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Backgroundforest fires are becoming more frequent and destructive under climate
change, threatening ecosystems and society. Existing machine learning approaches for
modelling forest fire ignition vulnerability often lack the spatial resolution needed for
local-scale estimation, rely on limited proxies for anthropogenic ignition pressure, and
provide only limited insight into how ignition drivers and their importance vary across
local conditions, which limits their usefulness for developing locally meaningful  fire
danger models.

Results:We developed a machine learning framework for anthropogenic forest

fire ignition vulnerability in Austria using 1,569 documented fire events from 2012 to



2021 and an equal number of generated non-fire samples. The model integrates high-
resolution environmental, socioeconomic, infrastructure-related, and human movement
variables to estimate probabilistic vulnerability scores at spatially resolved point loca-
tions across Austria. A web based tool visualizes these predictions on a 50 by 50 meter
grid with adaptive aggregation at lower zoom levels. CatBoost and Random Forest
achieved a precision of 80.7% and an accuracy of 77.9%, exceeding earlier Austrian
studies with accuracies of around 60%. Both models produced highly consistent spa-
tial patterns and identified fire prone areas especially in eastern and southern Austria.
Explainable Al analyses showed positive effects of running frequency, building density,
and Fine Fuel Moisture Code, while slope showed a negative effect,thereby making
local ignition drivers and their spatial relevance transparent.

Conclusions:The proposed framework enables high-resolution mapping  of
anthropogenic forest fire ignition vulnerability and Explainable Artificial Intelligence
(XAl)-driven multi-criteria evaluation,  while revealing the relative influence of envi-
ronmental and anthropogenic drivers. The introduced models identify historically
fire-prone zones in Austria at both local and regional scales and indicate that anthro-
pogenic factors, together with established environmental conditions, are key drivers
of ignition vulnerability. More broadly, the methodological approach and findings
illustrate how interpretable and explainable machine learning can help assess which
variables are relevant under different local conditions, thereby supporting targeted
mitigation and adaptation planning as well as more context-aware model development.
Further work is needed to evaluate ignition danger under changing anthropogenic and

environmental pressures.



1 Background

In recent years, Austria has experienced an increased number of forest fires, attributed
to the effects of climate change (Henner and Kirchengast 2021). Rising global temper-
atures and prolonged droughts significantly influence both the likelihood of ignition
and the potential spread of wildfires (Xepapadeas et al. 2024). While environmental
factors provide the right environment for ignition danger (e.g.,  dry grass or forests),
they are rarely responsible for the actual ignition (Austrian Federal Ministry of Agri-
culture, Forestry, Regions and Water Management (BMLUK) 2023). Approximately
85% of forest fires in Austria are of anthropogenic origin (Austrian Federal Ministry

of Agriculture, Forestry, Regions and Water Management (BMLUK) 2023), which is
consistent with observations across Europe, where more than 95% of forest fires are
human-caused (Union Civil Protection Knowledge Network (European Commission)
2023; Birot 2009; Vasilakos et al. 2009). This complex interaction between environmen-
tal preconditions and anthropogenic intervention makes fire vulnerability modelling

a complex task and necessitates multi-criteria frameworks for accurate assessment
(Oliveira et al. 2021; Scott et al. 2013; Ochoa et al. 2024).

Machine learning emerged as a prominent. tool for modelling the relationship
between ignition factors and actual fire danger while outperforming statistical evalu-
ations (Jain et al. 2020; Mohajane et al. 2021; Chicas and @stergaard Nielsen 2022;
Shmuel and Heifetz 2022; Ejaz and Choudhury 2025). As the drivers of ignitions are
changing depending on the geographical regions or the time of the year, suscepti-
bility maps and ignition models often fail  to identify local and dynamic drivers of
ignition danger (Chicas and Jstergaard Nielsen 2022; Tang et al. 2022; Wang et al.
2023). Currently, studies are either using black-box models (e.g., CNN, ANN), sim-
ple interpretable models that directly show model weights (e.g., linear regression), or
generalised summary statistics of models (e.g., explained variance)(Jain et al. 2020;

Abid 2021; Arif et al. 2021; Alkhatib et al. 2023; Tjoa and Guan 2021; Hassija et al.
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Fig. 1: Workflow for modelling anthropogenic forest  fire ignition vulnerability in
Austria. Feature compilation aggregates multi-scale predictors from three feature cat-
egories: environmental factors, infrastructure-related factors, and human-movement
factors. Micro-grid predictors (infrastructure and human movement) are extracted
within a 500 m neighbourhood around each sample location. Probabilistic classifiers
(Random Forest and CatBoost) are trained to distinguish fire versus no-fire loca-
tions. Predicted class probabilities are interpreted as relative ignition vulnerability
scores, similar to likelihoods. The modelling results are then analysed with explainable
Al methods, including model-intrinsic and permutation feature importance as well

as SHAP, partial dependence (PDP), and individual conditional expectation (ICE)
analyses,to quantify and visualise how feature categories influence the vulnerability
estimates.

2024). Most of these approaches overlook the inherent complexity of ignition factors,
which vary considerably across both space and time (Chicas and @stergaard Nielsen
2022; Tang et al. 2022; Wang et al. 2023). Several publications have made advances to
include the spatio-temporal aspect, such as hierarchical Bayesian point-process models
that represent fire occurrence as a space—time stochastic process with latent Gaussian
random fields (e.g., Mat’ern/SPDE) to account for spatial autocorrelation and seasonal
structure (Opitz et al. 2020; Verdoy 2020). Recent extensions jointly model ignition
intensity and fire size within unified spatio-temporal  frameworks, enabling inference
under spatial dependence and interannual variability (Koh et al. 2023). However, these
approaches remain primarily model-based and are not designed to capture complex,

high-dimensional non-linear interactions in a scalable machine learning setting. Despite



some advances in fine-resolution fire danger modelling (Horn et al. 2025), most exist-
ing approaches still operate at relatively coarse spatial scales (Salehi et al. 2016; Bakke
et al. 2023; Talukdar et al. 2024; Di Giuseppe et al. 2025; Shmuel and Heifetz 2022;
Ejaz and Choudhury 2025) or with limited precision to identify fire danger hot-spots,
including applications for Austria (Arndt et al. 2013; M™ uller et al. 2020).

This makes it challenging for stakeholders and practitioners to apply the knowledge
of forest fire prediction models to local mitigation and adaptation strategies (Carvalho
et al. 2019; Jain et al. 2020; Oliveira et al. 2021; Calkin et al. 2011). In wildfire vulner-
ability assessment,this need is particularly pronounced because mitigation decisions
often involve trade-offs between environmental protection, human safety, and eco-
nomic considerations (Scott et al. 2013; Calkin et al. 2011). While Kuhn and Johnson
(2013) note the trade-off between performance and interpretability, recent advances
in Explainable Al (XAl) make it possible to balance both (Lundberg and Lee 2017;
Ribeiro et al. 2016; Ali et al. 2023).

Inthis work, we present an XAl approach for the multi-criteria evaluation
of forest fire ignition danger in Austria to uncover - the relative importance and
interactions of environmental, climatic, and anthropogenic features. This approach
enhances transparency, allows decision-makers to prioritise interventions, and enables
machine learning practitioners to optimise further modelling tasks based on empir-
ical understanding of locally different vulnerability drivers.  We integrate a variety
of anthropogenic proxies for human presence in forest areas as one component of a
broader, high-resolution vulnerability landscape. By combining aggregated danger fac-
tors with spatially fine-grained data (50x50m grid), we compare regression models that
predict the local ignition danger, provide a vulnerability score between 0 and 1, and
identify the most contributing factors for the respective ignition danger.  The overall
workflow is depicted in Figure 1.

Overall, this study provides the following contributions:



1. National scale ignition danger model with location-specific predictions, displayed
at 50 * 50 m resolution to enable localised prevention efforts and context-sensitive
assessment of spatial modelling requirements.

2. XAl-based framework using SHAP, PDP, and ICE to reveal local key drivers of
ignition danger and to evaluate whether model  behaviour aligns with expected
environmental and anthropogenic system dependencies.

3. Multi-criteria modelling combining diverse anthropogenic and environmental fac-
tors for an increased accuracy in vulnerability assessment.

4. Probabilistic ignition danger scores supporting fine-grained identification of high-

and low-danger areas.

2 Methods

In this study, we propose an XAl framework for assessing forest fire ignition danger in
Austria, with high predictive accuracy and spatial resolution. We built our approach
on a decade (2012-2021) of historical forest fire data, utilising documented fire events
alongside an equal number of randomly generated non-fire locations within forested
areas. Although the training based on the available data was a binary classification
problem (fire/no fire), the study utilizes the prediction of probabilities (regression mod-
elling) instead of binary outcomes. This approach yielded a continuous vulnerability
score (0 to 1) that offered two key advantages over a simple class prediction. First, it
provided a more nuanced assessment of danger intensity across locations, and second,
it enabled a deeper understanding of how various factors contributed incrementally to
fire probability.

Each sample represents a spatial location in forested areas. We label Y =1 for
locations associated with a documented anthropogenic ignition during the observa-
tion period (2012-2021) and Y = 0 for randomly generated non-fire locations (no

documented ignition in 2012-2021, subject to the sampling constraints  described



below). The model output P(%.Y) therefore represents a conditional class probability
P(Y =1 | X(%Y)) under this case—control study design and time window. Values
close to 1 should be interpreted as highest model-estimated susceptibility (highest
confidence forY = 1 under the study design), not as certainty that a fire will occur.

We integrated human movement patterns, derived from running and biking activ-
ities, with environmental and socio-economic features to identify high-danger areas.
The human movement data was a direct measure of human presence in forested areas,
instead of relying solely on proxies such as road or building density. Incorporating these
movement patterns at a micro-grid level (50 x 50m resolution) and weighting them by
proximity to each data point enabled us to capture more refined spatial relationships
between human activity and fire ignition danger.

We employed a methodology that integrated two machine learning algorithms
(Random Forest and CatBoost) to leverage their complementary strengths in han-
dling complex ecological relationships. We trained the models to distinguish between
areas that experienced fires during the 10-year period and areas that remained fire-
free, teaching them to recognise patterns in the feature data that correlated with fire
occurrence.

Furthermore, we addressed the interpretability challenges often linked to complex
machine learning models by implementing a range of complementary explainability
techniques.These techniques facilitated the identification of the specific factors that
contributed to danger predictions at both local and regional scale, thereby unpacking
the black box of the models. This approach ensured that the insights from our mod-
els were both useful and actionable, particularly for identifying contributing factors.
Consequently, they represented a valuable asset for forest management authorities and
emergency response planners.

The following subsections detail each component of our methodology, beginning

with our data collection approach and feature engineering process.



2.1 Data collection

As of 2023, the Austrian forest report states that 47.9 % of Austria’s national territory

is covered by forests, which corresponds to a total

forest area of slightly more than

four million hectares (Federal Ministry of Agriculture and Forestry, Regions and Water

Management 2023). Given the substantial

coverage of forests — and the increasing

threat of ignition events caused by human activity — reliable vulnerability modelling

requires representative and geographically diverse data.

Features Category Level Type Resolution Source
Slope Environment Coordinate 10 m Grid Width Geoland.at (dgm 2021)
Vegetation Environment Municipality ~ Municipality BOKU

FFMC Mean Environment Municipality ~ Municipality BOKU
Exposition Infrastructure Municipality Municipality BOKU
Socioeconomic Infrastructure Municipality ~ Municipality BOKU
Buildings Infrastructure Micro Grid 100 m Grid Width  BMLFUW
Households Infrastructure Micro Grid 100 m Grid Width  BMLFUW
FOW Infrastructure Coordinate Coordinate BMI

FRC Infrastructure Coordinate Coordinate BMI
EDGECAT Infrastructure Coordinate Coordinate BMI

Running Freq. Human Movement  Micro Grid 50 m Grid Width Open Source
Biking Freq. Human Movement  Micro Grid 50 m Grid Width Open Source

Table 1 Summary of feature subcategories used in the models.

To this end, we used a decade of historical forest fire incidents from Austria,

alongside various features (Table 1) such as slope, FFMC Mean, vegetation, and

socio-economic indicators, obtained from the University of Natural Resources and Life
Sciences in Vienna (BOKU),

the Austrian Federal Ministry of the Interior (BMI)



and the Austrian Federal Ministry of Agriculture and Forestry, Regions and Water
Management (BMLFUW).

The data contained 1,569 anthropogenic forest  fire events recorded from 2012
to 2021. We generated an equal amount of no-fire data points using 0GIS 3.34
Prizren (QGIS Development Team 2024) within forested areas, with each non-fire
point located at least 1,000 metres from the nearest fire to prevent overlap. The

distribution of the fire and the generated no-fire locations is shown in Figure 2.

@ fire
® no fire

Fig. 2: Map visualising Austrian forest areas (green), forest fire locations (orange)
and generated no-fire data points (purple).

Anthropogenic ignitions are infrequent in Austria, given the number of forest pix-
els in the country.  Training directly on the full population of forest pixels would
yield an imbalanced learning problem, causing models to prioritise the majority class.
This would limit their ability to learn discriminative ignition patterns and support
explainability analyses. In accordance with prevailing practices in the field of ignition
susceptibility modelling, and with the objective of ensuring the comparability of our
study with the extant literature, we employed a case-control design, with a balanced
number of fire and non-fire samples (Arndtetal. 2013; Gelabert et al. 2025; Peng

et al. 2023). This design facilitates the acquisition of relative susceptibility patterns



and driver attribution. However, it is important to note that the raw 0-1 outputs are
not inherently calibrated to absolute real-world prevalence.

In total, a sum of 169 variables has been used for ignition danger prediction. As
many of these variables have similar expressions (e.g., road classifications such as state
road, connecting road, internal access road), we assign the features to two categories

and their subsequent subcategories. We described each category in detail below.

2.1.1 Environment features

Slope, Vegetation, and FFMC Mean were the three environmental features that we
included in our models. We retrieved Slope on coordinate level from a Digital Ter-
rain Model (DTM) of Austria based on airborne laser scanning and the other two
features were available on municipality level. Vegetation constitutes a classification of
the vegetation in the respective municipality. We dummy encoded it for our models.
The FFMC Mean is a numerical value that serves as a proxy for the moisture content
of small materials like leaves or twigs on the forest ground, indicating how easily they

can catch fire and how quickly they would burn (Wagner 1987).

2.1.2 Anthropogenic features

Exposition, Socioeconomic,Buildings, Households,Form of Way [FOW], Functional
Road Class [FRC], and Road Category [EDGECAT] are the infrastructure-related
feature categories we used in our models. Exposition is a numerical value representing
the exposure of the forest to residential areas and infrastructure. Socioeconomic is a
numerical value expressing the socioeconomic influences such as population density
or the road network. Buildings consists of ten features representing different building
categories that describe the building structure on a 100 x 100 m micro grid basis

for Austria. Households denotes the number of private households based on a 100
x 100 m micro grid for Austria.  The features FRC, FOW and EDGECAT describe

the functional road class, the form of way and the road category respectively. These



three features hold many different categories, therefore we dummy encoded them. The
Running Frequency and Biking Frequency features illustrate the level of activity in

the area based on human movement patterns of either running or biking (Figure 3).
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Fig. 3: Heatmaps for running (A) and biking (B) activity intensity in Austria. Point
locations are longitude/latitude in decimal degrees (EPSG:4326) and were projected
to ETRS89 / Austria Lambert (EPSG:3416) for mapping. Values were aggregated into
hexagonalbins (gridsize = 300) using the sum of the per-point frequency values. To
improve readability, the aggregated bin values were transformed using log(1 + x) and
then rescaled to a unitless relative activity index from 0 to 250, where 250 corresponds
to the maximum intensity observed across both panels.  National border shown as
outline.



Some infrastructure and human movement features were available on a micro-grid
rather than at the coordinate level. Therefore, we inspected a 500 m radius around
each data point to retrieve these feature values. Where we found movement or infras-
tructure, we weighted its value according to its distance from the data point. We chose
1 as the weight if the distance was 100 m or less, and 100distance otherwise. Finally,

we aggregated all resulting values per feature for each data point.

2.2 Machine learning models

We implemented two machine learning classification models for the purpose of esti-
mating the vulnerability of anthropogenic forest fire ignition.  We utilised a Random
Forest and CatBoost Regressor. We selected both models based on their ability to
manage non-linear relationships and intricate feature interactions. There is also a wide
range of applications where CatBoost has been used as a predictive tool and to unravel
intricacies between individual factors influencing complex systems, like grassland and
forest nitrogen supplies (Lambropoulos et al. 2025; Raubitzek et al. 2025), agricultural
applications in general (Mallinger et al. 2024), and even software comeplexity analy-
sis (K"onig et al. 2025). Similarly, Random Forest has been widely used as a predictive
tool across application domains and provides established mechanisms (e.g., ensemble
structure and variable importance measures) to study non-linear effects and feature
interactions in complex systems (Breiman 2001; Liaw and Wiener 2002; Strobl et al.
2007).

We fitted the classifiers to predict probability estimates representing forest fire
vulnerability. This approach yielded a continuous value ranging from 0 to 1, which is
indicative of the intensity of the fire danger. We provide a concise description of each
model below.

Random Forest (RF) is an ensemble learning method that fits multiple decision tree

classifiers on different sub-samples of the dataset during training and averages their



outputs to improve the predictive accuracy and avoid over-fitting (Ho 1995; Breiman
2001).
Categorical Boosting (CatBoost) is a gradient boosting algorithm optimised for

categorical data (Dorogush et al. 2018; Prokhorenkova et al. 2018).

2.2.1 Training

For the Random Forest classifier, we implemented a hyperparameter tuning approach
that utilised Bayesian optimisation to efficiently navigate the parameter space and
identify promising combinations  informed by prior  evaluations. The parameters
that we tuned included the number of  trees (final: n_estimators=500), tree depth
(max depth=20), minimum samples for splits (min samples split=2) and leaf  nodes
(min samples_leaf=1), number of features considered for splits (max features="log2”),
and the splitting criterion (criterion="gini"). We executed the optimisation process
over 100 iterations, with the data being subjected to 5-fold cross-validation. For
CatBoost, we applied the default configuration without prior hyperparameter tun-

ing. Although hyperparameter tuning slightly improved accuracy, it also increased
overfitting and substantially lengthened runtimes. © Therefore, we used the default
hyperparameters for the final model.

To ensure the robustness of model performance, we used a 5-fold cross-validation
approach repeated across 100 different random seeds. In each run, we split the training
data into five subsets. ‘We trained the model on four subsets and validated on the
remaining one. We repeated this process five times per run, with each subset serving
once as the validation set. Additionally, we trained the model on the entire training
set and evaluated on the test set to assess generalisation performance.

Although the predictor set is relatively high-dimensional (169 variables) compared
to the training sample size, several safeguards reduce overfitting risk. First, many
predictors are correlated representations of similar constructs (e.g., road and building

classes),which lowers the effective degrees of freedom. Second, model training and



selection are based on repeated 5-fold cross-validation across 100 random seeds, with
final performance reported on an independent held-out test set. Third, Random Forest
further controls variance via bootstrap aggregation and feature subsampling at each
split, and CatBoost was kept at its default configuration because tuning increased

overfitting in preliminary tests.

2.3 Evaluation

A probability threshold of 0.5 was applied to convert predicted probabilities into binary
classes.In logistic regression and probabilistic classifiers, 0.5 represents the point of
equal posterior likelihood for both classes and is appropriate under balanced class
distributions and equal misclassification costs.In wildfire ignition modelling,  binary
presence absence frameworks commonly adopt this default cut off when no cost sen-
sitive calibration is specified (Peng etal.  2023; Arndt et al. 2013; Gelabert et al.
2025).

Because our dataset was constructed with comparable numbers of fire and non
fire samples, the use of 0.5 provides a symmetric and methodologically consistent
decision rule across models.No additional threshold optimisation was performed, as
the objective was comparative model evaluation instead of a application-specific risk
calibration. Consequently, we classified samples with predicted values greater or equal
than 0.5 as ‘fire’ and those below as 'no fire’.

Our evaluation focuses on thresholded precision, recall, and accuracy because
the study objective is comparative model assessment and interpretable driver anal-
ysis under a case-control design (presence/absence),rather than estimating absolute
population-wide ignition probabilities for all forest pixels. Precision and recall provide
complementary information on false alarms versus missed ignitions, while accuracy is
reported for comparability with earlier studies using similar presence-absence frame-

works. Although threshold-independent metrics such as AUC-PR can be informative



under strong class imbalance, their interpretation depends on the chosen base-rate cal-
ibration and operational decision context (e.g., acceptable false-alarm burden versus
missed-ignition risk). Accordingly, we report a single, explicit decision rule (0.5) for
reproducibility and comparability, and interpret the resulting 0-1 outputs primarily
as relative ignition vulnerability scores.

Accuracy is the ratio of correctly predicted instances to the total number of

instances:
True Positives + True Negatives

Accuracy =
y Total Instances

Precision is the ratio of true positive predictions to the total number of positive

predictions (both true and false positives):

True Positives
True Positives + False Positives

Precision =

Recall (or sensitivity), is the ratio of true positive predictions to the total ~ actual

positives:
True Positives

Recall =
eca True Positives + False Negatives

2.4 Susceptibility maps

We achieved the generation of susceptibility maps through random point popula-

tion of all forested areas in Austria, followed by calculating fire ignition vulnerability
scores at each point. We derived the scores from local environmental, socio-economic,
and human movement data. To obtain municipality-level susceptibility maps, we then
aggregated these point-based vulnerability scores by averaging allpredictions within
each municipality, which facilitates comparison between the two modelling approaches
and with prior work. In addition to municipality aggregation, we provide local-scale

outputs in the interactive map (Figure 5). Predictions are computed only for forested



areas. To manage the number of map-based evaluations and support interactive visual-
isation, we evaluated the model on a regular prediction lattice with a nominal spacing
of 50%50 m in the study area. Importantly, the trained model itself produces a fire
ignition vulnerability score for any location where predictor values can be derived.

The 50%50 m grid is used only to define the locations at which the model is evaluated

for mapping and comparison.

2.4.1 Explainable Al

We considered the following techniques for explaining the drivers of forest fire ignition

vulnerability within the applied machine learning models:

* SHapley Additive exPlanations [SHAP] explain an individual prediction by quanti-
fying the contribution of each feature to that prediction (Lundberg and Lee 2017).
SHAP values can be analysed for individual cases,offering detailed insights into
how each feature influences the predicted fire danger at specific locations. In addi-
tion, aggregating SHAP values across all test samples provides a global summary
of feature influence, indicating which predictors most strongly increase or decrease
the model’s ignition vulnerability score.

* Partial Dependence Plots [PDP] show the effect of a single feature on a model’s
predicted outcome, while averaging out the effects of the other features (Greenwell
et al. 2017). In the context of forest fire prediction, PDPs can illustrate how variables
such as human movement frequency, infrastructure exposure or vegetation type
influence the likelihood of fire occurrence.

* Individual Conditional Expectation [ICE] Plots are an extension of PDPs that show
how a feature influences the prediction for individual instances, highlighting varia-

tions of predictions across different feature values(Goldstein et al. 2015). ICE plots



can help identify how specific factors affect the fire vulnerability at individual loca-
tions, allowing us to observe variations and potential interactions that may not be

apparent in aggregated analyses.

Moreover, we analysed the feature importance in each model’s decision process.

Feature importance is calculated differently for the chosen models:

* Random Forest: Feature importance is computed based on the mean and standard
deviation of accumulation of the impurity decrease within each tree in the ensemble
(Pedregosa et al. 2011). For each feature, the decrease in impurity is accumulated
whenever a feature is used to split a node. This accumulated value is then normalised
across all features and we have a relative ranking of the features that contribute the
most to reducing uncertainty in the model’s predictions.

* CatBoost: Feature importance is calculated by measuring how much the model’s
predictions change on average when the value of a feature is changed (Dorogush
et al. 2018). The importance values are normalised so that their sum equals 100,

ensuring comparability.

In addition to model-intrinsic feature importance, we also computed permuta-
tion importance to obtain a model-independent estimate of each feature’s predictive
power. Permutation importance assesses the impact of each feature by measuring
the decrease in model performance when that feature’s values are randomly shuffled,
thereby breaking the association between the feature and the target variable (Fisher
et al. 2019). Features that result in larger performance drops are considered more influ-
ential. This approach facilitates consistent comparison across different model types and
mitigates biases associated with intrinsic importance metrics, such as overestimating

the relevance of high-cardinality features.



3 Results

3.1 Performance analysis

We analysed the performance of the two models on a 80%/20% train/test split, using

accuracy, precision, and recall (Table 2).

Model Accuracy Precision Recall
Random Forest 77.87% 80.70% 73.25%
CatBoost 76.91% 78.64% 73.89%

Table 2 Comparison of the performance metrics on the best model run for Random
Forest, and CatBoost respectively, on the test data.

We chose the best model runs in Table 2 based on accuracy. The average accuracy
within a 5-fold cross-validation setup is between 77-78%, rendering both models similar
in their ability to predict forest fires. Similarly, both models achieved comparable
results on the test set, with Random Forest performing slightly better in terms of
precision, and CatBoost showing a marginal advantage in recall. This indicates that
while Random Forest is more selective in labeling fire events, CatBoost captures a

slightly higher proportion of true fire cases.

Table 3 Number of samples used for model calibration (training) and validation
(held-out test).

Model Calibration / Training (n) Validation / Test (n)
Random Forest 2510 628
CatBoost 2510 628

Table 3 summarises the number of samples used for model calibration (n=2510)
and validation (n=628) for both algorithms.  In Table 4, the Random Forest model
shows fewer false positives (55 vs. 63) compared to CatBoost in Table 5, which corre-

sponds to a slightly higher precision (80.7% vs. 78.7%). This means Random Forest is



Table 4 Confusion matrix for the Random Forest Model  on the held-out test set

(n=628).
Predicted
Negative Positive
Negative 259 55
Actual  psitive 84 230

Table 5 Confusion matrix for the CatBoost Model on the held-out test set (n=628).

Predicted
Negative Positive
Negative 251 63
Actual  p sitive 82 232

more conservative in predicting fire events, making it advantageous in contexts where
unnecessary interventions are costly or disruptive. Conversely,CatBoost achieves a
marginally lower false negative rate (82 vs. 84), resulting in a slightly higher recall
(73.9% vs. 73.2%). This indicates that CatBoost is more effective at detecting actual
fire occurrences, which is crucial in scenarios where missing a potential fire risk would

have severe consequences.

3.2 Forest fire susceptibility maps

The susceptibility maps in Figure 4 illustrate the model-estimated vulnerability of
forest fire ignition aggregated at  the municipality level across Austria. Each grid
cell represents an aggregated ignition likelihood derived from point-based predictions
within forested areas only. The colour scale reflects predicted vulnerability probabil-
ities, ranging from low (0.0-0.2) to high (0.8-1.0), enabling the spatial identification
of fire-prone regions. Although the models are able to predict the risk on a point
basis, we showcase their behavior on a municipal level first, as this provides an easier
comparison with the current state-of-the-art and between the models in this study.
Furthermore, mapping the historical fire occurrences in the susceptibility map enables

the visual validation of the ignition danger models.



Both the Random Forest and CatBoost models exhibit highly consistent spatial
patterns in their susceptibility assessments. A substantial degree of overlap is observed,
particularly in municipalities located in the eastern and southern parts of Austria,
where both models indicate elevated fire ignition probabilities. These high-danger
zones frequently coincide with forested areas adjacent to settlements,  recreational
infrastructure, and transport corridors. These are regions where anthropogenic activity
is more likely to serve as an ignition source. This spatial agreement between models
suggests that the identified high-danger regions are robust to variations in model

architecture and learning strategy.
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Fig. 4 Forest fire susceptibility maps for Austria produced by CatBoost (A) and
Random Forest (B). Municipality polygons are shaded by binned model-predicted fire
ignition vulnerability (unitless, 0-1) in five classes (0-0.2, 0.2-0.4, 0.4-0.6, 0.6-0.8,
0.8-1.0), with darker tones indicating higher danger. Documented fire ignition point
locations are overlaid as orange markers for spatial comparison. Point coordinates are
in longitude/latitude (EPSG:4326) and were projected to ETRS89 / LAEA Europe
(EPSG:3035) for mapping. - The yellow dots represent the historic fires in Austria
between 2012-2021.

Although overall model agreement is strong, differences emerge in municipalities
with predicted probabilities near classification thresholds. These boundary cases, such
as regions with predicted ignition probabilities close to 0.6, may be assigned to different
danger classes depending on slight shifts in model output. This is particularly evident

in municipalities with intermediate values, = where aggregation effects or local data



variability may lead to minor classification discrepancies. Nevertheless, these variations
are limited and primarily affect areas near class cutoffs, and not typically the core
high- or low-danger regions.

A notable characteristic of both maps is the visible clustering of vulnerabilities in
areas with high human presence or activity, consistent with the broader finding that
over 85 percent of forest fires in Austria are anthropogenic. The models highlight not
only densely populated or frequently visited forest edges but also several less populated
alpine regions with elevated susceptibility.

The maps intentionally exclude urban zones and non-forested land cover, explain-
ing the presence of white regions in metropolitan areas such as Vienna, Graz, or Linz.
These areas are not evaluated by the model due to the absence of relevant combustible
vegetation.

When transferred onto an interactive map (Figure 5), each grid-based prediction
can be further analysed using SHAP values, which decompose the predicted fire vul-
nerability score into additive contributions of the individual input features at a given
spatial location. This allows users to identify which environmental, infrastructural, or
anthropogenic factors increase or decrease the predicted fire danger locally, thereby
enhancing transparency and interpretability of the model results. A detailed descrip-
tion of the SHAP methodology and its implementation is provided in the Methods
section. An additional overview of the grid-based predictions is provided in Appendix
A (Figure A1), focusing on a region in Austria that is known for several historical fire

events.
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Fig. 5: Exemplary overview of the predicted fire vulnerability surface for Lower Aus-
tria. Model predictions are generated for georeferenced point locations and visualised
in the web-based tool on a regular geographic coordinate lattice in the WGS84 coor-
dinate reference system, EPSG 4326. The nominal visualization lattice corresponds to
a minimal resolution of 50 x 50 m in the study area and can be zoomed out. Due to
the use of a geographic CRS and web map rendering, grid cells appear rectangular in
the visualization. The embedded SHAP plot illustrates the local feature contributions
influencing the model prediction at the selected location, providing interpretability of
the fire vulnerability estimate. The figure is a screenshot of the web based application
farming.software, captured on 06.02.2026,which visualizes the presented fire vulner-
ability model. Green indicates the lowest predicted vulnerability, while red indicates
the highest predicted vulnerability score.

3.3 Understanding drivers of fire vulnerability

3.3.1 Quantifying feature influence using SHAP explanations

The SHAP summary plots in Figures 6 and 7 provide detailed insights into how indi-
vidual features influence the predictions of the Random Forest and CatBoost models.
Each plot shows, for every feature, the distribution of per-sample SHAP contributions
across all test samples (ordered by mean absolute contribution),  with point colour

indicating the underlying feature value. Since the data is balanced and the model’s



baseline prediction is approximately 0.5, a positive SHAP value indicates that the fea-
ture configuration increases the ignition vulnerability score (pushing the output above
the decision threshold), whereas a negative SHAP value decreases it, supporting a
no-fire prediction. This directional interpretation helps identify features that clearly
separate fire-prone from non-fire-prone conditions.

In the Random Forest model (Figure 6), features such as Running Frequency,
Buildings Total, Undivided Roadway (FOW), and Municipal Road (EDGECAT) show
predominantly positive SHAP contributions for higher feature values (warm-coloured
points to the right), indicating that larger values of  these predictors increase the
model’s ignition vulnerability score,  while lower values (cool colours to the left)
decrease it and support a non-fire outcome. In contrast, Slope exhibits the opposite
pattern. Higher values (red) are concentrated on the left (negative SHAP), whereas
lower values (blue) lie to the right, suggesting that steeper terrain reduces the predicted

fire ignition vulnerability score and flatter areas increase it.
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Fig. 6: Random Forest - SHAP beeswarm plot across all test samples (positive-class
view). For each feature, the plot shows the distribution of per-sample SHAP contri-
butions to the model’s predicted ignition vulnerability score

, ordered by mean absolute contribution. Each point represents one observation, with
colour indicating the feature value (blue = low, pink = high). Positive SHAP values
increase the predicted ignition vulnerability score, while negative values decrease it
(supporting a no-fire outcome). Values are measured relative to the model’s baseline

prediction.

In the CatBoost model (Figure 7), the highest-ranked features, Running Frequency,
Buildings Total, Undivided Roadway (FOW), and FFMC Mean, show warm-coloured
points predominantly to the right, indicating that higher values tend to increase the
predicted ignition vulnerability score. Slope again exhibits the opposite pattern, with
higher values (warm colours) concentrated on the left and lower values (cool colours)

on the right. Biking Frequency appears relatively high in the ranking but with a



narrower spread and a smaller positive tail than the leading predictors, consistent with

a weaker overall influence.
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Fig. 7: CatBoost - SHAP beeswarm plot across all test samples (positive-class view).
For each feature, the plot shows the distribution of per-sample SHAP contributions

to the model’s predicted ignition vulnerability score, -ordered by mean absolute con-
tribution. Each point represents one observation, with colour indicating the feature
value (blue = low, pink = high). Positive SHAP values increase the predicted ignition
vulnerability score

, While negative values decrease it (supporting a no-fire outcome). Values are

measured relative to the model’s baseline prediction.

Across the Random Forest and CatBoost beeswarm plots, there is broad agree-
ment on the main drivers of the predicted fire ignition vulnerability score,  such as
higher values of Running Frequency, Buildings Total, Undivided Roadway (FOW),
and Municipal Road (EDGECAT), FFMC Mean, and Biking Frequency are associated

with positive SHAP values (points in warm colours to the right), while Slope shows



the opposite pattern, with higher values concentrated on the left, indicating a reduc-
tion in predicted fire ignition vulnerability score. Differences are mostly in effect size.
For example, CatBoost exhibits wider spreads and longer positive tails for several top
features, suggesting stronger or more non-linear influences, whereas the Random For-
est shows comparatively smaller magnitudes and a slightly different ordering among
mid-ranked road and building categories. In the Random Forest, building and road
density measures dominate over vegetation-related features.Human movement vari-
ables are also important, with Running Frequency showing the largest contribution
in both models. Generally, both models do not rely only on singular ignition danger
factors but consider a multitude of features for their predictions. This highlights the
complexity of the problem and the importance of multi-criteria evaluations for forest

fire predictions.

3.4 Individual model response analysis with PDP and ICE

plots

The Partial Dependence and Individual Conditional -Expectation plots in Figures 8
and 9 illustrate how key features influence the predicted probability of fire danger,
shown on the y-axis. In each subplot, the blue lines represent ICE curves (x-axis)

for individual samples,reflecting how the predicted fire ignition vulnerability score
changes for that instance as the feature value varies. The orange dashed line represents
the PDP curve, which shows the average model response to the feature across the
dataset. We present the 12 most influential features, selected based on their SHAP
values, each subplot visualising their contribution to fire ignition vulnerability score
estimation. Note that PDP/ICE plots were computed on standardised model inputs.
Therefore, x-axis values are shown in standardised units (z-scores) and not physical
units. FFMC Mean is a unitless index and slope is measured in degrees prior to scaling.

Severalinfrastructure and mobility predictors are derived from micro-grid data and



were aggregated to each sample using a distance-weighted scheme within a 500 m
radius. Road categories (FRC, FOW, EDGECAT) were dummy encoded (0/1) before
weighting and standardization.

For the Random Forest model (Figure 8), the ICE and PDP curves indicate upward
partial dependence for several predictors. The most notable features are Running
Frequency,and multiple road classes (Undivided Roadway (FOW), Municipal Road
(EDGECAT), Collecting Road (FRC)). In these cases,increasing the feature value,
or moving from 0 to 1 for indicator variables,  raises the predicted fire ignition vul-
nerability score, often with step-like changes near the presence threshold. Slope shows
a weaker and more heterogeneous effect,while variables such as Forest Access Path
(FRC) and Vegetation Deciduous remain largely flat. ~ Overall, the model attributes
danger primarily to built-environment and movement related features rather than veg-
etation, with influence distributed across several features rather than dominated by a
single predictor.

CatBoost PDP and ICE curves (Figure 9) show monotonic positive effects for Run-
ning Frequency, FFMC Mean, and Buildings Total (higher values raise predicted fire
ignition vulnerability score). Severalbuilt-environment indicators (Undivided Road-
way (FOW), Municipal Road (EDGECAT), State Road L (EDGECAT), Buildings
with 1 Apartment) exhibit step-like increases when moving from 0to 1.  Slope has a
weak negative average effect with wide ICE dispersion, indicating interactions. Bik-
ing Frequency shows a modest positive trend with smaller magnitudes. Other features
(e.g., Exposition, Industrial or Warehouse Buildings, Other Road (EDGECAT)) are
near-flat on average. The broad ICE fans highlight heterogeneity, and interpretations
far from the x-axis rug marks should be treated cautiously.

The ICE curves in Figures 8 and 9 represent model  simulations. For each sam-
ple, one predictor is varied across its range while all other predictors are held fixed at

their observed values. The wide spread of ICE curves for multiple predictors indicates



heterogeneous, context-dependent effects and interactions, meaning that the influence
of a given variable differs across locations depending on the surrounding feature con-
figuration. Consequently, near-flat average PDP curves do not necessarily imply that

a variable is unimportant. They indicate that the marginal  average effect is small
after averaging over diverse local contexts, consistent with ignition vulnerability being
driven by the joint contribution of multiple factors rather than dominated by a single
predictor. The clustering of ICE curves at the upper and lower extremes of the y-axis is
expected when many samples already receive very low or very high vulnerability scores
under their observed feature configurations. Varying a single predictor then produces
only limited changes in the output for those samples,  vyielding stacked curves near
the boundaries. This effect is reinforced by strongly skewed, zero-inflated predictors
created through distance-weighted aggregation (many near-zero values where a given
category is absent within 500 m) and by the piecewise-constant response structure of

tree-based models.
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obtained by varying one predictor while holding all
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3.5 Feature importance analysis

To further analyse the models’ decision process, we look at the intrinsic and the

permutation importance.

Fig. 10 Intrinsic feature importance scores for the Random Forest model (left) and
CatBoost model (right) used in fire danger prediction.

Figure 10 presents the model-intrinsic importance scores for the Random Forest
and CatBoost models, respectively. In both models, the bars represent the relative
contribution of each feature to the model’s internal decision logic. The Random Forest
importance is derived from the mean decrease in impurity (Gini  importance), while
the CatBoost scores reflect the average improvement in prediction from feature splits
(gain). The features are ranked in descending order of importance.

The intrinsic feature importance indicates that dynamic human movement vari-
ables are among the most influential predictors across models. Running Frequency
holds the highest importance score, but Biking Frequency also appears among the
top-ranked features, highlighting the relevance of mobility-related variables in forest
fire ignition danger estimation. In addition to movement data, road network features
show a substantial contribution to model performance. Undivided Roadway (FOW),

Municipal Road (EDGECAT), and Collecting Road (FRC) are placed among the most



important predictors in both models. The CatBoost model assigns relatively higher
importance to additional road categories, such as Service Road (EDGECAT) and
State Road L (EDGECAT), compared to Random Forest, suggesting stronger differ-
entiation of road types within this algorithm. Environmental variables also exhibit a
clear role. FFMC Mean, Slope, and Exposition are among the top ten most important

variables in both models.

mvumu”w

Fig. 11: Permutation importance of the Random Forest model (left) and CatBoost
model (right) for fire danger prediction.

The permutation-based metrics are plotted in Figure 11.  The length of each bar
indicates the relative importance of the corresponding feature based on the decrease
in model performance when the feature values are randomly shuffled. The black lines
represent the variation across multiple permutations and indicate the variation of the
importance estimate.

In contrast to the feature importance plots, FFMC Mean is ranked as the most
influential feature for ignition danger, followed by anthropogenic variables such as
roads (e.g., Municipal and Undivided Roadway) and Running Frequency. The cat-
boost model showcases a steeper distribution of important variables, indicating that

its predictions are strongly influenced by a limited number of  features compared to



the Random Forest model. Slope is again listed among the most important predictors,

emphasising its influence on terrain-specific ignition dynamics.

4 Discussion

The present study contributes to the growing body of work showing that anthropogenic
forest fire ignition in Austria and nearby European regions is best understood as the
outcome of complex social-technological-ecologicalinteractions. In Austria, research
by Arndt et al. (2013) started to investigate the complex dynamics of human-caused
ignition modelling, while M"uller et al. (2020) further highlighted in the Alpine context
that fire danger assessment benefits from the integration of fire-weather information
with topography, vegetation, and human influence. In addition, M-uller et al. (2015)
found that Austrian forest fire activity can exhibit pronounced spring and summer
anomalies compared with other Alpine countries, emphasising the sensitivity of the
Austrian fire regime to periods of  drought and heat. The broader climatic context
is reinforced by Henner and Kirchengast (2025), who reported an upward trend in
fire frequency, severity and inherent fire dangerin Austria and comparable European
regions in the context of recent climate change, while stating that prevalent ignition
causes remain human-made.A recent case study from the Czech Republic showed
that the occurrence of forest fires is determined by both human activity and climate.
The number of residents and overnight tourists, as well as the length of the wild-
land-urban interface, were found to be positively associated with fire occurrence, and
warmer and drier conditions to be especially important at monthly and summer-season
scales (Ber'ak et al. 2024).

More broadly, studies from Europe and neighboring regions underline the sig-
nificant influence of human presence, accessibility, land-use context, and climatic
background conditions on anthropogenic wildfire ignition, with the relative importance

of these drivers varying across regions and settings(Ochoa et al. 2024; Gelabert et al.



2025; Horn et al. 2025). Consequently, our findings build upon the prevailing knowl-
edge but refine it for Austria by identifying these relationships at a considerably finer
spatial resolution and providing a more substantial representation of anthropogenic
exposure. In our model, climatic background conditions are represented by the FFMC
Mean as a static annual average dryness proxy, rather than by real-time weather
inputs. Accordingly, the contribution primarily lies in resolving anthropogenic ignition
patterns under differing background dryness conditions. This methodological approach
enables the assessment of local ignition dynamics, which is crucial for targeted fire-risk
mitigation and for subsequent fire-vulnerability and fire risk modelling.

The high resolution and diversity of  the data used in this  study significantly
enhance the precision of anthropogenic forest fire danger assessment. The use of a
50 x 50 m grid was motivated by the study’s focus on analysing local drivers of fire
vulnerability and supporting fine-scale interpretation using XAl techniques. Several
predictors, such as slope, proximity to roads, and indicators of human movement, can
change quickly over short distances and influence ignition risk at a localised scale. In
particular, human movement is often constrained to established pathways, meaning
that spatial aggregation at coarser resolutions can mask these localised effects and
limit their usability for decision-makers. While larger grid sizes such as 1x 1 km often
provide adequate assessments ofoverall fire danger, particularly at broader spatial
scales, they reduce the ability to identify and interpret local vulnerability drivers. In
particular, the inclusion of social and infrastructural variables as multi-level spatial
predictors facilitates a more pronounced identification of fire-prone zones characterised
by concentrated human presence, such as popular hiking trails, forest edges adjacent
to settlements, and accessible roadside areas. By integrating both municipal-level and
microgrid-level information, our model achieves substantially higher predictive accu-
racy (ca. 78%) than earlier Austrian studies based on more aggregated representations

of human influence, such as Arndt et al. (2013), which reported an accuracy of ca. 61%



in their validation set. This also addresses a limitation identified in Central Europe
by Ber'cdk et al. (2024), namely that district-scale models are useful for regionally
delineating fire danger, but are too imprecise for operational management and resource
allocation planning. Austrian studies that relied less strongly on detailed, spatially
explicit human-activity variables produced lower accuracies (e.g., 58% accuracy for
the best-performing model) (M~ uller et al. 2020).

Beyond improving predictive accuracy, the application of explainable Al tech-
niques provides a novel means to reverse-engineer model predictions and uncover the
underlying drivers of forest fire ignition danger. These methods not only reveal which
features most strongly influence fire predictions but also allow for the identification of
localised ignition triggers. In this sense, the framework adds value beyond prediction
performance by translating model outputs into interpretable, location-specific driver
patterns that can be operationalised for a diverse set of stakeholders and practition-
ers. The approach and insights can support targeted mitigation strategies (Mallinger
et al. 2024), such as adjusting trail access during high-danger periods, refining regional
land-use planning, or prioritising the installation of new water infrastructure for fire
management. Furthermore, it helps to refine subsequent modelling tasks by high-
lighting the most important features that are necessary to capture the local ignition
risk. Subsequent dimension or feature reduction can reduce redundancies and non-
relevant information among the included features (Mallinger et al. 2026), improve
interpretability, and support the development of simpler and computationally more
efficient models (Mallinger et al. 2024). Overall, both the Random Forest and the
CatBoost model indicate that anthropogenic ignition vulnerability is not driven by a
single factor but emerges from the joint influence of human activity/accessibility, ter-
rain, and vegetation-related variables. This supports framing prevention and decision
support as a multi-factor, integrated assessment task that combines multiple spatial

layers (M"uller et al. 2020; Chicas and Jstergaard Nielsen 2022).



A key methodological advancement of machine learning approaches in wildfire
susceptibility modelling lies in their ability to capture non-linear relationships and
interaction effects between predictors, in contrast to traditional additive aggregation
schemes. This is specifically relevant for anthropogenic ignitions, where human access,
local infrastructure, terrain, and fuel dryness do not act independently ~ M"uller et al.
(2020). Many earlier GIS-based susceptibility studies relied on weighted linear com-
bination frameworks such as the Analytic Hierarchy Process or related multi-criteria
decision analysis methods, where standardised factor layers are combined through
additive weighting to derive a composite risk index (Sari  2024). Similarly, frequency
ratio and weights of evidence approaches aggregate class-based contributions in an
essentially linear or log-additive manner to construct susceptibility surfaces (de San-
tana et al. 2021; Gentilucci et al. 2024). While these methods are transparent and easy
to implement, their additive structure limits their ability to represent complex socio-
technological-environmental interactions. The proposed ensemble learning framework
overcomes this limitation by modelling non-linear response functions and higher-order
dependencies, thereby enabling a more realistic representation of ignition processes.

Overall, the contribution of the proposed framework is not limited to overall accu-
racy and non-linearity of the modelling approach. It provides (i) high resolution, nation
wide susceptibility mapping with spatially explicit point level predictions, visualised
at a minimum of 50 x 50 m to resolve local hotspots along trails, forest edges, and set-
tlement interfaces; (i) the integration of human activity intensity such as running and
biking as a direct, spatially explicit exposure proxy compared to static infrastructure
indicators; and (iii) an explainability layer that enables interpretation of why specific
locations are rated as high danger.

Across both models, the strongest positive contributions are consistently associ-
ated with human movement intensity (Running Frequency,  and to a lesser extent

Biking Frequency) and built-environment accessibility proxies (Buildings Total and



multiple road classes). This pattern aligns  with the broader European literature,
which identifies human presence, accessibility, infrastructure, and wildland-urban or
settlement-forest interfaces as central controls on human-caused ignition (Chicas and
Jstergaard Nielsen 2022; Ochoa et al. 2024; Gelabert et al. 2025). Moreover, the
phenomenon is in agreement with the Austrian context, = where the majority of for-
est fires are anthropogenic and where ignition danger is therefore expected to cluster
in areas where human activity is prevalent, such as entry points, thoroughfares, and
areas of utilization within forested environments. This is also consistent with findings
from the Czech Republic, where the occurrence of anthropogenic fires was positively
associated with residents, overnight tourists and the wildland-urban interface.  This
underlines that human presence and landscape accessibility are key factors influencing
ignition in Central European settings as well (Ber'c’ak et al. 2024). When interpreted
mechanistically, these predictors capture human exposure and access. For example,
higher recreational activity and a greater presence of roads and buildings increase
the opportunity for ignition sources (e.g., accidental ignitions along trails, interfaces
between settlements and forests, and accessible roadside corridors). This suggests
that prevention measures can be prioritised spatially along high-use trail networks
and settlement-adjacent forest edges, for example via targeted awareness campaigns,
patrols during high-danger periods, or access management in locally extreme condi-
tions. This interpretation also helps explain why the susceptibility maps highlight some
less-populated alpine regions.Even with low permanent population density, concen-
trated tourism and recreation, together with isolated infrastructure and access routes,
can create local ignition hot spots.

The positive effect of FFMC Mean indicates that locations characterised by per-
sistently drier fine fuels (as represented by the annual-average proxy) tend to receive
higher ignition vulnerability scores. The interpretation is consistent with previous work

from Central Europe and the Alpine region, which shows that the effects of climate



change are particularly evident at monthly and seasonal scales, and that fire frequency,
severity and inherent danger have increased in Austria and comparable neighbour-

ing regions in recent years (Ber'c’ak et al.2024; Henner and Kirchengast 2025). This
supports the integration of dynamic, time-varying fire-weather inputs (rather than
annual means) for operational deployment. Furthermore, it implies that the same
level of human exposure may translate to higher vulnerability under drier background
conditions.

The results of this study demonstrate an inverse relationship between slope and
predicted vulnerability, as evidenced by both SHAP and PDP/ICE summaries. With
regard to anthropogenic ignitions,  this patternis consistent with an accessibility
mechanism. In the context of Austria and the wider Alps, this interpretation is plau-
sible because topography shapes not only fueland microclimate conditions, but also
how people access forested landscapes,which is why integrated Alpine fire-danger
assessments explicitly combine topography with information on human influence and
fire weather (M"uller et al. 2020). Accordingly, flatter terrain and valley bottoms are
more frequently traversed and closer to infrastructure, whereas steeper terrain is less
accessible and therefore offers fewer opportunities for human-caused ignitions. The
broad dispersion of ICE curves for slope further indicates interactions with other pre-
dictors (e.g. roads and movement), suggesting that local context matters and that
one-size-fits-all thresholds for slope are unlikely to be optimal.

It should be noted that the reliability of XAl techniques is inherently tied to
the performance of the underlying predictive models. Low model accuracy can lead
to misleading or non-trustworthy explanations. Some XAl methods, such as Partial
Dependence and SHAP analysis, mitigate this issue to some extent by relying on
summary statistics that capture overall trends, thereby reducing the influence of mis-
classified instances. However, if model accuracy is too low, any interpretation of XAl

outputs should be approached with caution.  Moreover, different XAl methods are



based on distinct underlying assumptions and analytical logics, which means they may
highlight different aspects of variable influence. To identify robust fire ignition drivers
and inform meaningful interventions, these explanation methods should be applied in
a complementary manner.

A key limitation of the current implementation is the lack of seasonal dynamics in
key predictor variables. For example, fuel moisture is represented by an annual mean
(FFMC Mean), and the human activity data are aggregations across the full  year.
This reduces the model’s ability to capture short-term ignition vulnerability, especially
during dry seasons or holiday peaks. The limitation is particular noteworthy,  given
that previous studies have shown that wildfire drivers and susceptibility patterns can
vary substantially across seasons, with climatic influences becoming more pronounced
during specific high-danger periods (Ber'c’ak et al. 2024; Costafreda-Aumedes et al.
2018; Tang et al. 2022; Wang et al. 2023).

In addition, the ignition database aggregates multiple anthropogenic cause types
(e.g., negligence,recreation-related ignitions, and agricultural = practices), which can
exhibit distinct spatial and temporal signatures. In the present study we model
these causes jointly to maximise sample size and to focus on general anthropogenic
ignition vulnerability patterns.  Consequently, the learned relationships should be
interpreted as an average across anthropogenic causes.Future work should explore
cause-stratified modelling where sufficiently detailed and consistently recorded cause
labels are available, to test whether driver importance and spatial patterns differ by
ignition mechanism.

A further limitation is that model training uses a balanced case-control sample.
While this supports learning and explainability for the rare-event setting, it means
the raw 0-1 scores should be interpreted as relative vulnerability unless recalibrated

to real-world prevalence for a specified operational setting.



As a result, future work should focus on extending the model to incorporate tem-
poral and seasonal fire propagation dynamics, similarly to prior studies investigating
these patterns (Costafreda-Aumedes et al. 2018). The model is already designed to
support future integration of real-time inputs, including mobility patterns, and it cur-
rently incorporates a weather-derived fire danger proxy in the form of the FFMC
Mean. Specifically, the framework ingests gridded predictor layers and applies the
trained model to the per-cell feature vector, allowing time-varying layers to be updated
without changing the modelling architecture.  This makes the models well-suited to
operate as a daily fire danger estimation tool, capable of simulating scenario-specific
dangers. When combined with probabilistic fire spread models (such as SPARK devel-
oped by the CSIRO) it could help forecast not only where ignition is likely to occur
but also how fires might propagate through the landscape under varying conditions.
This would greatly enhance the system’s operational value for emergency response,

land management, and prevention planning.

5 Conclusions

This study highlights the effectiveness of multi-criteria machine learning approaches

for predicting forest fire danger in Austria at a higher spatial resolution and accuracy
than previous works. By combining non-linear ensemble learning with high-resolution
environmental and heterogeneous anthropogenic predictors,the proposed framework
substantially improves ignition prediction performance in Austria, increasing accuracy
from 61% to 78%. In contrast to earlier Austrian studies based on logistic regression
and aggregated municipal indicators, this approach resolves localised ignition hot spots
at fine spatial scale and captures complex interactions between human activity and
environmental conditions, thereby advancing forest fire danger assessment capabilities.
The pronounced spatial overlap between predicted high-danger zones and historical

ignition clusters further confirms the empirical  grounding of the model outputs. In



contrast to other fire-danger studies, this manuscript highlights the importance of XAl
techniques for understanding the drivers of forest fire ignition danger. Most contribut-
ing factors across several XAl approaches (SHAP, PDP, ICE, Feature and Relative
Importance) included FFMC Mean, Running Frequency, different road classes, and
Slope. When considered holistically, these effects suggest that Austria’s vulnerability
to anthropogenic ignition is predominantly shaped by the interaction between human
exposure and access, as reflected in recreational intensity and infrastructure, and the
background dryness of fine fuels. In particular, regions characterised by flatter ter-
rain and higher accessibility demonstrate heightened vulnerability. This finding lends
support to prevention strategies that prioritise forest edges and roadside corridors

in proximity to trails and settlements.  Furthermore, it serves to motivate the future
integration of seasonal fire-weather dynamics, with a view to translating the current
relative vulnerability mapping into operational, time-specific decision support.

The creation of  Austria’s first high-resolution forest fire susceptibility map
(50x 50 m grid) represents a practical approach for stakeholders to identify high-
danger areas. In contrast to previous Austrian studies that relied on aggregated
municipal-level indicators, the proposed high-resolution grid-based framework reduces
spatial aggregation bias and enables local-scale differentiation of ignition danger. The
strong agreement between CatBoost and Random Forest predictions indicates that
the detected ignition danger patterns are built upon robust data about fire ignition
risk, lowering the risk of  model-specific variations and interpretations of the data.
Thereby, the cross-model consistency strengthens confidence that the identified spa-
tial structures reflect empirical ignition dynamics. The included SHAP values in the
grid prediction enable practitioners to understand local  danger behavior, while the
overall analysis of feature changes (e.g.,PDP and ICE) enables the investigation of
vulnerability behavior under changing conditions (e.g., climate change). This supports

stakeholders in implementing targeted prevention and adaptation strategies.



Despite these advances,several limitations need to be addressed in future work.
Currently, the model lacks consideration of seasonal effects, as several features
are available only as annual averages. Additionally, integrating this vulnerability
assessmentmodel with forest fire propagation simulations would provide a more
comprehensive understanding of potential damage from ignition events.

X
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Abbreviation

Full Name

CatBoost
EDGECAT
FFMC
FOW

FRC

ICE

PDP

RF

SHAP

XAl

Categorical Boosting

Road Category

Fine Fuel Moisture Code

Form of Way

Functional Road Class

Individual Conditional Expectation
Partial Dependence Plot

Random Forest

Shapley Additive Explanations

Explainable Artificial Intelligence

Table 6 List of all abbreviations sorted alphabetically.
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