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Abstract

A substantial proportion of wildfires in Mediterranean regions continue to be recorded
without information about the cause or source of ignition, limiting our ability to understand
ignition drivers and design effective prevention strategies. In this study, we develop a
spatially harmonised wildfire database for mainland Spain by integrating ignition records
from the Spanish General Fire Statistics (EGIF) with fire perimeters generated from satellite
images. We then apply a Random Forest classifier to infer ignition causes for events lacking
cause attribution. To interpret model behaviour, we use Shapley Additive Explanation
(SHAP) values at both global and local scales. Results indicate that human-caused igni-
tions are dominant, with intentional and negligence-related fires accounting for 52.13%
of all known events, although they are associated with contrasting climatic and land-use
settings. Negligence-related fires tend to occur under hot, dry and windy conditions,
often in agricultural interfaces, whereas intentional fires are more frequent under cooler
and wetter conditions and in areas with higher population density and land-use change.
Lightning-caused fires represent a small fraction of total ignitions (3%) but exhibit a distinct
climatic signature, occurring primarily in sparsely populated areas, under intermediate
moisture conditions, and often leading to larger burned areas. Despite strong overall
model performance (F1-score = 0.82), minority classes (e.g., lightning and fire rekindling,
0.17%) remain challenging to classify, reflecting both data imbalance and uncertainty in
causal attribution. Overall, the combined use of machine learning and explainable AI pro-
vides a coherent spatial characterisation of wildfire ignition drivers across mainland Spain,
highlights systematic differences among ignition causes, and identifies key limitations in
existing fire cause records. This framework represents a practical step towards improving
fire cause information by integrating remote sensing products with field-based fire reports,
thereby supporting more targeted and evidence-based fire risk management.

Keywords: wildfire dataset; ignitions causes; Spain; random forest; SHAP

1. Introduction
Wildfires represent one of the most pressing environmental challenges in Mediter-

ranean regions, yet the causes behind many of these events remain uncertain. Globally, a
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considerable proportion of recorded wildfires continue to be classified as having ‘unknown’
or ‘undetermined’ origins, revealing a significant gap in information on fire occurrence [1].
Across Europe, about 50% of all wildfires documented between 1999 and 2016 were re-
ported with unknown causes [2], while in Spain between 1991 and 2000, around 21% of
fire events lacked an identified ignition source (Spanish General Fire Statistics, 2002). This
uncertainty is central to contemporary wildfire management because incomplete or inaccu-
rate attribution limits the ability of researchers and practitioners to understand ignition
drivers, model fire occurrence, and design effective prevention strategies. According to
previous studies [1,3–5], the relevance of investigating unknown causes can be summarised
with three main aspects: the magnitude of the missing data problem, its implications for
scientific modelling, and its critical role in fire prevention and mitigation.

Understanding how wildfires vary according to their ignition source—whether natural
or human-caused, and within the latter, accidental or intentional—is essential for designing
effective prevention policies. Although less frequent in number, natural ignitions can
produce some of the largest and most severe fires in Mediterranean regions, particularly
when they occur in remote, forested, and mountainous areas where human presence
is limited. Their ignition efficiency depends strongly on meteorological conditions that
influence both lightning flashes and fuel moisture content [6]. Their impact highlights the
need for advanced strike monitoring and targeted fuel management in wilderness zones [3].
Human-caused ignitions dominate the contemporary fire regime in southern Europe,
accounting for over 95% of recorded fires [1]. Intentional ignitions are often associated
with socio-economic factors, land-use conflicts, or opposition to conservation measures;
in Spain, they tend to concentrate in autumn and winter near the wildland–urban and
agricultural interfaces [3]. Accidental ignitions—linked to agricultural burning, machinery,
and power line sparks, or other human-related activities—follow marked seasonal patterns
and commonly occur near settlements and transport corridors [3]. By extending the ignition
season beyond the peak fire weather period (e.g., agricultural burning in early spring),
human activities widen the temporal window of risk while increasing the complexity
of prevention.

Machine learning (ML) has become a cornerstone for advancing the understanding,
modelling, and management of wildfires, offering strong capabilities for handling the
complexity and nonlinearity of large environmental datasets [7]. Compared to traditional
statistical methods, ML algorithms such as Random Forest (RF) have shown higher pre-
dictive accuracy in modelling human-caused fire occurrences than standard regression
analysis, achieving AUC values of 0.75 and 0.73 in studies conducted in Spain [8]. These
approaches also allow researchers to assess the relative importance of climatic, vegetation,
and anthropogenic variables, improving the diagnostic understanding of ignition dynamics
and spatial variability [3]. Beyond prediction, ML has been instrumental in addressing
the long-standing issue of fires with unknown causes, enabling the classification of igni-
tion sources with notable accuracy [2]. Such applications highlight the potential of ML
not only to predict fire occurrence but also to uncover the underlying drivers of ignition
patterns, while explainable artificial intelligence (XAI) techniques such as Shapley Additive
Explanations (SHAP) improve interpretability and stakeholder confidence by revealing
how specific variables influence model outputs [2,9,10].

The increasing use of ML in wildfire science and management has therefore high-
lighted the need for XAI techniques, which address both the complexity of ML models
and the relevance of decisions derived from them [2,10,11]. Many algorithms, while highly
effective at detecting complex patterns in large datasets, are often considered “black boxes”
because the internal decision-making processes can be opaque [10]. Techniques such as
SHAP enable researchers to evaluate the primary drivers of wildfire ignitions across terri-
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tories to quantify the influence of specific variables on global and local predictions, and
improve the credibility of model outputs for prevention planning [11]. Importantly, XAI
facilitates the design of targeted prevention strategies by revealing not only where a fire
is likely to occur but also why, allowing interventions to focus on key environmental and
anthropogenic factors.

This study pursues three main objectives. First, it aims to harmonise the ESFire30
burned area perimeters derived from remote sensing with the EGIF database, which
contains field-based information on wildfire causes. By spatially matching fire perimeters
from ESFire30 with ignition records from EGIF, this objective seeks to assign observed fire
causes from EGIF to the corresponding burned area perimeters in ESFire30. Second, the
study aims to infer the probable causes of wildfires for which no causal information is
available by using machine learning methods. This objective addresses the high proportion
of fires with unknown causes and responds to the critical importance of fire causality
information for wildfire management. Third, the study aims to apply explainable artificial
intelligence (XAI) techniques to identify the environmental and anthropogenic variables
that most strongly contribute to a better understanding of cause-specific fire patterns and
help identify areas that are more vulnerable to different types of wildfire ignitions.

2. Methodology
2.1. Study Area

The study area comprises mainland Spain, which covers approximately 493,000 km2,
excluding the Balearic and Canary Islands. The region is characterised by a complex
topography that includes extensive plateaus (i.e., the Meseta Central, including the northern
and southern subplateaus), several major mountain ranges such as the Pyrenees, the
Cantabrian Mountains, the Iberian System, and Sierra Nevada, as well as a diverse set
of coastal plains. Peninsular Spain experiences a predominantly Mediterranean climate,
marked by hot, dry summers and mild, wet winters, although substantial spatial variability
exists. The northern Atlantic regions (e.g., Galicia, Asturias, Cantabria and the Basque
Country) have a temperate oceanic climate with higher rainfall, while the southern and
eastern areas (e.g., Andalusia, Murcia, and Valencia) experience semi-arid conditions. This
climatic and topographic diversity supports a wide range of ecosystems and land-use types,
from Mediterranean shrublands and pine forests to dense broadleaved forests, and from
rainfed agricultural areas in the hinterlands to densely populated coastal zones.

2.2. Input Fire Datasets

Two databases were used to conduct this study, each providing complementary in-
formation on wildfire occurrence. The ESFire30 contains annual fire perimeter data for
mainland Spain from 1985 to 2023, including all burned areas larger than 5 ha. It was
derived from Landsat satellite imagery using a semi-automatic processing algorithm, with
post-processing refinements (Ochoa et al., 2026, under review). In total, ESFire30 contains
119,498 fire perimeters, accounting for 5,977,591 ha of burned area [12].

Ignition information was obtained from the official Spanish fire database, designated
as EGIF (Estadística General de Incendios Forestales: Spanish General Fire Statistics). This
database is maintained by the Ministry for the Ecological Transition and the Demographic
Challenge (MITECO). The database integrates data reported by regional forest and emer-
gency services, ensuring national consistency through a unified reporting protocol. The
EGIF consists of a comprehensive and standardised record of wildfire events across Spain
since the 1960s, with a systematic national coverage beginning in 1968. It compiles detailed
information for each fire event, including the date, ignition cause, size, land cover affected,
suppression resources, and environmental conditions at the time of ignition. The database
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is currently available in Excel format. Since 2012, fire event records include spatial coordi-
nates for ignition locations; however, for earlier years—and for a substantial portion of the
dataset—these coordinates are not available. Consequently, the primary spatial reference
system used in EGIF is a 10 × 10 km grid.

Fire causes are categorised into several groups, including lightning, negligence or
accident, intentional fires, fire rekindling, and unknown causes. Due to its temporal
coverage, the EGIF is one of the most valuable sources for analysing wildfire patterns,
drivers, and trends in Spain. The dataset is regularly updated and publicly available at
https://servicio.mapa.gob.es/incendios/Search/Publico, last accessed on 1 January 2026.
While data are accessible up to 2023 at the provincial level, the most comprehensively
verified national dataset dates to 2016.

2.3. Spatialisation of EGIF Ignition Records and Attribution of Fire Cause Information to
ESFire30 Perimeters

Although highly valuable, the EGIF database presents important spatial limitations.
For fires recorded before 2012, geographic coordinates—representing the reported location
of ignition—are often missing or, when included, frequently contain positional errors,
likely introduced during data transfer to the database. Prior to 2012, fire locations were
referenced using an outdated sheet and grid system (sheets of 110 × 150 km and grids of
10 × 10 km) derived from the 1:250,000 military map, which is still used for official fire
reporting (Figure 1a). To associate EGIF ignition information with ESFire30 fire perimeters,
we applied a methodology based on Rodrigues and Riva [8] to spatialise the ignition
records. Based on the sheet and grid system (Figure 1a), we first created a ‘burnable area’
layer by masking urban areas, water bodies, and a 100 m buffer around them to avoid
placing ignitions on fully non-burnable surfaces. Random points were then generated
within each grid cell, with the number of points matching the number of recorded EGIF
observations for the corresponding sheet and grid (Figure 1b).

 

Figure 1. Spatialised ignition points from EGIF database: (a) example of the sheet grid system used
to locate ignitions; (b) resulting spatialised ignition points over burnable areas.

Once the EGIF ignition points were generated, they were integrated into the ESFire30
dataset. However, there were various inconsistencies between the two datasets. In many
grid cells, the number of fire perimeters and ignition point records did not coincide. Some
cells contained more perimeters than ignition points, others had more ignition points
than perimeters, and in some cases only one of the two datasets contained records. To
assign a cause to each fire perimeter, we matched EGIF ignition points and ESFire30
fire perimeters within the same grid cell when their burned areas were similar (±10 ha).
When such a match was found, the cause from the source ignition point was assigned
to the corresponding polygon. If no ignition point with a comparable burned area was
available, the predominant cause recorded in that grid cell was used instead, reflecting the
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strong spatial clustering and local predominance typically observed in fire cause patterns
(MITECO, 2019). To evaluate the reliability of this approach, we calculated the proportion
of fires in each grid cell corresponding to the assignment majority cause, confirming that,
in most cells, the predominant cause represents the majority of events. Finally, if a grid cell
contained ESFire30 polygons but no EGIF ignition points, the polygon was classified as
having an unknown cause. The database records the origin of each assignment in a field
labelled ‘Method’, where a value of 1 indicates a similarity-based burned area match and
a value of 2 indicates a majority-based assignment. Before modelling, both spatial and
comparative analyses were carried out to evaluate the consistency of the integrated dataset.

2.4. Model

In this study, we developed a model to infer wildfire causes for those fire perimeters
that did not have an associated cause in the EGIF database. In this way, we should be
able to better understand fire drivers, and provide additional insights to improve fire
prevention. We used a Random Forest classifier designed to infer the causes of fire events
with unknown origin and to identify the environmental and demographic variables that
best explained these patterns.

Prior to modelling, spatial analyses were conducted to identify where wildfires were
most prevalent according to their cause, and to calculate the proportion of each cause
category to establish an expected baseline distribution. These exploratory steps were
essential for understanding the underlying spatial and statistical behaviour of the causes in
our dataset, ensuring that the results obtained after the modelling process were coherent
and meaningful. By characterising these patterns in advance, we were able to better
interpret the model outputs and verify that they aligned with the observed dynamics in the
study area.

Before beginning the classification stage, it was necessary to address the class imbal-
ance in the target variable. Some cause categories were clear minorities, which can lead
to biased model predictions. To alleviate this issue, we applied the Synthetic Minority
Oversampling Technique (SMOTE), a widely used method in ecological and environmental
modelling to handle class imbalance [2,11,13]. SMOTE generates synthetic samples of the
minority classes rather than simply duplicating existing observations. It does so by select-
ing a minority class instance and creating new synthetic samples along the line segments
connecting that instance with its k-nearest minority neighbours. This approach increases
the number of minority samples in a more realistic and informative way, helping the model
learn more accurate decision boundaries between classes.

In our case, the dataset was split into training (70%) and testing (30%) sets imple-
menting a stratification procedure based on the original class proportions. SMOTE was
applied only to the training set (k_neighbours = 2), ensuring that the test data remained
independent for validation. A small number of neighbours was selected to ensure that the
synthetic samples remained close to the original minority class observations, preserving
the local structure of the feature space. SMOTE resampling improves the classifier’s ability
to correctly identify minority class events. While applying SMOTE in our model does not
significantly boost the overall F1-score (82%), it does enhance the performance metrics for
individual classes. Importantly, when the trained classifier is applied to the unseen test set,
it performs inference in the machine learning sense: predicting the likely ignition cause for
new wildfire instances based on parameters learned during training. This inference should
not be interpreted as established causal relationships, but rather as generating predictions
for data not used during model fitting.

To optimise model performance and prevent overfitting, cross-validation techniques
were applied to determine the optimal set of hyperparameters. A grid search proce-
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dure (GridSearchCV from the scikit-learn library [14]) was implemented using a five-fold
cross-validation scheme, testing combinations of parameters such as the number of trees
(n_estimators), the maximum tree depth (max_depth), the minimum number of samples
required for node splitting (min_sample_split), the minimum number of samples per
leaf (min_sample_leaf), and the maximum number of features considered at each split
(max_features). The model achieved a mean cross-validated accuracy of 0.79 ± 0.004
(95% CI: 0.788–0.792), indicating stable performance across repeated folds. The final model
configuration corresponded to the combination of parameters that achieved the highest
mean cross-validation accuracy.

Once the classes were balanced, we trained an RF classifier to model wildfire causes.
The RF algorithm is an ensemble learning method that builds multiple decision trees during
training and combines their outputs to produce more accurate and robust predictions. The
model was configured with the following parameters:

• n_estimators = 200, ensuring a sufficiently large number of trees to reduce variance.
• max_depth = None, allowing trees to grow fully and capture complex patterns.
• max_features = ‘sqrt’, selecting a subset of variables at each split to increase model

diversity and reduce overfitting.
• min_samples_split = 5 and min_samples_leaf = 1, controlling how trees split and

ensuring sufficient flexibility to learn from the data.
• random_state = 42, ensuring reproducibility.
• class_weight = ‘balanced’, giving more weight to minority classes to reduce bias

toward majority categories.

To interpret the model and better understand the factors related to wildfire causes,
we applied SHAP. This approach quantifies the contribution of each predictor variable to
individual predictions, providing a transparent and interpretable way to identify which
variables exert the strongest influence on each fire cause classification.

In addition to this global interpretation, we performed a local spatial analysis to
determine which variables exert the greatest influence in specific geographic regions. This
approach makes it possible to detect how the importance of individual drivers varied across
the landscape, highlighting areas where specific climatic or environmental factors played a
more dominant role.

2.4.1. Dependent Variable

For this model, the dependent variable is the ignition cause. The 119,498 fires recorded
in the ESFire30 dataset were classified into five categories as reported in the EGIF (see Table 1):

Table 1. Dependent variable metrics.

Type Class in
ESFire30 EGIF Code Total Number

of Fires
Total Burned

Area (ha)
Maximum

Patch Size (ha)
Percentile

90 (ha)
Proportion

(%)

Lightning 1 100 2966 309,417 19,978 85 3

Negligence 2 210 to 399 11,809 563,429 25,675 58 10

Intentional 3 400 50,344 2,021,564 14,060 68 42.13

Unknown 4 500 54,167 2,228,235 28,765 64 45.32

Fire rekindling 5 600 212 21,341 11,773 74 0.17

2.4.2. Independent Variables

To identify relevant human-related covariates, we drew on established methodologies
and findings from prior research [5,8,15–17]. We also considered regional- and European-
scale studies [11,18–20], as well as insights from a review on fire occurrence modelling [1].
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The selected variables represent widely recognised indicators of fire occurrence and fol-
low the typology of factors and drivers described by [21,22]. Some variables required
transformations prior to integration into the model, whereas others were used in their
original form. Table 2 summarises all selected variables. The transformation procedures
are described below:

- Road density: To assess spatial accessibility in relation to wildfires, we generated
secondary road density maps using a kernel density approach applied to linear vector
data. Secondary roads were selected because they are closely associated with fire
suppression access and human presence, both of which influence ignition risk [1]. The
road network was converted into regularly spaced points (every 10 m) and rasterised
at 30 m resolution, with each cell representing road density values. This continuous
variable serves as a proxy for spatial accessibility: lower values correspond to remote
or difficult to access areas, while higher values indicate easier access and greater
human presence. Because historical road data are limited, we used a single road layer
(https://centrodedescargas.cnig.es/CentroDescargas/redes-transporte, last accessed
on 1 January 2026) supported by evidence that rural and secondary road networks
in Spain have changed little in the past three decades [23]. For each burned area
perimeter, we extracted the mean road density value to ensure that the metric reflects
average accessibility conditions and is not biased by polygon size.

- Interfaces: Interfaces are spatial zones representing areas of contact or interaction
between forest or wildland vegetation and other land-use categories. They delineate
the proportion of the landscape where human activities or different land-cover types
meet flammable natural vegetation, creating conditions that may influence both the
likelihood of ignition and the behaviour of wildfires.

In this study, interfaces were derived from the SIOSE (https://centrodedescargas.
cnig.es/CentroDescargas/siose, last accessed on 1 January 2026) and Corine Land Cover
(https://centrodedescargas.cnig.es/CentroDescargas/corine-land-cover, last accessed on
1 January 2026) datasets for their corresponding years. A 250 m buffer was applied around
forest and wildland classes and overlapping areas with the corresponding land-use class
of interest (e.g., urban and agricultural) were identified. The 250 m buffer distance was
selected to capture the immediate spatial context surrounding for each class while main-
taining consistency with the spatial resolution of the burned area dataset (30 m). Similar
distances have been used in studies analysing wildland–urban interfaces, as they represent
the local zone where interactions between vegetation and anthropogenic land uses can
influence ignition probability and fire dynamics [24,25]. The resulting variables quantify
the total interface area (ha) within each burned area perimeter, representing the cumula-
tive area of contact that burned. Specifically, five interface variables were generated to
characterise different types of land-cover contact: the forest–agricultural interface (FAI),
wildland–urban interface (WUI), wildland–agricultural interface (WAI), wildland–forest
interface (WFI), and forest–urban Interface (FUI). This approach produces continuous vari-
ables, which improve the performance of RF models in representing gradients of human
presence, land-use interaction, and potential ignition pressure. In general, interfaces cap-
ture the spatial coupling between vegetation and human-related land covers, functioning
as indicators of socio-ecological processes.

- Rural areas (1985–1999 and 2000–2021): From 1985 to 1999, rural areas were de-
rived from the Global Human Settlement Population Layer (GHS: https://human-
settlement.emergency.copernicus.eu/ghs_pop.php, last accessed on 1 January 2026).
The 1985 layer was assigned to 1985–1989, the 1990 layer to 1990–1995, and the
1995 layer to 1995–1999, following the five-year structure of the dataset [26]. The
GHS dataset, developed by the Copernicus Emergency Management Service, provides
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globally consistent gridded estimates of residential population density by combining
census data with satellite-derived built-up area information. From 2000 to 2021 rural
areas were obtained using the WorldPop unconstrained population density dataset at
a 1 km spatial resolution (https://www.worldpop.org/, last accessed on 1 January
2026) [27]. WorldPop redistributes census counts using an RF-based dasymetric mod-
elling approach to generate high-precision gridded population estimates. For 2021,
the layer 2020 was used.

Following Law 45/2007 on Sustainable Rural Development, grid cells were classified
as rural when population density ranged between 1 and 100 inhabitants per km2, consistent
with the definition of rural municipalities <30,000 inhabitants and <100 inhabitants/km2 [28].
This method delineates sparsely populated areas based on actual population distribution
rather than administrative boundaries, thereby improving spatial accuracy. Urban areas
were assigned a value of zero—not to indicate absence of population, but to represent
absence of rural population specifically. For each burned area perimeter, rural population
values were summed across all intersecting pixels.

- Land-use change: Land-use change was derived from the Land Use, Land-Use
Change and Forestry (LULUCF) database: https://www.eea.europa.eu/en/analysis/
indicators/greenhouse-gas-emissions-from-land, (last accessed on 1 January 2026)
which spans 1970–2021 [29]. We extracted pixels representing land abandonment,
defined as land-cover transitions to wildlands or forests. Since LULUCF data are
organised in multi-year intervals, each burned area perimeter was assigned to the
interval containing its fire year to ensure temporal consistency. The total area of
land-use change within each burned area perimeter was then calculated.

- Grazing: To account for livestock pressure, we employed the 2015 global livestock-
density layer expressed in heads/km2 (https://www.fao.org/land-water/land/land-
governance/land-resources-planning-toolbox/category/details/en/c/1236449/, last
accessed on 1 January 2026). Although this dataset represents a single year, it provides a
suitable proxy for the entire study period given the lack of comparable high-resolution his-
torical spatial datasets. As highlighted by Serrano-Zulueta, Gómez-Sal [30], traditional
pastoral systems in Spain have undergone a sustained decline since the mid-20th
century, driven by rural depopulation, structural shifts in livestock production, and
policies favouring intensification. Similarly, Acebes, Iglesias-González [31] empha-
sise that grazing systems—particularly extensive and transhumant practices—are
currently facing collapse in many regions. Given this long-term downward trend,
using the 2015 livestock density layer likely represents an upper bound or stabilised
snapshot of grazing pressure, offering a conservative and consistent estimate across
the study period. For each burned area perimeter, we extracted the mean livestock
density value.

- Climatic variables: Climatic variables were obtained from gridded meteorological
datasets provided by the Spanish Meteorological Agency (AEMET) and other opera-
tional sources used in the Spanish meteorological drought monitoring system. This
system is based on quality-controlled station observation and spatial interpolation
at approximately 1.1 km resolution and provides long-term climatic information for
Spain (https://monitordesequia.csic.es/historico, last accessed on 1 January 2026) [32].
The variables used in this study were potential evapotranspiration (eto), relative hu-
midity (hr), incoming solar radiation (in_), precipitation (pr), dew point temperature
(td), maximum temperature (tmax), minimum temperature (tmin), vapour pressure
deficit (vpd), and wind speed (w). For each burned area perimeter, summer mean
values (June, July, and August) were calculated for each climatic variable.
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- Standardised Precipitation–Evapotranspiration Index (SPEI): To characterise summer
climatic wetness and dryness in the months preceding each fire event, we computed
the 3-month Standardised Precipitation–Evapotranspiration Index (SPEI-3). SPEI-3
was calculated for each fire perimeter using the climatic variables described above
(precipitation and reference evapotranspiration), following the standard formulation
based on the monthly climatic water balance and fitted to a log-logistic distribution
as proposed by Vicente-Serrano, Beguería [33]. For each fire perimeter and year from
1985 to 2021, we extracted the August SPEI-3 value, reflecting drought conditions
accumulated over June, July, and August—the main period of fuel drying in Mediter-
ranean climates. This metric captures seasonal moisture anomalies relevant to fire
occurrence and provides a standardised measure of short-term climatic dryness or
wetness prior to ignition.

- Normalised Difference Vegetation Index (NDVI): Seasonal vegetation conditions were
derived from the VIIB NDVI database, which provides biweekly observation at a
1.1 km resolution for Peninsular Spain from 1981 to the present [34]. For each burned
area perimeter, NDVI values were first extracted for all 1044 biweekly dates available
between July 1981 and December 2024 using area-weighted averaging, producing a
continuous NDVI time series representative of mean vegetation conditions within
each polygon. These biweekly values were then aggregated by calendar year to obtain
seasonal means for spring (MAM: March–May) and summer (JJA: June–August),
typically comprising six observations per season.

To account for interannual variability relative to historical norms, the resulting seasonal
NDVI series were standardised following procedures commonly used for indices such
as SPI and SPEI. For each perimeter and year, the variable included in the model was
ndvi_mam, capturing vegetation conditions during the key growing season preceding and
shaping summer fuel flammability.

Table 2. Biophysical and human explanatory variables.

Variable Source Temporal Extent Resolution

Population density 1985–1999 [26] 1985; 1990; 1995 1 km

Population density 2000–2021 [27,35] 2000–2020 1 km

Secondary Roads density [36] 2020–2025 Minimum mappable unit 5 m

Forest–agricultural interface (FAI) [37,38]
SIOSE: 2005, 2009, 2011, 2014.

CORINE: 1990, 2000, 2006,
2012, 2018

SIOSE: Minimum mappable
unit 1 ha

CORINE: Minimum
mappable unit 25 ha

Wildland–urban interface (WUI) [37,38]
SIOSE: 2005, 2009, 2011, 2014.

CORINE: 1990, 2000, 2006,
2012, 2018

SIOSE: Minimum mappable
unit 1 ha

CORINE: Minimum
mappable unit 25 ha

Wildland–agricultural interface (WAI) [37,38]
SIOSE: 2005, 2009, 2011, 2014.

CORINE: 1990, 2000, 2006,
2012, 2018

SIOSE: Minimum mappable
unit 1 ha

CORINE: Minimum
mappable unit 25 ha

Wildland–forest interface (WFI) [37,38]
SIOSE: 2005, 2009, 2011, 2014.

CORINE: 1990, 2000, 2006,
2012, 2018

SIOSE: Minimum mappable
unit 1 ha

CORINE: Minimum
mappable unit 25 ha
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Table 2. Cont.

Variable Source Temporal Extent Resolution

Forest–urban interface (FUI) [37,38]
SIOSE: 2005, 2009, 2011, 2014.

CORINE: 1990, 2000, 2006,
2012, 2018

SIOSE: Minimum mappable
unit 1 ha

CORINE: Minimum
mappable unit 25 ha

Rural areas 2000–2021 [27,35] 2000–2020 1 km

Rural areas 1985–1999 [26] 1985; 1990; 1995 1 km

Land change [29] 1985–2021 25 m

Grazing (goats, sheep and cattle /km2) [39] 2015 1 km

NDVI March, April, and May (MAM) [40] 1985–2021 1 km

Climatic variables Jun, July, and August
(JJA)

eto: evapotranspiration (potential)
hr: relative humidity

in_: incoming solar radiation
pr: precipitation

td: dew point temperature
tmax: maximum temperature
tmin: minimum temperature
vpd: vapor pressure deficit

w: wind speed

[32] 1985–2021 1 km

Spei 3_august and (Evapotranspiration
Standardised Precipitation)

computed as
in [33] using de
SPEI R package

1985–2021 1 km

A correlation matrix was then calculated for all predictor variables to determine
whether any were collinear and thus providing redundant information. The analysis re-
vealed clear patterns of association among climatic variables, given that related atmospheric
and environmental processes influence many of them. As a result, variables representing
different aspects of the climate system tended to vary together in a consistent manner.
Importantly, even if some variables were correlated, retaining them in the model was still
valuable for classifying wildfires causes, as each variable may capture unique aspects of en-
vironmental conditions and contribute to improving the model’s accuracy and robustness.

3. Results
3.1. Spatial Distribution and Proportion of Wildfires by Causes

Figure 2a (EGIF) and 2b (ESFire30) show that the proportion of fires attributed to natu-
ral causes and fire rekindling remains relatively stable throughout the study period. How-
ever, several notable differences emerge between the two datasets. In ESFire30 (Figure 2b),
the category of unknown causes dominates in nearly all years, followed by intentional and
negligence-related fires, which show moderate fluctuations over time. In contrast, EGIF
(Figure 2a) displays a lower proportion of unknown causes and a higher relative share of
intentional fires during most of the period. Negligence-related fires appear comparatively
more stable and less variable in EGIF than in ESFire30. Interannual variability is also more
pronounced in the ESFire30 series, particularly for the intentional and unknown categories,
whereas EGIF exhibits smoother year-to-year changes.

Figure 2c shows the distribution of fire causes in ESFire30 after the classification. The
proportion of the different cause categories become more similar to those observed in
EGIF. This is especially visible in 2020 and 2021. In these years, ESFire30 originally had a
very large share of fires recorded as “unknown”, mainly due to missing information. The
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classification led to a distribution of fire causes in ESFire30 that was closer to the baseline
established by EGIF.

Figure 2. Annual percentage of wildfires by cause from 1985 to 2021: (a) shows EGIF data, (b) shows
ESFire30 data, and (c) shows ESFire30 after classification.

The spatial distribution of wildfire causes reveals clear and contrasting patterns
across Peninsular Spain (Figure 3). The maps display the density of wildfires by cause
at a 30 m resolution, corresponding to the native resolution of the ESFire30 dataset
(Ochoa et al. 2026: under review). The delineated regions correspond to the pyro-regions
defined by Trigo, Sousa [41], who applied a cluster analysis to normalised burned area data
from 66 administrative units across mainland Spain to identify regions with similar fire
regimes. This analysis yielded four ecologically coherent clusters—northwest (NW), north
(N), southwest (SW), and east (E)—which reflect distinct patterns in topography, vegetation
cover and climatic conditions.

Human-caused wildfires (Figure 3a) are predominantly concentrated in the NW pyro-
region, particularly along the border with Portugal. A notable density is also observed in
the N pyro-region, with lower concentrations in the SW and E regions. In contrast, natural
cause wildfires are primarily located within the eastern pyro-region. Figure 3b shows that
wildfires of natural origin tend to cluster in the E region. Figure 3c displays wildfires of

https://doi.org/10.3390/fire9040138

https://doi.org/10.3390/fire9040138


Fire 2026, 9, 138 12 of 20

unknown cause, which are widely distributed across the territory, with particularly high
densities in the NW and N pyro-regions and smaller clusters in the SW and E regions.

Given the high proportion of wildfires with unidentified causes, we completed the
attribution of causes using the RF model that was previously described, inferring the most
likely causes of each fire perimeter from the auxiliary variables of the model.

Figure 3. Wildfire causes from 1985 to 2021 as presented by ESFire30.

3.2. Model Performance

The performance metrics of the RF estimations (Figure 4) summarises the classification
results across the four fire cause categories. The confusion matrix shows that the intentional
class has the highest number of correctly predicted cases, with relatively few misclassifica-
tions. In contrast, the negligence and lightning classes exhibit greater dispersion, with a
noticeable number of instances misclassified as intentional. The fire rekindling category
contains very few observations overall and shows substantial overlap with other categories,
indicating limited correct identification.

Figure 4. Confusion matrix and performance parameters per class.

The intentional class achieves the highest values across all metrics, with a preci-
sion of 0.91, recall of 0.89 and F1-score of 0.90. Negligence shows consistent values
(precision = 0.57, recall = 0.65, and F1-score = 0.61), while lightning records lower but
still consistent values (precision = 0.49, recall = 0.39, and F1-score = 0.43). Fire rekindling
presents very low precision (0.15) and recall (0.03), resulting in a minimal F1-score (0.05).
Overall, the model achieves a global accuracy and F1-score of 0.82, indicating strong general
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predictive performance. However, performance varies notably among classes, with the
model showing great difficulty in identifying minority classes despite the application of
class balancing techniques.

3.3. Variable Importance

Based on the SHAP analysis, distinct environmental and anthropogenic patterns were
identified for each fire cause (Figure 5). High evapotranspiration, high precipitation, and
large burned areas, combined with low NDVI, low population density, and low grazing
activity, characterised lightning-caused fires. These fires were also associated with medium
maximum temperatures, medium wind speeds, a strong presence of the WFI, greater
distances to roads, and minimal land-use change.

Figure 5. SHAP summary plots showing the importance and effect of predictor variables for each
ignition cause. The colour of each dot represents the feature value and its position along the row
represents the SHAP value for a given feature and instance. Positive values (right of the centred line)
indicate a higher probability of belonging to a specific class, while negative values (left of the centred
line) indicate a lower probability of belonging to a specific class.

Negligence-related fires exhibited a markedly different profile, with high wind speeds,
high evapotranspiration, high maximum temperatures, and high SPEI values, coupled with
low precipitation, low rural population, and low population density. These events showed
high NDVI and grazing values, greater distances to roads, and were linked to high WAI
and FAI, but low land-use change.

Intentional fires contrasted sharply with negligence-related ones. They occurred
under low evapotranspiration, low wind speeds, and low maximum temperatures, yet in
areas with high population density and high NDVI. These fires were associated with high
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precipitation and large burned areas, high FAI, low WAI, and high land-change values, but
with low rural population, high grazing activity, and high SPEI.

Finally, fire rekindling events were characterised by high rural population and high
grazing activity, but low precipitation, low wind speeds, low evapotranspiration, and low
SPEI. These events generally occurred in areas with medium NDVI, low population density,
and low values across all interface and land-change metrics.

Overall, the most notable contrast emerged between intentional and negligence-related
fires: while both are linked to human-related factors, negligence fires occurred under
hotter, drier, and windier conditions with high evapotranspiration and high SPEI, whereas
intentional fires were associated with cooler, wetter environments and denser populations.
This distinction highlights different underlying mechanisms and contextual drivers behind
these two anthropogenic fire causes.

An additional observation concerns the role of the burned area across causes. Light-
ning and intentional fires were associated with large burned areas, indicating that these
causes tend to result in more extensive events. In contrast, negligence and fire rekindling
showed comparatively low burned area values.

3.4. SHAP’s Local Variable Importance

In the eastern regions, lighting-caused fires were primarily influenced by spring
NDVI, precipitation, and population density (Figure 6a). The southwestern region showed
a similar pattern, with NDVI and precipitation emerging as the dominant predictors,
indicating that vegetation greenness and moisture availability are key drivers of natural fire
occurrence in this area. In contrast, the N and the NW regions exhibited a more complex
structure; NDVI, precipitation, and population density remained important, but additional
variables—such as wind speed and maximum temperature—also contributed meaningfully
to the predictions. This suggests that a broader combination of environmental factors
governs lightning-caused fire occurrence in these regions.

The analysis of intentional fire causes (Figure 6b) across different regions revealed
distinct patterns of influence. In the N and NW regions, intentional fires were primarily
associated with evapotranspiration, population density, and wind speed, with additional
but smaller contributions from land-use variables (interfaces, grazing and land-use change),
NDVI and rural population. In the E region, evapotranspiration, population density, land-
use factors, and precipitation emerged as the most relevant predictors. In the SW region,
evapotranspiration and wind speed were the dominant factors, while population density,
land-use variables, and burned area also showed secondary but notable contributions.

Negligence-related fires (Figure 6c) exhibited region-specific patterns of influence. In
the central area, where the NW, N, and SW regions intersect, these fires were primarily
associated with population density, land-use variables, rural population, and climatic
factors. In contrast, across the broader NW, SW, N and eastern regions, evapotranspiration,
wind speed and spring NDVI were the most influential variables, emphasising the role of
environmental and vegetation conditions in shaping fire occurrence in these areas.

The regional aggregation of SHAP contributions (Figure 6d) reveals that evapotranspi-
ration and wind speed emerge as the dominant predictors across the study area, reflecting
their overarching control on fuel moisture and atmospheric conditions. However, notable
regional distinctions persist: in the N, NW, and SW regions, population density contributes
substantially to the model’s output, whereas in the E region precipitation accounts for the
largest number of instances. Importantly, this aggregated representation is strongly shaped
by the predominance of intentional fire records in the dataset, which drives much of the
overall signal.
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Figure 6. SHAP’s local importance for each fire cause category: (a) natural, (b) negligence, and
(c) intentional. Panel (d) shows the regional aggregated SHAP contribution.

4. Discussion
In this study, we developed a spatially harmonised wildfire database for mainland

Spain by integrating ignition records from EGIF with fire perimeters provided by ESFire30,
enabling a more consistent attribution of fire causes and a clearer assessment of their spatial
distribution. Using this consolidated dataset, we applied an RF classifier to infer the origin
of fires lacking an identified cause and to evaluate the environmental and anthropogenic
factors most strongly associated with each ignition type. Finally, we employed SHAP-based
explainability techniques at both global and local scales to disentangle the differing mecha-
nisms underpinning fire causes, thereby providing an analytical and spatial framework
that enhances our understanding of wildfire ignition patterns across the region.

A key methodological distinction concerns how the potential ignition locations of EGIF
fires are defined. Previous spatialisation approaches [16] refined ignition areas by intersect-
ing the sheet and grid system within municipal boundaries and forested perimeters, which
was appropriate for studies focused specifically on forest-related fire dynamics. In our case,
however, representing all fire occurrences is essential, as the complementary dataset used
(ESFire30) does not distinguish fires by land-use category. For this reason, our spatialisation
procedure avoids restricting ignition locations solely to forested areas and instead retains
the full spectrum of burnable environments recorded in EGIF, including those classified
as “Other land covers”. By masking only clearly non-burnable surfaces—such as urban
areas, water bodies, and a surrounding buffer—we ensure that the spatialised EGIF dataset
remains compatible with ESFire30 and captures the complete set of fire events relevant to
our analysis.

Despite applying SMOTE to balance the training data, the model still learned the
dominant classes more effectively, reflecting the underlying class structure resulting from
our spatialisation and integration procedures. This is evident in the performance metrics,
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where minority categories, such as lightning-caused fires and fire rekindling, show notably
lower predictive accuracy. Moreover, the underlying class imbalance can bias the SHAP
analysis, as the model assigns stronger explanatory weight to features associated with
dominant classes, potentially underrepresenting factors relevant to minor categories. Com-
pared to Bountzouklis, Fox [2]—where lightning ignitions exhibit the highest classification
performance—the contrast is striking. In that study, lightning-caused fires were easier to
identify and showed very low confusion with other categories, largely because natural
ignitions follow a distinct profile that is well captured by reliable field observations. Our
results therefore highlight the importance of using input data with higher certainty and
better-defined causal labels. Accurate and well-documented field information is essential
for training robust models capable of recognising ignition causes effectively, particularly
for classes that are naturally less frequent in national datasets. It is worth noting that some
categories, such as “unknown” or rekindled fires, are inherently less reliable due to report-
ing limitations, which can influence both classification performance and interpretability
analyses. These uncertainties in label assignment mean that the model’s predictions and
the subsequent SHAP- based interpretations may be more reliable for well-documented
classes than for those with higher reporting uncertainty. Despite these uncertainties, we
see that the overall performance of our model is high and even exceeds that reported by
Bountzouklis, Fox [2].

For wildfire risk prevention, predicting human-caused fires is challenging due to the
complexity of social behaviour, yet research consistently identifies a set of robust predictors
that shape their spatial patterns [1]. Accessibility and human presence are among the
strongest drivers: proximity to roads, railways, forest tracks, and human–vegetation inter-
faces (FAI, WUI, and WAI) reliably increases ignition likelihood. Socio-economic conditions
such as population density, rural abandonment, unemployment, and ageing population
also modulate fire occurrence by shaping how people use and move through the landscape.
Climate acts as an enabling factor, with drought and dry weather conditions amplifying the
probability that human activities result in ignitions [3,11]. Together, these factors highlight
a complex interplay between people, land-use, and environmental conditions, providing
essential context for interpreting the patterns observed in our own results.

Building on these established drivers, our SHAP analysis reveals clear differences in
the conditions under which the main anthropogenic fire causes arise. Fires attributed to
negligence align closely with the combination of enabling factors described in the literature:
dry and windy weather, high evapotranspiration, and agricultural activity near flammable
vegetation. These conditions suggest that only a minimal ignition source is needed for a
fire to start and spread. Intentional fires, by contrast, tend to occur under cooler and wetter
environmental conditions, indicating that they do not rely on favourable fire weather but
are instead initiated independently of climatic triggers. This divergence in climatic context
provides a meaningful temporal dimension for interpreting fire causes and aligns with
the idea that human-caused ignitions respond differently to environmental constraints.
A further distinction is reflected in burned area patterns: intentional fires are more often
associated with larger fire events, whereas negligence-related fires tend to remain smaller.
Hantson, Andela [42] suggests that human-caused ignitions can generate more extreme
fire behaviour when they coincide—either unintentionally or deliberately—with periods
of heightened fire weather conditions, allowing fires to scape initial suppression efforts.
While the analysis by Hantson, Andela [42] treated all human ignitions as a single category,
our results provide a more nuanced perspective by showing that intentional and negligent
ignitions are associated with different climatic contexts and consequently lead to distinct
fire outcomes.
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Previous research has shown that lightning-caused fires tend to occur in remote areas
with limited human presence, where suppression is less immediate, and their occurrence
is strongly modulated by weather conditions [2,11,43,44]. Conditions such as moderate
fuel moisture, intermediate productivity, and topographic features that influence storm
development are known to shape the spatial patterns of these events. In line with this
understanding, our results indicate that lightning-caused fires are associated with land-
scapes of low human density and limited infrastructure, occurring predominantly in areas
influenced by WFI and under intermediate wind speed and evapotranspiration conditions.
These fires also tend to be linked to larger burned areas, although the contribution of this
variable to the model prediction is comparatively modest, suggesting that, while lightning
ignitions may grow large, their spatial signature is shaped more by biophysical context
than by fire size itself. Overall, the patterns captured by our model align with the broader
characterisation of lightning-driven fire regimes: ignition emerging in sparsely populated,
fuel-rich environments where atmospheric conditions are sufficient—but not necessarily
extreme—to enable fire ignitions and spread.

While Bountzouklis, Fox [2] used ignition point coordinates as predictors to estimate
overall variable importance, our analysis advances this approach by computing importance
values at the observation level. This enables spatial mapping and reveals how the relevance
of specific predictors varies across the study area when distinguishing among different fire
types. Our results indicate that human-caused fires are concentrated primarily in the NW
region, fires of natural origin occur more frequently in the E region, and fires of unknown
cause are distributed across multiple regions, with a notable density in the NW—an area
that also exhibits the highest overall fire incidence.

Local importance analyses further allow us to assess whether the model’s predictive
behaviour is spatially consistent with these patterns and provide insight into whether
particular drivers exert stronger influence in some regions than in others. Despite its advan-
tages, local interpretability analysis has seen limited application in wildfire cause modelling
studies. Ochoa, Bar-Massada [11], who conducted a comparable analysis at the European
scale, reported that climatic variables play a substantial role in shaping fire occurrence
patterns in the Mediterranean. As shown in Figure 6d, the aggregated representation is
strongly shaped by the predominance of intentional fire records in the dataset, which drives
much of the overall signal. Consequently, finer spatial nuances characterising individual
fire cause categories become partially obscured when observations are pooled at the re-
gional scale, blurring the distinct environmental and socio-ecological mechanisms that
operate within each fire cause. This illustrates the need for disaggregated or cause-specific
analyses to fully resolve the spatial variability underpinning fire occurrence.

Interpreting causality patterns across datasets requires careful consideration of the
methodological choices and data limitations that shape fire statistics. Differences observed
between ESFire30 and EGIF become more evident once fire causes from EGIF are transferred
to the ESFire30 dataset. Several methodological and data-related factors may explain these
discrepancies. First, ESFire30 consistently reports a higher total number of fires than EGIF
(Ochoa et al., 2026: under review), which inevitably results in a larger proportional of events
classified as unknown. Second, EGIF shows a marked decline in data availability after 2016,
potentially affecting the relative distribution of causes in recent years. Finally, the majority-
based approach used to assign causes to the fire perimeters tends to emphasise dominant
categories—most notably intentional and unknown—while reducing the representation of
less frequent causes such as negligence or natural ignitions.

Overall, our findings demonstrate the importance of integrating detailed causal infor-
mation, robust spatialisation procedures, and local interpretability tools to better under-
stand the mechanisms driving different types of fire ignitions. By aligning model outputs

https://doi.org/10.3390/fire9040138

https://doi.org/10.3390/fire9040138


Fire 2026, 9, 138 18 of 20

with well-established fire drivers and highlighting areas where uncertainties or data limi-
tations persist, this work contributes to a more refined characterisation of fire causation
across Peninsular Spain. The combination of global and local interpretability provides a
more complete view of how climatic and human factors interact spatially to shape fire
patterns. Together these methodological steps improve our ability to distinguish among
ignition causes and provide a robust, spatially explicit basis for developing evidence-based
fire risk management approaches.

5. Conclusions
This study demonstrates that integrating ignition information from EGIF with satellite-

derived fire perimeters from ESFire30, combined with machine learning classification,
provides an effective approach for exploring wildfire ignition causes in Peninsular Spain.

Although the approach involves several sources of uncertainty—especially for minor-
ity classes and years with limited data—the model produces spatial and environmental
patterns that are consistent with the patterns shown in the EGIF. The use of SHAP values,
both globally and locally, provides additional context for interpreting how different drivers
relate to each ignition type, while also highlighting areas where data limitations remain
important. Overall, the framework presented here is not intended to deliver causal expla-
nations; rather, it provides a structure and spatially explicit way to integrate heterogeneous
wildfire information and reduce uncertainties associated with fire cause attribution. By
aligning the ESFire30 dataset with the EGIF reference distribution, improving the represen-
tation of previously unknown causes, and linking fire occurrences to distinct environmental
and anthropogenic drivers, this approach reveals consistent regional patterns and contrasts
between fire cause types—particularly between intentional and negligence-related fires,
and between human and natural ignitions. The spatial and regional SHAP analyses further
highlight how the relative importance of climatic, vegetation, and socio-territorial variables
shifts across pyro-regions, while also showing the dominant influence of evapotranspira-
tion and wind speed at the broader scale. In this way, the framework helps organise and
interpret complex fire cause dynamics, contributing to a more coherent understanding
of wildfire drivers in mainland Spain, and supporting a more targeted prevention and
management planning.

In addition, this study builds upon and improves the ESFire30 dataset by integrating
all relevant environmental and socio-economic attributes discussed in this paper, including
land-use, road, grazing, and interface data. The dataset, available as shp (SHP), now
links detailed burned area perimeters with these explanatory variables, enabling a more
comprehensive analysis of fire patterns and causes. This enhanced dataset provides a
valuable resource for developing robust models to identify predominant fire causes and
supporting future research on fire dynamics and risk assessment in the region.
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