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5. Extracting info from time series (InSAR)



Post-disaster Gaps for Landslides

. State-of-the-art methods (based on Al) provide affected areas with
segmentation — No info on type of process or sub-process

. After main trigger (weather related or EQK) we have multiple
activations (10%) and each one becomes a local residual risk source
. Precursors are lost after trigger?

. How to fine tune 10* numerical simulations for short-term post-

event risk scenarios?



Training datasets must incorporate diversity
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Detection must be scale-independent
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Data Leakage Avoidance and Incremental Training
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Addingmulti-tem{poral information
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Adding multi-temporal information and Explainability
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Adding information on the type of failure mechanism
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Adding information on the type of failure mechanism

Landslide

Landslide Polygon Point
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Separating kinematic zones
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Separating kinematic zones
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Exploiting displacement time series
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Typologies considered in the model

Landslide ini Subsidence

LOS Ground displacements

time series Sentinel-2 optical remote terrain products
sensing images



Time-Series/Image Al Processing
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Explainability Analysis with 2D SHAP Plots
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Explainability Analysis with 2D SHAP Plots
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Explainability Analysis with 2D SHAP Plots

ADA _GLB 1D:18056 True Label: Subsidence Predicted Label:Subsidence Probability:0.9986

Subsidence Mining DSGSD Landslide = .
E —— Mean Time Series
"
i=
(]
£ —-501
[J]
o
o
e [=%
il £ ~100 1
¥ 8 . : : : : : : : :
{ Ll = 0 50 100 150 200 250 300 350 400
A 14
Landslide
Mining
Subsidence
1 1 1 1 1 1 . DSGSD
—0.0004 —0.0003 —0.0002 —0.0001 0.0000 0.0001 0.0002 0.0003 0.0004 0 50 100 150 200 250 300 350 400
SHAP value
10 Correctly Classified Subsidence Examples - SHAP Value Density
Optical (RGE + MIR) DLEM Slope Aspect
B 1 12500 10050 1
o
RHUHIE eoen 15000
F0D
EO000 -
0000 1 17560
= SO000 n., . . hE
Z Z = 1onen z o
= - - £
g enen = 2000 1 a &
7500 annn
H0000 1
S000
20 1 o -
10000 2060 -
1000 4 2520 A
i T T T T T n T T T n T T T T T T n T T T
A o i e B & o [N e o - o . . & s A o 2 i & [ 2 S 7 o
¥ o oF i oo & = o o ol & ea e @ & & o o & & o
F‘?P FF'G PSS F('hﬁh ;ﬁ’ o8 ﬁ? o o3 & S {‘_9@ {,,9@ o3 2 @ oo o o
SHAP vialue

SHaF valus SHaF value SHAF Valus



Density

Explainability Analysis with 2D SHAP Plots
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Deployment on Unseen Datasets at Large Scale
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