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Formation et histoire de la Terre, sa structure, son fonctionnement
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traiter et les analyser
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Imagerie des déformations du sol
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« The Geodesy Plotter »

Service ForM@Ter

Entrepo6t données longue traine
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La création de NuTs

nuts.univ-nantes.io

MAIN ME!
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Registration
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@ Contact

erre Solide

rt-nuts-ia : NUTS-AI : workshop on artificial intelligence and application to
solid Earth

7-8 Jul 2025 Paris (France)

PRESENTATION

The NuTS (Numérigue en Terre Solide) network is organizing a thematic event focused on the intersection of
artificial intelligence and Earth sciences. This two-day gathering will be held at the Institut de Physique du Globe de
Paris from Monday noon, July 7, to early afternoon on Tuesday, July 8. The event features two half-day sessions with
invited speakers designed to foster interdisciplinary dialogue: one emphasizing scientific challenges in the
geosciences community, and the other highlighting methodological advances in Al A convivial gathering between
the sessions will provide opportunities for informal exchange and networking. The primary goal is to stimulate new
collaborations between researchers in Earth sciences and artificial intelligence, encouraging mutual understanding
and joint innovation. The organizers also intend this event to be the first in a recurring series that strengthens ties
between these communities. Participation in the event is free, with venue and refreshments covered by the
organizers; however, attendees are expected to use their own research funds for travel and accommodation
Attendees will have the opportunity to present their work in form of a poster during the poster session




Exemples : Exploration de données massives

De la donnée sismologique brute a des catalogues de sources sismiques

Article Open access Published: 07 August 2020
Clustering earthquake signals and background noises
in continuous seismic data with unsupervised deep

learning

Léonard Seydoux &, Randall Balestriero, Piero Poli, Maarten de Hoop, Michel Campillo & Richard

Ba
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Nature Communications 11, Article number: 3972 (2020) | Cite this article

— £ ¢

Mothar mavelet

|

feaming
@
z‘m

FHHTET)E

fa4d5-——

_gtri*iﬁ;i;"-"zs

Aty

Hourly number of within-cluster detscions

10
(13
oo

05

-1.0

100

o B B JF

oNBAE o 8§ B

w338 oc 8 &

o

a

N

00
75
50

Chuster A

N“.‘».*-y/*\w %, -\"’HA«" g o S
wha, L \-«,_ o \ f

L o

chstec B

st bbb "mm-ihkllvhﬂ.w'u ,J’JU"W"

mc
At L S P[#ﬁm
. chuster D

ocwdFl8o B &

g - SECHUIL —— e

TTPR NIRRT i ey

ORISR R PV 0 P J\l.n,l.hmm /

1706100 1770605 170606 1706011 17/06/14 1700647

Sza
o

¥

0.7%

08%

Application a
1 sismomeétre
(station NUUG,
Groénland)

W

Scatsemnet
Scattering netwark for seismic data anslyza.



Exemples : Exploration de données massives

De la donnée sismologique brute a des catalogues de sources sismiques

JGR Mochine Lean Gelf-Supervised Learning Based Clustering Workflow for

and Computa - K .
ilon Exploring Seismological Data From Dense Networks
RESEARCH ARTICLE — o ) . . )
: Joachim Rimpot’ *, Clément Hibert , Jean-Philippe Malet , Germain Forestier’ ", and
10.1029/2025JHO0D0958
Jonathan Weber®
'Institut Terre et Environnement de Strashourg (ITES), CNRS UMR 7063, Université de Strasbourg, Strasbourg, France,
PRIS *Ecole et Observatoire des Sciences de la Terre (EOST), CNRS UAR 830, Université de Strasbourg, Strasbourg, France,
"Institut de Recherche en Infor que, Mathématiques, A ique et Signal (IRIMAS), UR 7499, University of Haute-
Alsace, Mulhouse, France
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Exemples : Prédiction de processus physiques

Estimer les caractéristiques de sources sismiques a partir de données géodésiques (GNSS)

Research Article 3 Open Access ]GR Solid EQrth

Seismic Source Characterization From GNSS Data Using Deep
Learning

Mauro Dalla Mura, Gaél Janex, Anne Socquet

First published: 14 April 2023 | https://dol.org/10.1029/2022)B024930 |  ~* VIEW METRICS
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Exemples : Prédiction de processus physiques

Estimer les mouvements du sol par apprentissage profond d’images satellitaires optiques

Slicing for sliding window

I | Displacement Ma
| 1Pt Imeges Discontinuity Training Data | | Disp ps |
1 3 / .
& \ / 74
(V] ! 2 In-1
4 ‘ / |
E |' / @9, '
® 1 \\ 4 ‘ : Estimated
a ! Pro-siep 1 sub-pixel shifts
! 1
I 1

| )
——= Coarse Model

Sub-pixel Shifts
+

U

L

U

U

U

" S - .

; oz ‘

2 1 Registration Map

Sub-pixel Model | 1

|

)

i

|

!

I

]

1

I Pixel-scale
I

1

]

I

'\ AN J
I DY k2

: (1) Pixel-scale registration (2) Sub-pixel refinement

I

DIS Dataset

Pro imgo 09.01.2918 TRAINING DATA

101 to R
Research Article & Open Access jGR Mnudd(‘:ine Leu:n:.ing
a omputation

Sub-Pixel Displacement Estimation With Deep Learning:

™

pro-wndow
v w1t
pos e 7012019 ot e 17012012 Application to Optical Satellite Images Containing Sharp
161 16 Synihatic Subpoml IS LS 18 % 16 Dascontinuity 182 18 px =
ﬂ g [z - N L el Displacements
. = , v) o
Larczos 6%6 hemel 50K L 50K
postwingow (d.4) poskwIndow x S TI m,,‘,.m x Tristan Montagnon $%4 Sophie Giffard-Roisin, Mauro Dalla Mura, Mathilde Marchandon, Erwan Pathier,
wz shifted W2_s (Pair + Shift) w2 shified W2_s (Pair + Shift) James Hollingsworth 5%




Exemples : Prédiction de processus physiques

Prédire les propriétés des roches par apprentissage machine

Research Article & Open Access

JGR

Machine Learning
and Computation

RocMLMs: Predicting Rock Properties Through Machine

Learning Models

Buchanan Kerswell B Nestor G. Cerpa, Andréa Tommasi, Marguerite Godard,

José Alberto Padron-Navarta

First published: 23 October 2024 | https://doi.org/10.1029/2024JH000264 |
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Prédire les volumes d’éboulements par apprentissage machine

researcharticle |@®  Ea@rth Surface Dynamics

Machine learning prediction of the mass and the
velocity of controlled single-block rockfalls from the
seismic waves they generate
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Exemples : Prédiction de processus physiques

Prédire les vitesses et accélérations de glissements de terrain par apprentissage machine

% Lo Hydrogeological forecasting of deep-seated
dataset landslides dynamics: structure and
smm, S sensitivity of tank models
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Un projet dans le cadre EOSC : UC commun NFDI4Eart/-Data-Terra

Unsupervised Learning for the Comprehensive Exploration of
Continuous-DAS Data

Camille Huynh!, Joachim Rimpot', Clément Hibert?, Antoine Turquet®, Tord Sture
Stangeland®, Jean-Philippe Malet!, and Vincent Lantieq®

'Universite de Strasbourg Ecole et Observatoire des Sciences de la Terre

*Institut Terre et Environnement, de Strasbourg / ITES, CNRS, University of Strasbourg
INORSAR

"French National Centre for Scientific Research (CNRS)
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and Computation

Construction d’Images a partir des observations DAS

STALTA ¢ STALTA

Spectro S 4 Spectro

Time

STALTA

Spectro

Workflow SSL n

Input Step 1: PRE-PROCESSING Output

ND of samples.
whole dataset

Classification des signaux

Strain Rate

Step 4: HIERARCHICAL CLUSTERING

VISUALIZATION

Sl nput : :
-2 - G G = N
Representation: Representation: W— ORI MTIOEODRNT STty

Latent space Output Latent space - ir).:n--..\..‘\"..ir.l.‘.uv-i ..'~..., I DO (s
Nb of samples: Whole dataset labeled into several classes ockatng andivopagesc sty
 Latent space

- Implémentation dans un notebook Jupyter GAIA-Data



Conclusions

» Recherches en |A émergeante et foisonnante dans tous les domaines de la Terre Solide
+ Problématiques de détection, classification, clustering et prédiction
* Une structure collaborative (GDR NuTS) pour échanger / se former / partager

* Des jeux de données (JDDs) ‘benchmaks IA’ qui commencent a étre partagés sur EasyData

Résultats de la recherche

EaSy Data

Langue utilisée | Longuage

Informations données Emprises / Extents

Mots-clés | Keywords 1

Thématiques | Thematics :

» Challenges : proposer certains outils / workflow IA comme ressources sous la forme de notebook / calcul / stockage
proposer un LLM pour la gestion des catalogues Terre Solide






