
1

We strongly believe in 
truly transformative ideas and
in the power of compelling partnerships
to accelerate the Earth Observation future

Unlocking Geospatial Intelligence: A Novel SSL 

Approach for Sentinel-2 Satellite Image Representation

Nikolaos Dionelis1, Riccardo Musto2, Jente Bosmans1, Giancarlo Paoletti2, 

Simone Sarti2, Casper Fibaek1, Nicolas Longépé1

1 - European Space Agency (ESA), Φ-lab, ESRIN

2 - Leonardo Labs, Italy



2

▪ EO Foundation Model PhilEO
▪ Evaluation framework for EO FMs: PhilEO Bench

▪ Evaluate the models we develop

▪ Scaling-up the PhilEO FM to MajorTOM

▪ PhilEO MajorTOM model, PhilEO FastTOM

Contents

▪ Datasets: MajorTOM 23TB, Specialized FastTOM 2TB, PhilEO Globe 0.5TB

▪ Architectures: Geo-Aware U-Net CNN, ViT UPerNet

▪ Techniques: Confidence quantification & assessment

▪ Applications: Road density estimation, building density, land cover
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EO Foundation Model PhilEO

▪ Method: Develop EO Foundation Model PhilEO

▪ Use large amounts of geo-aware satellite data 
to pretrain & then fine-tune for downstream tasks

▪ Geo-aware self-supervised learning

▪ Geo-location: Longitude & latitude prediction

▪ Reconstruction loss: Masking, MAE

▪ Architectures: ViT UPerNet, Geo-Aware U-Net CNN

▪ Problem: Extract information from unlabelled satellite data

▪ in order to solve a number of downstream tasks with high 

▪ accuracy, e.g. building density estimation
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PhilEO Datasets & Downstream Tasks

▪ Downstream tasks:

▪ Road density estimation, building density pixel-wise regression, land cover 
semantic segmentation

▪ Challenge: Limited labelled data

▪ Datasets: Global dataset PhilEO Globe, 0.5TB

▪ Specialized dataset: Land w/o oceans, ice

▪ PhilEO Bench, 0.4TB: Labelled dataset

▪ Evaluation framework: Fine-tuning

▪ Subset of MajorTOM: FastTOM, 2TB

▪ Task-specific dataset: Land only

▪ Scale-up to MajorTOM, 23TB
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PhilEO Model: Scaling-up pretraining data of EO FMs

▪ Main aim: Achieve improved performance on different 
downstream tasks

▪ Scale-up from PhilEO Globe 0.5TB (specialized w/o oceans, ice): To FastTOM
2TB (specialized w/o oceans, ice) and MajorTOM Core-S2L2A 23TB (general)

▪ Different # parameters, architecture

▪ Evaluate on: PhilEO Bench: Global, labelled

▪ Ongoing work: Multi-modal S-1 & S-2

▪ Scale-up EO Foundation Models: Most studies in literature: 
Not trained EO FMs on huge size of unlabelled satellite data

Left: S-2 data: Visualization in RGB (3 bands)
Middle: Prediction by model. Right: Ground truth
labels: Classes like Cropland
● RGB colors defined by: ESA WorldCover
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Evaluation framework for EO Foundation Models: PhilEO Bench

▪ Models:

▪ PhilEO
- MajorTOM, 23TB
- FastTOM, 2TB
- PhilEO Globe, 0.5TB

▪ Different number of parameters

▪ Method: Fine-tune each using n-shot samples

▪ Problem: Compare performance of models across 
different tasks

▪ Applications: Road density estimation
▪ Building density pixel-wise regression
▪ Land cover semantic segmentation
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PhilEO Bench n-shot sample efficiency experiments

▪ Measure sample efficiency of FMs: n-shot fine-tuning

▪ Confidence quantification & assessment

▪ WorldCover: Accuracy 77%

▪ Noisy labels

▪ Related work:

▪ Other benches: GEO-Bench, FoMo

Bench, PANGAEA, Copern-Bench

▪ Method (Ctd):

▪ Decoder: UPerNet or Convolutional

▪ Dataset PhilEO Bench: Global, 0.4TB. Fine-tuning: Downstream tasks

▪ Regression & classification
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Scaling-up pretraining of PhilEO model to MajorTOM 23TB

▪ Step 3: Compare performance of PhilEO MajorTOM & FastTOM models

▪ Study the performance of PhilEO model when scaling-up 
pretraining data

▪ Step 1: Pretrain EO Foundation Model PhilEO on
MajorTOM 23TB dataset and specialized FastTOM 2TB subset 
(w/o oceans and ice)

▪ Increase number of parameters, different architecture: PhilEO 200M 
FastTOM, PhilEO ViT UPerNet 100M FastTOM

▪ Step 2: Evaluate performance of models on 3 downstream tasks

▪ PhilEO Bench: Road density estimation, building regression, land cover 
mapping
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PhilEO MajorTOM: Scaling-up the pretraining data to 23TB

▪ Scaling-up:

▪ PhilEO Globe → FastTOM → MajorTOM

▪ MajorTOM: Land, oceans, ice

▪ Others: Specialized, Land

▪ CNN, ViT

▪ 1 node, 4 GPUs → 4 nodes, 16 GPUs

▪ Model: Trained and fine-tuned on: Leonardo Davinci-1 HPC

▪ MajorTOM: 4 nodes, with total of 16 A100@40GB VRAM,
Pytorch and DDP to increase speed of training & fine-tuning

▪ FastTOM: Single node with 4 A100@40GB VRAM
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Evaluation & Results

▪ Evaluation metric: Root Mean squared error (RMSE)

▪ Decoder: UPerNet

▪ PhilEO ViT

▪ Geo-Aware U-Net

▪ First: conduct experiments to

select which architecture to

scale-up

▪ Next: scale-up best performing

▪ Results: Road density estimation

▪ Dataset: Custom, labelled



11

Results: Road density estimation

▪ Pretrain on MajorTOM: Not use any prior information

▪ Specialized datasets: Prior

information, land

▪ Downstream tasks: Land

▪ Not: Oceans, ice

▪ PhilEO 200M FastTOM
outperforms other models

▪ Road density regression (Ctd):

▪ Scaling up: EO Foundation Model trained on 
dataset MajorTOM, 23TB
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Building density estimation

▪ Decoder: UPerNet

▪ PhilEO ViT

▪ Geo-Aware U-Net

▪ Experiments on architectures in

order to choose which one to

scale-up

▪ Results (Ctd):

▪ Building density pixel-wise regression

▪ Dataset: Custom, labelled

▪ Evaluation metric: RMSE
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Building density estimation

▪ Images: Left: S-2 multi-spectral input

▪ Middle: Ground truth

▪ Right: Model prediction

▪ Building density estimation (Ctd):

▪ Qualitative evaluation

Geo-
Aware
U-Net:

Image

Labels Prediction
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Evaluation results: Buildings

▪ For n=100 and 500: PhilEO MajorTOM & FastTOM models outperform Geo-
Aware U-Net PhilEO Globe

▪ PhilEO 200M FastTOM

outperforms other

models

▪ Building density regression (Ctd):

▪ Scaling up: EO Foundation Model trained on 
dataset MajorTOM, 23TB
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Further qualitative results for roads, buildings

Downstream Task: Road Prediction

From left to right: Model prediction, Labels, S-2 in North-America

Downstream Task: Building Density Estimation

From left to right: S-2, Labels, Model prediction
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Results: Land cover mapping

▪ Evaluation metric: Accuracy

▪ Decoder: UPerNet

▪ PhilEO ViT

▪ Geo-Aware U-Net

▪ According to results: Scale-up

best-performing model, PhilEO

Geo-Aware U-Net

▪ Results (Ctd):

▪ Land cover semantic segmentation

▪ Dataset: ESA WorldCover, 11 classes
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Evaluation: Land cover

▪ PhilEO Globe model:

▪ Outperforms others

▪ Comparison with

Prithvi-EO-2.0

▪ Also: Mamba

▪ Land cover mapping (Ctd):

▪ Scaling up: EO Foundation Model trained on the 
dataset MajorTOM, 23TB

▪ Evaluation metric: 
Accuracy
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Techniques: a) Confidence quantification & assessment

▪ Low confidence: Further model training

▪ Collect more data

▪ Anomaly detection

▪ Change detection

▪ Noisy labels

▪ Method: Model Confidence Assessment for Semantic segmentation (CAS)

▪ Model Confidence-Aware Regression Estimation (CARE)

▪ Problem: Confidence quantification for semantic segmentation

▪ Aim: Achieve improved performance

▪ Confidence assessment: Indicator of performance, a priori



19

a) Confidence quantification & assessment: Sem. segmentation

▪ Results: Evaluation:

▪ Correlation btwn

IoU & confidence

for segment

▪ Confidence score

histograms

▪ Method (Ctd):

▪ Features of correct classification:

▪ Softmax output probability, Entropy, Diff btwn 1st & 2nd

▪ Spread of high-probability pixels within segment

▪ Gradient of DNN model
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Techniques: b) Confidence quantification & assessment

▪ Problem: Pixel-wise regression downstream tasks

▪ Method: Model Confidence-Aware Regression Estimation (CARE)

▪ Confidence-aware fine-tuning & inference

▪ 2 heads: Continuous output (regression), 
confidence

▪ Variation in regression: Confidence metric

▪ Results: Building density

▪ Error btwn
confidence 
metric & 
error in
regression
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Applications

▪ Also: Downstream task EO datasets: Noisy labels

▪ Fine-tuning: Confidence quantification

▪ Anomaly detection, Out-of-Distribution (OoD), change detection

▪ Estimation: Age of buildings

▪ Data fusion, multiple modalities

▪ Satellite VHR & street

▪ Labelled dataset MapYourCity

▪ Downstream tasks: Roads, buildings, land cover

▪ Evaluation framework for S-2 FMs: PhilEO Bench

GitHub: http://github.com/ESA-PhiLab/PhilEO-Bench
Landing page: http://phileo-bench.github.io/

http://github.com/ESA-PhiLab/PhilEO-Bench
http://phileo-bench.github.io/
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Conclusion

▪ Train & evaluate the models: PhilEO MajorTOM and FastTOM models, PhilEO 
200M FastTOM, PhilEO ViT UPerNet 100M FastTOM

▪ Evaluate models: 3 downstream tasks

▪ Future work: Multi-modal. Expand

to Sentinel-1: S12-PhilEO Bench

▪ S-2 & co-located S-1 VV, VH

▪ Study how EO Foundation Models scale

▪ First: Experiments to select which architecture to scale-up

▪ Different # parameters, architecture

▪ Develop PhilEO ViT UPerNet

▪ Next: Scale-up best-performing model



23

Main references

[1] C. Fibaek, et al., “PhilEO Bench: Evaluating Geo-Spatial Foundation

Models,” in Proc. Int Geoscience Rem Sens Symposium (IGARSS), 2024.

[2] N. Dionelis, et al., “Scaling-Up the Pretraining of the Earth Observation

Foundation Model PhilEO to the MajorTOM Dataset,” arxiv:2506.14765, 2025.

[3] B. Le Saux, et al., “The PhilEO Geospatial Foundation Model Suite,” European

Geosciences Union (EGU), 2024.

[4] D. Szwarcman, et al., “Prithvi-EO-2.0: A Versatile Multi-Temporal FM for EO”, 
arXiv:2412.02732, 2024.

[5] A. Francis and M. Czerkawski, “MajorTOM: Expandable Datasets for EO,” IGARSS, 2024.

[6] N. Dionelis, et al., “CARE: Confidence-Aware Regression Estimation”, arXiv:2502.13734, 2024.

[7] N. Dionelis and N. Longépé, “Fine-Tuning Foundation Models with Confidence Assessment for 
enhanced Semantic segmentation,” IEEE GRSL, 2024.

[8] N. Dionelis, et al., “Evaluating and Benchmarking Foundation Models for Earth Observation 
and Geospatial AI,” W ECCV FOCUS, arXiv:2406.18295, 2024.


	Folie 1
	Folie 2
	Folie 3
	Folie 4
	Folie 5
	Folie 6
	Folie 7
	Folie 8
	Folie 9
	Folie 10
	Folie 11
	Folie 12
	Folie 13
	Folie 14
	Folie 15
	Folie 16
	Folie 17
	Folie 18
	Folie 19
	Folie 20
	Folie 21
	Folie 22
	Folie 23

