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The Challenge
A Burning Issue for Europe

Distribution and extent of burnt areas across Europe and the Mediterranean in 2024. Data: 

European Forest Fire Information System (EFFIS). Credit: EFFIS/CEMS/C3S/ECMWF.

An Increasing Threat
Wildfires in Europe are growing in frequency and 

intensity, amplified by climate change.

Devastating Impacts
These events pose significant risks to human safety, 

biodiversity, and economic resources.

Speed and Accuracy
Rapid and automated detection is critical for enabling 

early warnings and mounting an effective, timely 

response.

The key challenge is balancing detection speed 

with confirmation accuracy.
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Our Approach
From Disambiguation to a Unified Pipeline

1. Multimodal Hotspot Disambiguation
• Goal: Maximize accuracy.

• Method: Used multi-modal, medium-resolution satellite 

data (MODIS, VIIRS, Sentinel-3) to reliably distinguish 

true wildfires from other thermal anomalies.

2. Near Real-Time (NRT) Temporal Detection
• Goal: Minimize detection time.

• Method: Used high-frequency geostationary data 

(MSG-SEVIRI) to identify potential hotspots as they 

emerge.

We developed two complementary methodologies,  building towards a single, integrated system.

Current Work: Multi-Sensor Pipeline
Goal: Combine the strengths of both approaches 

into a unified, multi-constellation detection and 

tracking service.
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Method 1: Multimodal Hotspot Disambiguation
Objective and Method

Objective
Create a labeled dataset to train a model that can distinguish real

wildfires from false positives (e.g., industrial heat sources).

Dataset Construction
Data Collection:

• 9.5M+ raw thermal hotspot detections from MODIS-VIIRS across 10 

years in the Mediterranean region (2012 to 2022).

Label Generation:

• We used the EFFIS database, and cross-reference it with thermal

hotspots.

• Positive labels: (a real wildfire) if coordinates fell within an EFFIS 

fire polygon and its timestamp was within the documented fire date.

• Negative labels: All other hotspots.

Multimodal Data Integration:

• For each labeled hotspot, we extracted corresponding contextual

data from Sentinel-3 and LULC.
Heatmap showing the distribution of the total hotspots in the datasets.
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Method 1: Multimodal Hotspot Disambiguation
Results
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• Key Finding: Adding contextual data sources significantly

boosts performance.

• XGBoost (Pixel-based): Achieved the highest score when

using all features, demonstrating the power of fusing diverse

data points.

• ResNet-18 (Area-based): Showed superior performance

when limited to only Sentinel-3 and Land Cover data, proving

its ability to effectively extract spatial patterns from imagery

alone.

Model Feature Set F1 Score

XGBoost MODIS/VIIRS only (Baseline) 46.88%

XGBoost All Features 80.53% (+33.65)

RN-18 S3 + LULC only 76.16%

* Number of previous hotspots
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Method 2: Detection with Geostationary Data
Objective and Method

Objective
• Reduce detection time from hours to minutes.

• Challenge: Polar-orbiters have long revisit times, which is not 

ideal for early warning.

Methodology
• Data: Meteosat (MSG-SEVIRI) data at 15-minute temporal 

resolution, derived from 164 events across Europe.

• Model: A self-supervised transformer model (adapted from 

PRESTO1) trained on time-series of pixel values.

• The model learns the "normal" thermal behavior of every pixel 

over time and flags significant deviations indicative of a fire 

ignition.

1. Gabriel Tseng, Ruben Cartuyvels, Ivan Zvonkov, Mirali Purohit, David Rolnick, and Hannah Kerner, “Lightweight, 

pre-trained transformers for remote sensing timeseries,” 2023.
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Method 2: Detection with Geostationary Data
Results

Key Finding
Temporal analysis of geostationary data is a viable method 

for NRT hotspot detection.

Outcomes
• Performance: The model achieved an F1 score of 

63.58% on a test set derived from the THRAWS dataset. 

• Large-scale dataset of MSG-SEVIRI time series for 164 

fire events, enabling further research in this area.

+ Good "first alert" capability, trading spatial resolution for 

very high temporal frequency.

- Approaches based on FIRMS/S3 data are more accurate.
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Current Work – A Multi-Sensor Pipeline
Results

The Idea
A fully automated system that fuses the strengths of both approaches for rapid 

detection, confirmation, and continuous tracking.

High Frequency, Low Resolution

• Sensors: MSG-SEVIRI

• Continuously scans a determined AoI for thermal anomalies and potential active 

fires.

Medium Frequency, Medium Resolution

• Sensors: Sentinel-3, MODIS/VIIRS

• With higher accuracy, target potential anomalies and try to find a positive match in 

the given AoI.

Low Frequency, High Resolution

• Sensors: Sentinel-2, Landsat

• Continuously ingests all incoming data (all sources) to monitor fire evolution and 

extent.
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Case Study – Greece Wildfire, 2023
At a Glance

Alexandroupoli Wildfire (EMSR686)

• Location: Evros region, northeastern Greece (near Turkish border)

• Event period: August 19 - September 8, 2023 (20 days)

• Burned area: 96,000+ hectares 

• 10 EU countries involved, 400+ firefighters, 12 aircraft

• Environmental Impact: Dadia Forest National Park destroyed 

(Natura 2000 site), 1+ megaton CO₂ emissions

• Economic Impact: €75M+ direct costs, agriculture sector 

devastated

• https://rapidmapping.emergency.copernicus.eu/EMSR686

https://rapidmapping.emergency.copernicus.eu/EMSR686
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Case Study – Greece Wildfire, 2023
Case Study

Statistics
Date range: 2023/08/15 to 2023/09/08 (25 days)

Total observations: 148 

(without considering MSG SEVIRI)

Observations per source:

•   VIIRS: ~41 (SUOMI NPP, JPSS1, JPSS2)

•   Sentinel-3 (SLSTR): 27

•   Sentinel-3 (OLCI): 25

•   Sentinel-2: 10

•   Landsat: 6

Average observations per day: 5.9

Maximum observations per day: 8

Minimum observations per day: 5
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Case Study – Greece Wildfire, 2023
The Workflow in a Nutshell

Anomalies
SEVIRI 

detector

High Freq. Low Resolution 
• Monitor the area, track thermal anomalies over time.

• MSG SEVIRI-only detector, for speed.

The idea: mixture of modality-specific models
Hotspot Tracking Service
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Case Study – Greece Wildfire, 2023
The Workflow in a Nutshell

Anomalies

S3 

detector

Medium Freq. Medium Resolution 
• Verify active hotspots, track thermal anomalies over time.

• Each modality maintain its own detector.

The idea: mixture of modality-specific models
Hotspot Tracking Service

VIIRS 

detector
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Case Study – Greece Wildfire, 2023
The Workflow in a Nutshell

Anomalies

Landsat 

detector

Low Freq. High Resolution 
• Provide active fire perimeters.

• Provide automated burned area delineation when possible.

The idea: mixture of modality-specific models
Hotspot Tracking Service

S2 

detector
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Contributions & Takeaways
In Summary

Value of Data Fusion
Combining sensors with different spatial and temporal resolutions is 

not just beneficial, but essential for a robust wildfire service.

Performance Baselines
We have benchmarked both high-accuracy static classification 

(~80% F1) and high-frequency temporal detection (~64% F1).

Limitations: MSG very coarse and low accuracy → system 

benefits from multiple sources.

Open Datasets
We released two curated datasets to foster further research in both 

spatial and temporal wildfire analysis (and we intend to release 

more!).

The Way Forward
Our coarse-to-fine pipeline presents a viable, automated workflow 

for a European-scale early warning and monitoring system.
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Conclusions and Future Work
In Summary

Pipeline Integration and Validation

Operationalize the current prototype, validating its performance during fire 

seasons.

Enhancing the Temporal Model

Incorporate data from the next generation of geostationary satellites (e.g., 

Meteosat Third Generation - MTG) for improved spatial resolution and more 

spectral channels.

What about Fire Spread Modeling?

Integrate the pipeline's outputs (FRP, active fire fronts) into fire behavior models 

to provide short-term spread predictions.



Thank you!

Any questions?

This work is being carried out in the context of the Horizon EU project OVERWATCH (GA n.101082320) and Horizon EU project 
UNICORN (GA. 101180172), and SPACE IT UP, funded by the Italian Space Agency (ASI) and the Ministry of University and 
Research (MUR) - Contract No. 2024-5-E.0 - CUP No. I53D24000060005
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https://links-ads.github.io

edoardo.arnaudo@linksfoundation.com
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