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ABSTRACT

Wildfires represent a significant socio-ecological threat worldwide, with severe

impacts in the Mediterranean region, particularly in Portugal. Accurate modeling of

wildfire susceptibility and hazard is crucial for preventive planning and effective

mitigation. This thesis aimed to advance the spatial and temporal assessment of

wildfires in central Portugal by employing geoprocessing and machine learning

approaches. The central research problem stems from the need to overcome the

limitations of traditional models, which frequently rely on static annual averages and

overlook the seasonal dynamics of driving factors and the protective effect of fuel

memory. The global methodology of the thesis was divided into two complementary

approaches: the first focused on wildfire susceptibility mapping using the Random

Forest algorithm with 13 socio-environmental variables;the second investigated fire

hazard through seasonally-disaggregated models generated via a data-driven Spatial

Multi-Criteria Evaluation (SMCE) and Simple Additive Weighting (SAW) approach,

and tested the incorporation of fuel age via the Fire Return Interval (FRI).

Consolidated results demonstrated that susceptibility models achieved high

predictive accuracy (AUC of 84.68%) by identifying the specific contribution of

structural variables. Furthermore, evidence showed that seasonally disaggregated

models (High, Medium, and Low seasons) systematically outperform overall annual

models. A fundamental conclusion of this thesis is that, during the critical periods of

the high-fire season, extreme weather conditions override the constraints imposed by

fuel memory (recently burned areas), refuting the hypothesis that the FRI strictly

limits fire spread. These findings highlight the absolute need to integrate both

structural spatial drivers and dynamic seasonal components for more resilient wildfire

management.

Keywords: machine learning; fire susceptibility; fire probability; fire return interval (fri)
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RESUMO

Os incêndios florestais representam uma ameaça socioecológica significativa em

todo o mundo, com impactos severos na região do Mediterrâneo, especialmente em

Portugal. A modelagem precisa da suscetibilidade e do perigo de incêndios é

fundamental para o planejamento e a mitigação destes eventos extremos. Esta tese

teve como objetivo geral avançar na avaliação espacial e temporal dos incêndios

florestais na região central de Portugal, empregando abordagens de

geoprocessamento e aprendizado de máquina. O problema central da pesquisa

baseia-se na necessidade de superar as limitações dos modelos tradicionais, que

frequentemente utilizam médias anuais estáticas e negligenciam a dinâmica sazonal

dos fatores causais e o efeito limitante da memória do combustível. A metodologia

global da tese dividiu-se em duas abordagens complementares: a primeira focou no

mapeamento da suscetibilidade ao fogo utilizando o algoritmo Random Forest

alimentado por 13 variáveis socioambientais; a segunda investigou o perigo de

incêndio por meio de modelos sazonalmente desagregados (Alta, Média e Baixa

estação), gerados via Avaliação Multicritério Espacial (SMCE) guiada por dados e

ponderação aditiva (SAW), e testou a incorporação da idade do combustível, via

Intervalo de Retorno do Fogo (FRI). Os resultados consolidados demonstraram que

os modelos de suscetibilidade obtiveram alta precisão preditiva (AUC de 84,68%) ao

identificar a contribuição específica de variáveis estruturais. Em adição, evidenciou-

se que modelos de perigo desagregados por estação superam o desempenho dos

modelos anuais globais. Uma conclusão fundamental da tese é que, durante os

períodos críticos da estação de alto risco, as condições meteorológicas extremas

anulam a restrição imposta pela memória do combustível, refutando a hipótese de

que o FRI restringe intrinsecamente a propagação do fogo. Estes resultados

destacam a necessidade de integrar fatores espaciais estruturais e dinâmicas

sazonais para um gerenciamento mais resiliente dos incêndios florestais.

Palavras-chave: aprendizado de máquina; susceptibilidade de incêndios;

probabilidade de incêndios; intervalo de retorno do fogo (irf)

NETO, Vicente Paulo Santana, D.Sc., Universidade Federal de Viçosa, junho de
2026. Modelagem do perigo de incêndios florestais em Portugal. Orientador:
Jose Marinaldo Gleriani. Coorientador: Fillipe Tamiozzo Pereira Torres.
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GENERAL INTRODUCTION 

Wildfires are a globally important and integral part of many ecosystems, playing key 

roles in ecosystem dynamics and the retention of species that have evolved in response to fire 

(Pausas and Keeley, 2019). From an ecological perspective, fire disturbances generate open 

habitats that enable the evolution of a diversity of shade-intolerant plants and animals (Pausas 

and Keeley, 2019). However, wildfires are also perceived as undesirable and uncontrolled 

events, representing hazardous phenomena that pose severe risks to human safety and the 

environment (Leuenberger et al., 2018). When fire regimes exceed historical bounds, they 

become a major cause of soil degradation through nutrient volatilization and increased 

susceptibility to erosion (Agbeshie et al., 2022). Furthermore, fire is a primary driver of 

biodiversity loss, depletion of terrestrial ecosystem productivity, and the exhaustion of forest 

carbon stocks (Sannigrahi et al., 2020). Beyond immediate terrestrial impacts, the arrival of 

heavy rains following a fire often triggers intense hydro-geomorphic processes, including flash 

floods and the pollution of adjacent water bodies due to ash and sediment transport (Marquez 

Torres et al., 2023). 

The Mediterranean Basin is Europe's primary fire hotspot, where the landscape is 

characterized by an extensive wildland-urban interface (WUI) that increases the probability of 

human-caused ignitions (San-Miguel-Ayanz et al., 2013). In Portugal, wildfires are a recurring 

hazard, with records indicating an annual average of 147,000 ha burned between 2000 and 2018 

(Oliveira et al., 2021). The catastrophic potential of this fire regime was demonstrated in 2017, 

when mega-fires resulted in massive socio-economic impacts, destruction of forest carbon 

sequestration capacity, and tragic human casualties (Turco et al., 2019). Rational wildfire 

defense and suppression plans require, first and foremost, accurate estimates of the differential 

susceptibility of the land to wildfires in relation to the specific characteristics of the territory 

(Jaafari et al., 2018). 

To assess the susceptibility and hazard of wildland fires in specific regions, it is 

necessary to comprehensively consider the local natural environment, climate conditions, and 

anthropogenic activities (Yue et al., 2023). Most traditional hazard models, however, are limited 

by the use of spatially coarse climatic data, rather than local fire weather variables, which are 

often significant drivers of fire area and severity (Zald and Dunn, 2018). Furthermore, static 

annual assessments fail to reflect the seasonal impacts of wildfires on ecosystems, as ecological 

value and fire susceptibility vary dynamically over time (Tang et al., 2022). The development 

of predictive models is also hindered by the massive effort required in the assembly, validation, 
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and linkage of longitudinal historical fire databases across governmental agencies (Xi et al., 

2019). 

Despite significant progress in risk research, current susceptibility models often lack 

detailed analysis regarding the specific contributions of variables and the mechanisms behind 

model decisions (Yue et al., 2023). Many studies in the field have proposed initial 

approximations based on expert evaluations, which are inherently subjective, or have used static 

frameworks that become obsolete without regular renewal (Arrogante-Funes et al., 2022; 

Marquez Torres et al., 2023). Therefore, there is a clear need for advanced, dynamic modeling 

approaches that account for the complexity of socio-ecological systems and the heterogeneity 

of fuel characteristics (Vigna et al., 2021; Jenkins et al., 2020). 

Addressing these methodological needs, the general objective of this thesis is to advance 

the spatial and temporal assessment of wildfire susceptibility and hazard in central Portugal 

(Santana Neto et al., 2025). This research utilizes machine learning approaches spatial multi-

criteria evaluation to quantify the specific contributions of biophysical and anthropogenic 

drivers to fire occurrence, while overcoming traditional static modeling limitations through 

seasonal disaggregation and the integration of historical fire metrics. To achieve this, the 

comprehensive susceptibility assessment developed in Chapter 1 serves as the fundamental 

baseline for Chapter 2. By establishing the inherent spatial propensity to fire, it provides the 

necessary geographical framework to subsequently integrate temporal dynamics and historical 

fire regimes into the season-specific hazard models. By transitioning from annual averages to 

dynamic, season-specific hazard assessments, this work provides an improved predictive 

framework for more effective and resilient forest fire management. 
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A B S T R A C T

Wildfires fulfill various social and ecological functions, potentially causing loss and destruction of resources, 
lives, and urban infrastructure, as well as modifying the landscape and contributing to climate change. The 
objective of the work is to generate a fire susceptibility map for central Portugal using the Random Forest 
method, and to evaluate the importance of variables in the model and select those that contribute most to the 
accuracy of the susceptibility map. For the model, 13 social or environmental variables and the history of fires in 
the region were used for fire modeling with Random Forest, where only 10 were considered important for the 
model. For validation, the Kappa and accuracy of the fire occurrence classification model, Area Under the Curve 
(AUC), and burned area relative to susceptibility classes were calculated. The best model presented a Kappa of 
0.641, AUC of 84.68%, and showed that the burned area increased with the increase in wildfire susceptibility. 
Population density and firefighter density were the most important variables, while environmental ones proved 
to be an important support for fire modeling. Thus, the results enable assisting in the suppression and prevention 
of fires, mainly in the furthest inland and less populous regions of the area, while advancing the understanding of 
fire regimes and playing a crucial role in protecting biodiversity by identifying ecosystems susceptible to 
wildfires.

1. Introduction

Wildfires serve numerous social and ecological functions, including 
creating open habitats that support shade-intolerant plants and animals, 
regulating fire intensity and pest control, preventing catastrophic fires, 
supporting cultural and recreational practices, promoting habitat het-
erogeneity by enhancing biodiversity and ecosystem resilience, and 
improving genetic variability and species diversity (Pausas & Keeley, 
2019); however, they can cause loss and destruction of resources, 
human lives, and urban infrastructure (Tran et al., 2024). They also act 
as a landscape modifier, altering the existing ecosystem function 
(Camargo et al., 2018; Costa et al., 2022) and impacting the soil and 
water quality and characteristics (Nitzsche et al., 2024; Nunes & Lour-
enço, 2017; Ribeiro et al., 2021; Sequeira et al., 2020). In addition, they 
can be responsible for high CO2 emissions, thus contributing to climate 
change, and the consequent increase in fires due to the rise in global 
temperature (Costa et al., 2023; Stephens et al., 2020).

Mediterranean countries face the challenge of large-scale wildfires 
annually, with Portugal recording the highest average annual number of 
fires among them (Bergonse et al., 2022). The central region of Portugal 
is characterized by a diverse topography and vegetation and is partic-
ularly susceptible to wildfires (Nunes et al., 2016, 2023b, 2023a). 
Indeed, this susceptibility has led to 26,560 km2 of burned areas in the 
period from 1975 to 2022, totaling an annual average of 565 km2 (ICNF, 
2023). This is equivalent to 2 % of the country’s territory each year. For 
instance, in 2017 Portugal experienced extreme weather conditions that 
favored a large wildfire, causing 113 fatalities (Turco et al., 2019). 
Similarly, a wildfire in Castelo Branco in 2019 resulted in dozens of 
injured people (Calheiros et al., 2022; Santana Neto et al., 2022).

Wildfires can have natural causes, but they are primarily caused by 
anthropogenic factors such as arson, the burning of debris, smoking, 
campfires, railways and equipment use (Oliveira et al., 2012; Santana 
Neto et al., 2022). To predict and prevent wildfires, addressing human 
causes directly linked to land use is crucial; however, it remains a 
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complex and challenging task. Therefore, understanding the spatial re-
lationships among the natural drivers of fires can provide valuable in-
formation about their frequency and the areas potentially threatened by 
fires (Sari, 2024).

Risk, ignition, susceptibility and fire hazard maps are crucial tools for 
land management and planning since they allow the identification of 
areas prone to wildfires (Akıncı & Akıncı, 2023; Milanović et al., 2021; 
Nunes et al., 2023a). According to Bachmann and Allgöwer (2001), 
wildfire risk is defined as the likelihood of a wildfire occurring in a 
certain location under specified conditions, as well as the predicted ef-
fects on impacted areas. Ignition maps specifically identify areas with a 
high likelihood of fire initiation (Santos et al., 2022).

Susceptibility refers to the area’s natural tendency to experience or 
support wildfires due to factors like elevation, slope, and vegetation 
cover, while fire hazard refers to the overall likelihood of wildfires 
occurring, taking into account potential ignition sources and environ-
mental conditions. By integrating susceptibility with the probability of 
wildfire occurrence, the concept of hazard is established (Parente & 
Pereira, 2016; Verde & Zêzere, 2010).

Furthermore, the susceptibility map provides valuable insights into 
areas naturally predisposed to wildfires, emphasizing environmental 
factors such as elevation, slope, and vegetation cover. Wildfires were 
often related to anthropic factors, indicating that human-related vari-
ables (such as population density) should be considered. Several authors 
state that these variables are intrinsic to the territory, reflecting 
enduring characteristics due to their relative stability over time (Parente 
& Pereira, 2016; Santos et al., 2022; Verde & Zêzere, 2010).

These maps are important tools for developing prevention and 
mitigation strategies, which significantly contribute to the reduction of 
wildfire risks (Tran et al., 2024). There are various methods for creating 
fire susceptibility maps, such as the Analytical Hierarchical Process 
(AHP) (Kayet et al., 2020; Nunes et al., 2023b), parametric models 
(Oliveira et al., 2012; Santana Neto et al., 2022; Xiao et al., 2015), and 
machine learning models (Akıncı & Akıncı, 2023; Iban & Sekertekin, 
2022; Pourghasemi et al., 2020). Of these methods, the Random Forest 
machine learning method (Breiman, 2001) stands out for its ability to 
process large volumes of data and identify complex patterns accurately 
(Akıncı & Akıncı, 2023; Iban & Sekertekin, 2022; Milanović et al., 2023; 
Santana Neto et al., 2022; Yue et al., 2023).

Despite its widespread use in literature, the Random Forest approach 
frequently becomes a black-box, making model analysis and interpre-
tation more challenging. Furthermore, the failure to account for the 
temporal variation of certain variables, as well as the exclusion of 
anthropogenic variables closely related to fires (such as population 
density and firefighter density), may jeopardize the efficiency and cor-
relation of the results with the real world. Incorporating these param-
eters is critical for increasing the robustness and practical usability of the 
produced models.

The study’s hypothesis is that both socioeconomic (such as popula-
tion density and firefighter density) and biophysical variables of the 
territory (such as elevation, temperature, and precipitation) influence 
fire susceptibility, with higher values indicating a higher susceptibility 
to forest fires. On the other hand, it is proposed that the interaction of 
these variables, rather than the isolation of each factor, is critical for 
accurately modeling the risk of forest fires and understanding their 
dynamics in the region. Finally, we hypothesize that the combined 
method of machine learning and GIS to produce forest fire susceptibility 
maps improves the results accuracy.

Considering the above hypothesis, the main objectives of this 
research are to develop a fire susceptibility map for central Portugal 
using the Random Forest method and to assess the significance of 
various variables in predicting forest fire occurrences. This study is 
distinguished by the use of Shapley analysis to interpret the 

contributions of the variables, with a particular emphasis on population 
and firefighter density as novel and distinguishing factors in comparison 
to the existing literature. The study’s goal is to show how incorporating 
these unusual anthropogenic factors into wildfire susceptibility research 
can have a significant impact on the model’s results. By identifying and 
quantifying the impact of these variables, the study hopes to improve 
understanding of forest fire dynamics and provide valuable insights for 
developing more effective fire prevention and management strategies in 
the region.

2. Material and methods

2.1. Study area

The Central Region of Portugal spans 28,199 km2 with 100 munici-
palities varying in population density, geomorphology, and climate 
(Nunes et al., 2023b) (Fig. 1). Altitudes range from the Central Cordil-
lera mountains to coastal areas. Summer temperatures average 
16–33.7 ◦C, precipitation 14–194 mm, and wind speeds 3.26–7.71 m/s 
at 20 m height (Costa & Estanqueiro, 2023; IPMA, 2009a; 2009b). 
Population density ranges from uninhabited areas to 535.81 in-
habitants/ha, concentrated in district capitals (INE, 2022). Firefighter 
density declined from 0 to 640.96/km2 in 1998 to 4.42–360.06/km2 by 
2021, with outliers like Espinho (INE, 2024).

Bergonse et al. (2023) describes four distinct fire regimes in Central 
Portugal, based on variations in burned area extent, wildfire frequency, 
and temporal concentration. The first regime features the smallest and 
most temporally concentrated burned areas, along with the lowest 
wildfire frequency. The second regime involves more extensive burned 
areas and higher wildfire frequency than the first, with less temporal 
concentration. The third regime is characterized by the most extensive 
burned areas and the highest wildfire frequency, with fires spread over 
time. In contrast, the fourth regime has slightly less extensive burned 
areas but a much lower wildfire frequency, with the burned areas being 
more temporally concentrated.

There was also a change in land use and cover, with emphasis on the 
reduction of coniferous forests and an increase of eucalyptus forests in 
the region (Fig. 2). Additionally, the other land cover and use (LCU) 
classes underwent minor area changes in relation to those mentioned 
above (DGTerritório, 2022).

2.2. Variables description

For wildfire modeling, georeferenced polygons of burned areas 
(1990–2022) were used, partially aligned with Portugal’s census data 
(1991, 2001, 2011, 2021). Wildfires are mapped via GPS surveys (Tedim 
et al., 2013) and Sentinel-2 images (10-meter resolution), detecting fires 
over 10 ha through vegetation and heat algorithms. Refer to ICNF 
(2023) for further details. The year 2017 was excluded due to the 
abnormal behavior of fires in the study area caused by extreme weather 
conditions that favored them (Turco et al., 2019).

The data obtained from the fire images were utilized in the machine 
learning model as a response variable, classified binomially into 
“occurrence” and “no occurrence”, and georeferenced images of envi-
ronmental, social, and climatic factors were used as explanatory 
(Table 1).

Data from the demographic censuses of the National Institute of 
Statistics (INE, 2022) containing population numbers from 1991, 2001, 
2011, and 2021 were applied for modeling. For details on the census 
methodology, refer to INE (2022). The data were converted into popu-
lation density (inhabitants per hectare).

Information about the number of firefighters from 1998, 2001, 2007, 
2009, 2012, 2018, and 2021 were used (INE, 2013; 2024). Just like the 
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Fig. 1. On the upper left, a map of the central region and its surroundings, with a district division and identification. On the lower left, the location of mainland 
Portugal in relation to the European continent. On the right, the study area and the number of fires from 1975 to 2022 (ICNF, 2023).

Fig. 2. Changes in Land Cover and Use in Central Portugal from 1995 to 2018.
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population’s variable, these data were normalized per area, converting 
the number of firefighters per covered area (FFD), to ensure represen-
tativeness. For further methodological details, refer to INE (2013; 2024).

Land cover and use (LCU) maps from 1995, 2007, 2010, 2015, and 
2018 were utilized in this study. For details regarding their methodol-
ogy, refer to DGTerritório (2022). The maps were regrouped into eight 
categories based on technical expertise: Artificialized territories; Agri-
culture; Pastures, Agroforestry Systems, Cork oaks, Holm oaks, and 
Areas without vegetation; Other hardwoods; Eucalyptus; Resinous For-
ests; Shrublands; and Wetlands and water bodies. Additionally, the 
Euclidean Distance of Agriculture areas (EDA) variable was developed 
using the agriculture category.

The data related to the topography of the region were derived from 
ALOS PALSAR digital elevation model (ASF, 2024). From this image, the 
Elevation (ELV), Slope (SLP), Slope Orientation or Aspect (ASP), and 
Solar Radiation (RAD) were generated.

For climate characterization, maps of summer maximum air tem-
perature (TMAX) and total summer precipitation (PREC), averaged over 
1971–2000, were used (IPMA, 2009a, 2009b). Additionally, the annual 
number of days with maximum air temperature ≥ 25 ◦C (T25) and the 
number of days with precipitation ≥ 10 mm (P10) were included for the 

same period (IPMA, 2009c; IPMA, 2009d). Further methodological de-
tails can be found in Cunha et al. (2010).

Lastly, a map of the average wind speed in m/s (AWS) of Continental 
Portugal at a reference height of 20 m and a spatial resolution of 500 m 
was used (Costa & Estanqueiro, 2023).

2.3. Data processing

2.3.1. Sampling
Maps were processed in ArcMap 10.8 (ESRI, 2011), cropped to the 

central region of Portugal, and resampled to a 30 m pixel size. Binary fire 
data, excluding occurrences under one hectare, were used, as small fires 
account for a minor share of the total burned area (Calheiros et al., 
2022). Data were divided into eleven three-year groups (Table 2), with 
time-varying variables assigned to the nearest available date and con-
stant variables repeated across all groups.

The data sampling for the modeling was conducted in the R envi-
ronment (R Core Team, 2024), where the maps of each group were 
overlapped and converted into a dataframe, with each row corre-
sponding to a pixel. Subsequently, all eleven data frames (groups) were 
consolidated and randomly sampled to represent 0.02 % of the total map 

Table 1 
Geospatial explanatory variables applied in the modeling of fire susceptibility.

Name Acronym 
(unit)

Description Scale / Resolution Source

Population density POP (Count/ 
ha)

Number of habitants per hectare County municipality level (INE, 2022)

Firefighter density FFD (Count/ 
ha)

Number of firefighters per hectare County municipality level (INE, 2013; 2024)

Land cover and use LCU Type of land cover and/or use Minimum cartographic unit: 1 ha / Minimum distance 
between lines: 20 m / Scale: 1:25,000

(DGTerritório, 2022)

Euclidean distance from 
agricultural areas

EDA (km) Euclidean distance from agricultural 
areas

Minimum cartographic unit: 1 ha / Minimum distance 
between lines: 20 m / Scale: 1:25,000

(DGTerritório, 2022)

Average of the maximum 
summer temperature

TMAX (◦C) Average of the maximum temperature 
of each summer day

100 m (IPMA, 2009a)

Accumulated precipitation in the 
summer

PREC (mm) Accumulated precipitation in the 
summer

100 m (IPMA, 2009c)

Number of days with 
temperature above 25 ◦C

T25 (◦C) Number of days with temperature 
above 25 ◦C

100 m (IPMA, 2009c)

Number of days with 
precipitation above 10 mm

P10 Number of days with precipitation 
above 10 mm

100 m (IPMA, 2009d)

Elevation ELV (m) Altitude relative to sea level 10 m (ASF, 2024)
Slope SLP (◦) Slope of relief, in degrees 10 m (ASF, 2024)
Solar Radiation RAD (Whm2) Incident solar radiation on a point 10 m (ASF, 2024)
Aspect ASP Orientation of the slopes according to 

cardinal points
10 m (ASF, 2024)

Average wind speed AWS (m/s) Wind speed measured at 20 m height 500 m (Costa & Estanqueiro, 
2023)

Table 2 
Division of fire occurrence and variable groups, considering the temporality of the variables. POP: Populational density; FFD: Firefighter density; LCU: Land cover and 
use; EDA: Euclidean distance from agricultural areas.

Group Wildfires POP FFD LCU EDA Other variables
1 2020–2022 2021 2021 2018 2018 Constant
2 2017–2019 2021 2018 2018 2018
3 2014–2016 2011 2015 2015 2015
4 2011–2013 2011 2012 2010 2010
5 2008–2010 2011 2009 2010 2010
6 2005–2007 2011 2007 2007 2007
7 2002–2004 2001 2001 2007 2007
8 1999–2001 2001 2001 1995 1995
9 1996–1998 2001 1998 1995 1995
10 1993–1995 1991 1998 1995 1995
11 1990–1992 1991 1998 1995 1995
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pixels. This step was taken to reduce computational demands and ensure 
efficient data processing.

To maintain the representativeness of the samples, the proportion 
between the samples was determined based on the occurrence ratio of 
burned areas (from 1990 to 2022, excluding 2017) and unburned areas. 
Thus, the total burned area corresponded to approximately 14,146 km2 

(43 % of Central Portugal area) considering the recurrence of burns by 
area (e.g., 10-hectare polygons that burned twice will be counted as 20 
ha of wildfire), and 18,575 km2 (57 %) of unburned area. Afterwards, 
the sample data was split into training and test data, corresponding to 
75 % and 25 % of the sample, respectively. The Pearson correlation 
between the variables was then computed, also in R environment.

2.3.2. Wildfires modeling
The Random Forest (Breiman, 2001) model was trained using the fire 

occurrence as the response, which was derived from historical data from 
1990 to 2022 (except 2017), and the other variables as explanatory. We 
set the following model parameters: mtry = 4 and ntree = 1000, while 
the others were set to the package default. We set mtry = 4 because it 
closely approximates the square root of the number of variables (13), as 
recommended by Huang and Boutros (2016).

The work was carried out in two stages. First, a model was generated 
using all explanatory variables, and the importance of each variable was 
calculated using the VIP package (Greenwell & Boehmke, 2020). Sub-
sequently, a second model was created, excluding the variables that had 
less than 50 % relative importance as determined in the first model. The 
importance of each variable was quantified using the Gini impurity 
function, aggregating their importance across all trees in the model and 
normalizing them such that the most influential variable reaches a value 
of one (100 %) (Milanović et al., 2021; Nembrini et al., 2018).

While the previous method was applied to validate the model and 
assess the importance of the variables, the SHAP (Shapley Additive 
Explanation) approach was employed to interpret and analyze the re-
lationships between variables and the occurrence of wildfires. The SHAP 
method, based on game theory (Shapley, 1953), quantifies each fea-
ture’s contribution to a model’s output (Lundberg & Lee, 2017). Shapley 
values are calculated (Ann A) by comparing prediction differences with 
and without a feature, weighted by the subset size and averaged (Yue 
et al., 2023). This approach interprets machine learning models by 
assessing whether features positively or negatively impact predictions, 
unlike traditional feature importance (Iban & Sekertekin, 2022; Kan-
nangara et al., 2022; Kavzoglu et al., 2021; Yue et al., 2023).

2.3.3. Model validation and susceptibility map assessment
The models were validated in three stages. Firstly, both models (all 

variables included; only > 50 % importance variables) were used to 
predict wildfires. The predictions were compared to the actual fire data. 
These steps were repeated three times to obtain an average value for the 
overall accuracy and Cohen’s Kappa (κ) of the models.

The selected model was then employed to predict the fire suscepti-
bility image. This involved calculating the probability of each pixel 
being classified as either 0 (indicating no burn) or 1 (indicating a burn). 
The explanatory variables used in this process were the georeferenced 
images from Group 4 (as detailed in Table 2). For validation, a binary 
image was generated through the reclassification of the fire occurrences 
image from 2011 to 2022 (Groups 1 to 4) in ArcMap 10.8 software 
(ESRI, 2011).

Subsequently, the Area Under the Curve (AUC) was calculated using 
the fire susceptibility and validation images, synthesizing the receiver 
operating characteristic (ROC) (Bradley, 1997). It measures model 

Fig. 3. Variable importance, accuracy, and Kappa value, considering the removal of variables with importance below 50 % (a) All variables included, (b) Without the 
variables Aspect (ASP) and Solar Radiation (RAD). Where, FFD: Firefighter density; POP: Population density; T25: Number of days with temperature above 25 ◦C; 
P10: Number of days with precipitation above 10 mm; ELV: Elevation; TMAX: Average of the maximum temperature in summer; PREC: Accumulated precipitation in 
the summer; LCU: Land cover and use; EDA: Euclidean distance from agricultural areas; AWS: Average wind speed; SLP: Slope; RAD: Solar Radiation; ASP: Aspect.
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quality, indicating the probability that burned areas have higher fire 
probabilities than unburned areas (Nunes & Lourenço, 2017; Santana 
Neto et al., 2022; 2023). AUC values are categorized as inadequate 
(<0.6), unsatisfactory (0.7–0.8), moderate (0.8–0.9), good, or excellent 
(>0.9) (Akıncı et al., 2024; Shang et al., 2020).

To facilitate a comparison of burn susceptibility with actual data, the 
susceptibility image was segmented into five classes: very low, low, 
moderate, high, and very high. For each of these classes, the relative 
area that burned during the validation period (in comparison to the total 
area of the class) was calculated.

2.3.4. Actual wildfire susceptibility image
After the model validation, a prediction of fire susceptibility was 

carried out using the most recent data from the study (Group 1) using the 
same method as that applied for the previous susceptibility map. 
Furthermore, we calculated the average fire susceptibility for each dis-
trict within the central region of Portugal.

3. Results

The correlation matrix (Annex B) displays the relationships between 
the variables. PREC shows a positive correlation with P10 (0.7) and a 
negative correlation with TMAX (−0.65), indicating that higher 

Fig. 4. (a) Shapley Additive explanation values, considering the removal of variables with importance below 50 %. (b) SHAP values for Land Cover and Use classes. 
Where, FFD: Firefighter density; POP: Population density; T25: Number of days with temperature above 25 ◦C; P10: Number of days with precipitation above 10 mm; 
ELV: Elevation; TMAX: Average of the maximum temperature in summer; PREC: Accumulated precipitation in the summer; LCU: Land cover and use; EDA: Euclidean 
distance from agricultural areas; AWS: Average wind speed; ART: Artificialized Territories; AGRI: Agriculture; PAST: Pastures, Agroforestry Systems, Cork oaks, Holm 
oaks, Areas without vegetation; HDW: Other Hardwoods; EUC: Eucalyptus; RES: Resinous Forests; SHL: Shrublands; WTR: Wetlands and water bodies. (c) SHAP 
Values for Firefighter Density.

Fig. 5. (a) Fire occurrence image from the years 2011–2022; (b) Susceptibility image based on the variables from Group 4.
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precipitation is associated with more days of precipitation above 10 mm 
and lower average maximum summer temperatures. Other correlations 
exhibit weaker values, suggesting negligible or low levels of association 
between the remaining variables.

The models showed a higher importance for the variables of fire-
fighter density (FFD), population (POP), and number of days with 
temperature above 25 ◦C (T25) (Fig. 3). On the other hand, the radiation 
(RAD) and aspect (ASP) variables showed a relative importance below 
the others. Nevertheless, removing these less important variables 
resulted in improved Cohen’s Kappa (κ) and overall accuracy, leading to 
the selection of this streamlined model for the next validation stage.

Fig. 4 illustrates the directional influence of effects and the impor-
tance of each variable in predicting wildfire susceptibility. On the hor-
izontal axis, we observe the Shapley values, with larger values signifying 
a more significant impact on prediction outcomes. Positive Shapley 

values correspond to a positive influence, while negative values indicate 
a negative influence. The color scheme further enhances our under-
standing: red denotes high attribute values, while blue represents low 
attribute values. For example, when FFD and Elevation values are high, 
Shapley values tend to be large, suggesting that increased FFD and 
Elevation are associated with a higher likelihood of wildfire occurrence.

Less prominently but still relevant, both agricultural distance (EDA) 
and the number of days with temperatures exceeding 25 ◦C (T25) 
exhibited similar behavior as the previously cited. Conversely, popula-
tion density showed an inverse relationship with wildfire susceptibility. 
The remaining continuous variables had SHAP values closer to zero, 
indicating their lesser relevance to the model being distributed uni-
formly along the X-axis, making it challenging to confirm the direction 
in which these variables contribute to susceptibility.

Regarding the SHAP values for the categorical variable LCU (Fig. 4b), 

Fig. 6. Relative burned area from 2011 to 2022 (except 2017) by susceptibility class defined by the random forest model using data from Group 4.

Fig. 7. (a) Fire susceptibility image based on the most recent data (Group (1). (b) Average fire susceptibility (%) in the area of the districts located in the central 
region of Portugal.
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a substantial positive contribution is observed from the shrublands class, 
while the water bodies, artificialized, and agricultural classes exhibit 
opposite behaviors. The other LCU classes do not demonstrate signifi-
cant relevance in contributing to the variable’s impact on the model.

Thus, the real burned area image used for validation (Groups 1–4, 
except 2017) presented a predominance of wildfires in the north and 
northeast regions of the study area (Fig. 5a). Similarly, the predicted 
burning susceptibility image, based on Group 4 (Table 2), exhibited a 
comparable pattern but also indicated some high susceptibility areas in 
the southern part of the area (Fig. 5b) and a very low susceptibility in the 
southeastern region.

When comparing the susceptibility image generated with the real fire 
data, an AUC of 84.68 % was calculated (Annex C).

The burned area increased exponentially with the increase in sus-
ceptibility. About 46.23 % of the area considered Very High suscepti-
bility to fires was burned, while only 0.79 % of the area classified as Very 
Low susceptibility burned (Fig. 6). This indicates a consistent correlation 
between the fire susceptibility of an area and the extent of the burned 
area.

The fire susceptibility map developed using the most recent data 
from this study (as per Group (1), Table 2) reveals significant insights 
(Fig. 7). Notably, the districts of Guarda and Viseu, situated in the 
northern part of the region, exhibit a high susceptibility to fires. 
Conversely, Lisboa and Aveiro, which are located closer to the coast, 
demonstrate a lower average susceptibility to fires. Furthermore, it’s 
worth noting that the eastern region of Castelo Branco demonstrates 
remarkably low susceptibility.

4. Discussion

4.1. Variables assessment

4.1.1. Firefighter and population density
The findings indicate that firefighter presence is a highly influential 

factor in the model, holding the highest importance value. The analysis 
shows a positive correlation between wildfire occurrences and the 
number of deployed firefighters, which is consistent with the results of 
Piñol et al. (2005) The authors states that the higher firefighting ca-
pacities resulted in a slightly higher proportion of large fires. Notably, in 
areas with firefighter densities between 0 and 0.5 firefighters/km2 the 
probability of fire incidents increases, but this probability tends to sta-
bilize beyond that range.

This stabilization likely reflects strategic firefighter allocation, where 
regions with higher historical fire incidence receive more resources. 
Such allocation suggests that fire prevention measures are already being 
implemented in these areas. However, these findings contrast with 
earlier research, which commonly links concentrated firefighter 
deployment with a reduction in burned areas (Félix & Lourenço, 2017; 
Nunes et al., 2023b). On the other hand, inadequate or excessive fire 
suppression policies, particularly in fire-dependent ecosystems, can 
disrupt the natural fire regime. This disruption leads to the accumulation 
of combustible material, which significantly increases the area’s sus-
ceptibility to wildfires (Fidelis et al., 2018; Tedim et al., 2018; Ponce- 
Calderón et al., 2021).

However, population density shows a negative correlation with burn 
areas. Our study highlights an elevated occurrence of big and extreme 
fires in regions with smaller populations. This observation can be 
attributed to several factors. Regions with larger populations tend to 
have lower fuel density, reducing fire susceptibility. Although Central 
Portugal features an extensive Wildland-Urban Interface—spanning 
60,373 km in 2023, with 15,000 km comprising built-up areas directly 
adjacent to fuel sources (Nunes et al., 2023a, 2023b)—making it more 
susceptible to human-induced fire ignition, the region benefits from 
stricter regulations, accessible firefighting services, and advanced fire 
detection systems that enable swift response and containment (Oliveira 
et al., 2018; Piñol et al., 2005).

Also, distinct land use patterns, reduced flammable vegetation, and 
limited agricultural activities—major wildfire triggers in rural region-
s—further minimize fire risk. Additionally, the diminished reliance on 
traditional fire practices in urban settings decreases the likelihood of 
extensive outbreaks (Bergonse et al., 2021a; Catry et al., 2009; Rodrí-
guez-Trejo et al., 2022).

In Portugal, coastal areas are characterized by high population 
density and urbanization, allied to higher precipitation and lower tem-
peratures, while mountainous, rural, and interior regions of the center 
exhibit low population density and a dispersed housing pattern, with a 
predominance of isolated buildings and abandoned shrublands (Nunes 
et al., 2023b). This land cover, driven by low profitability and insuffi-
cient incentives for its management, persists particularly during periods 
when fuel management near houses and settlements was not mandated 
(Calviño-Cancela et al., 2016; Nunes et al., 2023a).

As a result, residents in these regions face heightened risks due to 
inadequate maintenance of structures and fuel management practices 
(Oliveira & Zêzere, 2020). Furthermore, low population density com-
plicates access to fire suppression and surveillance resources, increasing 
wildfire risks and exacerbating their impacts (Fernandes et al., 2016a; 
Moreira et al., 2010; Oliveira et al., 2021.

4.1.2. Temperature and precipitation
The elements of temperature and precipitation also influenced in the 

model. The study reveals that, irrespective of maximum temperature, 
days exceeding 25 ◦C—alongside other factors—are sufficient for fire 
occurrence. Additionally, heavy rainfall (above 10 mm) increases soil 
moisture and reduces fire susceptibility. However, when considering 
cumulative effects globally, the impact remains less certain due to 
evaporation in areas affected by lighter rains. It is known that wildfires 
tend to increase under extreme weather conditions (Calheiros et al., 
2022). The relationship between temperature and precipitation signifi-
cantly influences fire occurrence. High temperatures and low precipi-
tation are critical factors that increase forest vulnerability to fires, 
impacting atmospheric air mass, soil moisture, and evapotranspiration, 
which directly affect fuel flammability (Mansoor et al., 2022; Sari, 
2021).

These variables can exert diverse effects based on their combination. 
For example, increased spring precipitation contributes to fuel forma-
tion, while the combination of summer’s high temperatures and low 
precipitation favors forest fires due to the thermal and water stress on 
living fuels and the dryness of dead fuels. (Bergonse et al., 2022; Cal-
heiros et al., 2022; Romano & Ursino, 2020).

Moreover, it is crucial to emphasize that climate change not only 
impacts the quantity and quality of vital resources—such as water, 
minerals, and diverse species of plants, animals, and fungi (Voggesser 
et al., 2013)—but also increases the likelihood of extreme humidity or 
drought conditions. These changes can significantly alter ecosystems 
and disrupt human lives (Ponce-Calderón et al., 2021).

4.1.3. Elevation
Elevation has significant practical implications. These include 

influencing factors such as wind speed, precipitation, temperature, 
sunlight intensity, and therefore the types, quantity, and moisture of 
available fuels, all of which play a crucial role in fire behavior and 
occurrence (Iban & Sekertekin, 2022; Jaafari et al., 2018; Nunes et al., 
2016; Oliveira & Zêzere, 2020; Tran et al., 2024; Verde & Zêzere, 2010). 
Thus, numerous studies have shown an escalation in the extent of the 
burned area correlating with an increase in altitude up to a limited 
height (Bergonse et al., 2021a; Bergonse et al., 2021b; Marques et al., 
2011; Nunes et al., 2023a; Oliveira & Zêzere, 2020).

This research aligns with this pattern, as we found that higher ele-
vations demonstrated heightened susceptibility to wildfires. Further-
more, high altitudes are associated with livestock activities and lower 
population density, which play a significant role in the ignition of 
wildfires (Catry et al., 2009). The negligence in fire management 
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techniques, stemming from the loss of cultural knowledge linked to 
these livestock activities, further heightens the risk of wildfires (Ponce- 
Calderón et al., 2022).

4.1.4. Land use and land cover and distance from agriculture area
Another factor of paramount importance for wildfire behavior is land 

use and land cover (LCU). The type and availability of fuel influence the 
likelihood of fire occurrence, just as different land uses influence the 
distribution and propagation of fires (Bergonse et al., 2021a; Calheiros 
et al., 2022; Oliveira & Zêzere, 2020). Numerous studies indicate that 
scrubland is the type of land cover most susceptible to fires in Portugal 
(Bergonse et al., 2022; Carmo et al., 2011; Marques et al., 2011; Santana 
Neto et al., 2022), which aligns with our findings. This can be explained 
by a combination of factors: the fuel has a high fire propagation rate 
because its properties include highly flammable resins and essential oils, 
and it is common in rugged terrains; the incidence of ignitions is more 
frequent, for instance, for scrubland clearance for conversion into pas-
tures, which often leads to fires spreading into adjacent forest areas; and 
the priority given to firefighting is lower due to the low economic value 
attributed to it (Marques et al., 2011; Moreira et al., 2009).

The results indicate that urban, agricultural, and agroforestry areas 
presented a lower susceptibility to fires, which is in concordance with 
other studies (Bergonse et al., 2021; Fernandes, Monteiro-Henriques, 
Guiomar, Loureiro, & Barros, 2016; Bergonse et al., 2022Oliveira & 
Zêzere, 2020). On one hand, they can act as ignition sources, especially 
in urban-forest interface regions, thereby facilitating the rapid spread of 
fires (Nunes et al., 2016; Tran et al., 2024). However, the presence of 
people living in these areas can support the rapid detection and 
combating of fires (Oliveira et al., 2022).

Agricultural areas, subject to rigorous management practices, owe 
their effectiveness more to human intervention than inherent plant 
species characteristics, as suggested by Oliveira et al. (2021). Addi-
tionally, these agricultural zones adjacent to settlements can act as 
natural firebreaks, limiting fire spread, although extreme conditions 
may occasionally override the typical selectivity of fire based on land 
cover type (Barros & Pereira, 2014).

4.1.5. Average wind speed
While the average wind speed (AWS) variable was less relevant in the 

model, it exerts considerable influence in the practical scenario, theo-
retically exhibiting a positive association with the spread of wildfires 
(Tran et al., 2024; Xiao et al., 2015). Wind supplies oxygen, introduces a 
new source of fuel to the fire, and spreads the flames to reach new fuels 
(Costa et al., 2011; Pourtaghi et al., 2015).

4.1.6. Slope, aspect and solar radiation (RAD)
Lastly, with the removal of the variables Slope (SLP), Aspect (ASP), 

and Solar radiation (RAD), the model exhibited greater accuracy and a 
higher Kappa value. The removal of these variables could reduce the 
model’s ability to capture the complexity of the phenomenon. Addi-
tionally, it is important to remember that the accuracy of a model does 
not always reflect its long-term validity or its ability to generalize in real 
and heterogeneous scenarios. Future studies should consider including 
these variables and conducting additional field validations to ensure the 
model better captures the factors influencing wildfires.

The inclusion of the slope variable in our study stems from its 
theoretical role in promoting upward fire propagation through the 
heating of combustible materials, being positively associated with 
wildfire spread (Carmo et al., 2011; Costa et al., 2011; Leuenberger 
et al., 2018; Oliveira & Zêzere, 2020; Tran et al., 2024). The slope also 
influences land cover types and, consequently, the availability of fuel 
(Bergonse et al., 2021b). However, its relatively lower importance in our 
model likely results from its irregular distribution within the region, 
consistent with findings by Bergonse et al. (2022).

The inability of the Aspect and Solar radiation variables to enhance 
the wildfire susceptibility model aligns with the findings reported by 

Oliveira et al. (2021) and Iban and Sekertekin (2022). Those two vari-
ables are directly related and were evaluated due to their influence on 
heating fuel (Santana Neto et al., 2023). For instance, in the northern 
hemisphere, southern slopes tend to receive greater exposure to direct 
sunlight, which results in higher temperatures and so dries the 
combustible material (Akıncı & Akıncı, 2023; Sari, 2021), thereby 
facilitating the ignition and propagation of fires (Sayad et al., 2019; Tran 
et al., 2024).

4.2. Wildfire susceptibility map

It is well-known that susceptibility maps aim to identify regions with 
higher susceptibility to fires, taking into account various socio- 
environmental and historical aspects. These maps are designed to sup-
port fire prevention and suppression strategies (Tran et al., 2024) while 
advancing the understanding of fire regimes (Bergonse et al., 2023). 
Additionally, they play a crucial role in protecting biodiversity by 
identifying ecosystems susceptible to wildfires, such as carbon-rich 
forests and pollinator habitats (Marquez Torres et al., 2023; Torres & 
Paz, 2024). Consequently, developing more efficient maps becomes 
crucial for effectively guiding these efforts (Santana Neto et al., 2022).

Thus, the initially calculated model presented a Kappa value of 
0.592. However, after removing the less important variables, this value 
increased to 0.641, representing moderate agreement. The model’s 
behavior is in line with the study by Jaafari et al. (2018), which shows 
that reducing variables can lead to better Kappa values in wildfire 
prediction.

Furthermore, the susceptibility map exhibited an AUC of 83.81 %, 
which is considered a good performance (Akıncı et al., 2024; Shang 
et al., 2020). Several studies that employed the Random Forest method 
also achieved an AUC above 80 % (Akıncı & Akıncı, 2023; Iban & 
Sekertekin, 2022; Milanović et al., 2023, 2021; Yue et al., 2023), 
demonstrating the method’s high adoption and efficiency. Not only that, 
the curve represented in Fig. 6 was consistent with expectations, where 
higher susceptibilities presented a larger relative burned area, showing 
similarity with other fire studies that used the same algorithm (Random 
Forest) in different areas (Leuenberger et al., 2018; Santana Neto et al., 
2022). This method is favored due to its ability to construct multiple 
decision trees during the training, while also demonstrating robustness 
against outliers and noisy data (Oliveira et al., 2012; Rodrigues & De la 
Riva, 2014; Santana Neto et al., 2022; Su et al., 2018).

Thus, it can be noted that the distribution of fire susceptibility in 
Fig. 3b was primarily influenced by social factors, as previously dis-
cussed. Areas with larger populations (closer to the coast) exhibited 
lower susceptibility, while the more central regions and the northeastern 
part of the study area showed higher susceptibility. This result is similar 
to other studies conducted in the same region (Nunes et al., 2023a; 
Oliveira et al., 2021).

The spatial pattern of fires in the central part of the study area re-
mains stable, but there’s an overall decrease in fire susceptibility across 
the region. This could be due to the significant consumption of available 
fuel by the widespread fires of 2017 (Calheiros et al., 2022; Santana 
Neto et al., 2022), which would still be in a recovery phase during the 
period identified by Group (1) (De Zea Bermudez et al., 2009), given that 
biomass accumulation is a crucial factor for fire occurrence (Pandey 
et al., 2023).

4.3. Environmental impacts

Wildfires in Portugal not only cause the direct destruction of many 
individuals, including those of conservation concern, but also generate 
conditions conducive to the invasion of non-native species (Rossetti 
et al., 2022). For example, Aguiar et al. (2021) reported a dramatic rise 
in the number and development of Acacia melanoxylon seedlings, as well 
as sprouts from root suckers and burnt stools. Furthermore, post-fire 
episodes promote dwarf shrubs and other low vegetation, modifying 
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the landscape’s physiognomy (Bastos et al., 2011).
In addition, wildfires cause soil degradation, considerably influ-

encing the post-fire environment. For example, the removal of vegeta-
tion cover makes landscapes highly susceptible to soil erosion (Nunes & 
Lourenço, 2017). Furthermore, wildfires reduce soil organic matter and 
produce contaminants such as charcoal and pyrogenic polycyclic aro-
matic hydrocarbons (PAHs). These substances offer environmental and 
ecological risks, being the second recognized as human carcinogen 
(Ribeiro et al., 2021). As a result, the combined effects of wildfire- 
induced alterations and faster soil erosion promote sediment transport 
into aquatic systems, reducing water quality and raising major envi-
ronmental issues (Nunes & Lourenço, 2017). Additionally, wildfires 
disrupt fish assemblages, causing shifts in population dynamics and 
long-lasting ecological impacts (Monaghan et al., 2016).

4.4. Directions for future research and study limitations

It is important that new studies are conducted periodically, as some 
variables tend to change over time (Tran et al., 2024). In order to 
develop even more precise models, it is crucial to have access to more 
accurate and updated data of the defined variables, such as climatic 
data, in addition to the inclusion of new variables related to population 
(Oliveira & Zêzere, 2020), like socio-economic and cultural character-
istics. Additionally, it is essential to recognize the importance of pyro-
biocultural territories, which have been shaped through traditional 
practices over time. These territories, which integrate local cultural 
knowledge and fire management practices, offer valuable insights for 
better understanding the dynamics of fire occurrence and prevention 
(Ponce-Calderón et al., 2022). Incorporating these cultural aspects into 
future studies could significantly improve the accuracy of models and 
contribute to more sustainable fire management strategies. Further-
more, images with higher spatial resolutions and considering seasonality 
could result in more accurate models, thereby providing better materials 
for fire prevention and suppression strategies.

5. Conclusions

The study evaluated the importance of variables in the creation of a 
wildfire susceptibility map, highlighting a stronger correlation between 
the presence of firefighters and depopulation. However, when envi-
ronmental variables are analyzed together, they provide crucial support 
for wildfire modeling.

Furthermore, our study reveals that, in Central Portugal, regions at 
higher elevations tend to exhibit greater susceptibility to wildfires. 
Notably, when examining climatic factors, we observed that their rele-
vance becomes more pronounced when considering lower thresh-
olds—specifically, the number of days with elevated temperatures and 
precipitation (above 25 ◦C and 10 mm, respectively), suggesting that the 
use of general data (mean temperature or accumulated precipitation) 
may not fully reflect its true impact on wildfire susceptibility.

In addition, the spatial distribution of high levels of susceptibility to 
fires remains unchanged, with a focus on the northern region of the 
study area. Ultimately, the results can assist with directing efforts to-
wards fire suppression and prevention in order to protect people, assets, 
and nature, highlighting a greater need for attention to the further 
inland and less populous regions of the study area, especially those with 
higher elevation and more shrublands, particularly in the districts of 
Guarda, Viseu, and Santarém.

Moreover, the study emphasizes the need for periodic updates and 
improved model accuracy by incorporating higher-resolution data, 
socio-economic and cultural factors, and seasonality. Recognizing 
pyrobiocultural territories and integrating local fire management prac-
tices can also enhance understanding and sustainability. The findings 
can lead future fire management strategies, particularly in less popu-
lated and inland regions, where targeted interventions may be most 
needed, in order to protect nature and people’s lives.
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Appendix A. Equation for shapley additive explanation

ϕj =
1
M
∑M

i=1
∑

S⊆xi/j
|S|!(|xi| − |S| − 1 )!

|xi|!

(

fS∪j(xi)− fS(xi)
)

(1) 

where xi represents the i-th sample; j represents one of the features; S represents the subset of features that does not include feature S; fS(xi) represents 
the model’s prediction output after removing feature S; fS∪j(xi) represents the model prediction outputs after adding feature j; and M is the number of 
samples. The Shapley value is the contribution of feature j to the prediction output for sample xi, which is calculated as the difference between the 
prediction outputs with and without feature j, multiplied by the weight of the sample subset when feature j is considered, and then averaged (Yue 
et al., 2023).
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Annex B. . Matrix correlation between explanation variables. Where, FFD: Firefighter density; POP: Population density; T25: Number of 
days with temperature above 25 ◦C; ELV: Elevation; P10: Number of days with precipitation above 10 mm; TMAX: Average of the 
maximum temperature in summer; PREC: Accumulated precipitation in the summer; SLP: Slope; RAD: Solar radiation.

Annex C. . ROC Curve and AUC for the predicted burning susceptibility map compared to real fire data based on Group 4

Data availability

Data will be made available on request.
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Weather Overrides Fuel Memory: Seasonal Dynamics of Fire Hazard and the Limits of the 

Fire Return Interval 

Graphical Abstract 

 

ABSTRACT 

Wildfire regimes in Mediterranean hotspots like Portugal are driven by anthropogenic factors and 

fuel build-up, causing severe socio-economic impacts. Traditional hazard models, reliant on 

annual averages, often fail to capture the distinct seasonal dynamics governing these fire regimes. 

This study evaluated two hypotheses in Central Portugal: 1) that seasonally-disaggregated models 

outperform an overall annual model; and 2) that incorporating fuel age, via the Fire Return 

Interval (FRI), enhances predictive accuracy. Three fire seasons (High: Aug-Sep; Medium: Jul; 

Low: Oct-Jun) were statistically defined. Hazard maps were generated using a data-driven Spatial 

Multi-Criteria Evaluation (SMCE) and Simple Additive Weighting (SAW) approach. The FRI was 

calculated as the 10th percentile (P10) of re-burn intervals (1990-2024) per land cover class and 

geoclimatic zone; a temporal mask based on this threshold was applied to assign zero hazard to 

recently burned areas. All models were validated against independent 2019–2024 fire perimeters 

using the Area Under the Curve (AUC) method. The first hypothesis was partially validated: the 

seasonal High (AUC=0.81) and Low (AUC=0.80) models outperformed the Overall (AUC=0.77). 

We found dominant hazard drivers shifted seasonally: the July model (AUC=0.58) was linked to 

drought (low NDP10), whereas the High, Low, and Overall models were driven by topography 

and high fuel load (proxied by high NDP10). However, the second hypothesis was refuted for the 
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critical period, as the FRI mask decreased predictive performance in the Overall and High-season 

models. The findings indicate that while seasonality is essential for differentiating hazard drivers, 

this "fuel memory" is overridden by extreme weather conditions. Management strategies based 

solely on historical burn patterns are, therefore, insufficient to mitigate hazard in extreme events. 

 Keywords: Portugal, Pyrogeography, Danger, Spatial Multi-Criteria Evaluation, 

Topography, Mediterranean, Recurrence  
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1 Introduction 

Wildfire causes are broadly categorized into two main groups: natural and human. While 

natural ignitions are primarily driven by lightning (U.S. National Park Service, 2018), the 

overwhelming majority of ignitions are of anthropogenic origin. These result largely from 

negligence—such as uncontrolled agricultural burning and poorly extinguished 

campfires—or intentional acts (Nunes et al., 2021). In Portugal, arson and the misuse of 

fire collectively account for approximately 83% of occurrences with determined causes 

(AGIF, 2025). 

The consequences of wildfires are extensive and devastating, entailing profound 

environmental, social, and economic impacts (Fidalgo and Fernandes, 2023). 

Ecologically, they drive habitat destruction, biodiversity loss, soil degradation and 

erosion, and massive greenhouse gas emissions into the atmosphere (Camargo et al., 

2018; Costa et al., 2022; NASA Science, 2025). Socially, they result in loss of life, 

destruction of housing and infrastructure, and severe public health issues due to smoke 

inhalation, which can lead to increased mortality from cardiovascular and respiratory 

diseases (Reid et al., 2016; Tran et al., 2024). In Portugal, in 2024 alone, forest fires 

caused 16 fatalities and forest damages estimated at 67 million euros (AGIF, 2025). 

Global wildfire dynamics present a complex and paradoxical picture. Contrary to 

common perception, the total global burned area has declined in recent decades, with 

Portugal recording the lowest number of fires since records began (AGIF, 2025; Doerr 

and Santín, 2016; Jones et al., 2022). This trend is largely driven by the conversion of 

fire-prone ecosystems, such as savannas and grasslands, into agricultural land, leading to 

landscape fragmentation and the disruption of fuel continuity (Jones et al., 2022; Shen et 

al., 2025). 
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However, this global trend masks a divergent reality: a significant increase in fire 

frequency and intensity within forest ecosystems, particularly in Southern Europe (Carmo 

et al., 2022). Portugal stands out as a "hotspot," with a burned area of approximately 

265,560 km² during the 1975–2022 period, totaling an annual average of 565 km² (ICNF, 

2024; Santana Neto et al., 2025). In extreme years such as 2003, 2005, and 2017, the 

burned area in Portugal exceeded that of all other Southern European countries combined 

(Carmo et al., 2022).    

This regional intensification is unequivocally driven by climate change, which creates 

hotter, drier, and windier meteorological conditions—known as "fire weather" (Barbero 

et al., 2020; Jones et al., 2022). Factors such as increased vapor pressure deficit (VPD) 

and reduced fuel moisture are direct determinants of fire propagation (Haas et al., 2024). 

Human activity modulates the impact of these climatic conditions, influencing ignitions 

as well as fuel structure and characteristics through suppression policies that lead to fuel 

accumulation (Bowman et al., 2011; Shen et al., 2025). 

The fire regime in Portugal exhibits three primary characteristics. First, it displays marked 

seasonality, with the majority of fires concentrated in the summer months (July to 

September) (Silva et al., 2023); Second, it demonstrates extreme interannual variability, 

strongly correlated with climatic variability such as severe droughts and heatwaves 

(DaCamara, 2024; Pereira et al., 2013). Finally, its vulnerability is accentuated by a 

confluence of structural factors: a climate characterized by hot, dry summers, a landscape 

dominated by flammable forests, and a history of socioeconomic changes—such as rural 

abandonment—that have led to fuel accumulation (Oliveira and Zêzere, 2020). 

For effective territorial management, it is crucial to distinguish between fire diagnostic 

concepts which, although related, are not synonymous. Analysis begins with 
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susceptibility, the landscape's intrinsic propensity to burn, dictated by slowly changing 

factors such as relief and vegetation (Luu et al., 2024; Mihajlovski and Zhiyanski, 2025; 

Santana Neto et al., 2025; Verde and Zêzere, 2010). This is complemented by ignition, 

which identifies locations where a fire is most predisposed to start (Santos et al., 2022).  

Hazard combines these two elements, representing the probability and susceptibility of 

an area to wildfire, serving as the foundation for strategic planning (Parente and Pereira, 

2016). The final concept is risk, which translates hazard into expected losses by 

considering the vulnerability of exposed elements (Bachmann and Allgöwer, 2001; 

Jappiot et al., 2009; Parente and Pereira, 2016; Verde and Zêzere, 2010). 

Based on these definitions, this study adopts hazard as the central metric, focusing on 

strategic territorial planning. This choice is justified because hazard advances beyond 

susceptibility by incorporating the probability of fire occurrence (Trucchia et al., 2023). 

the primary innovation of this work lies in surpassing the traditional, typically annual 

approach, which masks crucial temporal dynamics (Yue et al., 2025). By refining the 

analysis with a seasonal dimension, it becomes possible to differentiate the factors driving 

fire throughout the year, generating more effective territorial management strategies 

(Januário and Minuzzi, 2020; Torres et al., 2024; Wang et al., 2023). 

To enhance the precision of this seasonal hazard analysis, integrating fuel dynamics—

directly influenced by historical fire frequency—is fundamental. In this context, the Fire 

Return Interval (FRI)—the average time between fires at a specific location—becomes 

an essential metric, often determined by methods such as dendrochronology to establish 

a historical baseline (Frost, 1998; Parks et al., 2025). This metric is crucial for defining 

wildfire hazard, as intervals significantly longer than the historical baseline lead to fuel 
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accumulation and a "fire deficit" condition, increasing the risk of catastrophic fires 

(Merriam et al., 2022; Parks et al., 2025).  

The FRI varies significantly across regions; in Portugal, for instance, it is shorter in the 

north due to practices such as pastoral burning (Mateus and Fernandes, 2014; Oliveira 

and Fernandes, 2023), directly influencing forest management decisions, such as species 

selection for planting (Mateus and Fernandes, 2014). Furthermore, the realization that 

total suppression policies, without proper fuel management, prove ineffective against 

large wildfires under extreme meteorological conditions reinforces the importance of 

mapping high-hazard areas and prioritizing management actions aimed at restoring 

landscape resilience. 

Existing hazard models, including the official methodology in Portugal, rely on annual 

data aggregation that masks distinct seasonal fire dynamics (DGTerritório, 2022a). An 

aggregated model is forced to derive an average relationship that fails to faithfully 

represent the different fire regimes throughout the year—such as those driven by human 

factors versus those dominated by climate—resulting in a sub-optimized planning tool. 

The innovative proposal of this work is to overcome this limitation by disaggregating the 

temporal analysis. The study posits that identifying distinct fire seasons and applying a 

seasonal Fire Return Interval (FRI) metric significantly increases the accuracy of hazard 

models. Additionally, it is postulated that the predictive factors of greatest importance 

differ between seasons, with socioeconomic and climatic variables assuming distinct 

weights. 

To test these hypotheses, the general objective is to develop and validate hazard 

assessment models that incorporate fire regime seasonality. Specific objectives include 

the objective characterization of fire seasons, the calculation of a seasonal FRI, the 
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development of distinct hazard models for each season, and the comparison of their 

performance against a reference annual model, culminating in the production of more 

precise and dynamic hazard maps. 

2 Material and Methods 

2.1 Study area 

The landscape of the Central Region of Portugal, covering an area of 28,199 km², is 

characterized by remarkable geomorphological and climatic heterogeneity, featuring 

topography that extends from the Central Mountain Range to the coastal zone (Nunes et 

al., 2023b) (Figura 1). Average summer climatic conditions—pivotal drivers of fire 

spread—range from 16 to 33.7 °C in temperature, 14 to 194 mm in accumulated 

precipitation, and 3.26 to 7.71 m/s in wind speed (Costa and Estanqueiro, 2023; IPMA, 

2009a, 2009b).  

Human intervention and occupation within this landscape manifest in diverse forms. 

Administratively divided into 100 municipalities, the region exhibits marked variation in 

population density, ranging from uninhabited areas to peaks of 535.81 inhabitants/ha in 

major urban centers (INE, 2022). Concurrently, the landscape has been shaped by land 

cover changes between 1990 and 2018, driven notably by the replacement of coniferous 

forests with eucalyptus plantations, while shifts in other land use classes remained less 

significant (DGTerritório, 2022b; Santana Neto et al., 2025). Firefighting personnel levels 

have also shifted over time, decreasing from 10,652 in 1998 to 7,800 in 2023 (PORDATA, 

2025).  
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Figure 1. Location of the study area and the number of wildfires recorded between 1990 

and 2024 (ICNF, 2024). The inset maps on the right provide regional context, detailing 

district divisions (top) and the location of mainland Portugal within Europe (bottom).  

 

Within the study area, the southern region is characterized by hotter summers, low 

precipitation, and steep relief in its central portion (ASF, 2024; IPMA, 2009c, 2009a). 

The eastern zone, while similarly dry, features higher altitudes, most notably the Serra da 

Estrela mountain range, where a colder and wetter microclimate constitutes a significant 

exception. Conversely, the central/northern region combines steep slopes with high 

precipitation, whereas the western coastal zone—the most populous area (INE, 2022), —

contrasts with flat terrain, mild temperatures, and low precipitation, except in its 

northernmost reaches.  
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2.2 Spatiotemporal Characterization of Fire Regimes 

2.2.1 Geoclimatic Stratification 

To analyze the spatial variability of fire regimes, the region was stratified into geoclimatic 

zones. Input variables included elevation and the climatic variables number of days with 

precipitation greater than 10 mm and number of days with temperature above 25°C, which 

were identified as the best predictors for fire susceptibility by Santana Neto (2025). 

The variable values were extracted onto a hexagonal grid. Following standardization, the 

Ward.D2 hierarchical clustering method was applied. This method groups data by 

minimizing the increase in internal variance to create compact and homogeneous clusters 

(Murtagh and Legendre, 2014). The optimal number of clusters was determined using the 

Within-Cluster Sum of Squares (WCSS) method. The result was then spatially refined by 

merging polygons smaller than 500 km² with their neighboring zones—a threshold 

defined through visual analysis—thereby consolidating the final geoclimatic zones. 

2.2.2 Statistical Definition of Fire Seasons 

To avoid a subjective definition, a multivariate statistical approach was employed. To 

determine the month of occurrence for each event, the fire database was complemented 

by spatiotemporal matching between the burned area polygons and the ICNF forest fire 

points (2012–2024, excluding 2017). In cases where the month was not directly available, 

visual and manual comparison supplemented the analysis. For each month, the total 

number of occurrences and the total burned area were calculated, to which a Principal 

Component Analysis (PCA) was applied. 

The first principal component (PC1) was then utilized as a fire intensity index. 

Subsequently, the PC1 scores for each month were submitted to the Scott–Knott mean 

clustering test. This method is a hierarchical clustering analysis that partitions a set of 



38 

 

means into statistically distinct and homogeneous groups, ensuring no overlap between 

them (Jelihovschi et al., 2014; Scott and Knott, 1974).  

2.2.3 Fire Return Interval (FRI) Analysis 

To incorporate the dynamics of post-fire vegetation regeneration, the Fire Return Interval 

(FRI) was analyzed for each Land Use and Cover (LUC) class within each of the four 

geoclimatic zones, using the historical fire record spanning from 1990 to 2024. 

The method consisted of identifying all reburn events, defined as fire overlaps in distinct 

years covering an area greater than 1 hectare. For each event, the FRI was calculated and 

associated with the LUC class of the first fire. Subsequently, the 10th percentile (P10) of 

the FRI distribution was adopted for every unique combination of LUC and geoclimatic 

zone. This threshold was empirically selected following preliminary tests (not shown) 

that compared the P10, P25, and the median, where the P10 resulted in the highest 

predictive power (AUC) for the fitted models, indicating that it is the most effective 

indicator of the minimum fuel recovery time. 

To test the hypothesis that this fuel limitation improves prediction, a 'No-Hazard Mask' 

was created for the year 2019. In its construction, all pixels whose age (time since the last 

fire) was lower than their specific FRI threshold (P10) were classified as 'no hazard', 

based on the assumption that they lacked sufficient fuel to sustain a new fire. Finally, this 

binary mask was applied to adjust the seasonal and overall hazard maps. 

2.3 Wildfire Hazard Modeling 

2.3.1 Preprocessing and Standardization of Predictors 

The hazard modeling was based on a set of predictive variables (Table 1), which were 

processed and standardized to a 30 m spatial resolution and aligned to the same coordinate 
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system and extent as the study area. These variables were divided into two groups. The 

first group, comprising static factors, included geomorphometric and climatic variables; 

the latter were represented by long-term climatological normals and were therefore 

treated as invariant over the study period. The second group comprised variables subject 

to temporal changes, namely land use and cover, firefighter density, population density, 

and Euclidean distance from agricultural areas. However, these factors were treated as 

static components within the modeling framework, utilizing a single snapshot from the 

year 2015. This specific year was selected as the temporal midpoint of the calibration 

period because the variations in these drivers between 2012–2015 and 2015–2018 were 

considered negligible, allowing the 2015 data to serve as a reliable baseline for the entire 

period. 

 

Table 1. Geospatial explanatory variables applied in wildfire hazard modeling. 

Name 
Acronym 

(Unit) Description Scale/Resolution Source 

Aspect ASP 

Slope 
orientation 

according to 
cardinal points 

500 m (ASF, 2024) 

Slope SLP (∘) 

Inclination of 
the relief (or: 

terrain 
inclination) 

10 m (ASF, 2024) 

Elevation ELV (m) 
Altitude 

relative to sea 
level 

Cartographic unit 
ha / Minimum 

Distance (among 
isolines) / Scale: 

1:25,000 

(ASF, 2024) 

Solar 
Radiation 

RAD 
(Wh m−2) 

Incident solar 
radiation per 

point 
10 m (ASF, 2024) 
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Average 
Wind Speed 

AWS (m/s) 

Average Wind 
Speed 

measured at 10 
m height 

10 m 

(Costa and 
Estanqueiro, 

2023) 

Euclidean 
distance 

from 
agricultural 

areas 

EDA (km) 

Euclidean 
distance from 
agricultural 

areas 

10 m 
(DGTerritório, 

2022b) 

Land Use 
and Cover LUC 

Type of cover 
or land use 

100 m 
(DGTerritório, 

2022b) 

Population 
Density 

POP 
(inhab/ha) 

Number of 
inhabitants per 

hectare 

Frequency Level (INE, 2022) 

Number of 
days with 
T>25∘C 

T25(days) 

Number of 
days per year 

with 
temperature 
above 25∘C 

Cartographic unit 
ha / Minimum 

Distance 
(between isolines) 
/ Scale: 1:25,000 

(IPMA, 
2009d) 

Mean 
Maximum 
Summer 

Temperature 

TMAX(∘C) 

Mean 
maximum 

temperature of 
each summer 

day 

100 m 
(IPMA, 
2009a) 

Number of 
days per year 

with 
P>10mm 

NDP10 (days) 

Number of 
days per year 

with 
precipitation 

>10mm 

100 m 
(IPMA, 
2009c) 

Accumulated 
Annual 

Precipitation 

PREC (mm) 
Accumulated 
precipitation 

per year 
100 m 

(IPMA, 
2009b) 

Firefighter 
Density 

FFD (unit/ha) 
Number of 

firefighters per 
hectare 

Frequency Level (PORDATA, 
2025) 

The pairwise correlations and potential multicollinearity among these predictor variables 

were previously evaluated by Santana Neto et al. (2025). Their analysis demonstrated 

that, with the exception of expected climatological interactions — such as a positive 
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correlation between accumulated precipitation and days with P > 10 mm, and a negative 

correlation with maximum temperature —, the variables generally exhibit weak linear 

associations, confirming their suitability for joint inclusion in the spatial modeling 

framework. 

2.3.2 Frequency-Based Hazard Weighting 

The fire frequency analysis commenced with rigorous preprocessing to standardize the 

geometry of the 13 predictive variables. The 11 continuous variables—excluding Land 

Use and Cover (LUC) and Aspect — were subsequently discretized into up to eight 

quantile-based classes (Table 2). Due to the nature of their data distributions, the 

Population Density (POP) and Euclidean Distance from Agricultural Areas (EDA) 

variables exhibited a high frequency of identical values, consequently yielding fewer than 

eight classes.
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Table 2. Quantile-based class boundaries for the continuous predictor variables. 

EDA (km) FFD (unit/ha) POP (inhab/ha) ELV (m) SLP (°) 
 

0.00 - 30.00 0.00 - 8.07e-04 0.00 - 2.34e-03 0.00 - 64.72 0.00 - 0.96 

 
30.00 - 60.00 8.07e-04 - 1.39e-03 2.34e-03 - 7.74e-03 64.72 - 141.72 0.96 - 2.36 

 
60.00 - 123.69 1.39e-03 - 2.00e-03 7.74e-03 - 0.02 141.72 - 235.54 2.36 - 4.02 

 
123.69 - 218.40 2.00e-03 - 2.59e-03 0.02 - 0.08 235.54 - 327.68 4.02 - 6.17 

 
218.40 - 381.84 2.59e-03 - 3.46e-03 0.08 - 1.05 327.68 - 427.14 6.17 - 9.12 

 
381.84 - 680.15 3.46e-03 - 4.11e-03 1.05 - 764.86 427.14 - 551.91 9.12 - 13.30 

 
680.15 - 11365.25 4.11e-03 - 5.86e-03 

 

551.91 - 735.00 13.30 - 19.40 

 
  5.86e-03 - 0.05   735.00 – 1,990.00 19.40 - 82.34 

 
NDP10 NDT25 PREC (mm) RAD (Wh/m²) TMAX (°C) AWS (m/s) 

13.90 - 23.75 6.42 - 57.41 14.00 - 41.20 118,485 – 446,086 15.99 - 24.01 2.74 - 3.50 

23.75 - 26.13 57.41 - 73.71 41.20 - 48.64 446,086 – 457,755 24.01 - 25.08 3.50 - 3.73 

26.13 - 28.81 73.71 - 85.33 48.64 - 54.45 457,755 – 462,169 25.08 - 25.99 3.73 - 3.92 

28.81 - 32.31 85.33 - 96.34 54.45 - 60.86 462,169 – 468,650 25.99 - 26.72 3.92 - 4.11 
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32.31 - 35.49 96.34 - 103.62 60.86 - 68.42 468,650 – 475,762 26.72 - 27.55 4.11 - 4.34 

35.49 - 38.17 103.62 - 110.78 68.42 - 76.17 475,762 – 482,992 27.55 - 28.36 4.34 - 4.57 

38.17 - 43.18 110.78 - 120.26 76.17 - 90.43 482,992 – 493,783 28.36 - 29.85 4.57 - 4.91 

43.18 - 57.91 120.26 - 140.53 90.43 - 193.92 493,783 – 583,158 29.85 - 33.71 4.91 - 6.51 

Where: EDA (Euclidean Distance from Agricultural Areas, km); FFD (Firefighter Density, unit/ha); POP (Population Density, inhab/ha); ELV 

(Elevation, m); SLP (Slope, °); NDP10 (Number of Days with Precipitation > 10 mm, days); T25 (Number of Days with T > 25 °C, days); PTOTAL 

(Total Precipitation, mm); RAD (Solar Radiation, Wh/m2); TMAX (Maximum Temperature, °C); AWS (Average Wind Speed, m/s). 
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To determine the fire propensity, the base burning ratio for each class was first established 

as the proportion between its burned area and its total area 𝐵𝐴𝑣,𝑐/𝑇𝐴𝑣,𝑐. From this ratio, 

two distinct metrics were calculated: a relative score 𝑅𝑣,𝑐 to evaluate the internal hierarchy 

of the variable, and a global score 𝑆𝑣,𝑐 used for the final modeling. 

The Relative Hazard Score 𝑅𝑣,𝑐 was designed to weigh the classes within the same 

variable. It was calculated by normalizing the burning ratio of each class against the 

maximum burning ratio observed strictly within that specific variable, assigning a 

maximum score of 10 to the most fire-prone class, as shown in Equation 1: 

𝑅𝑣,𝑐 = (𝐵𝐴𝑣,𝑐𝑇𝐴𝑣,𝑐)max (𝐵𝐴𝑣𝑇𝐴𝑣) × 10 (Equation 1)  

Where: 

• Rv,c is the Burning Ratio for class c of variable v. 

• BAv,c  is the Total Burned Area of class c of variable v. 

• TAv,c  is the Total Area of class c of variable v 

• max (𝐵𝐴𝑣𝑇𝐴𝑣) is the highest burning ratio observed among all classes exclusively 

within variable v. 

 

Conversely, the Global Hazard Score 𝑆𝑣,𝑐 was established to allow direct comparison 

across different variables during the spatial modeling process. This metric normalized the 

burning ratio of each class against the absolute maximum burning ratio found across all 

classes of all variables combined, as expressed in Equation 2: 

𝑆𝑣,𝑐 = (𝐵𝐴𝑣,𝑐𝑇𝐴𝑣,𝑐)max(𝐵𝐴𝑇𝐴)𝑔𝑙𝑜𝑏𝑎𝑙 × 10  (Equation 2) 
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Where: 

• Sv,c is the Global Hazard Score for class c of variable v 

• BAv,c  is the Total Burned Area of class c of variable v. 

• TAv,c  is the Total Area of class c of variable v 

• max (𝐵𝐴𝑇𝐴)𝑔𝑙𝑜𝑏𝑎𝑙is the absolute maximum burning ratio observed across all classes 

of all 13 variables. 

This global Sv,c value was subsequently adopted as the definitive mathematical weight for 

each class in the map algebra to generate the final hazard maps. 

2.3.3 Development of the RFE-Optimized Overall Hazard Model 

The modeling process commenced with the generation of "score rasters" for each of the 

13 variables, substituting the class values with their calculated Sv,c. To identify the subset 

of predictors with the highest generalization capacity, a Recursive Feature Elimination 

(RFE) technique with a backward elimination approach was implemented. 

The iterative process was designed to optimize model performance on future and 

independent data (fires from 2019–2024). In each iteration, the method systematically 

evaluates the impact of removing each variable. The variable permanently discarded was 

the one whose absence resulted in the greatest performance gain, quantified by the 

increase in the Area Under the Curve (AUC) value. 

The AUC, which synthesizes the Receiver Operating Characteristic (ROC) (Bradley, 

1997), was selected as a robust metric that attests to the quality of the model. It indicates 

the probability that effectively burned areas will exhibit higher hazard values than 

unburned areas (Nunes and Lourenço, 2017; Santana Neto et al., 2025, 2023, 2022). AUC 

values are typically classified according to the following scale of adequacy: Poor (<0.6), 
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Moderate (0.7–0.8), Good (0.8–0.9), or Excellent (>0.9) (Akıncı et al., 2024; Shang et al., 

2020). 

The subset of variables that produced the highest AUC was identified as the optimal 

model. The final hazard map was then generated by taking the simple average of the score 

rasters from this optimal set, applying the scores (calculated using 2015 data) to the 2018 

dynamic variables. This year (2018) was utilized because it immediately precedes the 

validation period (2019–2024), thereby representing the most current landscape condition 

for the predictive test. 

2.3.4 Development of Seasonal Hazard Models 

Based on the fire seasons defined in Section 2.2.2, and to evaluate whether specific 

models enhance predictive performance, a hazard map was constructed for each defined 

fire season. The process involved recalculating the hazard scores (Sv,c) specific to each 

period. Crucially, the same subset of variables (defined by the RFE of the overall model) 

was maintained across all seasonal models. This decision, far from contradicting the 

hypothesis that factor importance varies across seasons, is essential for testing it: by 

holding the predictor set constant, any alteration observed in the Sv,c values and predictive 

performance (AUC) can be directly attributed to the effect of seasonality, rather than to a 

change in the set of predictors itself. The season-specific hazard maps were generated 

using a data-driven Spatial Multi-Criteria Evaluation (SMCE) approach. Through GIS-

based map algebra, the original environmental variables (utilizing 2018 data for dynamic 

factors) were reclassified based on their respective Global Scores Sv,c derived from the 

baseline susceptibility model. Finally, a Simple Additive Weighting (SAW) method was 

applied to calculate the unweighted mean of these reclassified layers, yielding the final 

hazard index for each pixel. 
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2.4 Post-Processing Hazard Maps with FRI Dynamics 

To test the hypothesis that vegetation regeneration dynamics enhance predictive 

capability, a post-processing stage was conducted. The generated hazard maps were 

refined using the 'no-hazard mask' (derived in Section 2.2.3). Application of this mask 

assigned a hazard value of zero to all pixels classified as 'no hazard,' based on the principle 

of insufficient fuel, resulting in a new suite of temporally adjusted maps. 

2.5 Model Validation and Performance Assessment 

The final stage involved a rigorous comparative validation of all maps developed, 

leveraging an independent, future fire dataset (2019–2024) as the reference. The analysis 

was structured to quantify model performance across two distinct scenarios: the original 

model (Baseline - BL) and the adjusted model (Temporally-Adjusted - TA). 

Prior to validation, hazard maps were normalized to a 0-to-1 scale. To ensure the 

preservation of the relative value scale, this normalization was initially applied only to 

pixels exhibiting a hazard score greater than zero. Subsequently, the null areas from the 

FRI mask were reincorporated with a score of 0. The resultant maps were then compared 

against the actual burned areas observed during 2019–2024. 

For each of the two scenarios (BL and TA), a specific "ground truth" map was created by 

rasterizing the 2019–2024 fires corresponding to the model's scope (overall or seasonal). 

Performance was subsequently assessed using two primary methods: 

1. Coherence Analysis by Hazard Classes: The normalized hazard maps were 

reclassified into five ordinal classes (Very Low, Low, Moderate, High, and Very 

High) using equidistant intervals. 

2. ROC Curve and AUC Analysis: The discriminatory capacity of each model was 

quantified via the Area Under the Curve (AUC). 
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3. Spatial Correlation Analysis: To evaluate the spatial congruence and divergence 

among the distinct hazard profiles, a pixel-wise Pearson correlation analysis was 

conducted. The correlation coefficient (r) was calculated pairwise across the 

normalized overall and season-specific hazard maps. 

3 Results 

3.1 Spatiotemporal Characterization of Fire Regimes 

The clustering analysis stratified the study area into four distinct geoclimatic zones: East, 

West, South, and Central/North (Figure 2). During the analyzed period (excluding the 

extreme 2017 fire season), fire activity predominated in the Central/North and East 

regions, with moderate incidence observed in the South. 

For the temporal analysis, the Principal Component Analysis (PCA) demonstrated that 

the first principal component (PC1) accounted for 83.5% of the combined variation in fire 

number and burned area. The subsequent Scott–Knott test, applied to this index, grouped 

the months into three statistically distinct fire seasons: August and September were 

classified as high-activity months, July as medium-activity, and the remaining nine 

months as low-activity (Annex A). 
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Figure 2. Map of the geoclimatic stratifications in the Central Region of Portugal. The 

superimposed colors represent burned areas between 2012–2024 (excluding 2017), 

classified according to the fire season. The inset table in the lower right corner 

summarizes the burned area and the number of fires for each period. 

The Fire Return Interval (FRI) analysis revealed distinct regional patterns across the 

geoclimatic clusters (Annex B). The East cluster was characterized by the lowest FRI 

values overall. The West and Central/North clusters exhibited greater internal variation, 

with records spanning from the study's longest recurrence intervals (e.g., resinous forests 

in the West) to the shortest. The South cluster, conversely, presented higher P10 values 

than the East for the majority of land use classes. 

The regional exception was found in the classes "Pastures, Agroforestry Systems (SAFs), 

Cork Oaks, Holm Oaks, and Bare Land" and "Shrublands," which consistently maintained 

the lowest P10 values across all four regions. 
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3.2 Wildfire Hazard Modeling 

Recursive Feature Elimination (RFE) identified a parsimonious subset of six critical 

predictors for the hazard models: Aspect, Euclidean Distance from Agricultural Areas 

(EDA), Elevation (ELV), Slope (SLP), Number of Days with Precipitation > 10 mm 

(NDP10), and Maximum Temperature (TMAX). Figure 3 illustrates the specific class or 

quantile within each of these variables that exhibited the highest Global Score Sv,c, 

alongside their respective coefficient of variation (CV%) across the overall and seasonal 

models. The detailed quantitative scoring for each class is provided in Annex C. 

 

Figure 3. Synthesis of the maximum normalized index values (Sv,c) and Coefficient of 

Variation (CV) for predictor variables across the four hazard models. The bar chart (left 

axis) depicts the peak score for each variable, with the x-axis labels specifying the class 

where the maximum occurred; the superimposed points (right axis) illustrate the 

corresponding Coefficient of Variation (%). 

Data analysis (Annex C) elucidates distinct functional relationships among the variables. 

A positive relationship was observed between fire hazard and Slope (SLP) across all 
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models; a similar trend was evident for Elevation (ELV), with the notable exception of 

the July model. Regarding Aspect, while southeastern exposures consistently exhibited 

the highest hazard propensity, the low magnitude of Sv,c and CV values (6.3%–19.2%) 

suggests this variable exerts a moderate and spatially homogeneous influence.  

Euclidean Distance from Agricultural Areas (EDA) displayed a non-linear pattern, with 

hazard peaking at intermediate-to-high intervals (Quantiles 5 and 6). The most 

pronounced seasonal divergence was driven by Precipitation (NDP10), which 

demonstrated a marked behavioral inversion: the lowest precipitation class (Quantile 1) 

became the dominant driver in the July model—a shift reflected in its exceptionally high 

CV (62.5%–104.8%). Conversely, Maximum Temperature (TMAX) appeared as a 

secondary driver, characterized by moderate variability and the absence of a distinct 

directional pattern. 

Pearson correlation analysis statistically substantiated this seasonal dichotomy. The 

Overall, Aug–Sep, and Oct–Jun models exhibited strong inter-correlation (r ranging from 

0.89 to 0.99), whereas the July model displayed a weak correlation with the others (r 

ranging from 0.35 to 0.43), thereby confirming its unique hazard profile. This divergence 

is further manifested in the spatial distribution of hazard (Figure 4). 

The Overall, Aug–Sep, and Oct–Jun scenarios are characterized by three distinct high-

hazard nuclei in the central and northern sectors, spatially coincident with rugged terrain 

and higher NDP10 values. In sharp contrast, the July hazard map reveals a spatial shift, 

concentrating high-risk areas in the extreme northeast, southeast, and south—regions 

defined by lower precipitation regimes and elevated maximum temperatures. The 

application of the FRI mask notably results in a substantial exclusion of hazard areas 

within the central region, reflecting fuel-limited conditions (Figure 4). 
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Although a general pattern of lower hazard persists in the western coastal region, the 

spatial distribution varies significantly across the models. In the Overall, Aug–Sep, and 

Oct–Jun scenarios, high-hazard zones are concentrated in three nuclei within the central 

and northern sectors, spatially associated with higher elevations, steeper slopes, and 

increased NDP10. In contrast, the July map displays hazard concentrated in the extreme 

northeast, southeast, and south—areas characterized by lower NDP10 and higher 

maximum temperatures (TMAX). Notably, the application of the FRI mask reveals a 

widespread absence of hazard in the central region (Figure 4). 
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Figure 4. Fire hazard maps for the Central Region of Portugal. For the seasonal models, 

the Baseline maps (A: Aug–Sep; B: Jul; C: Oct–Jun) are positioned directly above their 

respective Temporally-Adjusted versions (D, E, F). The results for the Overall Model are 

displayed at the bottom, with the Baseline map (G) on the left and the Temporally-

Adjusted version (H) on the right. 

Both the Overall and Aug–Sep models exhibited a consistent positive relationship 

between fire behavior and hazard classes (Figure 5a). Conversely, the remaining models 
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displayed a more subdued pattern, characterized by a less pronounced increase in the 

percentage of burned area across rising hazard classes, with values nearing zero in the 

Very High hazard category. The application of the FRI mask enhanced the coherence of 

the distribution within the Moderate to Very High classes; however, it compromised 

performance in the 'Very Low' category (particularly in the Aug–Sep and Overall models), 

which registered an anomalous increase in the percentage of burned area. 

Contrary to the initial hypothesis, the implementation of FRI masking resulted in a 

reduction of AUC values for the Overall and Aug–Sep models, whereas the remaining 

models achieved a marginal improvement (Figure 5b). 

 

Figure 5. Model performance evaluation using two distinct methods: (A) coherence 

analysis, and (B) ROC curve analysis including respective AUC values. In both panels, 

Baseline models are depicted by solid lines, while Temporally-Adjusted models are 

indicated by dashed lines. 

Significantly, the AUC-based validation (Figure 5b) further corroborated the superiority 

of the seasonal stratification strategy. The Baseline models for the Aug–Sep (AUC = 0.81) 
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and Oct–Jun (AUC = 0.80) periods outperformed the Overall Model (AUC = 0.77). In 

marked contrast, the July model (AUC = 0.58) demonstrated limited predictive capacity. 

4 Discussion 

Spatial and temporal analysis of wildfires in Central Portugal confirms a dynamic fire 

regime (Bergonse et al., 2022), yet reveals that the well-known spatial dichotomy between 

the interior and the coast (Nunes et al., 2016; Santana Neto et al., 2025) obscures an even 

more critical temporal transition. While existing literature focuses on how fixed 

geographic features (such as the drier climate of the South or the altitude of the East) 

define fire regimes (Bergonse et al., 2023), the results demonstrate that the very hierarchy 

of hazard-controlling factors shifts drastically throughout the fire season.  

This transition refines pyrogeographical theory (Batllori et al., 2013; Pausas and Ribeiro, 

2013), which posits distinct regimes of moisture limitation (where fuel is abundant but 

wet) versus fuel limitation (where the climate is conducive but fuel is scarce). The present 

study, however, provides empirical evidence that this pyrogeographical transition also 

operates temporally within the same landscape, evolving from a regime limited by fuel 

availability to one dominated by topographic propagation. Such a seasonal shift is best 

exemplified by the statistical distinction of July as a period of moderate activity, 

functioning as a transitional phase (Annex A). 

This distinction, fundamental to the seasonal analysis (Annex A), captures the precise 

moment when the paradoxical dual role of water (Bergonse et al., 2022) manifests itself. 

Hazard in this month is governed by NDP10, remaining high at both extremes of the 

variable. On one hand, areas with low NDP10 (chronic dryness) reflect an aridity-limited 

regime, reaching critical flammability earlier due to summer drought (Littell et al., 2016). 

On the other hand, areas with high NDP10 also exhibit high hazard, reflecting a 

productivity-limited regime. In these locations, greater annual water availability fosters 
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higher fuel production (Romano and Ursino, 2020; Turco et al., 2017), thereby increasing 

vegetation load and continuity (Abatzoglou et al., 2018). 

July is, therefore, the transitional period where fuel availability (due to flash drought) and 

high fuel load (due to annual productivity) coexist as critical factors, creating an explosive 

scenario where structural factors (load) and conjunctural factors (climate) align 

(Calheiros et al., 2022). 

However, it is during the peak of the season (August–September) that their importance is 

exponentially amplified. During these periods, although NDP10 remains the most 

influential variable by determining fuel load, topography—specifically slope and 

elevation—emerges as the primary factor governing propagation, dictating fire intensity 

and rate of spread (Carmo et al., 2011; Costa et al., 2011; Leuenberger et al., 2018; 

Oliveira and Zêzere, 2020; Tran et al., 2024), and influencing microclimates and fuel 

characteristics (Iban and Sekertekin, 2022; Jaafari et al., 2018; Tran et al., 2024; Bergonse 

et al., 2021b).  

The strong correlation between the Aug–Sep and Overall models is expected, as the 

Overall model is numerically dominated by this peak period, which accounts for the 

overwhelming majority of the burned area. Such spatial consistency is not exclusive to 

the peak; the high predictive performance (AUC = 0.80) and strong correlation observed 

with the low-activity period (Oct–Jun) suggest that this topography-driven template 

represents a permanent structural baseline of hazard. This stability further underscores 

July’s role as the true seasonal outlier, marking the only phase where the landscape shifts 

from productivity- to aridity-driven constraints. 

The dominance of this shared structural pattern is reflected in the spatial manifestation of 

the models: maps for these scenarios concentrate hazard foci in mountainous nuclei, 



57 

 

aligned with topographic control, consistent with other studies (Bergonse et al., 2021b, 

2021a; Marques et al., 2011; Nunes et al., 2023a; Oliveira and Zêzere, 2020). It is 

important to highlight, however, that this generalization may lead to hazard 

overestimation in high-altitude areas with specific microclimates, such as the Serra da 

Estrela, which reaches a maximum elevation of 1993 meters. 

The peak in hazard at intermediate distances from agriculture (EDA) suggests an 

"interface zone," analogous to Wildland-Urban Interfaces (WUI) or Rural-Urban 

Interfaces (RUI), where the intersection of human development and vegetation naturally 

heightens ignition risk due to anthropogenic pressure (Barros and Pereira, 2014; Oliveira 

et al., 2021; Santana Neto et al., 2025), this intermediate zone is uniquely hazardous 

because it superimposes this high anthropogenic ignition potential onto a landscape with 

lower fragmentation, thereby preserving fuel continuity and facilitating fire spread 

(Calviño-Cancela et al., 2016). 

In comparison, Aspect exhibited a secondary role; although theoretically linked to fuel 

heating and desiccation (Santana Neto et al., 2023; Sayad et al., 2019), its failure to 

enhance model performance in this study mirrors other recent findings (Iban and 

Sekertekin, 2022; Oliveira et al., 2021). 

Parallel to seasonal dynamics, fire history (FRI) exerts a fundamental control. The legacy 

of fire exclusion, a policy historically entrenched in suppression (Calkin et al., 2021; 

Stratton, 2020), has precipitated a "fire deficit" (Baron et al., 2022; Parks et al., 2025). 

This deficit drives fuel accumulation and the densification of understory vegetation 

(Merriam et al., 2022; Parks et al., 2025).  

The FRI analysis revealed that, while partially reflecting climate, this metric is strongly 

dictated by fuel type (Baron et al., 2022; Feurdean et al., 2020). Classes such as 
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shrublands, frequently identified as the most fire-susceptible cover (Santana Neto et al., 

2025), along with pastures and agroforestry systems (SAFs), exhibited the shortest return 

intervals. This suggests that biomass characteristics and human management practices are 

stronger determinants of recurrence than regional climatic gradients (Moreira et al., 

2010a). 

Analysis of fire history in classes typically considered less prone to fire, such as artificial 

territories and wetlands (Santana Neto et al., 2025), indicates that fire in these zones 

operates as an "interface phenomenon" (Moreira et al., 2011), concentrated at the margins 

where flammable vegetation meets the rural landscape. The long return interval (10 years) 

in southern wetlands (the driest region) implies that only exceptional droughts trigger 

ignition (Fernandes et al., 2012), whereas the short recurrence time (2 years) in the East 

(high frequency) indicates that adjacent pressure renders these interfaces rapidly 

vulnerable (Ferreira Leite et al., 2011). This high recurrence, where the interval between 

fires is insufficient for canopy maturation (Agne et al., 2022), may generate a vicious 

cycle, converting forests into more flammable shrublands which, in turn, burn more 

readily (Ferreira Leite et al., 2011; Moreira et al., 2011). 

The analyses reinforce the ecological "memory" of FRI as a control mechanism. To test 

its predictive power, a "no-hazard mask" was applied, based on the premise that hazard 

is negligible immediately following a burn (Agne et al., 2022; Fernandes and Rego, 

1998). The application of the mask yielded mixed results: in models for lower-activity 

seasons (July and Oct–Jun), the mask improved performance, confirming that fire can 

have a self-limiting effect (Davim et al., 2021) when meteorological conditions are 

moderate (Moreira et al., 2011; Moritz, 2003). 

However, the most revealing finding was the performance decline in the peak (Aug–Sep) 

and Overall models. This result exposes the failure of the mask under extreme 
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meteorological conditions. Fires occurring within masked areas demonstrate that critical 

winds and low humidity override historical recurrence patterns and fuel limitation (Davim 

et al., 2021; Moritz, 2003). Under such circumstances, fire selectivity regarding fuel type 

or age is drastically reduced (Barros and Pereira, 2014; Fernandes et al., 2012), Under 

such circumstances, fire selectivity regarding fuel type or age is drastically reduced. 

The implications for management are profound, highlighting the necessity for more 

dynamic and seasonally aware strategies (Gonzalez-Mathiesen et al., 2021; Mockrin et 

al., 2020). First, management must be seasonally adaptive, targeting ignitions (July) or 

critical topography (Aug–Sep) that drives propagation (Calkin et al., 2021; Stratton, 

2020). Second, "repeat offenders" such as shrublands and pastures, which demonstrate 

critically low FRIs, require policies to break the fire-regeneration-fire cycle (Moreira et 

al., 2010b) that precipitates fuel type transition (Oliveira et al., 2023). Finally, the mask's 

failure in extreme scenarios mandates dynamic planning (Stratton, 2020) that integrates 

current stand structure (Botequim et al., 2017), rather than relying exclusively on 

historical patterns—alongside short-term forecasting (Calkin et al., 2021). 

Despite the robustness of the results, it is important to acknowledge the study's 

boundaries. A primary limitation is the use of climatological normals (1971–2000) to 

define the reference climate. While this approach captures average long-term hazard 

patterns, relying on historical baselines can be problematic under progressive climate 

change, as traditional climatological normals may become obsolete and fail to reflect 

recent shifts in extreme weather patterns (Turco et al., 2019). Under a warming climate, 

the ideal approach would integrate more recent and dynamic meteorological data to 

capture contemporary environmental alterations (Calheiros et al., 2022). Furthermore, 

this long-term average approach does not incorporate short-term extreme meteorological 
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events ('weather'). As the failure of the FRI mask demonstrated, it is precisely these 

'weather' conditions that supersede historical fuel patterns during peak seasons. 

Other limitations include spatial resolution constraints and the historical fire database's 

limited temporal span, as precise monthly data is only available from 2012 onwards. This 

restricted the training data volume, largely explaining July’s low predictive performance 

(AUC = 0.58 without the hazard mask, and 0.62 with it). Machine learning models require 

substantial datasets to capture complex environmental interactions and avoid data noise 

(Sayad et al., 2019). Consequently, relying on just five years of July data significantly 

reduced the model's ability to generalize robust spatial patterns (Tonbul et al., 2024), 

particularly because July operates as a highly variable transitional phase. These 

constraints ultimately define the scope of the results. 

This study, however, paves the way for future investigations. Conclusions regarding the 

dual role of precipitation, for example, reinforce the need to incorporate direct estimates 

of fuel load, a capability that will become increasingly feasible with data from sensors 

such as GEDI and Sentinel-1, as well as future missions like NISAR and BIOMASS 

(ESA, 2025; European Comission, 2024; Hancock et al., 2019; Kellogg et al., 2020; 

Quegan et al., 2019), as demonstrated by Leite et al. (2022), using GEDI to model canopy 

fuels in conjunction with radar data. Future work could replicate this methodology using 

more dynamic datasets and integrate hazard models into comprehensive risk assessments. 

Finally, applying this seasonal framework to other Mediterranean regions represents a 

crucial step toward validating and generalizing the regimes identified here. 

5 Conclusions 

This study validates the core premise that wildfire hazard in Central Portugal is 

dynamically driven by seasonally distinct factors, thereby highlighting the inadequacy of 

static, aggregated annual models. Statistical analysis confirmed the stratification of the 
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fire year into three distinct regimes—High (August–September), Moderate (July), and 

Low (October–June)—each governed by a unique hierarchy of environmental controls. 

While the high and low activity seasons were dominated by structural factors 

(topography) and fuel availability (precipitation), the July transitional period exhibited a 

unique profile driven primarily by aridity. Consequently, the seasonal models developed 

for the peak (Aug–Sep, AUC=0.81) and low-activity (Oct–Jun, AUC=0.80) periods 

significantly outperformed the reference Overall Model (AUC=0.77). However, the 

limited predictive success of the July model (AUC=0.58) signals that, while distinct, this 

transitional window requires a specialized set of predictors not fully captured in standard 

datasets. 

Conversely, the hypothesis that incorporating fire history via a Fire Return Interval (FRI) 

mask would enhance predictive accuracy was refuted for the most critical fire scenarios. 

The application of the FRI mask degraded the performance of both the Overall and 

August–September models. This failure provides compelling evidence that under the 

extreme meteorological conditions characteristic of the peak season, the protective effect 

of younger vegetation is effectively overridden; in these scenarios, fire propagates 

regardless of recent burning history. The FRI adjustment yielded only marginal gains 

during the less severe conditions of the low and moderate activity periods. Ultimately, we 

conclude that while accounting for seasonality is essential to decipher the changing 

drivers of fire hazard, relying on historical recurrence metrics to predict fuel limitation is 

insufficient during the catastrophic peak of the fire season. 
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SUPLEMENTARY MATERIAL 

 

Annex A. Monthly distribution of fire activity, juxtaposing Total Burned Area (ha) against 

the Total Number of Fires. The bars illustrate the burned area (left axis), with total values 

in hectares displayed at the base. The superimposed gray line depicts the total number of 

occurrences (right axis), with the exact counts provided above each data point. 
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Annex B. Distribution of the Fire Return Interval (FRI) stratified by Land Use and Cover 

(LUC) class and geoclimatic cluster (West, East, South, and Central/North) for the 1990–

2024 period. Vertical whiskers extend across the full data range (minimum to maximum). 

The colored band for each category delineates the 80% inter-percentile range (spanning 

from the 10th to the 90th percentile). The black horizontal line within the band represents 

the median (50th Percentile). Numeric labels indicate, from top to bottom, the 90th 

percentile, the median, and the 10th percentile.  
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Annex C. Detailed statistics for the predictor variables across the four hazard models 

(Overall, Aug–Sep, Jul, and Oct–Jun). The tables present, for each class/quantile of every 

variable, the total area, burned area, burning ratio Rv,c, and the corresponding normalized 

score Sv,c, as defined by Equations 1 and 2. 

Model: Overall 

Variable Class Name 
TA 

(ha) 

BA 

(ha) 

BA/

TA 

Rv

,c 

Sv,

c 

LUC Artificial Territories 
153,0

75 

1,28

2 

0.00

8 

0.

57 

0.

45 

LUC Agriculture 
650,1

24 

11,8

44 

0.01

8 

1.

23 

0.

97 

LUC 
Pastures. Agroforestry Systems. Cork 

Oaks. Holm Oaks. and Bare Land 

293,0

73 

11,9

36 

0.04

1 

2.

75 

2.

17 

LUC Other Broadleaves 
186,3

78 

15,0

60 

0.08

1 

5.

45 

4.

3 

LUC Eucalyptus 
458,1

97 

40,5

13 

0.08

8 

5.

97 

4.

7 

LUC Resinous Forests 
670,2

58 

42,1

04 

0.06

3 

4.

24 

3.

34 

LUC Shrublands 
372,9

28 

55,2

68 

0.14

8 
10 

7.

88 

LUC Wetlands and Water Bodies 
35,89

8 
227 

0.00

6 

0.

43 

0.

34 

ASP North 
267,8

67 

15,1

66 

0.05

7 

7.

8 

3.

01 

ASP Northeast 
317,8

24 

19,1

88 
0.06 

8.

31 

3.

21 

ASP East 
322,6

57 

20,8

41 

0.06

5 

8.

89 

3.

44 

ASP Southeast 
375,7

17 

27,2

85 

0.07

3 
10 

3.

86 
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ASP South 
319,9

78 

20,8

66 

0.06

5 

8.

98 

3.

47 

ASP Southwest 
379,7

21 

23,6

19 

0.06

2 

8.

57 

3.

31 

ASP West 
374,5

62 

22,6

97 

0.06

1 

8.

34 

3.

22 

ASP Northwest 
387,6

81 

24,7

09 
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4 

8.

78 

3.

39 

ASP Flat 
72,00
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3,76
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0.05

2 

7.

2 

2.

78 

EDA 

(km) 
Quantile 1 
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20,5

67 

0.02

3 

2.

05 

1.

22 

EDA 

(km) 
Quantile 2 

187,3

71 

8,37
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0.04

5 
4 

2.

38 

EDA 

(km) 
Quantile 3 

342,0

12 

20,4

73 
0.06 

5.

36 

3.

18 

EDA 

(km) 
Quantile 4 

340,2

85 

27,2

47 
0.08 

7.

17 

4.

26 

EDA 

(km) 
Quantile 5 

350,6

62 

34,8
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29 
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Quantile 6 

349,6
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39,0
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94 
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Quantile 7 

352,2
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27,6
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17 

FFD 
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467,6
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13,2

58 
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13,8
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1.

93 
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344,9
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64 
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01 

POP 

(inhab/h

a) 

Quantile 6 
352,4

91 

3,82

0 
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ELV (m) Quantile 4 
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3.

67 

2.

45 

ELV (m) Quantile 6 
352,3

46 

27,0

59 
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6.

14 

4.

09 

ELV (m) Quantile 7 
353,2

20 

37,5

44 

0.10
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8.

49 

5.

65 

ELV (m) Quantile 8 
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35 

44,0
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5 
10 

6.

66 

SLP (°) Quantile 1 
352,2

31 

5,74
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1.

49 

0.

87 

SLP (°) Quantile 2 
352,2

31 

10,4
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2.

71 

1.

57 
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31 

15,6
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4.
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2.

37 
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49 
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4.

98 
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PREC 

(mm) 
Quantile 4 
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62 
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24 
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TMAX 

(°C) 
Quantile 4 

351,6

20 

28,0
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0.08 

8.

81 

4.

24 

TMAX 

(°C) 
Quantile 5 

351,4

82 

22,7
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0.06
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7.

16 

3.

44 

TMAX 

(°C) 
Quantile 6 

351,5

56 

20,1

05 

0.05

7 

6.

33 

3.

04 

TMAX 

(°C) 
Quantile 7 

351,5

65 

22,5

24 

0.06

4 

7.

09 

3.

41 

TMAX 

(°C) 
Quantile 8 

351,5

40 

4,63

4 

0.01

3 

1.

46 

0.

7 

AWS 

(m/s) 
Quantile 1 

350,8

21 

19,6

71 

0.05

6 

6.

75 

2.

98 

AWS 

(m/s) 
Quantile 2 

350,7

80 

19,9

92 

0.05

7 

6.

86 

3.

03 

AWS 

(m/s) 
Quantile 3 

350,8

01 

17,2

36 

0.04

9 

5.

91 

2.

61 

AWS 

(m/s) 
Quantile 4 

350,7

95 

17,2

65 

0.04

9 

5.

92 

2.

62 

AWS 

(m/s) 
Quantile 5 

350,8

07 

25,4

86 

0.07

3 

8.

74 

3.

87 

AWS 

(m/s) 
Quantile 6 

350,7

82 

29,1

57 

0.08

3 
10 

4.

42 

AWS 

(m/s) 
Quantile 7 

350,7

98 

26,5

06 

0.07

6 

9.

09 

4.

02 

AWS 

(m/s) 
Quantile 8 

350,7

93 

22,2

46 

0.06

3 

7.

63 

3.

37 

Model: Aug - Sep 

Variable Class Name 
TA 

(ha) 

BA 

(ha) 

BA/

TA 

Rv

,c 

Sv,

c 

LUC Artificial Territories 
153,0

75 

1,02

3 

0.00

7 

0.

56 

0.

43 

LUC Agriculture 
650,1

24 

9,40

2 

0.01

4 

1.

22 

0.

93 



83 

 

LUC 
Pastures. Agroforestry Systems. Cork 

Oaks. Holm Oaks. and Bare Land 

293,0

73 

8,87

2 
0.03 

2.

55 

1.

95 

LUC Other Broadleaves 
186,3

78 

11,3

41 

0.06

1 

5.

13 

3.

91 

LUC Eucalyptus 
458,1

97 

33,3

84 

0.07

3 

6.

15 

4.

69 

LUC Resinous Forests 
670,2

58 

34,0

15 

0.05

1 

4.

28 

3.

26 

LUC Shrublands 
372,9

28 

44,1

98 

0.11

9 
10 

7.

62 

LUC Wetlands and Water Bodies 
35,89

8 
177 

0.00

5 

0.

42 

0.

32 

ASP North 
267,8

67 

12,2

96 

0.04

6 

7.

98 

2.

95 

ASP Northeast 
317,8

24 

15,2

25 

0.04

8 

8.

33 

3.

08 

ASP East 
322,6

57 

16,4

87 

0.05

1 

8.

88 

3.

29 

ASP Southeast 
375,7

17 

21,6

20 

0.05

8 
10 

3.

7 

ASP South 
319,9

78 

16,6

95 

0.05

2 

9.

07 

3.

36 

ASP Southwest 
379,7

21 

18,9

51 
0.05 

8.

67 

3.

21 

ASP West 
374,5

62 

18,0

61 

0.04

8 

8.

38 

3.

1 

ASP Northwest 
387,6

81 

19,9

70 

0.05

2 

8.

95 

3.

31 

ASP Flat 
72,00

8 

3,01

7 

0.04

2 

7.

28 

2.

69 

EDA 

(km) 
Quantile 1 

897,7

78 

16,4

85 

0.01

8 

2.

06 

1.

18 
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EDA 

(km) 
Quantile 2 

187,3

71 

6,76

6 

0.03

6 

4.

04 

2.

32 

EDA 

(km) 
Quantile 3 

342,0

12 

16,4

33 

0.04

8 

5.

38 

3.

09 

EDA 

(km) 
Quantile 4 

340,2

85 

21,7

71 

0.06

4 

7.

16 

4.

11 

EDA 

(km) 
Quantile 5 

350,6

62 

27,7

45 

0.07

9 

8.

86 

5.

09 

EDA 

(km) 
Quantile 6 

349,6

03 

31,2

22 

0.08
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10 

5.

74 
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Quantile 7 

352,2
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21,9
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99 

4.
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FFD 

(ffd/ha) 
Quantile 1 

467,6

63 

8,09
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0.01
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1.

21 

1.

11 

FFD 

(ffd/ha) 
Quantile 2 

260,0

87 

10,6
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0.04
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2.

87 

2.

64 

FFD 

(ffd/ha) 
Quantile 3 

353,9

62 

19,0

09 

0.05
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3.

75 

3.

45 

FFD 

(ffd/ha) 
Quantile 4 

360,6

05 

11,3
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0.03
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2.

19 

2.

02 
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(ffd/ha) 
Quantile 5 

356,3

64 

50,9
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0.14
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10 

9.
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(ffd/ha) 
Quantile 6 

320,1

05 

10,5
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0.03

3 

2.

3 

2.

12 
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Quantile 7 

358,6

89 

10,4
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2.
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1.

87 
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a) 
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1,058
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POP 

(inhab/h

a) 

Quantile 2 
351,9

78 

15,8

84 

0.04
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6.

89 

2.

9 

POP 

(inhab/h

a) 

Quantile 3 
352,2

80 

23,0

81 

0.06

6 
10 

4.

21 

POP 

(inhab/h

a) 

Quantile 4 
352,3

82 

22,7

58 

0.06

5 

9.

86 

4.

15 

POP 

(inhab/h

a) 

Quantile 5 
352,4

69 

11,4

69 

0.03

3 

4.

97 

2.

09 

POP 

(inhab/h

a) 

Quantile 6 
352,4

91 

3,18

3 

0.00

9 

1.

38 

0.

58 

ELV (m) Quantile 1 
352,3

80 

2,66

4 

0.00

8 

0.

78 

0.

49 

ELV (m) Quantile 2 
352,4

29 

10,2

10 

0.02

9 

2.

99 

1.

86 

ELV (m) Quantile 3 
352,4

14 

14,2

98 

0.04

1 

4.

19 

2.

61 

ELV (m) Quantile 4 
352,3

11 

14,8

56 

0.04
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4.

35 

2.

71 

ELV (m) Quantile 5 
352,4

07 

12,7

77 

0.03
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3.

74 

2.

33 

ELV (m) Quantile 6 
352,3

46 

23,2

20 

0.06

6 

6.

8 

4.

24 

ELV (m) Quantile 7 
353,2

20 

30,3

10 

0.08

6 

8.

85 

5.

52 

ELV (m) Quantile 8 
351,5

35 

34,0

77 

0.09
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6.

23 

SLP (°) Quantile 1 
352,2

31 

4,34

3 

0.01
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1.

44 
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SLP (°) Quantile 2 
352,2

31 

8,33
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0.02

4 

2.

76 

1.

52 
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352,2

31 

12,7

61 

0.03
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4.

22 

2.

33 

SLP (°) Quantile 4 
352,2

32 

16,8
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0.04
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5.

56 

3.

07 

SLP (°) Quantile 5 
352,2

32 

20,2

70 

0.05

8 

6.

7 

3.

7 

SLP (°) Quantile 6 
352,2

49 

23,4

60 

0.06

7 

7.

76 

4.

28 

SLP (°) Quantile 7 
352,2

12 

26,1

12 

0.07

4 

8.

64 

4.

77 

SLP (°) Quantile 8 
352,2

30 

30,2

40 

0.08

6 
10 

5.

52 

NDP10 Quantile 1 
351,6

39 

12,7

39 

0.03

6 

2.

33 

2.

33 

NDP10 Quantile 2 
351,4

74 

2,19

2 

0.00

6 

0.

4 

0.

4 

NDP10 Quantile 3 
351,5

60 

9,28

8 

0.02

6 

1.

7 

1.

7 

NDP10 Quantile 4 
351,6

29 

11,0

34 

0.03

1 

2.

02 

2.

02 

NDP10 Quantile 5 
351,5

59 

17,0

98 

0.04

9 

3.

13 

3.

13 

NDP10 Quantile 6 
351,5

32 

20,0

02 

0.05

7 

3.

66 

3.

66 

NDP10 Quantile 7 
351,5

68 

15,2

94 

0.04

4 

2.

8 

2.

8 

NDP10 Quantile 8 
351,4

73 

54,6

54 

0.15
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10 10 

T25 (°C) Quantile 1 
351,5

91 

12,2

57 

0.03

5 

3.

52 

2.
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T25 (°C) Quantile 2 
351,5

43 

15,8

74 

0.04

5 

4.

55 

2.

9 

T25 (°C) Quantile 3 
351,5

94 

14,8

02 

0.04

2 

4.

25 

2.

71 

T25 (°C) Quantile 4 
351,5

72 

24,7

12 
0.07 

7.

09 

4.

52 

T25 (°C) Quantile 5 
351,4

91 

34,8

59 

0.09

9 
10 

6.

38 

T25 (°C) Quantile 6 
351,5

55 

14,1

22 
0.04 

4.

05 

2.

58 

T25 (°C) Quantile 7 
351,6

28 

18,8

63 

0.05

4 

5.

41 

3.

45 

T25 (°C) Quantile 8 
351,4

60 

6,81

2 

0.01
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1.

95 

1.

25 

PREC 

(mm) 
Quantile 1 

351,6

06 

3,29
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0.00
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0.

65 

0.
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PREC 
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43 

8,86
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0.02
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0.02
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15,7

73 

0.04
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3.

1 

2.

89 
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44 

18,6

61 

0.05

3 

3.

66 

3.

41 

PREC 
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Quantile 7 

351,5

27 

24,5

49 
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82 

4.
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(mm) 
Quantile 8 

351,5

24 

50,9

61 

0.14

5 
10 

9.

32 

RAD 

(Whm2) 
Quantile 1 

352,3

81 

23,9

19 

0.06

8 

7.

22 

4.

37 
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RAD 

(Whm2) 
Quantile 2 

352,3

84 

12,2

27 

0.03

5 

3.

69 

2.

23 

RAD 

(Whm2) 
Quantile 3 

352,3

77 

7,22

8 

0.02

1 

2.

18 

1.

32 

RAD 

(Whm2) 
Quantile 4 

352,3

80 

12,4

28 

0.03

5 

3.

75 

2.

27 

RAD 

(Whm2) 
Quantile 5 

352,3

80 

15,4

40 

0.04

4 

4.

66 

2.

82 

RAD 

(Whm2) 
Quantile 6 

352,3

81 

16,4

15 

0.04

7 

4.

96 
3 

RAD 

(Whm2) 
Quantile 7 

352,3

80 

21,6

29 

0.06

1 

6.

53 

3.

95 

RAD 

(Whm2) 
Quantile 8 

352,3

80 

33,1

25 

0.09

4 
10 

6.

05 

TMAX 

(°C) 
Quantile 1 

351,6

05 

25,3

92 

0.07

2 

9.

73 

4.

64 

TMAX 

(°C) 
Quantile 2 

351,5

40 

14,9

50 

0.04

3 

5.

73 

2.

73 

TMAX 

(°C) 
Quantile 3 

351,5

27 

26,0

84 

0.07

4 
10 

4.

77 

TMAX 

(°C) 
Quantile 4 

351,6

20 

23,1

29 

0.06

6 

8.

86 

4.

23 

TMAX 

(°C) 
Quantile 5 

351,4

82 

17,8

33 

0.05

1 

6.

84 

3.

26 

TMAX 

(°C) 
Quantile 6 

351,5

56 

16,3

49 

0.04

7 

6.

27 

2.

99 

TMAX 

(°C) 
Quantile 7 

351,5

65 

17,0

32 

0.04

8 

6.

53 

3.

12 

TMAX 

(°C) 
Quantile 8 

351,5

40 

1,53

3 

0.00

4 

0.

59 

0.

28 

AWS 

(m/s) 
Quantile 1 

350,8

21 

17,4

83 
0.05 

7.

66 

3.

2 
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AWS 

(m/s) 
Quantile 2 

350,7

80 

14,4

44 

0.04

1 

6.

33 

2.

65 

AWS 

(m/s) 
Quantile 3 

350,8

01 

12,5

19 

0.03

6 

5.

49 

2.

29 

AWS 

(m/s) 
Quantile 4 

350,7

95 

13,6

30 

0.03

9 

5.

98 

2.

5 

AWS 

(m/s) 
Quantile 5 

350,8

07 

20,6

69 

0.05

9 

9.

06 

3.

79 

AWS 

(m/s) 
Quantile 6 

350,7

82 

21,5

42 

0.06

1 

9.

44 

3.

95 

AWS 

(m/s) 
Quantile 7 

350,7

98 

22,8

11 

0.06

5 
10 

4.

18 

AWS 

(m/s) 
Quantile 8 

350,7

93 

18,7

17 

0.05

3 

8.

21 

3.

43 

Model: Jul 

Variable Class Name 
TA 

(ha) 

BA 

(ha) 

BA/

TA 

Rv

,c 

Sv,

c 

LUC Artificial Territories 
153,0

75 
182 

0.00

1 

1.

34 

0.

93 

LUC Agriculture 
650,1

24 

1,33

8 

0.00

2 

2.

32 

1.

62 

LUC 
Pastures. Agroforestry Systems. Cork 

Oaks. Holm Oaks. and Bare Land 

293,0

73 

1,50

0 

0.00

5 

5.

78 

4.

02 

LUC Other Broadleaves 
186,3

78 

1,34

5 

0.00

7 

8.

14 

5.

67 

LUC Eucalyptus 
458,1

97 

3,90

9 

0.00

9 

9.

63 

6.

7 

LUC Resinous Forests 
670,2

58 

3,60

7 

0.00

5 

6.

07 

4.

23 

LUC Shrublands 
372,9

28 

3,30

4 

0.00

9 
10 

6.

96 

LUC Wetlands and Water Bodies 
35,89

8 
41 

0.00

1 

1.

28 

0.

89 
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ASP North 
267,8

67 

1,39

0 

0.00

5 

8.

95 

4.

08 

ASP Northeast 
317,8

24 

1,83

9 

0.00

6 

9.

99 

4.

55 

ASP East 
322,6

57 

1,79

7 

0.00

6 

9.

61 

4.

38 

ASP Southeast 
375,7

17 

2,04

4 

0.00

5 

9.

39 

4.

27 

ASP South 
319,9

78 

1,64

0 

0.00

5 

8.

84 

4.

03 

ASP Southwest 
379,7

21 

1,91

0 

0.00

5 

8.

68 

3.

95 

ASP West 
374,5

62 

2,01

1 

0.00

5 

9.

26 

4.

22 

ASP Northwest 
387,6

81 

2,24

6 

0.00

6 
10 

4.

55 

ASP Flat 
72,00

8 
346 

0.00

5 

8.

29 

3.

78 

EDA 

(km) 
Quantile 1 

897,7

78 

2,15

8 

0.00

2 

2.

64 

1.

89 

EDA 

(km) 
Quantile 2 

187,3

71 
775 

0.00

4 

4.

54 

3.

25 

EDA 

(km) 
Quantile 3 

342,0

12 

1,83

6 

0.00

5 

5.

89 

4.

22 

EDA 

(km) 
Quantile 4 

340,2

85 

2,31

8 

0.00

7 

7.

47 

5.

35 

EDA 

(km) 
Quantile 5 

350,6

62 

2,90

9 

0.00

8 

9.

1 

6.

52 

EDA 

(km) 
Quantile 6 

349,6

03 

3,18

6 

0.00

9 
10 

7.

16 

EDA 

(km) 
Quantile 7 

352,2

20 

2,04

3 

0.00

6 

6.

36 

4.

56 
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FFD 

(ffd/ha) 
Quantile 1 

467,6

63 

3,57

6 

0.00

8 

8.

06 

6.

01 

FFD 

(ffd/ha) 
Quantile 2 

260,0

87 
725 

0.00

3 

2.

94 

2.

19 

FFD 

(ffd/ha) 
Quantile 3 

353,9

62 

1,56

0 

0.00

4 

4.

64 

3.

46 

FFD 

(ffd/ha) 
Quantile 4 

360,6

05 

3,42

2 

0.00

9 
10 

7.

46 

FFD 

(ffd/ha) 
Quantile 5 

356,3

64 

2,26

7 

0.00

6 

6.

7 
5 

FFD 

(ffd/ha) 
Quantile 6 

320,1

05 

1,36

6 

0.00

4 

4.

5 

3.

35 

FFD 

(ffd/ha) 
Quantile 7 

358,6

89 
807 

0.00

2 

2.

37 

1.

77 

FFD 

(ffd/ha) 
Quantile 8 

344,9

53 

1,50

4 

0.00

4 

4.

59 

3.

43 

POP 

(inhab/h

a) 

Quantile 1 
1,058

,331 

6,40

9 

0.00

6 

8.

36 

4.

76 

POP 

(inhab/h

a) 

Quantile 2 
351,9

78 

2,30

3 

0.00

7 

9.

03 

5.

14 

POP 

(inhab/h

a) 

Quantile 3 
352,2

80 

2,55

2 

0.00

7 
10 

5.

69 

POP 

(inhab/h

a) 

Quantile 4 
352,3

82 

2,29

3 

0.00

7 

8.

98 

5.

11 

POP 

(inhab/h

a) 

Quantile 5 
352,4

69 

1,31

1 

0.00

4 

5.

13 

2.

92 
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POP 

(inhab/h

a) 

Quantile 6 
352,4

91 
356 

0.00

1 

1.

39 

0.

79 

ELV (m) Quantile 1 
352,3

80 
676 

0.00

2 

2.

31 

1.

51 

ELV (m) Quantile 2 
352,4

29 

1,63

5 

0.00

5 

5.

58 

3.

65 

ELV (m) Quantile 3 
352,4

14 

2,50

7 

0.00

7 

8.

56 

5.

59 

ELV (m) Quantile 4 
352,3

11 

2,37

1 

0.00

7 

8.

1 

5.

29 

ELV (m) Quantile 5 
352,4

07 

1,62

1 

0.00

5 

5.

54 

3.

62 

ELV (m) Quantile 6 
352,3

46 

1,34

5 

0.00

4 

4.

59 
3 

ELV (m) Quantile 7 
353,2

20 

2,93

5 

0.00

8 
10 

6.

53 

ELV (m) Quantile 8 
351,5

35 

2,13

5 

0.00

6 

7.

31 

4.

77 

SLP (°) Quantile 1 
352,2

31 
750 

0.00

2 

2.

52 

1.

67 

SLP (°) Quantile 2 
352,2

31 

1,06

8 

0.00

3 

3.

59 

2.

38 

SLP (°) Quantile 3 
352,2

31 

1,28

3 

0.00

4 

4.

31 

2.

86 

SLP (°) Quantile 4 
352,2

32 

1,62

1 

0.00

5 

5.

45 

3.

62 

SLP (°) Quantile 5 
352,2

32 

2,06

6 

0.00

6 

6.

94 

4.

61 

SLP (°) Quantile 6 
352,2

49 

2,51

9 

0.00

7 

8.

47 

5.

62 

SLP (°) Quantile 7 
352,2

12 

2,94

0 

0.00

8 

9.

88 

6.

56 
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SLP (°) Quantile 8 
352,2

30 

2,97

5 

0.00

8 
10 

6.

64 

NDP10 Quantile 1 
351,6

39 

4,47

4 

0.01

3 
10 10 

NDP10 Quantile 2 
351,4

74 

2,28

4 

0.00

6 

5.

11 

5.

11 

NDP10 Quantile 3 
351,5

60 

1,57

7 

0.00

4 

3.

53 

3.

53 

NDP10 Quantile 4 
351,6

29 

1,40

8 

0.00

4 

3.

15 

3.

15 

NDP10 Quantile 5 
351,5

59 

1,17

5 

0.00

3 

2.

63 

2.

63 

NDP10 Quantile 6 
351,5

32 

1,25

6 

0.00

4 

2.

81 

2.

81 

NDP10 Quantile 7 
351,5

68 
644 

0.00

2 

1.

44 

1.

44 

NDP10 Quantile 8 
351,4

73 

2,40

5 

0.00

7 

5.

38 

5.

38 

T25 (°C) Quantile 1 
351,5

91 

2,04

7 

0.00

6 

6.

93 

4.

58 

T25 (°C) Quantile 2 
351,5

43 

1,59

8 

0.00

5 

5.

42 

3.

57 

T25 (°C) Quantile 3 
351,5

94 
895 

0.00

3 

3.

03 
2 

T25 (°C) Quantile 4 
351,5

72 

2,70

3 

0.00

8 

9.

16 

6.

04 

T25 (°C) Quantile 5 
351,4

91 

1,00

2 

0.00

3 

3.

4 

2.

24 

T25 (°C) Quantile 6 
351,5

55 

1,91

5 

0.00

5 

6.

49 

4.

28 

T25 (°C) Quantile 7 
351,6

28 

2,95

2 

0.00

8 
10 

6.

6 
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T25 (°C) Quantile 8 
351,4

60 

2,11

0 

0.00

6 

7.

15 

4.

72 

PREC 

(mm) 
Quantile 1 

351,6

06 

2,02

7 

0.00

6 

7.

86 

4.

53 

PREC 

(mm) 
Quantile 2 

351,5

43 

2,12

6 

0.00

6 

8.

24 

4.

75 

PREC 

(mm) 
Quantile 3 

351,5

94 

1,35

9 

0.00

4 

5.

27 

3.

04 

PREC 

(mm) 
Quantile 4 

351,5

62 

2,32

0 

0.00

7 

8.

99 

5.

19 

PREC 

(mm) 
Quantile 5 

351,5

35 

2,57

9 

0.00

7 
10 

5.

77 

PREC 

(mm) 
Quantile 6 

351,5

44 

2,17

5 

0.00

6 

8.

43 

4.

86 

PREC 

(mm) 
Quantile 7 

351,5

27 
940 

0.00

3 

3.

64 

2.

1 

PREC 

(mm) 
Quantile 8 

351,5

24 

1,69

7 

0.00

5 

6.

58 

3.

8 

RAD 

(Whm2) 
Quantile 1 

352,3

81 

2,92

1 

0.00

8 
10 

6.

51 

RAD 

(Whm2) 
Quantile 2 

352,3

84 

1,83

3 

0.00

5 

6.

28 

4.

09 

RAD 

(Whm2) 
Quantile 3 

352,3

77 

1,19

7 

0.00

3 

4.

1 

2.

67 

RAD 

(Whm2) 
Quantile 4 

352,3

80 

1,74

8 

0.00

5 

5.

99 

3.

9 

RAD 

(Whm2) 
Quantile 5 

352,3

80 

1,99

3 

0.00

6 

6.

82 

4.

45 

RAD 

(Whm2) 
Quantile 6 

352,3

81 

1,56

6 

0.00

4 

5.

36 

3.

49 

RAD 

(Whm2) 
Quantile 7 

352,3

80 

1,85

4 

0.00

5 

6.

35 

4.

14 
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RAD 

(Whm2) 
Quantile 8 

352,3

80 

2,11

3 

0.00

6 

7.

23 

4.

71 

TMAX 

(°C) 
Quantile 1 

351,6

05 
457 

0.00

1 

1.

64 

1.

02 

TMAX 

(°C) 
Quantile 2 

351,5

40 

1,68

0 

0.00

5 

6.

02 

3.

76 

TMAX 

(°C) 
Quantile 3 

351,5

27 

1,62

1 

0.00

5 

5.

81 

3.

62 

TMAX 

(°C) 
Quantile 4 

351,6

20 

1,56

7 

0.00

4 

5.

61 

3.

5 

TMAX 

(°C) 
Quantile 5 

351,4

82 

2,50

6 

0.00

7 

8.

98 

5.

6 

TMAX 

(°C) 
Quantile 6 

351,5

56 

2,30

1 

0.00

7 

8.

25 

5.

15 

TMAX 

(°C) 
Quantile 7 

351,5

65 

2,79

1 

0.00

8 
10 

6.

24 

TMAX 

(°C) 
Quantile 8 

351,5

40 

2,30

0 

0.00

7 

8.

24 

5.

14 

AWS 

(m/s) 
Quantile 1 

350,8

21 
954 

0.00

3 

2.

99 

2.

14 

AWS 

(m/s) 
Quantile 2 

350,7

80 

2,88

7 

0.00

8 

9.

05 

6.

47 

AWS 

(m/s) 
Quantile 3 

350,8

01 

2,22

9 

0.00

6 

6.

98 

4.

99 

AWS 

(m/s) 
Quantile 4 

350,7

95 

1,66

5 

0.00

5 

5.

22 

3.

73 

AWS 

(m/s) 
Quantile 5 

350,8

07 

1,95

9 

0.00

6 

6.

14 

4.

39 

AWS 

(m/s) 
Quantile 6 

350,7

82 

3,19

2 

0.00

9 
10 

7.

15 

AWS 

(m/s) 
Quantile 7 

350,7

98 

1,54

4 

0.00

4 

4.

84 

3.

46 
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AWS 

(m/s) 
Quantile 8 

350,7

93 
793 

0.00

2 

2.

48 

1.

78 

Model: Out - Jun 

Variable Class Name 
TA 

(ha) 

BA 

(ha) 

BA/

TA 

Rv

,c 

Sv,

c 

LUC Artificial Territories 
153,0

75 
58 0 

0.

19 

0.

15 

LUC Agriculture 
650,1

24 
937 

0.00

1 

0.

71 

0.

59 

LUC 
Pastures. Agroforestry Systems. Cork 

Oaks. Holm Oaks. and Bare Land 

293,0

73 

1,47

9 

0.00

5 

2.

48 

2.

05 

LUC Other Broadleaves 
186,3

78 

2,32

2 

0.01

2 

6.

13 

5.

07 

LUC Eucalyptus 
458,1

97 

3,09

3 

0.00

7 

3.

32 

2.

75 

LUC Resinous Forests 
670,2

58 

4,33

6 

0.00

6 

3.

18 

2.

63 

LUC Shrublands 
372,9

28 

7,58

0 
0.02 10 

8.

27 

LUC Wetlands and Water Bodies 
35,89

8 
9 0 

0.

13 

0.

11 

ASP North 
267,8

67 

1,41

6 

0.00

5 

5.

62 

2.

15 

ASP Northeast 
317,8

24 

2,01

9 

0.00

6 

6.

76 

2.

59 

ASP East 
322,6

57 

2,45

6 

0.00

8 

8.

1 

3.

1 

ASP Southeast 
375,7

17 

3,53

2 

0.00

9 
10 

3.

83 

ASP South 
319,9

78 

2,47

6 

0.00

8 

8.

23 

3.

15 

ASP Southwest 
379,7

21 

2,66

5 

0.00

7 

7.

47 

2.

86 
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ASP West 
374,5

62 

2,49

4 

0.00

7 

7.

08 

2.

71 

ASP Northwest 
387,6

81 

2,37

0 

0.00

6 

6.

5 

2.

49 

ASP Flat 
72,00

8 
378 

0.00

5 

5.

59 

2.

14 

EDA 

(km) 
Quantile 1 

897,7

78 

1,70

5 

0.00

2 

1.

46 

0.

77 

EDA 

(km) 
Quantile 2 

187,3

71 
787 

0.00

4 

3.

22 

1.

71 

EDA 

(km) 
Quantile 3 

342,0

12 

2,08

7 

0.00

6 

4.

68 

2.

48 

EDA 

(km) 
Quantile 4 

340,2

85 

3,01

8 

0.00

9 

6.

81 

3.

61 

EDA 

(km) 
Quantile 5 

350,6

62 

4,12

3 

0.01

2 

9.

02 

4.

79 

EDA 

(km) 
Quantile 6 

349,6

03 

4,55

6 

0.01

3 
10 

5.

3 

EDA 

(km) 
Quantile 7 

352,2

20 

3,53

8 
0.01 

7.

71 

4.

09 

FFD 

(ffd/ha) 
Quantile 1 

467,6

63 

1,58

1 

0.00

3 

1.

74 

1.

38 

FFD 

(ffd/ha) 
Quantile 2 

260,0

87 

2,33

0 

0.00

9 

4.

61 

3.

65 

FFD 

(ffd/ha) 
Quantile 3 

353,9

62 

2,07

7 

0.00

6 

3.

02 

2.

39 

FFD 

(ffd/ha) 
Quantile 4 

360,6

05 

1,84

0 

0.00

5 

2.

63 

2.

08 

FFD 

(ffd/ha) 
Quantile 5 

356,3

64 

6,91

8 

0.01

9 
10 

7.

9 

FFD 

(ffd/ha) 
Quantile 6 

320,1

05 

2,88

6 

0.00

9 

4.

64 

3.

67 



98 

 

FFD 

(ffd/ha) 
Quantile 7 

358,6

89 

1,73

7 

0.00

5 

2.

49 

1.

97 

FFD 

(ffd/ha) 
Quantile 8 
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GENERAL CONCLUSIONS 

The present thesis aimed to advance the understanding of wildfire dynamics in 

Central Portugal by integrating static spatial susceptibility models with dynamic, season-

specific hazard assessments. Together, the findings underscore the complexity of 

Mediterranean fire regimes, which are governed by highly intertwined environmental, 

climatic, and socio-economic factors. 

Through the evaluation of wildfire susceptibility (Chapter 1), this research 

highlighted the crucial support provided by environmental variables in predictive 

modeling, while also revealing a strong correlation between firefighter presence and rural 

depopulation. Topography plays a determining role in spatial vulnerability, with higher 

elevation areas exhibiting significantly greater fire susceptibility. Furthermore, the 

analysis of climatic drivers demonstrated that lower thresholds—specifically, the number 

of days with temperatures above 25 °C and precipitation over 10 mm—are more relevant 

predictors than general aggregated means or accumulated precipitation. Spatially, the 

highest susceptibility remains heavily concentrated in the northern and inland sections of 

the study area. This points to a critical need for targeted fire suppression and prevention 

efforts in less populous, higher-elevation regions dominated by shrublands, particularly 

within the districts of Guarda, Viseu, and Santarém. 

Building upon this spatial foundation, the assessment of temporal fire hazard 

(Chapter 2) validated the core premise that wildfire dynamics are driven by seasonally 

distinct factors, rendering static, aggregated annual models inadequate. Statistical 

analyses confirmed the stratification of the fire year into three distinct regimes: High 

(August–September), Moderate (July), and Low (October–June). The seasonal models 

developed for the peak (AUC = 0.81) and low-activity (AUC = 0.80) periods—which are 

primarily governed by structural factors (topography) and fuel availability 

(precipitation)—significantly outperformed the reference overall annual model (AUC = 

0.77). Conversely, the transitional July period (AUC = 0.58) exhibited a unique profile 

driven primarily by aridity, indicating that this specific window requires specialized 

predictors not fully captured by standard datasets. 

A pivotal finding of this thesis challenges traditional assumptions regarding fuel 

memory and landscape resilience. The hypothesis that incorporating fire history via a Fire 

Return Interval (FRI) mask would enhance predictive accuracy was refuted for the most 
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critical fire scenarios. The application of the FRI mask actually degraded the performance 

of both the overall and the peak-season (August–September) models. This failure 

provides compelling evidence that, under the extreme meteorological conditions 

characteristic of the peak season, the protective effect of younger vegetation is effectively 

overridden; fire propagates regardless of recent burning history. While the FRI adjustment 

yielded marginal gains during the less severe conditions of the low and moderate activity 

periods, relying on historical recurrence metrics to predict fuel limitation is insufficient 

during the catastrophic peak of the fire season. 

Ultimately, these consolidated results offer vital insights for future fire 

management and landscape planning. Effective wildfire mitigation requires periodic 

model updates that incorporate higher-resolution data, seasonality, and complex socio-

economic and cultural factors. Strategic interventions must be prioritized in depopulated 

inland regions where the hazard is most pronounced. Furthermore, acknowledging 

pyrobiocultural territories and integrating local fire management practices will be 

essential to foster sustainable, resilient landscapes capable of withstanding extreme fire 

events that bypass natural fuel barriers. 


