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Abstract: Wildfires constitute a significant ecological disturbance within Mediterranean 

ecosystems, exerting profound effects on forest dynamics, biodiversity, and land management 

practices. The development of precise susceptibility mapping is essential to inform prevention 

strategies, optimize resource allocation, and promote sustainable forest management by 

increasing fire pressure. This study employed and compared four machine learning 

classifiers—Random Forest, Classification and Regression Trees (CART), Gradient Boosting, 

and Extreme Gradient Boosting (XGBoost)—to model wildfire susceptibility across Portugal. 

Six environmental and anthropogenic predictors were utilized: vegetation indices, land 

use/land cover, slope, elevation, wind speed, and distance to settlements. The results indicated 

that vegetation-related variables, particularly NDVI and land cover, were the most significant 

determinants of fire occurrence, followed by slope and wind speed, thus underscoring the role 

of biophysical conditions in shaping fire regimes. Among the evaluated models, XGBoost 

demonstrated the highest predictive performance (overall accuracy = 92.98%, AUC = 0.98), 

surpassing or equalling the other ensemble methods. The resulting susceptibility maps 

identified the northern and central interior regions as the most fire-prone, consistent with 

historical fire records. Our findings underscore the efficacy of ensemble machine learning 

techniques in capturing complex fire–environment interactions and provide spatially explicit 

information that can enhance fire prevention planning, support conservation priorities, and 

guide adaptive forest management in Mediterranean landscapes. 
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Wildfire susceptibility; Machine learning; Ensemble classifiers; Forest fire risk assessment; 
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1. Introduction 

Portugal, distinguished by its Mediterranean climate and dynamic land use and land cover 

(LULC) changes, has witnessed evolving wildfire trends that present significant 

environmental and socio-economic challenges (Oliveira & Zêzere, 2020; Parente et al., 2018). 

The Mediterranean region is particularly susceptible to wildfires because of its hot, dry 

summers, frequent droughts, and vegetation that is prone to ignition. In recent years, extreme 

heatwaves with temperatures surpassing 48°C have precipitated devastating wildfires across 

Mediterranean countries, resulting in loss of life, extensive property damage and 

environmental degradation (Turco et al., 2017). For instance, in Portugal, over 3,370 rural 

fires consumed 25,4295 hectares of land in Jan to Aug of 2025, which was to more three 

times the area burned during the same period in 2024 (ICNF, 2025).  

The accumulation of dry vegetation and human activities in proximity to forested areas 

heightens the risk of uncontrollable mega-fires that often exceed firefighting capacities. In 

Portugal, climate change coupled with trends in rural land abandonment and land use changes 

has led to increased fuel loads and wildfire incidents (Eurostat, 2025; Sabater et al., 2021).                                                                                                                                        

These fires pose threats to lives, ecosystems, and economic assets and significantly contribute 

to carbon emissions. For instance, wildfires across the European Union in 2025, up to late 

August, released an estimated 38.37 million tonnes of CO2, reaching a record high for that 

time period (European Commission, 2025).                                                                                                                                         

Despite the recognized dangers, wildfire management in the Mediterranean region typically 

emphasizes full suppression, which can paradoxically elevate the risk of larger and more 

intense fires by permitting fuel accumulation (Fernandes & Botelho, 2003). Despite 

advancements in wildfire susceptibility modelling, critical gaps related to spatial bias and 

overly optimistic model validation persist, potentially limiting their accuracy and practical 

applicability (Jaafari & Pourghasemi, 2019; Parente et al., 2018). Addressing these issues is 

crucial for enhancing the reliability of fire-risk predictions and supporting effective wildfire 

prevention and mitigation strategies.                                                                                      

This study addresses these gaps by pursuing two primary objectives: first, to systematically 

compare the performance of four ensemble machine learning models—Random Forest, 

CART, Gradient Boosting, and XGBoost—for wildfire susceptibility mapping in Portugal; 

and second, to identify and evaluate the most influential environmental and anthropogenic 

predictors driving fire occurrence in the region. The findings provide a robust framework for 

wildfire risk assessment, offering spatially explicit insights to inform management and policy 
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decisions. By integrating the understanding of wildfire dangers specific to Mediterranean 

environments and addressing modelling limitations, this study aims to contribute to more 

accurate, reliable, and spatially explicit wildfire risk assessments in Portugal. This will aid in 

adopting proactive fire management strategies that balance suppression and ecosystem 

resilience, thereby helping to mitigate the impacts of wildfires in a changing climate. 

2. Materials and Methods 

2.1  Study Area 

Figure 1. Study area location. 

 

Portugal, situated at approximately 39.4° N, 8.22° W on the Iberian Peninsula, has a total area 

of 92,212 km² and a population of approximately 10.2 million (Central Intelligence Agency 

2025). The country has a Mediterranean climate with hot, dry summers and mild, wet winters 
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(Oliveira & Zêzere, 2020; Parente et al., 2018). Combined with the varied topography and 

extensive forest cover, this climate makes Portugal highly susceptible to wildfires during the 

summer months. 

The landscape is a mosaic of forests, shrublands, agricultural land and settlements. Forests 

cover approximately 36% of the territory (Eurostat, 2025), with fire-prone regions 

concentrated in the northern and central inland districts, such as Vila Real, Braga, Aveiro and 

Coimbra. Mountainous terrain with steep slopes and dense vegetation further increases 

wildfire risk due to fuel accumulation and enhanced fire spread potential (Sabater et al., 

2021). 

Wildfires have intensified in recent years. In the first seven months of 2025, over 7,32 rural 

fires were recorded, burning approximately 254,295 hectares across the country ( Figure 2.) 

(ICNF, 2025). These events affected regions nationwide, causing widespread damage and 

evacuations.                                                                                                                            

Land use and land cover (LULC) changes also play critical roles. Rural depopulation and land 

abandonment contribute to higher fuel loads, whereas flammable eucalyptus and maritime 

pine plantations exacerbate fire intensity under drought conditions, which are aggravated by 

climate change. 

This combination of environmental, climatic, and human pressures makes Portugal a 

challenging study area for wildfire prediction. Understanding the spatial and temporal fire 

susceptibility patterns of this species is essential for advancing prevention strategies and risk 

mitigation. 

2.2 Historical Forest Fires 

The historical forest fire data for this study were sourced from the Institute for Nature 

Conservation and Forests (ICNF) of Portugal, the principal national authority responsible 

for forest and wildfire monitoring. The ICNF database contains detailed records of fire 

incidents, including annual fire counts and total burned areas, and offers a comprehensive 

overview of wildfire trends in Portugal from 2006 to 2025 (ICNF, 2025).                                 

As illustrated in Figure 2, from 2006 to 2013, the annual fire counts exceeded 25,000 events, 

peaking at nearly 30,000 fires around 2013. Since 2020, fewer than 10, 000 fires have been 

reported annually, indicating a significant decline in fire frequency.                                            
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The patterns of burned areas exhibited greater interannual variability (Figure 2).                   

Most years between 2006 and 2024 experienced burned areas ranging from 50,000 to 200,000 

hectares. However, 2017 was notable as an extreme fire season, with over 500,000 hectares 

burned (Turco et al., 2019). Following this peak, the annual burned areas generally remained 

lower, although recent increases in 2024–2025 suggest a potential resurgence of large-scale 

fire activity. In 2025 (January to August), the burned area exceeded 254,000 hectares.                 

These data reflect the evolving fire regime in Portugal and underscore the importance of the 

long-term monitoring capabilities maintained by ICNF. Detailed ICNF records serve as both a 

historical context and a crucial validation reference for this study’s analysis and modelling of 

wildfire susceptibility (Almeida et al., 2024). 

Overall, the historical analysis demonstrates that while the number of fires has decreased over 

time, the magnitude of burned areas remains highly variable, reflecting the strong influence of 

climatic extremes, vegetation conditions, and human factors. These findings highlight the 

need for robust susceptibility modelling and spatial planning to mitigate the risk of severe fire 

events in the region. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Number of forest fires (top) and burned area in hectares (bottom) in Portugal from 

2006 to August 2025 based on the ICNF historical wildfire records. 
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2.3 Data Collection and Sample Generation 

The wildfire susceptibility modelling in this study was based on a binary dependent variable: 

fire presence or absence. Fire presence data were obtained from the MODIS Active Fire 

product (MCD14ML, FIRMS) for the period 2015–2024 (Giglio et al., 2016).                                 

The dataset was subjected to a cleaning process to ensure its ecological relevance and 

accuracy.                                                                                                                                                   

Specifically, fire detections located within built-up areas were removed to restrict the analysis 

to forest and shrubland fires, and spurious detections, such as single isolated pixels and cloud-

related anomalies, were also excluded.                                                                                        

From this cleaned dataset, 1,000 fire points were randomly selected as the positive 

samples.                                                                                                                                                                  

To create a balanced dataset, an equal number of no-fire points (1,000) were randomly 

generated in areas that showed no active fire detection during the same period (Tonini et al., 

2020).                                                                                                                                                             

A minimum buffer distance was applied to ensure no spatial overlap with the fire pixels. A 

final balanced dataset of 2,000 samples was used for model training and validation. 

2.4 Explanatory Variables 

The six explanatory variables were downloaded and processed using Google Earth Engine 

(GEE), which provides convenient access to extensive satellite imagery and geospatial 

datasets with planetary-scale computational capabilities. The use of GEE allowed for the 

efficient extraction of variable values at 2,000 sample points directly at their native spatial 

resolutions, facilitating consistent and reproducible data preparation for model training 

without the need for potentially bias-inducing resampling procedures. 

• Vegetation: NDVI (2015–2024 average) derived from Landsat 8 and 9 surface 

reflectance images (Vermote et al., 2016). 

• Topography: Slope derived from the 30 m SRTM DEM (Farr et al., 2007). 

• Human Pressure: Distance to settlements calculated from the GHSL Built-Up 

product (2024) using a Euclidean distance transform (European Commission. Joint 

Research Centre., 2024; Verde & Zêzere, 2010). 

• Land Cover: LULC extracted from the Dynamic World product (Sentinel-2, 10 m) 

for 2024 (Brown et al., 2022). 
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• Climate: Land surface temperature (LST) from MODIS Terra (MOD11A2.061) and 

Aqua (MYD11A2.061), averaged for 2015–2024 (1 km) (Wan et al., 2021). 

• Climate: Wind speed from ERA5-Land reanalysis, averaged for 2015–2024 (1 km) 

(Muñoz-Sabater et al., 2021).                                                                                 

Table 1. Summary of variables used in wildfire susceptibility modelling 

 

 

 

 

 

Variable Description Source  Spatial 

Resolution 

Temporal 

Coverage 

Units 

Fire 

presence 

Active fire detections  MODIS Active Fire 

Product        

(MCD14ML, FIRMS) 

~1 km 2015–2024 Binary 

(presence/absence) 

NDVI Proxy for vegetation 

greenness and fuel 

availability 

Landsat 8 & 9 SR 

(USGS/NASA) 

30 m 2015–2024 

(average) 

Index (−1 to +1) 

Slope Topographic 

steepness derived 

from DEM 

SRTM DEM 

(NASA/USGS) 

30 m Static Degrees (°) 

Distance to 

settlements 

Euclidean distance 

from built-up areas 

GHSL Built-Up        

(EC–JRC, 2024) 

100 m 2024 Meters (m) 

Land Cover 

(LULC) 

Land cover classes 

(forest, cropland, 

shrubland, etc.) 

Dynamic World 

(Sentinel-2) 

10 m 2024 Categorical 

LST Land Surface 

Temperature 

MODIS Terra 

(MOD11A2.061) & 

Aqua (MYD11A2.061) 

1 km 2015–2024 

(average) 

°C 

Wind speed Surface wind speed ERA5-Land reanalysis 

(ECMWF) 

10 km 2015–2024 

(average) 

m/s 



9 
 

2.5 Methodology workflow 

The methodology of this study followed a structured workflow for predicting wildfire 

susceptibility, as illustrated in Figure 3. The process began with data preparation and 

continued with machine learning model development, validation, and the final generation of 

the susceptibility maps. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Workflow of wildfire susceptibility mapping in Portugal, integrating data 

preparation, machine learning model development, validation and mapping. 
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2.6 Data Preparation 

The final dataset for modelling consisted of 2,000 balanced samples (1,000 fire and 1,000 no-

fire) derived from the methods described in Section 2.3. The explanatory variables included 

vegetation (NDVI), topography (slope), land surface temperature (LST), wind speed, land 

cover (LULC), and distance to settlements (Section 2.4). Using a point-based sampling 

approach, values for each of these variables were extracted directly from their native-

resolution raster layers at the 2,000 sample locations, ensuring that multi-resolution datasets 

could be consistently integrated into a single feature table for model training (Tang et al., 

2022). 

Before model training, the dataset was pre-processed. Categorical and continuous predictors 

were standardized into a compatible format, and anomalous records were removed to improve 

the data quality. To address the issue of multicollinearity among the explanatory variables, the 

Variance Inflation Factor (VIF) and Tolerance methods were applied (Ahmed et al., 2024). 

All six variables were found to have VIF values below the conventional threshold of 10, 

indicating no significant multicollinearity issues and confirming their suitability for inclusion 

in the model(El Mazi et al., 2024). 

2.7 Machine Learning Models 

Four distinct machine learning algorithms were employed to model wildfire susceptibility: 

Random Forest (RF), Classification and Regression Tree (CART), Gradient Boosting (GB), 

and Extreme Gradient Boosting (XGBoost).                                                                             

These models were selected because of their proven performance in spatial predictions and 

their ability to capture both linear and nonlinear relationships among predictors. 

• Random Forest (RF): An ensemble learning method that builds a forest of 𝐾 = 300 

decision trees ℎ(𝑥, Θ𝑘), where Θ𝑘 represents randomness in the tree-building process. 

The final classification is made by aggregating all tree votes via majority voting to 

improve prediction stability and reduce overfitting: 

𝑓(𝑥) = mode{ℎ(𝑥, Θ𝑘), 𝑘 = 1,… ,300} 

The choice of 300 trees balances model accuracy with computational 

efficiency(Breiman, 2001). 
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• Classification and Regression Tree (CART): CART recursively partitions the feature 

space into distinct regions by selecting splits that maximize the reduction in impurity, 

which is typically measured by the Gini index for classification: 

𝐺𝑖𝑛𝑖(𝑡) = 1 −∑  

𝐽

𝑖=1

𝑝𝑖
2 

where 𝑝𝑖 is the proportion of class 𝑖 observations in node 𝑡. The result is a tree of 

decision rules that creates homogeneous groups with respect to wildfire occurrence 

(Breiman et al., 2017).  

• Gradient Boosting (GB): GB builds an additive model in a forward stage-wise manner 

by minimizing a differentiable loss function 𝐿(𝑦, 𝐹(𝑥)) using weak learners ℎ𝑚(𝑥) 

added sequentially: 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜈 ⋅ ℎ𝑚(𝑥) 

where 𝜈 is the learning rate, and each ℎ𝑚 is trained on the residuals of the previous 

model 𝐹𝑚−1 (Friedman, 2001).  

• Extreme Gradient Boosting (XGBoost): An optimized version of GB that includes 

regularization terms to control the model complexity. The objective function includes 

the loss function and a regularization term Ω(𝑓): 

Obj = ∑  

𝑖

𝐿(𝑦𝑖, 𝑦̂𝑖) +∑  

𝑘

Ω(𝑓𝑘) 

where 𝑓𝑘 are the decision trees, and Ω(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆‖𝑤‖2 with 𝑇 as the number of 

leaves and 𝑤 the leaf weight (Chen & Guestrin, 2016). 

Each model was trained on the training subset with hyperparameters optimized through a grid 

search, maximizing performance metrics such as accuracy, Area Under the Receiver 

Operating Characteristic Curve (AUC-ROC), and F1-score on a validation dataset. Cross-

validation was employed to ensure the robustness of the model and mitigate overfitting. 

These models complement each other by balancing bias-variance trade-offs and exploiting 

different strengths in handling variable interactions, missing data, and noise, making them 

suitable choices for spatial wildfire susceptibility prediction. 
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2.8 Model Validation and Feature Importance 

All analyses were performed in Python within the Google Collab environment, using scikit-

learn for machine learning and model evaluation, and stats models for multicollinearity 

diagnostics (Seabold & Perktold, 2010; Tonini et al., 2020). 

A multi-step validation strategy was adopted to ensure the reliability of the wildfire 

susceptibility models. First, the explanatory variables were examined for multicollinearity 

using the Variance Inflation Factor (VIF) and Tolerance statistics (O’brien, 2007).  

 

 

 

The VIF for the i-th predictor is defined as: 

𝑉𝐼𝐹𝑖 =
1

1 − 𝑅𝑖
2 

where 𝑅𝑖
2 is the coefficient of determination of the regression of the 𝑖𝑡ℎ predictor against all 

other predictors. All six predictors (NDVI, slope, LST, wind speed, LULC, and distance to 

settlements) showed VIF values well below the threshold of 10, confirming the absence of 

significant multicollinearity and ensuring their suitability for the model. 

For algorithmic validation, a stratified 5-fold cross-validation procedure was implemented 

(“Ron Kohavi,” n.d.). Stratified sampling ensures that both fire and no-fire classes are 

proportionally represented in each fold, maintaining class balance and providing more reliable 

performance estimates. Each model was evaluated using four key metrics—accuracy, 

precision, recall, and F1-score—to comprehensively assess the overall correctness, ability to 

detect fire occurrences, sensitivity to actual fires, and balance between precision and recall 

(Sokolova & Lapalme, 2009). The performances were averaged across the folds to yield 

robust estimates, thereby mitigating overfitting.  

Beyond cross-validation, an independent hold-out testing approach was employed, splitting 

the dataset into 80% training and 20% testing subsets (Hastie et al., 2009). The models were 

trained using the training subset and evaluated on the unseen testing data to confirm their 

predictive power and generalizability. 

Feature importance was assessed using built-in scores from tree-based algorithms and the 

Mean Decrease Accuracy (MDA) method (Breiman, 2001). These complementary 

techniques allowed us to quantify the relative contribution of each predictor to wildfire 

susceptibility modeling in this study. 

Finally, to validate the geostatistical interpolation of the model outputs, a cross-validation of 

the Simple Kriging method was performed in ArcGIS Pro (Esri, 2025). Measured values 

were compared against predicted values at withheld locations, and error statistics such as 



13 
 

Root Mean Square Error (RMSE) and Mean Error (ME) were calculated (Cressie, 

1993a). 

These metrics are defined as follows: 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑  

𝑛

𝑖=1

  (𝑍(𝑠𝑖) − 𝑍̂(𝑠𝑖))
2
 

𝑀𝐸 =
1

𝑛
∑  

𝑛

𝑖=1

(𝑍(𝑠𝑖) − 𝑍̂(𝑠𝑖)) 

where 𝑍(𝑠𝑖) and 𝑍̂(𝑠𝑖) are the observed and predicted values at location 𝑠𝑖, 𝑍‾ and 𝑍̂ are their 

respective means, and 𝑛 is the number of validation points. 

This additional step ensured that the interpolated susceptibility surface preserved the spatial 

structure of the predictions, while maintaining acceptable accuracy. 

This combined validation framework—multicollinearity analysis, stratified cross-validation, 

hold-out testing, and feature importance diagnostics—ensured both statistical robustness and 

ecological interpretability of the wildfire susceptibility models. 

2.9 Susceptibility Mapping 

The final wildfire susceptibility map was generated by applying the best-performing machine 

learning model to the predictor variables across the entire study area, producing continuous 

wildfire probability values between 0 and 1. To account for spatial dependencies, these 

outputs were interpolated using the geostatistical method of Simple Kriging (O’Sullivan & 

Unwin, 2010). This method incorporates spatial autocorrelation to produce a smooth and 

realistic susceptibility surface compared to deterministic approaches such as Inverse Distance 

Weighting (IDW). 

Simple Kriging estimates the value at an unsampled location 𝑠0 as a weighted sum of 

observed values: 

𝑍̂(𝑠0) = ∑  

𝑛

𝑖=1

𝜆𝑖𝑍(𝑠𝑖) 
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where 𝑍(𝑠𝑖) are the known values at locations 𝑠𝑖, and weights 𝜆𝑖 are calculated based on the 

spatial covariance structure between the points to minimize estimation variance and ensure 

unbiasedness(Cressie, 1993). 

The interpolated susceptibility surface was reclassified into four risk levels: very low (0.00–

0.25), moderate (0.25–0.50), high (0.50–0.75), and very high (0.75–1.00) (Losasso et al., 

2017). These thresholds were defined based on exploratory data analysis and expert 

consultation to support meaningful interpretation for fire risk management. 

The uncertainty of the Kriging interpolation was examined through cross-validation in 

ArcGIS Pro (Geostatistical Wizard), where predicted values were compared with observed 

samples. The full validation metrics are presented in the Results section. 

The integration of machine learning predictions with geostatistical interpolation produced a 

wildfire susceptibility map that is both statistically robust and spatially coherent, offering 

valuable insights to guide targeted fire prevention and mitigation strategies. 
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3. Results 

3.1 Variable Analysis and Multicollinearity 

Before developing the wildfire susceptibility model, it was essential to evaluate the predictor 

variables to ensure their relevance to wildfire occurrence and to confirm statistical 

independence. Multicollinearity among explanatory variables can distort model estimates and 

reduce predictive reliability, especially in machine learning techniques such as Random Forest 

(Breiman, 2001; Dormann et al., 2013). To address this, six environmental and anthropogenic 

variables were examined—Land Use/Land Cover (LULC), Normalized Difference Vegetation 

Index (NDVI), Land Surface Temperature (LST), Slope, Wind Speed, and Distance to 

Settlements—and their spatial distribution was analysed alongside a statistical 

multicollinearity assessment using Variance Inflation Factor (VIF) and tolerance values. 

The spatial distributions of these predictor variables are illustrated in Figure 4, with each 

subfigure highlighting a specific environmental factor. Land use and land cover (a) reflect the 

spatial extent of forests, agriculture, bare soil, and built-up areas, where forest-dominated 

zones, particularly in mountainous regions, correspond to areas of high fuel accumulation, and 

thus increased wildfire susceptibility (Vanderhoof & Hawbaker, 2018).                                

The Normalized Difference Vegetation Index (b) measures vegetation density, where high 

NDVI values indicate dense vegetation that serves as potential fuel for aiding fire ignition and 

spread. Land Surface Temperature (c) captures thermal variation, with elevated temperatures 

in exposed lowlands and urban regions coinciding with higher ignition probabilities (Vermote 

et al., 2016). Terrain slope (d) affects fire behaviour by accelerating upslope spread, as steeper 

areas promote the preheating of vegetation (Woodall & Nagel, 2007). Wind speed (e) 

influences fire dynamics, increasing spread rates, and determining direction, with higher wind 

speeds correlating with elevated wildfire hazards (Stephens, 2001).                                   

Finally, the distance to settlements (f) reflects anthropogenic ignition pressure, with areas 

closer to urban clusters exhibiting elevated ignition potential (Grala, R. K. & D’Agata, P. J., 

2024). 
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Figure 4. Spatial distribution of wildfire predictor variables: (a) LULC, (b) NDVI, (c) LST, 

(d) Slope, (e) Wind Speed, and (f) Distance to Settlements. 

 

Multicollinearity was further assessed through VIF and tolerance metrics for each predictor 

(Figure 5). These statistics demonstrate the degree of correlation between each variable and 

the others. All six predictors exhibited VIF values between 2.5 and 3.9, well within acceptable 

limits (threshold < 10), and tolerance values ranging from 0.26 to 0.69, exceeding the 

common cut-off of 0.1 (O’brien, 2007).                                                                                    

For instance, NDVI (VIF = 2.6; tolerance = 0.39) and LST (VIF = 3.3; tolerance = 0.30) 

showed a moderate correlation, as expected owing to biophysical links, but remained 

statistically independent. Similarly, Wind Speed (VIF = 3.4; tolerance = 0.29) and Distance to 

Settlements (VIF = 3.9; tolerance = 0.26) did not exhibit problematic collinearity. 

(a) (b) (c) 

(d) (e) (f) 
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Figure 5. Variance Inflation Factor (VIF) and Tolerance values for wildfire predictor 

variables. 

The combined spatial and statistical analyses confirmed that the selected variables were 

ecologically meaningful and statistically independent.                                                                  

This supports their integration within the Random Forest modeling framework, ensuring the 

stability and reliability of wildfire susceptibility predictions. Hence, the six variables— land 

use/land cover (LULC), NDVI, LST, slope, wind speed, and distance to settlements — were 

retained for subsequent modeling stages. 

3.2 Model Performance and Cross-Validation 

After validating the selected variables, the next step was to evaluate the performance of the 

machine learning models used in this study. To provide a clear comparison, Table 2 

summarizes the key performance metrics obtained for each model—Random Forest (RF), 

Classification and Regression Trees (CART), Gradient Boosting (GB), and Extreme Gradient 

Boosting (XGB)—based on 5-fold stratified cross-validation (Chen & Guestrin, 2016). 

Table 2 presents the average values of Accuracy, Precision, Recall, and F1-Score for all 

models.  

Model Accuracy Precision Recall F1-Score 

Random Forest 0.9293 0.9315 0.9313 0.9309 

CART 0.8927 0.9012 0.8886 0.8939 

Gradient Boosting 0.9272 0.9307 0.9271 0.9287 

XGBoost 0.9298 0.9311 0.9323 0.9315 
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These metrics provide a comprehensive understanding of each model’s ability to correctly 

classify instances while accounting for both false positives and false negatives (Sokolova & 

Lapalme, 2009). 

As shown in the table, XGBoost (Chen & Guestrin, 2016) achieved the highest overall 

performance, with an accuracy of 92.98%, precision of 93.11%, recall of 93.23%, and an F1-

score of 93.15%. It was closely followed by Random Forest (Breiman, 2001) and Gradient 

Boosting, with CART lagging slightly behind in all metrics. 

Figure 6 provides a visual comparison of these scores using bar charts, facilitating a quick 

assessment of the relative model performance. 

Figure 6. Comparison of Model Performance Metrics (Accuracy, Precision, Recall, F1-Score) 

across RF, CART, GB, and XGB models. 

 

To further assess the classification quality, Figure 7 displays the ROC curves for all models 

along with their Area Under the Curve (AUC) values (Fawcett, 2006). The ROC curve 

analysis corroborated the quantitative metrics, showing that XGBoost and Random Forest 

exhibited near-identical and superior AUC scores (0.98), indicating excellent discriminatory 

ability. CART, with an AUC of 0.88, performed notably worse in comparison. 
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Figure 7. ROC Curves and AUC values of the RF, CART, GB, and XGB models. 

Overall, based on the cross-validation results and ROC analysis, XGBoost was identified as 

the best-performing model. Its slightly higher metrics and strong ROC performance justify its 

selection for subsequent analysis and final prediction. 
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3.3 Wildfire Susceptibility Maps and Area Statistics 

The spatial distribution of wildfire susceptibility across the study area was modelled using 

four machine learning approaches: Random Forest (RF) (Breiman, 2001), Classification and 

Regression Trees (CART) (Breiman et al., 2017), Gradient Boosting (GB) (Friedman, 2001), 

and Extreme Gradient Boosting (XGB) (Chen & Guestrin, 2016). The resulting susceptibility 

maps (Figure 8) classified the territory into four fire risk categories: Low, Medium, High, and 

Very High. 

The visual examination of the wildfire susceptibility maps (Figure 8) revealed a coherent 

spatial distribution across all four machine learning models. Predominantly, the central and 

northern regions exhibit extensive areas classified as having high and very high susceptibility, 

corresponding closely to forested and mountainous terrains known for elevated fuel loads and 

complex topography (Catry et al., 2010). Importantly, isolated pockets of very high 

susceptibility were also evident in the southern part of the study area, underscoring localized 

conditions that may facilitate fire ignition and spread despite generally sparser vegetation. 

While the broad spatial patterns remained consistent, subtle differences in the extent and 

delineation of high-risk zones were apparent among the models, reflecting inherent variations 

in the handling of predictor interactions and algorithmic sensitivity. 

To quantitatively assess these variations, the classified maps were overlaid with the national 

boundary, and the areal extent of each susceptibility class was calculated (Table 3), as 

follows: Across models, approximately 30–32% of the study area fell under the low 

susceptibility category, while 18–20% was classified as Very High susceptibility.                                                          

The proportion of high-susceptibility zones ranged between 23% and 28%, with Gradient 

Boosting identifying the largest share (27.62%) of high-risk areas. Random Forest and CART 

yielded relatively balanced distributions across classes, whereas XGBoost allocated a slightly 

higher proportion to the Very High class (19.41%), consistent with its superior performance 

demonstrated in the cross-validation analysis. 

The probabilistic model outputs were interpolated into continuous susceptibility surfaces 

using the Simple Kriging method (Diggle et al., 2003). Cross-validation of the kriging 

interpolation resulted in moderate accuracy, with a Root Mean Square Error (RMSE) of 

0.1462 (normalized between 0 and 1) (Chai & Draxler, 2014), indicating that average 

prediction errors account for approximately 15% of the data range. The Mean Error (ME) was 

very close to zero (+0.00044), confirming the unbiased nature of the interpolated predictions. 

This suggests that while the interpolation effectively captures broad spatial trends, finer local 

variations may be less accurately represented. 

Together, the wildfire susceptibility maps and area statistics highlight the pronounced spatial 

heterogeneity of fire risk in the region. Although all models broadly agree on the 

identification of northern and central hotspots, differences in class area proportions provide 

valuable insights into prioritizing fire prevention and management strategies. Among the 

tested algorithms, XGBoost emerged as the most robust, combining high predictive accuracy 

with realistic spatial delineation of elevated fire-risk zones. 
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Table 3. Area distribution of wildfire susceptibility classes (Low, Medium, High, Very High) 

across RF, CART, GB, and XGB models. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Models Distribution 
Susceptibility classes 

Low  Medium High Very High 

Random Forest 

Area (km²) 29,791.47 17,353.24 24,919.67 17,726.19 

Percentage (%) 30.68 17.85 25.65 18.82 

CART 
Area (km²) 29,791.47 19,356.30 22,105.26 17,438.45 

Percentage (%) 31.70 20.59 23.52 18.55 

Gradient Boosting 

Area (km²) 28,531.84 17,663.21 25,519.84 16,976.59 

Percentage (%) 30.87 19.11 27.62 18.38 

Extreme Gradient 

Boosting 

Area (km²) 29,524.72 17,848.45 22,910.43 18,407.88 

Percentage (%) 31.12 18.81 24.16 19.41 
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Figure 8. Wildfire susceptibility maps derived from RF, CART, GB, and XGB models. 
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3.4 Feature Importance and MDA 

To better understand the contribution of each explanatory factor in shaping wildfire 

susceptibility, a feature importance analysis was performed using both built-in model 

importance scores and Mean Decrease Accuracy (MDA), obtained through permutation 

analysis (Altmann et al., 2010). These complementary approaches quantify the strength of 

influence of each variable on the predictions, thereby providing insights into the ecological 

and environmental drivers of wildfire risk. 

 

 

 

 

 

 

 

 

 

 

Figure 9. Relative Feature Importance and Mean Decrease Accuracy (MDA) Scores for 

Wildfire Predictors. 

 

The heatmap in Figure 9 summarizes the relative importance of the six predictor variables 

across the four classifiers (Random Forest, CART, Gradient Boosting, and XGBoost). Two 

consistent patterns were observed. 

• NDVI (vegetation greenness) was the most influential variable across nearly all 

models and both metrics, highlighting the central role of vegetation density and fuel 

availability in the occurrence of wildfires (Chuvieco et al., 2008). 

• Slope and LULC were ranked as secondary but important predictors, indicating that 

topography and land cover structure also strongly modulate susceptibility patterns. 

• LST and wind speed contributed moderately, reflecting their role as climatic and 

micro-environmental conditions influencing ignition and spread. 

• Distance to settlements generally showed the lowest influence, though still non-

negligible, suggesting that anthropogenic proximity is a factor but is less dominant 

than biophysical conditions. 
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The use of both feature importance and MDA strengthens the robustness of the findings: 

while raw importance highlights model-specific contributions, MDA provides a measure of 

predictive loss when each variable is permuted (Tonini et al., 2020). Together, these analyses 

confirmed that vegetation condition (NDVI), terrain (slope), and land cover type (LULC) are 

the most decisive factors driving wildfire susceptibility in the study area.                                      

This provides valuable ecological insights into both the spatial drivers of fire risk and the 

interpretability of machine learning predictions. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



25 
 

4.  Discussion  

The findings of this study offer significant insights into the spatial patterns and primary 

determinants of wildfire susceptibility in Portugal.                                                                               

In contrast to numerous prior studies that predominantly utilized a single machine learning 

classifier, this study systematically compared four algorithms— random forest, CART, 

gradient boosting, and XGBoost—employing six explanatory variables to produce robust 

susceptibility maps. This comparative framework enhances model reliability and contributes 

to the expanding body of literature that assesses the strengths and limitations of ensemble 

learning approaches for wildfire prediction (Bhowmik et al., 2023; Bjånes et al., 2021). 

The analysis of variable importance indicated that vegetation-related factors, particularly 

NDVI and LULC, were the most influential predictors of wildfire susceptibility in the study 

area. These findings align with ecological studies that highlight the role of fuel availability 

and type in influencing ignition likelihood and fire spread (Chávez et al., 2011; Fernandes & 

Botelho, 2003).                                                                                                                              

Topographic variables such as slope and climatic variables, including wind speed, also proved 

significant, corroborating their well-established influence on fire behaviour ( Parisien et al., 

2016).                                                                                                                                       

The relatively lower weight of anthropogenic variables, such as distance to settlements, 

suggests that biophysical conditions remain the dominant drivers of susceptibility in Portugal. 

Model performance evaluation confirmed the superior predictive capability of the ensemble 

techniques, with XGBoost achieving the highest accuracy (92.98%) and AUC (0.98). These 

values are comparable to, and in some cases exceed, those reported in recent wildfire 

susceptibility studies across Mediterranean and other fire-prone landscapes (Chuvieco et al, 

2019; Rodrigues et al, 2021). The high predictive skill demonstrates the ability of XGBoost to 

capture complex, nonlinear relationships between environmental conditions and fire 

occurrence.  

The final susceptibility maps consistently identified the northern and central interior regions 

as the most fire-prone, in line with historical fire records and prior research on Portuguese fire 

regimes (Calheiros et al., 2022; European Commission. Joint Research Centre., 2023).                                                                                                                                          

Quantitative area statistics further underscored the dominance of the "Very High" 

susceptibility category in these zones. These outputs not only validate the modelling 

framework but also offer actionable insights into fire management, land-use planning, and 

resource prioritization. 

Nevertheless, certain limitations must be acknowledged. The spatial resolution of certain 

variables, such as LST and wind speed, may not capture micro-scale heterogeneity, whereas 

the fire occurrence dataset may be subject to sampling bias and underreporting. These factors, 

which are often not stable and can change over time, could influence the model’s predictive 

precision at local scales. Future research should integrate higher-resolution environmental 

datasets, adopt multi-temporal variables to account for seasonal variability, and test hybrid 
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approaches combining remote sensing with socio-economic drivers to build a more 

comprehensive and robust model. 

5. Conclusion  

This study demonstrated the efficacy of machine learning, with a particular focus on 

XGBoost, in mapping wildfire susceptibility in Portugal.                                                             

Through a systematic comparison of four classifiers and six explanatory variables, this study 

confirmed that vegetation (NDVI, LULC) and topography (slope) are the primary 

determinants of fire occurrence. The resulting susceptibility maps identified northern and 

central Portugal as the regions most prone to fires, closely aligning with historical fire 

records. Despite certain limitations related to variable resolution and potential sampling bias, 

the framework provides reliable and transferable tools for supporting fire management, land-

use planning, and risk reduction. Future research should incorporate finer-scale environmental 

and socioeconomic data to further enhance predictive performance. 
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