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Forecasting wildfires
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Prapas et al, Deep Learning Methods for Daily Wildfire Danger Forecasting. NeurlPS
Workshop on Artificial Intelligence for Humanitarian Assistance and Disaster
Response (2021)
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Fire Drivers. Source: Hantson et al. “The status and challenge of glebal fire modelling” (2016)
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Earth is a complex inter-connected system

™ Teleconnections are long-range
spatiotemporal connections in the
earth system

® Memory effects refer to the temporal
dynamics of earth system variables

nature communications Chen et al. (2016), Env. Res.
Letts.

Kim et al. (2020), Sci. Adv.

Article https://doi ora/10.1038/641467-023-36052-8

Climate teleconnections modulate global

burned area Yu et al. (2020), Nature coms.
Justino et al. (2022), Clim. &
Atm. Sci.

Received: 31 March 2022 Adrian Cardil®'** , Marcos Rodrigues™®, Mario Tapia”, Renaud Barbero®,

powp—— e e e o low Alboco Ska 8", Cardil et al. (2023), Nature
coms.

Source: Statistical physics approaches to the complex Earth system
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https://www.researchgate.net/publication/346073024_Statistical_physics_approaches_to_the_complex_Earth_system

SeasFire Cube

Design choices: granularity

Resolution: 8days x 0.25° x 0.25°
Extent: Global, 2001 - 2020

Wildfire drivers

Meteorology (ERAB)

Satellite Observations (MODIS)
Vegetation, Surface Temperature
Oceanic Indices (NOAA)

Population Density (NASA SEDAC), Land
Cover (ESA CClI)

Source: MOD13C1. ECMWF/ERAS Wildfire vq riq bles
@ Burned Areas (GFED, FireCCI, GWIS)

SeasFire Cube: A Global Dataset for Seasonal Fire Modeling in the Earth System . ..
[Data set]. Zenodo. ' & Fire Emissions (GFAS)

Vapor Pressure Deficit Total Precipitation

B a e a &

Windspeed Burnt Area Surface Solar Radiation Downwards 2 Meter Temperature

Karasante et al. SeasFire cube-a multivariate dataset for global wildfire modeling.
Scientific Data (2025)
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https://doi.org/10.5281/zenodo.7108392

TeleViT: Teleconnection-driven Transformers
Improve Subseasonal to Seasonal Wildfire

Transformers: TeleViT architecture Forecasting

Prapas (1. 3), Nikolaos-loannis Bountos (1, 2), § s Kondylatos (1, 3), Dimitrios Michail (2),
Gustau Camps-Valis(3), loar apoutsis (1)

(1) Orion Lab, IAASARS, National Ol}servdk)vyo( Athens
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TeleViT: Teleconnection-driven Transformers
Improve Subseasonal to Seasonal Wildfire
Forecasting

H OW ro b u St q re t h e p red iCt io n s ? loannis Prapas (1. 3). Nikolaos-loannis Bountos (1, 2), Spyros Kondylatos (1, 3), Dimitrios Michail (2),

Gustau Camps-Valls(3), loannis Papoutsis (1)
(1) Orion Lab, IAASARS, National Observatory of Athens
(2) Department of Informatics and Telematics, Harokopio University of Athens
(3) Image & Signal Processing Group, Universitat de Valéncia
‘W Best Paper Award at ICCV 2023, Al+HADR workshop
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Michail et al. FireCastNet: Earth-as-a-graph for
seasonal fire prediction. arXiv preprint arXiv

How robust are the predictions? (2020)
. Fraction of Horizon
GFED Region | 1 i imedareas [T | 2 [ 4 [ 8 | 16 | 24
Boreal North America (BONA) 0.924% 0.04 | 0.03 | 0.03 | 0.03 | 0.02 | 0.02
Temperate North America (TENA) 1.986% 0.26 | 0.27 | 0.26 | 0.26 | 0.25 | 0.26
Central America (CEAM) 2.137% 055 | 054 | 0.53 | 0.53 | 0.55 | 0.55
Northern Hemisphere South America (NHSA) 2.673% 0.67 | 0.65 | 0.64 | 0.63 | 0.61 | 0.61
Southern Hemisphere South America (SHSA) 15.619% 044 | 043 | 043 | 042 | 041 | 041
Europe (EURO) 0.857% 0.20 | 0.20 | 0.19 | 0.18 | 0.17 | 0.19
Middle East (MIDE) 1.029% 0.29 | 0.30 [ 0.29 | 0.30 [ 0.29 | 0.26

Northern Hemisphere Africa (NHAF) 20.749% 0.74 | 0.73 | 0.72 | 0.71 | 0.71 | 0.72
Southern Hemisphere Africa (SHAF) 29.988% 0.85 | 0.84 | 0.84 | 0.83 | 0.83 | 0.84

Boreal Asia (BOAS) 4.072% 0.14 | 0.13 | 0.13 | 0.13 | 0.13 | 0.14

Central Asia (CEAS) 8.264% 0.27 | 0.26 | 0.27 | 0.26 | 0.25 | 0.24

Southeast Asia (SEAS) 5.764% 0.64 | 0.63 | 0.62 | 0.61 | 0.60 | 0.61

Equatorial Asia (EQAS) 1.089% 0.49 | 0.50 | 0.48 | 0.44 | 0.40 | 0.40

Australia and New Zealand (AUST) 4.849% 0.31 | 0.31 | 0.30 | 0.30 | 0.29 | 0.32
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Class imbalance

A blessing and a curse - Class
imbalance in natural hazards
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Al4Extremes

@ Natural hazards are by definition
extreme events — Rare

& Difficult to acquire a dedicated dataset
for each problem

5 Depending on the problem formulation,
the spatial coverage and the used
sensors, different annotations may be
required

@ Annotations require expert knowledge

& gpatiotemporal generalization
lbecomes way harder with limited data

& E.g. It is extremely difficult to predict
burned areas in Africa, when using data
solely from the Mediterranean for training

From self-supervision to trustworthy EO foundation models | DARES 2025 | 25102025
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Daily High Temperature: Dome C, Antarctica

38.5 °C (69.3 °F) Above Normal
March 18, 2022

Apparent World Record Temperature Excess

Data from 1990 to 2022
Estimated daily normals 1991-2020
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AI4EO challenges for disaster management

% Big data

& Labeling (imbalance + noisy labels)
o Disaster

& Generalization Management |

& Uncertainty in forecasting

& Stochastic nature, complex, non-linear

. . . D &
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Large unlabeled datasets

Self-supervised pre-training
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Representation learning

& Deep learning success depends on learning meaningful, information-rich
representations by training on large datasets

& Images are complex high-dimensional arrays — What is a good representation?

A
o - m

(a) 2d projection of MNIST using PCA (b) Ideal 2d representation space
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Supervised learning

Mapping an image to a discrete label which is
associated to a visual concept

& Early/powerful foundation models when
trained on large datasets

@ Standard way to develop model
lbackbones

9. 8.4 K- O )
- B 00D ONH VY
EEm -
L L]

6 . ) ) L. Gan, Zhe, et al. "Recent advances in vision foundation models” CVPR
Annotation is expensive and limited! 2023 tutoriall

& Especially in EO where expert eyes or
field measurements might be needed

5 N ‘]
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SSL in the natural image domain
Wang, Yij et al."Self-

. . I I .'.r--._-r- '_-\.-“.-.II
“ Solvi ng d meonlngful :m’;ﬁ]\‘ i Supervised Leamning in
pretext task : ZEf | E¢E ' E . Remote Sensing: A
Lo D—D— Sellsupenvision i ! | Review.' IEEE GRSM (2022).
i E : E: :
] ‘ !

& e.g.Rotation Tl i ey
prediction and Jigsow L b Ty TR
pUZZ|eS Labdalq@g[:’,ﬂ [.:I il ...:.,.
& Instance discrimination —D‘D' — { e )
& Contrastive learning [ =
e.g, SIMCLR,MoCo, etc.
@ Information restoration A kbook of
o COOKDOOK O
& eg. Colorization, i )
Masked Autoencoders, Self-SuperVIsed Learnlng
etc. 45 page Bible on SSL
= Self-distillation methods Nice overview on SSL methods and tips:
Balestriero et al. A cookbook of self-
5 e-g- BYOL, SimSiam supervised learning. arXiv (2023).
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A. Predictive self-supervised learning

Hand-designed pretext tasks utilizing the intrinsic characteristics of data

& solving Jigsaw puzzles 1]

- | ()bw;'l-n'a,
; = |
i 10t = yg ComyNet Manimieze prob.
& Rotation prediction [2] o lair 0 I Comter o Miaiey |
Rotate 0 degrees RIS | Predict 0 degrees rotation (y=0)
Rotated image: X* | — el |
| |
A ConyNet Maximize prob.
- gl X, y=1 ; L
(X y=l— model F(.) l > XN |
Rotabe 0 degrocs Predict 90 degrees rotation (y=1) |
|
|
|
e A ConvNet Maximize prob, |
' > xl(X.yn2) MR T e
kmago X Rotate 130 degroos R X | Predict 180 degrees rotation (y=2) |
|
|
; A |
il :_ ConwNet | | o Maximize prob.
— glX.y=3) —o-§ model F() b i, I
Rotate 270 degrees

| Predict 270 degrees rotation (y _\)J

Rotated image: X

[1] Norooz et al, Unsupenvised leaming of visual representations by solving jigsaw puzzles. European conference on computer vision (2016)
[2] Gidaris et al, Unsupervised representation learning by predicting image rotations. arXiv (2018)
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A. Predictive self-supervised learning in EO

| (a) Colorization

The color out of spacell]: |

& Predict RGB channels from multi-
spectral information as a pretext task

& Downside: Learns an encoder only for . ) .
MS channels, not RGB ? N ( Cotortites ||

41114101
> -
82105017 Classification Loss

Geography-aware SSL [2]

& predict geolocation (grouped in K
clusters) of an image

& MoCo-v2 formulation except the
positive pairs come from different
temporal points

& Intuitively, could provide invariance in
temporal-based changes

Temporal Positives

L oty |

N emsesong /

[1] Vincenzi et al, The color out of space: learning self-supervised representations for earth observation imagery. ICPR IEEE (2021)
[2] Ayush et al, Geography-aware self-supervised learning. ICCV (2021)

° x Fr—
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B. Contrastive self-supervised learning

Joint-embedding architectures with instance
discrimination

& SiMmCIR [1]
Maximize agreement
3; g - z_f
i 3
Projector — 4l*) a(-)
i b
Encoder —» fi-) fi)

[1] chenet al, A simple framework for contrastive learning of visual representations. ICML (2020)
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Heavy dependance on augmentation set

Heuristics from natural images don't fit to
other domains

Negative samples are crucial to learning
good representations

Requires large batch sizes — More
negative samples

o N =
ccQj NN £
National Technical University of Athens|




B. Contrastive self-supervised learning in EO

What makes for good views [ data

augmentations in EO? Three representation spaces
& Tailored augmentations per sensor/product, e.g. for — -
INSAR 1] N R
Clage Probabailies
x i e e ' L 3 s
evomentason— ) m 'gr-- Danse = Relll -Iﬂuﬂnll 3
! i : | £
r E .:“HW Enceder g hy | Bense Al il .| Dense | - I % t
T | R
II e )
Cherraanmpdling
& Difficult to identify optimal set of augmentations - mea | ' e ™
per modality W e I ! o

& EOis highly multi-modal

[1] Bountos, et al. Self-supervised contrastive learning for volcanic unrest detection. IEEE Geoscience and Remote Sensing Letters (2021)
[2] Manas, et al. Seasonal contrast: Unsupervised pre-training from uncurated remote sensing data. ICCV (2021)

Y N F—
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C. Generative self-supervised learning

Masked Autoencoders [1] — Information restoration pretext task

applied only to :
visible patches
- b O [} MSE
(emcfncy) O B |(masked patches) - .
H
= — [ | |
Vi B . .
| = | i
B e B e ®  Efficient
encoder —- . decoder .
_ = @ Generic pretext task, applicable to any
| domain — highly popular in EO
B = target gnly pop

Does not rely on hand crafted
augmentations — important to EO

_/

shared learnable mask

token & Good as initialization

1.

VIT

@ Representations are not highly
discriminative[l][2]] — Linear probing is

. ineffective
[1] He et al, Masked autoencoders are scalable vision learners. CVPR (2022)

[2] Przewigzlikowski et al, Beyond [cls]: Exploring the true potential of Masked Image Modeling representations. arXiv (2024)
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C. Generative self-supervised learning for EO

SatMAE - Masked Autoencoder for multi-spectral temporal data [1]

& Carefully exploits the unique information from the temporal and spectral dimensions of RS data
& patches can be generated in both temporal and spectral dimensions

& Temporal or spectral group encoding

*

Poditons @ nooding acrodd

L L |
« B rpatial ond temporalfspectral T -.
e
« I 41

&%
: =
1V
N N - o N
3 | B T
R - — B -
e BE
2 -— S
E -'"I_II - mm 88
gﬂﬁ 5w o -
ey W - -
. =" S T
=

..-. I- FECENruction

patch embed « mask « pos enc. decoder pos enc,

[1] Cong et al, Satmae: Pre-training transformers for temporal and multi-spectral satellite imagery. Advances in NeurlPS (2022)
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Overall guidelines

& Unless one has massive compute resources, MoCo-v2 is a good way to compensate
for smaller batch sizes in contrastive learning

& Data augmentations should be carefully selected taking in mind the problem at
hand

& Considering temporal based augmentation is a convenient idea in Remote Sensing
(free, naturally occurring data augmentations)

' MAE is a good way to avoid choosing an augmentation set

® An ablation on the masking-ratio however, is necessary depending on the data source
and the expected downstream tasks

& In real life scenarios we are not restricted to linear evaluation

® Fine-tuning more layers may provide significant improvements

- N .g
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Foundation Models in EO

N .]
From self-supervision to trustworthy EO foundation models | DARES 2025 | 25102025 ecﬂi:g !.!E!:Ehw (@\ =
BOLOGNA h:wmrmalunwwwlm




Sensor-agnostic FMs for EO

Earth Observation data vary in
terms of:

& scales of objects [1]
& sensor
@ GsD

& From <lcm per pixel to >lkm per
pixel

% Environmental conditions

Vision: Can we create a generalist
EO Foundation Model [2]?

Large
——tr Pretrained C—t
wolfsuperyise Moxdel Fhawe Erime

[1] Ouaknine et al, OpenForest: a data catalog for machine leaming in forest monitoring. Environmental Data Science (2025)
[2] Lacoste et al, Geo-bench: Toward foundation models for earth monitoring. Advances in NeurlPS (2023):

5 N ‘]
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EO pretraining datasets

Datasets getting bigger and bigger, when will it stop?

w5 7
s, |

Drataset Modality Resolution # paiches @ pingls
VoW [14] RGB, M5 0.3-10m 3 M 0B
SENI2MS [33] SAR. M5 100 1 540K 338
SeCo42) M5 10m 5 1M 0B
SSLAED-512[62] SAR.MS 10m 4 M 1408
SSLAEQ-L [54] M5 3 em 4 M 3MEB
SatlasPretrain [£] SAR, MS, RGE 0.5=10 m =l =10M 17T
MMEarth [+5] SAR, MS, height, landoover, efc. 10-15m 1 oM 1208
SpectralEarth [17] HS Wm -1 340K 106
Major TOM [23] SAR. M5 10m 1 M 68T
Copernicus-Pretrain SAR, MS, 53, DEM, §5p 10 m-1 km 1-12 19M Y208

§ - A
s2 . f ‘! V.
L7 :
e 3
)}
Sa o
L L i3

ssp co NO2

Wang et al, Towards a unified Copernicus foundation model for earth

vision, ICCV (2025)
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The evolution tree for EO foundation models

- SSL4EQ
. Learning 4
Model Arch. Pretrained EO Data Strategy Params (M) Year Evolutionary == Wl Copernicus M | [ satpruser . =
CROMA ViT SSL4EO-812 [25] Contrastive 396.13 2023 Tree
DOFA ViT DOFA [21] MIM 178.20 2024 == 3§ TR — ‘Aphatarth
GFM-Swin  Swin-T GeoPile [22] MIM 128.36 2023 MareX
Prithvi ViT Prithvi-HLS [23] MIM 15328 2023 (D) fd) oo
RemoteClip ~ ViT  SEG-4, DET-10, RET-3 [19]  Contrastive 15434 2024 ELD [ vase | [ persionn [ Amvset SenPa MAE
SatlasNet Swin-T SatlasPretrain [26] Supervised 128.57 2023 /_J [ pievir | U-BARN MM-VSF p———
ScaleMAE ViT FMoW-RGB [48] MIM 396.21 2023 /——J o
SpectralGPT  viT  MOW-52 Hﬂb]ﬂ‘gﬁa”hl\'et MIM 61475 2024 mﬂ. il e 20
SSLAEO-S12  ViT SSLAEO-S12 [25] MIM 61.99 2022 b [ oA et
SoftCon ViT SSL4EO-S12 [25] Contrastive 242,19 2024 [ v | VSEarth
2 | m = 5
Wang et al, Towards a unified Copernicus foundation model for @D " grrom
earth vision, ICCV (2025)
GE / N oo - &= R RED 10
o e 0 oz
@ =
e D h
2023
v B O
2023 Generative
Image © Yi Wang. PhD Defense, Technical University of : [ e |
Munich (2025) o
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Requirements & evaluation of sensor-

agnostic FMs Pfosfzizi
2 = 2 =7 2 =
Zhu et al, On the Foundations of RS 7 s E = 2 = 8
Earth and Climate Foun?otior; 2 Enfieziiil: 3 g
. . Models. arXiv (2024 g CREREN N I g g =
3 :
To be effective, EO foundation models must: z #EEHMEORACD a 3
. . . SustainBench'® 15 ¢ ¢ X X v/ v/ v v X X 06m-30m 1996-2019
& Generalize across d|vers|ty QEO-Bench'0 12 ¢ ¢ ¢ ¢ X v X ¢ X X 01m-15m 20012021
g FoMo-Bench''' 16 ¢ ¢ v v X v X ¢ v X 0.0l m60m 2011-2023
Multi-sensor & multi-modality MDAS ' 3V VXXXV XX 03m30m 2018
PhilEO Bench!13 3 X v X X X X v v X X 10m unknown
®  Global, multi-scale, multi-temporal SkySense 8 17 VXV XV 0.05m-30m 20022019
Prithvi!!4 AXV XV V X Xv XX 30m 2017-2022
= Be robust to reol—world Ch(]”enges PANGAEA !5 N vV X v XvV v XV 08m-30m 2015-2022
& Resist spatio-temporal shifts (2) Benchmarks for EO FMs
T - T
% Handle data scarcity (limited coverage, costly labels, rare events) g2tz T O3 :
=Lz 3 A
. . R B e
® Produce quality representations HER T
& i i g SEE R
Meaningful per modality t3pfct: 3 3 @
& ) ) z ZZaocdd & £ £ g
Capture cross-modal interactions p— YV v v X Koz 02 1h 1ose 203
. WeatherBench 116 X ¢ X X X X 563° 563° 6h 1979-2018
5 Be brOOO”y Gpp“CGble WeatherBench 2117 X ¢ X X X X 150 15° 6h 1979-2023
& . . . . . ExtremeWeather 118 X X X X v X 023° 0.31° 6h 19702005
Flexible across tasks (classification, segmentation, detection, ClimateLearn ' X ¢ X X v/ / 563° 563° 6h 19792018
; CMIP6T 38 XV v v X X 125 25 24h 1850-2100
Chonge, IﬂStOﬁCG) ClimateBench'2® X X X v X X 180° 25°  1yr 1850-2100
. . gt 121 v vy v 0.01° 0.01° 2 mi _o0s
&  Benchmarked on diverse, harmonized EO datasets MRMS X 0017 0017 2min 2014 2024

TRaw dataset without associated evaluation protocol.

(b) Benchmarks for weather and climate FMs.

—
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Evaluation of sensor-agnostic FMs

& Sustain-Bench [1]
& 15 tasks oriented towards 7 SDGs
5 Multimodal
& Global spatial coverage
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[1] Yeh et al, Sustainbench: Benchmarks for monitoring the sustainable development goals with machine learning. arXiv (2021).
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Unimodal FM - Prithvi 1.0

Based on the Harmonized Landsat-Sentinel (HLS) imagery

N =
P B
spectral = 7: .
band, . . . 0 ]
- H B =
- - . ] ] MSE |
. . Encoder . —_ Decoder . —_— —_—
: O O
spectral . . = . .
band, . - [ (|
. ; :
[l =z [
i i . R d
L truct T
rpdtimages . - ec?n:]:gr:; ° (Origin:gis\tages)

VIiT architecture +
3D Patch embedding +
3D positional encoding

Jakubik et al, Foundation models for generalist geospatial artificial intelligence.arXiv (2023)
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Challenges — multimodal

S BaichT ™"~ """ Baich 1 "Baieh ;  Bountosetal,
' s % A I\tplaskedd — i gradient i FoMo: Multi-
= ' 2 =) utoencoder  — -' accumul. ¢ Modal, Multi-
' N 77 - ' Scal d
re - == : S A ! cale an
(© getore change DiEuesl plasrieiey artes ) g L85 = S - ! Multi-Task
7 ' g y £ . = ) '
S @ = 29 = f [ ' Remote
\ =] P s : i
‘9 Do B 5 atch V : 9 \ Batch ! Sensmg.
\*« - - E o =) [} ' Foundation
: = P E5 ‘@ '
'S - s =1 \‘ o : Models for
= = =’ P [ v Forest
Environment, emotions, learning, E 'g | o l:l I:J ' MOhItOFIhg
and other surrounding factors o -; ) O H AAA/ (2025)
N~ Synapse Trmmmmees ’ T v - e :
Remodeling {_// _} / """"""""""""""
Spectral Positional Element-wise

Multi-modal Dynamic Transformer - -» Forward — Backward

2]
Z

embedding -embedding

E N
-
e ;:m Shared Transformer . " e A
Input (x) o - X = ° 2 Land cover |
New Modality: 4 o IR o2
Weights for NAIP Wby Y
 — =\ Weights for Sentinel 2 o O
E i #Bands :9 = A
' {GSD  :10 i T i\ .
i { sensor *Sentinel 2 = v’ A Yietal,
\Sentinel2 4 e nfo d | Towards a
ot 0 | ¥ Unified
Xiong et al,, Neural Plasticity-Inspired Multimodal Foundation N Copernicus
Model for Earth Observation. arXiv (2024) Unified Foundation
Copernicus-FM Model for Earth
Vision. ICCV
\__ Copernicus-Pretrain Copernicus-Bench  / 2025
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Challenges — temporal dimension

% Galileo [1], the successor of PRESTO [2] B

' AnySat [3] is also multi-temporall —> )
Multimodal Agricultural Land

& % Pixel Timeseries & Cover Mapping

% é el Galileo
— Multimodal Multi Flood Detection

Timestep Imagery

W

° . o
Multimodal Single \ J Marine Debris
Timestep Imagery Monitoring

[1] Tseng et al, Galileo: Learning Global & Local Features of Many Remote Sensing Modallities. arXiv (2025)
[2] Tseng et al, Lightweight, pre-trained transformers for remote sensing timeseries. arXiv (2023)
[3] Astruc et al, AnySat: One Earth Observation Model for Many Resolutions, Scales, and Modalities. CVPR (2025)
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Challenges - scale

TerraMind is the first
“any-to-any” generative,
multimodal foundation model
for EQ, pre-trained on @
massive dataset comprising 1
trillion tokens derived from 9
million spatio-temporal
samples across nine
geospatial modalities,
including optical, radar, DEM,
NDVI, land-use maps,
coordinates, and captions

X

e

(2]

(o]
3]
-

Modalities

c

h

Modality-wise Tokenization

Correlation Learning

Downstream Applications

Sentinel-2 L2A
Sentinel-2 L1C
Sentinel-2 RGB

Sentinel-1 GRD
Sentinel-1 RTC

Digital Elevation
Model (DEM)

Vegetation
index (NDVI)

Land-use/
land-cover
maps (LULC)

Image caption

Coordinates at
0.25x0.25deg

A satellite

image of a

coastline
with ...

0°30'N
122°45'E

Pixel-level input
FEHENE . W
= NE . Hs:uc
.. [ls-2rce
. ls16r0
.. lls-1rc
W - WMo

Token-level input

HEEEE BHs:-
HEEEE  Bs:co
HEER

Image
Token-
ization

| T B
1 oem
Il rovt
W wie

Sequence input

EEEEE - Hcio

Coords

Text
Token-
ization

Sampled target tokens
— HEEEEEEN
[

Cross Entropy Loss
tot ot bttt

t
., AmEEE

tot ot ot ottt

TerraMind
Decoder

COOOOO0D
Mask tokens

EUEN N

TerraMind
Encoder

.48 2. ot !
— HNE"EENE

Sampled input tokens

Jakubik et al, TerraMind: Large-Scale Generative Multimodality for Earth Observation arXiv (2025)
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Multimodal Generation

e R

Generate data based on
learned correlations

Fine-tuning

Native support for multi-modal inputs

Thinking in Modalitites (TiM)

TiM tuning with generated modalities
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Geospatial Foundational Disappointments

& https://christopherren.substack.com/p/geospatial-foundational-disappointments

& After 102 FLOPs and 500 B patches, IBM's TerraMind beats a supervised U-Net by just
+2 mloU on PANGAEA; losing on 5/9 tasks, most other GFMs do worse

& Current pre-training objectives are unlikely to scale further with compute and data
@ I am disappointed.”

PANGAEA PANGAEA

Model Performance vs Tokens Per Model Parameter Model Performance vs FLOPs
21 x Other Models x TgrraMind v1-B 21 x Other Models » TerraMind v1-B
v % TerraMind Models x TeffalMind v1-L v % TerraMind Models x TegraMind vi1-L
é ~-- U-Net Baseline  TdrraMind v1-8-single g -~~~ U-Net Baseline « Terralind v1-B-single
5 b
© [ I 1 T O R S S T R TR TSR T
o 0 8 0
4 e
] ]
=z =
o o
E £ _
o _ s 2
£ £
CROMA
g  CROMA g % DOFA
S 5 DOFA c
L s
] U 4
£, £ 5« GFM-Swin
o 3 GFM-Swin o
3 3 x Remoteddl 4F0-512 (MoCo/DINO/MAE/Data2vec)
= x RemoteCLIP . 5514£0-512 (MoCo/DING/MAE/Data2Vec) =
c c —6 x SatlasNet
© ]
g —6 x SatlasNet g % Scmér’—WEEaIGPT
tralGPT
x Scale-MARC!r? 5 Prithvi-100M
1072 1072 107! 10° 10! 10? 10° 10 10% 106 1077 108 10% 1020 10!
Training Tokens Per Model Parameter FLOPs

- N .2
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Limitations

& There are many shortcuts to achieve high performance in a
dataset but:

& i -
B eooes re end & methodlogical evaluatin o
y prop Ps: the extracted representations
4 Pre-training is not harmonized: is currently missing
©  Difficult to identify the source of performance — —
improvements: Is it the pretraining dataset/setup or the Mechanistic interpretability at
methodology? scole — understand the
@ .
Do we really need all these data? — Inherent redundancy in EO gg‘@%m F r&t%béﬁ%r
data
& Do we really need such big models? bott
. . etter
& Fine-tuning the whole model defeats the purpose of a FM
@ EO FMs do not (yet) outperform supervised models
&

EO data are inherently multi-temporal. several unresolved challenges

% Most approaches do not explicitly model this temporal ahead!
nature and focus on single-image pretraining pipelines

o . ® i
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Outlook: global embeddings

ground conditions: social, environmental, etc ined beddi
|population density, soil quality, temperature, ] pretralne SatCLI_P em e_ g
wealth, agriculture, precipitation, biodiversity | (L=40, 3-PCA visualization)

!_e/evation, housing, infrastructure, sun exposure | r <
location encoder

A 4 Pre-

> f. learns an
f_I extracts I training ¢ implicit
visual signals represent;tion

of ground conds.
of ground conds.

downstream task model weights

@ g(fe(c)) ~y
e.g. initialized with SatCLIP

different

. e

Klemmmer et al. Satclip: Global, general-purpose location embeddings

with satellite imagery. AAAI (2025) earth vision. ICCV (2025)

“New Al model integrates petabytes of Earth
observation data to generate a unified data
representation that revolutionizes global
mapping and monitoring”

Google DeepMind

efficient global mapping from sparse label data. arXiv (2025)

ecaQ
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The way forward for Earth and climate FM

&  Diverse Data: Satellite, reanalysis, simulations — globally

] b. Metadata ¢. Dynamic encoding d. Ali t with LLM
and cross-modality balanced —— @ ignment wi s
& , , , , . ———— f RN - RM Cj
Metadata: Standardized for time, location, modality; . @
enables embeddings  — |
DYnomlc En.c.odmg. Adapts t.o missing/mixed modalities a. Comprehensive W
using conditional computation data source
, , . % Merged
& LM Alignment: Connects EO/climate models with _— m Model | —
language for reasoning & interaction.
& Geo-MoE: Geographical mixture of expert models for m . Ut’“f'edfFM W'r:h geographical
scalable specialization miiure of experts
% Multimodal Learning: Joint & modallity-specific Meodel Details Model Optimization
representations | - Y-
A ! N
% Spatio-Temporal Modeling: Scales-aware attention across .|||u o @ ngﬁ&mﬁx pm“m
time & space j Uncertalnty h. Self-/weakly-
o o ) ~f. Multimodal Iearnmg y, quantification /| supervised learning _J
% self-/Weak Supervision: Scalable training via \ P Y < h
contrastive/predictive methods )‘/ /F pd—l: =-Vp+uV?u+F '
& Continual Leamning: Avoids forgetting; adapts to new data q, t tw Vou=0 T
. ) ) . Spatial-temporal modelin k. Physical consistency i. Continual pre-trainin
& Uncertainty: Quantile regression, ensembles, sparse GPs &op P 4 - < P gl

& Physics-Aware: Respects physical laws via embedded
constraints Zhu et al, On the Foundations of Earth and Climate Foundation Models. arXiv (2024)

—
From self-supervision to trustworthy EO foundation models | DARES 2025 | 25102025 ecﬂ 0 RSI.BI] w@\ g

Remate Sensing Laborat
E°"°°"‘ Natonal Technical U




Uncertainty

Probabilistic ML in Natural Hazards
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Hiillermeier et al. “Aleatoric and Epistemic Uncertainty in Machine Leaming: An

U n Ce rtq i nty (p h i I oso p h icq I IY) Introduction to Concepts and Methods.” Machine Leaming 110, no. 3 (March

2021): 457-506.
Gawlikowski et al. “A Survey of Uncertainty in Deep Neural Networks.” ArXiv:2107.03342

[Cs, Stat], July 7, 2021.
* Aleatoric (data) — notion of randomness
* Epistemic (model) — lack of knowledge

* alea: latin word, game of dice (random) 100 - iLow Aleatoric High Aleatoric
episteme: greek word, meaning knowledge 075 £ [IGEEAIny it g
. : High Epistemic
5 0.50*- Uncertainty
X o : (No Training Data)
o) g Y
. . . 8 0.00 .
Epistemic uncertainty can be g TF
reduced with more data i .
'0‘503' = Ground truth « Training data = g
Aleatoric uncertainty depends 2 £ ? 4 g 2 Y.
€T

on the data generation process
and cannot be reduced

Figure 3: Hlustration of the Epistemic and Aleatoric uncertainty.

Tuna et al. “Exploiting E pistemic Uncertainty of the Deep Learning Models to Generate Adversarial

Samples.” arXiv, February 13, 2021. https://d0i.0rg/10.48550/arXiv.2102.04150.

o . ® i
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https://doi.org/10.48550/arXiv.2102.04150
https://doi.org/10.1007/s10994-021-05946-3
https://doi.org/10.1007/s10994-021-05946-3
https://doi.org/10.1007/s10994-021-05946-3
https://doi.org/10.1007/s10994-021-05946-3
https://doi.org/10.1007/s10994-021-05946-3
https://doi.org/10.1007/s10994-021-05946-3
https://doi.org/10.1007/s10994-021-05946-3
http://arxiv.org/abs/2107.03342

An example

@ Mesogeos dataset [1]

5y

danger forecasting [2]

Uncertainty-aware deep learning for wildfire

& Capture epistemic uncertainty using Bayesian

NNs

& Capture aleatoric uncertainty by accounting for
the heteroscedastic label noise [3]

0.09

o
o
@

Uncertainty
o
4

o
o
&

0.05

0 2 4 6 8
Temporal Gap

—@— Epistemic Uncertainty =~ —@— Aleatoric Uncertainty

0.84

0.82

0.80

0.78

10

AUPRC

-l AUPRC

[1] Kondylatos et al,
Mesogeos: A multi-purpose
dataset for data-driven
wildfire modeling in the
mediterranean. NeurlPS
(2023)

[2] Kondylatos et al,
Uncertainty-aware deep
learning for wildfire danger
forecasting, arXiv (2025)

[3] Collier etal, A simple
probabilistic method for
deep classification under
input-dependent label
noise. arxiv (2020)
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N(£2(2), 0% (2)?)
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Logits

Epistemic Uncertainty
T
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Zero-shot uncertainty estimation

Waititu

MLRSNet Flair BigEarthNet Marida Woody

R
)
Y/

Low

- N .}
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Foundation models for Earth Observation

Large

—_— Pretrained S—
self-supervise Model fine tune

Catthe counting

Image taken from [1].

Lacoste et al, Geo-bench: Toward foundation models for earth monitoring. Advances in NeurlPS (2023)

o : ° N &3
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Generalizable uncertainty estimations

Large Zero-shot uncertainty
[ Pretrained e estimations

self-supervise Model

Image adapted from [1].

[1] Lacoste et al, Geo-bench: Toward foundation models for earth monitoring. Advances in NeurlPS (2023)

5 N ‘]
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Pretrained representation un

[ ]

detach()

Data uncertainty
proxy

Kondylatos S, Bountos NI etal, On the
Generalization of Representation Uncertainty in
Earth Observation. ICCV (2025)

certainties

Downstream Dataset

SFs shaping EO imagery

loss loss pred
[
! "
classifier unchead & N | 7 '
[ Representation I v stopgrad) e :
space | : - { Forward Pass '
encoder backbone (ViT) docwararass ! DUNNENENNNN - - Uncertainty ~ ~>: Representation
Paa) Module Uncertainties
Inference
— A

in Wt et Tee :
. . - kst arech gt Besclalify

: Upstream Dataset

Sermran ML Sciup v 1 sl Spatial Bee  Proirsinmg  baforomcr Image Sire Covorspe
Rivsayv iwel RiEn Chpaisral [ ST 21581 AhsEsal linagis v x T3 w IR
[ MER AR 51.53 [ T T e — 1% T —— dilm o o 130w |5 [
Kirchhof et C1|., Pretrained visual uncertainties. g Erthdict % MEAR S0 52 Mbalii- Lol classifcatson ] LT el fcation 10hm n-' " 120 = LR Ewmrope
arXiv (2024) MLHS e MEEH Mulii-scnsr Nl Lt ol Bostson Somants Noone Undorstanding 10 - (.0m ES v Eeli il
Wy ML Asmial Imsge Sepmniatien i Troe-ypeocers delectesn . X ¥ 2 Chilke
Wadtie R Asaial [ a Iive aniws B suiy s helan Dot e I ' I T Drw Feakesd
Flair RCRNIRAAE Asiiad [ s ] AT ¢ R g iy Lo o o 513w 51T [y
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Kondylatos S, Bountos NI etal, On the
Generalization of Representation Uncertainty in

Zero shot uncertainty estimation carth Observotion Y (2029

BigEarthNet

£

MLASNet

e 2
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Can we go beyond sample-based uncertainty estimations?

Image Uncertaint
Kondylatos S, Bountos NI et al, On the
Generalization of Representation Uncertainty in
Earth Observation. ICCV (2025)
% Each ViT patch can be L

considered as an EO
image

Downstream Loss iH gh
- Low
Downstream Loss iH gh
. Low

Flair and Marida uncertainties estimated from BigEarthNet pretrained
ViT-Large vis-a-vis downstream pixel loss.

Marida

Uncertainty

& Estimating uncertainties
for each patch results in
localized uncertainty
estimation

Flair

® X F—
From self-supervision to trustworthy EO foundation models | DARES 2025 | 25102025 ecﬂlgg EE!:EIJUW (@\ Q
National Tu:hr'm:nl l.lnlv:s-i'w of Athens

BOLOGNA



More about us..

ol
® https://orion-ai-lab.github.io/ F ' RSLab @\

Remote Sensing Laborator
E National Technical University of Athens
L L

L]
orion lab
Al & Earth Observation Research

& https://qgithub.com/orion-ai-lab

® Spring School: Al for Modeling and
Understanding Climate Extremes

® ThiningEarth

°
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Thank you for |
your attention | e R

loannis Papoutsis

ipapoutsis@mail.ntua.gr
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