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Agenda 4#7

However as the progress in Al is accelerating and
brining enthusiasm of the community,

policy makers are increasingly challenged
to keep the investment momentum and
to create the right conditions for the European sovereign Al solution
to continue growing on the continent.



Self-Supervised Learning: Why? ‘#7
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Self-Supervised Learning: What?
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Self-Supervised Learning: How? ‘#7
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EvolLand in a Nutshell
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Mind the Gap: Academia vs. Real World
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Fig. 2. Proposed unsupervised multisensor (optical-SAR) CD framework. The left-hand side denotes the self-supervised training process, while the right-hand

side shows the CD process using already trained model.
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Fig. 3. Network simplified architecture with L, = 4 and L, = 1. Optical and SAR inputs are processed separately and subsequently fed to a common

prediction layer.
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Evoland Self-Supervised Multisensor Change Detection
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Mind the Gap: Academia vs. Real World 4#7
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Mind the Gap: Academia vs. Real World ‘#7
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The Beauty of Simple: Good Old UNet is Up and Alive, but ...
... Visual Perception Matters in Products! DLR

Ground Truth, HLS

Model HLS Burns MADOS PASTIS SenlFloodsl1 xView2 FBP DynEarthNet CropMap SN7 Ald4Farms BioMassters |# Top-2
CROMA 81.52 57.68  32.33 90.57 51.44 48.01 38.30 4220 5931 28.19 38.50 4
DOFA 78.02 5521  28.60 88.39 58.91 36.90 39.20 3093 47.06 26.69 42.81 2
GFM-Swin 74.36 63.37 2041 71.61 57.81 63.14 31.25 3142 59.83 28.43 48.19 2
Prithvi 80.89 40.79  33.13 89.69 45.79 40.27 33.43 42.51 4945 29.27 41.03 1
RemoteCLIP 74.28 5326 1746 71.67 57.43 65.92 3091 363 50.83 25.11 50.09 1
SatlasNet 75.97 5224  16.78 89.45 50.74 46.04 36.34 3529 60.74 27.08 42.23 1
Scale-MAE 75.47 46.87  23.26 72.54 5945 62.11 32.60 2032 61.24 26.40 46.74 2
Spectral GPT 76.40 58.00 34.61 87.52 4594 21.71 36.52 3209 56.28 27.46 37.34 2
S12-MoCo 79.79 4290 3259 89.22 49.66 46.92 34.45 4132 56.21 28.38 41.08 0
S12-DINO 80.12 4042 3571 88.93 48.46 44385 32.76 31.13  55.14  25.68 41.47 1
S12-MAE 80.13 4429  31.15 88.43 47.09 45.63 33.29 28.07 55.55 27.50 41.66 0
S12-Data2Vec  79.82 41.22 3342 86.58 48.84 46.73 32.61 2853 5694 2584 42.82 0
UNet Baseline , 82.39 43.87  30.25 90.91 56.58 55.42 35.14 36.30 46.82 45.02 36.72 +
Vil Baseline 18.17 2877 38.71 86.08 3482 57.32 37.33 3953 4921 38.37 39.56 2

overall accuracy: ~85% @ “blobby” https://github.com/VMarsocci/pangaea-bench
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Garbage in, Garbage out: Labels, Labels, Labels!‘#7

Sentinel-2 “Ground Truth”




Garbage in, Garbage out: Labels, Labels, Labels!‘#7

Sentinel-2 “Ground Truth”




Expectations: Trading Semantics for Pixel-Level Details #

DLR
Ground Truth
: all, 3, 2, 1 layer(s)
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Engineering: Tricks to Tailor a Custom-Made Solution
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Engineering: Tricks to Tailor a Custom-Made Solution

Sentinel-2 Ground Truth _ Model Prediction
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Hypes: Data, Data, Data? Model, Model, I\/Iodel?‘#7
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Embed2Scale in a Nutshell
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Neural Compression Landscape
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NeuCo-Bench: A No-Cheating Challenge for Academia ‘#7
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NeuCo-Bench: A No-Cheating Challenge for Academia ‘#7
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NeuCo-Bench: Downstream Tasks
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NeuCo-Bench: Downstream Tasks — for PANGAEA
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Earth2Vec: Join Corporate, Government, and Academia#
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Lessons Learned towards a successful Digital Copernicus#

DLR
no hiding behind buzz words

“Big Geospatial Data Mining with a Quantum-Foundation Model
on the Edge for Hybrid Cloud Downstream Tasks”

guide state-of-the-art Al by real-world use cases (downstream tasks)

accelerate Horizon Europe process closer to ESA model, and
reduce + simplify EC reporting (kpi structure)

build kind and honest Open Science communities across domains
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Q&A + Feedback + Resources

SSLAEOQ review:
https://doi.org/10.1109/MGRS.2022.3198244
EvolLand:
https://www.evo-land.eu
Embed2Scale:
https://embed2scale.eu
(Lossy) Neural Compression review:
https://doi.org/10.1109/MGRS.2025.3546527
NeuCo-Bench framework:
https://github.com/embed2scale/NeuCo-Bench

‘ Evoland - E S 5ueeD.
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