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Abstract

The intensification of wildfires in Portugal has highlighted the urgent need for technical
tools capable of supporting more effective risk mitigation decisions. In particular, the
lack of explicit criteria for prioritizing the implementation of wildfire mitigation programs
has contributed to reactive and fragmented interventions that are often misaligned with
actual levels of hazard and exposure. This study proposes a spatially explicit methodology
for classifying and ranking villages in wildfire-prone territories under two operational pro-
grams: Protection of People, Assets and Fuel Management. The framework was applied to
eight municipalities across three Portuguese regions with high wildfire recurrence, using a
multi-criteria decision analysis approach (AHP) integrated with geospatial data. Five physical
and social variables were considered: critical area, vegetation cover, fire history, slope, and
population density. Expert-derived weights were incorporated into two program-specific
models. Implementation priority levels were generated using standard deviation classification
at both municipal and regional scales. The results reveal marked territorial contrasts and
strong intra-municipal variability, particularly in heterogeneous landscapes. A high degree of
convergence between the two programs was observed (79-90%), although 10-21% of villages
shifted between priority classes. The dual-scale analysis shows how a small number of high-
hazard municipalities disproportionately shape the overall priority structure. The proposed
framework supports more transparent, consistent, and risk-informed prioritization, strength-
ening territorial wildfire governance and complementing national mitigation programs such
as “Safe Villages” and “Safe People” and “Condominium of Villages”.

Keywords: wildfire; implementation prioritization; multi-criteria analysis; AHP; exposure;
hazard; Portugal

1. Introduction

Wildfires are increasingly recognized as a major environmental and societal challenge,
particularly in fire-prone regions such as southern Europe. While traditionally concentrated
in countries like Portugal, Spain, and Greece, wildfire hazard has expanded geographically
in recent years [1,2]. This shift reflects the combined influence of climate change, land-use
transformations, and changes in rural dynamics, favoring the creation of highly flammable
and difficult-to-manage landscapes [3-5]. As a result, wildfire management has become a
strategic priority across Europe.
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Portugal stands out within southern Europe for the frequency, severity, and socioe-
cological impacts of wildfires over the past two decades [2,6]. Among the most devas-
tating years were 2003, 2005 and especially 2017, when two major fire events, in June
and October, resulted in more than one hundred fatalities and the destruction of more
than 500,000 hectares [7]. In that year, Portugal accounted for over 50% of the total area
burned across the four most affected southern European countries, surpassing even the
exceptional fire seasons of 2003 and 2005. Beyond the tragic loss of life, the 2017 fires
caused extensive damage to private infrastructure, including tourism and business, resi-
dential buildings, agricultural areas, and large expanses of forest [7-10]. These events not
only revealed the intensifying conditions of fire regimes under a changing climate but also
exposed deep structural weaknesses in land use planning, territorial cohesion, and civil pro-
tection systems [11,12]. These structural vulnerabilities are exacerbated by the geographical
distribution of human villages across the country, many of which are in territories where
flammable vegetation predominates, topography is rugged, and accessibility is limited. As
climate conditions continue to evolve, the recurrence of extreme fire events is expected to
increase, further amplifying the pressure on local authorities to develop spatially targeted
and socially sensitive risk mitigation strategies [13-17].

While Portugal’s wildfire risk is shaped by its unique territorial and social configu-
ration, some of the underlying challenges are shared with other fire-prone regions across
the globe [18,19]. In response to recurring wildfire crises, countries like the United States,
Canada, and Australia have developed a range of mitigation frameworks that, although
adapted to distinct geographic and social contexts, offer valuable insights into integrated
wildfire risk reduction and public engagement in wildfire mitigation and preparedness at
the community level [20-23]. These include structured programs that combine fuel man-
agement, community preparedness, and policy coordination. Among the most influential
initiatives are Firewise (USA), FireSmart (Canada), and Fire Adapted Communities (USA),
which serve as global references for community-based fire risk reduction. These programs
promote voluntary action, vegetation management, resilient construction practices, and
local collaboration, and have contributed to embedding fire risk into planning and gov-
ernance frameworks [24-27]. In parallel, several southern European countries, including
Spain, Italy, and Greece, have launched regional initiatives focused on fuel management
through livestock grazing, mechanical intervention, and volunteer-based fire prevention.
While these efforts vary in scale and structure, they reflect a broader shift toward integrated
landscape approaches [28-30]. In line with this trend, Portugal has also developed a broad
range of wildfire mitigation policies and programs. Since 2021, wildfire prevention and
management in Portugal has been guided by the National Plan for Integrated Wildfire
Management (PNGIFR), which defines the overarching strategic framework for reducing
rural fire risks across the country. At the local level, this strategy is implemented through
updated Municipal Plans for the Defense of Forest Against Wildfires (PMDEFCI), which
have been revised to align with the national priorities of integrated landscape management,
territorial resilience, and risk governance. In recent years, several complementary initiatives
have been launched at regional and community levels. These include programs focused
on resin extraction and fire detection, vegetation control near energy infrastructure and
community-based grazing projects [31]. National landscape transformation strategies have
also emerged, including the Landscape Reordering and Management Program (PRGP),
Integrated Landscape Management Areas (AIGP), and the Condominium of Villages (CA)
program. The latter, established in 2020, supports initiatives focused on transforming land
use and land cover and managing combustible materials around built-up areas [32-34]. Its
primary aim is to enhance the resilience of villages in fire-prone territories. Complementing
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and “Safe People” programs, initiated in 2018 by the National Authority for Emergency and
Civil Protection, aim to strengthen community resilience by promoting local engagement,
risk awareness, and training in self-protection measures in case a wildfire occurs [35].

Although these programs demonstrate political and institutional commitment, they
often suffer from a lack of clear, data-driven prioritization schemes. Although numerous
decision-support tools and wildfire mitigation strategies exist, few incorporate mechanisms
that explicitly rank villages based on physical conditions, social exposure and vulnerability, or
that provide spatially grounded criteria for intervention planning. A recent systematic review
by Thompson et al. (2016) [36] emphasizes that most wildfire risk models focus on hazard or
exposure but fail to translate this information into operational prioritization schemes. Simi-
larly, Fischer and Charnley (2012) [37] note that the implementation of community protection
programs often lacks strategic targeting, relying instead on improvised or individually driven
decision-making. Yung et al. (2022) [38] further debate that, across multiple jurisdictions,
inconsistent prioritization frameworks hinder the efficient scaling of mitigation efforts, lead-
ing to fragmented governance and suboptimal resource allocation. Other authors, such as
Kirschner et al. (2023) [23], reinforce the need for transparent, spatially explicit criteria to
improve the effectiveness and fairness of wildfire management, especially under constrained
budgets. In the Portuguese context, Benali et al. (2023) [39] revealed significant mismatches
between wildfire risk levels and the actual implementation of mitigation programs, with only
~1% coverage in very high-risk villages and comparatively higher rates in lower-risk areas.
These findings are consistent with those of Aparicio et al. (2022) [40], who evaluated the
national network of strategic fuel breaks and concluded that its current deployment lacks a
coherent prioritization logic, often resulting in suboptimal spatial coverage and limited impact
on high-risk areas.

These gaps in follow-up and accountability limit the development of evidence-based
prioritization and reduce the strategic effectiveness of current interventions [41]. Collec-
tively, these findings underscore that, in the absence of explicit and spatially informed
prioritization frameworks, wildfire mitigation policies risk failing to deliver protection that
is both effective and equitable [42-44]. When such frameworks are lacking, interventions
often become reactive, discretionary, or influenced by political visibility and institutional
capacity—rather than directed toward communities facing the highest levels of exposure
and vulnerability. In this context, this study aims to address this challenge by developing a
hierarchical classification of the villages within three wildfire-prone regions of Portugal,
designed to support the prioritization of strategies for the protection of people and assets
and/or fuel management. Through the application of a spatial multi-criteria analysis that
integrates both physical and social indicators, this study intends to contribute to advancing
the operationalization of risk-based planning.

2. Materials and Methods
2.1. Study Area

This study focuses on eight municipalities across three fire-prone regions of mainland
Portugal. The regions include Caramulo Mountain (Tondela and Mortdgua municipalities),
the Pinhal Interior Norte subregion (Alvaidzere, Figueir6 dos Vinhos, and Oliveira do
Hospital municipalities), and the Algarve region (Alcoutim, Monchique, and Sao Brés de
Alportel municipalities) (Figure 1). The selection was based on the spatial distribution
of fire-prone areas, their high recurrence of fire events, significant variation in landscape
morphology, and distinct socio-demographic profiles. This spatial heterogeneity provides a
robust framework for analyzing variations in wildfire exposure and hazard level.
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Figure 1. Location of study areas in mainland Portugal. The left map highlights the three selected
regions: Caramulo (1, blue), Pinhal Interior Norte (2, red), and Algarve (3, purple). The peripheral
maps (A-H) show details of the studied municipalities, with structural wildfire hazard based on the
official map from the National Forest Services [45].

The municipalities display considerable variation in terms of area, slope, altitude, land
use, and vegetation cover (Table 1). Alcoutim (H) has the largest surface (575.36 km?), while
Monchique (G) exhibits the steepest average slope (13.5°), and Figueiré dos Vinhos (D)
the highest mean elevation (446 m). Land cover patterns are equally diverse: Alvaidzere
(E) presents the highest proportion of agricultural land (25.5%), whereas Monchique (G)
stands out with over 90% of its area occupied by forest and shrubland. Monchique (G) also
registers the highest wildfire hazard level, with 91% of its territory classified as “high” or
“very high” hazard, according to national fire hazard maps [45]. The number of built-up
areas (representing villages) also varies across municipalities, ranging from 115 in Alcoutim
to 697 in Tondela, based on the official database provided by the Directorate General of
Territory [46]. According to Statistics Portugal, a village is generally defined as a cluster of
10 or more residential buildings. However, the official Built-Up Areas (BUA) dataset [46]
categorizes the BUA into three types: (i) Type 1—concentrated villages (>10 residential
buildings); (ii) Type 2—dispersed villages (scattered buildings or clusters with <10 houses);
and (iii) Type 3—non-residential areas. For this analysis, all Type 3 areas (non-residential)
and Type 2 areas smaller than 0.2 hectares, typically representing isolated buildings, were
excluded to focus only on meaningful village units with potential intervention relevance.

Regarding demographic trends, the central and inland municipalities have experienced
sustained population decline. Between 2011 and 2021 [47,48], Alvaidzere (E) and Figueir6
dos Vinhos (D) lost 14.4% of their population, while Monchique (G) and Tondela (B) also
registered declines of over 9% and 10%, respectively (Table 2). In contrast, Sao Bras de Alportel
(F), located in the Algarve, recorded a 5.5% population increase, alongside moderate growth
in number of buildings. These divergent demographic trends reflect broader dynamics of
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rural abandonment, aging populations, and peri-urban expansion, all of which influence the
spatial distribution of wildfire exposure and emergency planning needs.

Table 1. Biophysical characteristics of the studied municipalities, organized into different categories:
topographic characteristics; land use and cover characteristics; wildfire hazard; and urbanization
(source: Topography—European Environment Agency (EAA); land use and cover and urbanization—
Directorate General of Territory (DGT); Hazard—Institute Nature Conservation and Forests (ICNF)).
Enclosed in parentheses is the corresponding map in Figure 1 for each municipality.

% Forest % High and # Built-up Areas
Municipalities Area (km?) Mean Slope (°) Mean Altitude (m) % Agriculture and Very High (Type 1 and Type
Shrubland Hazard 2>0.2ha)
Mortdgua (A) 251.17 9.8 254.2 8.28 86.46 50.60 241
Tondela (B) 371.21 8.7 401.3 20.88 72.98 63.21 697
Oliveira do Hospital (C) 234.51 94 413.5 23.68 69.90 86.53 411
Figueir6 dos Vinhos (D) 173.44 12.2 446.1 8.52 87.77 90.05 312
Alvaiazere (E) 160.47 7.5 271.2 25.53 70.02 41.12 557
Alcoutim (H) 575.36 6.5 195.1 14.63 78.18 9.34 115
Monchique (G) 395.30 13.5 287.9 6.07 91.96 90.75 350
Sao Bras de Alportel (F) 153.36 9.3 336.6 16.16 77.56 58.04 245
Table 2. Rate of change in resident population and number of buildings in the study areas be-
tween 2011 and 2021 [47,48]. Enclosed in parentheses is the corresponding map in Figure 1 for
each municipality.
AT Resident Resident Rate of Change Residential 11 Rate of Change in
Municipalities Population 2011 (n) Population 2021 (n)  in Population (%)  Buildings 2011 (n) Buildings 2021 (n) Buildings (%)
Mortédgua (A) 9607 8965 —6.7 5542 5657 21
Tondela (B) 28,946 25,914 —10.5 16,328 16,059 -16
Oliveira do Hospital (C) 20,885 19,416 —6.9 11,726 11,777 04
Figueir6 dos Vinhos (D) 6169 5281 -14.4 4560 4555 -0.1
Alvaidzere (E) 7287 6239 —14.4 5472 5442 —-0.5
Alcoutim (H) 2917 2523 —13.5 3461 3535 +2.1
Monchique (G) 6045 5452 -9.6 4201 4225 +0.6
Sao Bras de Alportel (F) 10,662 11,248 +5.5 4958 5112 +3.1

2.2. Data Collection

This study draws on a multi-source dataset that integrates demographic, topographic,
and wildfire history variables, all obtained from publicly available sources. The selection
of indicators was guided by their relevance to wildfire dynamics and their alignment
with national spatial planning frameworks, thereby supporting integration into existing
governance and management instruments.

Physical landscape features such as slope and vegetation cover were included due
to their influence on fire behavior, while population density and building patterns were
incorporated as proxies for exposure and potential loss. Variables were chosen to reflect
both biophysical hazard and human dimensions. To represent these dimensions spatially,
datasets were compiled from official sources across thematic domains. The built-up areas
were derived from the 2018 national cartography provided by the Directorate General of
Territory (DGT), in vector format at a 1:25,000 scale [46]. These data allow for the identifica-
tion of urbanized zones and were used to quantify exposure (resident population). Land
use and land cover data were also sourced from the DGT, offering a detailed spatial classifi-
cation of agricultural, forest, shrubland, and urban areas. Population and buildings data
were retrieved from the 2011 and 2021 national censuses, published by Statistics Portugal
(INE-BGRI) [47,48]. These data include resident population counts and the total number
of buildings. They support the analysis of demographic trends, reflected in population
decline, peri-urban expansion, and human exposure in rural landscapes. Wildfire history
was reconstructed using perimeter records of burned areas from 1975 to 2023, provided by
the Institute for Nature Conservation and Forests (ICNF). These were rasterized to produce
a cell-based count of the number of times each location burned over a 48-year period, thus
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generating a spatial metric of fire recurrence. Structural wildfire hazard was assessed using
the official 2020 national hazard map developed by the ICNEF. This raster layer classifies
territory into hazard levels based on biophysical factors such as vegetation, slope, elevation,
and historical burned area. Finally, topographic data were extracted from the 2019 Digital
Elevation Model (DEM) developed by the European Environment Agency (EEA) [49]. The
raster data at 25 m x 25 m resolution were used to compute slope classes, considering that
high slopes are associated with higher fire spread and suppression difficulty. This study
was performed using programming tools, specifically Python (3.13) and R languages (4.2.2),
to streamline the spatial analysis processes and enable their easy replication in other areas.

2.3. Analysis
2.3.1. Variable Selection and Spatial Framework

The methodological design of this study (Figure 2) is structured around two Portuguese
programs, each corresponding to different wildfire mitigation objectives and operational logics:
(i) Protection of People and Assets Programs: Focuses on reducing wildfire-related impacts
on human life, buildings, and socio-economic infrastructure. It encompasses civil protection
planning, evacuation strategies, early warning systems, and structural defense measures.
Exposure in this context is primarily shaped by the spatial distribution of people and buildings
in hazardous areas, as well as their proximity to combustible vegetation and accessibility
for emergency services. (ii) Fuel Management Programs emphasize the modification of
landscape conditions to reduce fire intensity and spread potential. Key interventions include
vegetation clearance, prescribed burning, grazing, and the creation of fuel breaks. While the
two types of programs overlap spatially, their prioritization criteria differ. For example, a
densely populated village surrounded by fuel may be a top priority for protection, while a
sparsely populated area with extreme slopes and high fire recurrence may be a top priority
for fuel management. This methodological framework enables decision-makers to distinguish
between these objectives, supporting more targeted and cost-effective wildfire mitigation
strategies, and potentially design more synergistic interventions.

| @ Expert Consultation | . Data

% of critical area

Importance of each *  No. of times burned
variable for each program

% of forest and shrubland

Protection of People and Assets | I FuelManzgement *  %ofslopes above 20
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Analytic
HlerarChy Built-up areas:
Process + Typel
AHP weights Type2>0.2 ha

Pnorlt'y Score CalcuIaFlon Normalization (0— 13) Calculated in the VPZ
(Normalized values x AHP weights) (100 m buffer)
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Implementation Priority levels
(Standard Deviation
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Figure 2. Methodological workflow for the spatial prioritization of villages according to wildfire
mitigation objectives.
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The study applies a spatial multi-criteria approach to classify villages according to
their relative exposure and intervention needs in both programs. The analysis is based
on the Village Protection Zone (VPZ), defined by Decree-Law no. 82/2021 as the 100 m
regulatory perimeter surrounding villages where fuel management and protection mea-
sures apply. Five core indicators were selected based on their relevance to fire behavior
and human exposure, as well as their alignment with national fire-risk mapping sys-
tems and spatial planning instruments: (i) Critical area (%): The proportion of the sur-
rounding zone of villages (VPZ) classified as high or very high structural wildfire hazard;
(ii) Slope (°): Influences flame length, rate of spread, and accessibility for suppression;
(iii) Forest and shrubland cover (%): Proxy for fuel availability in the immediate land-
scape [2,14,50]; (iv) Population density (residents/ha): Reflects human exposure levels,
serving as a proxy for potential evacuation complexity and emergency response [51]; and
(v) Fire recurrence: The number of wildfire events occurring within the VPZ from 1975
to 2023, providing insight into the fire history and fire recurrence patterns [52,53]. Fire
recurrence was used as an indicator of long-term landscape propensity to burn, reflecting
persistent structural conditions, since areas with recurrent fire histories tend to remain fire-
prone even after recent burning. Due to the Mediterranean climate with Atlantic influence,
these areas tend to rapidly accumulate fuel, particularly understory, where fire intensity
may be reduced but can still re-burn in subsequent years. All indicators were calculated
within the VPZ. The only parameter that could not be directly extracted from the available
variables was the 2021 population density; the method used to obtain it is described below.

2.3.2. Population Estimates for 2021

Since disaggregated population data for the year 2021 were not directly available for
the Built-Up Areas (BUA), but only at the parish level, an estimation procedure was applied
using the relative population changes observed between the 2011 and 2021 censuses [47,48].
The method relies on the assumption that population trends at the parish level can be propor-
tionally applied to the built-up areas within those parishes (1).

(Pop Resiypp Pop Resfzou)

x 100 (1)
PopResizgn

Variationpg, =

The built-up areas dataset, which provides information on 2011 population density
and total area (in hectares), was used to estimate the absolute number of residents in
each settlement for that year. Based on these values, it was possible to calculate the total
population in 2011 for each built-up area and then apply the observed demographic change
from 2011 to 2021. This formula (2) is applied to estimate the total resident population in
each built-up area (BUA) for the year 2021, based on the population observed in 2011 and
the demographic variation at the parish level between 2011 and 2021. It does not compute
population density directly. Once the total resident population per BUA is estimated,
population density can then be obtained by dividing the estimated population by the area
of each respective BUA (2):

Variationpoy X Popg,s;
Pop/BUAp = < 100 o ) + Pop Resin 2

2.3.3. Expert Consultation and Analytic Hierarchy Process

To establish the relative importance of the five selected variables within each type
of program, a structured expert elicitation process was carried out. A total of 16 spe-
cialists participated in this stage, including professional wildfire researchers, civil pro-
tection authorities, and forest and land management institutions, ensuring a multidisci-
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plinary perspective grounded in both scientific knowledge and operational experience.
Each expert was asked to evaluate the importance of the five variables using a five-
point Likert scale, where 1 indicated the least relevant variable and 5 the most critical.
Importantly, the assessment was conducted for two separate programs: (1) Protection
of People and Assets; (2) Fuel Management. This approach allowed experts to differ-
entiate the role of each factor depending on the specific objectives of the intervention.
For example, population density might be seen as essential in prioritizing evacuation
planning, while vegetation cover might be more critical in determining fuel reduction
needs. Responses were compiled into two independent datasets, one for each type of
program, and analyzed using the Analytic Hierarchy Process (AHP), a well-established
decision-support method designed to assist in structuring and prioritizing complex,
multi-criteria problems.

Originally developed by Thomas L. Saaty in the late 1960s, AHP enables model hier-
archical problems by breaking them down into key criteria and comparing them pairwise
to determine their relative importance [13]. The AHP unfolds in three main stages [54]:
(i) decomposition of the problem into a structured set of criteria, (ii) systematic pair-
wise comparisons between criteria using a numerical scale of relative importance, and
(iii) synthesis of weights by computing eigenvectors or applying least-squares techniques.
These steps ensure that subjective expert input is converted into a coherent, quantifi-
able weighting scheme that can be directly integrated into spatial planning. To apply
these weights in a consistent and comparable manner, all variables were normalized to
a 0-1 range using min—-max rescaling to ensure comparability between indicators expressed in
different units and to allow the consistent application of AHP weights in the composite score
calculation. After that, each built-up area was assigned a “Implementation Priority” score
by multiplying the normalized value of each variable by its respective weight and summing
the results. This composite score represents the relative priority of each village for targeted
intervention in the two programs.

The classification of implementation priority was based on a standard deviation clas-
sification, which allows for the identification of statistically significant distances from
the central tendency of the distribution. This approach offers a more robust and in-
terpretable framework than arbitrary or fixed interval classifications, as it anchors the
definition of priority levels in the underlying statistical properties of the data. Five pri-
ority classes were defined using thresholds at 0.5 and +1.5 standard deviations from
the mean, corresponding to “Very Low,” “Low,” “Moderate,” “High,” and “Very High”
categories. This scheme is particularly suitable for wildfire risk contexts where exposure
and hazard are highly skewed and spatially heterogeneous, as it highlights areas that
stand out in relation to the broader distribution rather than forcing equal proportions into
each class.

The classification was applied at two distinct analytical scales, reflecting different
decision-making logics. At the municipal scale, the classification was based on local means
and standard deviations, capturing intra-municipal variability and enabling the identifica-
tion of priority villages relative to the specific territorial, demographic, and hazard context
of each municipality. This scale corresponds to the operational level at which most wildfire
prevention and protection programs are currently designed and implemented in Portu-
gal. At the national scale, the same standard deviation classification was applied to the
entire dataset of villages across the eight municipalities, using overall mean and standard
deviation values. This broader perspective allows for a critical comparison between munic-
ipalities, exposing how local priorities align, or diverge, from regional patterns of hazard
and exposure. Importantly, this dual approach enables the identification of villages that
may appear as high priority in local terms but are relatively less critical in the broader re-
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gional context, and vice versa. Such differences reveal the scalar sensitivity of prioritization
outcomes and underscore the potential trade-offs between operational feasibility at local
scales and strategic coherence at broader territorial scales. This issue is particularly relevant
in contexts where the responsibility for wildfire mitigation is shared across multiple gover-
nance levels: a village classified as “high priority” within a low-hazard municipality may
not warrant the same urgency when compared to “moderate” priority villages located in
municipalities with structurally higher exposure and hazard levels. Explicitly distinguish-
ing between municipal and regional classifications therefore helps to avoid misleading
equivalences and supports more transparent and technically grounded decision-making
across scales.

Additionally, descriptive statistics of fire recurrence were calculated for each na-
tional scale priority class to verify the consistency of the model outputs in relation to
fire history.

3. Results

The final weights of each variable, derived through AHP, reflect different priorities
depending on the strategic focus of the program (Table 3).

Table 3. Relative weights assigned to each indicator according to policy objective, based on expert
evaluation using the Analytic Hierarchy Process (AHP). The weights were derived separately for two
strategic wildfire mitigation programs—Protection of People and Assets, and Fuel Management—and
reflect the perceived importance of each variable (critical area, forest and shrubland cover, population
density, fire recurrence, and slope) in supporting spatial prioritization.

Variable Protection of People and Assets Programs (AHP Weights) Fuel Management Programs (AHP Weights)
% Critical Area 0.368 0.319
% Forest and Shrubland 0.206 0.319
Population Density 0.206 0.184
Number of Times Burned 0.109 0.110
Slope > 20° 0.109 0.69

3.1. Municipality Scale Analysis

The application of the multi-criteria analysis model reveals significant territorial
variation in composite scores, as well as notable differences in the distribution of assigned
priorities depending on the programmatic objective.

The normalized scores (Table 4) indicate distinct patterns of priority between mu-
nicipalities, both in terms of average values and range. Municipalities with exten-
sive critical areas and high forest cover, such as Monchique and Oliveira do Hos-
pital, present the highest mean scores in both programs (Monchique: SP = 0.433;
FM = 0.448; Oliveira do Hospital: SP = 0.366; FM = 0.338). In contrast, municipali-
ties like Alcoutim, Mortdgua, and Alvaidzere show mean values below 0.20, reflecting
lower exposure. Score dispersion, measured by standard deviation, is more pronounced
in municipalities characterized by heterogeneity in settlement patterns and land use.
A particularly noteworthy case is Figueiré dos Vinhos, where the standard deviation
reaches 0.193 in both programs, indicating high intra-municipal variability in exposure and
wildfire hazard.
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Table 4. Descriptive statistics of implementation priority scores by municipality and program
objective. Summary of weights for both Protection of People and Assets (SP) and Fuel Management
(FM) programs across eight municipalities. For each municipality and program, the number of
villages, minimum and maximum scores, mean score, and standard deviation are presented.

Municipality Program No.Villages Min_Score Max_Score Mean_Score SD_Score
Aloutim ™ s 0323 o119 o112
Alvaitzere o 557 0729 o111 0135
Figueir6 dos Vinhos FSIS[ 312 8;22 8;2; 8}3:;
S - G+ B
s o pm
Oliveira do Hospital FSIS[ 411 82(5)3 gggg 8%{1\3
Sao Brés de Alportel 17815[ 245 8;;? 8153 8}23
Tondca o 657 o o5 o1

Figure 3 presents the distribution of villages across priority classes for each munic-
ipality and program, based on the standard deviation classification. The results show
clear differences between municipalities, as well as internal variations within some of
them. Monchique has the highest concentration of villages in the upper priority classes,
with more than 40% of villages classified as “High” or “Very High” for the protection of
people and assets program. Oliveira do Hospital shows a similar pattern, with a substantial
proportion of villages also falling into the two upper classes for both programs. These
results confirm that the classification method used can capture stable structural differences
between municipalities with high and persistent risk conditions. Figueiré dos Vinhos
and Monchique displays a different pattern, with a wide distribution of villages across
all classes, including both “Very Low” and “High” categories. This indicates a high level
of internal variation, linked to the coexistence of sparsely populated vegetated areas and
more exposed villages nuclei within the same municipality. Such contrasts are important
for operational planning, as they reveal areas that require different types of intervention.
In Sao Brés de Alportel, 14.3% of villages fall into the “Very High” category for the fuel
management program, despite the municipality’s overall lower hazard profile. This points
to the presence of specific local clusters where physical conditions strongly increase haz-
ard level relative to the surrounding area. Finally, municipalities with a large number
of villages, such as Tondela and Alvaidzere, have most of their villages in the lower and
moderate categories.
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Figure 3. Distribution of implementation priority classes (%) by municipality and program. The
figure shows the percentage of built-up areas (villages) classified in each priority category (Very Low,
Low, Moderate, High, Very High) for the two operational programs: SP (Protection of People and
Assets) and FM (Fuel Management). The values reflect the relative distribution of priority classes
within the 100 m buffer around built-up areas, derived through AHP-based multi-criteria analysis
and standard deviation classification.

The overlap between the two programs (Table 5), measured by class coincidence, is
high, ranging from 79% in Alcoutim to 90% in Alvaidzere and Oliveira do Hospital. This
strong correspondence suggests that, despite their distinct objectives, the physical and
social criteria considered in both models lead to partially convergent exposure patterns.
However, between 10% and 21% of villages, depending on the municipality, change class
between the two programs. These changes occur predominantly between adjacent classes
(e.g., 2 = 3 or 3 — 4), showing that small differences in variable weightings can influence
the final classification. The most frequent transitions are observed in Figueir6 dos Vin-
hos, Monchique, Mortdgua, and Sao Bras de Alportel, where systematic shifts between
adjacent classes occur. Alcoutim shows the lowest level of coincidence, with frequent
4 — 3 transitions, while Alvaidzere, Oliveira do Hospital, and Tondela display the highest
levels of agreement, with most villages classified in 2 x 2.

Table 5. Comparison between Fuel Management (FM) and Protection of People and Assets (SP)
program classifications, by municipality.

Most Frequent Class

Municipality No. of Villages % Class Match % Class Change Most Comum Class Transition (SP—FM)
Alcoutim 115 79 21 3x3 4-3
Alvaiadzere 557 90 10 2x2 3-2

Figueir6 dos Vinhos 312 87 13 44 43
Monchique 350 87 13
Mortagua 241 84 16 2x2
Oliveira do Hospital 411 90 10 3x3 3-2
Sao Bras de Alportel 245 81 19 2 %2
Tondela 697 88 12

To complement Table 5, Figures 4 and 5 show the locations of class changes between
the two programs for two selected municipalities: Figueir6é dos Vinhos and Monchique.
This figure provides a clear visual overview of where and how the classifications differ.
In Monchique (Figure 4), both programs display large, contiguous clusters of villages
classified in the two upper priority classes, with only minor local shifts between adjacent
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categories. In Figueir6 dos Vinhos (Figure 5), strong local variability is visible, with adjacent
villages often assigned to different classes, particularly in the FM program.
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Figure 4. Spatial distribution of implementation priority classes for villages in Monchique, according
to the two operational programs: (up) Protection of People and Assets, and (down) Fuel Management.
The maps show the classification of built-up area buffers (100 m) into five priority categories (Very
Low, Low, Moderate, High, and Very High), based on AHP-derived multi-criteria analysis and

standard deviation classification.
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Figure 5. Spatial distribution of implementation priority classes for villages in Figueir6 dos Vinhos,
according to the two operational programs: (left) Protection of People and Assets, and (right) Fuel
Management. The maps show the classification of built-up area buffers (100 m) into five priority
categories (Very Low, Low, Moderate, High, and Very High), based on AHP-derived multi-criteria
analysis and standard deviation classification.

3.2. National-Scale Analysis

At the national scale, the classification was applied to the entire dataset of 2928 villages
existing in the eight studied municipalities, using overall mean and standard deviation
values. For the Protection of People and Assets program (SP), priority scores range
from 0 to 0.742, with a mean of 0.212 and a standard deviation of 0.183. For the Fuel
Management program (FM), the range is similar (0 to 0.754), with a slightly higher mean
of 0.222 and a standard deviation of 0.181. These distributions are positively skewed, with
most villages concentrated in the lower part of the distribution and a smaller number of
villages displaying markedly higher scores.

The classification results reflect this pattern. In the SP program, 0.9% of villages fall
into the “Very Low” category, 43.5% into “Low,” 22.8% into “Moderate,” 23.3% into “High,”
and 9.5% into “Very High.” The FM program shows a similar structure, with 0.9% classified
as “Very Low,” 40% as “Low,” 26.8% as “Moderate,” 22.7% as “High,” and 9.6% as “Very
High.” This indicates that most villages are in lower-priority categories, while a relatively
small group concentrates the highest levels of exposure and hazard, standing out clearly
from the national distribution.

The cross-classification between the two programs shows a high level of agreement.
Most villages are classified in the same category in both programs, with transitions mainly
occurring between adjacent classes (for example, between “Low” and “Moderate” or
between “Moderate” and “High”). Out of the 2928 villages, 1145 are consistently classified
as “Low” in both programs, 598 as “Moderate,” 604 as “High,” and 262 as “Very High.”

When analyzing the national scale by municipality (Figure 6), distinct patterns emerge.
Oliveira do Hospital, Monchique, and Figueiré dos Vinhos concentrate a large share of
villages in the two upper priority classes. In Oliveira do Hospital, more than 65% of villages
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are classified as “High” in the SP program and 60% in the FM program. Monchique shows
a similarly high proportion of villages in the “High” and “Very High” categories, exceeding
65% in total, while Figueir6é dos Vinhos also has more than 60% in the upper classes in
both programs. In contrast, Alcoutim and Alvaidzere show a predominance of “Low”-
priority villages, exceeding 65% in both programs, reflecting regionally lower exposure
levels. Mortdgua and Tondela present a more balanced distribution, with a significant
concentration in the “Moderate” category and smaller shares in “High.”

Implementation Priority
W Ve High
B v

Moderate

Low

W veryLow

Alvaidzere  Figueird dos Vinhos  Monchique Mortagua Oliveira do Sao Bras Tondela Total
Hospital de Alportel (All Municipalities)
Figure 6. Distribution of implementation priority classes (%) by municipality and program at
the national scale. The figure shows the percentage of built-up areas (villages) classified in each
priority category (Very Low, Low, Moderate, High, Very High) for the two operational programs:
SP (Protection of People and Assets) and FM (Fuel Management). The values reflect the relative
distribution of priority classes within the 100 m buffer around built-up areas, derived through
AHP-based multi-criteria analysis and standard deviation classification.

When all municipalities are analyzed together, a clear redistribution of the overall
priority structure emerges, marked by a relative increase in the proportion of the high-
and very-high-priority classes. This shift reflects the influence of a subset of municipalities
with extensive areas classified in the upper categories, most notably Monchique, Oliveira
do Hospital (Figure 7a) and Figueir6é dos Vinhos (Figure 7b). In these municipalities,
critical classes account for a substantial share of the total area, which significantly shapes
the aggregated distribution and amplifies the representation of higher priority levels.
Conversely, municipalities such as Alcoutim exhibit a markedly different profile: the
predominance of low and moderate classes at the municipal scale translates into a limited
contribution to the upper priority classes in the overall analysis. As a result, their influence
on the aggregated structure remains marginal when compared to municipalities with more
extensive critical areas.

A comparison between the municipal-scale and national-scale classifications
(Figures 3 and 6) reveals systematic differences in how implementation priorities are dis-
tributed across municipalities, depending on the spatial reference used for standard deviation
classification. At the municipal scale, priority classes are defined relative to the internal
score distribution of each municipality, which enhances local contrasts and highlights intra-
municipal variability. As a result, municipalities such as Mortagua, Tondela and Alvaidzere
display a predominance of low and moderate classes, while still containing locally relevant
high-priority clusters. In contrast, when the national-scale classification is applied, using the
overall mean and standard deviation of the entire dataset, municipalities with structurally
high exposure, such as Monchique, Oliveira do Hospital and Figueiré dos Vinhos, concentrate
a much larger share of villages in the upper-priority classes, exceeding 60-65% of villages
classified as High or Very High in both programs. Conversely, municipalities with lower
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absolute hazard levels, such as Alcoutim and Alvaidzere, contribute marginally to the national
high-priority classes, despite containing locally high-priority villages under the municipal-
scale approach. This contrast demonstrates that municipal-scale classification is more sensitive
to local heterogeneity and relative exposure patterns, whereas national-scale classification
emphasizes absolute risk levels and systematically prioritizes structurally high-risk territo-
ries. Together, the two perspectives provide complementary information, supporting both
operational planning at the local level and strategic prioritization at broader spatial scales.

T T
(a1) SP - Municipal Scale (a2) SP - Global Scale
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Figure 7. Spatial distribution of implementation priority classes at municipal and national scales for
the two operational programs: Oliveira do Hospital: (al) SP—Municipal Scale; (a2) SP—National Scale;
Figueir6 dos Vinhos: (b1) FM—Municipal Scale; (b2) FM—National Scale. The maps show the classifica-
tion of 100 m buffers around built-up areas into five priority categories (Very Low, Low, Moderate, High,
Very High) using AHP-based multi-criteria analysis and standard deviation classification.
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Relationship Between Fire Recurrence and Implementation Priority Classes

To provide an empirical verification of the reliability of the framework, descriptive
statistics of fire recurrence were analyzed across the five implementation priority classes
for both operational programs. Results show a consistent increase in fire recurrence from
lower- to higher-priority classes (Table 6), indicating a positive association between imple-
mentation priority scores and the number of times burned. For both programs, villages
classified in priority class 1 present zero minimum, mean, and median values of fire recur-
rence, whereas classes 2 and 3 show low central tendency values. Priority classes 4 and 5
exhibit higher maximum, mean, and median numbers of past wildfire events. This pattern
indicates that villages assigned to higher-priority classes are generally located in areas with
more frequent historical burning, supporting the capacity of the framework to capture
long-term landscape propensity to burn and providing an internal validation of the model
outputs based on independent historical fire information.

Table 6. Descriptive statistics of fire recurrence (No of times burned in the VPZ) by implementation
priority class for the Protection of People and Assets (SP) and Fuel Management (FM) programs.
For each priority class and program, the minimum, maximum, mean, and median number of times
burned are presented.

FM Program
Priority Class Maximum Mean Median Minimum Maximum Mean Median
1 0 0.0 0 0 0.0 0
2 3 0.3 0 3 0.3 0
3 4 1.0 1 0 4 0.9 1
4 7 1.5 1 7 15 1
5 6 2.2 2 6 2.2 2

4. Discussion

The spatial multi-criteria framework developed in this study, grounded in expert knowl-
edge, offers new empirical insights into the territorial configuration of wildfire hazard and
exposure in Portuguese rural landscapes. By integrating biophysical and social indicators
through the Analytic Hierarchy Process (AHP) and applying the model at two complementary
spatial scales, this work highlights both persistent structural patterns and context-dependent
variations that are often overlooked in existing policy frameworks. More broadly, it demon-
strates how structured, data-driven approaches can provide a technically robust basis for the
prioritization of wildfire mitigation programs in resource-constrained contexts.

4.1. Territorial Patterns and Intra-Municipal Variability

At the municipal scale, the results revealed clear contrasts in priority classes between
territories. Monchique, Oliveira do Hospital, and Figueir6 dos Vinhos consistently emerge
as high-priority municipalities under both Protection of People and Assets and Fuel Man-
agement programs. These municipalities combine extensive critical areas, continuous forest
and shrubland cover and a long history of recurrent wildfires, generating structurally
hazardous landscapes that systematically concentrate high-priority classes. These findings
are consistent with previous assessments of wildfire risk in Portugal, which have repeat-
edly identified these areas as recurrent hotspots of extreme fire behavior and community
exposure [8,13,16]. Conversely, municipalities such as Alcoutim, and to a lesser extent
Mortagua and Alvaidzere, display predominantly low or moderate priority levels, reflecting
structurally lower exposure and hazard configurations, which are partly associated with a
higher proportion of agricultural land. This differentiation underscores the framework’s
capacity to represent territorial specificities that are often masked by national-scale hazard
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assessments [39]. A particularly relevant outcome is the marked internal variability within
certain municipalities, especially Figueiré dos Vinhos, where priority classes span from
“Very Low” to “High” within a relatively small territory. This intra-municipal heterogeneity
mirrors the coexistence of sparsely populated vegetated areas and more consolidated village
nuclei embedded in flammable landscapes. Such fine-grained contrasts are rarely captured
in aggregated hazard maps or administrative classifications, yet they are operationally
decisive: high-density villages requiring evacuation planning and structural protection
often coexist with low-exposure areas within the same administrative unit. Similar patterns
of localized variability have been documented in Mediterranean and North American
contexts, where small-scale differences in slope, vegetation structure, or built morphology
strongly influence wildfire risk configurations [14,22,50].

4.2. Scale Effects and Resource Allocation

The national-scale analysis highlights how a small subset of municipalities dispropor-
tionately shapes the overall distribution of priority classes. When all municipalities are
analyzed together, the relative weight of “High” and “Very High” categories increases sub-
stantially, driven by municipalities with consistently high hazard levels, such as Monchique,
Figueir6 dos Vinhos, and Oliveira do Hospital. This dynamic illustrates how aggregated
prioritization frameworks can be skewed by extreme cases, potentially overshadowing
smaller but locally relevant hotspots in overall less exposed territories. Similar concentra-
tion effects have been identified in prioritization studies elsewhere [36,43], raising critical
questions about equity in resource allocation between structurally high-risk and moderately
exposed areas. Importantly, the current analysis was conducted at the municipal scale,
which, while essential for capturing social, historical, and physical specificities, does not
allow direct comparison between municipalities. For example, villages in Alcoutim may
appear as high priority within their municipality, even though their absolute hazard levels
are far lower than those observed in Monchique. A national-scale prioritization layer would
therefore complement municipal assessments, enabling coherent and equitable resource
allocation across regions and ensuring that resources are directed primarily to areas with
the highest hazard, especially considering the constraints in financial, operational, and
human resources available for wildfire management. Nonetheless, municipal-level analysis
remains indispensable, because it is at this scale that most of the programs are implemented,
communities are mobilized, and interventions are executed. Municipal analyses capture
local institutional capacities and historical legacies, ensuring that planning aligns with
prevailing administrative frameworks. The ideal configuration is a multi-level decision
system: national or regional prioritization provides strategic coherence, while municipal
prioritization supports operational effectiveness.

4.3. Program-Specific Priorities and Unexpected Patterns

The comparison between Protection of People and Assets and Fuel Management
programs reveals both convergence and divergence. High levels of class overlap (79-90%)
across municipalities confirm that, despite distinct objectives, both programs are shaped by
overlapping hazard and exposure patterns. This aligns with international evidence showing
that wildfire hazard and exposure often co-exist, particularly in more densely vegetated
interfaces [23,44]. However, between 10% and 21% of villages change class between
programs. These shifts, typically between adjacent categories, arise from differences in
indicator weightings, such as greater emphasis on population density for protection versus
vegetation structure for fuel management and highlight the importance of maintaining
program-specific prioritization criteria rather than relying on a single undifferentiated
risk index. The distinction between programs is not merely technical but operationally
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significant. Villages which have low population densities but are surrounded by dense
vegetation and/or have high fire recurrence (e.g., in Alcoutim or Mortdgua) emerge as
priorities for fuel management, whereas densely villages located in high-exposure areas
(e.g., in Figueir6 dos Vinhos or Sao Bréds de Alportel) are prioritized for the protection of
people and assets. These patterns reflect broader transformations in fire regimes linked
to climate change, land-use transitions, and rural abandonment [2,11]. As argued by
Bergonse et al. (2022) [16], incorporating social factors is crucial for understanding local
risk, since biophysical hazard alone does not fully explain the distribution of impacts.

Unexpected spatial patterns reinforce this point. In Alcoutim and parts of Mortagua,
sparsely populated villages surrounded by continuous vegetation and with frequent fire
histories were classified as high fuel management priority despite low population densities,
capturing landscape-driven hazard dynamics. Conversely, in Sdo Bras de Alportel and in
consolidated clusters within Figueir6 dos Vinhos, villages with moderate fire recurrence but
higher population densities were assigned high protection priorities. These cases illustrate
how similar risk levels may emerge from different structural configurations, underscoring
the value of disaggregated, program-specific approaches.

4.4. Methodological Considerations and Limitations

Methodologically, the use of AHP proved effective for operationalizing prioritization
under uncertainty. Expert-derived weights allowed the explicit incorporation of profes-
sional knowledge regarding the relative importance of indicators, ensuring transparency
and replicability. This aligns with calls in the literature for participatory weighting pro-
cesses to enhance the legitimacy and consistency of prioritization frameworks [22,23].
Moreover, applying standard deviation classification, rather than fixed thresholds or quan-
tiles, enabled statistically grounded class definitions suitable for positively skewed wildfire
hazard distributions. Nevertheless, some limitations must be acknowledged. Population
estimates at the village level were derived indirectly from parish-level changes, introduc-
ing uncertainty in exposure calculations. The set of indicators, while relevant, did not
include infrastructural accessibility, suppression capacity, or detailed social vulnerability
data. Moreover, this analysis was applied to eight municipalities representing different
Portuguese regions, but not the full national diversity. Future research should improve
demographic data resolution, integrate additional variables related to suppression and
vulnerability, and scale up the analysis nationally. Longitudinal analyses could further
examine how changes in land use, vegetation, and demographic dynamics alter prioriti-
zation over time, supporting adaptive management strategies. Another limitation relates
to the simplified representation of wildfire processes through a reduced number of indi-
cators. Some variables used in the model act as proxies for more complex characteristics.
For instance, forest and shrubland cover is used as an approximation of fuel availability
and continuity, although these properties are influenced by vegetation structure, species
composition, management history, and time since the last fire, which are not explicitly
accounted for. This simplification may lead to local inaccuracies in representing fuel condi-
tions. However, this choice was intentional and reflects the objective of developing a simple
and operational methodology based on variables that are easily accessible and derived
from official datasets, facilitating replication and practical application.

4.5. Policy and Operational Implications

From an operational perspective, the findings underscore the limitations of reactive,
discretionary prioritization practices, which have produced misalignments between hazard
levels and intervention coverage in Portugal [39]. By contrast, the proposed framework
provides a transparent, spatially explicit basis for guiding wildfire mitigation programs

https://doi.org/10.3390/fire9020090


https://doi.org/10.3390/fire9020090

Fire 2026, 9, 90

19 of 22

such as Safe Villages, Safe People (SF programs) and Condominium of Villages (FM pro-
gram). Its ability to differentiate between programmatic priorities, capture intra-municipal
heterogeneity, and highlight structural hotspots across multiple scales makes it a valuable
decision-support tool for municipal, intermunicipal, and regional authorities. Recent re-
search has evaluated the implementation and territorial distribution of the “Safe Villages”
and “Safe People” programs, confirming their national framework while also highlighting
significant local heterogeneity, financial and operational constraints, political dependency,
and uneven community engagement [25,55-58]. These studies underscore the need to
complement such programs with robust, data-driven prioritization tools capable of guiding
spatial targeting, promoting fairness, and optimizing resource allocation in wildfire-prone
territories. More broadly, the study contributes to international debates on wildfire gover-
nance by demonstrating how multi-criteria spatial analysis can operationalize planning
based on risk assessment within complex socioecological systems. The comparison with
Benali et al. (2023) [39] is particularly relevant: fewer than 1% of “very-high-risk” villages
received interventions after 2017, illustrating the consequences of lacking prioritization
frameworks. Similar issues have been documented in the United States, where decisions of-
ten become reactive and politically driven in the absence of systematic prioritization [36,38].
The model proposed here offers a potential corrective, providing a structured, technically
defensible foundation for spatial prioritization at multiple governance levels.

5. Conclusions

The increasing severity and frequency of wildfires in Portugal require decision-support
frameworks capable of integrating physical, social, and territorial dimensions of risk and
supporting transparent and efficient prioritization of interventions. This study proposes a
multicriteria decision analysis (AHP) approach combined with geospatial data to classify
and rank villages according to two operational objectives: protection of people and assets,
and fuel management. Applied to eight municipalities across different Portuguese regions,
the framework revealed strong territorial contrasts and significant intra-municipal vari-
ability. The results showed that, while there is significant convergence between the two
classification programs, relevant variations also exist between villages depending on their
biophysical and social profiles. This differentiation is critical for guiding more targeted and
effective interventions, particularly in contexts of high exposure and resource scarcity. The
proposed model demonstrated the ability to capture these nuances and generate a priority
map with sufficient resolution to support both local planning and broader prevention
strategies. Importantly, the dual-scale analysis (municipal and regional) underscores the
necessity of combining strategic prioritization at higher scales with operational planning at
the local level. The main contribution of this study lies in translating risk assessment into
spatial planning practice through a clear, replicable, and adaptable methodology that is
applicable to different territorial contexts. At the same time, this work reinforces evidence
that has already been highlighted in national and international literature, particularly
regarding the misalignment between actual risk levels and mitigation actions, and the
need to strengthen the technical foundation of political decisions in civil protection and
forest management. This study confirms that it is both possible (and necessary) to in-
tegrate spatial data, technical criteria, and local knowledge to respond more effectively
to the challenge of wildfires. In doing so, it offers a robust decision-support tool that
can inform programs such as “Safe Villages” and “Safe People” and “Condominium of
Villages”, helping to move away from reactive, discretionary practices towards systematic,
risk-informed prioritization. Beyond its national relevance, the framework provides a
methodological contribution to international debates on risk-informed spatial planning in
complex socioecological systems.
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