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Inferring tectonic history from
geomorphic offsets

- Displaced landscape features along
faults

- Used to estimate size and recurrence
of surface-rupturing past
earthquakes
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Inferring tectonic history from
geomorphic offsets

fault zone

fluvial channel

- Displaced landscape features along

faults "
earthquake ~—
- Used to estimate size and recurrence new channel
of past surface-rupturing
earthquakes
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Distribution of offsets along
strike

- Cumulative offset probability
distributions (COPD)

- Constrain earthquake history and
distribution of slip in space/time
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Along-strike offset distribution and cumulative offsets
probability distribution (COPD),
San Andreas fault, Carrizo Plain (Zielke et al. ‘15)
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Seismic hazard
assessment

UCERF3

Uniform California Earthquake Rupture Forecast (Version 3)

Three-dimensional perspective view of the likelihood

that each region of California will experience a

7z magnitude 6.7 or larger earthquake in the next

San FIancisesyypied ht: 30 years (6.7 matches the magnitude of
(SO = & the 1994 Northridge earthquake, and

30 years is the typical duration

of a homeowner mortgage).
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Faults are shown by the rectangles outlined in black. The entire colored area represents greater
California, and the white line across the middle defines northern versus southern California. Results
do not include earthquakes on the Cascadia Subduction Zone, a 750-mile offshore fault that extends
about 150 miles into California from Oregon and Washington to the north.
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Methods for measuring displacements

- In-situ - Remote-sensing based: using HR DEMs or optical

Images
A)

preferred

maximum

(Salisbury et al. 15) (Liu et al.27)
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Topographic measurement methods and limitations

Contour matching / backslipping |_| LaDiCaoz (Zielke et al' 12)
b
- Manual or semi-automatic ,
methods: long process, ) N, ]
1 N ; Y 100 150
expert-dependent, difficult to SN :
reproduce = :
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- Need for a fully automatic N .| osiim
approach: Machine learning ‘
model
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3D_Fault_Offsets (Manighetti et al' 20)

Liu et al ‘21
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Machine Learning
e Automate systematized detection

fO 1 and/or measurement of
tectono-geomorphic markers

M O r p h Ote Cto n I CS o fast, calibration-free, reproducible

e Main challenge: lack of labeled

5\% ke natural data for training models
LE &/ e Need to generate synthetic

topographic data, with controlled
tectonic and geomorphic (e.g,

Normal fault scarps Strike-slip fault s Ton) DioEEsEEs
(Pousse et al, 2025) offsets P '
(this work)

Pousse-Beltran, Léa, et al. "ScarpLearn: an automatic scarp height measurement of normal fault scarps using convolutional
10/12/2025  neyral networks." Seismica 4.2 (2025). e



St [l ke I_ea N e Method to automatically quantify
dpproac h strike-slip fault offsets from

high-resolution topography

e 2-D Tectono-geomorphic
landscape simulation for synthetic
data generation

e Deep neural network with
simulated-to-real transfer
learning
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Study data

- Offset markers from five strike-slip
faults in California (UCERF3
database, Madden et al 4),
measured with semi-automatic
(LaDiCaoz) and manual methods on
topographic data

- HR DEMs (0.5-06 m/px) from
airborne LiDAR campaigns (NCALM,
EarthScope)
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Natural dataset creation

<700 samples of natural
measurements

Total |Training set| Test set

dataset size size size

666 422 244

Lack of sufficient ground-truth
data for supervised learning
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(13.5-15.5 (14.8) m

Natural examples

- Variable quality: epistemic
uncertainty

- Range of plausible offset
values: aleatoric uncertainty
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Natural DEMs with
) _ non-faulted stream channels
Simulation of

Synthetic data generation landscape
evolution

Simulating strike-slip faulting and o
landscape evolution parameters:
(Reitman et al. 19)

total time [yr] Erosion & I:
slip rate [m/yr] D|ffu5|on Faultmg
recurrence interval [yr]
fault zone width [m] 77 A

stream power coeffs.
diffusivity coeffs.
uplift rate [m/yr]

fault - river angle [deg]

@

Synthetic DEMs with _
10/12/2025 displaced stream channels 13




Synthetic data generation

original offset

channel channel channel evolution post-earthquake
\l/ ‘ /I\ .
strike-slip-  Ar Ar? Ar Ar
earthquake
—
=== . . i
pre-eq immediately time post—earthquéke

(Reitman et al. "19)
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Synthetic data examples

- Generation of 10K samples

- Domain randomization

approach: sample simulation ,,

parameter combinations

total time [yr]
slip rate [m/yr]
recurrence interval [yr]
fault zone width [m]
stream power coeffs.
diffusivity coeffs.
uplift rate [m/yr]
fault - river angle [deg]
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Simulated-to-real transfer learning

Pretraining

Simulated DEMs on simulated data

(N~10K)

ResNet
Regressor

Offset (meters)
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| Finetuning
Natural DEMs Weights
on real data
(N~0.5K) transfer

S >

ResNet
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Results on synthetic test data
- Very good performance

- Modelis able to generalize to new
samples in the synthetic domain

- Resolution limit

Ground Truth
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Results on natural test data

- From scratch model performs poorly
o Lack of labeled data for training

- Pretraining improves R® by over 300%
and MedAE by 28%

o Representations learned on synthetic data
transfer to some extent

- Still... A large performance gap with
synthetic data !

o Consequence of synthetic/natural data
domain gap

Ground Truth
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Results on natural test data

- From scratch model performs poorly
o Lack of labeled data for training

- Pretraining improves R® by over 300%
and MedAE by 28%

o Representations learned on synthetic data
transfer to some extent

- Still... A large performance gap with
synthetic data !

o Consequence of synthetic/natural data
domain gap

Ground Truth
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Sample predictions

Bl C 11.4 m)
Pred: 11.1 m

Correct
predictions

Incorrect
predictions
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Prediction of model along strike (San Andreas fault)

Cumulative offset (m)
(avg. over 1.5 km window)
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Prediction of model along strike (San Andreas fault)

Cumulative offset (m)
(avg. over 1.5 km window)
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Conclusion

Synthetic data generation with tectono-geomorphic landscape simulation

- Deep neural network with simulated-to-real transfer learning to overcome
label scarcity

- Potential of the method for automatic strike-slip fault offsets
characterization

- Limitations: synthetic/natural data domain gap, poorly-constrained problem
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Perspectives

Improving realism of the synthetic data generation

- Uncertainty quantification (aleatoric and epistemic)

- Evaluation across diversified faults (e.g, New Zealand faults)
- Use optical imagery as a fallback modality

- Detection + regression of offset markers
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