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From Earth Observation to Earth Action
From data to actionable information
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“An Al Foundation Model for Earth Observation, Techniques and Applications Including Flood Rapid Mapping”

Presenter’s background - Nikolaos Dionelis

e European Space Agency:

m Internal Research Fellow at EOP-S ®-lab Explore (since
04/2023)

o Research: Al for Earth Observation (EO) (AI4EQO)
m Foundation Models & downstream tasks for EO
o Devise new and adapt existing SoTA models
o Programming & extensive experimentation:
m Training, evaluation on
large-scale data
m Comparison against benchmarks §
o Write invitations to
proposals & evaluate

Sentinel-2, land cover labels,
@esa .b building density, road density 3
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Foundation Model PhilEO @esa -b

e Problem: Extract information from unlabelled satellite data in order
to solve a number of downstream tasks, e.g. land cover

e Method: Develop a Foundation Model for EO

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

o (Geo-aware self-supervised learning
m Geo-location: Longitude & latitude
prediction
m Reconstruction loss: Masking, MAE
o Architectures: ViT, U-Net

From top left: Sentinel-2, Prediction by our model, Ground truth,
Correct classifications of the model, Incorrect classifications

9
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Foundation Model PhilEO (Ctd)

o Datasets:
m Global dataset PhilEO Globe, 500 GB (new)
m Subset of MajorTOM, FastTOM, 2 TB
m Scale-up to MajorTOM, 23 TB
e |n collaboration with Leonardo Labs

o Downstream tasks:
A. Flood Rapid Mapping
B. Building density pixel-wise regression, road regression
segmentation, land cover semantic segmentation

Challenge: Limited labelled data

Dataset Modality Humber of Patches Sensing Type Comments

CoreS2L38 Sentinel-2 Level 24 2,245,886 Multi-Spectral General-Purpose Global (about 23 TE

CareSIL1C Sontinel-2 Level 1C 2 245 206 Muilti-Spectial General- 5o Global [about 23 T
esa [Fb Majox TOM M &= )
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Foundation Model PhilEO (Ctd) [®-lab

m Fine-tune on: Dataset PhilEO Bench, 400 GB (new)
e Global, labelled

m Evaluate PhilEO FM:
e PhilEO Bench
e Achieve improved performance on downstream tasks

. ’4 / ‘ -:‘:‘mﬁ": 3 '/ ‘ d"
Left: S-2 data: Visualization in RGB (3 bands)
Middle: Prediction by model. Right: Ground truth
labels: Classes like Cropland
e RGB colours defined by ESA WorldCover

4
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Foundation Model PhilEO (Ctd) [®-lab

e Results:
o Flood Rapid Mapping

m Joint work with: Ziyang Zhang, ESA ®-lab Visiting
researcher, Lancaster University, UK

m |[EEE GRSS Flood Rapid Mapping dataset
o |IGARSS 2024 Challenge
e Track-2: Flood rapid mapping with optical data

o Sentinel-2 satellite multi-spectral images

® htip://www.grss-ieee.org/community/technical-committees/2024-ieee-grss-data-fusion-contest

éto € 2024 IEEE GRSS Data Fusion Contest
wcxroecmn  CNES

-
@ E CERFACS Flood Rapid Mapping (Grss) @
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Foundation Model PhilEO (Ctd) [®-lab

o Flood Rapid Mapping (Ctd):
m |[EEE GRSS Flood Rapid Mapping labelled dataset
m Harmonized Landsat Sentinel-2 (HLS) data
e Multi-spectral 30m res images

m Labels: Flood extent labeled by TRASEAT ORI
Copernicus Emergency " Hormoniessntne 2fansat
Management Service (CEMS) —

B http://ieee-dataport.org/competitions/2024-ieee-grss-data-fusion- (M

m Evaluation: F1-score ol e
o 0.84348, ZiyangZhang, 28 o
e 0.89843, Henryljp, 1 ol O
e Difference: 0.05495 _—

o Approximately 5 points g ,



http://ieee-dataport.org/competitions/2024-ieee-grss-data-fusion-contest-flood-rapid-mapping
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Foundation Model PhilEO (Ctd) [®-lab

o Flood Rapid Mapping (Ctd):
m EO Foundation Model approach
e Fine-tuning
m PhilEO Foundation Model
Ensemble of EO Foundation Models
e Like Mixture of Experts (MoE)
e PhiIlEO, Satlas, http:/qithub.com/allenai/satlaspretrain_models

m F1-score, 0.84348, ZiyangZhang, 28
http://codalab.lisn.upsaclay.fr/competitions/16699#results

Paper: Ongoing work: Ziyang Zhang, Nikolaos Dionelis, Plamen
Angelov, and Nicolas Longépé, “An Interpretable Ensemble Geoscience
Foundation Model for Flood Mapping,” To be submitted, 2025.

B http://github.com/Ziyang-cyber/challenge_philab

14
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Foundation Model PhilEO (Ctd)

e Results (Ctd):
o Floods

o WorldFloods database

m E. Portalés-Julia, et al., “Global flood extent segmentation in optical

satellite images,” Nature Scientific Reports, 13, 20316, 2023.
® http:/www.nature.com/articles/s41598-023-47595-7

m Sentinel-2 multi-spectral data
m Flood segmentation masks
m 509 pairs

O  http://spaceml-org.github.io/n

Floodmap intersection
) L XEm
2o g -f; "_ et C



http://www.nature.com/articles/s41598-023-47595-7
http://spaceml-org.github.io/ml4floods/content/worldfloods_dataset.html

“An Al Foundation Model for Earth Observation, Techniques and Applications Including Flood Rapid Mapping”

Foundation Model PhilEO (Ctd) -b

o WorldFloods database (Ctd):
m Ensemble: 4 models: PhilEO, Satlas, DOFA, Prithvi
m Semantic segmentation: 3 classes: Water, land, cloud
m Evaluation metric: Intersection over Union (loU)
m Evaluation of: i) PhilEO model, and ii) Ensemble

Model loU land (%) loU water (%) | loU cloud (%) | Mean loU (%)
Prithvi 86.92 73.76 66.71 75.80
DOFA 83.98 69.90 69.10 74.33
Satlas 87.28 75.28 76.78 79.78
U-Net 87.39 77.21 80.02 81.54
DeeplLabv3+ 88.10 77.45 81.21 82.25
PhilEO 85.58 74.09 77.61 79.09
Ensemble 88.61 78.05 81.37 82.67

16
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Foundation Model PhilEO (Ctd)

o WorldFloods database (Ctd):

m Potential future work: Change detectlon approach in
addition to fine-tuning method A Ty

Results on the

WorldFloods dataset.
Model loU land loU water loU cloud Mean
Satlas 87.28 75.28 76.78 79.78
PhilEO 85.58 74.09 77.61 79.09
Ensemble | 88.61 78.05 81.37 82.67

Ground Truth

SatlasNet
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Foundation Model PhilEO (Ctd)

o WorldFloods database (Ctd):

m Evaluation of EO Foundation Models: Generalize
across different spectral bands

[©-lab

Model # Bands loU land (%) loU water loU cloud Mean loU
Prithvi 6 86.55 72.00 67.17 75.05
Prithvi 13 86.92 73.76 66.71 75.80 (10.75)
DOFA 9 82.01 68.58 53.93 68.17
DOFA 13 83.98 69.90 69.10 74.33 (16.16)
PhilEO 10 86.39 73.51 67.31 75.74
PhilEO 13 85.58 74.09 77.61 79.09 (13.35)
Satlas 9 87.75 74.39 68.38 76.84
Satlas 13 87.28 75.28 76.78 79.78 (12.94)
U-Net 13 87.39 77.21 80.02 81.54
DeeplLabv3+ 13 88.10 77.45 81.21 82.25

18
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Foundation Model PhilEO (Ctd) -b

o Summary & number of parameters of models
m Foundation Models for EO and Geospatial Al

Model Pretraining Pretraing image # Parameters (M)
dataset type
U-Net ImageNet RGB 7.8
DeeplLab v3+ ImageNet RGB 45.7
PhilEO MajorTOM subset S-2 45.9
Satlas SatlasPretrain S-2 89.8
Prithvi Harmonized Landsat S-2 127
Landsat S-2
DOFA DOFA S-1, S-2, 151
GaofenNAIP,
EnMAP

19
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Foundation Model PhilEO (Ctd) -b

e Results (Ctd):
o Building density regression
m Dataset: Custom, labelled
m Evaluation metric: Mean squared error (MSE)

m PhilEO (GeoAware UNET _ft) outperforms ResNet
(supervised learning), SeCo, SatMAE

107} 1=
El
K}
&
g L AR SN
________ -
10“‘ P \ ~
@ R i \;. ~ S
---------- S
> x :
© =8
L 4
°
10? 10°
n training samples per region
®- UNET fully_sup ®- Seco ft Pretrained_VITCNN_GC_ft ®- SatMAE_ft
® - GeoAware UNET ft  —@-~ VITCNN_fully_sup ®- Pretrained_VITCNN_GC_wSkip_ft - Pnthvi_ft

~® - RESNET_fully_sup Pretrained_VITCNN_ft
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Foundation Model PhilEO (Ctd)

o Building density regression (Ctd)
m Qualitative evaluation
e Images:
o Left: Sentinel-2 input
o Middle: Ground truth
o Right: Prediction
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Foundation Model PhilEO (Ctd) | ®-lab

o Building density regression (Ctd):
m Decoder: UPerNet

—e— PRETRAINED_ViT_UperNet_ft
101 - Unet_fully_sup

| —8— GeoAware_Unet_ft

—8— PRETRAINED ViT_CNN_GC_ft
—e— PRETRAINED ViT CNN ft

MSE

10—1__

102 103
n-shot

22
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Foundation Model PhilEO (Ctd) |®-lab

e Results (Ctd):
o Road density regression
m Evaluation metric: MSE
m Decoder: UPerNet
m Roads: Evacuation planning, emergency disaster management

10°

—e— PRETRAINED_ViT_UperNet_ft
Unet_fully_sup

—a— GeoAware_Unet ft

—8— PRETRAINED ViT CNN_GC_ft

—e— PRETRAINED ViT CNN_ft

MSE

1077 4

10? 10?
n-shot



“An Al Foundation Model for Earth Observation, Techniques and Applications Including Flood Rapid Mapping”

Foundation Model PhilEO (Ctd) -b

e Results (Ctd):
o Semantic segmentation land cover classification (Ic)
m Dataset: ESA WorldCover (11 classes)
m Evaluation metric: Accuracy (acc)
m PhilEO (GeoAware UNET _ft) outperforms other models

nshot experiment on Ic downstream task
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-®- UNET _fully_sup ®- Seco_ft Pretrained_VITCNN_GC _ft - SatMAE_ft
GeoAware_UNET_ft ~@- VITCNN_fully_sup ®- Pretrained_VITCNN_GC_wSkip_ft ®- Pnthvi_ft
~®- RESNET_fully_sup Pretrained_VITCNN_ft 24



“An Al Foundation Model for Earth Observation, Techniques and Applications Including Flood Rapid Mapping”

Foundation Model PhilEO (Ctd) -b

o Semantic segmentation land cover classification (Ctd):
m Decoder: UPerNet

B http://collections.sentinel-hub.com/worldcover/readme.html, http://collections.sentinel-hub.com/worldcover

0.75 + —®— GeoAware_Unet_ft

—8— PRETRAINED ViT_UPerMet_ft
—8— PRETRAIMED WiT CNN_ft
0.70 4 —®— PRETRAINED_WiT_CNN_GC _ft
Unet_fully_sup

0.65 1

b

ch

[=]
1

accuracy

0.55 4

0.50 1

0.45 4

10¢ 10°
n-shot
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Foundation Model PhilEO (Ctd)

o Land cover classification (Ctd):
m Patch classification: Labels at the image level
e Majority class in image

nshot experiment on Ic patch classification downstream task

e
0.75 - o ,_.-«j:_f.j‘j
e I A =
0.70 A "._v-- ’,”,, 7;‘-’},
P sz S ,° 8
0.65 e e SN L
o . ':_» . /’/" o ’,”
% /'/" o | >
0.60 1 §-~ = 7 t
,/’ ,',
0 ”/—"
0.55 - ' 7
3 S ‘h_',;p
§:z2<
050 1
102 10°

n training samples per region

~®- Encoder_fullysup ~®- Seco_ft @~ Pretrained_VITCNN_Ip @ - SatMAE_lp
~®- GeoAware_Encoder_ft Seco_lp Pretrained_VITCNN_GC_ft ~®- Prithvi_ft
® - GeoAware_Encoder_Ip ~®~- VITCNN_fullysup ® - Pretrained_VITCNN_GC_lp Prithvi_lp
~@®- RESNET_fullysup Pretrained_VITCNN_ft - SatMAE_ft
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Evaluation framework for EO Foundation Models

e Problem: Compare the performance of different models across
downstream tasks
o Tasks:
A. Building density pixel-wise regression
B. Road regression segmentation
C. Land cover semantic segmentation
o Models: E"Siié;iﬁéﬂé'tﬁhiﬁdh’éh’t's'g
A. PhilEO e '
B. Prithvi
C. SatMAE
D. SeCo
E. ResNet (supervised learning)
e Method: Fine-tune each model using
same-architecture decoder per task
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Evaluation framework for EO Foundation Models (Ctd)

e Method (Ctd):
o Decoder: Convolutional, UPerNet
o Dataset PhilEO Bench: Labelled, global, downstream tasks

m Regression, Classification
o Measure sample efficiency of FMs: n-shot fine-tuning

o Confidence quantification & assessment
m ESA WorldCover: Noisy labels, accuracy 77%

o (Ongoing work:
m Add downstream tasks to PhilEO Bench: Sen1Floods11
dataset, HLS Burn Scars
e e.g., TerraMind model, http:/arxiv.org/pdf/2504.11171

e mloU 90.78, Sen1Floods11

esa [FEb
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Techniques: a) Confidence quantification & assessment

e Problem: Confidence quantification for semantic segmentation use
cases: Achieve improved performance

o Confidence assessment: Indicator of performance, a priori
o Low confidence:
m Further model training
m Collect more data
o Anomaly detection/ Out-of-Distribution (OoD) change detection
o Noisy labels [ cAs:confidence Assessments of classification algorithms for Semantic segmentation
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Techniques: a) Confidence quantification & assessment (Ctd)

e Method (Ctd): Features of correct classification:
o Softmax output probability, Entropy, Diff btwn 1st & 2nd
o Spread of high probability pixels within segment
o Gradient of DNN model

e Results: Evaluation: Correlation btwn loU & confidence for segment
o Confidence score histograms
m Separability: Correct, incorrect

o
I Class 0 (Misclassifications)

!
- ‘ . »
o 4 . :
" ’l‘
Ly 3 = gy
35 4 B Class 1 {Correct classifications) : " “ﬁ 3
Overlap percentage: 6.31% 3 o8 : : / ‘
Overlap area: 29.78 _

3 a) Input image b) Prediction ¢) Ground truth
= 25 n

E e I

£ 20 4 W K

5 5 e
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2151
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10 4 |

[ - > . o
[P - J. d) lncon-ect c) Conﬁdence n Predicted
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Techniques: b) Confidence quantification & assessment

e Problem: Pixel-wise regression downstream tasks: Conf quantification
e Method: Model Confidence-Aware Regression Estimation (CARE)
o Confidence-aware fine-tuning and inference
o 2 heads: Continuous output (regression), confidence
m Variation in regression: Modelled by confidence metric
e Results: Building density - P
o Error btwn confidence metric & | .
error in regression '

EVALUATION OF THE PROPOSED MODEL CARE ON THE DATASET PHILEO
BENCH BUILDING DENSITY ESTIMATION (SENTINEL-2 DATA, L2A).

a) Input image b) Prediction ¢) Ground truth
n= 10000 7500 5000 1000 500 100 50 'W’
: Szt
Error, 0.00683 0.00761 0.00759 0.0138 0.0167 0.0246 0.0261 s
Mean

Error, 0.00150 0.00190 0.00184 0.0065 0.0088 0.0147 0.0159

Med. ‘f\a : | . |

MSE 0.00301 0.00316 0.00326 0.0039 0.0043 0.0051 0.0034 d) Confidence ¢) Abs. error btw f) Abs. error btw
map, CARE (Ours)  prediction & gt pred. uncertainty & (e)
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esa [§Eb

Applications

e Downstream tasks:

O

O

Flood Rapid Mapping

Building density regression, road segmentation, land cover
mapping

m Evaluation framework for Sentinel-2 FMs: PhilEO Bench
Estimation of construction year of buildings

m Data fusion, multiple modalities

E O d ata Se tS : phileo-bench.github.io

= Noisy labels ESA PhilEO Bench

Fine-tuning:

Casper Fibaek, Luke Camilleri, Andreas Luyts, Nikolaos Dionelis, Bertrand Le Saux,
| CO nﬂdence European Space Agency (ESA), ®-lab

GitHub: http://github.com/ESA-PhilLab/PhilEO-Bench
Landing page: http://phileo-bench.github.io/
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“An Al Foundation Model for Earth Observation, Techniques and Applications Including Flood Rapid Mapping”

Estimation of age of buildings

e Problem: Estimation of construction year of buildings from multi-
modal dataset

o Data fusion: Cross-view dataset, street & satellite VHR
m Labelled dataset MapYourCity
o Energy efficiency, age of buildings
e Method: Late data fusion: Concatenate features
o 3 modalities: Inference l A

without street-view “” = E

Encoder Features: 512 (or 2048)
N,
/4 C ;. Output class
Aerial image | 4 ?o«l\slmctnon epoch
RGB FC classes
Encoder Features: 512 (or 2048)
Sentinel-2 data = 7 — ==
12 bands L

. Encoder )
- Features

Flowchart of the deep learning based model we use - End-to-end method
*FC = Fully Connected layers
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Estimation of age of buildings (Ctd) -b

e Results: Evaluation metric: Classification confusion matrix
m Diagonals: Mean Producer's Accuracy (MPA)
o Large scale: Generalization to previously unseen cities
o [ classes for construction epoch of buildings: e.g., “Before 1920”

o Comparison with single modality: Street only, improvement ~7%
® http:/github.com/AI4EOQ/MapYourCity

1920

Model Performance of model g
Accuracy 67.83% ;
Precision 68.00% :
Recall 67.84%
F1-score 67.56% 8
Mean of diagonals 64.03% g
of confusion matrix N

2010

1920 1340 1950 1970 1980 2000 2010
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