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INTRODUCTION

MOTIVATION

« Earthquakes and tsunamis can be geological hazards of great social impact.

« Analyzing faults' morphotectonic parameters (e.g., Scarp-Height) enhances knowledge of
their earthquake-generating potential, thereby improving seismic hazard assessment.

T e e e I i I A R e T W T e M
A B e I . NP T S TH TN gl - T
A -*::' o B jl .1

RV Sarmiento
de Gamboa

(Spain-CSIC)

Depth(m)
573
600
I > 650
B _ 700
Gl " e te | 750
BSCARP-HEIGHTE & 505 . i SCARP-HEIGHTE

3D Marine surface-rupturing normal faulting from the

Surface-rupturing normal faulting photography from Alboran Sea.

Norcia Earthquake in Italy’'s Apennine Mountains
(Marsan,D.etal.2017)

PROBLEMATIC

Traditional methods for morphotectonic estimations often rely on empirical or semi-automatic approaches (e.g., Hodge
et al, 2019; Wolfe et al,, 2020) that require substantial expert-time.

NEW METHOD BUT NOT DEVELOP FOR MARINE ENVIORNMENTS
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OUR STUDY AREA AND DATA
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SIMULATED MARINE
FAULT SCARPS

Creatre simulated dataset of
bathymetric profiles with
random parameters.
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CONVOLUTIONAL NEURONAL NETWORK (CNN) FOR OCEANIC PROCESS

DEEP LEARNING METHOD
BASED ON CNN MODEL

Scarp Learn for Bathymetry datasets

Training the CNN on the synthetic data

Fault scarp
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APPLY MODEL
TO REAL DATA

Run the model to real data to obtain the scarp

height and uncertainties of each profile.

catalogue and create a model.
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Validation of our CNN model with manual estimations:
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Potential of the ScarpLearn-Bathymetry algorithm:

Manual estimation | Scarp Learn Bathymetry
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KEY MESSAGE / FUTURE RESEARCH

—} ScarpLearn’'s Bathymetry models have been validated for offshore datasets by manual estimations of the
high-resolution dataset (1m resolution) of our study area.

== Diffusivity related to the bottom currents and non-cohesive materials in the seafloor and the complexity of the
area due to the multiscarps probably produce misfit in the validation.

" |==$ Our quantitative approach provides a significantly larger database of results than traditional methods,
enabling a more comprehensive analysis of offshore fault systems’ growth and evolution.

1-Improved characterization of fault scarps.
—> Integration of Deep Learning techniques offers potential for | 2-Reduced time and effort requirements.

3-Enhanced uncertainty quantification.

UPCOMING RESEARCH === FExtend the application of our model to bathymetric data of lower resolution,
encompassing the entirety of the North-South fault system.
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