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Abstract
Modern methods for wildfire danger prediction are critical for mitigating the detrimental impacts
of fires on ecosystems, public health, and the economy. While Machine Learning has emerged as a
powerful approach to model the complex interactions driving wildfire risk, its ‘black-box’ nature
creates a trade-off between predictive skill and physical plausibility and interpretability required
for trustworthy risk assessments. In this study, we systematically assess the predictive performance
and physical consistency of seven temporal deep learning (DL) models against two decision tree-
based baselines, random forest (RF) and XGBoost (XGB), for next-day wildfire danger prediction
in the Mediterranean. We apply explainable AI (xAI) methods to interpret model attributions and
assess their broad alignment with established fire science. Results show that all DL models out-
perform RF and XGB baselines, with Transformer models achieving the highest predictive accur-
acy (F1-score> 0.81), significantly outperforming the RF baseline (post-hoc Dunn test, p< 10−5)
and by effectively capturing long-range temporal dependencies. However, xAI analyses reveal a key
trade-off: despite their higher predictive performance, DL models exhibit lower physical consist-
ency in their averaged driver relationships. Specifically, when evaluated against 19 expected fire-
driver relationships, the RF and XGB correctly capture 13 (12) relationships, whereas DL models
capture at most 11. We further investigate how Transformers generated individual wildfire danger
predictions through case studies of two similar large fire events in Spain, one correctly predicted
(true positive) and one missed (false negative). The analysis demonstrates how differences in driver
representation can lead to divergent predictions, such as correctly identifying a heatwave-driven
event but missing a lightning-induced ignition. Together, these investigations provide a structured
evaluation of a wide range of DL models in terms of their predictive accuracy and physical con-
sistency, offering guidance for future wildfire danger forecasting in fire-prone regions, such as the
Mediterranean.

1. Introduction

Wildfires were long considered carbon neutral due to vegetation regrowth offsetting emissions [1, 2].
However, this balance is increasingly disrupted by anthropogenic climate change and changes in land use
and management practices. In particular, there is a growing global risk of conditions conducive to more
frequent, intense, and widespread fires [2–5]. Beyond their implications for carbon emissions [4, 6–8],
aerosol radiative forcing, and even short-term weather changes [9], wildfires also pose major risks to
ecosystems and biodiversity [10], public health [11], water quality, and infrastructure [12]. Considering
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the projected intensification of climatic changes over this century, which is expected to further exacer-
bate fire weather conditions in many world regions [13], and the inherent complexity of modeling wild-
fire risk [14–16], there is a pressing need to improve wildfire predictive capabilities to help develop
effective adaptation [17, 18] and mitigation strategies (e.g. through fuel management) [19].

In this context, machine learning (ML) has emerged as a powerful approach, often surpassing tradi-
tional process-based fire models, which tend to over-predict high fire danger and produce false alarms-
particularly in fuel-limited biomes [20–22]. Recent studies show that ML algorithms can outperform
conventional fire weather indices globally [21] and in regional (e.g. over the Western US) high-resolution
wildfire prediction tasks [23]. In particular, gradient boosting approaches such as XGBoost (XGB) have
demonstrated strong and consistent predictive skill across diverse climatic and geographic settings [24–
29]. To further explore this potential, a few benchmark datasets for wildfire activity have been developed.
Such datasets are critical to progress in data-driven wildfire modeling, as they provide standardized
frameworks for testing and comparing diverse ML architectures. For instance, the SeasFire data cube
[30], with a 0.25◦ horizontal resolution, has been used to consistently evaluate multiple deep learning
(DL) models, including architectures such as U-Net [1] and Vision Transformer [31], for forecasting
global burned area patterns across multiple temporal windows at coarse spatial resolutions. Kondylatos
et al [32], in turn, introduced the Mesogeos fire cube [32], covering the entire Mediterranean region at
substantially higher spatial resolution (1 km× 1 km) and benchmarked first DL models on this dataset,
after Kondylatos et al [24] had previously demonstrated that DL models outperform the Fire Weather
Index in predicting next-day wildfire danger in Greece.

Despite the overall rapid progress, many open questions remain before ML and DL methods can be
reliably applied in operational forecasting contexts. For example, understanding how model complexity
influences model accuracy and model explanations is increasingly recognized as a central challenge in
the application of ML to forecasting. Di Giuseppe et al [21], for instance, systematically evaluated mul-
tiple ML architectures to assess how model complexity and input data quality affect predictive skill, con-
cluding that higher complexity does not necessarily lead to improved performance. However, their work
did not explore whether temporal DL models could provide additional benefits. Complementarily, Li
et al [23] benchmarked ML models against classical approaches and employed explainable AI (xAI) tech-
niques to reveal substantial structural differences among models-even when predictive accuracies were
comparable. Increasingly, researchers across environmental modeling disciplines emphasize that purely
statistical performance improvements are insufficient. There is a growing demand for models that are
not only accurate but also transparent and consistent with scientific intuition in their reasoning.

xAI is becoming integral to wildfire modeling, as a means of understanding ML predictions. Post-
hoc techniques, particularly SHAP, are now routinely applied to elucidate driver importance and model
behavior [25, 33–35]. However, this growing adoption remains largely confined to single model-xAI
pairings [33, 34, 36] or focus on tree-based or shallow ML architectures [25–29]. While initial efforts
to assess and interpret DL models have begun to emerge (e.g. [24, 37]), they remain comparatively
underexplored and insufficiently benchmarked. This gap is particularly pressing as temporal DL archi-
tectures offer methodological advantages for next-day wildfire danger prediction in the emerging ‘big-
data/big-model’ era for observational wildfire datasets. These models are inherently suited to automatic-
ally learn complex temporal dependencies in Earth system problems [38]. Here, we conduct a systematic,
benchmarked inter-comparison of multiple temporal DL architectures. Using a fixed, large-scale dataset
and consistent evaluation criteria, we assess not only overall predictive performance but also the phys-
ical consistency of model reasoning through xAI metrics. We hope this dual evaluation framework will
provide a solid foundation to inform future wildfire modeling with DL.

2. Data andmethods

2.1. Data and preprocessing
In this study, we use the Mesogeos data cube [32] for model training and evaluation. This dataset
provides pre-processed daily observational and reanalysis data for key variables characterizing wildfire
activity and its drivers at a 1 km× 1 km spatial resolution from 2006–2022 across the Mediterranean
region. Meteorological variables include surface air temperature, wind speed, wind direction, dew-
point temperature, surface pressure, relative humidity (rh), precipitation, and surface solar radiation,
derived from the ERA5-Land dataset [39]. Vegetation status and land surface conditions were represented
using daytime and nighttime land surface temperature [40], the normalized difference vegetation index
(NDVI) [41], and the leaf area index (LAI) [42] from MODIS, alongside soil moisture estimates from
the European drought observatory [43]. Indicators of human presence and activity, such as population
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Figure 1. Overview of the ML pipeline. Samples extracted from the Mesogeos [32] data cube are used to train, validate, and
test XGB, RF and DL models via a cross-validation scheme. Final models are evaluated on the test set and interpreted using xAI
techniques.

density and proximity to roads, were obtained from WorldPop [44]. Terrain characteristics, including
elevation and slope, were incorporated using the COP-DEM dataset [45], while land cover classifica-
tions were sourced from the Copernicus Climate Change Service [46]. Burned areas are from EFFIS [47],
while ignition points and ignition dates were estimated using the MODIS Active Fire product [48]. A
full list of all Mesogeos predictor variables, their abbreviations, categories, and units is provided in table
S1 in the supplementary material.

We preprocessed the data following the Mesogeos definitions [32], in which positive samples were
defined as fire events exceeding an area of 30 ha around an ignition point. Ignition locations were
approximated by computing the spatial centroid of each polygon of burned grid cells, with the nearest
grid cell to each centroid designated as the ignition source. For each positive sample, we extracted a 30 d
temporal window of predictor variables spanning from day (t− 30 to t− 1), excluding the ignition day t.
Inputs included all dynamic (e.g. meteorological) and static (e.g. altitude) Mesogeos features, with static
layers repeated across the temporal dimension to match dynamic variables. Negative samples were drawn
from regions located at least 62 km away from any recorded fire-occurrence radius to reduce the likeli-
hood of selecting unburned locations that nonetheless exhibited high fire danger [32]. We sampled twice
as many negative samples as positives ones from the overall dataset, following standard practices [24, 32,
49, 50], such that the negative samples roughly match the land-cover distribution of the positives. This
prevents over-representation of low-fire periods (e.g. winter months), and preserve the seasonal struc-
ture of fire occurrence. Missing values, mainly arising from satellite data gaps (e.g. cloud cover), were
imputed using the feature-specific temporal mean computed across each sample’s entire time series.

2.2. Model setup
In order to train, evaluate and interpret the models, we implemented a ML pipeline (figure 1) that
included data preprocessing, training and validation (with hyperparameter optimization and early stop-
ping to prevent overfitting), testing, and xAI analysis. Hyperparameters were tuned using GridSearch
[23, 51–53] and Optuna [54], exploring parameters such as learning rate, batch size, dropout rate, and
weight decay. The final configurations were selected based on the validation F1-score. The final hyper-
parameter values for each model are reported in table S3.

We systematically compared seven DL architectures, including multilayer perceptron (MLP) [55],
long short-term memory (LSTM) [56], gated recurrent unit (GRU) [57], convolutional neural net-
work (CNN) [58], Transformer [59], gated Transformer network (GTN) [32], and temporal fusion
Transformer (TFT) [60]. These models were evaluated against two established tree-based models, ran-
dom forest (RF) [61] and XGB [62]. RF and XGB were selected as baselines due to their consistently
strong performance in wildfire prediction across diverse geographic and climatic settings [24–29]. This
comparison was motivated by the need to evaluate whether increasing model complexity translates into
superior predictive power and/or physical consistency for wildfire danger predictions, or whether sim-
pler approaches may already be sufficient. Each architecture entails specific strengths and limitations.
RFs capture non-linear relationships through ensembles of decision trees but lack intrinsic temporal
awareness [63]. XGB uses regularized gradient-boosted decision trees to capture complex non-linear
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effects and interactions [62, 64]. MLPs, or feed-forward neural networks, are a standard neural network
architecture to learn non-linear interactions between input and outputs, subject to one or more hidden
layers with variable numbers of hidden neurons. However, MLPs have no intrinsic architectural com-
ponent to efficiently exploit temporal or spatial structure [65]. CNNs [58, e.g.], in turn, are designed to
mimic the biological receptive field by learning shared kernel weights, or filters, to automatically detect
and abstract patterns in structured image data. CNNs have been adapted to multivariate time-series fore-
casting by reshaping sequences into pseudo-images (e.g. time as ‘height,’ features as ‘width’ [66, 67]),
allowing shared-weight convolutions to extract temporal patterns. As an improvement over vanilla recur-
rent neural networks (RNNs) [68], LSTMs [56] introduce cell states and gating mechanisms to also
retain long-term temporal information, while GRUs simplify this structure, achieving similar perform-
ance at lower computational cost [57]. Finally, the transformer architecture enables modeling of long-
range dependencies independent of the distance in sequences (thus overcoming still remaining long-
distance problems of LSTMs) while simultaneously facilitating parallelization compared to sequential
computations and backpropagation in RNNs [59], Later extensions, such as the GTN and TFT, further
aim to enhance specific strengths of the vanilla transformer. GTN incorporates the attention not only
across input variables but also across time, which may enable the model to capture complex interactions
of the variables [32], whereas TFT explicitly considers static and dynamic inputs through dedicated gat-
ing mechanisms, making it the furthest augmented architecture considered in our study [60].

To ensure robust evaluation of the models, we implemented a 15-fold temporal cross-validation
strategy spanning 2006–2022. In each fold, 14 years were used for training, one for validation, and
the subsequent two consecutive years for testing. Validation always preceded the test period to reduce
information leakage. Best-performing checkpoints were selected based on the validation performance and
then evaluated on the held-out test folds.

2.3. Evaluationmetrics
We formulated wildfire prediction as a binary classification problem. Models output class probabilities
via a Softmax layer, which are interpreted as the predicted level of fire danger. For evaluation, a fixed
threshold of 0.5 is applied, which means that probabilities above this threshold are classified as fire (pos-
itive, high fire danger), and those below as no fire (negative, low fire danger).

To assess model performance, we use the F1-score [69], which is well-suited for imbalanced classi-
fication where wildfire occurrences are rare compared to non-fire or negative events [70]. The F1-score
(equation (1)) is the harmonic mean of precision and recall, balancing false positives and false negatives:

F1 = 2 ·
Precision ·Recall
Precision+Recall

. (1)

In addition to the F1-score, we also report accuracy (equation (2)), precision (equation (3)) and recall
(equation (4)) to explicitly quantify the overall fraction of correctly classified samples, the reliability of
positive predictions, and the ability to detect positive samples, respectively,

Accuracy=
TP+TN

TP+TN+ FP+ FN
, (2)

Precision=
TP

TP+ FP
, (3)

Recall=
TP

TP+ FN
. (4)

Here, TP (true positives) denotes correctly predicted fire-danger events, TN (true negatives) correctly
predicted non-fire-danger events, FP (false positives) non-fire-danger events incorrectly predicted as fire
danger, and FN (false negatives) fire-danger events that were not detected by the model. All four met-
rics range from 0 to 1, with values closer to 1 indicating better predictive performance. Furthermore, we
include the area under the precision-recall curve (AUPRC) as a threshold-independent metric that also
ranges from 0–1 [71]. AUPRC provides an indication of how well the positive and negative classes are
separated [71], with higher values reflecting stronger discriminative performance.
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2.4. xAI
Despite their overall high predictive performance, many ML models, particularly deep neural networks,
offer limited transparency in their decision-making processes. To address this limitation, and given the
growing demand for explainable methods in climate science [72], this study employs attribution-based
xAI techniques to uncover how input features shape fire predictions.

Different xAI methods rely on distinct assumptions and approximation strategies to estimate feature
influence, and therefore will yield at least somewhat different attribution patterns for the same trained
model. In this study, we employ two xAI approaches, SHAP values and integrated gradients (IGs), to
help mitigate the limitations of any single method. However, we advise readers to interpret these results
with caution, as post-hoc xAI methods have inherent limitations that are beyond the scope of this study
to address. For further discussion of these limitations, we refer the reader to [73].

To ensure a consistent cross-architecture explainability assessment, we apply SHAP uniformly across
all model classes, including both DL architectures and tree-based baselines (RF and XGBoost). IG is used
as a complementary method specifically for differentiable models, providing additional validation of
attribution patterns within the DL models. Both methods aim to explain model behavior without alter-
ing the underlying architecture, with SHAP offering local instance-level explanations and IG providing
path-averaged attributions that are only suited for deep neural networks. Other xAI approaches could
include off-the-shelf RF feature importance [74, 75] or the intrinsic interpretability of attention weights
in Transformers [76]. However, these methods are architecture-specific and therefore not suitable for our
study, which spans heterogeneous model classes.

SHAP values [77], provide a game-theoretic framework to assign each feature an importance score by
estimating its marginal contribution across all possible feature coalitions. SHAP values should be under-
stood as the estimated contribution of a given feature value to the difference between the model’s pre-
diction for the current instance and the mean model prediction, conditional on the current set of feature
values [78]. In practice, we applied Kernel SHAP, a model-agnostic approximation method [79] imple-
mented in the SHAP Python library [77], which balances accuracy and computational cost by requiring
fewer model evaluations than other sampling-based approaches [80]. To ensure stable attributions in this
high-dimensional setting (30 d ∗ 24 features = 720 inputs), Kernel SHAP was computed using a back-
ground set of 100 randomly selected test samples and n_samples = 1000 coalition samples per explained
instance. Computing SHAP values for the full test set (N = 4107) required approximately 2.4 h wall-
clock time on an NVIDIA A100 (40GB). For tree-based baselines (RF and XGB), SHAP values were
obtained via TreeExplainer contributions [81], which do not require coalition sampling and were com-
puted for the full test set in approximately 1.1 h wall-clock time on a CPU-only node.

IGs [82] quantify feature influence by computing gradients along a straight-line path from a baseline
input x′ to the actual input x, and to accumulate these gradients, thereby capturing how changes in each
feature affect the prediction. In this work, IGs are implemented using the Captum library, a PyTorch-
based framework [83] for model interpretability. The library provides a high-level interface for comput-
ing attributions across various neural network architectures without requiring changes to the underlying
model.

For xAI analyses, we used the fixed chronological split from the original Mesogeos study (training:
2006–2019, validation: 2020, testing: 2021–2022), as this setup best reflects real-world deployment condi-
tions where models are applied to unseen future data.

3. Results

3.1. Overall model performance
All ML models achieved strong classification performance, with mean F1-scores above 0.75 on the test
set table 1 and figure S1 in the supplementary material). To formally test performance differences among
models, we applied both parametric (ANOVA F-test) and non-parametric (Kruskal–Wallis [84]) ana-
lyses. For the F1-score, both tests rejected the null hypothesis of equal model performance (p< 10−14).
Post-hoc Dunn tests further confirmed that the RF baseline performed significantly worse than all neural
network models (p< 0.03 for all pairwise comparisons), consistent with prior wildfire prediction studies
[23, 24] in which DL models outperformed the RF baseline. For the XGB baseline, post-hoc comparis-
ons revealed smaller and less consistent performance differences, with only partial statistical significance
across DL models (see figure S6 for detailed results).

Beyond the F1-score, differences in Accuracy and Recall were also statistically significant under both
ANOVA and Kruskal–Wallis tests (p< 10−4). In contrast, no statistically significant differences were
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Table 1. AUPRC, Precision, Recall, F1-Score, and Accuracy test-set performance averaged over cross-validation runs for all model
classes. Overall, XGB and RF show consistently lower performance across the reported metrics compared to the DL models. For each
metric, the score of the best performing model is highlighted in bold.

Model AUPRC Precision Recall F1 Accuracy

Transformer 0.889 0.775 0.866 0.813 0.871

GTN 0.873 0.762 0.856 0.809 0.862

MLP 0.878 0.789 0.833 0.805 0.64

LSTM 0.876 0.769 0.844 0.805 0.864

TFT 0.877 0.779 0.827 0.801 0.860

GRU 0.874 0.772 0.843 0.800 0.861

CNN 0.857 0.756 0.829 0.788 0.851

XGB 0.872 0.765 0.815 0.786 0.852

RF 0.841 0.785 0.724 0.753 0.841

Figure 2. Spatial and temporal evaluation of model behavior. (a) Softmax probabilities predicted by the Transformer for positive
(top) and negative (bottom) test samples, where red indicates high fire danger and blue indicates low fire danger. The two stars
(in yellow and orange) mark the locations of two of the biggest fires in the test set, which are further analyzed in the case study in
section 3.6. (b) F1-scores of the Transformer and LSTMmodels across different temporal input lengths (5–30 d) for training, val-
idation, and testing. For each input length and model, a cross-validation was conducted with 10 different random initializations.
In each case, the model achieving the highest validation F1-score was selected and subsequently evaluated on the test set.

observed for Precision, with both parametric and non-parametric tests yielding p> 0.05, indicating that
none of the evaluated architectures demonstrated a clear advantage in reducing false positive predictions.

Among the DL architectures, the Transformer achieved the best performance in four out of five
reported metrics, including AUPRC, Recall, F1-score, and Accuracy (table 1). Additionally, subsequent
analyses revealed that Transformer models maintained performance particularly well under varying tem-
poral input windows (see section 3.3). However, no statistically significant differences were detected
among the DL architectures. Notably, the more complex attention-based variants, the TFT and GTN,
did not exhibit significant improvements over the baseline Transformer model.

Compared to the Mesogeos Track A benchmarks [32], our re-implementation of baseline architec-
tures (LSTM, Transformer, GTN) achieved slightly higher F1-scores through cross-validation and extens-
ive hyperparameter tuning, for instance improving the Transformer model from a previously reported
F1-score of 0.78–0.81 in our experiments. Incorporating additional architectures further increased over-
all performance, with nearly all DL models reaching or exceeding F1-scores values of 0.78. Consistent
improvements are also observed relative to prior wildfire-danger studies focusing on Greece and sur-
rounding regions. In [85], RF and CNN reached F1 = 0.631 and F1 ≈ 0.63, respectively, while [24]
reported RF performance of F1 = 0.703; in contrast, our cross-validated results yield F1 = 0.753 for RF
and F1 = 0.788 for CNN.

3.2. Spatial evaluation of model performance
To complement quantitative performance metrics, we visualized the spatial distribution of softmax prob-
abilities predicted by the best-performing model (Transformer) on the test set. In these maps, red points
denote predicted fires (positives), while blue points indicate predicted non-fire events (negatives). As
shown in figure 2, clear spatial heterogeneity emerges, in which model performance is stronger in coastal
regions (e.g. Croatia, Albania, Greece, and Sicily), while misclassifications occur more frequent inland.
This pattern suggests that training data imbalances, such as the disproportionate number of fire events

6



Mach. Learn.: Earth 2 (2026) 015014 P Becker et al

Table 2. F1-scores for coastal and inland predictions under two training setups: a single unified model and two separate models trained
with equal sample size. In both setups, coastal F1-scores exceed inland, though the average coastal-inland gap is smaller with two
separate models.

One model Two separate models (equal sample size)

Model F1-Coastal F1-Inland F1-Coastal F1-Inland

CNN 0.82 0.63 0.78 0.71

GRU 0.82 0.63 0.80 0.74

GTN 0.84 0.66 0.77 0.69

LSTM 0.82 0.63 0.78 0.74

MLP 0.81 0.64 0.78 0.72

RF 0.91 0.86 0.73 0.63

TFT 0.83 0.66 0.78 0.71

Transformer 0.85 0.62 0.79 0.73

XGB 0.81 0.60 0.82 0.66

in coastal versus inland regions, may influence model performance, reflecting a common challenge in
ML [86–88].

To test whether this pattern originates from dataset characteristics, we computed the Euclidean dis-
tance of each positive sample to the nearest coastline, defining fires within 100 km as coastal. Overall,
73% of positive fire events fall within this coastal zone, while 27% occur inland. While the overall class
distribution in the dataset is already imbalanced with approximately two thirds of samples labeled as
negative and one third as positive, this imbalance is further exacerbated geographically. If most of the
positive samples are concentrated in coastal areas and the majority of negative samples are located
inland, the model may struggle to generalize well to underrepresented inland fire events.

Beyond the overall performance metrics, we computed separate coastal and inland F1-scores on the
test data to quantify the coastal-inland effect. Across all architectures, coastal performance exceeded
inland performance (figure S2). Among the DL models, coastal-inland differences were consistently pro-
nounced (on average ∆F1 ⩾ 0.17), with the largest gap observed for the Transformer (F1,coastal = 0.84 vs
F1,inland = 0.62, ∆F1 = 0.226), whereas the RF exhibited only a modest difference (∆F1 = 0.05).

Statistical testing across the nine models confirms that these performance differences are robust:
Wilcoxon signed-rank tests, a suitable non-parametric alternative to the paired t-test given the small
sample size [89], show that coastal predictions achieve significantly higher F1 scores than inland pre-
dictions (0.84 vs 0.71, p= 0.0080, r= 0.89).

To further examine whether this F1-score disparity is merely a consequence of the smaller inland
sample size available for training, we tested a region-specific modeling strategy by subdividing the
dataset and training separate models for coastal and inland areas (table 2). This idea is similar to the
approach followed by Schmitt et al [88], who subdivided California into three ecosystem-based predic-
tion zones, the Southern and Northern California coasts and the Central Sierra Nevada mountain inland
region, to investigate whether such regional separation could improve model performance under imbal-
anced data conditions. In our case, we used the full set of available inland fire samples and randomly
selected an equal number of coastal samples from the training years to ensure comparable data volumes
between models, keeping all hyperparameters constant as in the overall performance assessment above.

Overall, the mean inland F1-score increased by ∆F1 ≈ 0.04 across models relative to the one-model
baseline, with the Transformer showing the largest gain (∆F1 = 0.11). This suggests that models trained
on more homogeneous environmental conditions can better capture region-specific fire dynamics. By
contrast, coastal performance decreased slightly when training two separate models, likely due to the
intentionally smaller sample size. Nevertheless, our findings confirm that even for the case of two sep-
arate models, we can still see the systematic effects in reduced inland performance as the coastal-inland
gap remains substantial in the two-model case (mean ∆F1 ≈ 0.07), even under region-specific train-
ing. An exception was the RF, whose inland F1-score decreased by ∆F1 =−0.23 when trained solely
on inland samples, suggesting it benefits primarily from larger overall sample sizes regardless of spatial
origin.

3.3. Performance dependence on temporal context length
We further evaluated the impact of historical input length (5–30 d) on predictive performance
(figure 2(b)). Across all temporal input lengths, the Transformer consistently outperformed the LSTM.
Its performance increased nearly linearly with longer input sequences up to about 25 d, after which it
began to plateau. This result demonstrates the advantage of attention-based models in capturing longer
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range temporal dependencies [59, 90]. In contrast, LSTM performance saturated after around 15 d and
declined for longer input sequences, reflecting its limited ability to retain long-term information, likely
due to the still remaining vanishing gradient problems, and the curse of dimensionality [76]. These res-
ults support prior studies [31, 91], which also reported that recurrent architectures tend to plateau with
increasing temporal context, whereas Transformers can more effectively exploit longer input horizons.

3.4. Explaining models
To assess the general relevance of input features for wildfire danger prediction, we computed mean abso-
lute SHAP values for each feature, averaged across all evaluated models. Figure 3(a) shows the features in
descending order of importance, where higher values indicate a stronger influence on model predictions.
Among all predictors, daytime land surface temperature (lst_day) emerges as the most important fea-
ture, followed by key meteorological drivers such as rh, 2m temperature (t2m), and total precipitation (tp).
Similar prominence of daytime land surface temperature has been reported in recent ML-based wildfire
prediction studies [24, 92, 93]. In contrast, static land-cover variables consistently exhibited low SHAP
values and small standard deviations, indicating that, for daily wildfire predictions in the Mediterranean
region, variations in land cover contribute less to our ML-based wildfire prediction than meteorological
variations. This finding aligns with expectations, as daily fire risk is primarily driven by weather, whereas
‘suitable’ land cover and vegetation states define the underlying conditions for fire occurrence. A corres-
ponding analysis using IGs for the DL models (figure S3(a)) yielded broadly consistent results, likewise
highlighting lst_day as the most influential predictor. However, IG showed larger variability across mod-
els (i.e. higher standard deviations of mean absolute attributions) and slightly lower importance for cor-
related temperature variables, an effect that may partly arise from the choice of a zero baseline in the IG
computation [94]. Further investigation is needed to systematically assess how different baseline choices
affect the stability and comparability of IG-based attributions.

Complementing the mean SHAP values, figure 3(b) presents a heatmap of feature ranks across ML
model types. Recurrent architectures such as LSTM and GRU exhibit nearly identical feature importance
patterns, reflecting their similar structure, while RF and XGB differ markedly from DL models. Both
emphasized variables such as soil moisture and slope, while down-weighting meteorological variables
such as lst_day and rh that dominate in neural architectures. This discrepancy may arise from architec-
tural differences, as tree-based models concentrate attribution on a few strong predictors via hierarchical
splitting, whereas DL models distribute importance more evenly across interacting features. To assess the
robustness of these attribution patterns with respect to model perturbations, we evaluated SHAP-based
feature rankings across Optuna-tuned model configurations with different hyperparameter settings and
across cross-validation folds. The rankings remained qualitatively consistent among models with sim-
ilar predictive performance. For comparison, the corresponding IG-based feature ranks are shown figure
S3(b). The rank patterns are broadly consistent with those obtained from SHAP.

Several caveats should be noted when interpreting these results. xAI techniques such as SHAP values
reflect the models’ learned behavior towards factors driving predictions, and not necessarily the causal
dynamics of wildfires. In essence, data-driven models of the kind employed here are primarily aimed
at maximizing predictive power rather than capturing actual process-based physical relationships or
causality [95–97], also subject to the choice and availability of predictors (how the regression problem
is framed). Still, as long as predictive accuracy generalizes across a large range of realistic settings, we
argue that the resulting models have value and should be checked for basic compatibility with scientific
intuition. Consequently, the xAI results presented here should not be overinterpreted but can serve to
characterize DL model behavior, including broad consistency with scientific knowledge, and potential
inconsistencies in behavior across DL architectures. Furthermore, the interpretation of SHAP values
must be taken with caution due to strong correlations among temperature-related variables (e.g. t2m-
lst_night: r= 0.67, see figure S5), which may cause attribution scores to be split or inconsistently distrib-
uted across redundant features [98, 99]. However, excluding variables such as t2m due to their strong
correlation with other important temperature variables is not advisable, as they offer robust and gap-
free coverage, unlike purely satellite-derived products that frequently contain missing values. They thus
offer additional information in times of missing values to some, otherwise higher ranked, variables. In
cases, such information might prove essential to realistically assess wildfire risk. Moreover, we also note
the intrinsic uncertainties in SHAP value approximation methods, especially in (close) relative variable
rankings [100].

While our primary analysis focuses on marginal feature relevance, we note that variable effects may
be non-additive and context-dependent. As an illustrative example, we provide second-order accumu-
lated local effects interaction plots for selected driver pairs in figure S7. A systematic and comprehens-
ive investigation of interaction effects across models is left for future work. Despite these limitations,
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Figure 3. Cross-model SHAP-based feature analysis. (a): average absolute SHAP values per feature across all models, sorted in
descending order of mean importance. Higher values indicate stronger influence on predictions. Bars show the mean absolute
SHAP value, and error bars denote the standard deviation across models. (b): heatmap of relative feature ranks across models,
with dark red indicating higher importance and blue lower relevance.

our analysis provides valuable insight into the models’ prediction processes and allows us to evaluate
whether the learned behavior is consistent with established scientific understanding of wildfire drivers, to
the degree possible in a complex system of interacting meteorological, vegetation, and human factors.

3.5. Model alignment with physical domain knowledge
Building on the work of Li et al [23], who emphasized the importance of evaluating models beyond pre-
dictive accuracy, we assessed the physical consistency of our ML models. For each feature, we compared
the sign of its SHAP value with the normalized input value relative to the expected direction of effect
derived from fire behavior literature (table S2). Only 19 out of the 24 predictors were included in this
analysis, excluding variables that exhibit ambiguous or highly context-dependent relationships with fire
occurrence [101, 102], such as ndvi, population, elevation (dem), surface pressure (sp), and LAI.

A sample was considered physically consistent if, for positively related features, high input values
were associated with positive SHAP values (or low inputs with negative SHAP values), and analogously
for negatively related features. The proportion of physically consistent samples per feature defines the
physical consistence score, illustrated in figure 4. For example, there are clear positive relationships for
temperature variables like t2m, d2m, lst_day, and lst_night that promote fuel drying and thus fire igni-
tion, aligned with findings by Chuvieco et al [103] and Di Giuseppe et al [21].

Among the DL architectures, the Transformer and GTN models achieved the highest degree of phys-
ical consistency, correctly capturing 11 of 19 relationships. In contrast, simpler models such as MLPs or
LSTMs captured fewer consistent associations. Interestingly, the RF and the XGB baseline models, with
the lowest F1-scores, outperformed all others in terms of physical consistency, capturing 13 and 12 out
of 19 relationships, respectively. This included several land cover classes representing different fuel avail-
abilities (e.g. lc_settlement, lc_waterbodies) that were not correctly represented by any DL model. Certain
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Figure 4. Physical consistency scores showing, for each feature-model pair, the proportion of samples in which SHAP-based
attributions align with expected physical relationships from the fire science literature. The sign of the expected relationship with
wildfire occurrence is indicated for each variable by± in brackets. Darker colors highlight higher consistency within a model; the
raw values are also provided as numbers.

variables, mainly static predictors such as lc_wetland, lc_shrubland, and wind_speed, were not correctly
captured by any model, indicating limited relevance for data-driven fire occurrence prediction. Future
work might explore if results would differ when other aspects of wildfire events are predicted, such as
the spatial extent of the associated burnt area, which might be much more dependent on, e.g. wind
speed than mere fire occurrence. In addition, it is unclear if the data-driven models can cleanly separ-
ate, e.g. wet-windy from hot-windy days, which would naturally be subject to very different wildfire risk,
covering a continuum of weather states.

3.6. Case studies: comparison of two fire events in spain
Our xAI analyses so far focused on an average view on how much the various features contribute to test
data predictions. However, these analyses did not reveal how the data-driven models arrived at individual
predictions, which might predict fire or non-fire events for very different reasons, on a case-by-case
basis. One might also wonder how sensitive these predictions are to specific input features, including
the role and relative weighting of highly collinear variables. To address these questions and better under-
stand the trade-offs between predictive skill and explainability, we examined two large fire events in
Spain’s Zamora province (Castilla y León) during summer 2022. We analyzed a false negative on June 15
and a TP on July 17 (figure S8). These case studies are indicated by star symbols in figure 2 (yellow for
June, orange for July). Despite their similar magnitudes and close geographic proximity, the Transformer
model assigned a low probability to the June event but correctly detected/predicted the July fire.

Figure 5 summarizes the temporal evolution of environmental conditions prior to each event. The
July fire was preceded by a distinct intensification of fire-conducive conditions, including steadily rising
surface and air temperatures (t2m, lst_day, lst_night) and decreasing soil moisture (smi), (rh), and veget-
ation indices (lai, ndvi). These signals were less pronounced in the June case, which was reportedly
ignited by lightning [104].

In figure 6(a), SHAP attributions explain the contrasting predictions. while the June event exhib-
its a strongly negative total SHAP sum suppressing fire probability, the July event shows strong posit-
ive contributions, mainly from temperature and humidity variables. Lower rh in July (rh) is particularly
decisive, driving high positive SHAP values, whereas higher humidity in June contributes less positively.
Consistently, a higher soil moisture index (smi) in June is associated with strong negative SHAP values,
reinforcing the suppressing effect of humid conditions. This highlights how meteorological conditions
during a heatwave and drought shifted feature contributions to favor a fire prediction in July but not in
June.

To test model reliance on land surface temperature, we performed an ablation experiment by retrain-
ing the Transformer without the lst_day feature as shown in figure 6(b). For the June fire, the predicted
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Figure 5. Temporal evolution of environmental variables before the two Spain fires 2022. The two arrows indicate the ignition
dates: yellow for the June fire and red for the July fire. The data is shown at the average location between the two ignition points
(41.82◦N, 6.13◦W). The two ignition points are only about 23.4 km apart in a straight line and are located at similar elevations.
The plots show a sharp rise in air and surface temperatures during the day accompanied by a decrease in soil moisture and relat-
ive humidity. Note that wildfire danger predictions are based on a 30 d temporal context window prior to each event, rather than
instantaneous values.

Figure 6. (a) SHAP attributions for the June fire (false negative in blue) and the July fire (true positive in red), highlighting dif-
ferences in the influence of temperature- and humidity-related drivers. (b) SHAP attributions for the June fire with (dark blue)
and without (light blue) the lst_day feature, showing that its exclusion increases fire probability and shifts contributions to other
temperature variables. The absolute SHAP values are displayed above the bars.

probability increased from 0.19 to 0.52, crossing the decision threshold and leading to a correct classific-
ation. Excluding lst_day also redistributed attributions, with other temperature-related variables (t2m,
d2m) receiving stronger positive influence. This suggests that lst_day can suppress predictions under
certain conditions, although the effect may depend on interactions with correlated drivers. DL architec-
tures maintained high performance even when key variables were removed. Broader analyses across more
events, however, would be required to determine whether such attribution instabilities reflect systematic
mechanisms behind misclassifications.

To further validate these findings, we computed the IG attributions for the same two fire events
(figure S4). The IGs were computed using a zero baseline (i.e. all input features set to zero), representing
an absence of signal from which the contribution of each feature was accumulated. Unlike the SHAP res-
ults, where the June event exhibited a strongly negative total attribution, the IG analysis yielded positive
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total attributions for both fires, though markedly higher for the July case. The stronger total IG value for
July again reflects higher model confidence during the extreme heat and drought conditions, whereas the
June case exhibits weaker positive attributions, with high soil moisture and rh reducing the overall fire
likelihood. When the lst_day feature was excluded, the total IG attribution further increased, consistent
with the SHAP-based ablation results.

4. Discussion & conclusion

Overall, all DL models achieved good predictive performance (F1 > 0.81), outperforming the two
baselines, consistent with Kondylatos et al [24], who also reported superior DL performance over RF for
wildfire forecasting in Greece. Performance differences among DL models were not statistically significant
at the 95% confidence level. Notably, more complex attention-based variants such as TFT and GTN did
not surpass a standard Transformer, suggesting that simpler attention mechanisms may be sufficient to
capture relevant temporal dependencies. Similar findings were reported by Kondylatos et al [24], where a
‘vanilla’ LSTM outperformed ConvLSTM, and by Di Giuseppe et al [21], who concluded that increased
ML complexity does not inherently improve forecasts, and that data quality and representation of the
fire triangle (i.e. weather, fuel and ignition) may be more influential than architectural sophistication
[21].

Temporal analysis showed that Transformers leverage longer historical contexts more efficiently than
LSTMs, with performance improving up to 30 d input windows. LSTM performance plateaued earlier,
reflecting its limitation in capturing extended temporal dependencies. This corroborates with Prapas et al
[31], who found that Transformers models degrade more gradually with increasing predictor dimen-
sionality using the global Seasfire data cube [105]. Similarly, Michail et al [91] showed that models
trained with longer time series achieve better and more stable performance but eventually saturate when
attempting very long-range forecasting, particularly for recurrent architectures such as GRU or LSTM.

We observed training data imbalances (e.g. the proportion of coastal vs inland fire events), which
were associated with reduced predictive performance in inland areas, reflecting a common challenge in
ML [86–88]. Adopting a region-specific modeling strategy by subdividing the dataset by region, and
training separate models for coastal and inland areas, as demonstrated in Schmitt et al [88], improved
the F1-score of inland fires by ∆0.04 by tailoring models to more homogeneous conditions. However,
this comes at the expense of reduced generalization.

Across DL architectures, SHAP and IG showed largely consistent patterns of feature importance
(figure 3(b)). The three most relevant predictors were temperature, rh, and precipitation, followed by
NDVI and d2m. Although these results align with intuitive expectations and prior studies [24, 79],
caution is warranted to avoid confirmation biases [106]. Moreover, human activity accounts for most
wildfire ignitions [107–111], yet human-related variables were not identified as influential predict-
ors. This likely reflects their coarse and indirect representation in the input data (e.g. country-level
annual population density, distance to roads), rather than a limitation specific to the models them-
selves. The xAI analyses revealed a trade-off between predictive accuracy and physical plausibility. While
the Transformer achieved the highest accuracy, the RF benchmark exhibited more physically consist-
ent predictor-predictand relationships, including some that were not well captured by the DL models.
The relative importance of these aspects depends on the intended application. In operational forecast-
ing, predictive skill may be an important factor to reduce false negatives. In scientific contexts, physic-
ally interpretable relationships may be equally relevant, particularly when assessing potential drivers of
wildfire risk under climate change scenarios [112–114]. While presenting explainability results along-
side predictive performance does not imply that the model encodes human domain knowledge, it allows
an assessment of whether learned model behavior is consistent with established physical understand-
ing. Such analysis can support trust and transparency, help diagnose potential model biases, and provide
guidance for future model refinement. A direction for future research lies in moving from descriptive
to causal explainability, that is, from identifying which features drive model predictions, toward estab-
lishing why those features matter in terms of underlying physical mechanisms. Integrating causal infer-
ence frameworks, such as structural causal models, with post-hoc xAI methods would allow research-
ers to test whether the associations surfaced by model explanations reflect genuine causal pathways or
merely statistical dependencies encoded in the training data. In this context, Mengaldo [115] proposes a
framework in which interpretability outputs serve as a bridge between machine-learned representations
and human domain knowledge, enabling hypothesis generation precisely in cases where model behavior
diverges from established understanding.
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Overall, our results show that temporal DL models, particularly Transformers, can significantly
improve next-day wildfire danger forecasting compared to tree-based algorithms. Their advantage lies in
their ability to leverage extended temporal context to enhance predictive skill. However, assessing phys-
ical plausibility remains important for interpreting model behavior and guiding model selection accord-
ing to the intended application. Model performance is also influenced by data quality and represent-
ativeness. In particular, data imbalances and the coarse, indirect representation of certain drivers (e.g.
human-related variables) may limit their spatial performance and the models’ ability to reliably capture
the physical relationships underlying wildfire risk. Future work should further investigate interactions
among drivers and could adopt more causal perspectives. Systematic analyses of model behavior under
different ignition mechanisms, for example human-induced versus naturally caused fires, could provide
novel insights into fire mechanisms and support more robust fire prevention, control, and operational
forecasting.
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