
This document was produced under the terms and conditions of Grant 
Agreement No. 101037419 of the European Commission. It does not necessarily 
reflect the view of the European Union and in no way anticipates the 
Commission’s future policy in this area. 

 

www.fire-res.eu 

fire-res@ctfc.cat  
: FIRE-RES 

: Innovative technologies and socio-ecological-economic solutions for fire 
resilient territories in Europe 

: H2020-LC-GD-1-1-2020 (Preventing and fighting extreme wildfires with the 
integration and demonstration of innovative means) 
 

: 1 

: 1.2  

: Institut national de recherche pour l’agriculture, l’alimentation et 
l’environnement, INRAE 

 Institut national de recherche pour l’agriculture, 
l’alimentation et l’environnement, INRAE 

http://www.fire-res.eu/
mailto:fire-res@ctfc.cat


 

 
 

: 17/03/2025 

: Ruffault, Julien (INRAE); Pimont, François, (INRAE); Opitz, Thomas, (INRAE); 
Dupuy, Jean-Luc (INRAE). 

: Extreme wildfire events (EWEs), defined here as wildfires exceeding 5,000 ha, 
are a growing concern across European landscapes, posing important threats to 
economies, ecosystems and human safety. Accurate and timely warnings are essential to 
prevent and mitigate their devastating impacts. We leveraged advanced probabilistic 
modelling to forecast the daily occurrence of EWEs at an 8 km resolution across Europe 
up to 9 days in advance. Our model significantly improved the estimation of EWE 
probability while providing key insights into the environmental and climatic drivers of 
EWEs. Compared to the Fire Weather Index (FWI), our model increased precision by a 
factor 5 for EWE predictions at the NUTS3 level and by a factor of 10 at 8km resolution”. 
Precision, defined as the proportion of correct EWE predictions among all EWE alerts, was 
evaluated at a detection threshold that captures 50% of observed events. To assess its 
operational relevance, we evaluated the model’s forecasting skill in a test area. Our 
results demonstrate that EWE forecasts up to nine days in advance outperformed FWI-
based nowcasts, emphasizing the model’s potential for operational use and its superiority 
in anticipating EWEs compared to current fire danger rating systems. 

: Extreme wildfires, Forecasting, Fire weather, Probabilistic modelling, Europe 

: Ruffault, J. Pimont, F., Opitz, T., Dupuy J-L. (2025). Piloting early-warning 
indicators of Extreme wildfire events incorporating fire-weather and vegetation 
conditions. FIRE-RES project. 57 pages. DOI: 10.5281/zenodo.15040271 

: 10.5281/zenodo.15040271  

[x] PU- Public: must be available in the website 

[ ] CO- Confidential: Only for members of the Consortium and the Commission Services 

[ ] CI – Classified: As referred in to Commission Decision 2001/844/EC 

  

https://gencat.sharepoint.com/sites/PRJFIRE-RESIntranet/Documents%20compartits/General/Deliverables-Draft/10.5281/zenodo.15040271


 

 
 

 

13/02/2025 Draft 
Ruffault Julien (INRAE), Pimont François (INRAE), 
Opitz Thomas (INRAE) ; Dupuy Jean-Luc (INRAE) 

01/03/2025 Revision 1 
Pere Casals (CTFC), Kostas Kalabokidis 
(UAEGEAN) 

10/03/2025 Draft 2 
Ruffault Julien (INRAE), Pimont François (INRAE), 
Opitz Thomas (INRAE); Dupuy Jean-Luc (INRAE) 

12/03/2025 Revision 2 Brunet Pau (CTFC) 

17/03/2025 Final 
Version 

Ruffault Julien (INRAE), Pimont François (INRAE), 
Opitz Thomas (INRAE) ; Dupuy Jean-Luc (INRAE) 

 

  



 

 
 

 

 

 

 

 

 

 

 

 

Copyright © All rights reserved. This document or any part thereof may not be made 
public or disclosed, copied or otherwise reproduced or used in any form or by any means, 
without prior permission in writing from the FIRE-RES Consortium. Neither the FIRE-RES 
Consortium nor any of its members, their officers, employees or agents shall be liable or 
responsible, in negligence or otherwise, for any loss, damage or expense whatever 
sustained by any person as a result of the use, in any manner or form, of any knowledge, 
information or data contained in this document, or due to any inaccuracy, omission or 
error therein contained.  

All Intellectual Property Rights, know-how and information provided by and/or arising 
from this document, such as designs, documentation, as well as preparatory material in 
that regard, is and shall remain the exclusive property of the FIRE-RES Consortium and 
any of its members or its licensors. Nothing contained in this document shall give, or shall 
be construed as giving, any right, title, ownership, interest, license or any other right in or 
to any IP, know-how and information.  

The information and views set out in this publication does not necessarily reflect the 
official opinion of the European Commission. Neither the European Union institutions 
and bodies nor any person acting on their behalf, may be held responsible for the use 
which may be made of the information contained therein. 

  



 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 
 

 

 

 

 

Land Cover ................................................................................................................................................. 43 

Land Use ..................................................................................................................................................... 44 

Topography ................................................................................................................................................ 44 

Climate ........................................................................................................................................................ 44 

 

Log-Loss ...................................................................................................................................................... 47 

Skill Score .................................................................................................................................................... 47 

AIC and BIC ................................................................................................................................................. 47 

Precision and Recall .................................................................................................................................. 48 

F-score ......................................................................................................................................................... 48 

 



 

1 
 

AIC: Akaike Information Criterion 

AUC: Area Under the Curve 

BIC: Bayesian Information Criteria 

CLC: Corine Land Cover 

DC: Drought Code  

DMC: Drought Moisture Code  

ECMWF: European Centre for Medium-Range Weather Forecasts  

EFFIS: European Forest Fire Information System 

EWE: Extreme Wildfire Event  

FOP: Fire Occurrence Probability 

FWI: Fire Weather Index 

GAM: Generalized Additive Models 

GMTED2010: Global Multi-resolution Terrain Elevation Data 2010 

IA: Innovative Action  

INRAE: Institut national de recherche pour l’agriculture, l’alimentation et l’environnement 

LF: Large Fire 

P-R: Precision Recall 

STE: Spatio-Temporal Effects 

VPD: Vapor Pressure Deficit 

WA: Wildland Area 

WOY: Week Of Year 

WS: Wind speed 

WUI: Wildland Urban Interface 
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 in Europe and other 
regions of the world (Balch et al., 2024; Cunningham et al., 2024) 

 about our ability to anticipate and mitigate their impacts. Moreover, the 
potential for such extreme events has already increased in recent years (Brown et al., 
2023; Wang et al., 2025) and is expected to keep rising with climate change (Di Virgilio et 
al., 2019; Ruffault et al., 2020). As a result, these events, characterized by their rapid 
spread, high intensity, and potentially devastating consequences (Tedim et al., 2018), 
pose major challenges for fire management, civil protection, and policy-making. 

Among the various tools and strategies to tackle these challenges, 
 over time scales ranging from 

single day to more than a week, is essential. The development and availability of such a 
dedicated fire danger forecasting system for EWEs would significantly strengthen 

. 
Moreover, such a system would be also useful in community preparedness, providing 
decision-makers and the public with information to mitigate the impacts of EWE on lives, 
ecosystems, and infrastructure. 

In Europe,  rely on two 
complementary approaches to anticipate where and when fires are most likely to occur: 

 

In several countries, national fire danger forecasting systems are implemented to guide 
fire managers and issue alert bulletins based on available data and local meteorological 
forecasts. For instance, in France, during the fire season, fire danger bulletins are issued 
at least twice a week. These bulletins rely on a combination of meteorological forecasts, 
fuel moisture content measurements, and expert knowledge. Meteorological forecasts 
are then converted into fire weather indices, which aim to assess fire danger levels based 
on meteorological conditions. 

At the European scale, the Canadian Forest Fire Weather Index (FWI) system (Van Wagner, 
1987), implemented through the EFFIS platform (https://forest-
fire.emergency.copernicus.eu/apps/effis_current_situation) (Figure 1), provides a 
standardized framework for evaluating fire danger. This system relies on meteorological 
inputs such as precipitation, wind speed, and temperature to estimate fire risk levels. 

While these national and European FWI-based systems provide valuable insights, they 
also present several limitations: 

https://forest-fire.emergency.copernicus.eu/apps/effis_current_situation
https://forest-fire.emergency.copernicus.eu/apps/effis_current_situation
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¶  Most of regional of national fire danger 
systems are based solely on meteorological variables, neglecting key factors such 
as human activities, vegetation structure, and land-use patterns. Yet, these 
elements are known to significantly influence fire occurrence and behaviour, 
particularly in the case of EWEs. By omitting these critical drivers, current systems 
fail to fully capture the complexity of fire danger.  

¶ : Most fire danger assessments rely on the FWI. 
While it has proven effective in operational fire danger forecasting, the FWI lacks 
adaptability, preventing the integration of new scientific advancements or evolving 
knowledge on fire behaviour. This rigidity limits its capacity to improve over time, 
or adjust to different environments.  

¶  The FWI was originally developed in Canada to 
assess overall fire danger, not to specifically predict the occurrence of EWEs in 
Europe. However, extreme fire events are often driven by distinct mechanisms 
that differ from those of more typical wildfires, making conventional FWI-based 
assessments less effective in identifying and anticipating extreme fire behaviour. 

Figure 1 : Current interface of the fire danger predictions based on the FWI available at 
the European level and provided by EFFIS platform .  
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¶  As FWI-based 
systems rely on meteorological conditions to assess fire danger, they assume that 
the relationship between meteorological conditions and fire danger is uniform 
across all regions. Yet, for similar meteorological conditions, fire danger may vary 
significantly depending on local ecological, climatic, and socio-environmental 
contexts. This oversimplification complicates cross-border communication and 
reduces the comparability of fire danger assessments between different countries 
and regions, as each jurisdiction use the indices in a way that reflects its own 
specific fire environment. 

¶  FWI-based systems provide fire 
danger ratings rather than explicit probabilities of fire occurrence, which limits 
their ability to prioritize risk areas effectively. For example, consider two wildfire-
prone areas: one covering 50 km² with an FWI value of 20, and another covering 
10 km² with an FWI value of 30. Since the FWI does not quantify fire probability, it 
does not provide a way to balance the size of an area with its associated danger, 
and therefore cannot determine which area is more likely to experience a fire and 
where suppression resources should be allocated as a priority. This limitation 
reduces its utility for strategic decision-making and resource allocation from 
regional to European levels. Moreover, probabilistic estimates can provide the 
expected probability of fire occurrence or the expected number of fires, rather 
than a binary fire danger estimation. This allows fire danger thresholds to be 
adjusted based on objective trade-offs between false alarms and missed 
detections, according to the costs and benefits of fire suppression strategies.  

Within the FIRE-RES project, 
(e.g., 

fireline intensity >10,000 kW/m, spread >50 m/min, spotting >1 km) that might 
 (see 

D1.1 of FIRE-RES; Castellnou et al., 2022).  

However, in the context of this work that aims to have a continental scope, we faced the 
 

at the required level of detail. Indeed, no comprehensive database exists at the European 
level that systematically records fire behaviour characteristics, let alone the operational 
challenges encountered during suppression efforts. Currently, the only available data is 
Fire Radiative Power (FRP), a proxy for fireline intensity, but this estimation suffers from 
significant limitations for its application in the Euro-Mediterranean region. One major 
issue is that fire duration in this region is generally short, while the satellite revisit time is 
relatively long (>6 hours). As a result, the probability of a satellite capturing the peak FRP 
of a fire is quite low, making it an unreliable indicator of the fire’s true intensity. 
Furthermore, preliminary analyses showed that when we used FRP as a criterion for 
defining EWE in our models, we systematically obtained poor performance.  
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As a result, we While fire size alone 
does not perfectly capture the complexity of extreme fire behaviour, it remains a useful 
and pragmatic criterion, particularly when observations of fire behaviour are unavailable. 
Indeed, 

 (Brown et al., 2023; Fernández-Guisuraga et al., 
2023; Potter & McEvoy, 2021; Wang et al., 2021). Moreover, fire size is a readily available 
and reliable metric, measurable via satellite and operational databases. 

It is important to acknowledge that not all extreme wildfires necessarily become large, 
and not all large wildfires exhibit extreme fire behaviour at all times. However, there is a 
strong correlation between these two aspects, 

. In other words, our hypothesis is that the conditions that lead to fires of 
extreme size are also the conditions that lead to fires with extreme behaviour and for 
which fighting is excessively difficult. Therefore, while size is not a perfect criterion, it 
served as a reasonable and necessary proxy for identifying and analysing EWE. 

For this deliverable,  (See Box 1), a 
threshold chosen for its practicality and relevance for three main reasons. First, it is a 
round number that is easy to communicate and interpret across different audiences, 
facilitating discussions across communities. Second, it represents an upper limit beyond 
which our models were unable to reliably distinguish what differed between fire drivers. 
Third, 5,000 ha is also a statistically meaningful threshold for defining extreme wildfires, 
as it represents about 2 % of the wildfires larger than 100 ha (which are the fires for which 
we have reliable data (see details in Section 2.2). This threshold is also of the same order 
of magnitude as the 7,400 ha threshold identified in Deliverable 1.7 fore defining EWE 
based on fire size outliers (Acácio et al., 2023).  

It is important to emphasize, however, that while a size criterion was used to define EWEs 
in this study, 

. 
In the case where more comprehensive fire datasets become available, changing or 
incorporating additional criteria, such as fire intensity, suppression difficulty, or extreme 
behavior characteristics, in our models would be straightforward. 

Similarly, in our analyses we defined large fires as fires larger than 100 ha, a threshold 
dictated by the availability and quality of the available fire datasets (see Section 2.2 and 
Appendix 1). While this approach captured most significant fire events, 

. However, we anticipate that 
this size threshold might evolve as higher-quality, long-term fire datasets become 
available at the European scale. Expanding the dataset to include smaller fires would 
enhance the accuracy and representativity of our analysis, ultimately improving our 
ability to assess wildfire danger and EWEs across diverse fire-prone landscapes. 
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The occurrence and development of EWEs result from a 
. While significant progress has been made in understanding 

these drivers, some remain uncertain, particularly regarding the specific interactions 
between climate extremes, fuel and landscape characteristics and fire-atmosphere 
interactions (see D1.1 and D1.4 of FIRE-RES, Castellnou et al., 2022).  

 are among the primary determinants of EWE. High temperatures, low 
humidity, and strong winds directly influence fuel moisture levels and fire behaviour 
(Bowman et al., 2017). Prolonged droughts and heatwaves, in particular, have been 
repeatedly associated with major EWEs worldwide (Brown et al., 2023; Libonati et al., 
2022; Richardson et al., 2022), including in Southern Europe (Rodrigues et al., 2023; 
Ruffault et al., 2018; Ruffault et al., 2020). Soil and atmospheric dryness play a critical role 
in fuel desiccation, reducing moisture content in live and dead vegetation and thereby 
increasing flammability (Nolan et al., 2020; Ruffault et al., 2023).  

In addition,  is increasingly cited as a major contributor to EWE 
occurrence (Duane et al., 2021). By enhancing the development of pyroconvective 
phenomena, unstable atmospheric conditions could favour the formation of convective 
columns, which, in turn, generate extreme fire behaviour and ember-driven spot fires 
and make suppression efforts highly challenging. 

Box 1. Definition and probability estimation of large fires (LF) and extreme wildfire 
events (EWE) in IA1.3  

In this deliverable,  

To estimate the probability of an EWE, we used a two-step approach (see details 
in section 1.4): 

¶ We first determined 
. This 100 ha threshold corresponds to the minimum fire size for which 

we had reliable data (see section 1.2). 

¶ Given that a fire has reached 100 ha, we then estimated 

The overall probability of an EWE is obtained as: 

᷄
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 also exert a strong influence on fire dynamics by influencing fire 
spread patterns and intensity. Slopes modulate fire behaviour, with steeper inclines 
generally accelerating fire progression due to preheating of fuels (Rothermel, 1972). 
Topography can also modify local wind patterns, creating conditions that amplify fire 
behaviour.  

 might also play a role in EWE occurrence. While debate persists 
regarding the exact influence of fuel composition on the likelihood of EWE studies suggest 
that certain vegetation types are more fire-prone than others. In Mediterranean regions, 
shrublands and coniferous forests are consistently associated with higher fire activity 
compared to broadleaf forests, which generally exhibit lower flammability (Fernandes et 
al., 2019; Moreira et al., 2011; Ruffault et al., 2017). Beyond vegetation type, 

 across landscapes is a critical factor (Moreira et al., 2020). Large, uninterrupted 
expanses of dry vegetation facilitate rapid fire spread, whereas fragmented landscapes 
can help contain fire progression and reduce the likelihood of EWEs.  

These findings underscore the  
that must account not only for meteorological conditions but also for land use, fuel 
characteristics, and atmospheric instability to improve early warning capabilities and 
mitigation strategies. 

Effective early warning systems for EWEs require 
. This need arises for two main reasons. First, at, least in Europe, 

 (Bowman et al., 2017; 
Castellnou et al., 2022; Ruffault et al., 2020) that cannot be adequately captured by 
aggregated approaches, such as monthly climate averages or broad-scale country-level 
estimations. Second, effective preparedness requires forecasts accurate enough to justify 
costly preventive measures, such as 

 

However, refining predictive scales of EWE early-warning systems is inherently 
challenging, as 

 (Section 1.2). Despite this unpredictability, formalized Fire 
 offer a robust statistical framework for estimating 

wildfire likelihood at various spatial and temporal scales (Brillinger et al., 2003; Nadeem 
et al., 2019; Pimont et al., 2021; Preisler et al., 2004; Vilar et al., 2010).  

 
occurrence over a given spatial and temporal scale. FOP models can 

including meteorological conditions (e.g., 
temperature, wind speed, humidity), fuel characteristics, land-use patterns, and historical 
fire data to provide   
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Unlike traditional fire danger indices such as the FWI, which provides a relative measure 
of fire danger without directly translating into expected fire activity, 

. By doing so, they bridge the gap between 
fire danger assessments and actual fire occurrence, offering a more 

 tool for fire management. This makes them particularly valuable for fire 
prevention, resource allocation, and early-warning systems. 

As a result, FOP models can serve as a core component of modern fire danger rating 
systems, as exemplified by the Fire Occurrence Prediction System implemented in the 
next-generation of the Canadian Forest Fire Danger Rating System (CFDRS, 2021). In 
Mediterranean France, probabilistic fire occurrence frameworks have also demonstrated 
strong predictive capabilities at operationally relevant spatiotemporal scales (Castel-
Clavera et al., 2025; Pimont et al., 2021).  

 based on meteorological forecasts. The primary objective is 
to deliver a 

.  

A key aspect of this work is to assess the added value of such predictions compared to 
existing fire danger forecasting systems. To this end, we will compare our model’s outputs 
with widely used indices such as the Fire Weather Index (FWI), These comparisons will 
help determine how probabilistic EWE forecasts can enhance current estimations.  

Our modeling approach is based on FOP models and follows the methodology of Preisler 
et al., (2004), Pimont et al., (2021) as well as the general recommendations of Phelps & 
Woolford (2021) but with specific adjustments. These modifications are designed to both 
improve EWE prediction and enhance model performance evaluation, given the rarity of 
these events and the statistical challenges they present. 

  by learning the relationship between 
environmental conditions (predictors) and LF; 

 i.e. predicting the probability of 
a large fire escalating to extreme.  
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This two-step approach allows to investigate the influence of the predictors on LF and 
EWE and identify whether the drivers might differ between LFs and EWEs. From a fire 
prevention perspective, this methodology helps assess whether the occurrence of EWEs 
can be mitigated in two ways: either by reducing the probability of an LF occurring in the 
first place or by limiting the chances that a LF escalates into an EWE, or both. 

Our methodology for forecasting the probability of EWEs across Europe was structured 
into four main steps (Figure 2): 

¶  We compiled wildfire datasets along with 
a range of environmental variables known or suspected to influence EWE 
occurrence. These data were extracted from multiple sources and processed into 
a consistent format for our modeling framework. 

¶  Using wildfire 
data from 2008 to 2019, we developed a statistical model to quantify the 
relationships between environmental conditions and p(LF) and p(EWE|LF). This 
step allowed us to identify key drivers of extreme wildfire behavior and refine our 
predictive framework accordingly. 

¶  We assessed 
the predictive performance of our model across different spatial and temporal 
scales. Its accuracy was compared against forecasts based on the Fire Weather 
Index (FWI), using an independent validation dataset from 2020 to 2022 to 
quantify potential improvements over existing European fire danger systems. 

p(LF)
> 100 ha

p(EWE|LWE)

Historical 
predictors

Evaluation
(AIC, BIC partial 

effectsé)

Step 3 : Evaluation on an independent 
validation period (2020-2022)

Step 4 : Forecasting and evaluation on 
an independent period (2020-2022)

Step 2 : Model building and variable selection 
on a training period (2008-2019)

Subsample

dataset

Evaluation
(AIC, BIC partial 

effectsé)

Evaluation
(Log-loss, 

precision, recallé)

Forecasting 
archives

Evaluation
(Log-loss, 

precision, recallé)

p(EWE)
> 5,000 ha

Fire 
datasets

List of 
potential

Predictors

Step 1 : Dataset 
compilation

. Step 1: Compilation of 
wildfire datasets and selection of environmental predictors . Step 2: Model fitting for p( LF) 
(probability of a large fire) and p(EWE|LF) (probability of an EWE given an LF) using fire data 
from 2008–2019. Variable selection and model choice were optimized to balance predictive 
performance and complexity. To address data imbalance, non-fire events were subsampled 
when modeling p(LF). The final EWE probability was computed as p(LF) × p(EWE|LF). Step 3: 
Model evaluation using independent validation data from 2020 –2022. Step 4: Forecasting 
evaluation, testing the model’s ability to predict EWEs up to 10 days in advance. 
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¶ ): Finally, we 
integrated our model into an operational forecasting system capable of predicting 
EWE probability up to nine days in advance for each grid cell across Europe. We 
then evaluated the accuracy of these forecasts for each lead time, from Day+0 to 
Day+9, providing a detailed assessment of predictive skill over short- to medium-
term horizons. 

In this section we describe the fire datasets and environmental predictors that were 
compiled across Europe and used for LF and EWE models and forecasting (step 1 in Figure 
2).  

The  
This diverse domain includes multiple countries, each subdivided into administrative 
units. For this analysis, we used  (Nomenclature of Territorial Units for 
Statistics), as represented in Figure 3, 

. This spatial scale is particularly relevant, as it aligns with fire 
management strategies and facilitates the integration of fire risk assessments into 
decision-making processes. 

 

 

 

 

Figure 3 : study area used for fire predictions in this 
deliverable. The yellow lines delineate NUTS3-level 
administrative units , which were used as the spatial 
framework for compiling fire statistics and evaluating 
model predictions. 
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. The selection process was 
guided by several key criteria: the datasets needed to cover the entire study area (see 
Section 2.1), offer sufficient temporal depth to support both model development and 
independent evaluation, and provide pixel-level spatial resolution with daily temporal 
resolution, as short-term weather variations are a major driver of EWEs (see Section 1.2). 

The first fire dataset originates from EFFIS (European Forest Fire Information System), 
compiled by the Joint Research Centre (JRC) and accessible via the EFFIS platform 
(https://effis.jrc.ec.europa.eu/). The second dataset is the FRY global fire database 
(Laurent et al., 2018), which identifies individual fire patches using a flood-fill algorithm 
applied to burned areas detected by MODIS and MERIS satellite imagery.  

To further assess the accuracy and reliability of these two datasets, we compiled two 
independent regional fire datasets for Southeastern France and Portugal, which were 
used as benchmarks for validation. 

A detailed comparison of the fire datasets is provided in Appendix 1, with the most 
important conclusions of our analysis summarized as follows: 

¶  were observed 

¶  in both databases. 

¶ , but only 
from 2008 onward. 

These differences may significantly impact the ability to predict wildfire extremes, 
underscoring the importance of dataset selection in EWE modelling. 

 rather than the FRY database, assuming that EFFIS provides a more 
accurate representation of individual fires, despite its shorter temporal coverage. 

https://effis.jrc.ec.europa.eu/
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To further validate this choice, we developed prediction models for both LF and 
p(EWE|EWE) using each dataset separately. Our results demonstrated that models built 
with EFFIS data achieved significantly higher predictive performance than those based on 
FRY data (results not shown), reinforcing our decision to prioritize EFFIS for EWE 
forecasting.  

The analysis of spatial and temporal patterns of forest fires across Europe, based on the 
EFFIS dataset, highlighted a strong spatial and temporal heterogeneity in both LFs and 
EWEs (Figure 4). 

Figure 4 : Spatial and temporal patterns of Large Fires (LFs) and Extreme Wildfire Events 
(EWEs) across Europe based on the EFFIS database for the period 2008 ȼ2022. (A) Spatial 
distribution of LFs. (B) Spatial distribution of EWEs. (C) Interannual variations in LF and EWE 
activity. The graphics also highlight the training period (2008–2019), used for developing the 
Fire Occurrence Probability (FOP) models, and the validation period (2020–2022), which served 
as an independent dataset for evaluating model performance . 
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LF (fires > 100 ha) were predominantly concentrated in southern Europe, with marked 
clusters in the Iberian Peninsula and the Balkans. In contrast, such fires were rare in 
northern Europe (Figure 4A). A similar but even more pronounced pattern was observed 
for EWE (fires > 5,000 ha). EWEs occurred primarily in Portugal and the Balkans, while 
remaining nearly absent in northern Europe (Figure 4B). 

Temporally,  The number 
of fires exceeding 100 hectares fluctuated between 200 and over 1,100 annually. 
Likewise, the occurrence of fires larger than 5,000 hectares varied significantly, from as 
few as 3 in 2014 to a peak of 31 in 2017 (Figure 4C). 

To investigate the environmental factors influencing EWE and LF, 

. Variable selection was guided by existing literature 
identifying their relevance to wildfire occurrence, including EWEs (see Section 1.3). 

The selected variables fall into two main categories. Static variables, which remain 
constant over the study period (e.g., topographic or land-cover characteristics). Dynamic 
variables, which are time series datasets with daily resolution, capturing short-term 
meteorological variations that influence fire occurrence. 

To ensure the reliability and consistency of our dataset, we applied the following five 
selection criteria: 

¶ : Priority was given to datasets with European or global 
coverage to maintain spatial consistency across the study area. 

¶  We selected datasets with well-documented, standardized 
methodologies to ensure transparency and reproducibility. 

¶ : Higher-resolution datasets were preferred to improve the 
precision of model predictions. 

¶  For dynamic variables, we prioritized datasets with daily 
updates, as short-term weather variations are key drivers of wildfire occurrence. 

¶ : The most recent datasets were used to ensure the relevance of the 
analysis. 
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Table 1 :List of environmental predictors used as input in fire occurrence probabilistic (FOP) 
models to estimate wildfire probabilities (p( LF) and p(EWE|LF)). A detailed description of each 
variable is available in Appendix 2. Variables that were retained in at least one of the two 
FOP final models are marked with (*).  

Daily Mean Temperature (TEMP) ERA5-Land ECMWF 2008-2024 0.1° 
Daily Mean Relative Humidity (RH) ERA5-Land ECMWF 2008-2024 0.1° 
Daily mean Vapor Pressure Deficit 
(VPD)* 

ERA5-Land ECMWF 2008-2024 0.1° 

Daily Mean Wind Speed (WS)* ERA5-Land ECMWF 2008-2024 0.1° 
Daily mean Continuous Haines 
Index (CHI)* 

ERA5 ECMWF 2008-2024 0.25° 

Daily Fire Weather Index (FWI) Derived from ERA5-
Land ECMWF 

2008-2024 0.1° 

Daily Drought Code (DC) of the FWI* Derived from ERA5-
Land ECMWF 

2008-2024 0.1° 

Daily Duff Moisture Code (DMC) of 
the FWI* 

Derived from ERA5-
Land ECMWF 

2008-2024 0.1° 

Aridity Index (AI)* Derived from ERA5-
Land ECMWF 

averaged over 
2008-2024 

0.1° 

Wildland area (WA)* Corine Land Cover 2006, 2012 and 
2018 

100 m 

Wildland area neighborhood 
(WAN)* 

Corine Land Cover 2006, 2012. 
And 2018 

100 m 

Shrubland Fraction (SHRUB) Corine Land Cover 2006, 2012 and 
2018 

100 m 

Broadleaf Fraction(BROADLEAF)* Corine Land Cover 2006, 2012 and 
2018 

100 m 

Conifer Fraction (CONIFER) Corine Land Cover 2006, 2012 and 
2018 

100 m 

Wildland-Urban interface (WUI) Derived from Corine 
Land Cover 

2006, 2012 and 
2018 

Vector data 

Above Ground Biomass 1 (ABG1) ESA's GlobBiomass 
project 

2010 100 m 

Above Ground Biomass 2 (ABG2) FIRE-RES D5.6 2020 100 m 
Elevation (ELEV) GMTED2010   
Topographic Roughness Index (TRI)* Derived from 

GMTED2010 
2010 250 m 

Tree density (TREEDENS) See Appendix 2 2020 1 km 
Net Primary Production (NPP) See Appendix 2 averaged over 

2000-2012 
1 km 

Population Density (POP) GHS-POP 2022 1 km 
Human footprint (HF) See Appendix 2 2009 1 km 
Artificial area (AA) Corine Land Cover 2006, 2012 and 

2018 
100 m 
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The  heavily relies on the methodological framework of 
the  developed by INRAE (Pimont et al., 2021). FIRELIHOOD is a FOP 
model (see Section 1.4) that simulates daily fire activity in each gridcell of a region using 
a set of explanatory variables. As described in Section 1.5 and Box 1 we defined the 
probability of EWE as the product of the probability of a LF multiplied by the probability 
that a LF becomes an EWE, such that p(EWE) = p(LF)*(p(EWE|LF).  

We first 
. This database compiled, for each recorded fire, the values of climatic, forest, 

and landscape variables identified as potential predictors in FOP models.  

To estimate the influence of environmental factors on p(LF) and p(EWE|LF), we employed 
. GAMs were chosen because they offer a relevant 

trade-off between the ability to model complex interactions and an interpretability that 
facilitates operational decision-making in fire management. Indeed, unlike traditional 
regression models, which often assume linear and independent effects of predictors on 
a response variable, GAMs allow for smooth, non-monotonic interactions, making them 
particularly well-suited for FOP modeling, where non-linearities are frequent. 
Additionally, GAMs offer greater interpretability compared to many machine learning 
approaches, which are often considered "black boxes." This transparency facilitates 
better communication and trust among fire management professionals and decision-
makers, making the model more accessible for operational use (Phelps & Woolford, 
2021). Moreover, GAMs allow for precise assessment of uncertainties, notably through 
confidence intervals for EWE and LF predictions as well as for the partial effect of each 
environmental factors. This is particularly important for events with very sparse 
occurrences, such as EWEs. 

A key component of our modelling framework was the 
 to account for residual patterns not explained by the available 

environmental variables. This approach was supported by previous studies that applied 
FOP models for fire predictions (Castel-Clavera et al., 2025; Pimont et al., 2021; Preisler et 
al., 2004) . The  based on geographic coordinates 
and a  linked to the week of year (WOY), accounting for seasonal 
fluctuations in fire occurrence that are not fully explained by meteorological and 
environmental variables. While often not directly and quantitatively attributable to 
specific physical and socioeconomic processes, these effects can substantially improve 
predictions. 
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For both models (p(LF) and p(EWE|LF)), we initiated the GAMs with a basic configuration, 
progressively expanding them by incorporating additional explanatory variables. 

. A variable was kept if it provided added value, either by improving 
model performance or by reducing the importance of STEs. Minimizing the influence of 
STEs not only enhances the model's extrapolation capabilities but also deepens our 
understanding of the underlying drivers of wildfires.  

To assess the contribution of each variable, multiple evaluations were performed at each 
iteration. First, we examined its impact on model outputs to ensure the robustness of its 
effects. Since the inclusion of one variable can potentially modify the influence of others, 
careful consideration was given to how each new predictor interacted with the existing 
model structure. Additionally, we systematically analysed STE, aiming to minimize their 
influence and refine the model’s ability to identify meaningful relationships.  

Rather than detailing every single test conducted, 
, focusing on findings that demonstrate the added value 

of specific predictors in improving model performance. For each of the two models 
considered (p(LF) and p(EWE|LF)), we tested a range of reference models to both guide 
model refinement and serve as benchmarks for validation. These models provided a 
structured baseline for assessing improvements in predictive accuracy. A detailed 
description of these reference models is provided in Table 2. 

When evaluating the model performance during model development and variable 
selection, we balance predictive performance against model complexity. To assess this 
balance, we used both the  and the 

. These criteria provide a 
 helping to prevent overfitting while ensuring predictive accuracy (see details 

in Appendix 3).  

Given the  relative to the total number of observations 
(i.e., of pixel-days), these events were classified as . To accurately assess 
model performance in this context, we used 

. In particular, we employed the  score, a metric commonly 
used to evaluate the quality of probabilistic predictions in classification models. It 
measures the difference between the predicted probabilities and the actual outcome. 
Log-loss penalizes incorrect predictions more strongly when the model is highly 
confident, making it particularly well-suited for imbalanced datasets (Benedetti, 2010) . 
Additionally, to facilitate a more direct comparison between models on a standardized 
scale, we computed , which quantifies a model’s improvement over a 
reference baseline based on log-loss (Brown et al., 2023; Castel-Clavera et al., 2025). This 
metric is particularly useful for assessing whether a model provides meaningful predictive 
gains compared to other approaches. More details can be found in Appendix 3. 
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Table 2 :Description of reference and final models used for predicting wildfire occurrence 

FOP_Baseline Represents the overall prevalence of fire occurrence across the study area. A 
similar probability is assigned to each grid cell and each day. 

FOP_Ref Based solely on spatio-temporal effects, modeled as functions of pixel coordinates 
and the week of the year. This model reflects the mean seasonal fire activity for 
each grid cell. 

FOP_FWIonly  Uses only the Fire Weather Index (FWI) as a predictor, without incorporating 
spatio-temporal effects. 

FOP_FWI Uses only the Fire Weather Index (FWI) along with spatio-temporal effects. 
FOP_Climate Incorporates a selected combination of climate variables and drought indices 

derived from FWI subcomponents, along with spatio-temporal effects. 
FOP_final  The best-performing model, integrating selected climate variables, land use/land 

cover (LULC), and spatio-temporal effects. 

To develop LF (fires>100 ha) prediction models, we compared the environmental 
conditions associated with LFs to those observed during a large sample of non-fire 
events, using data from the training period (2009–2019, Figure 4C). Given the large 
number of non-fire events (i.e., pixel-days with no recorded fire), we applied a sampling 
strategy to maintain computational feasibility while ensuring statistical robustness. 
Indeed, our study area consists of about 8,000 pixels of 8x8 km, each analysed over 150 
days per year for 11 years, leading to over 13 million pixel-days. Here, we randomly 
sampled 200,000 pixel-days as a representative sample of non-fire events. Additional 
tests confirmed that increasing this sample size did not improve model performance, 
validating the adequacy of this selection. 

The results highlighted the 
, as all models provided a more precise estimation of the probability of 

large fire development compared to a baseline assumption of a constant probability 
across all weeks and gridcells (Table 3). A model relying only on STE (FOP_REF, see 
description in Table 2) reduced the log-loss by half, achieving a skill-score of 0.522 and 
thereby outperformed the model based solely on the Fire Weather Index (FOP_FWIonly). 
This finding aligns with previous regional-scale observations (Castel-Clavera et al., 2025) 
and emphasizes the 

  

We also noted that a (FOP_climate, Table 3
 (FOP_FWI, Table 3) in terms of Skill-Score, 

without increasing BIC or AIC. This highlights the added value of incorporating detailed 
meteorological information, not only for improving model performance but also in 
providing a deeper understanding the interplay of the meteorological factors driving LFs.  
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Table 3 : Evaluation metrics for the models predicting the probability of LF(p(LF)). Skill 
ScoreLogLoss is the Log Loss skill score based on the FOP_Baseline. A description of models 
can be found in Table 2. WOY is the week of year, X and Y are the coordinates, FWI is the 
daily Fire Weather index, VPD is the daily mean vapor pressure deficit, DC is the daily 
drought code of the FWI; DMC is the daily Duff moisture code of the FWI, AI is the mean 
aridity index over the studied period, TRI is the topographic roughness index; WA is the 
percentage of wildland area and BROADLEAF is the fraction of broadleaf vegetation.  

FOP_Baseline - 0.179 0 42688 42697 
FOP_Ref WOY; (X,Y) 0.086 52.2 20799 22740 
FOP_FWIonly FWI 0.114 36.1 27274 27362 
FOP_FWI FWI; WOY; (X,Y) 0.063 64.8 27274 17539 
FOP_Climate VPD, WS, DC, DMC; WOY; (X,Y) 0.059 67.2 14465 16666 

FOP_final VPD, WS, DC, DMC; AI; TRI; WA; 
BROADLEAF; WOY; (X,Y) 0.056 68.9 13715 15896 

 

The visualization of spatial effects associated with each model clearly showed the 
contribution of different variables to the prediction of LFs (Figure 5). In the reference 
model (FOP_Ref), where only STEs were included, these spatial effects closely followed the 
actual spatial patterns of LFs (see Figure 3A). However, when climatic effects were 
incorporated, we observe noticeable shifts in spatial effects. For instance, Spain, which 
exhibited a strong positive spatial effect in the FOP_REF, showed a negative effect in the 
other models. At the same time, some areas remained challenging to predict using 
environmental variables only. Notably, we observed a significant spatial effect in northern 
Portugal, meaning that more fires occurred in this region than predicted by the combined 
effect of the environmental variables in our models.  

The variables included in the final model (FOP_final) (Table 3) as well as their effect on 
wildfire probabilities (Figure 6) contributed to increase our understanding of the 
factors driving the occurrence of LFs at a European scale. As expected, climatic 
variables played a significant role. We found that Wind Speed (WS), Vapour Pressure 
Deficit (VPD), Duff Moisture Code (DMC) and Drought Code (DC) all contributed 
significantly to the occurrence of LF. DC and DMC are key drought indices that quantify 
medium to long-term dryness, reflecting conditions affecting both live and dead fuels, 
particularly those with larger diameters. 
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These findings align with numerous previous studies highlighting the importance of 
drought conditions on fire behavior in regions where fuel availability is not a limiting 
factor, as observed in Europe (Cardil et al., 2019; Drobyshev et al., 2012; Grünig et al., 
2022; Ruffault et al., 2020). 

By studying the effect of climatic variables on individual fires rather than on burned areas, 
our approach could also accurately simulate the effect of each variable on wildfire 
probability. 

. VPD showed a stronger effect at low VPD values, 
with a saturation effect occurring for VPD above 2 kPa. Similarly, DC exhibited a steep 
increase for values between 0 and 600, but then reached a plateau. Two possible 
explanations could account for this pattern: (1) a saturation effect, where extreme 
drought no longer increases fire probability, or (2) the inability of DC to accurately capture 
variations in fuel moisture content, especially during the driest conditions (Ruffault, 
Martin-StPaul, et al., 2018). For DMC, a similar saturation effect is observed but occurs 
more rapidly, around a threshold of DMC = 250. However, its overall influence is lower 
compared to VPD, WS or DC.  

Figure 5 : Comparison of spatial effects 
across models . Maps represent the 
estimated spatial smooth effects (s(X,Y)) 
fitted in the GAMs for each fire occurrence 
probability model. These effects capture 
residual spatial variability in wildfire 
occurrence that is not explicitly accounted 
for by the selected environmental predictors. 
The description of the models is given in 
Table 2. Variables retained and the 
performance of each model to predict LF 
occurrence are given in Table 3.  
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Additionally, 
, levelling off around 400. This 

means that, under similar conditions, the probability of LF was significantly higher in 
mesic that in xeric areas. This pattern may indicate that vegetation in arid zones is more 
tolerant to drought conditions or may reflect the influence of more effective fire 
suppression policies and greater firefighting resources in southern drier regions, where 
fire management means and experience are generally higher. 

Figure 6 : Partial effects of predictor variables retained in the final LF occurrence model 
(FINAL_FOP), represented as line plots with shaded 95% confidence intervals. The X-axis 
represents variable-specific bins, while the Y-axis indicates the additive effect on the logit 
scale. Spatial effects for this model are separately in Figure 5. 
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Beyond climate, . As 
expected, we observed that wildland area (WA) was a significant predictor of LF, thereby 
confirming that  Interestingly, 
we observed a clear threshold effect: below a certain level of wildland area, fire spread is 
significantly reduced. Consistent with existing literature, we also observed that 

 
However, our model did not detect a significant difference between coniferous forests 
and shrublands, contrary to what might have been expected (Barros & Pereira, 2014; 
Oliveira et al., 2021) . 

It is also worth noting that certain  such as the wildland-urban 
interface (WUI) or population density (POP) (Table 1) 

, despite being commonly considered influential in fire occurrence and 
frequently included in predictive models (Ganteaume et al., 2021; Schug et al., 2023). A 
likely explanation is that the fires analysed here are already of considerable size (>100 ha 
for LF) and do not reflect ignition patterns. A more refined model focusing on smaller fires 
might better capture the influence of these anthropogenic factors. 

 

As with the predictive models for LF, we used log-loss and the skill score to assess the 
model's fit to observations, and AIC and BIC to evaluate the trade-off between model 
complexity and performance. Note that, unlike the p(LF) models, no subsampling was 
applied for p(LF|EWE).  

 

Table 4 : Evaluation metrics for the models predicting the probability of EWE given LF 
(p(EWE|LF)). Skill ScoreLogLoss is the Log Loss skill score based on the FOP_Baseline (see 
Appendix) . A description of models can be found in Table 2. X and Y are the coordinates, 
FWI is the daily Fire Weather index, VPD is the daily mean Vapor Pressure Deficit, WS in the 
mean daily Wind Speed, CHI is the mean daily Continuous Haines Index, WA_NGB is the 
percentage of wildland area in the surroundings gridcells and BROADLEAF is the fraction of 
broadleaf vegetation. 

FOP_Baseline - 0.084 0 869 876 
FOP_Ref (X,Y) 0.071 14.5 789 943 
FOP_FWIonly  FWI 0.078 6.8 818 850 
FOP_FWI FWI; (X,Y) 0.070 16.1 771 913 
FOP_climate VPD; WS; CHI; (XY) 0.067 20 744 908 
FOP_Final VPD; WS; CHI; WA_NGB; BROADLEAF 0.071 14.6 759 819 
Final_STE  VPD; WS; CHI; WA_NGB; BROADLEAF; (X,Y) 0.066 21 734 896 
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The results clearly indicated that 
 (Table 4). Specifically, the 

model incorporating spatial (FOP_ref) effects achieved a skill score of only 14.5 %. It 
means that, compared to a naïve model predicting a constant and similar probability 
(FOP_Baseline), adding a spatial component only increased its performance by 14.5%. 
Besides, the inclusion of temporal corrections (WOY) did not improve performance and 
was therefore not retained in this model, suggesting that the probability that a LF 
becomes extreme does not depend on the season. 

Furthermore, unlike models predicting large fire occurrence, adding a spatial component 
tended to increase the BIC and this observation holded across more complex models, 
such as FWI_only and FWI_final, where adding a spatial component also increases BIC, 
meaning that increased in model complexity is not compasented by an increase in model 
performance. Based on these findings, 

 (FOP_final) of p(EWE|LF).  

Figure 7 : Partial effects of predictor variables retained in the final LF occurrence model 
(FINAL_FOP), represented as line plots with shaded confidence intervals. The X-axis represents 
variable-specific bins, while the Y-axis indicates the additive effect on the logit scale 
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As observed for LFs, 
 The model including VPD, WS, and the Continuous Haines 

Index (CHI) performed best, with a skill score significantly higher than that relying on the 
FWI. Additionally, incorporating land cover variables also improved model performance, 
yielding a slight but statistically significant enhancement (FOP_final). 

The final selected mode (FOP_final, Table 4) identified 

. Interestingly, long- and medium-term drought 
indicators (DC and DMC) are absent from the selection, as they do not significantly 
improved model performance. This suggests that, once drought conditions are severe 
enough to enable large fire development, the transition to extreme fires is primarily 
driven by short-term meteorological conditions. On the contrary, VPD, which fluctuates 
on hourly to daily timescales, wind speed, which exhibits rapid temporal variation, and 
atmospheric stability, which also changes over short timescales, emerged as critical 
factors. 

Additionally, two land cover variables were retained in our final models of p(EWE|LF). A 
higher broadleaf fraction (BROADLEAF) in the grid cell was associated with a lower 
probability of EWE, implying that EWEs are more likely to occur in shrubland- and 
coniferous-dominated areas. The second factor, wildland area in the surrounding grid 
cells (WAN), underscored the role of vegetation continuity, not only within the grid cell 
but also across the broader landscape. 

.  

In this section, we conducted a rigorous validation of the models’ 
 and compared their effectiveness to the FWI, which is 

currently the most widely used operational fire danger rating systems (see Section 1.2). 
Evaluating the model’s suitability for fire management and decision support required 
addressing two key aspects: 

(i) : Predictions should be evaluated in a 
realistic context, ensuring that model outputs are assessed against observed fire activity 
at operationally relevant scales. 

(ii : The model’s ability to perform under 
non-analog conditions should be tested on an independent validation period, separate 
from the training dataset. 

, following best practices for Fire Occurrence Probability (FOP) 
models recommended by Phelps & Woolford, (2021). 
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Qualitative assessment (Section 4.2) involved 
 comparing predicted vs. observed daily fire counts, and 

examining spatial patterns of predicted fire activity (e.g. Nadeem et al., 2019; Pimont et 
al., 2021). These analyses, combined with spatially and temporally aggregated 
performance metrics, provide key insights into the model’s ability to reproduce fire 
patterns consistently and identify potential spatial or temporal biases. 

Quantitative assessment (Section 4.3) aimed to provide an 

 (FWI). Specifically, we assess whether the model can enhance fire 
danger forecasting by using performance metrics designed for rare event predictions. 
This part of the evaluation is 

 

To assess our model’s ability to reproduce fire activity patterns, 

 (Figure 4C). To achieve this, daily 
probabilities of p(LF) and p(EWE), initially computed at the daily level over each gridcell, 
were aggregated weekly over the entire study area. For comparison, weekly-averaged FWI 
values were also calculated over the same spatial domain and temporal scale. We 
assessed models’ performance using Root Mean Square Error (RMSE) and the coefficient 
of determination (R²) to quantify how well predictions aligned with observed fire 
occurrence data. 

Table 5 : Performance metrics of the fire occurrence probabilistic (FOP) models and the 
Fire weather index (FWI) to predict the weekly number of large fires (LFs) across Europe. 
The RMSE is the Root Means Square Error, R2 is the coefficient of determination . 

FOP_Baseline 26.62 0.027 1298 1636 
FOP_Reference 22.29 0.327 1291 1636 
FWI  - 0.523 - - 
FOP_final  10.81 0.838 1535 1636 

 

Performance metrics assessing the ability of models and the FWI to predict LFs and EWEs 
are given in Table 5 and Table 6, respectively. 

 
Thus, for LF the R2 was 0.838 for FOP_final but only 0.52 when we used the FWI (Table 5). 
Similar FOP_final was better at estimating the number of EWE than the FWI (Table 6) 
although the correlations were lower than for LF.  
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Table 6: Performance metrics of the fire occurrence probabilistic (FOP) models and of the 
FWI to reproduce the weekly number of Extreme EWEs across Europe. The RMSE is the 
Root Means Square Error, R2 is the coefficient of determination . 

FOP_Baseline 1.5 0.007 21.2 43 
FOP_Reference 1.44 0.095 21.9 43 
FWI  - 0.177 - 43 
FOP_final  1.18 0.435 28.9 43 

 

Moreover, Figure 8A shows that 
 Over the three-year study period, it 

successfully reproduced seasonal variations, with peaks in fire activity aligning well with 
observed trends. Similarly, the interannual differences in the activity of LFs and EWEs 
were well reproduced by the model with the years 2021 and 2022 characterized by a 
higher danger than the year 2020. 
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Figure 8 : Temporal dynamics of observed and predicted large fires  (LF) and extreme 
wildfire events (EWE) across Europe at a weekly time scale  for an independent dataset over 
the 2020-2022 period. Predictions of fire occurrence were computed using the best performing 
Fire occurrence probability (FOP) models (FOP_final, see Table 2). Weekly averaged Fire Weather 
Index (FWI, green dashed line) is also shown for comparison 
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However , mainly because the model 
failed to predict multiple large fires in August 2021. It is worth noting that the FWI also 
failed to capture this peak. 

To complete our evaluation, we generated maps of mean fire probabilities for LF, EWE 
conditional on LF, and EWE probability using our final best performing FOP models 
(FOP_final) over the validation period (2020–2022). These predictions were then compared 
to the mean FWI over the same period. Figure 9 illustrates the spatial distribution of fire 
occurrence predictions and FWI, presented as quantiles (0–1) for direct comparison. 

We observed 
 estimates. According to FWI, highest fire dangers were concentrated in southern 

Spain, while fire danger appeared relatively lower in regions such as northern Portugal 
and the Balkans (Fig 7D). In contrast, FOP model predictions showed a different spatial 
pattern. The highest probabilities of LFs were observed in central Portugal, the Balkans, 
and southern Italy (Figure 7A), which aligned more closely with observed fire activity 
(Figures 4A and 4B). 

The spatial pattern of p(EWE|LF) (i.e., the probability that a large fire becomes extreme) 
differed from LF predictions and exhibited higher values in eastern Spain, southwestern 
France, and Greece, as well as in other localized areas across Europe (Figure 9B). This 
suggests that certain regions have a higher propensity for fire escalation once a LF occurs, 
likely due to the combination between favourable regional fire weather with fuel 
continuity and landscape composition (shrublands or coniferous).  

For EWE predictions (p(EWE)), the highest probabilities were observed in northern 
Portugal, the Balkans, and southern Italy, but with greater spatial heterogeneity 
compared to LF predictions (Figure 9C). Interestingly, the spatial distribution of p(EWE) 
closely resembled that of p(LF) rather than p(EWE|LF). This indicates that a large portion 
of the spatial variability in EWE occurrence was dictated by the probability of LF rather 
than the specific conditions that drive the probability of fire becoming extreme. This 
suggest that, reducing LF occurrence is also an effective strategy to lower EWE probability.  
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Figure 9 : Averaged predictions of daily summer fire occurrence probabilities and of 
the Fire Weather Index (FWI) for the period 2020 ȼ2022. A. Probability of Large Fires 
(p(LF)). B. Conditional probability of an Extreme Wildfire Event given a LF (p(EWE᷄LF). C. 
Probability of an Extreme Wildfire Event (p(EWE), and D. the Fire Weather Index (FWI). All 
metrics are represented as quantiles (0 to 1) for standardized comparison. p(LF), p(EWE/LF) 
and p(EWE) were estimated with the probability models described in Table 2.  
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In this second step of our evaluation procedure, 
. 

As a reminder, the evaluation was performed on an independent dataset that was not 
used for model training and was applied under real-world conditions. 

For LF, the results showed that 
 (Table 7). Specifically, our best performing 

model (FOP_final) achieved a skill score of 0.404 whereas the other models had 
consistently lower scores. As previously observed during model development, a model 
based solely on FWI (FOP_FWIonly, Skill Score = 0.224) performed worse than a reference 
model that only incorporated spatio temporal effects (FOP_ref, Skill Score = 0.295).  

Table 7 : Performance metrics for the models predicting the probability of LF at 
the NUTS3*day level over an independent dataset for the 2020-2022 Period. Skill 
ScoreLogLoss is the Log Loss skill score based on the FOP_Baseline. A description 
of models can be found in Table 2. 

FOP_Baseline 0.0493 0 1297.9 1636 
FOP_Ref 0.0347 0.295 1291.1 1636 
FOP_FWIonly  0.0383 0.224 1437.4 1636 
FOP_FWI 0.0278 0.387 1353.0 1636 
FOP_Final 0.0294 0.404 1535.7 1636 

 (Table 8). Thus, the model FOP_final achieved a skill 
score of 0.348. However, it is worth noting that, in this case, the model based on FWI only 
performed slightly better than the model relying solely on STEs. This is because spatial or 
temporal effects did not permit to explain the probability of a LF escalating to an EWE, as 
we saw in Section 3.  

Table 8 : Performance metrics for the models predicting the probability of EWE 
at the NUTS3*day level over an independent dataset for the 2020-2022 Period. 
Skill ScoreLogLoss is the Log Loss skill score based on the FOP_Baseline. A description 
of models can be found in Table 2. 

FOP_Baseline 5.788e-4 0 21.25 43 
FOP_Ref 4.803 e-4 0.17 21.90 43 
FOP_FWIonly  4.578 e-4 0.209 19.47 43 
FOP_FWI 3.887 e-4 0.272 22.30 43 
FOP_Final 3.776 e-4 0.348 29.12 43 
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Evaluations of the 
I in predicting both LFs and EWEs 

(Figure 10).  

For LF predictions, the Precision-Recall (PR) curves indicated that our models achieved 
significantly higher precision values at the same recall thresholds compared to FWI-based 
predictions.  (meaning the model correctly 
identifies 50% of observed fires)  0.17 
whereas this precision only 0.04 when using the Fire Weather Index (FWI) as a predictor 
(Figure 10A).  

Figure 10 : Performance of the models in modeling  the occurrence of Large Fires (LFs) 
and Extreme Wildfire Events (EWEs) at the NUTS3 *day  level . Predictions for EWEs and 
LFs were generated using the best performing Fire Occurrence Probability model 
(FINAL_FOP, details in Table 2). For comparison, predictions using the Fire Weather Index 
(FWI, dotted green lines) are shown. Panels (A) and (D) show the Precision Recall curves. 
Panels (B) and (E) and panes (C) and (F) show the F-score for a β of 1 and 3, respectively. 
The parameter β determines the balance between precision and recall. When β =1 the F-
score assigns equal importance to both. When β = 3 the F-score assigns 3 times more 
importance on recall than on precision. 
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For Extreme Wildfire Events (EWE), the performance gap between our model and the FWI 
was more important. At a 50% recall threshold, our model achieved a precision of 0.011, 
whereas the FWI-based model reached only 0.003, highlighting the substantial 
improvement brought by the FOP-based approach. 

 (Figure 4A.1), 
where precision was approximately 9 times higher for LF predictions and 10 times higher 
for EWE predictions when we used our models instead of FWI.  

These differences are also reflected in the F-score, a metric that balances precision and 
recall. With β = 1 (giving equal weight to precision and recall), the maximum F-score for 
our EWE prediction model was 0.21, compared to only 0.05 for the FWI model when using 
an FWI threshold of 40 (Figure 10). A similar trend is observed when setting β = 3, which 
places greater emphasis on correctly detecting positive events rather than minimizing 
false positives.  

In a context where extreme wildfires are rare but critical to detect, recall is often 
prioritized. A higher recall means the model misses fewer important events, even at the 
cost of a slightly higher false alarm rate. Regardless of the β value (1 or 3), the F-Score 
remained significantly higher when predicting LFs EWEs, further demonstrating the of 
potential added value of our model compared to the FWI based fire danger system.  

In this section, 

. We aim to evaluate the model's performance under the same 
conditions in which it could be used for operational purposes. Therefore, its predictive 
capacity was assessed by comparing probabilistic forecasts over the validation period 
(2020–2022). As in other sections, 

), which is currently the primary tool available 
to fire managers for operational fire danger forecasting.  

primarily 
due to the growing uncertainty in meteorological predictions. This phenomenon has been 
well-documented in previous studies, particularly in the context of FWI-based fire danger 
forecasting, where fire prediction accuracy deteriorates as the forecast lead time 
increases (Di Giuseppe et al., 2020).  

Historical archives of meteorological forecasting for 2020-2022 period were sourced from 
daily aggregated 
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The dataset includes key meteorological variables such as total precipitation, mean 2-m 
temperature, mean 2-m wind speed, and minimum relative humidity. These variables 
were used to compute FWI and its subcomponents.  

Additionally, we incorporated upper-air meteorological variables, including mean 
temperature and relative humidity at 750 hPa and 900 hPa, to capture atmospheric 
stability and also provide forecasts of the continuous Haines Index (CHI) that are used for 
EWE predictions.  

As a first evaluation step, the assessment was conducted over a test area (Figure 11), 
which encompasses France, northern Portugal, and northern Spain. 

Following the methodology outlined in Section 4.3, 
. This scale of analysis appears well-suited 

for an operational forecasting context while helping to reduce the impact of noise on 
performance metrics caused by the stochastic nature of wildfires and the low number of 
observed fires in our test area, compared to evaluations conducted at the gridcell*day 
level  

To assess the quality of the forecasts, we use 

For the probabilistic assessment, we used the log-loss score, which measures how well 
the predicted probabilities match reality. It penalizes predictions that are too confident 
when they are wrong. A lower log-loss means the model's probability estimates are more 
reliable (see Appendix 3). Here, to evaluate how the model’s performance degraded with 
increasing lead time, we computed a log-loss skill score, using the log-loss at lead day 0 
as a reference. This allowed us to measure how much the forecast quality declines 
compared to nowcast prediction.  

Figure 11 : Study are (white area) 
and test area (red lines) on which 
the forecasting was performed  
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The second metric was the precision at a recall threshold of 0.5, which helped to evaluate 
how useful the model would be in an operational setting. This metric measures the 
proportion of correctly predicted fire events (LFs or EWEs) among those identified by the 
model, under the condition that at least 50% of actual events are detected. Precision and 
recall are widely used performance metrics in extreme event forecasting (e.g. Nearing et 
al., 2024).  

Figure 11 evaluates the operational performance of the final model (FOP_Final), the best-
performing configuration, in predicting LF and EWE over varying forecast lead times and 
compares it to the FWI. For a more comprehensive assessment, the results of the Baseline 
model (FOP_Baseline), which includes only spatial and temporal effects (STEs) as 
predictors, were also reported (see Table 2 for a description of the models). 

For LF predictions, when the recall was fixed at a threshold of 0.5—indicating that the 
model successfully identifies 50% of all observed LF events—

 (Figure 11B). 
. 

Concretely, this means that for every 100 fire occurrences predicted by the FOP_Final 
model, 18 were actual LF events, whereas the FWI correctly identified only 2 out of 100 
predicted events. Over longer lead times, the precision of the FOP_Final model decreased 
to 0.10 by Day 9, most likely reflecting the growing uncertainty in meteorological 
forecasts. However, at day 9 our model still remained five times more precise than the 
nowcast FWI. 

One should note here that the predictive skill of the FWI remained lower that the Baseline 
model, which is in accordance with the observation made during model development 
(Section 3) as we observed that a model built with the FWI only had a lower performance 
than the FOP_Baseline model (Table 6). The Skill-ScoreLogLoss further confirmed these results 
as we observed a decrease of the skill score over time going from 0 to about -0.15. We 
will note here that, even at the lead time of 9 days, we still observed that our model was 
better than the FOP_baseline nowcast.  

. At Day 1, the FOP_Final model achieves a precision of 0.11, compared to less 
than 0.005 for the FWI. This means the FOP_Final model was over 20 times more precise 
than the FWI in predicting extreme wildfire events. Although the precision of the FOP_Final 
model gradually decreased to 0.04 by Day 9, 

, highlighting its greater reliability in identifying EWE over several forecast lead 
days. 
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For EWE predictions, the FOP_Final model starts with a skill score of 0.40 on Day 1, 
declining more sharply to 0.05 at Day 9, reflecting the increased uncertainty in predicting 
EWE. The FWI, on the other hand, exhibited very low predictive skill for both LF and EWE 
predictions across all lead times. 

Overall, these results demonstrate the significant advantages of the FOP_Final model over 
the FWI for both LF and EWE predictions. While all models showed a decline in 
performance with longer lead times due to increasing meteorological uncertainty, our 
FOP models consistently outperformed the FWI in precision and skill.  
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Figure 12 : Performance of the models in forecasting  the occurrence of Large Fires (LFs) 
and Extreme Wildfire Events (EWEs) at the NUTS3 level across lead time (days ). Forecasts 
for EWEs and LFs were generated using the best performing Fire Occurrence Probability 
model (FINAL_FOP, details in Table 2). Panels (A) and (C) show the Skill-ScoreLog-loss computed 
using the using the Log-loss at lead day 0 as a reference. Panels (B) and (D) shows the 
precision at a recall threshold of 0.5, which measures the proportion of correctly 
predicted events under the condition that the model captures at least 50 % of fires. For 
comparison, forecasts using the Fire Weather Index (FWI) are shown in panels (B) and (D). 
The performance of the reference model (model ref), based solely on spatio temporal 
effects (STEs) is indicated across all panels.  
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This study demonstrated significant 
 across Europe. An important 

aspect of this work is that our results highlighted the 
, which is currently the most 

widely used operational fire danger rating system.  

By shedding light on the environmental conditions that influence EWEs, 

 We identified several key meteorological variables and parameters 
associated with the occurrence of LF and EWE and showed that the 

. 
Specifically, LF were associated with long-term soil drought and atmospheric drought 
(vapor pressure deficit), which promote the desiccation of all fuel compartments. 
Additionally, strong wind speeds played a crucial role, and LF were more likely to occur in 
landscapes where wildland areas cover at least 15–20% of the land. Our results also 
showed that coniferous and shrubland areas were most fire prone than broadleaf forests 
(Figure 6). In contrast, the probability of LF becoming extreme was not driven by long 
term drought but primarily favoured by atmospheric drought, wind speed, and 
atmospheric instability (Figure 7). 

In addition to providing with more realistic patterns of LF and EWE activity across Europe, 
we could demonstrate that 

. Specifically, 
compared to FWI, our model increases predictive precision by a factor 5 for daily EWE 
predictions at the NUTS3 level and by a factor of 10 at an 8 km2 scale.  

Besides, when fed with meteorological forecasts from ECMWF, we could also 
demonstrate that 

 Notably, the FOP models 
consistently achieved higher precision and skill than the FWI for both LFs and EWEs, even 
at extended lead times of up to nine days. In a test area, results showed that 

 (Figure 
12), demonstrating the model’s potential for anticipating EWE more effectively than 
current fire danger rating systems, particularly in short- to medium-term forecasting 
contexts. 

While our models already offer substantial advances, 
. One key avenue for improvement is the 

, particularly those derived from remote sensing, such 
as real-time vegetation moisture content, or fine-scale fuel load and characteristics. 
Additionally, our definition of EWEs relied on fire size, which may not fully capture the 
complexity of extreme events. , such 
as fire behaviour, fire intensity, suppression difficulty, or impacts on ecosystems and 
communities, could better align with operational needs. 
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Building on these promising results, 
. First, additional tests are 

needed to . 
Second,  is essential to ensure compatibility 
with fire management workflows and refine predictions based on user feedback. Finally, 

 into the framework will be 
crucial for real-time updates.  

A fire danger prediction system can be a powerful tool to support decision-making, but 

. Transparent design, ease of use, and effective communication with fire 
managers will be critical to ensuring its adoption and maximizing its benefits. 
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To assess the suitability and reliability of the EFFIS and FRY dataset for developing fire 
models and predicting EWEs at the European scale, we conducted several analyses. First, 
we compared the temporal variability of the two fire datasets. Second, to provide a more 
objective evaluation, we compared fire statistics from these two datasets against high-
quality fire records available for two well-documented regions: Southeastern France and 
Portugal. 

For Southeastern France, we used the Prométhée dataset, which records all fires larger 
than 1 ha in Southern France. This database provides detailed information on fire size 
and location on a 4 km² grid, with continuous records since 1971.This database has been 
used and validated on several studies (e.g. Pimont et al., 2021; Ruffault & Mouillot, 2015). 

For Portugal, we used official fire records from the ICNF (Instituto da Conservação da 
Natureza e das Florestas), covering individual fire events from 2001 to 2023. These data 
are publicly available through the ICNF portal (https://fogos.icnf.pt/sgif2010/) The ICNF 
dataset has been widely used in recent fire studies. From 2001 onwards, data quality 
improved significantly, reducing uncertainties (although still non-negligible, Pereira et al., 
2006). However, these uncertainties are unlikely to significantly impact our analyses. 

The comparison of fire datasets revealed notable discrepancies at the European scale 
(Figure A1.1A). From 2006 onwards, the estimates of burnt areas in the EFFIS and FRY 
databases are largely consistent. However, before 2006, EFFIS systematically reported 
lower burnt area values than FRY. Similar trends were observed for the number of fires 
exceeding 30 ha, 100 ha, and 5000 ha. Importantly, discrepancies between the two 
datasets were more pronounced when comparing fire counts rather than burnt areas.  

To further evaluate the quality of these datasets, we compared them to national 
reference datasets in specific regions, Portugal (Figure A1.2) and southeaster France 
(Figure A1.3). These comparisons highlighted significant differences in dataset reliability. 
In both regions, FRY tended to overestimate the number of fires compared to national 
records, whereas EFFIS showed a smaller divergence. This effect was particularly 
pronounced for fires ≥ 100 ha, especially after 2006 in Portugal and after 2008 in France. 
This pattern aligns with our European-scale findings, where dataset discrepancies were 
most pronounced before 2006. 

https://fogos.icnf.pt/sgif2010/
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Another key observation was that neither dataset accurately captured the number of fires 
≥ 30 ha. In France, both datasets significantly underestimate fire occurrences (Figure 
A1.3B). A similar pattern was observed for Portugal (Figure A1.2B).  

From this analysis and comparison with national reference datasets for two different 
regions, we can draw the three following key insights. First, the inconsistencies between 
FRY and EFFIS fire datasets were significant, particularly for fire counts above specific size 
thresholds. Second, we observed that Fires smaller than 100 ha were poorly represented 
in both datasets, with systematic underestimation compared to national references. 
Finally, EFFIS appeared more reliable than FRY for estimating individual fire occurrences, 
provided that the analysis focuses on more recent years (post-2008).  
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Figure A1.1: Comparison of the EFFIS and FRY datasets at the European scale. 
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Figure A1.2: Comparison of the EFFIS and FRY fire datasets with a national fire dataset in 
Portugal regarding: A) burnt areas, B) Number of fires ≥ 30 ha (NB30), C) the number of 
fires ≥ 100 ha (NB100) and D) the number of fires ≥ 5000 ha (NB5000). 
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Figure A1.3 : Comparison of the EFFIS and FRY fire datasets with a national fire dataset in 
Southeastern France regarding: A) burnt areas, B) Number of fires ≥ 30 ha (NB30), C) the 
number of fires ≥ 100 ha (NB100) and D) the number of fires ≥ 5000 ha (NB5000).  
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To explore the environmental drivers of LFs and EWEs, we collected a set of variables 
considered as potential predictors in the FOP models. The preliminary selection of some 
variables was based on published studies documenting their potential role in fire 
occurrence and behavior (see Section 1.2). The selected variables were either static or 
dynamic. For static variables, a single value was considered representative of the entire 
year, a multi-year period, or the entire study period. For dynamic variables, daily time 
series of the specific environmental variable were used as predictors.  

All variables were rescaled to an 8x8 km resolution to match the analysis grid. Table 1 
provides a summary of the variable used. Figure 2A.1 provides the most influential 
variables that were used in FOP models either for predicting LFs or EWEs.  

Below is a detailed description of the variables into the following categories: land cover, 
and land use, topography and climate.  

Land Cover 

-  : Represents the total biomass of vegetation 
above the ground surface per unit area. ABG1 was derived from multiple Earth 
Observation data in the framework of the ESA's GlobBiomass project. Data were 
provided at 100-meter spatial resolution and corresponds to the year 2010. Data 
source: https://globbiomass.org/products/global-mapping/. 

-  Similar to AGB1 but from derived Earth 
observation and processed using artificial intelligence within WP5.6 of the FIRE-
RES project. Data were provided at a resolution of 100 m for the year 2020. 
Data source: https://data.ceda.ac.uk/neodc/esacci/biomass/data/agb/maps/v3.0 

-  Mean tree height (m) retrieved from 1-km spaceborne 
light detection and ranging (lidar) data acquired in 2005 by the Geoscience Laser 
Altimeter System (GLAS). Data source: 
https://webmap.ornl.gov/wcsdown/dataset.jsp?ds_id=10023.  

Several variables were also Extracted from Corine Land Cover (CLC) available as raster 
data at a 100 m resolution for the years 2006, 2012 and 2018. Data source: 
https://land.copernicus.eu/en/products/corine-land-cover.  

From the CLC classification, five land cover variables we used as predictors:  

-  Total area of vegetation with a gridcell. It includes broad-
leaved forests, coniferous forests, mixed forests, sclerophyllous vegetation, 
transitional woodland-shrub, natural grasslands, and sparsely vegetated areas. 

-  Similar to Wildland Area, but computed as 
the focal value of all neighbouring grid cells, representing the surrounding land 
cover conditions. 

-  Proportion of the gridcell covered by sclerophyllous 
vegetation and transitional woodland/shrubland. 

https://globbiomass.org/products/global-mapping/
https://data.ceda.ac.uk/neodc/esacci/biomass/data/agb/maps/v3.0
https://webmap.ornl.gov/wcsdown/dataset.jsp?ds_id=10023
https://land.copernicus.eu/en/products/corine-land-cover
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-  Proportion of the gridcell covered by broad-
leaved species.  

-  Proportion of the gridcell covered by 
coniferous species.  

Land Use 

-  Human population density is the number of 
people per unit surface. It was derived from the JRC Data catalogue GHS-POP 
originally provided at a 250 meters resolution. Data source: 
http://ghsl.jrc.ec.europa.eu/ghs_pop.php. 

-  Wildland Urban Interface) refers to areas where 
human developments (e.g., homes, infrastructure) meet or intermingle with 
wildland vegetation. WUI was provided at a 100 meter spatial resolution for the 
year 2018 from Bar-Massada et al. (2023).  

Topography 

-  Elevation was derived from the Global Multi-resolution Terrain 
Elevation Data (GMTED2010) provided at a 250 meter spatial resolution. Data 
source: https://www.usgs.gov/landresources/eros/coastal-changes-and-
impacts/gmted2010. 

-  Topographic Roughness Index (TRI) 
quantifies terrain roughness based on elevation variability in an area. It was 
calculated from the formulae proposed by Riley et al., (1999) at a 250 m resolution 
and then merged at the 8x8 km resolution for further analyses.  

Climate 

For climate, all surface variables were extracted either from the ERA5 and ERA5-Land 
climate reanalysis both provided by Copernicus. Data source: 
https://cds.climate.copernicus.eu/ 

From these databases the following variables were compiled and extracted:  

- ): FWI is a meteorological based index used worldwide to 
estimate fire danger. It consists of three moisture codes and three fire behavior 
indices. FWI calculations require measurements of temperature at 2m, relative 
humidity at 2m, and wind speed at 10m, daily snow-depth, and precipitation 
summed over the previous 24 hours. FWI was calculated using the formulae 
proposed by Bedia et al., (2014) using mean temperature of the day and the 
minimum relative humidity. 

Additionally, the three moisture codes describe the moisture content of three different 
fuel classes were extracted from FWI: 

-  DC is an indicator of seasonal drought effects on forest fuel. 
It is a proxy of the moisture content of deep, compact organic layers and live fuels 
(Ruffault, Martin-StPaul, et al., 2018).  

http://ghsl.jrc.ec.europa.eu/ghs_pop.php
https://www.usgs.gov/landresources/eros/coastal-changes-and-impacts/gmted2010
https://www.usgs.gov/landresources/eros/coastal-changes-and-impacts/gmted2010
https://cds.climate.copernicus.eu/
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-  DMC is a proxy of the moisture of loosely compacted 
organic layers of moderate depth and medium size woody dead material.  

- FFMC is a proxy of the moisture content of litter 
and other fine fuels.  

The following variables were also extracted:  

-  VPD (in kPa) is the difference between the e actual 
and maximum moisture the air can hold at a given temperature, reflecting 
atmospheric water demand. It was calculated from daily mean air temperature 
and daily mean relative at a 0.1° resolution.  

- ): daily mean wind speed (in m.s-1) at a 0.1° resolution. 

-  AI quantifies-long term mean summer dryness conditions of 
the soil. It was calculated as the mean summer drought code (DC) at a 0.1° 
resolution. Note that AI is a static variable.  

-  CHI quantifies wildfire spread potential based on 
atmospheric stability and dryness. It combines temperature lapse rate and dew 
point depression into a single continuous scale. It was calculated using the mean 
relative humidity at 850 hPa and the mean daily temperature at 850 hPa and 700 
hPa at a daily time scale and 0.5° resolution. 
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Figure A2.1 : Maps of some of the variables that were used as predictors for the development 
of FOP models predicting LFs and EWEs. The complete list of variables is given in Table 1 
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We used different performance metrics our models’ ability to predict LF and EWE 
occurrence, depending on the scale of evaluation, the processes we aimed to evaluate, 
and the stage of our work. These metrics include the Akaike information criterion (AIC), 
the Bayesian information Criteria (BIC), the log-loss score, as well as the precision, recall 
and skill score.  

Log-Loss 

The log-loss was chosen as a probabilistic performance metric because it possesses key 
desirable properties. It is additive, meaning the total loss can be decomposed as the sum 
of individual losses for each observation. It also satisfies locality, meaning it only depends 
on the predicted probability assigned to the correct class, rather than the full distribution 
of predictions. Finally, it exhibits strictly proper behaviour, ensuring that a model predict 
the true probability distribution, leading to well-calibrated predictions.  

The log-loss score is calculated:  

ὒέὫὰέίί
ρ

ὔ
ώ ÌÏÇὴώ ρ ώ ὰέὫρ ὴώ  

Where ώ is the binary indicator (1=Fire occurrence, 0=no fire occurrence), and ὴώ  is the 
model's predicted probability of fire occurrence. A perfect model has a log loss score of 
zero.  

Skill Score 

To improve interpretability, we convert raw log-loss into skill scores the skill score 
compares the models’ scores against a baseline model (FOP_baseline, Table 2) that 
predicts the mean probability of LF or EWE: 

ὛὯὭὰὰ ίὧέὶὩ ρ  
ὒέὫὒέίί

ὒέὫὒέίί
 

Skill scores greater than 0 indicate that the model performs better that the baseline 
model, meaning that the predictors contribute valuable information. As model 
approaches perfection, the skill score approaches 1. 

AIC and BIC  

AIC is used to compare models based on their goodness of fit while penalizing model 
complexity. It is defined as: 

ὃὍὅςὯ ςÌÎὒ 

where Ὧ is the number of parameters in the model, and ὒ is the maximum likelihood of 
the model. Lower AIC values indicate a better balance between goodness of fit and model 
complexity. 
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BIC is similar to AIC but applies a stronger penalty for the number of parameters, 
favouring simpler models: 

ὄὍὅὯ ὰὲὲ ςÌÎὒ 

where is ὲ the number of observations. Like AIC, lower values indicate better model 
performance. 

Precision and Recall  

To evaluate model performance, we also used deterministic metrics, specifically precision 
and recall, that quantify how well predictions match actual fire occurrences.  

The Precision (Positive Predictive Value) measures the proportion of correctly predicted 
fire occurrences among all predicted occurrences: 

ὖὶὩὧὭίὭέὲ  
Ὕὖ

Ὕὖ Ὂὖ
 

Where TP (true positive) represents correctly classified fire events and FP (false positive) 
represents instances where the models incorrectly predict a fire. In other words, 
precision answers the question: “Among all the instances where the model predicted a fire, 
how often was it correct?” 

The Recall (Sensitivity) measures the proportion of actual fire occurrences correctly 
identified by the model: 

ὙὩὧὥὰὰ  
Ὕὖ

Ὕὖ Ὂὔ
 

Where FN (false negative) represents actual fires that the model failed to predict. Recall 
answers the question: “Among all actual extreme fire events, how many did the model 
correctly identify?” 

F-score 

F-score is the weighted harmonic mean of precision and recall:  

ὊίὧέὶὩ ρ ‍
ὖὶὩὧὭίὭέὲ ὙὩὧὥὰὰ

‍ ὖὶὩὧίὭέὲὙὩὧὥὰὰ
 

 

where ‍ is a weighting factor that controls the balance between precision and recall. ‍>1 
gives more importance to recall, favouring models that capture more actual fire 
occurrences. ‍ <1 gives more importance to precision, favouring models that reduce false 
alarms. ‍=1 corresponds to the F1-score, where precision and recall are equally weighted. 
Higher F-score indicate better classification performance. 
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Table A4.1: Same as Table 7 but at pixel*day resolution .  

FOP_Baseline 4.97e-4 0 1297.9 1595 
FOP_Ref 4.04 e-4 0.187 1291.1 1595 
FOP_FWIonly  4.33e-4 0.129 1437.4 1595 
FOP_FWI 3.72 e-4 0.253 1336.6 1595 
FOP_Final  3.58 e-4 0.280 1535.1 1595 

 

Table A4.2: Same as Table 8 but at pixel*day resolution.  

FOP_Baseline 1,80 0 21,25 43 
FOP_Ref 1,566 0.132 21,90 43 
FOP_FWIonly  1,561 0.135 28,87 43 
FOP_FWI 1,469 0,186 22,30 43 
FOP_Final  1,134 0,272 28,93 43 
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Figure A4.1: Same as Figure 10 but at Pixel*day resolution  

 



 
 

 

 


