DMIAN 7=, ovar

\g
ClusteriA  'Jeay
Multidisciplinary Institute "

In Artificial Intelligence

T "
ey LISTIC
. Fi ""“

e ,
rance\ =+ ] UNIVERSITE
2@ 2l SAVOIE f
4 MONT BLANC ISTerre




LISTIC

NN Radar pass at time 1

Radar pass at time 2
Not to scale

Source: Biggs & Wright (Nature) 2020
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Introduction : data acquisition

NN Radar pass at time 1

Radar pass at time 2
Not to scale

Examples of processed acquisitions that | use
. Towards satellite . From satellite

Source: Biggs & Wright (Nature) 2020
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/ Radial surface displacement : \
rAV 1 —v

(r2 + dz)% T

ur(r) =

Vertical surface displacement :

(r) — dAV 1 —v
u,(r) = et

\ d : depth - AV : volume change - v = 0.25 (Poisson ratio) /
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Introduction : inversion
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Physical model (Mogi)
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Exemple of generated image
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Introduction : inversion
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Introduction : inversion

Physical model (Mogi)

d (km) ﬁ 004
002 E
AV (10°m?) 8 :
Inversion R
X (km) -2 ‘ 002 §
Y (km) 10 008
\ / LOS -0.06
d : depth - AV : volume change - X/Y : source position —Y
-0.08

Exemple of generated image

State of the art for inversion : Gridsearch / Gradient descent / Bayesian approaches (MCMC most used)

— Work well but are slow and computationally expensive !
— Do not meet the need for operational risk monitoring !
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0.08

0.06 0.06

. 0.04 Y 0.04
0.00 + 0.00 + :
Source displacement field Random turbulent noise Random coherence mask _
(Mogi) (atmosphere) (vegetation, topography...) Dataset (train, val, test)
/Mogi parameter Explored domam
d (km) 1-10
Noise parameter Explored domain
AV (10°m°) (-100) - 100 /,f ‘\\
sill (m?) 10°- 10"
X (km) (-10) - 10
Krange (km) 10 - 100 /
\\» Y (km) (-10)- 10 4//

sill : field amplitude variance - range : spatially correlated scale
d : depth - AV : volume change - X/Y : source position
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Neural network train and test

TRAIN

- Resnet Architecture

-100 000/200 000 data for training
- Input image dimension : 64x64

- 30 trained models

- Train
- \/alidation
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Neural network train and test

TRAIN

- Resnet Architecture

-100 000/200 000 data for training
- Input image dimension : 64x64
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- 30 trained models
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Result on Suswa volcano
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splacement {m)

reconstructed image

Inversion with 30 models
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The issue with resolution LISTIC

%I T

AV AV AV
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The different resolutions on Suswa
when using dimension of 64x64 Parameter M rerameter




The issue with resolution LISTIC
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Determining the best re @ LISTIC
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Threshold > 60% Red square = ~300m/pixel

r1.0

-0.8

-0.6

0.4

0.2

0.0

Red square = ~800m/pixel

Sobol analysis (resolution 1km/pixel)

— We are using these three resolutions for our model : 300, 550 and 800 m/pixel
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Results on other volcanoes
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Results on other volcanoes
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Results on other volcanoes
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Thank you for your listening !
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