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truly transformative ideas and

in the power of compelling partnerships

to accelerate the Earth Observation future
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Contents Wy, 5 :

= EO Foundation Model PhilEO 2 L EONARDO
= Evaluation framework for EO FMs: PhilEO Bench ) *J Leonardo

= Evaluate the models we develop Labs

= Scaling-up the PhilEO FM to MajorTOM
= PhilEO MajorTOM model, PhilEO FastTOM

= 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 Feundation MJg

f

Problem: Extract information from unlabelled satellite data
in order to solve a number of downstream tasks with high
accuracy, e.g. building density estimation

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

"% LEONARDO

“J Leonardo
Labs

From top left: Sentinel-2, Prediction by our model, Ground truth,
Correct classifications of the model, Incorrect classifications
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PhilEO Datasets &' #0fvnst

= Datasets: Global dataset PhilEO Globe, 0.5TB ’E:- LEONARDO
= Specialized dataset: Land w/o oceans, ice ) tgggardf’
= PhilEO Bench, 0.4TB: Labelled dataset
= Evaluation framework: Fine-tuning U, oo sosieie conmmt
= Subset of MajorTOM: FastTOM, 2TB Cesias  Sndalees 22585 el Genett e St Gt 378

Core-S2L1C Sentinel-2 Level 1C 2,245,886 Multi-Spectral General-Purpose Global (about 23 TB)

= Task-specific dataset: Land only
= Scale-up to MajorTOM, 23TB Majox TOM il <=
= Downstream tasks:

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

= Challenge: Limited labelled data
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= Scale-up EO Foundation Models: Most studies in literature: = LEDNFIRDD

Not trained EO FMs on huge size of unlabelled satellite data Leonardo

Labs
= 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

SSSSSSSSS

= Evaluate on: PhilEO Bench: Global, labelled ek I .
e Ny Mg le &7

= Ongoing work: Multi-modal S-1 & S-2 Left: S-2 data: Visualization in RGB (3 bands)

Middle: Prediction by model. Right: Ground truth
labels: Classes like Cropland
e RGB colors defined by: ESA WorldCover
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Evaluation.framework for EQ#6fiRdatio &
_> j‘;;:.' j’ J’ &5 0
" P_roblem: Compare performance of models across ’»::.. LEONRRDO
different tasks :
.. : . : “J Leonardo
= Applications: Road density estimation Labs

= Building density pixel-wise regression
= Land cover semantic segmentation

_______________________________ i

= Models: ' Swappable Components|

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

= Different number of parameters
= Method: Fine-tune each using n-shot samples [
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PhilEO Bench n-shot/Sgi

- Method (Ctd): 'S LEONARDO
= Decoder: UPerNet or Convolutional ) tgggardo

= Dataset PhilEO Bench: Global, 0.4TB. Fine-tuning: Downstream tasks
= Regression & classification

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

Confidence quantification & assessment
= WorldCover: Accuracy 77%
= Noisy labels

Related work:
= Other benches: GEO-Bench, FoMo /2
Bench, PANGAEA, Copern-Bench ‘ .

S—

Foundation Model
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Scaling-up pretraining of*BiHE

Study the performance of PhilEO model when scaling-up ’E:- LEONARDO
pretraining data " Il:egnardo
abs

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

= |ncrease 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

Step 3: Compare performance of PhilEO MajorTOM & FastTOM models
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PhilEO MajorTOM: Scali ’ the

= Model: Trained and fine-tuned on: Leonardo Davinci-1 HPC ”5 LEONARDO

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

= FastTOM: Single node with 4 A100@40GB VRAM
= Scaling-up:
= PhilEO Globe - FastTOM - MajorTOM
= MajorTOM: Land, oceans, ice
= QOthers: Specialized, Land
= CNN, ViT
= 1 node, 4 GPUs - 4 nodes, 16 GPUs
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= Results: Road density estimation ”{- LEONARDO

Dataset: Custom, labelled “J Leonardo
Labs

Evaluation metric: Root Mean squared error (RMSE)
Decoder: UPerNet
= PhilEO ViT o G

—8— VIiT-CNN-GC
—8— ViT-CNN

Geo-Aware U-Net

RMSE

First: conduct experiments to

select which architecture to

scale-up *2 — —_—

1‘02 1(‘)3

Next: scale-up best performing
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= Road density regression (Ctd): "~ L EONARDO
= Scaling up: EO Foundation Model trained on "f Leonardo

dataset MajorTOM, 23TB Labs

= Pretrain on MajorTOM: Not use any prior information

. Speuahzed datasets: Pr|0r ® U-Net 44M-0.5T * U-Net44M-23Tx Vit;-ﬁ:.i::l:t-i';m;-;l;:et 200M-2T < ViT UPerNet 100M-2T
information, land

= Downstream tasks: Land

= Not: Oceans, ice W
= PhilEO 200M FastTOM : .

outperforms other models

0.05
50 100 500 1000 5000

n-shots
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Building density e&#ftiat

= Results (Ctd):

= Building density pixel-wise regression

= Dataset: Custom, labelled
= Evaluation metric: RMSE

= Decoder: UPerNet
= PhilEO ViT

= (Geo-Aware U-Net

RMSE

10—1 .

= Experiments on architectures in

order to choose which one to

scale-up

‘% LEONARDO

“J Leonardo
Labs

—&— ViT-UPerNet
Randomly initialized U-Net
—8— Geo-Aware U-Net
—8— ViT-CNN-GC
—o— VIiT-CNN

SNSe—
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Building denS|ty

= Building density estimation (Ctd): ,3 LEONARDOC
= (Qualitative evaluation ) Il:gggardo

= |mages: Left: S-2 multi-spectral input
= Middle: Ground truth
= Right: Model prediction

Labels
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= Building density regression (Ctd): ”f- LEONARDO
= Scaling up: EO Foundation Model trained on °f Leonardo

, Labs
dataset MajorTOM, 23TB

= For n=100 and 500: PhilEO MajorTOM & FastTOM models outperform Geo-
Aware U-Net PhilEO Globe o UNet 448057

= PhilEO 200M FastTOM
outperforms other

* U-Net 44M-23T U-Net 44M-2T = U-Net 200M-2T ¢ ViT UPerNet 100M-2T
*x ViT UPerNet 300M-0.5T

0.09

models L oo "
7]
=
13
50 100 500 1000 5000
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‘% LEONARDO
“J Leonardo
Labs

From left to right:

Downstream Task: Building Density Estimation

From left to right: S-2, Labels, Model prediction
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Results: Land coviitia
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= Results (Ctd): ‘% LEONARDO
= Land cover semantic segmentation ) tgggardo

Dataset: ESA WorldCover, 11 classes

Evaluation metric: Accuracy

Decoder: UPerNet | e e e
= PhilEO VIT [~
Geo-Aware U-Net

According to results: Scale-up
best-performing model, PhilEO

Geo-Aware U-Net
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Evaluation: Land/Calér ;- <

= Land cover mapping (Ctd): ”f- LEONARDO

= Scaling up: EO Foundation Model trained on the ) tgggardo
dataset MajorTOM, 23TB
= Evaluation metric: ® U-Net 44M-0.5T * U.Net44M-23T - U-Net44M-2T = U-Net 200M-2T ¢ ViT UPerNet 100M-2T

x VIT UPerNet 300M-0.5T # Prithvi-EO-2.0 # Mamba 43M ImageNet

Accuracy

= PhilEO Globe model:
= Qutperforms others

08

0.7

= Comparison with <
Prithvi-EO-2.0 |
[ | AISO: IVI a m ba 04 50 100 500 1000 5000

n-shots

= T IE SIS S e O b B OSE im 2D == mm ¥ THEEUROPEAN SPACE AGENCY



L

’ D W A
N %

Technigues: a) Confidé / ' .‘{-J,amﬁ.@atl_ ‘

= Problem: Confidence quantification for semantic segmentation ’{- LEONRRDO

= Aim: Achieve improved performance " tegnardo
albs

= Confidence assessment: Indicator of performance, a priori

Low confidence: Further model training
= Collect more data

Anomaly detection

Change detection

M e Mo« aware
O I S a e S all-spectral-bands Foundation
Model PhilEO Version 1.0

= Method: Model Confidence Assessment for Semantic segmentation (CAS)
= Model Confidence-Aware Regression Estimation (CARE)
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= Method (Ctd):

V2 LEUNFIRDD

= Features of correct classification: Leonardo
= Softmax output probability, Entropy, Diff btwn 1st & 2nd Labs
= Spread of high-probability pixels within segment
= Gradient of DNN model N

= Results: Evaluation: o = o it

= Correlation btwn 30 Gueran prcnian o2
loU & confidence ﬁ
for segment "

- Confidence score .. L 5 |
histograms o s @5 D) susomcias
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Techniques: b) Confidle'n:, H r;tjfbc ‘f’,tio',= :
= Problem: Pixel-wise regression downstream tasks ”::- LEONARDO
= Method: Model Confidence-Aware Regression Estimation (CARE) ) tgggafdo

= Confidence-aware fine-tuning & inference

= 2 heads: Continuous output (regression),
confidence

= Variation in regression: Confidence metric

= Results: Building density

EVALUATION OF THE PROPOSED MODEL CARE ON THE DATASET PHILEO a) Input image b) Prediction ¢) Ground truth

[ E rro r btwn BENCH BUILDING DENSITY ESTIMATION (SENTINEL-2 DATA, LL.2A). w,. -
’ 10 a7
CO nﬁdence n= 10000 7500 5000 1000 500 100 50 s x\ o o .
. Error, 0.00683 0.00761 0.00759 0.0138 0.0167 0.0246 0.0261 8 o Y
metric & N 0 .
1 Error, 0.00150 0.00190 0.00184 0.0065 0.0088 0.0147 0.0159 \
error in B 5 ‘a‘-‘;\“ |
Med. 7
1 d) Confidence e) Abs. error btw f) Abs. error btw
regression MSE _0.00301 0.00316 0.00326 0.0039 0.0043 0.0051 0.0034 . "~\pE Ours)  prediction & gt pred. uncertainty & ()
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Applications

= Downstream tasks: Roads, buildings, land cover ”{- LEONARDO
= Evaluation framework for S-2 FMs: PhilEO Bench ) tgggardo

Also: Downstream task EO datasets: Noisy labels

Fine-tuning: Confidence quantification
= Anomaly detection, Out-of-Distribution (OoD), change detection

25 phileo-bench.github.io

Estimation: Age of buildings ESA PhilEO Bench

Casper Fibaek, Luke Camilleri, Andreas Luyts, Nikolaos Dionelis, Bertrand Le Saux,

= Data fusion, multiple modalities S S8 Moo (520, 8125

= Satellite VHR & street

. GitHub: http://github.com/ESA-PhilLab/PhilEQO-Bench
. I—abe”ed dataset MapYOUFCItV Landing page: http://phileo-bench.github.io/

21
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http://github.com/ESA-PhiLab/PhilEO-Bench
http://phileo-bench.github.io/

Conclusion

= Study how EO Foundation Models scale 'z /_EUNF]RDD
= First: Experiments to select which architecture to scale-up tegnardo
aps

= Different # parameters, architecture
= Develop PhilEO ViT UPerNet
= Next: Scale-up best-performing model

= 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
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