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The only scary thing today is... NN Ko eanang

... cloud masking




Objective & Motivation N ietntanasannung

Predict different levels of damage after conflict
Satellite imagery in Gaza

Scalable, reproducible pipeline

Freely available data

Contribution:
* First use of an EO foundational model - TerraMind
« In conflict damage mapping
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Context of Conflict Damage Research NS et

= The analysis of infrastructure damage has grown increasingly significant
(Sowers, Weinthal, & Zawahri, 2017, p. 410).

= Most existing studies rely on:

- either very high-resolution (VHR) satellite imagery such as Maxar or Google
Earth (Risso et al., 2024; Bouabid & Farah, 2024; Holali et al., 2024, Mueller et
al., 2021)

- or medium-resolution data such as Sentinel-2 (Gazel-Anthoine, 2022; Aimaiti
et al., 2022, Pfeifle,2022)
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Advantages of EO Foundation Models NEN (ompetenzzentrum
Pre-trained on Reduce task- Generalization Efficiency

global data specific training
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TerraMind

Jakubik et al., 2025

a large-scale, any-to-any
generative, multimodal
EO foundation model over
nine modalities, it enables
generation plus zero-
/few-shot use

Zero-shot tasks: it tests
representation quality
without finetuning via (i)
water-body mapping
(pixel-wise) and (ii) geo-
localization.

% 77+ Kompetenzzentrum
%% Krisenfriiherkennung

Few-shot
classification: 1-shot /
5-shot image
classification on EuroSAT
& METER-ML using
encoder embeddings.




Multiple Approaches L e

Krisenfriiherkennung

Training-free (few-shot) Small supervised head
Freeze encoder — patch level Freeze (or fine-tune) encoder, train a
embeddings small classifier on embeddings

Build tiny per-class prototypes from Uses UNOSAT labels, standard cross-
UNOSAT pixels entropy

Predict by nearest prototype More setup, better boundary shaping,

but needs tuning




UNOSAT Labels

= 5 classes

No damage
Possibly
Moderate
Severe
Destroyed

= No damage class -

needs to be defined on

Iits own

+ Kompetenzzentrum
Krisenfriiherkennung
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No Damage Label NEW vertranaseenmung

= Across prior work, “*no-damage” is illustrated in several ways:
« Pfeifle (2023)—and Aimaiti et al. (2022)— background within the building/AOI mask;
« Scher & Van Den Hoek (2025) - implicit background where SAR coherence stays stable
>3 months in built-up, non-mining areas;

 Mueller et al. (2021) model only the destroyed class within populated urban areas,
treating all confidently non-destroyed patches as negatives and masking temporally
ambiguous patches via temporal/spatial smoothing

= My approach: define “no-damage” using pre-event pixels of buildings that are later labeled
damaged, and “"damage” using their post-event pixels.

Seite 9



22\
Input masks Krisenfriherkennung

POST RGB + buildings/clouds POST UNOSAT GT
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%" Krisenfriiherkennung

Image Preprocessing

_Il 256px
Oj H Ig
Data & AOI Tiling Per-Image Export
Quality Checks
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* » Kompetenzzentrum
*" Krisenfriiherkennung

Architecture Pipeline >

Image tensors = 16x16 patches —>»| Patch embeddings Feature maps

Building footprints Label masks
(GBA) Cloud masks (UNOSAT) Patch vectors

Input

v v

Protoype Builder Classification Head

Evaluation metrics
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Ground truth class

Results Patch Level - Prototype B

Confusion Matrix — Prototype Builder - 5 classes

GT No Damage 342 68 253 37
GT Possibly Damaged 7 277 138 14
GT Moderately Damaged 9 80 60 9
GT Severely Damaged 4 14 11 4
GT Destroyed a1 36 54 7
"’eg B & Ey
Yo, Oss, Vs,
L2y "6y, g "y,
20, Oﬂ”’a ey ., ¥
O, ™,
0,

Predicted class

Joint PATCH mloU(all 0-4) =

0.132 Joint PATCH

mloU(damagel-4) = 0.114

Ground truth class

Confusion Matrix - Prototype Builder - Binary Classification - all damage

Count
1200

1100

a74

1000

200

Pred PRE future-damage Pred POST damage

Predicted class

Mean IoU=0.506, Mean
F1=0.672

uilder

Ground truth class

o+ % 77+ Kompetenzzentrum
* 9 N & .

Krisenfriiherkennung

Confusion Matrix - Prototype Builder - Binary Classification - only destroyed

Count

700

600

500

400

300

200

Pred PRE future-damage Pred POST damage

Predicted class

Mean IoU=0.621, Mean
F1=0.766
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Data Exploration - Patch Level

S2 L2A RGB

Zero-shot water mask (class = 1)

PC2

pPCc2

PCA - pixel spectra colored by LULC class
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Joint PRE+POST patch embeddings (PCA)
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® Destroyed
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Limitations — Patch Label Construction '-:'3.‘."ﬁ;’i?eﬁ;iz'::fkf;::;g

4x4 patch example

building class building class building class
1 1 1
building no  building no  building class building class building class building class building class
label label 1 1 1 1 1
building class building class building class building class building class building class building class building class building class
4 4 1 1 1 4 4 4 4
building class building class building class building class building class building class building class building class building class building class
4 4 4 4 4 4 4 4 4 4
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Results Patch Level - Classification Head

Classification Head -5 classes WIP

Ground truth class

Confusion Matrix - Classification Head - Binary Classification - all damage

GT PRE future-damage

GT POST damage

Count

1600

1400

1200

1000

800

Pred PRE future-damage Pred POST damage

Predicted class

Mean IoU=0.348, Mean F1=0.483

Ground truth class

Confusion Matrix -

GT PRE future-damage

GT POST damage
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« & * 7 Kompetenzzentrum
"¢ %% Krisenfriiherkennung

Classification Head - Binary Classification - destroyed only

Count

64

200

100

Pred PRE future-damage Pred POST damage

Predicted class

Mean IoU=0.371, Mean F1=0.515
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Next Steps N K g

Improve the classfication head results
Add the temporal dimension

Test different image types

Explore other foundation models
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Thank you for your attention! ©



PRE-POST Cos-Sim - Patch Level

PRE—POST cosine similarity per patch (gallery)
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POST patch GT label (majority vote) (gallery)

tile182_2024-01-10

tile110_2024-01-10
-

e

tile126_2024-01-10

=

tile146_2024-01-10

tile105_2024-01-10

tile111_2024-01-10

tile127_2024-01-10

tile106_2024-01-10

tile112_2024-01-10

Em

tile128_2024-01-10

T

tile147_2024-01-10
| ]

tile148_2024-01-10

.

o+ % 77+ Kompetenzzentrum

tile107_2024-01-10

5

tile123_2024-01-10

i
B

tile129_2024-01-10

—-—
tile162_2024-01-10

..‘
o

tile108_2024-01-10

- e S

tile124_2024-01-10

tile144_2024-01-10

=
r L}
tile163_2024-01-10

tile109_2024-01-10

tile125_2024-01-10
-

tile145_2024-01-10
™=

= H

ol

- =
tile164_2024-01-10

Krisenfriiherkennung

3.5

Seite 27



. 2D\
Data exploratlon Kompetenzzentrum

Krisenfriiherkennung

Patch count accross splits and classes Patch purity (majority class fraction)
5,132 - . H H -
5000 split 2000 Mean: 0.761 iMedian: 0.78
W Train
W Test

4000
1500

3000

Patch count

1000
2000

Number of patches

1000

0.6 0.7

Majority class fraction
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Building pixels LW Kveiranersennang

What happens if we remove patches with few building pixels?

split threshold patches removed maj0 maj1 maj2 maj3 maj4 lost px 0 lost px 1 lost px 2 lost px 3 lost px 4 lost px total patches removed frac lost px 0 frac lost px 1 frac lost px 2 frac lost_px 3 frac lost_px 4 frac
train 10 209 0 14 25 0 93 98 ( 0.0
train 50 042 0 152 164 0 2 1 71 155 b 0.0
train 9 0 942 0 13792 2 ) 0.0
test 1 0 1 ) L 11 0 ( 5 6( ) 0.0
S ( 0 14 15 42 0 ( 96 11 ) 0.0
test 249 0 56 &9 0 534 851 2 ). g 0.0
train+test 1 2 0 15 26 167 0 93 79( 0.0

train+test C 12 0 66 179 I f 0 2923 2652 2131 1 3 0.0 .0 0.017494

train+test 8 0 453 g g 0 L 1 ( g ; 597 0.0 848 0.




Literature Patch Rules N e

= Damage / No damage:

- Take only completly destroyed buildings (Mueller et al. 2021, , Hou et al., 2024, pixel -
Racek et al., 2025)

« Take only severely and destroyed buildings (Gazel-Anthoine, 2022)
* Collapse all classes into one (maybe Ballinger, 2024)

= 5 Classes rules:
- Majority voting (Holail et al. 2024) - after prediction, 50% treshold
« Max severity (Risso et al. 2024) - at the building level
My idea: max severity with an extra percentage treshold — no literature backup
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