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Introduction

Wildfires remain a worldwide problem, that keeps increasing in
frequency and severity every year. enables rapid damage assessment
and guides critical disaster response decisions.

Traditional deep learning approaches struggle with:

¢ Limited training resources

¢ Inherent class imbalance (burned vs. non-burned areas)

¢ Poor generalization across different scenarios

Our Approach

We tackle these challenges with a two-fold strategy:

¢ Custom curated dataset - 171 fire events derived from CEMS
¢ Multitask framework - Burned area and land cover segmentation

Idea: land cover provides key contextual information that can enhance
burned area detection robustness.

¢ 433 areas from 171 wildfire events (2017-2023), and growing
¢ Multiple sources: Sentinel-2, CEMS, ESA WorldCover

¢ Worldwide coverage: focus on Europe
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Methodology

Multitask Learning Framework
¢ Shared encoder-decoder architecture with dual heads Hp, H

¢ Simultaneous training on burned area + land cover

¢ Shared representations ¢, enable learning common patterns
between tasks

¢ Auxiliary head dropped at test time - no inference overhead

Experimental Setup

¢ UPerNet (RN50), UPerNet (ViT-S), SegFormer (MiT-B3)

¢ Training: from scratch vs. pretrained weights (SSL4EO)

features ¢y

model fy hp

N Aux. loss

tra/'ning time

Results
From scratch Pretrained
Model F1 loU F1 loU
Segf. (MiT-B3) 89.01+1.39 | 80.22+2.25 | 90.79+0.46 | 83.13+0.7/8
STL UPerN. (RN50) 82.33%9.17 | 70.94+12.6 | 91.2710.08 | 83.95+0.13
UPerN. (ViT-S) 87.65+2.01 | 78.08%3.17 | 89.20+1.29 | 80.53+2.09
SegF. (MiT-B3) 90.941+0.17 | 83.38+0.29 | 90.91+0.28 | 83.34+0.47
MTL UPerN. (RN50) 39.82+1.76 | 81.57+2.87 | 91.86+0.30 | 84.94+0.51
UPerN. (ViT-S) 39.7610.15 | 81.43+0.25 | 90.69+0.58 | 82.98+0.97
Training from scratch:
¢ +3.85 F1 score improvement (avg. across models)
¢ +5.71 IoU improvement (avg. across models)
¢ - 3.51 F1 std deviation (more stable results)
We also validate UPerNet (RN50) against EFFIS masks:
Source Prec. Rec. F1 loU
EFFIS 73.34 /77.31 /5.58 60.12
UPerN. (RN50) 76.94 95.23 85.03 73.43

¢ Higher scores overall, +10 F1 improvement.
¢ Improved fine-grained details.
¢ No manual intervention, completely automated process.

Left to right: Sentinel-2 image, EFFIS mask, UPerNet prediction, ground truth.

Conclusions

Multitask learning improves burned area delineation:
¢ Enhances robustness and stability, especially when training from

scratch.
¢ Comparable performance to pretrained solutions.

¢ Minimal computational overhead during training.
Future Work:

¢ Expand dataset (events, other domains, other sources).
¢ Integrate more heterogeneous tasks.
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