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Abstract

Forest re prediction involves estimating the
likelihood of re ignition or related risk levels in a
speci ¢ area over a de ned time period. With climate
change intensifying re behavior and frequency,
accurate prediction has become one of the most
pressing challenges in Articial Intelligence (Al).
Traditionally, re ignition is approached as a binary
classi cation task in the literature. However, this
formulation oversimpli es the problem, especially from
the perspective of end-users such as re ghters. In
general, as is the case in France, re ghting units are
organized by department, each with its own terrain,
climate conditions, and historical experience with re
events. Consequently, re risk should be modeled in a
way that is sensitive to local conditions and does not
assume uniform risk across all regions. This knowledge
is generally ignore in the current researches on wild re
prediction with Al. This paper proposes a new approach
and a new database that tailors re risk assessment to
departmental contexts, offering more actionable and
region-speci ¢ predictions for operational use. With
this, we present the rst national-scale Al benchmark
for metropolitan France using state-of-the-art Al models
on a relatively unexplored dataset. Finally, we offer a
summary of important future works that should be taken
into account. Supplementary materials are available
on github NicolasCaronPro/Localized-Forest-Fire-
Risk-Prediction-ADepartment-Aware-Approach-for-
Operational-DecisionSupport.

Introduction

risks related to smoke inhalation and post- re water contam-
ination are also signi cant concerns, [2, 3]. Ecologically,
these res can cause irreversible harm to unique ecosystems.
Additionally, wild res contribute to topsoil erosion, threat-
ening agriculture and leading to landslides in hilly terrains.
Lastly, the emissions from these res contribute not only to
local air pollution but also to France’s national carbon foot-
print, further complicating efforts to combat climate change.
According to Reporterre (2024), more than 4,000 hectares
have burned in 2024.

1.1 Problem formulation

In this work, the problem of predicting the future forest
re risk is considered. We de ne the wild re prediction in
de nition 1.

De nition 1 Wild re prediction : Predict the future risk of
wild re ignition (or a linked-value)V in a particular areaA,
for a particular time rangel . Knowing a particular set of
characteristicd, we can mathematically de ne the risk of
wild re as:

VAT)=R(FAT))

where R is a particular set of functions or an algorithm that
calculates the risk value.

1.2 State of the art

In the literature, we found publicly available datasets used to
address the wild re prediction problem.

Kondylatos et al. 4] released a dataset for wild re hazard
prediction in Greece, covering the period 2009 2021 at a

The immediate cost of wild re suppression, compensatifajly spatial resolution of approximately km?. The dataset

for damaged property, and the aftermath of lost agricultufgtegrates meteorological variables, land cover, and popu-
productivity and tourism put a strain on local economigsion data. Each le is about 23 GB in size, which raises
For instance, the 2017 wild res in the Mediterranean regiQfigni cant challenges for memory usage and accessibility.

resulted in estimated economic damages excee@2@0

The SeaFire Cube platform][offers 21 years of global

million, according to Le Monde (2017). From a human pgf5ta (2001 2021), 8-day interval§;25 resolution. It in-

spective, wild res in France often lead to evacuations, som&;des atmospheric, climate, vegetation, socioeconomic, and
times involving thousands of residents and tourists. Health
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re variables (burned area, G} Easy to access with tuto-
rials, it suits seasonal prediction but not ne-scale manage-

ment. Michail et al. §] used it with GraphCast], reaching
global AUPRCO0:64, but only0:20in Europe, highlighting

to facilitate categorical handling. All features are ag-
gregated into ar2;km 2;km 1 day xarray. To
manage memory, only one departmental cube is loaded
at a time this increases aggregation time but enables

poor regional generalization and the need for domain-speci ¢
models. the whole of France. We demonstrate usage through re

The EO4WildFires benchmarB]targets severity forecast-  count prediction with an ordinal classi cation scheme,
ing (affected area). It combines multi-sensor series (Sentinel- though the dataset also supports broader applications in
1, Sentinel-2, NASA Power) for 31,730 events across 45 risk management and analysis. Similar studiegi®]
countries (2018 2022), annotated with EFFISZ5 GB in can likewise be conducted.
one le). Itis rich in features (temperature, precipitation, soil
moisture, snow), but large volume hampers usability.

Mesogeos 9] provides a dataset for the Mediterranean
region spanning 2006 2022, with a daily spatial resolution
of approximatelyl; km? and 27 variables covering meteorol-
ogy, vegetation, land cover, and human activity. It includes
records of ignitions and burned areas larger than 30 ha. De-
spite the availability of extraction tools and a leaderboard, the
dataset’s large volume poses signi cant challenges. More-
over, excluding smaller res also removes important signals,
such as detection time and response ef ciency. Among the
evaluated models (LSTM, GTN, and Transformer), LSTM
achieved the best performance.

Across all these datasets, the wild re risk prediction prob-
lem is typically treated as a binary classi cation task (usir‘g
the predicted probability to generate risk maps). Employing

a very ne spatial resolution (1 km 1 km) allows for a |, his section, we present the original re source we used

detailed representation of spatial variables (e.g., land coygreonsiryct the database along with the original features
vegetation dryness). However, this also introduces a strQdg; ces.

bias in the evaluation of metrics, since only a tiny fraction of
the test samples correspond to re events (e.g., only 1,228 . .
re pixels in [4] out of several million pixels). Furthermore2-1 Processing Fire occurrence and Burned

the aspect of model calibration has rarely been studied and Area

rbnodnelsr o\l:tednt:]e[?[hcaterknovc\j/rrw h|gh:(r|§k ZOnes, V\ihll,irllt h%?:)IFF is an internet application designed to centralize all
een proved that accuracy drops at ne scald 11]. data on forest res across French territory since 2006 and

Otr?elz“m'fﬁt'?nﬂ']s f[he Iar_ge me[norquonITumpnorlw reqwtre ake this information available to the public and state ser-
WhICh restricts their use in practice. Finally, one elemen r.]\%es. Fire locations are referenced by the name of the city
provided by current datasets is information on the organi ere they occurred; coordinates are not provided. Fire are
tion of re ghting units within each country, even though '

. - = . . ! . ned, notably, by the BA.
risk predlptmn should ideally be aligned with this scale gfeData from J)l/mey 12, 2017, to December 31, 2024 were
organization. collected. The years 2017 2020 and 2022 were used for
training, 2021 and 2024 for validation, and 2023 for testing.
Due to the severity of re activity in 2022, it was included
in the training set, while a more typical years was selected
for validation. We did not include 2024 in the test split but
1. Unlike existing public datasets, ours integrates the &ged it for validation, because it was a relatively low- re year
ministrative structure of French departments, whid¢about 1,600 res vs. 2,300 in 2023), which would make it a
aligns with the re service organization and makes prigss reliable test year.
dictions more realistic for operational use. We incorpo-City names were used to geolocate re points and to gen-
rate calendar features (day, holidays, etc.), detailed @iate2;km 2;km rasters for each department. Two daily
est cover information (tree species), re ned land covédrgets were de ned: Fire Occurrence (FO) and Burned Area
and a comprehensive set of re indices (FWI, NesterdBA). Instead of treating these as binary or regression tasks,
Angstrom). Spatial data are provided in two formats

exible study areas ranging from a single department to

2. Binary wild re danger ignores France’s regional hetero-
geneity: two ignitions in low-risk Brittany may indicate

a crisis, while the same in Mediterranean areas is rou-
tine. Standard models atten these contrasts, trivializing
near-certain summer res in the south and exaggerat-
ing sparse events elsewhere. This uniformity misguides
resource allocation. The prediction of the number of
res (or of the total burned area) is very random (4 vs.
5vs. 6 res), which may also limit the model’'s conver-
gence. We thus propose the rst national Al benchmark
for metropolitan France, replacing binary labels with a
region-aware multi-class scheme.

Constructing the database

1.3 Contribution

Our contribution rests on two main points:



Figure 1: Database construction process applied in this study. Apart from the target-related process, for which we show
Bouches-du-Rbine, the department shown is Ain.

we reformulated them as multi-class problems by construustorical pro le. The resulting class distributions show a

ing an ordinal ve-class signal for both FO and BA usingtrong imbalance, with class 0 dominating. Class 1 is the

K-Means clustering. Class 0 corresponds to the absencenofkt frequent among positive classes for both targets. Su-

re, while positive samples were grouped into four levelgerior classes (2,3 and 4) are underrepresented, specially in

(Normal, Medium, High, Extreme). This approach emphBA.

sizes typical rather than absolute values, thereby adapting to

depart_mental va_riability and improving interpretability pr_Z Processing Features

re ghting operations. All predictions are made at the daily

scale. The features used in this database fall into four categories
Figure 2 compares class distributions between the Medifdable 1): Meteorological, Topographic, Socio-Economic,

ranean basin and the rest of France. Daily FO levels arel Historical. Most were rasterized into 2 km resolution

similar nationwide (except for class 3 and 4, which are cafatacubes for consistency, except for historical data, which

centrated in the Mediterranean). For the BA, class 4 shomgre computed at the site level (see Figure 1).

high variance, suggesting that extreme events are scatteredvieteorological data were calculated on &t 11 grid

and department-speci c. This supports the idea that our clpsr department. Fire indices followed standard methods and

tering method enhances predictability but may obscure maere reset annually. The precipitation index, based on Chen

erate events when extreme cases dominate a departmental. [12], captures short-term rainfall variation and was



Table 1: Summary of features used in this study. - means the same as above.

Variables Frequency Source \ Variables Frequency Source
Meteorological Topographic
Temperature 12h, 16h Meteostat Elevation Static CourbesDeNiveau
(IGN)
Dew Point - - Forest landcover - BDForet (IGN)
Precipitation - - Landcover - Corine
Wind Direction - - NDVI, NDSI, NDMI, NDBI, 15days GEE (landsat
NDWI 1+2)
Wind Speed - - Swelling-shrinking of clays - -
Precipitation in Last 24 hours - -
Snow height - -
Sum of last 7 days rain drop - -
Day since last rain 12h -
Nesterov - redanger
Munger - -
KBDI - -
Angstroem - -
BUI, ISI, FFMC, DMC, FWI, - -
Daily severity rating - -
Precipitation Index last 3, 5, and - Calculated
9 days
Socio-Economic Historical
Highway Static BDRoute (IGN) | Past risk Daily Calculated
Population - Kontur Past risk BA - -
Calendar Daily Cluster Static -
Department - -
computed directly on the 3D raster. but some classes were merged in order to aggregate similar

- Past risk and BA features represent prior re activityinformation (such as snow and rock simulate no vegetation
processed using cubic kernel convolution (5 classes) amda). Therefore, logical reduction was applied to retain only
shifted by one day. The kernel size was based on the atles-land cover classes most relevant to forest res: Urban,
age re sequence duration, with a 3-day inactivity threshotdansport, forest, natural vegetation, agriculture, grassland,
de ning sequence boundaries. natural non-vegetation area, littoral, water area, and wetland.

- Cluster variables were derived using K-Means clustel€ode is available in the supplementary materials.
ing with Dynamic Time Warping 13], grouping departments Except for Department, Historical, and Calendar data,
with similar re patterns. all spatial features were aggregated (min, max, mean) by

- Calendar features capture daily context (e.g., weekdaysluster. Finally, all variables aside from Past risk and Past
holidays, curfews) and were encoded using CatBab4t [ BA were standardized.
based on departmental re totals. Aggregated statisticsStoring all x-array les requires about 150 GB, with each
(mean, sum, min, max) were computed across encoderddta cube averaging 1.5 GB. Building all x-arrays can take
represent calendar risk. several days - up to a week. We used a Dell Precision 7780

- Categorical features were also CatBoost-encoded usingith 32 GB of RAM and a 13th Gen Intelfi Core i7-
re counts per pixel. Where needed, rasters were also splitI83850HX (28 cores). We do not currently have the rights to
subcategories (e.g., primary vs. secondary roads) to pres@uhlish the xarray les, but the code for downloading and
detail lost at 2 km resolution. NDVI, NDSI, NDBI, NDMI, reconstructing them is released on GitHub. Automated down-
and NDWI (Normalized Difference Vegetation, Snow, Buildeading of raw data is provided where possible; however,
up, Moisture, and Water Index) are satellite indices calculateoime features (e.g., CORINE and GEE) require authentica-
using Landsat 1 and 2 bands. These indices represent keyien- All steps is documented.
vironmental characteristics such as vegetation density, snow
cover, built-up areas, soil moisture, and surface water pres-
ence all of which are relevant for assessing re risk. The
Corine database originally contains 44 land cover classes,



quences. All models were trained with CrossEntropy loss.
The learning rate for deep learning models was set to 0.00005.
All model parameters were tuned based on validation perfor-
mance, mainly on horizon 0. The FWI system is based on
the classi cation proposed by Dupire et. 4F. Standard
deviation has been calculating at each step of the training
process with 5 runs.

Table 2: Models used for the benchmark.
@

Model Description
Logistic Regression A linear model that estimates class probabilities using the logistic fungtion,
optimized via cross-entropy. Simple and interpretable but limited for highly
non-linear relationships.
XGBoost An optimized gradient boosting algorithm using second-order derivatives and
regularization for ef ciency and robustness. Fast and accurate, though joften
requires careful hyperparameter tuning.
CatBoost A gradient boosting method on decision trees that handles categorical features
natively with ordered encodings. Strong performance on tabular data|with
minimal tuning.
MLP A Multi-Layer Perceptron applying three ReLU-activated fully connected layers,
outputting class probabilities through a Softmax head.
DilatedCNN (1D) | Stacks dilated 1D convolutions with normalization and dropout before a linear
classi cation head producing class scores and Softmax probabilities from the
nal time step.
GraphCastGRU Encodes temporal signals with a GRU, feeds embedding&rphCast , and
(b) applies linear layers plus Softmax activation for graph-level class predictipns.
LSTM Processes sequences with an LSTM block (optionally layer-normalized), applies
dropout and ReLU-activated linear layers, and outputs class probabilities|via a
Softmax classi er.
GRU Uses a stacked GRU to summarize temporal dynamics, applies normalization
and dropout, then maps the hidden state through linear layers followed by
Softmax for classi cation outputs.

>

Figure 2: Distribution of FO (a) and BA (b) classes risk i
the Mediterranean basin and the rest of France. Histograms
have been computed relative to the category -Mediterranea
(orange) or not (blue)- taking all horizons together.

Ve evaluate the models’ performance on each target using
two main metrics:

1. Binary F1 score, which measures the performance of

. predicting the presence of at least one re. Additionally,
2.3 Features selection we report the precision and recall scores.
This process produced a total of 261 features. Those with ng
variance and those highly correlated with each other (Pear-
son, Spearman, and Kendall correlation threshold of 0.95)
were removed, retaining those with the highest variance. This
selection resulted in 162 features. The nal feature list is
accessible in the supplementary materials. The nal dataset
is composed of 2,758 unique dates (with 2,192 dates corre-
sponding to a re in France), across 92 departments (Paris
was not include due to lack reliability concerning re. Corse
was not include due to the different vegetation compared to
the rest of France), for a total of 253,736 rows.

Silva et al. [L6] introduce AUOC, a metric that jointly
captures classi cation accuracy and ranking error while
accounting for class imbalance and unobserved cat-
egories. It is computed by tracing paths along the
confusion-matrix diagonal, with a Bene t term reward-
ing large correct entries and a Penalty term proportional
to the distance from the diagonal. A perfect model will
give an auoc of 0. AUOC is less penalizing when a re
event is predicted as a nearby but incorrect class (e.qg.,
predicting class 0 instead of 1) and vice versa.

3. Intersection over Union (loU), which measures how

3  Models well the predicted risk aIign; with actua_l risk wh_en an
event occurs. loU is well-suited for multiclass wild re

prediction as it accounts for class uncertainty and pre-
serves class ordinality predicting class 1 instead of 4
is penalized less than predicting 0. With this metric, a
false prediction is penalized proportionally to the class
(O to 4 is worst than 0 to 1 and vice versa).

The models used are described in detail in table 2, description
of the deep learning layer parameters, and tree-based con-
guration is available in the supplementary materials. The
data imbalance problem was addressed by testing various
proportions of class 0, starting froB%o to 100% with a

step of5%. The percentage selected maximize the Intersec-
tion over Union on the validation set. Time series models
(LSTM, GRU, DilatedCNN) were tested with 10 days se-



4 Results across models, compared to 0.21 0.23 for BA. This indi-
cates that FO, as a target, is more predictable, whereas BA
Tables 3 present the models performance for predicting ffdolves higher uncertainty linked to the dynamics of re
and BA. Table 4 present the models performance for predigiread. There are several reasons that may explain this phe-
ing re risk in each department. This is give by equationdomenon: (1) Burned Area is inherently a more stochastic
for T being each studied area (here French department), didet compared to occurrence, as it depends not only on

score a score function. ignition but also on spread dynamics in uenced by local
Z . conditions. (2) As observed earlier, the class distribution of
score(t) dt Burned Arga is more imbalanced Fhan_ that of Fire Occur-
Score = z $ (1) rence, leading models to underpredict higher BA classes and

thus lowering performance metrics.
max.score dt

0
This score analyze how well the model is able to predi#t4 Binary vs. Multi-class Evaluation

everywhere. The idea behind this equation is to compare g\ﬁary and multi-class models achieve relatively close F1

area ulr_wde(; Lheﬂ(iurve r_epresentmg ehach (iefpartmehnts tscs Sres. For FO, binary CatBoost reaches F1 = 0.13 under
normaiized by the maximum score (here 1 for each me Nea normalization, while multi-class CatBoost scores 0.13
By selecting the departments where at least one re occurre

in 2023, we can evaluate the model’s ability to make pred well. GRU binary and multi-class both yield F1 = 0.16.

. S ; . owever, precision-recall trade-offs differ: binary classi ers
tions within each department. Note that this equation wor, $hd to favor higher recall (e.g., 0.26 for GRU binary) at
when the score has a maximum value and this value is Ty

best value possible. For that reason we don't compute & cost of lower precision (0.13), while multi-class models
stvaiue possible. For eason w pu fhain more balanced (precision around 0.13 0.15, recall
area score for auoc (minimum is better).

around 0.22 0.27).

This con rms that probability prediction alone is not suf-
4.1 Model Performance on Global Metrics cient at this scale: the ordinal structure of re risk levels
rries valuable information that can be better leveraged.
reover, both global and area-normalized results show that
her improvements require going beyond pure probability

.. C
Across all models and tasks, recall values are consmterﬂ‘{il
higher than precision, both in global and area-normalizF
. ; . - urt
evaluations. For instance, in FO prediction, CatBoost reac%(a% uts
arecall of 0.51 versus a precision of 0.37, while GRU attainsc’;veré” these ndinas underline the necessity of multi-
0.56 recall for only 0.31 precision. This behavior is desirable, . ' ; 9 e ccessity of T
metric evaluation. Recall-oriented behavior is well aligned

ially in low risk region where missing an | re. .
speciafly In Tow Tsk regio ere missing an actua With operational needs, but only models such as GraphCast-

is more critical than producing false alarms. We obser . . .

that FWI achieves the highest recall with the lowest AUOI %sutrﬁgnrqnbcl)rs]te;]rlc?rrr]]iZilnEJO;:o?}s;rcohn?olrolgc(:gliigt):; ?gs;:tslﬁng?g

while the other metrics remain very low. This suggests th ? : o )
ction in France. The generalization accross department is a

the metric, in its original implementation, has rather I|m|tec{iII a main challenge. Figure 3 shows predictions obtain by

2 S
relevance for predicting occurrences GraphCastGRU in Bouches du &fe. Based on theses pre-

) ) dictions we can clearly see the challenging task of predicting
4.2 Model-Speci ¢c Observations highest classes.

Among all tested models, CatBoost and GraphCastGRU
achieve the best F1 scores (both 0.43). GraphCastGRU offers
superior recall (0.60 vs. 0.33 precision), a higher loU (0.25
compared to CatBoost’s 0.24), and better spatial generaliza-
tion. From the area-normalized evaluation, GraphCastGRU
maintains F1 = 0.16, loU = 0.09 for FO, and loU = 0.08 for
BA.

. Figure 3: GraphCastGRU diction for Bouches du Rh i
43 Comparlson Of FO and BA 20923. raphCas prediction Tor bouches au one In
When comparing the average loU values of Fire Occurrence
(FO) and Burned Area (BA), FO appears slightly easier to
predict. Global loU scores for FO range between 0.22 0.24



Table 3: Model comparison for FO and BA at 0-day LR
stands for Logistic Regression. We do not show FWI per-
formance on BA as it is made for FO. In addition, loU is
not shown for binary models as it is not comparable with
multi-classi cation. Best values are shown in bold.

Model FO BA

F1 Prec Rec loU auoc loU auoc
FWI 0.17 0.10 0.87 0.06 0.619 - -
LR 0.39-0.01 0.28-0.00 0.65-0.01 0.23-0.00 0.66-0{0D.24-0.00 0.71-0.0
catboost 0.43-0.00 0.37-0.00 0.51-0.00 0.24-0.00 0.72-0/00.25-0.00 0.71-0.0Q
xghoost 0.42-0.01 0.32-0.01 0.60-0.01 0.24-0.00 0.70-0{0D.25-0.00 0.71-0.01
GRU 0.40-0.01 0.31-0.01 056-0.04 0.23-0.00 0.70-0/0223-0.01 0.71-0.01
LSTM 0.40-0.01 0.29-0.01 061-0.01 0.23-0.00 0.69-0/0023-0.01 0.70-0.01
MLP 0.39-0.01 0.31-0.02 0.52-0.02 0.22-0.01 0.71-0{00.21-0.01 0.69- 0.0
DilatedCNN 0.35-0.01 0.24-0.01 061-0.02 0.20-0.01 0.70-0/00.21-0.01 0.71-0.01
graphCastGRU | 0.43-0.01 0.33-0.02 0.60-0.05 0.25-0.00 0.70-0{00.25-0.01 0.71-0.01
catboost Binary| 0.43-0.00 0.37-0.01 0.50-0.01 - - - -
GRU Binary 0.40-0.01 0.30-0.01 0.62-0.01
NetMLP Binary | 0.39-0.01 0.30-0.01 0.55-0.02

Figure 4: Top 15 features computed on multi-classi cation
Catboost model on different time horizons for FO. ID encoder

. corresponds to Department ID
Table 4: Area model comparison for FO and BA at 0-day P P

prediction.

Model =1 Prec FO ReG o0 f)ﬁ - Clustering Current risk classes are based solely on his-
FwI 0.14 0.08 0.83 0.058 - torical FOs and BA at the departmental level. Incorporating
LR 0.15-0.01 0.14-0.01 0.29-0.01 0.09-0.0®.08-0.00 . .. .

cathoost 013-000 013-000 0.18-000 007-0.0m08—000 S€asonal dataand clustering similar regions may help capture
xgboost 015-0.00 013-001 024-000 009-00®08-001) rigk dynamics that go beyond purely historical patterns.

GRU 0.16-0.02 0.13-0.02 0.24-0.04 0.09-0.0®.08-0.00

LST™M 0.16-0.01 0.13-0.01 0.27-0.01 0.09-0.0®.09-0.01

MLP 0.15-0.01 0.15-0.01 0.22-0.02 0.08-0.0D.09-0.00 . . . .. . .

DilatedCNN | 0.16-001 0.12-001 0.31-003 009-000.09-001| - Qrdinal Classication Training Risk levels are inher-
graphCastGRU| 0.16-0.00 0.14-001 0.23-0.04 0.09-0.0®.08-001| ently ordered, yet current models treat them as independent
catboost Binary| 0.13-0.01 0.13-0.00 0.18-0.00 - - . .

GRUBinary | 0.16-0.00 0.13-001 0.26—0.01 i . categories. Future work could leverage ordinal-aware loss
NetMLP Binary | 0.16-001 015-002 0.24-0.01 - - functions (e.g., Kappa loss) to exploit this structure and better

handle class imbalance.

- Federated Learning A single global model may overlook
important regional patterns. Federated learning would allow
Aqgch region or cluster to train a specialized model while still

We investigated feature importance by computing SH ) .
values on the multi-class CatBoost model. Figure 4 shoWsne ting from shared knowledge to enhance generalization.

the top 15 features for FO. A corresponding gure for BA’his approach would also facilitate the inclusion of over-
prediction is provided in the supplementary materials. seas departments and Corsica, which have been excluded

Fire prediction is primarily driven by historical and shorfhus far due to their signi cantly different vegetation and

term signals. Encoded temporal variables, spatial cIusteri'r?g’f,teoromgICaI conditions compared to mainland France.

and immediate weather conditions dominate the model’'s
decision-making. Fire danger indices, relative humidity, andiltering Features  Our analysis of feature importance
vegetation-speci ¢ factors such as the presence of pinéevealed that historical variables are strong predictors in re-
trees also contribute meaningfully. gions with frequent past re activity. While these features
Historical features are strong predictors in historically deelp the model capture seasonal re trends, their static na-
tive regions but can hurt generalization in low-risk or emerigire may bias predictions toward past patterns and overlook
ing areas. While they help the models to easily detect #i@erging re-prone areas. Reducing their in uence during
seasonal trend of re, their static nature biases the modeltf@ining could help the model prioritize more transferable

ward past patterns, potentially missing new re-prone zonégatures. We also acknowledge that 2D convolutional net-
works such as ResNet and ConvLSTM were not included in

. . our benchmark. Although effective for spatial tasks like ne-
6 Discussion scale map prediction, their high computational cost made
them unsuitable for our department-scale feature set. We

plan to explore 2D CNNs (after dimensionality reduction) in
In this section, we outline several possible directions fRture work.

future work aimed at improving current model performance.

5 Features importance
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Conclusion

In this work, we introduced a new nationwide database for
wild re risk prediction, speci cally aligned with the depart-
mental organization of French re ghting services and en-
riched with local variables such as calendar features. While

this dataset can serve broader research domains, we proposed

Suman Ravuri, Timo Ewalds, Zach Eaton-Rosen, Wei-
hua Hu, Alexander Merose, Stephan Hoyer, George
Holland, Oriol Vinyals, Jacklynn Stott, Alexander
Pritzel, Shakir Mohamed, and Peter Battaglia. Graph-
cast: Learning skillful medium-range global weather
forecasting, 2023.

the rst benchmark for predicting both re occurrence andl8] Dimitris Sykas, Dimitris Zografakis, Konstantinos De-
burned area using an ordinal classi cation scheme, a novel
approach in this context. Our experiments highlight three

key

ndings: (1) multi-class prediction provides a clear ad-

vantage over binary formulations at this scale, (2) GraphCast-

GRU achieves the best overall performance across metri

which corroborate with ndings of€], and (3) the current
ordinal scheme is less suitable for burned area prediction.
Future directions include exploring ordinal-aware loss func-
tions, applying federated learning to assess generalization,
and testing more computationally demanding architectufésl
such as CNNs and Transformers to better capture spatial and
temporal dependencies.
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