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Abstract. Climate change is increasing the frequency and severity of wildfires across the Mediterranean, posing growing
risks to ecosystems, infrastructure and human communities. Robust methodologies for assessing wildfire risk under both
present and future climate conditions are therefore essential to support climate change adaptation. In this study, we develop
and empirically validate an integrated wildfire risk assessment framework for Greece following the Intergovernmental Panel
on Climate Change risk concept. Wildfire hazard, exposure and vulnerability are represented through climate, environmental
and socioeconomic indicators, while alternative hazard representations and aggregation approaches were systematically
evaluated against observed wildfire occurrence to identify the most accurate methodological configuration. The validated
framework was then applied to assess wildfire risk for the reference period (1995-2014) and under SSP2-4.5 and SSP5-8.5
scenarios for the near (2041-2060) and distant (2081-2100) future. The results demonstrated that aggregation behaviour
plays a critical role in determining the predictive performance of composite wildfire risk indices, with an Ordered Weighted
Averaging (OWA) approach providing a statistically significant improvement over conventional linear aggregation. Analysis
of component contributions identified hazard as the dominant contributor to wildfire risk across most municipalities,
although exposure and vulnerability remained important determinants of the final risk patterns. Future projections indicated a
widespread increase in wildfire risk throughout Greece, with the largest increases occurring under the high-end SSP5-8.5
scenario in the late century. The proposed framework provides a transparent and empirically validated basis for wildfire risk

assessment that can support climate change adaptation planning at national and regional scales.
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1 Introduction

Under changing climatic conditions, both fire danger and the frequency and extent of wildfires are expected to increase
across the Mediterranean basin (Carnicer et al., 2022, Rovithakis et al., 2022, Dupuy et al., 2020; Ruffault et al., 2020; Turco
et al., 2018). Recent projections suggest that southern Europe could experience up to a tenfold increase in the probability of
catastrophic wildfires by the end of the century, even under moderate climate change scenarios (El Garroussi et al., 2024).
Additionally, according to Griinig et al. (2023), the Mediterranean fire regimes are highly sensitive to changes in future
climate, with the probability of extremely large fires more than doubling by the end of the century. Based on the findings of
the first European Climate Risk Assessment (EUCRA), a seminal report intended to inform climate policy in Europe,
wildfire-related risks are already rated as critical in southern Europe and are expected to become catastrophic for biodiversity
and carbon sinks by the end of the century under high-emission scenarios. Together, these findings underscore the need for
improved wildfire risk assessment and climate change adaptation strategies at both European and national scales.

Consistent with the projections for the Mediterranean Basin, Greece is expected to face a warmer and drier future. Under the
high-emission scenario (RCP8.5), annual mean temperatures are projected to increase by up to 4.3°C across the country by
2100, while annual precipitation is projected to decrease by 16% (Georgoulias et al., 2022). According to Rovithakis et al.
(2022), under the same emission scenario, high fire danger days will increase throughout Greece with the eastern and
northern part of the country encountering increases by up to 40 additional days per year by the late 21st century.

Greece has already experienced a significant increase in wildfire frequency, severity, and extent, a trend driven by climatic,
socio-economic factors and land-use changes, including rural depopulation and land abandonment and the unregulated
expansion of the wildland-urban interface (WUI) (OECD, 2023). Further underpinning this, the recent report on wildfires of
the Organisation for Economic Co-operation and Development (OECD) for Greece, emphasizes that extreme forest and peri-
urban wildfires during the last two decades, such as those recorded in 2007 (Peloponnese), 2018 (Mati - Attica) and 2023
(Evros and Attica region), have repeatedly exceeded national suppression capacity, leading to severe environmental
degradation, economic damage and losses of human lives (OECD, 2024).

As suppression alone struggles to limit the growing impacts of extreme fire events, climate change adaptation should be a
central tenet of wildfire policy (OECD, 2023). In accordance with international shift on focus, the Greek National Forest
Strategy (2018-2038) explicitly acknowledges the impacts of climate change on forests and prioritizes climate adaptation in
the management of both forests and WUI areas (Ministry of Environment and Energy, 2018).

Comprehensive wildfire risk assessments are a fundamental step in wildfire management, as they provide the information
base for all prevention and adaptation policies and measures (OECD, 2023). A widely adopted approach for assessing
climate-related risk was introduced in the Fifth Assessment Report (ARS) of the Intergovernmental Panel on Climate Change
(IPCC), which defines risk as the potential for adverse consequences arising from the interaction of hazard, exposure and
vulnerability (IPCC, 2014). This framework is retained in the Sixth Assessment Report (AR6), which further emphasizes the

dynamic interactions among these components under climate change (IPCC, 2022). Within this framework, hazard refers to
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the potential occurrence of climate-related physical events or trends, exposure describes the presence of people, ecosystems
and assets that could be adversely affected, while vulnerability reflects their propensity to experience harm, including both
sensitivity and adaptive capacity.

Given that climate change-informed wildfire risk assessment remains underdeveloped in Greece (OECD, 2024), this study
develops and empirically evaluates a methodological framework for quantifying wildfire risk under both present and future
climatic conditions. Consistent with the IPCC risk concept, the proposed methodology integrates hazard, exposure and
vulnerability into a composite risk index at the municipal scale. Indicator weights are derived using the Analytic Hierarchy
Process (AHP), while alternative hazard representations and aggregation frameworks are systematically evaluated against
historical wildfire occurrence to identify the methodological configuration with the highest predictive performance. The
resulting composite risk index characterizes the spatial distribution of wildfire risk conditions across municipalities and is
subsequently applied under multiple climate change scenarios to assess future changes in wildfire risk. The following
sections describe the proposed framework, evaluate alternative hazard representations and aggregation frameworks, and

demonstrate its application for present and future wildfire risk assessment in Greece.

2 Methods and Data
2.1 Climatic and fire data
2.1.1 CMIP6 Global Climate Models (GCMs)

To calculate the hazard component of wildfire risk, daily climatic outputs from three CMIP6 Global Climate Models
(GCMs), available through the Copernicus Climate Change Service (C3S) Climate Data Store (CDS), were used. The GCM
sub-ensemble comprised the EC-Earth3-Veg (Ddscher et al., 2022), MPI-ESM1-2-HR (Miiller et al., 2018) and MIROC6
(Tatebe et al., 2019) models.

2.1.2 ERAS-Land reanalysis dataset

The ERAS5-Land reanalysis dataset (Muiloz-Sabater, 2019), available through the Copernicus Climate Change Service (C3S)
Climate Data Store (CDS), was used as the reference observational dataset for the statistical downscaling of climate
projections. ERAS-Land provides hourly estimates of land-surface variables at a spatial resolution of approximately 9 km
from 1950 onwards (Mufioz-Sabater et al., 2021). Daily maximum temperature, minimum relative humidity, mean wind

speed and total daily precipitation were extracted from ERA5-Land for the calculation of hazard indicators.

2.1.3 Fire statistics

Fire occurrence data were obtained from the Hellenic Fire Service for the 2000-2014 period. The original dataset reported,

among other information, the location name (without geographic coordinates) where the fire occurred, the date and time of
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fire ignition, and the area burned by land use type (including forests, forested areas, agricultural lands etc.). The location
name was used to identify the coordinates of each event. We cross-checked the location identification by visually inspecting
changes in Google Earth imagery for images taken before and after the reported wildfire date. Additionally, we cross-
checked wildfire location by inspecting whether it was identified in the Burn Scar Mapping (BSM) data portal
(http://ocean.space.noa.gr/diachronic_bsm/). An event was given a geolocation and maintained in the dataset only if it was

identified in either one of the satellite data sources.

2.2 IPCC risk framework and indicators selection

The selection of indicators for the assessment of wildfire risk was based on a comprehensive approach combining literature
review and stakeholder consultation. Key references included climate-related fire risk studies (Bacciu et al., 2021; Chuvieco
et al., 2023; El Mazi et al., 2024; Khan et al., 2026; Lamat et al., 2021; Nuthammachot and Stratoulias, 2021; Papanikolaou
et al., 2012; Marquez Torez et al., 2023) and European strategic reports and risk assessment frameworks (Oom et al., 2022;
Eklund et al., 2023). Indicators were chosen to comprehensively address the three IPCC risk components (hazard, exposure
and vulnerability) taking into consideration data availability. Stakeholders involved in our study further validated the

relevance and importance of the selected indicators, integrating both scientific and practical perspectives.

2.2.1 Hazard component

The climatic hazard component was assessed using indicators derived from the Canadian Fire Weather Index (FWI) System.
Developed as part of the Canadian Forest Fire Danger Rating System (CFFDRS), the FWI System has been operationally
adopted across Europe through the European Forest Fire Information System (EFFIS) since 2007. It is a meteorologically
based fire danger rating system that combines weather variables to estimate fuel moisture conditions, potential fire behaviour
and overall fire danger (van Wagner, 1987; Stocks et al., 1989).

To investigate the influence of hazard representation on wildfire risk assessment, three alternative hazard indicators derived
from the CFFDRS were evaluated: the Fine Fuel Moisture Code (FFMC), the Initial Spread Index (ISI) and the Fire Weather
Index (FWI). These indices represent complementary aspects of wildfire danger. FFMC primarily reflects the moisture
content of fine fuels and their susceptibility to ignition, ISI characterizes the potential rate of fire spread, while FWI provides
an integrated measure of overall fire danger by combining fuel moisture and expected fire behaviour (van Wagner, 1987,
Wotton, 2009).

For each indicator, the 90th percentile was calculated for the reference period (1995-2014) and for two future periods
(2041-2060 and 2081-2100) under the SSP2-4.5 and SSP5-8.5 climate scenarios. The use of the 90th percentile was
motivated by its widespread application as a robust indicator of extreme fire-weather conditions in the Mediterranean region,

particularly for FWI (e.g., Bedia et al., 2014), and by its previous application and validation in Greece (Varela et al., 2018).
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Although percentile-based thresholds are most commonly applied to FWI, the same approach was consistently adopted for
FFMC and ISI to enable a comparable representation of extreme fire-weather conditions across the three hazard indicators.

Daily fire weather indices were initially calculated separately for each GCM using daily mean temperature, minimum
relative humidity, mean wind speed and total daily precipitation. The resulting daily FFMC, ISI and FWI fields were
subsequently statistically downscaled following the methodology of Varotsos et al. (2023) and Karali et al. (2023), using
ERAS5-Land as the reference dataset. For each GCM, the 90th percentile (FFMC90, ISI90, FWI90) was calculated for the
baseline and future periods, and the ensemble mean of the three GCMs was subsequently used as the climatic hazard input

for the wildfire risk assessment.

2.2.2 Exposure component

In line with the IPCC risk framework (IPCC, 2014), exposure was quantified using indicators representing the spatial
distribution of forest areas, agricultural areas, protected areas, and the Wildland—Urban Interface (WUI), thereby capturing
the distribution of natural and socio-environmental assets potentially exposed to wildfire hazard (Table 1).

Forest and agricultural areas

Forest and agricultural areas were derived from the Corine Land Cover (CLC) 2018 of the Copernicus Land Monitoring
Service (Copernicus Land Monitoring Service, 2020) considering the third level of classification. Forest areas correspond to
the following class codes: 311, 312, 313, 321, 322, 323, 324, while the agricultural areas correspond to 211, 221, 222, 223,
224,231, 243, 244 classes.

Protected areas

Protected areas were derived from the World Database on Protected Areas (WDPA), the most comprehensive global
database on terrestrial and marine protected areas (UNEP-WCMC and IUCN, 2025). In the framework of this study, only the
polygons representing the terrestrial protected areas of Greece were extracted and used for further analysis.

Wildland-Urban Interface (WUI)

The Wildland-Urban Interface indicator was derived using the global WUI map developed by Schug et al. (2023). The
dataset distinguishes eight WUI classes. In this study, only classes 1-4 (intermix and interface WUI) were considered,

irrespective of the dominant vegetation type, to represent the presence of WUI at the pixel level.

Table 1: Hazard and exposure indicators together with their native resolution and data source.

Risk
Index Description Resolution Data source
component
Hazard FWI/FFMC/IST 90" percentile of the index 9km ERAS-Land (Muiioz-Sabater,

2019); CMIP6

sub-ensemble (Copernicus Climate
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Change Service, 2021)

Exposure Forests Binary presence of forests/forested 100m CLC 2018 (Copernicus Land
areas at pixel level Monitoring Service, 2018)
Agricultural Binary presence of agricultural 100m CLC 2018 (Copernicus Land
land areas at pixel level Monitoring Service, 2018)
Protected areas  Binary presence of protected areas - World Database on
at pixel level Protected Areas WDPA (UNEP-
WCMC & IUCN, 2025)
WUI Binary presence of WUI at pixel 10m Schug et al. (2023)
level

2.2.3 Vulnerability component: Sensitivity

Sensitivity subcomponent was assessed utilizing a set of biophysical indicators representing key environmental
characteristics that influence wildfire susceptibility and behavior, namely flammability, fuel load, slope, aspect and
proximity to power transmission networks (Table 2).

Fuel flammability

Fuel flammability was used as a proxy for the inherent propensity of vegetation types to ignite, sustain combustion and
contribute to fire spread, reflecting intrinsic structural fuel characteristics rather than the fuel moisture conditions represented
by the fire weather indices. In our study, flammability information was adopted from the study of Bacciu et al. (2021), where
a flammability index ranging from 1 (very low) to 5 (very high) was assigned to each CLC 2018 land cover type categories
based on the methodology of Xanthopoulos et al. (2012) and Corona et al. (2014). Xanthopoulos et al. (2012) developed a
flammability classification for 60 forest, shrubland, and grassland types in Europe and North Africa, which was subsequently
linked to the corresponding CLC 2018 classes by Bacciu et al. (2021).

Above ground biomass

To quantify above ground biomass available for combustion, two datasets describing live and dead fuels were used. The first
dataset is the global dataset of forest above-ground biomass (v5.01) developed by ESA Biomass Climate Change Initiative
(Santoro and Cartus, 2024). The dataset is based on Earth observation data from the Copernicus programme and other global
remote sensing sources at 100m horizontal resolution. It comprises of estimates of forest above-ground biomass, which is
defined as the mass, expressed as oven-dry weight of the woody parts (stem, bark, branches and twigs) of all living trees,
excluding stump and roots, for eight years between 2010 and 2021. In our study, the year 2010 was selected for further
analysis as was the only available for the period corresponding to current climatic conditions (i.e., 1995-2014). The second
dataset is the ECMWF Fuel Characteristics V2 global dataset (McNorton & Di Giuseppe, 2024) which involves above

ground fuel load and moisture content data. The dataset combines satellite observations and numerical weather prediction

6
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simulations and is available at a daily temporal step at 9 km spatial horizontal resolution. Daily data of dead (wood and
foliage) biomass were averaged for the years 2003-2014 in order to obtain an average status of dead fuel load for the current
climatic conditions per pixel. The final total above ground biomass was then calculated at pixel level by summing live and
dead fuel data from the abovementioned datasets.

Aspect and slope

Slope and aspect influence fire behavior as well as the area’s wildfire sensitivity because of their influence on both
vegetation flammability and fire spread. Aspect determines the amount of solar radiation a surface receives, which in turn
affects fuel moisture conditions. Faster drying vegetation and increased flammability is a common occurrence for south-
facing slopes in the Mediterranean (Mouillot et al., 2003; Oliveira et al., 2014; Robinne et al., 2018). Regarding slope, fires
tend to spread faster uphill due to the preheating of fuels ahead of the flame front (Rothermel, 1972). Steeper slopes further
enhance surface water runoff, reducing soil moisture retention thus making vegetation more prone to ignition (Sun et al.,
2023). Both aspect and slope indices were calculated in ArcGIS Pro utilizing the Copernicus Digital Elevation Model (DEM)
GLO-90 (European Space Agency, 2021). After their calculation, aspect and slope data were classified into 5 classes based
on the classification system proposed in the framework of LIFE Forest Cities (Local Authorities for Forest Fire Prevention)
project, focusing on assessing fire risk and developing fire prevention action plans for selected municipalities in Greece
(Papanikolaou et al., 2012).

Power transmission networks

An additional sensitivity indicator considered in this study relates to the distance from medium and high voltage power
transmission networks (>45 kV). Sensitivity zones were defined based on the distance from power transmission networks
and elevation, according to the technical specifications for the fire protection planning studies issued by the Hellenic
Ministry of Environment and Energy. Power line data for Greece were acquired from the OpenStreetMap (OSM) spatial
dataset (OpenStreetMap contributors, 2025) and were combined with elevation data (Copernicus DEM). In ArcGIS Pro, a
150-meter buffer was created for the transmission network, and altitudinal classes (0—-600 m, 600—1200 m, and >1200 m)
were assigned according to the Ministry’s specifications. The final sensitivity index was calculated at the pixel level,

integrating both proximity and elevation information.

2.2.4 Vulnerability component: Adaptive Capacity

Adaptive capacity was assessed following the vulnerability framework proposed by Eklund et al. (2023), which adopts an
indicator-based approach applicable across multiple natural hazards. Based on this framework, firefighter availability,
regional Gross Domestic Product (GDP), educational level and employment in the primary sector were selected as proxy
indicators of adaptive capacity, considering both data availability and their relevance to wildfire preparedness, response and

long-term landscape management (Table 2).
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Firefighters and volunteers

The density of firefighters and volunteers (expressed as number per km?) reflects the regional availability of human
resources to respond rapidly and effectively to fire events, thereby reducing potential damages and enhancing overall
resilience. Data for the calculation of the indicator were obtained directly from the Hellenic Fire Service, through personal
communication, and refer to the operational year 2023.

Occupation in the primary sector

The occupation rate in the primary sector (measured as the number of people employed per km?) was used as an additional
sensitivity indicator. This indicator captures the link between socio-economic trends and fire vulnerability in rural and peri-
urban areas. A lower density of workers in the primary sector is associated with the progressive abandonment of rural areas
which in turn leads to increased fuel accumulation. Moreover, the decline of agricultural and grazing activities in rural and
peri-urban areas, results in the loss of natural fuel breaks that can act as barriers to fire spread (Vilar et al., 2016; Colantoni et
al., 2020). To quantify this indicator, the number of people working in the primary sector per regional unit was obtained
from the Hellenic Statistical Authority (ELSTAT) (ELSTAT, 2020).

Educational level

Educational level was represented by the proportion of the population with tertiary education, following the indicator-based
vulnerability framework of Eklund et al. (2023). Higher educational attainment is associated with greater knowledge,
improved access to information and an enhanced capacity to respond to hazardous events and therefore contributes positively
to adaptive capacity. Data were obtained from the ELSTAT at NUTS2 level (ELSTAT, 2011).

Gross Domestic Product (GDP)

Per capita GDP was used as a proxy for the economic prosperity of each region (Eklund et al., 2023). Regions with higher
GDP are considered less vulnerable as they consider allocating greater financial resources to prevention, fire suppression
infrastructure and organizational capacity to respond to a fire event. Per capita GDP (in euros) was obtained from ELSTAT
(ELSTAT, 2022).

Table 2: Vulnerability indicators (sensitivity and adaptive capacity) together with their native resolution and data source.

Risk component  Index Description Resolution Source
Vulnerability Flammability Intrinsic  fuel flammability 100m Bacciu et al. (2021)
(Sensitivity) (vegetation-based)
Fuel load Above ground biomass (living 100m ECMWEF Fuel Characteristics v2
woody parts, dead foliage and (McNorton & Di Giuseppe, 2024);
dead wood) available for ESA Climate Change Biomass_cci:
combustion Global datasets of forest above-

ground biomass v3 (Santoro &
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Cartus, 2024)

Slope Terrain steepness; rate of 90m GLO-90 Copernicus DEM
elevation change (European Space Agency, 2021)
Aspect Orientation of slope; compass 90m GLO-90 Copernicus DEM
direction it faces (European Space Agency, 2021)
Energy Proximity to overhead power - Open Street Map (OSM)
transmission lines (>45kV) (OpenStreetMap contributors, 2025)
networks
Vulnerability Firefighters Permanent and  seasonal NUTS2 Hellenic Fire Service (authors
(Adaptive firefighters and volunteers of personal communication)
Capacity) the Fire Brigade (people/km?)
GDP Per Capita Gross Domestic NUTS2 Hellenic ~ Statistical ~ Authority
Product (in euro) (ELSTAT, 2022)
Educational Percentage of the population NUTS2 Hellenic Statistical Authority
level with tertiary education (ELSTAT, 2011)
Occupation in  People per km? working in the NUTS2 Hellenic Statistical Authority
primary sector primary sector (ELSTAT, 2020)

2.3 Indicator preprocessing and normalization

As the selected indicators differ in their nature and measurement scale, a series of preprocessing and normalization
procedures were applied before aggregation to ensure a consistent interpretation of the wildfire risk components. The
adopted procedures depended on the characteristics of each indicator and included binary classification, threshold-based
classification and min—max normalization.

Binary indicators, including forest areas, agricultural areas, protected areas and WUI, were retained as binary variables
representing the presence or absence of the corresponding feature.

For the slope and aspect indicators, the classification scheme of Papanikolaou et al. (2012) was applied. Slope was
categorized into three classes: 0—13% (normalized value of 20), 13.1-40% (60), and >40.1% (100)—while aspect was
classified into 0°-45° and 316°-360° (20), 46°—134° (40) and 271°-315° (60), and 135°-270° (100).

For the flammability index, the five-class system of Bacciu et al. (2022) was adopted (1.0-1.8: very low, 1.8-2.6: low, 2.6—
3.4: medium, 3.4-4.2: high, >4.2: very high), with each class assigned proportionally to the 0—100 normalized scale (20, 40,
60, 80, 100, respectively). Land cover types considered non-flammable were assigned a value of 0 to reflect the absence of

ignition potential.
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Finally, concerning the proximity to power transmission networks the classification proposed by the Ministry of the
Environment classification (Ministry of Environment and Energy, 2020) was implemented and the respective 0-100 values
were assigned as follows: (a) pixels outside the 150 m buffer zone (0), (b) pixels at the buffer zone at elevation <600 m
(100), (c) pixels at the buffer zone at elevation 600-1200 m (80), and (d) pixels at the buffer zone at elevation >1200 m (60).
Continuous variables (biomass, GDP, educational level, occupation rate in the primary sector) were normalized to a common
scale ranging from 0 to 100 using min—max normalization. This method converts all values to 0-100 scores ranging by
subtracting the minimum score, dividing by the range of the indicator values, and multiplying by 100 (GIZ & EURAC,
2017).
Hazard indicators were treated separately. Instead of statistical normalization, FFMC90, ISI90 and FWI90 were classified
using the operational thresholds adopted by the European Forest Fire Information System (EFFIS). This approach preserves
the operational interpretation of fire danger classes and ensures consistency with the thresholds currently used for wildfire
danger assessment across Europe.
Most indicators considered in this study were normalized using min—max scaling because they have either a finite range or
meaningful observed limits. However, by applying a min—max transformation to firefighter density (firefighters km2) would
assign the municipality with the highest observed firefighter density a normalized value of one, implicitly treating this
municipality as having full adaptive capacity. As the contribution of additional firefighting resources to adaptive capacity is
expected to decrease as density increases, firefighter density was transformed using a hyperbolic half-saturation function:

xi

AC = — ()

xi+k

where x; is firefighter density and k is the half-saturation constant. Half-saturation functions describe nonlinear responses in
which the response increases rapidly at low levels and progressively approaches an asymptote, with k representing the value
at which half of the maximum response is reached (Mulder and Hendriks, 2014). As there is no documented value defining k
for firefighters density, we chose to use the sample median (0.15 firefighters km?). This choice assigns the median
municipality an adaptive-capacity score of 0.5, providing thus a transparent and readily interpretable reference point for this
transformation.

For the adaptive capacity indicators the scale was inverted, with higher values representing lower adaptive capacity and,
thus, greater vulnerability. This adjustment ensures consistency across all indicators, aligning higher index values with
higher levels of fire risk.

Following preprocessing and normalization, all indicator values were aggregated to the municipal level by calculating the

mean value within each municipality. These municipal-level values were subsequently used in the wildfire risk assessment.

2.4 Indicator importance using the Analytic Hierarchy Process (AHP)

The relative importance of the wildfire risk components and indicators was determined using the Analytic Hierarchy Process

(AHP), a widely used multi-criteria decision-making (MCDA) method based on pairwise comparisons (Saaty, 1980). By
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explicitly incorporating expert judgment into complex decision-making problems, AHP has been extensively applied in
climate-related risk and adaptation assessments (de Brito & Evers, 2016), including wildfire risk assessment (e.g.,
Nuthammachot and Stratoulias, 2021; Abdo et al., 2022; Khan et al., 2026).

Pairwise comparisons were obtained through a structured questionnaire completed by an interdisciplinary panel of ten
experts with expertise in wildfire management, forestry, climatology, ecology, environmental science, environmental policy,
the Fire Service and Civil Protection. Experts evaluated the relative importance of the wildfire risk components and
indicators using Saaty's nine-point scale, where values range from 1 (equal importance) to 9 (extreme importance).

The AHP decision hierarchy used in this study is presented in Table 5. The overall objective (Level 0) was wildfire risk
assessment. The first hierarchical level comprised the three main risk components (hazard, exposure and vulnerability),
followed by the vulnerability sub-components (sensitivity and adaptive capacity) and the corresponding indicators. Pairwise
comparison matrices were analysed using the AHP Online System (AHP-OS; Goepel, 2018), which was used to calculate
local and global indicator weights, the Consistency Ratio (CR), and the consensus indicator (S*).

The Consistency Ratio (CR) was calculated to assess the logical consistency of expert judgments following Alonso and
Lamata (2006). A CR value below 10% was considered acceptable, ensuring the reliability of the derived weights (Goepel,
2018). Finally, the consensus indicator (S*) was calculated to quantify the overall agreement among experts, ranging from
0% (no consensus) to 100% (complete consensus). The resulting local weights were subsequently used in the aggregation

frameworks described in Section 2.5.

2.5 Indicator aggregation and composite risk calculation

Two aggregation frameworks were used to calculate the composite wildfire risk index. The first employed the conventional
weighted linear combination (Framework A), while the second was based on the Ordered Weighted Averaging (OWA)
operator (Framework B). In both frameworks, the relative importance of the individual indicators was represented by the
AHP-derived local weights.

Following the IPCC risk framework, wildfire risk was represented through the three core risk components (hazard, exposure
and vulnerability). Therefore, the comparison focused on alternative aggregation approaches applied to these components,
while maintaining a common weighting scheme for the underlying indicators (Figure 1). In Framework A, normalized
indicator values were first aggregated within each risk component using the corresponding AHP-derived local weights to
calculate the hazard, exposure and vulnerability component scores. The final wildfire risk index was subsequently obtained
through a weighted linear combination of the three component scores using the corresponding AHP-derived component
weights. This approach assumes full compensability among the three risk components, whereby low values in one
component can be completely compensated by high values from the others. Framework B followed the same procedure for
calculating hazard, exposure and vulnerability component scores. However, instead of combining the three components
using a weighted linear combination, the final wildfire risk index was obtained by applying the OWA operator directly to the

hazard, exposure and vulnerability component scores.
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The OWA operator is a multicriteria aggregation method that enables explicit control over aggregation behaviour while
preserving the relative importance assigned to the individual indicators during the calculation of the component scores
(Yager, 1988; Malczewski, 2006). Unlike the weighted linear combination, OWA allows the degree of compensation among
the three risk components to be adjusted through the orness parameter, which ranges from conjunctive (AND-like) to
disjunctive (OR-like) aggregation. Lower orness values favour more conservative solutions by giving greater influence on
lower component values, whereas higher orness values increasingly emphasize higher component values (Yager, 1996). By
applying the OWA operator at the component level, the conceptual structure of the IPCC risk framework is preserved while
alternative representations of the interaction between hazard, exposure and vulnerability are enabled.

To evaluate the influence of aggregation behaviour, four orness levels (0.2, 0.4, 0.6 and 0.8) were examined for each hazard
indicator (FWI90, FFMC90 and ISI90). For each configuration, wildfire risk was calculated and evaluated against observed
wildfire occurrence using Receiver Operating Characteristic (ROC) analysis (see Sect. 2.6). The same validation procedure
was applied to both aggregation frameworks to enable direct comparison of their predictive performance. The configuration
with the highest predictive performance was subsequently selected for the final wildfire risk assessment. OWA weights were
derived using a standard quantifier-based formulation (Yager, 1996; Xu, 2005), with full details provided in Appendix A.
The selected OWA configuration was subsequently applied consistently to the baseline and future climate scenarios.

The final wildfire risk was classified into five categories (low, moderate, high, very high and extreme) using the Jenks
natural breaks classification method. Classification thresholds were derived from the complete dataset, including the baseline
and all future scenarios and subsequently applied across all study periods to enable direct spatial and temporal comparison of

wildfire risk.
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Figure 1: Conceptual workflow of the two aggregation frameworks evaluated in this study.

2.6 Model validation and performance evaluation

The predictive performance of both aggregation frameworks was evaluated using observed wildfire occurrence at the
municipal level. Prior to validation, predominantly urban municipalities were masked and excluded from further analysis.
Urban municipalities were identified using the Degree of Urbanization (DEGURBA) Level-2 classification derived from the
1-km grid (European Commission, Joint Research Centre and Eurostat, 2011) and were excluded when they were almost
entirely composed of dense urban fabric (=85 % urban core grid cells) and exhibited negligible peri-urban extent (<10 %).
The thresholds were selected empirically to exclude predominantly urban municipalities, while retaining those with
meaningful peri-urban characteristics relevant to wildfire risk, particularly in the Attica region where municipalities adjacent
to the main mountainous areas were intentionally preserved.

Model performance was assessed using Receiver Operating Characteristic (ROC) analysis and the corresponding Area Under
the Curve (ROC-AUC), a threshold-independent metric widely used for evaluating continuous susceptibility and risk indices
(Fawcett, 2006). Validation was primarily conducted against wildfire occurrence, defined as the presence of at least one
recorded wildfire event per municipality during the overlapping period (2000-2014) between the climate baseline and the
wildfire records. Historical wildfire occurrence served as an empirical benchmark for evaluating the ability of the alternative

methodological frameworks to discriminate between municipalities with and without recorded wildfire occurrence. ROC-
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AUC was calculated using a logistic regression model relating the continuous wildfire risk index to the binary wildfire
occurrence data.

To assess predictive performance, both 10-fold cross-validation and a stratified 70/30 hold-out validation were performed.
Cross-validation provides a robust estimate of out-of-sample model performance across multiple data partitions, whereas the
hold-out approach evaluates generalization using an independent stratified test subset (Hastie et al., 2009). In addition, paired
bootstrap resampling (5,000 iterations) was performed to assess the robustness of the observed difference in predictive
performance between the two aggregation frameworks. Unlike the cross-validation and hold-out analyses described above,
the bootstrap analysis was performed using the full validation dataset. For each bootstrap sample, ROC-AUC was
recalculated for both frameworks and the difference (AAUC = AUCowa — AUCiincar) Was computed. The resulting bootstrap
distribution was used to estimate the mean AAUC and its corresponding 95% confidence interval.

To support the spatial interpretation of model performance, municipalities were further classified according to their
agreement with the observed wildfire occurrence benchmark using the optimal threshold derived from the Youden index
(Youden, 1950), which identifies the risk threshold that provides the best balance between correctly classifying
municipalities with observed wildfire occurrence (sensitivity) and correctly classifying municipalities without wildfire
occurrence (specificity). Based on this threshold, each municipality was assigned to one of four diagnostic categories: true
positives (TP), true negatives (TN), false positives (FP) and false negatives (FN). These categories describe the spatial
agreement between the municipal wildfire risk classification and the historical wildfire occurrence benchmark and were used

to facilitate the spatial interpretation of model performance.

2.7 Component contribution analysis and dominant risk drivers

To quantify the relative contribution of hazard, exposure and vulnerability to the composite wildfire risk index, a component
contribution analysis was performed at the municipal level. The composite risk index (R) was recalculated iteratively by
setting one component to zero at each iteration while preserving the same aggregation framework, AHP-derived local

weights and OWA configuration. Component contribution was quantified using the Component Contribution Index (CCI):

R-Ri—g

CCl; = —, 2)
where R;_, is the composite risk obtained after setting the corresponding component score to zero. The CCI value therefore
represents the proportional reduction in composite risk associated with the removal of that component's contribution. Due to
the non-additive nature of the OWA aggregation, component contributions cannot be linearly decomposed and therefore the
resulting CCI values do not necessarily sum to one. To facilitate comparison among components, normalized component

contributions (nCCI) were calculated as:

CCly
CCIg+CCIg+CClyyr

nCCly = (3)
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with equivalent formulations for exposure and vulnerability. Municipalities were subsequently classified according to the

component with the highest normalized contribution, allowing the identification of the dominant wildfire risk driver.

3 Results
3.1 AHP weighting results

The AHP analysis provided the local weights for wildfire risk components and individual indicators (Table 3). Among the
three main components, hazard received the highest weight (35.0%), followed by vulnerability (33.3%) and exposure
(31.7%). Within the exposure component, WUI (12.4%) received the highest global weight, followed by forest areas (8.0%)
and protected areas (7.4%). Within vulnerability, available biomass (6.2%), flammability (6.1%) and firefighter density
(7.8%) emerged as the most influential indicators.

The maximum consistency ratio (CR) of the aggregated pairwise comparison matrices was 2.3%, well below the
recommended threshold of 10%, indicating a high level of consistency in the expert judgments. The corresponding group
consensus index (S*) reached 71.6%, indicating a satisfactory level of agreement among the participating experts despite

their diverse disciplinary backgrounds.

Table 3: Hierarchical structure of the AHP model and corresponding local and global indicator weights.

Local Local Local Global
Level 0 Levell weight Level2 sub- weight Level 3 Indicator weight weight
Component component
(LW1) (LW2) (LW3) (%)
Wildfire = Hazard 0.350 - - FWI90/ISI90/FFMC90 - 35.00
risk Exposure 0.317 - - Forest areas 0.252 7.99
- - Agricultural areas 0.125 3.96
- - Protected areas 0.232 7.35
- - WUI 0.391 12.39
Vulnerability 0.333 Sensitivity 0.508 Flammability 0.361 6.11
Available biomass 0.366 6.19
Aspect 0.084 1.42
Slope 0.090 1.52
Energy transmission  0.098 1.66
networks
Adaptive 0.492 Firefighters 0.474 7.77
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capacity
Educational level 0.087 1.43
GDP 0.102 1.67
Occupation in primary 0.337 5.52
sector

3.2 Evaluation and selection of the wildfire risk framework

To identify the most appropriate hazard representation and aggregation framework, three fire-weather metrics (FFMC90,
ISI90 and FWI90) were evaluated in combination with four OWA orness values (0.2, 0.4, 0.6 and 0.8). Model performance
was assessed against observed municipal fire occurrence data using both 10-fold cross-validation (AUC_CV10) and an
independent 70/30 hold-out validation (AUC_HO).

Among the evaluated hazard metrics, FFMC90 consistently provided the highest predictive performance across all
aggregation settings (Table 4). The best-performing configuration combined FFMC90 with an OWA orness value of 0.4,
yielding an AUC _CV10 of 0.729 and an AUC HO of 0.764, indicating an acceptable ability to distinguish between
municipalities that experienced at least one recorded wildfire and those with no recorded wildfire occurrence.

In contrast, FWI90 showed consistently lower predictive performance, with its best configuration obtained at orness = 0.8
(AUC _CV10=0.670; AUC HO = 0.712), while ISI90 exhibited near random predictive performance across all aggregation
settings (maximum AUC _CV10 = 0.554; AUC_HO = 0.544). Based on these results, Framework B, combining FFMC90
with an OWA orness value of 0.4, was selected for the subsequent analyses.

To evaluate the effect of the aggregation strategy, Framework B was compared with Framework A, which employed a
conventional hierarchical linear weighted aggregation while preserving the same hazard, exposure and vulnerability
components and identical AHP-derived weights. Framework B consistently outperformed Framework A, achieving an
AUC _CV10 of 0.729 compared with 0.693 for Framework A, while the corresponding hold-out AUC increased from 0.708
to 0.764. These results indicate that OWA aggregation strategy achieved higher predictive performance than the
conventional linear aggregation and was therefore selected for the subsequent analyses.

The robustness of the observed improvement in full-sample AUC between the two frameworks was further evaluated using
paired bootstrap resampling (5,000 iterations). The estimated difference in full-sample AUC remained positive, with a 95%
bias-corrected and accelerated (BCa) confidence interval of 0.001-0.057 (p = 0.048), providing statistical support for the
observed improvement. Since both frameworks employed the same indicators, hierarchical structure and expert-derived
weights, the observed difference can be attributed solely to the aggregation operator. Framework B was therefore adopted as
the final structural wildfire risk framework and used in all subsequent analyses, including the assessment of component

contributions and future wildfire risk projections.
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Table 4: Predictive performance of the evaluated wildfire risk framework configurations using three hazard metrics (FFMC90,
FWI90 and ISI90) and four OWA orness values. Model performance was evaluated against observed municipal fire occurrence
using 10-fold cross-validation (AUC_CV10) and an independent 70/30 hold-out validation (AUC_HO). The selected configuration
used in the subsequent analyses is highlighted in bold.

Hazard Orness level AUC_CV10 AUC_HO
FFMC90 0.2 0.696 0.685
0.4 0.729 0.764
0.6 0.650 0.685
0.8 0.515 0.558
FWI90 0.2 0.606 0.612
0.4 0.535 0.519
0.6 0.551 0.563
0.8 0.670 0.712
IS190 0.2 0.554 0.544
0.4 0.521 0.504
0.6 0.443 0.500
0.8 0.512 0.537

3.3 Spatial agreement with the historical wildfire occurrence benchmark

To complement the ROC-AUC evaluation, the spatial agreement between the wildfire risk classification and the historical
wildfire occurrence benchmark was examined using the optimal Youden threshold (Fig. 2). Of the 304 municipalities
included in the validation dataset, 183 (60.2%) were classified as true positives (TP), 35 (11.5%) as true negatives (TN), 34
(11.2%) as false positives (FP) and 52 (17.1%) as false negatives (FN), indicating that approximately 72% of municipalities
showed agreement between the wildfire risk classification and the historical wildfire occurrence benchmark.

Figure 2 shows the spatial distribution of municipalities exhibiting agreement (TP and TN) and disagreement (FP and FN)
with the historical wildfire occurrence benchmark. True-positive municipalities predominated across much of mainland
Greece, whereas false-negative municipalities occurred more frequently in parts of northern and western Greece. False-
positive and true-negative municipalities were comparatively fewer and more spatially dispersed. These patterns indicate that
the correspondence between wildfire risk classification and historical wildfire occurrence varies geographically, providing

additional spatial insight beyond the overall ROC-AUC metric.
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Figure 2: Spatial distribution of agreement between municipal wildfire risk classification and observed wildfire occurrence

benchmark during the validation period (2000-2014). Municipalities were classified using the optimal national Youden threshold

(risk score = 36.69) into true positives (high predicted risk with observed wildfire occurrence), true negatives (low predicted risk

without observed wildfire occurrence), false positives (high predicted risk without observed wildfire occurrence), and false
450 negatives (low predicted risk despite observed wildfire occurrence).

3.4 Present-day wildfire risk and dominant risk components

Present-day wildfire risk exhibited substantial spatial variability across Greece (Fig. 3). Municipalities classified as High to
Extreme risk were concentrated primarily across western and southern Greece, including large parts of the Peloponnese and

455 Crete, whereas Low and Medium risk classes occurred more frequently in several island municipalities and parts of northern
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and central Greece. Based on the global Jenks classification, 15.5% of municipalities were classified as Low risk, 20.7% as

Medium, 36.5% as High, 24.0% as Very High and 3.3% as Extreme.

The normalized component contribution maps (Fig. 4) indicate that hazard represented the largest contributor to the

composite wildfire risk across most municipalities. Hazard exhibited the highest median normalized contribution (42.2%,
460 IQR: 38.5-46.2%), followed by vulnerability (31.3%, IQR: 27.9-35.1%) and exposure (27.6%, IQR: 24.1-30.7%). Hazard

was identified as the dominant component in 83.6% of municipalities, whereas vulnerability and exposure were dominant in

13.5% and 3.0% of municipalities, respectively. Detailed maps of the hazard, exposure and vulnerability component scores

used to derive the composite wildfire risk for the current climate are provided in Appendix B.

Present-day wildfire risk (1995-2014)

Wildfire risk
. Low
Medium
High
Very high
Extreme
Masked urban areas

465

Figure 3: Present-day (1995-2014) wildfire risk across Greek municipalities, classified into five categories using the global Jenks
classification.
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Figure 4: Spatial distribution of the normalized component contributions (nCCI) of hazard, exposure and
vulnerability to the present-day wildfire risk.

3.5 Projected shifts in municipal wildfire risk under future climate scenarios

475 Future climate projections indicate a gradual increase in wildfire risk across Greece under all examined climate scenarios
(Fig. 5). The overall spatial pattern of wildfire risk remained broadly consistent, while the magnitude of the increase became
progressively larger from the mid-century to the late-century projections and under the high-end SSP5-8.5 scenario. On
average, municipal wildfire risk increased by 1.4 and 2.2 risk units in the near future under SSP2-4.5 and SSP5-8.5

scenarios, respectively, reaching 2.1 and 3.7 risk units by the end of the century. Although the increase in the composite risk
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480 index was modest, it was consistently observed across the country and resulted in widespread transitions towards higher
wildfire risk classes.
Accordingly, the distribution of municipalities shifted progressively towards higher wildfire risk classes under all future
climate scenarios (Fig. 6). The proportion of municipalities classified as Very High or Extreme increased from 27.3% during
the baseline period to 38.8% under SSP2-4.5 (2041-2060), 45.4% under SSP5-8.5 (2041-2060), 43.7% under SSP2-4.5

485 (2081-2100), and 56.2% under SSP5-8.5 (2081-2100). This redistribution was accompanied by a decrease in the proportion
of municipalities classified as Low and Medium, while the proportion classified as High remained relatively stable before
declining in the distant future period under SSP5-8.5 scenario, reflecting a further shift towards the highest wildfire risk

categories.
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490
Figure 5: Projected municipal structural wildfire risk under SSP2-4.5 and SSP5-8.5 for the mid-century (2041-2060) and end-of-
century (2081-2100) periods. Risk classes were defined using common global Jenks natural breaks derived from the complete
dataset to ensure consistent comparison across all future scenarios.

495
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Figure 6: Distribution of Greek municipalities across wildfire risk classes for the reference period (1995-2014) and future climate
scenarios.

500

4. Discussion
4.1 Methodological implications of aggregation method

Our results demonstrate that aggregation method influences the empirical performance of composite wildfire risk indices.
Although the two evaluated frameworks incorporated identical hazard, exposure and vulnerability components within the
505 same IPCC risk structure, changing only the aggregation method resulted in measurable differences in their ability to
reproduce observed wildfire occurrence. While previous studies have typically applied predefined OWA orness levels to
represent alternative decision attitudes (e.g. Ozcan et al., 2025; Faramarzi et al., 2021), the present framework evaluated
aggregation behaviour as an empirical modelling choice. Different aggregation behaviours were compared against observed
wildfire occurrence, allowing the aggregation strategy with the highest predictive performance to be identified while
510 maintaining the same indicators, normalization procedures and weighting scheme. The OWA -based framework achieved a
modest but statistically significant improvement over the conventional linear aggregation approach, indicating that the

observed performance difference can be attributed to the aggregation operator itself.
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The improved performance of the OWA-based framework suggests that aggregation behaviour plays an important role in
representing the multidimensional nature of wildfire risk. Compared with fully compensatory linear aggregation, OWA
provides greater flexibility in how hazard, exposure and vulnerability interact within the final risk score, highlighting that the
aggregation method should be regarded as a substantive modelling choice rather than a technical implementation step in risk
calculation. The sensitivity analysis further demonstrated that predictive performance varied across the tested OWA orness
values. Within the range of aggregation behaviours evaluated in this study, the highest predictive performance was achieved
for an intermediate orness value (0.4), suggesting that a balanced contribution of hazard, exposure and vulnerability provided

the most effective representation of wildfire risk.

4.2 Influence of hazard representation on wildfire risk assessment

The comparison of alternative hazard representations (FFMC90, ISI90, FWI90) demonstrated that predictive performance
was sensitive to how wildfire hazard was represented within the composite index. Among the three indicators evaluated,
FFMC90 consistently showed the highest discriminatory ability with respect to the historical wildfire occurrence benchmark.
The stronger performance of FFMC90 is likely related to the physical processes represented by the index. FFMC represents
the moisture content of fine dead surface fuels, which respond rapidly to short-term weather conditions and strongly
influence ignition probability. Because these fuels are the first to ignite under favourable weather conditions, their moisture
status has consistently been identified as a key predictor of fire occurrence in previous studies (Martell et al., 1987; Wotton
et al., 2003). This is consistent with the higher predictive performance of FFMC90 observed in the present municipal-scale
wildfire risk assessment.

Beyond differences in the physical representation of wildfire hazard, the diagnostic analyses revealed an additional
methodological effect. Replacing FFMC90 with FWI90 or ISI90 systematically altered the relative ordering of the hazard,
exposure and vulnerability components before aggregation. Under the selected OWA configuration (orness 0.4), FFMC90
ranked as the dominant component in approximately 84% of municipalities, whereas ISI90 most frequently occupied the
lowest position. Because OWA assigns positional weights according to rank rather than component identity, changes in H—
E-V ordering generated different weighting patterns despite identical aggregation parameters. Consequently, hazard
representation influenced not only the information entering the composite index but also the mathematical behaviour of the
aggregation process itself.

Overall, the results indicate that predictive performance in rank-based composite wildfire risk indices is governed not only
by the physical representation of hazard but also by the interaction between hazard representation and aggregation behaviour.
Consequently, these two methodological choices should be considered jointly when interpreting the performance of

composite wildfire risk indices.
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4.3 Spatial variability and dominant drivers of wildfire risk in Greece

The component contribution analysis demonstrated that hazard was the dominant contributor to composite wildfire risk
across most municipalities in Greece. This finding is consistent with the central role of fire weather in shaping wildfire
activity in the Mediterranean region (Ruffault et al., 2020). However, the substantial contribution of exposure and
vulnerability demonstrates that the spatial distribution of wildfire risk cannot be explained by fire weather alone, but reflects
the combined influence of hazard, exposed assets and vulnerability, in accordance with the IPCC risk framework. The
observed variability in component contributions indicates that similar levels of composite wildfire risk may arise from
different combinations of hazard, exposure and vulnerability. Consequently, municipalities with comparable overall risk may
be characterized by different underlying drivers of risk and may therefore require different adaptation priorities. This finding
highlights the importance of interpreting the composite risk index together with the contribution of its individual
components, particularly when informing adaptation planning.

The spatial distribution of agreement with the historical wildfire occurrence benchmark further indicates that model
performance is not spatially uniform across the country. Although agreement was achieved for the majority of
municipalities, localized areas of disagreement indicate that the relationship between the wildfire risk classification and
historical wildfire occurrence varies geographically. The spatial distribution of disagreement also exhibited geographically
coherent patterns, suggesting that regional factors not explicitly represented in the indicator set may influence the
correspondence between wildfire risk classification and historical wildfire occurrence. Such variability is expected because
historical wildfire occurrence is influenced not only by the underlying wildfire risk, but also by local factors such as ignition
patterns and fire suppression effectiveness, which are beyond the scope of the present assessment. These findings reflect the
challenges of developing a nationally consistent wildfire risk framework for a country characterized by diverse
environmental and socio-economic conditions. The proposed framework prioritizes methodological consistency and
comparability across municipalities while providing a transparent basis for identifying broad spatial patterns and the

dominant drivers of wildfire risk, thereby supporting adaptation planning at the national scale.

4.4 Implications for climate change adaptation

The proposed framework provides a practical tool for supporting climate change adaptation planning by enabling consistent
assessment of wildfire risk under both present and future climatic conditions. By combining projected changes in fire danger
with relatively stable exposure and vulnerability characteristics, the framework allows the identification of municipalities
where climate change is expected to increase structural wildfire risk, thereby supporting the prioritization of adaptation
efforts. This information is particularly relevant for the implementation and revision of Regional Adaptation Action Plans
(RAAPs) under the Greek Climate Law (Law 4936/2022), which require spatially explicit climate risk assessments to

support the identification and prioritization of adaptation measures. The municipal-scale implementation presented here
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provides a consistent and transparent basis for comparing wildfire risk across regions while maintaining compatibility with

the IPCC risk framework.

5. Conclusions

This study developed and empirically evaluated an integrated framework for wildfire risk assessment under climate change
in Greece, based on the IPCC risk concept, and combining climatic, environmental and socioeconomic indicators within a
spatial multi-criteria approach. By integrating expert-derived weighting through the Analytic Hierarchy Process (AHP) with
Ordered Weighted Averaging (OWA) aggregation, the proposed methodology enabled a systematic evaluation of how
different aggregation behaviours influence the representation and predictive performance of wildfire risk indices.

A central finding of this study is that the performance of composite wildfire risk indices depends not only on indicator
selection and weighting, but also critically on the aggregation framework used to combine them. Compared with the
conventional fully compensatory linear aggregation, the OWA-based approach provided consistently better agreement with
observed wildfire occurrence while preserving the multi-component representation of wildfire risk defined by the IPCC
framework. Although hazard emerged as the dominant contributor across most municipalities, exposure and vulnerability
remained important components of the final risk assessment, highlighting that wildfire risk cannot be adequately represented
by hazard alone.

Beyond its methodological contribution, the proposed framework provides a practical basis for climate change adaptation
planning by enabling consistent assessment of current and future wildfire risk at the municipal scale and supporting the
prioritization of adaptation actions through spatially explicit information on wildfire risk and its underlying components.

The present study also has several limitations that provide opportunities for future research. Future wildfire risk was assessed
assuming constant exposure and vulnerability, with projected changes represented only through the hazard component.
Incorporating dynamic exposure and vulnerability scenarios would provide a more comprehensive representation of future
wildfire risk. Furthermore, as the methodology was developed and calibrated for Greece, its transferability to other wildfire-
prone regions should be evaluated using locally relevant indicators, expert knowledge and empirical validation. Despite
these limitations, the proposed framework demonstrates how the IPCC risk concept can be translated into a transparent and
empirically validated methodology for wildfire risk assessment. More broadly, the study highlights the importance of
complementing expert knowledge with empirical evaluation when developing composite wildfire risk indices capable of

supporting climate adaptation in Greece and other wildfire-prone regions under a changing climate.

Appendix A: Derivation of OWA order weights

For m normalized criterion values, the Ordered Weighted Averaging (OWA) operator is defined as:
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OWA(X) = Xktq Vi X() (Al)

where x(;)denotes the k-th largest input value after sorting the criteria in descending order, and v, denotes the corresponding
OWA order weight. Thus, the order weights are assigned to the ranked input values rather than to specific wildfire risk
components.

The OWA order weights were derived using the Regular Increasing Monotone (RIM) quantifier proposed by Yager (1996):
Q(r) =rF (A2)

where r is the normalized rank position.

The corresponding OWA order weights for m aggregated criteria are computed as:
k

k-1
vsz(;)—Q(T), k=1,..,m (A3)
The aggregation behaviour is controlled by the degree of orness:

orness = ﬁ (A4)

For the optimal aggregation behaviour identified through the empirical calibration (orness = 0.4), the corresponding
parameter is § = 1.5. The resulting OWA order weights used for aggregating the three wildfire risk components (hazard,
exposure and vulnerability) are presented in Table Al. The order weights are assigned to the ranked values, with, v;, v, and

v3 applied to the largest, second largest, and smallest component values, respectively.

Table A1. OWA order weights used for the aggregation of hazard, exposure and vulnerability at orness = 0.4.

Orness v V2 V3

0.40 0.192 0.352 0.456

Appendix B: Spatial distribution of the wildfire risk components
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Figure B1. Spatial distribution of the normalized wildfire risk components for the reference period (1995-2014).
Sensitivity and adaptive capacity are first aggregated to derive vulnerability. Vulnerability is then combined with
hazard and exposure using the Ordered Weighted Averaging (OWA) operator to produce the final composite wildfire

risk index.
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