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BIFOLD Facts & Figures
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Research @ BigEarth and RSIM

Our groups perform research at the intersection of machine learning and big data management for Earth observation.

Vision-Language Models for EO Compress Domain Data Analysis Decentralized Data Analytics
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Research @ BigEarth and RSIM

We have significant experience on the design and development of systems, software libraries and benchmark datasets for
Earth observation.

Benchmark Datasets for Earth Observation Systems and Software Libraries for Earth Observation
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Recent Trends in Al for Earth
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First Decade of Deep Learning Applications in NBIFOLD
Remote Sensing

1. Data Collection & Preparation
. Data types Preprocessing Challenges
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4. Model Evaluation

Evaluation metrics Preventing overfitting
Classification: Accuracy, F1-score, precision-recall curve - Batch balancing

Publication year

Segmentation: loU, Dica coefficient - Data augmentation
Object deection: mAP - Cross-validation
- Ensembling

—eo— RS, AL ML, DL —e— RS, Al DL —e— RS, DL

% A. Safonova, et al. “First Decade of Deep Learning Applications in Remote Sensing,” ISPRS Journal of Photogrammetry and
Remote Sensing, under review, 2025.
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Modeling and Understanding User-Centric and Compute
AI to A Earth Processes

“Intelligent, Interoperable

Adva n c e ‘l‘DAlgorithnI;s ThalEt(I)_%ar? ” “Integration of Data, Systems That Interact With
AlEnSs From aia + Algorithms, and Domain Humans, Trustworthy and
Knowledge” Accountable”
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Sensor Agnostlc Learnmg

Multi-Modal

Multi Cross Latent Multi ‘ = e
Image Sensor Sensor . Similarity Sensor Um-modd‘l ]::(R ross-moda
Masking Encoder Encoder Preservation Reconstruction econstruction )

(a) identical (b) random (c) disjoint

An illustration of three different multi-modal masking correspondences. For each one, if the same local areas are masked out on images from
different sensors, they are shown in green. Otherwise, they are shown in red.
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Search by Image Engine: Results

Cross-Modal Query-By-Image Retrieval: S1 - S2

1st 2nd 3rd 4th 5th 6th 7th

CM-MAE: most similar Sentinel-2 images

Query by
Sentinel-1

1 ,Li‘.\”,é‘.!i.‘&i : bifold.berlin
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Search by Image Engine: Results

The comparison with state of the art without deep hashing-module and using a subset of BigearthNet (~14k samples)

DUCH [1] (ours) 68.9 % 69.8 % 69.4% 69.1%
CMMAE [2] (ours) no 69.7 % 71.5% 70.1 % 70.6 %
S2MC [3] yes - - 41.7 % 45.6 %
Deep-SM [4] yes - - 65.0 % 68.7 %
DCCA [5] no - - 49.1% 47.3%
SimCLR [6] no - = 47.3 % 53.3%

[1] G. Mikriukov, M. Ravanbakhsh, and B. Demir, "Deep Unsupervised Contrastive Hashing for Large-Scale Cross-Modal Text-lmage Retrieval in Remote Sensing”, arXiv:1611.08408, 2022.

[2] J. Hackstein, G. Sumbul, K. N. Clasen, B. Demir, “Exploring masked autoencoders for sensor-agnostic image retrieval in remote sensing”, IEEE TGRS, 2024

[3] M. Li, Y. Li, S. Huang, and L. Zhang, "Semantically supervised maximal correlation for cross-modal retrieval,” in IEEE International Conference on Image Processing, 2020, pp. 2291-2295.
[4] Y. Wei et al., "Cross-Modal Retrieval With CNN Visual Features: A New Baseline,” in IEEE Transactions on Cybernetics, vol. 47, no. 2, pp. 449-460, Feb. 2017

[5] G. Andrew, R. Arora, J. Bilmes, and K. Livescu, "Deep canonical correlation analysis,” International Conference on Machine Learning, vol. 28, no. 3, pp. 1247-1255, 2013

[6] T. Chen, S. Kornblith, M. Norouzi, and G. Hinton, "A simple framewaork for contrastive learning of visual representations,” International Conference on Machine Learning, pp. 1597-1607, 2020.
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Foundation Models for EO

1200
900
PASTIS-HD [TSAETS| PLANTED
600 1280m 60m 640m 102.4m 120m
Aerial
300 i
SPOT®,
0 NAIP
2020 2021 2022 2023 2024 Gt
Cumulative number of Google Scholar papers containing the keyphrases ’foundation Sentinell,
model’ and 'remote sensing’ (2020 onward). ALOS-2
LandSat
RS sensors Multi-modal data RS tasks 1809
‘ RGB cameras g
optical images = land cover classification
infrared cameras ' P & ‘3 o
. ) =] ) 1 SSL pre-training
g LiDAR. sensors infrared images _§ segmentation i ; ; _
B 2 : : ne-tuning / linear probing
hyperspectral sensnrs'_l LiDAR point clouds :E "' -;‘?, object detection
, £ B g
S multispectral sensors hyperspectral images = % N question & answering e I
thermal cameras .0 RS . £ Alnus
- multispectral images Foundation change detection %S @ Rutaceae )
&% SARMSAR . Model di land cover tree species crop type deforestation
. thermal images 1saster management mapping identification  classification detection segmentation
RS platforms i urban plannin, . . .. . - .
a0 . SAR/InSAR images pannine Using a scale-adaptive joint embedding predictive architecture (JEPA),
satellit aircraft .- - . o L . .
SAETIEs : Texts environmental monitoring AnySat can train in a self-supervised manner on highly heterogeneous
i+ drones ground-base g datasets.

% G. Astruc, et al. “AnySat: One Earth Observation Model for

% A. Xioa, et al. “Foundation Models for Remote Sensing and Earth Many Resolutions, Scales, and Modalities,” CVPR, 2025.

Observation: A Survey,” Arxiv 2410.16602, 2024.
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Efficient Remote Sensing Foundation Models with e
Mixture-of-Experts

. nT
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L. Hackel, et al. “Efficient Remote Sensing Foundation Models with Mixture-of-Experts,” IEEE TGRS, in review 2025.
EN Puigcerver et al., “From sparse to soft mixtures of experts,” ICLR, 2024.

Soft MoE performs an implicit soft assignment by passing different weighted combinations of all input tokens to each expert.
Experts in Soft MoE only process a subset of the (combined) tokens, enabling larger model capacity (and performance) at lower inference cost.

1 ,I;}i.gg:éiﬁii CHARITE bifold.berlin
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Vision-Language Foundation Models in Remote Sensing

v Inspired by the success of LLM
based FMs in NLP such as LLama
and GPT-3, VLMs in RS have recently
exhibited substantial
advancements.

Q: Does Arable Land cover more than 75% of the area?
A: Yes.

Q: Does the Inland Water cover between 50-75%7?
A: No.

Q: Do the Pastures present next to Inland Water?
A: No.

Q: Does the Urban Fabric present next to the Inland Water?
A: Yes.

v' The VLMs learn image-language
alignments from a large number of
image-text (i.e., image-caption)
pairs and are then fine-tuned with a
small amount of labeled data.

2nd 3rd 4th

Query Text

Many vessels near the Many vessels near the Many vessels near the Many vessels near the

v Existing VLMs in RS demonstrate e ot ot o ot
remarkable capability in several ; \
image-language tasks.

Many vessels near the Many vessels near the Many vessels near the Many vessels near the
coast. coast. coast. coast.

-. , ( : | - bifold.berlin
BERLIN RLIN . .




GAIA: Vision-Language Dataset for EO NBIFOLD

Web-Scraped gpt-4o-mini Text gpt-40
Remote Sensing Articles v = T T ™ Summarization [T T T I
(Image + Text) | v
— Metadata
Data Cleaning & ] , Extr.':l&ctlon
Deduplication J Jptdo .
— Generation
N\ J

e

Scale: ~41,030 unique RS images featuring 5 diverse, synthetic captions per image (205,150 image-text pairs) in addition to the original alt-text caption and metadata.

"« Oil slicks prominently visible in San Francisco Bay, captured using radar imagery. The oil is seen as dark areas,
contrasting with brighter land and rougher water surfaces due to reduced surface tension caused by the spill.

e Spread of oil north and west in San Francisco Bay, encircling Angel Island. Smooth, dark patches on the water indicate
oil presence, visible in radar imagery due to its ability to detect textural differences.

e Asignificant oil spill extending from San Francisco Bay into the Pacific Ocean. Long ribbons of oil south of the Bay
Bridge are visible, illustrating the impact of tidal movements on oil dispersion.

'« e« Environmental impact on marine habitats, with oil spreading over 30 kilometers of shoreline. Radar imagery reveals
smoother water surfaces where oil is present, affecting nearby wildlife and ecosystems.

e Radar detection of oil slicks near urban areas and natural reserves. The contrast between oil-darkened water and brighter
urban land highlights the spill's extent and the ongoing clean-up efforts visible through ships in the bay.

A. Zavras, et al. “A Global, Multi-modal, Multi-scale Vision-Language Dataset for Remote Sensing Image Analysis,” IEEE GRSM, in
review 2025.

s (charite bifold.berlin
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Redundancy-aware Pretraining of Vision-Language
Foundation Models in Remote Sensing

/} .7 > 1) Four airplanes are parked at the airport.
F Y 3 - 3 S o
C /7 \“:\ \.’\ 2) There are some planes and cars in the airport.
o R 7 3) Four different kinds of airplanes are in the airport. Image Projection
e\ ' Encoder Head
r:a / 9 4) Four different sizes of airplanes are in the airport. .
s,s. ‘ 5) Here are some airplanes and cars in the airport. Hyp l
¢I shared;weights
v" We introduce a weighted feature aggregation (WFA) strategy that: " Lnrx(Hp, He)
. . . The brown palace is surrounded !
* extracts and exploits complementary information from byssome greenareas andigray Text :
mul_tipl_e ca ptions per image; buildings and the water is also Encoder :
. . . next to the palace. !
* reduces redundancies through feature aggregation with c 7 '
. - 1 !
importance weighting. “1 |
/ . . . . .
To calgulate adaptive importance wglghts for d|ffer.ent capfclons of One Side of the palace is the ot IR Projection
each image, we propose two different techniques: i) non- port, And the other side is the Encoder Aggregation Head
. . .. . . lawn. ]
parametric uniqueness; and ii) learning-based attention. =
C§2 HCz HC ¢p Hc
" o . The palace is on the grass next Text
S M. Adler, et al. “Redundancy-aware Pretraining of Vision-Language to the sea. Encoder
Foundation Models in Remote Sensing,” IEEE IGARSS, 2025.
M ¢C HCM
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DA4DTE e

DEMONSTRATOR PRECURSOR DIGITAL ASSISTANT INTERFACE FOR DIGITAL TWIN EARTH

daddte.e-geos.earth/usecases.html
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, B complex
. o, LTI
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geospatial data searches
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Go To The Platform
Knowledge Graph Question Answering Search By Image

Funded by
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Visual Question Answering
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Pathways Forward
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LLM Agents B EiFOLD

LLM Agent . : :
gen Our Vision — Agents for Foundation Model Selection
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Example Chat Demonstration NBIFOLD

| want to map different crop

types in Africa. | have some Can you check if this setup
R Sentinel-2 data and a few R actually works?
labels from last year.

What’s your hardware setup?
Are the labels sparse or well-

L4 Ran test on Ethiopia + Morocco

distributed? 'Q' Baseline F1: 0.68 > Adapted F1: 0.78
. . o
+0.10 gain > Accept adaptation {o o)
Running on cloud, no GPU Q
N worries. But label data is
D=0 sparse.

Q, Selected base model: Presto

Alssues detected:

label sparsity, task shift, efficiency need
. Suggested adapters:

LoRA, Spatial resizing, Pseudo-labeling

£Optimized Config: Final Report: o

\ Please deploy the model for

my task.

e

£4 Model deployment.

{ precision: "fp16", batch_size: 8, engine: ‘Q,
"ONNXRuntime" } "
»~ Performance Estimation:

Expected F1: 0.78, Confidence: Medium

T (charine bifold.berlin
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N P. Adorni, et al. “Towards Efficient Benchmarking of Foundation

Models in Remote Sensing: A Capabilities Encoding Approach”, CVPR

MORSE Workshop, 2025.
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Metrics
Reloaded

Metrics Reloaded Mission

L. Maier-Hein, Reinke, A., Godau, P. et al. “Metrics reloaded:

NBIFOLD

recommendations for image analysis validation,” Nat Methods 21,

195-212 (2024).
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Towards Continual Learning

............................. Model Mixup f

A
; I Projector g I
Current ®
Masking Encoder

€t

Current
Task 1 :

Data X; e e e e e ———-—-- oL Recon€===== == ——————

A
L. Mollenbrok, et al. “Continual Self-Supervised Learning with Masked Autoencoders in Remote Sensing,” IEEE GRSL, in review, 2025.

-."Li‘.c:‘.::ﬁii (cH : | - bifold.berlin
BERLIN uni SERLIN




NBIFOLD

Open Collaboration: Federated Learning for FM Training

Central Server

! 73\
)
Central ' oo
|
Server \
e —— e - o e o o o ——— - —

Classifier
Classifier
Classifier
o - -

”

Classifier |4

Client 1 Client 2

e o e o e e e o

T o o e - -

Client 1 Client K

S B. Buyuktas et al., Federated Learning Across Decentralized - B. Buyuktas et al., A Multi-Modal Federated Learning Framework for Remote Sensing
and Unshared Archives for Remote Sensing Image =—| Image Classification, IEEE TGRS, under review, 2025.
Classification, IEEE GRSM, 2024.

1 ,I;}i.gg:éiﬁii CHARITE bifold.berlin
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The First Workshop on Foundation and Large Vision Models in Remote Sensing
(MORSE)

at the IEEE/CVF Computer Vision and Pattern Recognition Conference 2025
Nashville, TN, June 12, 2025

bifold.berlin
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