire events. The
reference data are contained in the fire perimeters (polygons) covering the period from 2012
to 2021, produced by the relevant public authorities and provided in vector format. Higher
normalised values indicate that the area has been affected by fire in a greater number of
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years within the period considered. After summing the three sub-indices, the FCi is then
normalised to a range of 0 to 1.

Table 2. Resistance and Resilience Scores for each forest type.

Forest Type Resistance Score Resilience Score
Artificial poplar plantations 4 4
Other broadleaved plantations 2 4
Conifer plantations 2 2
Sessile oak, downy oak and ” 4

pedunculate oak forests
Turkey oak, Hungarian oak,

Macedonian oak and Valonia 3 4
oak forests
Hop-hornbeam and hornbeam forests 3 3
Chestnut forests 4 4
Beech forests 4 3
Hygrophilous forests 4 2
Other deciduous broad-leaved forests 3 3
Holm oak forests 3 4
Cork oak forests 5 4
Mediterranean pine forests 2 4
Black pine, Corsican pine and Bosnian 5 4
pine forests
Other conifer forests 2 4
Wooded pastures 1 4
Natural grasslands, meadows and 1 5
uncultivated land
Temperate climate shrublands 3 4
Magquis and Mediterranean shrublands 3 4
Other evergreen broad-leaved forests 3 4

Another complex sub-index contributing to wildfire vulnerability is the Resources
Value Index (RVi). This sub-index expresses the damage and/or potential negative changes
that fires cause to the natural elements with which they interact, and is derived from the
weighted sum, subsequently normalised, of EVi (Environmental Value Index), PVi (Protec-
tive Value Index), ECVi (Economic Value Index), and VVi (Viability Vulnerability Index).

For the calculation of the EVi, two indicators contained in the Nature Map dataset
of the Apulia Region [55] are used. The first is the Ecological Value Index (understood as
naturalistic quality), which provides a map highlighting areas where particular features
of environmental naturalness are present. The values assigned to the Ecological Value
Index range from 1 (very low ecological value) to 5 (very high ecological value). The
second sub-index is the Environmental Fragility Index, which represents the vulnerability
of the territory from the perspective of natural environment conservation. It is the result
of combining the indices of ecological sensitivity and anthropogenic pressure, where
ecological sensitivity is understood as the intrinsic predisposition of each individual biotope
to the risk of degradation, and anthropogenic pressure as the disturbance exerted upon
it by human activities. The values assigned to the Environmental Fragility Index range
from 1 (very low environmental fragility) to 5 (very high environmental fragility). The
two sub-indices are summed with assigned weights to obtain the EVi.

The PViis developed on the basis of the regional hydrogeological constraint map. Itis a
binary map (classes 0-1) that identifies the absence (0) or presence (1) of the hydrogeological
constraint as defined by the Landscape Plan of the Apulia Region. The economic value
(ECVi) is expressed by assigning a score to the vegetation types included in the forest
typology map of the Apulia Region, consistent with their direct economic function (Table 3).
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Table 3. Index of the economic score assigned to each forest type. A score of 5 represents greater
economic value.

Forest Type Economic Score

Artificial poplar plantations
Other broadleaved plantations
Conifer plantations
Sessile oak, downy oak, and pedunculate oak forests
Turkey oak, Hungarian oak, Macedonian oak and
Valonia oak forests
Hop-hornbeam and hornbeam forests
Chestnut forests
Beech forests
Hygrophilous forests
Other deciduous broad-leaved forests
Holm oak forests
Cork oak forests
Mediterranean pine forests
Black pine, Corsican pine and Bosnian pine forests
Other conifer forests
Wooded pastures
Natural grasslands, meadows and uncultivated land
Temperate climate shrublands
Magquis and Mediterranean shrublands
Other evergreen broad-leaved forests

W WNWWWERNEREROWONWWERE G NN

Finally, the VVi expresses the potential damage from vegetation fires to infrastruc-
ture and to users travelling along the road network within the municipal territory. It is
established a priori that the vulnerability of the road network to fires increases in relation
to the number of users. Therefore, using a layer that incorporates the classification of the
forest road network, as well as the regional road and railway network of Apulia, based
on physical and legal characteristics, each road type is characterised through the use of
specific attributes, and a vulnerability value is assigned to each category according to its
hierarchical level, determined in relation to traffic volume and user type. For each linear
element, a 50-metre buffer area is defined for VVi calculation.

By summing the sub-indices SVi, FCi, and RVi and subsequently normalising the result
to a 0-1 range, the Wildfire Vulnerability Index (WVi) is obtained, which brings together
the aspects accounting for the vulnerability of the various territorial elements.

Furthermore, it was necessary to calculate an additional vulnerability index that also
accounts for the wildland-urban interface zone, namely the Interface Vulnerability Index
(IVi) [63]. The wildland-urban interface is a particularly vulnerable zone due to the presence
of buildings and their appurtenances, infrastructure, and people. Settlements are especially
vulnerable where vegetation approaches and borders the built-up area. For the mapping of
interface fire vulnerability, the exposed elements within the interface zone are identified.
Each element is assigned a sensitivity value ranging from 1 to 10, according to the references
and tables provided in the operational manual of Civil Protection [25] and the Regional
Guidelines of Apulia Region [26]. The overall vulnerability of an area is calculated as the
sum of the products between the number of exposed elements for each sensitivity class and
the corresponding sensitivity value.

The 1Vi, together with the WVi, determines one of the two main synthetic indices,
namely the Fire Vulnerability Index (FVi). The FVi map is the result of the spatial union of
the WVi map and the IVi map, as the two maps address two distinct aspects of vulnerability,
the vegetation component and the urban component, respectively. In this case as well, the
resulting values were normalised.
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Vegetation Hazard Index MHi

0 25 50km
——

Normalized value

2.2.3. Risk Indices Calculation

The final phase of this methodology consists of the calculation of the various risk
indices, each representing the combination of selected sub-indices produced in the preced-
ing stages. A Fire Risk Global Index (FRGi) map was generated as a composite indicator
summarising the combined effect of hazard and vulnerability. An aggregated risk index
was proposed that prioritises risk to human life while also accounting for ecological and
socioeconomic dimensions. The first index is the Wildfire Risk Index (WfRi), derived from
the product of the two indices, LTDi and WVi. The second, the Interface Fire Risk Index
(IFRi), is the product of LTDi and IVi.

The Fire Risk Global Index (FRGIi) represents the final output of this methodology and
is obtained from the spatial union of the two preceding risk indices (WfRi and IFRi). The
spatial union of the two raster values, performed using a QGIS module, allows the values
of the two sub-indices to be combined, since both express a value relative to two different
territorial entities: namely, the hazard associated with vegetated areas and the vulnerability
associated with the interface area. The classification of the FRGi is defined by assigning a
normalised index value to each pixel. These values are subsequently reclassified into five
risk classes (low, medium, high, very high). In areas where the hazard and vulnerability
values are zero, a “low” risk rating has been assigned, as required by national guidelines.

3. Results

The methodology described in Section 2.2 enabled the development of five haz-
ard sub-indices, several vulnerability sub-indices, and the two final composite indices,
presented below.

3.1. Hazard Subindices

The five hazard sub-indices—VHi, HHi, CHi, MHi, and AHi—were calculated as
normalised raster layers, each represented as a map in which values approaching 1 indicate
higher fire hazard (Figure 6). The spatial resolutions and characteristics of the sub-indices
differ from one another, reflecting both the distinct scientific meaning of each indicator and
the differing nature of the underlying source data.

v v

Anthropogenic Hazard Index AHi Climatic Hazard Index CHi

Normalized value Normalized value

0 25 50km 0 25 50km
——— ———

Morphological Hazard Index MHi Historical Hazard Index HHi

Normalized value

Normalized value
[ — ]

1

0 25 50km
———

Figure 6. Maps of calculated hazard subindices.
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The five sub-indices were combined into the Long-Term Danger Index (LTDj, Figure 7),
which synthesises vegetational, historical, climatic, morphological, and anthropogenic
hazards into a single normalised (0-1) map.

Long Term Danger Index (LTDi)

Normalized value
|

0 1

0
B

Figure 7. Long-Term Danger Index map.

3.2. Vulnerability Subindices

The Specific Vulnerability Index (SVi) map (Figure 8) shows the spatial distribution of
ecosystem resistance/resilience capacity across the vegetation categories of the study area.

Specific Vulnerability Index (SVi)

Normalized value
B e
0 1

0
| .

Figure 8. Elaboration of the Specific Vulnerability Index (SVi) map.

The Fire-affected Area Index (FAi, Figure 9), based on 2012-2021 fire perimeters, was
combined with VHi and MHi to obtain the Fire Characteristics Index (FCi, Figure 10).

https:/ /doi.org/10.3390/ geomatics6040079


https://doi.org/10.3390/geomatics6040079

Geomatics 2026, 6, 79 14 of 26

Fire-affected Area Index (FA1i)
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Figure 9. Fire-Affected Area Index (FAi) mapping.

Fire Characteristic Index (FCi)

Normalized value

0
[ B

Figure 10. Fire Characteristics Index (FCi) map.
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The Resources Value Index (RVi, Figure 11) integrates the EVi, PVi, ECVi, and VVi
sub-indices into a single map of resource value exposed to fire damage.

Environmental Value Index (EVi) %« %) Economic Value Index (EVi)

Normalized value Normalized value

7 %
Viability Vulnerability Index (VVi) B Protective Value Index (PVi)

Normalized value Normalized value

0 1

Resources Value Index (RVi)

Normalized value

Figure 11. RVi map and its sub-indices.

Summing SVi, FCi, and RVi and normalising the result to a 0-1 range produced the
Wildfire Vulnerability Index (WVi, Figure 12).

Wildfire Vulnerability Index (WVi)

Normalized value

0
| |

Figure 12. Wildfire Vulnerability Index (WVi) map.
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The Interface Vulnerability Index (IVi, Figure 13) maps the exposure and sensitivity
of the wildland-urban interface. Two zoomed-in views are provided, given the relatively
small footprint of the 50 m interface buffers at the regional scale.

Interface Vulnerability Index (IVi)

Normalized value

Figure 13. Interface Vulnerability Index (IVi). Two zoomed-in views are provided to better appreciate
the map’s features, as the interface areas are so large (50 m buffers) that they are not very visible on a
regional-scale map.

The spatial union of WVi and IVi produced the Fire Vulnerability Index (FVi, Figure 14).

Fire Vulnerability Index (FVi)

Normalized value

0
|

Figure 14. Fire Vulnerability Index (FVi) map.

3.3. Risk Indices

The Wildfire Risk Index (WfRi) and the Interface Fire Risk Index (IFRi) are shown
in Figure 15.
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Wildfire Risk Index (WfRi)

Normalized value

Interface Fire Risk Index (IFRi)

Normalized value

Figure 15. Wildfire Risk Index (WfRi) and Interface Fire Risk Index (IFRi) maps. Two zoom levels are
provided to better appreciate the characteristics of the maps, as the interface areas are so large (50 m
buffer) that they are not very visible on a regional-scale map.

The Fire Risk Global Index (FRGi, Figure 16) represents the final output of the methodology.

Table 4 reports the distribution of the FRGi risk classes across the study area. The
results show a strongly asymmetric distribution: the vast majority of the territory (88%)
falls within the low-risk class, while higher-risk classes cover progressively smaller portions
of the study area, with the “very high” class accounting for less than half a percentage
point of the total surface area.
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FireRisk Global Index (FRGi)
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Figure 16. Fire Risk Global Index (FRGi) map.

Table 4. Area (in hectares and as a percentage) for each risk class.

Ha %
Low 1,703,057 88.00
Medium 177,057.6 9.15
High 47,111.2 243
Very High 7962.52 041
Tot 1,935,188 100

For a preliminary empirical validation of the methodology, the burned areas recorded
over the period 2022-2024 were intersected with the FRGi classes (Table 5). These tables
can be compared to facilitate a discussion of the results obtained in this regional context.

Table 5. Area (in hectares and as a percentage) burned during the 2022-2024 period for each risk class.

Ha %
Low 9262.32 53.62
Medium 6242.48 36.14
High 1569.96 9.09
Very High 198.88 1.15
Total 17,273.64 100

4. Discussion

In other Mediterranean regions, which are more similar in terms of geographical
context and legislation to the case study presented here, the methodologies used vary
considerably, particularly in the selection and specific evaluation of the factors to be consid-
ered when calculating indices and sub-indices. In addition to these different approaches,
there are also various methods for combining and aggregating these indices. However,
the common point of reference is often the final output and how public administrations in
different countries use it [64].

The methodology proposed here can be usefully compared with recent wildfire risk
and vulnerability assessments developed in other Mediterranean European countries shar-
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ing similar fire regimes, vegetation types, and land-use pressures. In Spain, more recent
efforts such as IberFire [65] have focused on building spatiotemporal datasets to support
national-scale risk assessment. In Portugal, wildfire ignition and susceptibility mapping
have similarly relied on GIS-based multi-criteria and, more recently, machine-learning
approaches integrating topographic, climatic, and anthropogenic factors [66]. In Greece,
several studies have applied the Analytic Hierarchy Process (AHP) within a GIS environ-
ment to derive wildfire hazard maps at the regional scale, combining geomorphological,
climatic, and anthropogenic variables in a manner conceptually close to the hazard sub-
indices adopted in the present study [67]. In south-eastern France, Riviere et al. [68]
proposed a multi-criteria ecological vulnerability assessment based on fuel load, fire return
interval, and forest management, while a broader stepwise vulnerability framework tested
across France, Greece, Italy, Portugal, and Spain [69] has highlighted persistent challenges
in harmonising data availability and resolution across national contexts.

Compared with these approaches, the present methodology shares the same general
MCDA /AHP philosophy but differs in two respects. First, it integrates hazard and vulnera-
bility into a single operational output (the FRGi) explicitly designed for direct incorporation
into a regional Civil Protection plan, rather than remaining at the stage of a research proto-
type. Second, it introduces a dedicated wildland-urban interface vulnerability component
(IVi). At the same time, the reliance on regional datasets specific to the Apulia Region
(fuel map, forest typology, hydrogeological constraints) mirrors a limitation common to
the Spanish, Portuguese, and Greek case studies cited above: cross-country comparability
remains constrained by the heterogeneity of national and regional data sources, even where
the underlying multi-criteria logic is broadly shared.

In Italy, at the level of forest fire planning, the static risk maps that are generally
produced are not integrated into other territorial management frameworks, both due
to a lack of regulatory recognition and because the information is often incomplete or
insufficiently tailored to the local context. Through their three-year wildfire plans, some
Regions provide detailed static risk maps at a high level of informational and spatial detail.
The methodologies used for their development vary considerably, and modifications to
the national guidelines are frequently proposed. On this basis, the present methodology
was developed with the aim of providing an innovative risk management tool capable of
generating data that can be used in multiple ways, both for site-specific assessments and
for aggregation at the municipal level. The final output has been incorporated into the
Plan of the Apulia Region 2023-2025 and is therefore employed as an operational tool for
wildfire risk prevention and forecasting activities across the region.

The innovative character of the methodology extends beyond the factors and variables
used to compute the sub-indices and indices and encompasses the operational workflow
itself. All indices and sub-indices were developed within a fully open-source GIS envi-
ronment, using QGIS as the primary platform for data processing, spatial analysis, and
cartographic output. The adoption of an open-source workflow was a deliberate and
methodologically significant choice, as it ensures full reproducibility of the methodology by
public authorities and regional administrations, which frequently lack access to proprietary
software licences. All geoprocessing operations, including raster algebra, vector-to-raster
conversion, spatial joins, buffer generation, and normalisation procedures, were carried
out using native QGIS algorithms and dedicated plugins, without reliance on any external
proprietary dependency. A key technical challenge in the implementation was the harmoni-
sation of datasets originating from heterogeneous sources, characterised by different spatial
resolutions, coordinate reference systems, and data formats (vector and raster). All layers
were reprojected to a common coordinate reference system (EPSG:32633—WGS 84/UTM
zone 33 N) and resampled to a uniform spatial resolution of 20 m, corresponding to that
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of the VHi raster layer, which defines the spatial extent of vegetated areas subject to fire
risk assessment.

In this study, all raster datasets were resampled to the resolution of the VHi raster,
as this variable directly represents the distribution and condition of vegetative fuel, a
fundamental element in fire ignition and propagation processes. The selection of the VHi
resolution is therefore consistent with the analytical objective, which is to assess fire risk at
the scale at which fuel is effectively observed. The adoption of a common spatial resolution
is necessary to ensure spatial coherence across the different input layers, as required in
GIS and remote sensing analyses, enabling pixel-wise comparisons among heterogeneous
variables. In this context, the VHi was treated as the driving variable, given its direct
connection to vegetation availability and stress, the primary controlling factors of fire risk.
Consequently, the remaining variables (climatic, topographic, and anthropogenic) were
adapted to this spatial scale, on the assumption that they can be adequately represented as
continuous or averaged fields within each VHi pixel. It is important to note that upscaling
coarser-resolution variables to the VHi grid may introduce a spatial representation that is
more detailed than the original information, potentially generating smoothing effects and
pseudo-replication. Nevertheless, this approach preserves the spatial detail of fuel-related
variables, which constitute the most relevant factor in fire risk modelling, while ensuring a
coherent basis for the integration of the different datasets.

The results should therefore be interpreted with reference to the VHi scale as the
analytical reference scale. This approach yields a spatial resolution (Figure 17) that supports
a multi-scale framework: it enables local-level risk assessment while also allowing data
aggregation according to planning requirements, given that prevention, forecasting, and
active firefighting activities are frequently organised on the basis of administrative units.

0 5 10 km

Classes || Low [ Medium [l High Il Very High

Figure 17. Two screenshots of the Fire Risk Global Indices (FRGi) for two areas in the Apulia region,
showing the resolution.

Fuel resolution is a determining factor in fire modelling, as it controls the spatial
distribution of combustible material and fire propagation. Furthermore, the integration of
heterogeneous variables in a GIS environment requires a common spatial reference, typi-
cally achieved through resolution harmonisation. The choice of analytical scale, therefore,
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depends on the phenomenon under study, and in the case of wildfires, it is consistent to
adopt the resolution of the variable that best represents the fuel [70]. Furthermore, the FRGi
was calculated exclusively over areas with vegetative fuel cover, meaning that urban and
anthropised areas were excluded from the analysis [49,71]. The assessment of the ability
of fire risk indices to predict fire occurrence is a widely addressed topic in the scientific
literature. In the present case, given the operational nature of the application, validation
was carried out through an analytical examination of selected statistics, with the aim of
demonstrating the internal consistency of the model in a statistically interpretable and
scientifically defensible manner. Future developments of the methodology are expected to
include a more robust statistical evaluation of index performance [72].

Based on the initial assessment of the distribution of classes across the region, it
shows that the pattern is typical of environmental risk indices and suggests that the fire-
predisposing factors, combustible vegetation, slope, aridity, and aspect, are not uniformly
distributed across the territory but are concentrated in specific and spatially limited areas.
This distributional behaviour has also been observed in other indices [73,74].

Moreover, for a preliminary empirical validation of the methodology, the burned areas
recorded over the period 2022-2024 were considered, and the hectares and percentages
falling within each risk class were calculated. Although this does not represent a formal
predictive validation, it provides an initial consistency check of the model, showing that
higher-risk classes are systematically associated with a greater proportion of burned areas.
The final result is significant: if the index were random or poorly calibrated, the distribution
of fire events should mirror that of the total surface area. Instead, a clear and systematic
divergence is observed; the higher-risk classes are massively overrepresented among
burned areas relative to their territorial extent. This can be assessed by comparing the
class-level percentages reported in Tables 4 and 5. The “medium” class proves to be the
most overrepresented (nearly 4 x), which carries a precise ecological interpretation: it likely
represents the most dynamically active transitional zone of the territory, where predisposing
conditions combine with a relatively larger available surface area. This pattern, a peak in
the intermediate class rather than in the highest one, is commonly observed in the literature
and often reflects saturation effects or the extreme rarity of “very high” risk areas. The
low class, accounting for 53% of the burned area, represents another noteworthy finding:
although 88% of the territory falls within the low-risk class, the sheer extent of that class
means that even a low per-unit-area risk generates a substantial share of total burned area
in absolute terms.

Regarding replicability, the methodology was developed and calibrated specifically for
the Apulia Region, and its direct transferability to other geographical and climatic contexts
cannot be assumed without appropriate adaptation. However, the deliberate choice of an
entirely open-source workflow, based on QGIS and publicly available datasets, represents
a significant step towards broader replicability. Unlike methodologies that depend on pro-
prietary software or highly specialised technical expertise, the proposed framework can, in
principle, be adopted and adapted by regional administrations and public authorities across
different territorial contexts, provided that equivalent input data are available. The modular
structure of the index system further facilitates this process, as individual sub-indices can
be recalibrated or replaced to better reflect the environmental, climatic, and socioeconomic
characteristics of different study areas. In this sense, the methodology aspires to serve
not only as a site-specific planning tool but also as a transferable and adaptable reference
framework for wildfire risk assessment at the regional scale. Moreover, building on the
structured foundation provided by the Saaty pairwise comparison method, future devel-
opments could explore data-driven approaches to weight calibration, including machine
learning techniques trained on historical fire data, as a means of further strengthening the
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objectivity of the index. Looking ahead, several directions appear particularly promising.
The integration of dynamic risk components would allow the framework to evolve into a
near-real-time risk-monitoring system, significantly enhancing its utility for operational
civil protection activities. Periodic updates of the input datasets, including vegetation maps
and climatic records, would further improve the temporal representativeness of the indices.
The methodology could also be extended and adapted to other Italian or Mediterranean re-
gions, contributing to the development of a more harmonised and comparable approach to
wildfire risk assessment across different administrative contexts. Furthermore, the method-
ology and operational activities carried out allow for rapid updates and modifications in
response to evolving needs and the strategies to be implemented.

5. Conclusions

The methodology presented in this study demonstrates that an integrated and re-
producible approach to static wildfire risk assessment can be developed entirely within
an open-source GIS environment, without relying on proprietary software or advanced
technical expertise that would limit its adoption by public administrations. The combined
evaluation of hazard and vulnerability, through a structured set of indices that account for
vegetational, climatic, morphological, anthropogenic, and ecological factors, allows for a
comprehensive and spatially detailed characterisation of fire risk at the regional scale. A key
strength of the proposed framework lies in its operational dimension. The incorporation of
the Fire Risk Global Index into the Regional Wildfire Plan of Apulia Region confirms that
scientifically grounded methodologies can be effectively translated into planning tools for
civil protection authorities, bridging the gap between academic research and institutional
decision-making. The results also highlight the importance of accounting for both the
hazard and vulnerability components when assessing wildfire risk, as neither dimension
alone is sufficient to capture the complexity of fire dynamics and their potential impacts on
ecosystems, infrastructure, and communities. The wildland-urban interface, in particular,
emerges as a critical zone requiring dedicated assessment approaches given the conver-
gence of natural and anthropogenic risk factors. Looking ahead, the methodology lends
itself to further refinement through the integration of dynamic risk components, improved
validation procedures, and adaptation to other regional contexts within the Mediterranean
basin. As climate change continues to extend fire seasons and increase the frequency of
extreme fire events, robust and accessible risk assessment tools will play an increasingly
central role in supporting prevention, preparedness, and land management strategies at
multiple administrative levels.
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Abbreviations
The following abbreviations are used in this manuscript:

VHi Vegetation Hazard Index
CHi  Climate Hazard Index

HHi  Historical Hazard Index

AHi  Anthropogenic Hazard Index
MHi  Morphological Hazard Index
LTDi  Long-Term Danger Index

SVi Specific Vulnerability Index

FCi Fire Characteristics Index
RVi Resources Value Index

FAi Fire-affected Area Index
EVi Environmental Value Index
PVvi Protective Value Index

EVi Economic Value Index

VVi Viability Vulnerability Index
WEVi  Wildfire Vulnerability Index
Vi Interface Vulnerability Index
WiRi  Wildfire Risk Index

FVvi Fire Vulnerability Index

IFRi Interface Fire Risk Index
FRGi  Fire Risk Global Index
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