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n  Abstract Fault markers in the landscape (scarps, offset rivers) are records of fault activity. The
= geomorphological characterization (such as the scarp height, fault dip, etc.) of these markers is
s currently a time-consuming step with expert-dependent results, often qualitative and with uncer-
1 tainties that are difficult to estimate. To overcome those issues, we present a proof of concept
15 study for the use of deep learning in morphotectonics, specifically on fault markers. We developed
s a Bayesian supervised machine learning method using one-dimentional (1D) convolutional neu-
v ral networks (CNN) trained on a database of simulated topographic profiles across normal fault
s scarps, called ScarpLearn. From a topographic profile, ScarpLearn is able to automatically give the
v scarp height with an uncertainty. We apply ScarpLearn for the characterization of normal active
» faultsin extensional settings such as the Trans-Mexican Volcanic Belt and Malawi Rift system. From
2 those specific case studies, we will explore the progress (computation time, accuracy, uncertain-
» ties) that machine learning methods bring to the field of morphotectonics, as well as the current
»  limits (such as biais). Our results show that we are able to develop a CNN model that is estimating
2 scarp heights on topographic profiles from 5m resolution digital elevation model. We compared
»  the results obtained with ScarpLearn and other non deepl-leaning methods. ScarpLearn achieves
s similar accuracy while being much faster and having smaller uncertainties. To use and invite to ex-
z tend our study, we share the codes to create the synthetic scarp database and of the CNN model

s ScarplLearn.

» 1 Introduction

» Fault marker characterization is crucial to understand past fault activity and future potential impact of earthquakes

a  (i.e., Crone and Haller, 1991; Wells and Coppersmith, 1994; Schlagenhauf et al., 2008). Indeed, this activity is recorded
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in the landscape leaving a morphological trace recording the historical physical processes that govern fault rupture
(i.e., Zhang et al., 1991; McCalpin and Slemmons, 1998; Kurtz et al., 2018). Among the examples of fault marker
characterization, the offset’s quantification created by ruptures that have reached the surface is a parameter directly
used to estimate fault rates, spatial patterns of past ruptures, and numbers of ruptures (i.e., Arrowsmith et al., 1998).
This information is needed to model the past activity of the fault and estimate the potential hazard for society.

In this study, we focus on normal faults that are often responsible of shallow and destructive earthquakes in nu-
merous inhabited regions of the world (i.e. Central Italy, Wasatch Mountains, Central Mexico). Those faults marks
out the landscape through a vertical offsets leaving a typical trace: a scarp (Fig. 1). The scarp is the expression of
earthquake in the landscape when the rupture reaches the surface. It is due to the slip along the fault plan that cre-
ates a free face which slope is greater than the angle of surrounding hillslopes. This scarp then undergoes erosive
processes through times, altering its slope by degrading it (Wallace, 1977; Nash, 1980). Further rupture on the same
fault splay may rejuvenate the scarp, which will be affected by erosion once again, altering its shape. Such normal
fault scarps have been numerically modeled to characterize and decorrelate the forcing from seismic ruptures and
erosional processes (e.g., Avouac and Peltzer, 1993; Hodge et al., 2020; Tucker et al., 2020; Gray et al., 2021; Holtmann
et al., 2023). These models focus on the variation of elevation along scarp over time. And both models and obser-
vations show that one scarp can also be the sum of various slopes reflecting the complex history of the processes
shaping the landscape, both constructive and destructive.

For tectonic characterization purposes, the morphology of normal fault scarps is mainly analysed through topo-
graphic profiling across the fault. And for such reason most studies focus on the scarp height as it is the most direct
parameter signing the cumulative amount of seismic slip (Fig. 1). More precisely, the classic scarp height estimation

can be divided into two stages:

-+ a mapping step which consists of delimiting three portions of the topographic profile that corresponds to the
hanging wall, the footwall, and the scarp (Fig. 1). The complexity lies in the possible disturbance of the topog-
raphy created by erosion, sedimentation, drainage, non-geologic related features (trees, antropic disturbance,

etc.)

- an estimation step where these portions are fitted to three horizontal lines, which are used to estimate the
scarp height (Fig. 2). However, particular attention must be paid to where the scarp height measurement is
performed. Some studies focus on the middle of the scarp (e.g., Johnson et al., 2018; Hodge et al., 2019b; Wolfe
etal., 2020); others on the location where the scarp has a maximum slope (e.g., Scott et al., 2022); others projects
the hanging wall (or the footwall) on the inflexion between the footwall (or hanging wall, respectively) and the

scarp to bracket the scarp height (see in supplementary the Fig. 12).

In the last 20 years, to get the accurate topographic measurements, researchers used to go into the field to measure
Real-Time Kinematic positioning profiles and manually estimate the scarp height (e.g., Mitchell et al., 2001). For
the last 10 years, thanks to the remote sensing democratization (drones, access to satellite data), researchers have
computed digital elevation models (DEM) that cover several tens to hundreds of kilometres of fault zones at high
resolution (<5 m). It therefore became necessary to create the tools to systematise the measurements. In the last 5
years, several research groups have developed methods to estimate the scarp height by empirical, semi-manual or
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semi automatic approaches (e.g., Stewart et al., 2018; Johnson et al., 2018; Hodge et al., 2019a; Wolfe et al., 2020; Scott
et al., 2020; Salomon et al., 2021; Bello et al., 2021; Scott et al., 2022). We can group these approaches into six main

categories:

« Manual methods: for each profile, once the portions of hanging wall, footwall and scarp are choose manually, a
line is empirically fitted as best as possible through the three portions (identified visually). This manual fitting
will exclude non-tectonic perturbations (tree, valleys) A measure of uncertainty can be estimated by identifying

the maximum and minimum scarp heights.

+ Semi-manual methods such as "Monte Carlo Slip Statistics Toolkit" (MCSST) by Wolfe et al. (2020): inspired by
manual methods, here the fit is done by least square optimization. The manual part consists in choosing the
limits of the three portions. The uncertainty can be estimated from Monte Carlo simulations which models all

scarp heights by considering the least square fitting uncertainties of each three portions.

+ Semi-automatic methods such as Scarp Parameter Algorithm (SPARTA, Hodge et al. (20192)), which needs a
manual calibration by pointing manually the portion boundaries on some reference profiles to then automat-
ically estimate the portions on other similar profiles. The topographic portions are finally fitted to lines using
least-squares optimization. This method requires the user to choose the filter applied to the topographic profile

and associated filter parameters. Moreover, there is no uncertainty estimation.

+ Semi-automatic methods such as Scott et al. (2022), providing both a mapping and a scarp height estimation.
This method is semi-automatic as it first requires a manual calibration on a restricted zone of the study area.
Once this calibration is done, the algorithm can be run on the whole study area. The height estimation is
obtained by a parameter grid search and by fitting lines to the topographic flats bordering each fault using
least-squares optimization. To obtain the uncertainty of the scarp height, the algorithm takes the 16™ - 84t

percentiles of the heights obtained from satisfactory setting conditions of confidence they have chosen.

« Automatic methods using an analytical solution such as Sare et al. (2019): it recovers the location and amplitude
of the scarp through template matching. In this study the aim is mainly to test the detection capability, while
the validation of the scarp amplitude estimation is only slightly discussed. No uncertainty is estimated for the

scarp height.

 Automatic method using Linear Discriminant Analysis (LDA), such as (Vega-Ramirez et al., 2021) for offshore
settings in order to automatically map normal faults and to obtain the relative age of scarp. This approach has

thus a different scope than our study here.

Most of these methods have systematised detection and/or height measurements (Tab. 1). However, among those
who focus on estimating the scarp height, they are all time-consuming because still at least partly manual, and some-
times even needing a person-dependent calibration step. If this calibration is not frequently performed, the methods
can either perform a wrong estimation or not provide any estimation. In other words, among the most automatic
methods, most of them only succeed in ideal cases and/or when calibration is carried out on an extremely similar
profile.
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To overcome these issues, machine learning methods and in particular deep learning can represent an interesting
solution. Today, artificial intelligence techniques have proven to be efficient in performing many automatic tasks
in Geosciences (i.e., Ren et al., 2020), in particular using Convolutional Neural Networks (CNN), a deep learning
architecture designed to process images or time series. Specifically in the field of morphotectonics, machine deep
learning has only been scarcely used, such as for the automatic mapping of open fractures onshore (Mattéo et al.,

2021) or to quantify the rock trait distributions of rocky fault scarps (Chen et al., 2023).

Here we propose to automatize the fundamental task of scarp height estimation by evaluating the ability of a
supervised CNN (ScarpLearn) trained on realistic synthetic topographic profile catalogs to characterize any normal

fault vertical displacement within a second.

2 Scope

The purpose of this investigation is to develop and evaluate an algorithm (ScarpLearn) that automatically estimates
the scarp height for normal faults from a topographic profile with an uncertainty quantification. ScarpLearn targets
natural cumulative normal fault scarps, i.e. scarps that may have been created by one or more earthquakes and have
undergone erosion. The results are independent of the user, and thus reproducible with the trained ScarpLearn
machine learning model. The profiles, perpendicular to the fault, are first extracted from terrain elevation models.
Here ScarpLearn measures the scarp height with an uncertainty localized at the middle of the profile. ScarpLearn is

able to ingest topographic profiles disturbed by erosion, drainage, vegetation, and other perturbations.

As there is not enough real data labelled (i.e. profiles with known ground truth scarp heights) to train the neural
network in the literature, ScarpLearn is trained on synthetic topographic profiles created by our simulator SimScarp.
The chosen characteristics to create the catalog is crucial as it can restrict the scope of ScarpLearn. Synthetic topo-
graphic profiles are offset by a fault affecting the profile in its center (range of +5 %) (Fig. 3). This fault can rupture
several times creating a cumulative fault scarp. At each inter-seismic period the scarp is subjected to some diffuse
erosion, and random perturbations, such as trees, are also added to produce a realistic profile. Several secondaries
faults are also simulated in order to perturb the profile. Broadly, we are attempting to simulate first order geomor-
phologic imprints using theoretical knowledge. For example, we have excluded back-tilting or rotation of the hanging

wall, regolith mobilization, non-colluvial geomorphic processes, pedogenic processes.

In this manuscript we will then validate the algorithm with synthetic data not included in the training set. Then
we will apply this algorithm on real cases from Mexico and Malawi in order to test ScarpLearn in real conditions. In
addition, we have compared ScarpLearn’s results with existing semi-manual and semi-automatic methods: MCSST
(Wolfe et al., 2020) and SPARTA (Hodge et al., 2019a) both on synthetics and real data. These methods are selected
because they use the same scarp height measurement convention as chosen in this paper (measured in the middle
of the scarp width such as in Fig. 2) and are representative of existing approaches for comparison (semi-manual and
semi-automatic).
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3 Methodology

3.1 Synthetics created with numerical model: SimScarp

Convolutional neural networks require a large and various (balanced) dataset for training, this is a challenge for
morphotectonic studies because there are not enough real examples of normal fault scarp precisely characterized
in the literature. This is due to the time consuming and difficult task to build such a database and to sum up the
characterized normal fault scarps data mostly incomplete for each referenced sets (Nurminen et al., 2022), but also
to the fact that the height estimation will never be certain as there is no independent characterization available. In
consequence, we have opted to create synthetics catalogs although it implies simplifications of natural processes. For
this purpose we have developed a simulator SimScarp, which can create topographic profiles of synthetic normal
fault scarp with random parameters resulting from robust statistical distributions (Fig. 3). These distributions are
designed to reflect realistic morphologies (see Tab. 2 and Fig. 13) but also to represent a wide range of examples,

therefore SimScarp is based on a set of parameter values picked from controlled uniform distributions.

For each training set, we can control the length and resolution of the profiles, as well as statistical distributions
of the parameters used. For each profile, the simulator SimScarp randomly samples: the diffusion constant, the
hanging wall slope, the footwall slope, the number of faults, the fault dip, the fault location, the total cumulative slip,
the slip rate, the number of event and some perturbations parameters (see Tab. 2 and Appendix A). Using the slip
rate, the total cumulative slip and the number of event, the model recalculates the throw per events and the period
between each event. For each event the model creates a scarp at the center of the scarp. Then a diffusive erosion
is applied during the inter-event period, following Smith and Bretherton (1972)’s equation simulated as proposed in
Nash (1980):

az 4

it~ Vdz? @
where Z is the elevation, t the time, x the horizontal distance and « the diffusion constant (m?/Kyr). We sample the
random diffusion constant  once, as a uniform distribution between 0.5 and 10 m?/Kyr. This range includes arid con-
ditions (0.5-5 m?/Kyr) and tropical condition (up to 10 m?/Kyr). We also allow secondary fault scarps as perturbations
both on the hanging wall and footwall (but not in the center), submitted to diffusion as well. The total scarp height Sy

is finally calculated as the sum of scarp heights from each event (without taking into account the secondary scarps

on the sides).

Lastly, Simscarp adds non-tectonic perturbations at random locations along the profile in order to create a realis-
tic morphologies using random parabolas or steps functions such as in Hodge et al. (2019a) to simulates hills, valleys

or trees. More details are provided in the Appendix A.

We simulate with SimScarp a database of 5000 different topographic profiles with their related scarp height Sy
(the label), to be used as training set by the machine learning model ScarpLearn. Each profile is 1km long, with a
resolution of 5m (it is a vector of size 200). The total scarp height Sy ranges between 0 and 50 m.
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3.2 Convolutional neural networks: ScarpLearn

To learn the scarp height, we designed a 1-dimentional regression convolutional neural network (CNN) with 3 layers
called ScarpLearn. This choice is based on the fact that each profile is an ordered vector, similar to a time series,
which thus benefits from convolution operations able to extract meaningful features at different scales. Each of
the 3 layers is a convolutional layer followed by a pooling layer and a ReLu activation function (Fig. 4). To have an
uncertainty (or confidence interval) associated with each profile, crucial for morphotectonic analysis in particular
for the scope of probabilistic seismic hazard models, we use variational Bayesian learning. We follow the method
Bayes by Backprop of Blundell et al. (2015) incorporated in Pytorch by the package Blitz (Esposito, 2020) that allows to
assign probability distributions on the weights of a neural network. During its training, the weights of the CNN will
be iteratively optimized in order to reduce the error between predicted and real offsets while estimating consistent
uncertainties (i.e. confidence interval). The balance between the two factor is adjusted by the complexity cost weight,

here that we defined following Shridhar et al. (2019a,b) as a Blundell method.
3.3 Training using synthetics catalogs

We train ScarpLearn on our synthetic set (5000 samples) using a batch gradient descent of 32 samples per batch. For
each batch, the model error is calculated using a loss function that is further back-propagated to update all the model
parameters in order to minimise the Kullback-Leibler (KL) divergence with the true Bayesian posterior Blundell et al.
(2015). For each prediction, on the batch, we measure the accuracy by simulating the prediction distributions and
extract a mean to compare with the correct label. This process is repeated for 300 iterations (i.e. epochs). After each
epoch, we estimate the validation error of the validation set. We follow the evolution through the epochs of the ELBO
loss which consists of the sum of the KL Divergence of the model with the mean squared error and the accuracy (here
the mean absolute error) of the model optimization (Fig. 5). Loss and accuracy curves decline rapidly over epochs,
indicating a good convergence of the model. Training ScarpLearn on the synthetic data yields a mean accuracy on
the validation set of 3.8 m. Concerning the confidence interval, 10% (Fig. 5) of the predicted target intervals are
integrating the ground truth value. To convert this confidence interval into uncertainties, we thus multiply it by 10

to simulate a 1o uncertainty.
3.4 Application and comparison using synthetics and real study cases

We will first test our model by evaluating its prediction power on new synthetic samples. We also compare these
results with the cited existing methods (the semi-manual MCSST and the semi-automatic SPARTA).

Testing ScarpLearn on real data is more challenging as there will always be unknowns due to the inherent na-
ture of scarp measurement (no ground truth available). We would require a measurement just before and just after
an earthquake (in terms of hours), which is an impossible task, especially for cumulative Holocene scarps. InSAR
(Interferometric Synthetic Aperture Radar), optical or Lidar (Laser imaging detection and ranging) data before and
after an earthquake are currently available with a revisit time of several days at most, and most frequently months.
However, these measurements have either low spatial resolutions (>10m) for measurements with small temporal
baselines (days, e.g. InSAR) or high spatial resolutions (cm) for measurements but with large temporal baselines
(months, e.g. LiDAR), the latter being more likely to have undergone erosion processes.
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Since it is not possible to validate with real data, we are limited to compare the results of real samples to existing
methods. Performing a test by comparing with other methods is however challenging. Indeed, the scarp height’s
measurements by manual, semi-manual or semi-automatic methods also include simplifications and errors. These
measurements are therefore not the ground truth, yet the comparison is crucial to analyze the benefits and the limits

of every method.

4 Results

4.1 Validation and comparison using synthetics cases

First, to compensate for the lack of ground truth data, we propose to compare scarp heights obtained with MCSST
(semi-manual method), SPARTA (semi-automatic method) and ScarpLearn on synthetics tests. We test on two new

test sets of synthetic samples of 100 profiles each:

+ a simple set, with 1, 2 or 3 faults, with low regional slopes (between -5° and 10°), and few perturbations (see

appendix Tab. 5)

+ a complex set, also with 1, 2 or 3 faults, but with a wide range of regional slopes (between -10° and 25°), and

more perturbations (see appendix Tab. 6)
4.1.1 Validation of ScarpLearn using synthetics cases

We apply ScarpLearn to the two test sets of synthetic data (as for the training set, each profile is 1km long at 5m
resolution): the whole inference takes less than 1 minute. By comparing with the ground truth value, ScarpLearn
yields a mean absolute error (MAE) of 3.9 m for the simple set and 5.7 m for the complex set. (Fig. 6-a and Tab. 3
for other metrics). Furthermore we observe that where the predictions are correct, the uncertainty bars are small,
while the wrong predictions also show larger estimated uncertainties allowing to encompass the true values (Fig.
6). We obtain 2.5 + 1.1 m (mean =+ std) of uncertainty (at 1o) for the simple test set and 5.0 + 2.7 m (mean =+ std) of
uncertainty for the complex test set. The relative uncertainties obtained show a scattered distribution (15 + 14 % and
27 4 22 %)

We also analyzed the results by separating the samples containing with only one fault, only two faults, or only
three faults (Tab. 7, and Figs. 14-a, 15 and 16). ScarpLearn yields, respectively, for the simple setting an MAE of 2.3
m, 3.6 m and 4.4 m. As the number of faults increases, the model becomes less accurate for simple setting. For the

complex setting, the MAE not show the same trend as we obtain MAEs of 6.2 m, 57 m and 7.6 m.

4.1.2 Evaluation of MCSST on synthetic cases

The semi-manual estimation by MCSST was performed on 50 profiles, and it required 3 to 5 min per profile, so for a
fault segment it requires 3 to 4 manpower hours to process them. By comparing with the true values, MCSST yields an
MAE of 3.1 m for the simple set and 5.9 m for the complex set (Fig. 6-b and Tab. 3 for other metrics). To be noted, fewer
samples were processed compared to section 4.1.1, so the MAE can’t be directly compared. We obtain an uncertainty
0f10.7 £ 94 m (mean =+ std) (at 1o) for the simple test set and 22.8 + 18.8 m (mean =+ std) for the complex test set. The
high standard deviations show how the uncertainties have a scattered distribution.
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We analyzed separately the MCSST results of the samples containing only a single fault (25 profiles for each simple
and complex sets, see Fig. 14 and Tab. 8 for others metrics). MCSST yields an MAE for the simple setting of 1.0 m and

7.2 m for the complex setting.
4.1.3 Evaluation of SPARTA on synthetics cases

In less than an hour, we calibrated and applied the semi-automatic SPARTA method on both simple and complex
synthetics sets. However, SPARTA does not provide uncertainties and out of 50 tested profiles, we obtained results
only on 29 profiles (for the simple set) and on 12 profiles (for the complex set). By comparing with the true values for
the few estimated profiles, SPARTA yielded an MAE of 8.5 m for the simple set and 10.6 m for the complex set. (Fig.
6-c and Tab. 3 for other metrics).

When analyzing the results of SPARTA on the 25 of 1-fault profiles only (see Fig. 14 and Tab. 8 for others metrics),
we obtain results for more profiles: 13 for the simple setting and 10 for the complex setting. We obtained also better
MAE for the simple setting. Respectively for the simple and the complex settings, we obtained a MAE of: 6.4 m and

15.4 m. In all synthetic cases with our calibration, SPARTA yields less accurate results than ScarpLearn and MCSST.
4.1.4 Comparison of ScarpLearn, MCSST and SPARTA using synthetics cases

With our calibration, SPARTA was only able to provide results on 20% to 50% of the profiles. Moreover, in all tests, it
gives higher mean absolute errors than MCSST and ScarpLearn (Tab. 3). In the synthetic cases with 1, 2 or 3 faults,
by comparing MCSST with ScarpLearn on the same 50 profiles, we can observe that both codes give similar accuracy
(Tab. 3). The main discrepancies come from the uncertainties, which are divided by 5 for ScarpLearn, but still
allowing to reach the true value (the Prediction Interval Coverage Probability (PICP) between 80% and 86% at 30).
On the simple data set with only 1 fault (Tab. 8), MCSST yields a lower MAE than ScarpLearn. However, ScarpLearn
yields better uncertainties (at 10) (2.5 m instead of 4.5 m). For the complex samples, MCSST and ScarpLearn are very
similar (7.2 m for MCSST, 7.7m for ScarpLearn), yet the uncertainty of MCSST (15.5 & 14.0 m at 1o) is higher that the
one obtained by ScarpLearn (5.7 &+ 4.4 m)

In summary, ScarpLearn is much faster than MCSST with a speed gain factor of 2 orders of magnitude, achieves
similar accuracy with a smaller uncertainty. To note, for the simple cases of 1-fault profiles, MCSST performs better.
To obtain the better results for these cases with ScarpLearn, we have re-trained ScarpLearn with a learning database
consisting only of 1-fault profiles. This new ScarpLearn_1F model gives better results than MCSST for the simple set
only capturing 1 fault branch, as well as for complex cases (Tab. 8). We therefore recommend using ScarpLearn_1F

in cases where the user is confident that the profile contains only one fault scarp.
4.2 Application and comparison using real study cases

We will compare the scarp heights obtained with ScarpLearn, MCSST (semi-manual method), SPARTA (semi-automatic
method) on 2 real study sites.
We will thus extract topographic profiles perpendicular to the fault in different areas where there is no bias. This

means areas that correspond to the conditions in which ScarpLearn has been trained, i.e. areas with :

« no or little anthropogenic infrastructure
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« where the scarp is not totally degraded by gravitational erosion

The results of each method are compared and discussed.
4.2,.1 Case study 1: Ameca Fault, Mexico

The Ameca Faultislocated in the Trans-Mexican Volcanic Belt in Mexico (Fig. 7). This region is affected by more than
600 potentially active normal faults yet less than 5% have been correctly characterized by paleoseismological studies
(Lacan et al., 2018; Nufiez Meneses et al., 2021). In this context, a robust and automatic method to characterize the
normal fault active scarp in a global, reproducible, robust (not expert-dependent) quantitative way is very valuable
and a great step towards a better characterization of the regional seismic hazard. We focus on Ameca-Ahuisculco
fault system (Fig. 7). This fault crosses three distinct geomorphic formations, distinguished by their age. First, there
is an active alluvial fan, which is offset by the fault generating scarps of approximately 5 meters height. Further
East, there is an older alluvial fan, also offset by the fault forming scarps of approximately 10 to 15 meters height.
Finally, the fault crosses the base of the mountain front, marking the boundary between the metamorphic basement
of the Sierra Ameca and the sedimentary fill of the Ameca basin. Here, the cumulative displacement along the fault
is estimated to exceed 20 meters. Due to the presence of multiscarps, we extract multiple profiles covering the same
areas: in fact, for each parallel scarp the is one profile crossing it at their middle. ScarpLearn estimates the height
of the scarp located near the center of the profile. We sampled profiles every 100 meters on the 5m resolution DEM,
perpenticular to the Ameca-Ahuisculco fault system (Fig. 7) mapped in Nufiez Meneses et al. (2021). Each of the 117
profiles is 1 km long.

We use SPARTA, MCSST and ScarpLearn to process these profiles (Figs. 8, 18, 17 and Tab. 4). ScarpLearn and
MCSST allow us to obtain results for all profiles, which is not the case with SPARTA (only 17 out of 117). SPARTA
with our calibration is less accurate. When we compare MCSST and ScarpLearn, we get similar results (mean height
around 9 m), and a t-student test shows that 81% of their results are in agreement (t-student value <1) and only 2% of
results are in complete disagreement (t-student value >3) (Fig. 8-E). The results in disagreement are for cases where
the scarps are either very small (<1m) or very large (>30m) (Figs. 17-A-B). The differences between the results give a
distribution centered around 0 (mean -0.1 & 4.5 m (std)), which means that neither MCSST nor ScarpLearn tend to
under- or over-estimate the scarp heights relative to each other (Fig. 8-F). The mean absolute difference is 2.9 4+ 1.8
m, but when we look at the cumulative distribution of this difference, it appears that 75% of absolute difference is
less than 3.6 m (Fig. 8-G). So there are only strong outliers having large differences. The uncertainties obtained by
MCSST and ScarpLearn are similar (Tab. 4). Their distributions show, however, that MCSST has strong outliers (Figs.

17-C-D) and that ScarpLearn uncertainties tend to increase with the value of the scarp height (Fig. 17-C).
4.2.2 Case study 2: Bilila-Mtakataka Fault, Malawi

The second area studied is in Malawi, along the Bilila-Mtakataka Fault that is part of the Malawi Rift system belonging
to the East African Rift System (e.g., Jackson and Blenkinsop, 1997). We extracted topographic profiles from the 5
meters resolution DEM from Hodge et al. (2019a,b). We focus on the Ngodzi fault segment, here the orientation of
the fault scarp follows a zigzag pattern due to the presence of transfer faults. This fault intersects the foliated gneissic
bedrock and a Quaternary sedimentary fill Hodge et al. (2018). Profiles are perpendicular to the fault trace mapped
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in Hodge et al. (2019a). We extracted 161 profiles of 1 km long of 200 points each (Fig. 9).

We compared SPARTA, MCSST and ScarpLearn on these profiles (Figs. 10, 20, 19 and Tab. 4). ScarpLearn obtain
on average a scarp height of 22 m. With SPARTA we obtain 89 results out of 161 on this study site, and when compared
with ScarpLearn, the mean absolute difference is 5.7 m. When comparing MCSST and ScarpLearn scarp height esti-
mations, the t-student test shows that 62% of results agree, while 6% of results disagree completely (Fig. 10-E). The
difference between the results shows a distribution that appears to be symmetrical, although the mean difference of
0.7 + 8.5 m (std) shows that MCSST gives slightly higher scarp heights than ScarpLearn (Fig. 10-F). The mean absolute
difference between MCSST and ScarpLearn is 6.2 + 5.6 m, and the cumulative absolute difference distribution shows
that 70% of results have an absolute difference < 7.0 m (Fig. 10-G). MCSST gives higher uncertainties than ScarpLearn,

and is not correlated with scarp height (Figure 19-C-D).

5 Discussion

In our tests with synthetic data, ScarpLearn yields results comparable to MCSST. Yet, ScarpLearn demonstrates sig-
nificantly faster processing times (~ 2 orders of magnitude faster) and provides smaller uncertainties compared to
MCSST. Specifically, ScarpLearn appears to be slightly more accurate for in scenarios involving 2 or 3 faults than
MCSST. This is because multiscarp cases assign shorter hanging wall and footwall surface, which pose challenges
for precise fitting in MCSST. Conversely, MCSST is more precise for the 1-fault case, likely due to its effective fit on
larger hanging wall and footwall slopes. For this reason, we have trained a specialized version of ScarpLearn just for
the 1-fault case, ScarpLearn_1F, giving then better results to MCSST for these cases.

SPARTA was not able to provide an estimation for a majority of profiles, especially from the synthetic test set and
from the Ameca fault. This can be explained by the fact that SPARTA is not designed for multiscarp profiles. It can
also be explained by the calibration. Indeed, on the Ameca F. site, manual calibration would have to be performed
separately for each fault segment, as the profiles cross several geomorphologies (long term, alluvial fans of different
ages, etc.). In addition, a generic calibration is impossible on our synthetics, as we randomly parameterize the pro-
files (slopes, diffusion, dip, etc.). However, on the Bilila-Mtakataka Fault zone, its performance is higher, probably
because the code has been designed, tested and published on these data.

The synthetic database allows us to train ScarpLearn effectively, since in the real cases we obtain similar results

than MCSST. Among the profiles where the results differ (Fig. 11), we can identify different reasons:

« For cases with many trees, MCSST seems to be perturbed to find the scarp height. This is probably because
trees perturb the fit of the hanging wall and footwall, MCSST thus yields large uncertainties (e.g. profile 8 in
Fig. 11-B)

+ For cases with cumulative long-term scarps (scarp height > 50 m) (e.g. profile 59 in Fig. 11-A or profile 118 in
Fig. 11-B), there is often a slope’s change in the scarp that is likely due to climatic changes over time (see profile
118). This seems to pose a problem for ScarpLearn, since it has only learned cases with constant diffusion.
Moreover, for semi-manual methods (MCSST), it is difficult to know which scarp to take into account (change
in slope). Here, we have taken the whole scarp (with the two slopes), which explains why MCSST gives higher
scarp heights.
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« For particular cases, such as flat-bottomed rivers close to the foot of the scarp, they were not included in
ScarpLearn (we have only used hyperbola-shaped valleys). This prevents ScarpLearn from differentiating be-
tween a flat river-bottom surface and the slope of the hanging wall (see profile 76 in Fig. 11-A and profile 34 in
Fig. 11-B).

+ Cases where fault mapping is poorly done, such as profile 168 in Fig. 11-B, where the scarp is far from the center

of the profile. In this case, ScarpLearn estimates the scarp height at the wrong location.

Multiscarp cases, as with synthetic data, this configuration makes the fit in MCSST of hanging wall and footwall

slopes more complicated (shorter zones) (profile 20 in Fig. 11-A)

+ Cases where erosion is not only due to diffusion, e.g. profile 115 in Fig. 11-A affected by a landslide; which here

causes high uncertainty in MCSST but which for other cases could also disrupt ScarpLearn.

MCSST and ScarpLearn methods are more consistent for Ameca F. study than Bilila-Mtakataka F. study. We ex-

plain this because:

« the fault is better mapped in the case of Ameca, in fact in Malawi we used a simplified mapping from a study

of a regional scale, whereas in Ameca the mapping was obtained from a local paleoseismological study.

« the presence of trees in Malawi disturbs MCSST, which has difficulties in fitting slopes, while ScarpLearn can

probably better filter out high-frequency noise.

Using Scarplearn, for the first time we can calculate the scarp height continuously over the whole fault in just
a few seconds, giving us much more information about the fault. ScarpLearn presents thus as a robust alternative;
however, it is important to ensure its usage under appropriate conditions. To ascertain these conditions, meticulous
expert mapping is required. This mapping should encompass fault traces, flat river areas, landslide contours, and
other potential scenarios to verify under which conditions ScarpLearn can be used. In fact this was also true for any
previous methodology (MCSST, SPARTA, etc.) In the future, it will be interesting to complete the learning database,
either with real cases, or with more complex processes that will enable ScarpLearn to be effective on more various

scenarios.

6 Conclusion

We have developed a machine learning model called ScarpLearn capable of estimating the scarp height of normal
faults as well as estimating its uncertainty based on 1-dimensional topographic profiles (extracted from Digital Ele-
vation Models). Training with synthetic data has enabled us to obtain a efficient CNN model that can be applied to
a variety of real datasets (here on case study DEMs of 5m resolution in Mexico and Malawi). In our tests with syn-
thetic data, ScarpLearn gives similar results than existing semi-manual methodology (MCSST). On the other hand,
ScarpLearn is two order of magnitudes faster and achieves smaller uncertainties. The same applies to real data:
ScarpLearn is comparable to semi-manual method and only disagrees on less that 10% of the cases. Although the
distribution of residuals is centered around zero, there are complicated cases where the ScarpLearn differs from the
MCSST. It’s reflecting the fact that ScarpLearn has been trained by synthetic data that does not take into account some
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s complex flied configurations: long term cumulative scarp (with diffusion rates variations, flat rivers, etc). Although
s ScarpLearn is automatic, it is still necessary to have an expert overview on the fault mapping, the geomorphological
xw  mapping and on the local climatic and topographic context in order to verify if ScarpLearn can be applied or not,
w depending on the fault scarp training model. Nonetheless, once these conditions are fulfilled, ScarpLearn allows to:
ws 1) gain a considerable expert time (few minutes instead of multiple hours), 2) obtain reproducible results not user-
s dependant, and 3) obtain high resolution estimations with realistic uncertainties. This provides therefore a reliable

s method to perform fault scarp analysis, to be developed for strike skip or reverse faults as well.

« 1 Figures
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Figure1 Example of a normal fault scarp in Italy in the Apennines which shows the co-seismic rupture of the 30" October
2016 Norcia earthquake at the base of the cumulative scarp created by previous ruptures (modified from Pousse-Beltran
et al. (2022)). A) Photo view without interpretation B) with interpretation C) AA’ topographic profile across the DEM (Digital
Elevation Model) showing footwall and hanging wall (real data).

Figure 2 Sketch showing the scarp height’s definition used in this manuscript. Here the scarp height is measured at the
center of the width of the scarp.
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Figure3 Synthetic normal fault scarp produced by our simulator SimScarp to train the CNN ScarpLearn. Step 4 is repeated
as many times as required in order the follow the input parameters (here the total number of earthquakes). The total cumu-

lative scarp height (in meters) is used as the ground truth label by ScarpLearn.
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Figure 4 Schematic representation of the pipeline for scarp height characterization: ScarpLearn (1D convolutional neu-
ral networks). Between input layer and output layer, there are 3-convolutional layers fully connected layers including an
Bayesian inference. The input is a topographic profile across the fault trace. The output of the ScarpLearn is the value of the

scarp height with an uncertainties (at 10).
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Figure 5 Loss (a) and accuracy (b) function through the epochs for the training and the validation. (c) Confidence Inter-
val range prediction. Those plots show if labels (synthetic ground truths for the validation) fall in the predicted confidence

interval for each epochs.
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Figure 6 Labels (true values) from synthetics dataset versus predictions (ScarpLearn in a, MCSST in b and SPARTA in c) for
two set of synthetics datasets. The left plot corresponds to the simple setting and the right plot corresponds to the complex
setting. In both setting, we have the possibility of creating profiles with 1, 2 or 3 faults. In a) and b), uncertainty bars show 1o.
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Figure 7 A) Map view of the Ameca fault system in Mexico. Insets show the localization of the studied site. In red, the fault
mapped in Nifiez Meneses et al. (2021). Black profiles are topographic profiles used for the comparison. Red profiles are
plotted in plot B. Blue profiles are plotted in Fig. 11. B) Four examples of profiles analyzed. Here the vertical axis values are
shifted to provide a better visualization of the profiles.
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Figure 8 A) Scarp height results obtained for Ameca Fault, using Sparta (orange), ScarpLearn (black) ans MCSST (green).
Uncertainty bars represent 1. B) Zoom in the pink area from the plot A. C) Zoom in the blue area from the plot A. D) Ab-
solute difference between MCSST and ScarpLearn (in green) and between Sparta and ScarpLearn (in orange). E) T-student
test between MCSST and ScarpLearn. Values below 1 mean that the distributions are in agreement, values above 1 and be-
low 3 mean that distributions are in tension, values above 3 mean that distribution are in disagreement. F) Histogram of the
difference between MCSST and ScarpLearn. G) Cumulative histogram of the absolute difference MCSST and ScarpLearn.
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Figure 9 A) Map view of the Bilila-Mtakataka Fault. Insets show the localization of the studied site. In red fault mapped in
(Hodge et al., 2019a). Black are topographic profiles used for the comparison. Red profiles are the ones plotted in the plot B

(see below). Blue profiles are plotted in Fig. 11. B) Four examples of profiles analyzed. Here the vertical axis values are shifted
to provide a better visualization of the profiles.
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Figure 10 Bilila-Mtakataka Fault results. See legend in Fig. 8.
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Figure 11 Profiles whose scarp heights are not in agreement between MCSST and ScarpLearn. See profiles localization in
Figs. 7 and 9. Profiles 59 and 118 are those that pass through long-term scarps (> 50m), here several interpretations can
be made: red for the scarp, grey for the footwall surface and blue for the slope that can be either consider as a scarp that
undergone more erosion or either as a footwall. Here the vertical axis values are shifted to provide a better visualization of
the profiles.
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Table1l Overview of published approaches that focus on onshore normal fault scarp.

ScarplLearn

References Approach Fault Detection Scarp height esti- Uncertainties
mation method
Classic manual Manual No Empirical Minimum and
estimation Maximum
Wolfe et al. Semi-Manual No Least-square Monte Carlo
(2020): MCSST
Hodge et al. Semi-Automatic No Least-square No
(20192): SPARTA
Sare et al. (2019)  Automatic Yes Template match- No
ing but it is not
the focus
Scott et al. (2022) Semi-Automatic  Yes Least-square and Percentile
grid search
This study: Automatic No Convolution Bayesian Infer-
ScarpLearn Neural Network  ence
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Table2 Parameters chosen from statistical distributions to create topographic profiles in SimScarp.
Parameters Distribution = Minimum Maximum Mean S"tar}dard De-
viation
Regional Hanging Uniform -5° 10° / /
wall slope 5,
slopes Footwall
Uniform -5° 10° / /
slope 85
Number of
Secondary secondary Uniform 2 2 / /
fault
faults -
Dip sec-
ondary fault Uniform 25° 80° / /
)
0,
Secondary Sh/o away (l)f
fault loca- Uniform Borders pro-  the ~middle / /
. file of the profile
tion
length
Dip main . o o
fault 5 Uniform 25 80 / /
0,
Main fault oo ) Middle of % ﬁ12f the
Main fault location the profile p
length
Throw  per Uniform 0.1 m 5m / /
event
Total cumu- .
lative throw Uniform 1m 50 m / /
Diffusion Uniform 0.1m 10 m / /
Slip rate Uniform 0.05 mm/y 20 mm/y / /
Minimum
number of Uniform 1 1 / /
events
Ga.uss1an Gaussian / / 0 (0.1-1)
noise
Parabolas A Uniform 0 1 / /
. number
Perturbations Parabolas A
width Uniform 0.1 150 / /
Parabolas A .
height Uniform -10 10 / /
Trees num- .
ber Uniform 0 10 / /
Trees width  Uniform 0.1 10 / /
Trees height Uniform 1 15 / /
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Table 3 Main results to compare ScarpLearn, MCSST, SPARTA using synthetics datasets. RMSE is the Root Mean Squared
Error. NLL is the Negative Log Likelihood, lower NLL is, the better the model fits the data in case of comparing predictions
with uncertainties to a truth value. Relative uncertainties are expressed as mean + std using 1o. PICP is the Prediction Interval
Coverage Probability, a 100% means that all truth values fall in the prediction interval. * SPARTA does not give results in all

cases.

Sets Metrics ScarpLearn  ScarpLearn = MCSST SPARTA* SPARTA*
Number —of ,,, (on 50) 50 52 0over100 (29 over 50)
profiles
Time to pro- ;. 3-4 hours <1hour

. cess

Simple Mean .

Dataset can SCATP - 533 m 24.6 m 24.0 m 32.3m 32.5m
height
Mean  Ab-
solute error 39m (4.8 m) 3.1m 8.5m (9.0 m)
(MAE)
RMSE 6.3m (8.1m) 6.9 m 147 m (15.2 m)
PICP at 1o, 48%, 73%, 40%, 66%, 92%, 96%, _
20, 30 86% 80% 96%
Mean and
stdofuncer  » ) 11m  24+11m  107+94m -
tainties (at
1o)
NLL 8.1 13.0 34 -
Relative un- 5 )94 12 + 8% 119+178% -
certainties
Number —of ,,, (50) on 50 21over 100 (12 over 50)
profiles
Time to pro- <1 min 3-4 hours <1hour
cess

Complex Mean scar

Dataset . P o3s5m 22.7m 19.8m 30.5m 340 m
height
Mean  Ab-
solute error 5.7 m (6.0 m) 59m 10.6 m (13.6 m)
(MAE)
RMSE 7.6 m (8.1m) 94 m 18.1m (22.5m)
PICP at 1o, 50%, 77%, 46%, 72%, 94%, 100%, _
20, 30 87% 86% 100%
Mean and
stdofuncer 5 57m  50+25m  228+188m -
tainties (at
1o)
NLL 5.2 4.8 3.7 -
Relative un- o7 | 5y00 2511706 2074383% -
certainties
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Table4 Main resultsto compare ScarpLearn, MCSST, SPARTA using real fault datasets that corresponds to sampled profiles

(see Figs. 7 and 9). See above Tab. 3 caption for metrics’s definitions.

] Sets Metrics ScarpLearn ScarpLearn MCSST SPARTA* |
Number of profiles 117 (all) 98 (where MCSST is) 98 17
Time to process <1 min <1 min 6-8 hours <1hour
Ameca Fault Mean 8.6 m 8.7 m 8.7m 6.8 m
Dataset Median 7.5m 7.6 m 59m 71m
Mean of uncertainties (at 1) 3.0m 29m 3.6m -
Absolute difference with respect i i 20 118m 23+18m
to ScarpLearn (mean and std)
Number of profiles 161 (all) 161 (where MCSST is) 161 89
Bilila- Time to process <1 min <1 min 6-8 hours <1hour
Mean - 21.8 m 224 m 22.6m
Mtakataka Modi o1 o1 517
Fault Dataset edian - m .6m .0m .7 m
Mean of uncertainties (at 1) m 3.0m 6.5m -
Absolute difference with respect i i 62456m 57457m

to ScarpLearn (mean and std)
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9 Appendix

A SimScarp workflow

At the beginning, SimScarp chooses a random slip rate between realistic uniform distribution (I/(0, Xyrs)), and a
realistic cumulative throw (U (0, Xyrs)). Then the code estimates the number of events. SimScarp estimates the
throw (u;) for each event (i), according on the slip rate, the cumulative throw and the minimum and maximum throw
per event defined. According to the slip rate, the number of event, the cumulative throw, SimScarp assigns periods
between each events. To create the profile, SimScarp requires two slopes, one for the hanging wall (8,) and one for the
footwall (8), sampled from an uniform distribution (U(Bmin; Bmas))- The simulator SimScarp breaks a secondaries
faultbranch, with a dip (§) randomly set (uniform distribution, U (6,in, dmin))- Then, between each rupture a diffusive
erosion is applied during the period between events. The simulator SimScarp breaks the main fault branch, with a
dip (6sf) randomly set (uniform distribution, U (8 finin, S fmin))- The rupture location (X) is then randomly set to
+ 5 % from the profile center (Gaussian distribution; N (mean profile,5%of the profile length)). At each rupture
a fault scarp is created at the bottom of the scarp, rejuvenating the scarp, with a throw per event. Then, between
each rupture a diffusive erosion is applied during the period between events. The total scarp height (S}) is calculated
by adding every scarp height (S);) created at each event (i). Here we measure the scarp height at the middle of the

scarp, following this equation:
tan B¢ + tan By

ni =i 2 x tan d;

) (2)

Once the ruptures are produced, SimScarp adds non-tectonic perturbations at random locations along the profile
in order to create a realistic morphology using random parabolas or steps functions such as in Hodge et al. (2019a).
Those parabola attempt to represent narrow drainage, wide rivers, hills, steps functions attempts to represent trees.
The number of parabolas or steps functions, theirs locations, heights and widths are chosen randomly in a uniform
distribution (Table 2). Finally SimScarp adds a Gaussian noise accounting for an arbitrary perturbation affecting all

the topographic profile.

B Appendix figures
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Hanging wall
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Scarp Height 3 max

Scarp Height 3 min

ScarplLearn

Figure 12 Different methods of measuring scarp height (or surface vertical offset is the fault trace is not verified). A) Some
studies focus the measurement on the middle of the scarp. B) Some other focus the on the location where the scarp has a
maximum slope. C) Some others projects the hanging wall (or the footwall) on the inflexion between the footwall (or hanging

wall, respectively) and the scarp to bracket the scarp height.
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Figure 13 Distribution of SimScarp parameters obtained when generating synthetic datasets to train ScarpLearn.
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Figure 14 Synthetic setting with only one fault. Labels (true values) versus predictions (ScarpLearn in a, MCSST in b and
SPARTA in c) for two set of synthetics datasets. The left plot corresponds to the simple setting and the right plot corresponds
to the complex setting. In a) and b), uncertainty bars show 1o.
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Figure 15 Synthetic setting with only two faults. Labels (true values) versus predictions ScarpLearn predictions for two set

of synthetics datasets. See legend in Fig. 14 for more details.
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Figure 16 Synthetic setting with only three faults. Labels (true values) versus predictions ScarpLearn predictions for two

set of synthetics datasets. See legend in Fig. 14 for more details.
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Figure 17 Ameca Fault. A: Absolute difference between MCSST and ScarpLearn (in green) and between Sparta ans
ScarpLearn (in orange) according to the scarp height. B: T-student tests difference between MCSST and ScarpLearn distri-
butions according to the scarp height. C: Standard deviation of ScarpLearn (in black) and of MCSST (in green) according to
the scarp height. D: Distribution of ScarpLearn standard deviation (in black) and of MCSST standard deviation (in green). E:
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Figure18 Ameca Faultresults. A,B,C: Scarp Height estimations with MCSST versus estimations with ScarpLearn (A: with un-
certainties at 10, B: without uncertainties, C zoom below 25m). D-E: Scarp Height estimations with Sparta versus estimations

with ScarpLearn (plot D) or with MCSST (plot E).
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Figure 19 Bilila-Mtakataka Fault results. See legend in Fig. 17.
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Figure 20 Bilila-Mtakataka Fault results. See legend in Fig. 18.
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Table5 Parameters chosen from statistical distributions to create topographic profiles in SimScarp for simple dataset.

Parameters Distribution Minimum Maximum  Mean S'.tar}dard De-
viation
. Hanging wall slope . o o
Regional Uniform -5 10 / /
slopes Bn -
Footwall slope ¢ Uniform -5° 10° / /
Number of sec- .
Secondary ondary fault Uniform 1 3 / /
faults (]5)1p secondary fault Uniform 95 80° / /
5% away of
Secondary fault lo- . Borders pro- the middle
cation Uniform file of the pro- / /
file length
Dip main fault ¢ Uniform 25° 80° / /
. . . Middle of 5% of the
Main fault location  Gaussian / / the profile  profile length
Main fault Throw per event Uniform 0.1m 5m / /
Total cumulative Uniform 1m 50m / /
throw
Diffusion Uniform 0.1m 10 m / /
Slip rate Uniform 0.05 mm/y 20 mm/y /
Maximum number Uniform 1 i / /
of events
Gaussian noise Gaussian / / 0 (0.1-1)
Parabolas Anumber Uniform 0 1 / /
Parabolas A width Uniform 0.1 150 / /
Perturbations ~ Parabolas A height ~ Uniform -10 10 / /
Trees number Uniform 0 10 / /
Trees width Uniform 0.1 10 / /
Trees height Uniform 1 15 / /

419
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Table 6 Parameters chosen from statistical distributions to create topographic profiles in SimScarp for complex dataset.

Parameters Distribution Minimum Maximum  Mean SFagdard De-
viation
. Hanging wall slope . o o
Regional Uniform -10 25 / /
slopes Bn -
Footwall slope 3 Uniform -10° 25° / /
Number of sec- .
Secondary ondary fault Uniform 1 3 / /
faults (15)1p secondary fault Uniform 95 30° / /
5% away of
Secondary fault lo- . Borders pro- the middle
cation Uniform file of the pro- / /
file length
Dip main fault § Uniform 25° 80° / /
. . . Middle of 5% of the
Main fault location  Gaussian / / the profile  profile length
Main fault Throw per event Uniform 0.1 m 5m / /
Total cumulative Uniform lm 50 m / /
throw
Diffusion Uniform 0.1m 10 m / /
Slip rate Uniform 0.05 mm/y 20 mm/y /
Maximum number Uniform 1 i / /
of events
Gaussian noise Gaussian / / 0 (0.1-1)
Parabolas Anumber Uniform 0 3 / /
Parabolas A width Uniform 0.1 150 / /
Perturbations ~Parabolas A height ~ Uniform -10 10 / /
Trees number Uniform 0 50 / /
Trees width Uniform 0.1 10 / /
Trees height Uniform 1 15 / /

Table 7 Main metrics to compare ScarpLearn using synthetics datasets. RMS is the Root Mean Square, MSE is the Mean
Square Error, NLL is the Negative Log Likelihood. Lower NLL is, the better the model fits the data in case of comparing predic-
tions with uncertainties to a truth value. Relative uncertainties are expressed as mean = std using 1o. PICP is the Prediction
Interval Coverage Probability, a PICP of 100% means that all truth values fall in the prediction interval. The parameters for
SimScarp to create the simple and the complex datasets are in Tabs. 5 and 6.

Sets Metrics ScarpLearn ScarpLearn ScarpLearn
1fault dataset 2 faults dataset 3 faults dataset
Number of profiles 100 100 100
Time to process <1 min <1 min <1 min
Mean scarp height 193 m 23.0m 237 m
Simple Dataset Mean Absolute error 2.3m 3.6m 44m
RMSE 3.6m 54m 6.4m
PICP at 1o, 20, 30 69%, 89%, 95%  44%, 71%, 81%  40%, 57%, 71%
Mean and std of uncertainties (at 1o) 2.54+0.8 23411 23411
NLL 3.1 6.2 7.0
Relative uncertainties 18 +14 14+15% 14 + 23
Number of profiles 100 100 100
Time to process <1 min <1 min <1 min
Mean scarp height 231m 28.0 m 251 m
Complex Dataset Mean Absolute error 6.2m 57 m 7.6 m
RMSE 8.6 m 7.8 m 10.2m
PICP at 10, 20, 30 61%, 89%, 93%  37%, 63%, 74%  43%, 70%, 83%
Mean and std of uncertainties (at 1o) 6.1+2.6 3.3+16m 51+2.2
NLL 3.8 6.2 6.4
Relative uncertainties 33+24 14+16 28 £+ 23
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Table8 Main metrics to compare ScarpLearn, MCSST and SPARTA using synthetics datasets only having 1 fault. See legend

of the Table 7 for metrics definitions.

ScarplLearn

Sets Metrics ScarpLearn MCSST SPARTA* ScarpLearn_1F
train for 1 fault
1 fault Dataset 1 fault Dataset 1 fault Dataset 1 fault Dataset

Number of pro- only on 25 25 13 (over 25) only on 25
files
Time to process <l min 1-2 hours <1 hour <1 min

Simpl Mean scarp 18.3m 20.5m 227 m 19.7 m

imple 5

Dataset height
Mean Absolute 3.3m 1.0m 6.4 m 1.3m
error
RMS 4.8 m 1l4m 8.6m 1.8 m
PICP at 1o, 20, 52%, 76%, 88%  96%, 100%, 929, 96%, 96%
30 100%
Mean and std 2.54+09m 424+50m - 3.2+11m
of uncertainties
(at 10)
NLL 54 2.0 - 2.5
Relative uncer- 19+13% 324 £142 % - 28 +26 %
tainties
Number of pro- only 25 25 (10 on 25) 25
files
Time to process <l min 1-2 hours <1 hour <1 min

C 1 Mean scarp 21.7m 18.3m 18.2m 19.3 m

omplex 5

Dataset height
Mean Absolute 79 m 7.2m 154 m 6.1m
error
RMS 11.2m 10.0 m 21.1m 7.5m

PICP at 1o, 20,
3o

60%, 72%, 88%

76%, 92%, 100%

80%, 80%, 96%

Mean and std 574+2.0m 155+ 14 m - 714+21m
of uncertainties

(at 10)

NLL 5.0 3.7 - 3.5
Relative uncer- 36 +38 % 930 4 3517 % - 58 +176 %

tainties

41


https://seismica.org/

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

445

446

447

448

449

450

451

452

453

454

455

456

This is a non-peer reviewed Research Article submitted to SEISMICA ScarplLearn

Acknowledgements

This research was partially supported by MIAI@Grenoble Alpes (ANR-19-P3IA-0003). This research was also partially
supported by ISTerre (BQR intern call). Thanks to GRICAD infrastructure (gricad.univ-grenoble- alpes.fr), which is
supported by the Grenoble research communities, for the computations. ISTerre is part of Labex OSUG@2020 (ANR10
LABX56). We thanks the CNES R&T Call 2022 "Hybridation des donnees" N° 34500075632 and the call PNTS program
of INSU CNRS to award Léa Pousse. We also acknowledge the PAPIIT grant IN108220 and 1G101823 awarded to Pierre
Lacan. Partial support was received from the France-Mexico collaborative project SEP-CONACYT-ANUIES-ECOS N°
321193 and the IGCP-669 Ollin Project of UNESCO-IUGS. We thank the CNES for providing high-resolution optical
images. Access to topographic data was granted through the DINAMIS program (https://dinamis.teledetection.fr/).
This work is based on data services provided by the OpenTopography Facility with support from the National Science
Foundation under NSF Award Numbers 1948997, 1948994 & 1948857. The data corresponds to the point cloud for the
Bilila-Mtakataka Fault and Mua Segment from Hodge et al. (2019a,b) (see https://portal.opentopography.org/dataspace/

dataset?opentopolD=0TDS.062019.32736.2)

Data and code availability

The codes developed and data sets used in this manuscript will be available online. To be published with paper
acceptation. The data corresponding to the point cloud for the Bilila-Mtakataka Fault and Mua Segment comes from

Hodge et al. (2019a,b) see https://portal.opentopography.org/dataspace/dataset?opentopolD=0TDS.062019.32736.2

Competing interests

The author declares that there is no conflict of interest.

References

Arrowsmith, J. R., Rhodes, D. D., and Pollard, D. D. Morphologic Dating of Scarps Formed by Repeated Slip Events along the San Andreas
Fault, Carrizo Plain, California. Journal of Geophysical Research: Solid Earth, 103(B5):10141-10160, 1998. doi: 10.1029/98JB00505.

Avouac, J.-P. and Peltzer, G.  Active Tectonics in Southern Xinjiang, China: Analysis of Terrace Riser and Normal Fault Scarp
Degradation along the Hotan-Qira Fault System. Journal of Geophysical Research: Solid Earth, 98(B12):21773-21807, Dec. 1993.
doi: 10.1029/93JB02172.

Bello, S., Scott, C. P, Ferrarini, F., Brozzetti, F., Scott, T., Cirillo, D., de Nardis, R., Arrowsmith, J. R., and Lavecchia, G. High-Resolution
Surface Faulting from the 1983 Idaho Lost River Fault Mw 6.9 Earthquake and Previous Events. Scientific Data, 8(1):68, Feb. 2021.
doi: 10.1038/s41597-021-00838-6.

Blundell, C., Cornebise, J., Kavukcuoglu, K., and Wierstra, D. Weight Uncertainty in Neural Network. In International Conference on Machine
Learning, pages 1613-1622. PMLR, 2015.

Chen, Z., Scott, C., Keating, D., Clarke, A., Das, J., and Arrowsmith, R. Quantifying and Analysing Rock Trait Distributions of Rocky Fault
Scarps Using Deep Learning. Earth Surface Processes and Landforms, 48(6):1234-1250, 2023. doi: 10.1002/esp.5545.

Crone, A. J. and Haller, K. M. Segmentation and the Coseismic Behavior of Basin and Range Normal Faults: Examples from East-Central
Idaho and Southwestern Montana, U.S.A. Journal of Structural Geology, 13(2):151-164, Jan. 1991. doi: 10.1016/0191-8141(91)90063-0.

42


https://seismica.org/
https://portal.opentopography.org/dataspace/dataset?opentopoID=OTDS.062019.32736.2
https://portal.opentopography.org/dataspace/dataset?opentopoID=OTDS.062019.32736.2
https://portal.opentopography.org/dataspace/dataset?opentopoID=OTDS.062019.32736.2
https://portal.opentopography.org/dataspace/dataset?opentopoID=OTDS.062019.32736.2
http://doi.org/10.1029/98JB00505
http://doi.org/10.1029/93JB02172
http://doi.org/10.1038/s41597-021-00838-6
http://doi.org/10.1002/esp.5545
http://doi.org/10.1016/0191-8141(91)90063-O

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

This is a non-peer reviewed Research Article submitted to SEISMICA ScarplLearn

Esposito, P. BLiTZ - Bayesian Layers in Torch Zoo (a Bayesian Deep Learing Library for Torch), 2020.

Gray, H., DuRoss, C., Nicovich, S., and Gold, R. A Geomorphic-Process-Based Cellular Automata Model of Colluvial Wedge Morphology and

Stratigraphy. Earth Surface Dynamics Discussions, pages 1-34, Oct. 2021. doi: 10.5194/esurf-2021-70.

Hodge, M., Fagereng, A., Biggs, J., and Mdala, H. Controls on Early-Rift Geometry: New Perspectives From the Bilila-Mtakataka Fault, Malawi.

Geophysical Research Letters, 45(9):3896-3905, 2018. doi: 10.1029/2018GL077343.

Hodge, M., Biggs, J., Fagereng, A., Elliott, A., Mdala, H., and Mphepo, F. A Semi-Automated Algorithm to Quantify Scarp Morphology

(SPARTA): Application to Normal Faults in Southern Malawi. Solid Earth, 10(1):27-57, Jan. 2019a. doi: 10.5194/se-10-27-2019.

Hodge, M., Biggs, J., Fagereng, A., and Wedmore, L. Bilila-Mtakataka Fault - Mua Segment. Distributed by OpenTopography, 2019b.

doi: 10.5069/G92R3PSV.

Hodge, M., Biggs, J., Fagereng, A., Mdala, H., Wedmore, L. N. J., and Williams, J. N. Evidence From High-Resolution Topography for
Multiple Earthquakes on High Slip-to-Length Fault Scarps: The Bilila-Mtakataka Fault, Malawi. Tectonics, 39(2):€2019TC005933, 2020.

doi: 10.1029/2019TC005933.

Holtmann, R., Cattin, R., Simoes, M., and Steer, P. Revealing the Hidden Signature of Fault Slip History in the Morphology of Degrading

Scarps. Scientific Reports, 13(1):3856, Mar. 2023. doi: 10.1038/s41598-023-30772-z.

Jackson, J. and Blenkinsop, T. The Bilila-Mtakataka Fault in Malawi: An Active, 100-Km Long, Normal Fault Segment in Thick Seismogenic

Crust. Tectonics, 16(1):137-150, 1997. doi: 10.1029/96TC02494.

Johnson, K. L., Nissen, E., and Lajoie, L. Surface Rupture Morphology and Vertical Slip Distribution of the 1959 Mw 7.2 Hebgen
Lake (Montana) Earthquake From Airborne Lidar Topography. Journal of Geophysical Research: Solid Earth, 123(9):8229-8248, 2018.
doi: 10.1029/2017JB015039.

Kurtz, R., Klinger, Y., Ferry, M., and Ritz, J. F. Horizontal Surface-Slip Distribution through Several Seismic Cycles: The Eastern Bogd Fault,
Gobi-Altai, Mongolia. Tectonophysics, 734-735:167-182, June 2018. doi: 10.1016/j.tect0.2018.03.011.

Lacan, P,, Ortufio, M., Audin, L., Perea, H., Baize, S., Aguirre-Diaz, G., and Z{fiiga, F. R. Sedimentary Evidence of Historical and Prehistorical

Earthquakes along the Venta de Bravo Fault System, Acambay Graben (Central Mexico). Sedimentary Geology, 365:62-77, Mar. 2018.

doi: 10.1016/j.sedge0.2017.12.008.

Mattéo, L., Manighetti, I., Tarabalka, Y., Gaucel, J.-M., van den Ende, M., Mercier, A, Tasar, O., Girard, N., Leclerc, F., Giampetro, T., Dominguez,
S., and Malavieille, J. Automatic Fault Mapping in Remote Optical Images and Topographic Data With Deep Learning. Journal of Geo-

physical Research: Solid Earth, 126(4), Apr. 2021. doi: 10.1029/2020JB021269.
McCalpin, J. P. and Slemmons, D. B. Statistics of Paleoseismic Data. The Company, 1998.

Mitchell, S. G., Matmon, A., Bierman, P.R., Enzel, Y., Caffee, M., and Rizzo, D. Displacement History of a Limestone Normal Fault Scarp, North-

ern Israel, from Cosmogenic 36Cl. Journal of Geophysical Research: Solid Earth, 106(B3):4247-4264,2001. doi: 10.1029/2000JB900373.
Nash, D. B. Morphologic Dating of Degraded Normal Fault Scarps. The Journal of Geology, 88(3):353-360, May 1980. doi: 10.1086/628513.

NGfiez Meneses, A., Lacan, P., Z{fiiga, F. R., Audin, L., Ortufio, M., Rosas Elguera, J., Ledn-Loya, R., and Marquez, V. First Paleoseismological
Results in the Epicentral Area of the Sixteenth Century Ameca Earthquake, Jalisco - México. Journal of South American Earth Sciences,

107:103121, Apr. 2021. doi: 10.1016/j.jsames.2020.103121,

Nurminen, F., Baize, S., Boncio, P., Blumetti, A. M., Cinti, F. R., Civico, R., and Guerrieri, L. SURE 2.0 - New Release of the Worldwide Database

of Surface Ruptures for Fault Displacement Hazard Analyses. Scientific Data, 9(1):729, Nov. 2022. doi: 10.1038/s41597-022-01835-z.

Pousse-Beltran, L., Benedetti, L., Fleury, J., Boncio, P., Guillou, V., Pace, B., Rizza, M., Puliti, I., and Socquet, A. 36C| Exposure Dating of

Glacial Features to Constrain the Slip Rate along the Mt. Vettore Fault (Central Apennines, Italy). Geomorphology, page 108302, May

43


https://seismica.org/
http://doi.org/10.5194/esurf-2021-70
http://doi.org/10.1029/2018GL077343
http://doi.org/10.5194/se-10-27-2019
http://doi.org/10.5069/G92R3PSV
http://doi.org/10.1029/2019TC005933
http://doi.org/10.1038/s41598-023-30772-z
http://doi.org/10.1029/96TC02494
http://doi.org/10.1029/2017JB015039
http://doi.org/10.1016/j.tecto.2018.03.011
http://doi.org/10.1016/j.sedgeo.2017.12.008
http://doi.org/10.1029/2020JB021269
http://doi.org/10.1029/2000JB900373
http://doi.org/10.1086/628513
http://doi.org/10.1016/j.jsames.2020.103121
http://doi.org/10.1038/s41597-022-01835-z

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

This is a non-peer reviewed Research Article submitted to SEISMICA ScarplLearn

2022. doi: 10.1016/j.geomorph.2022.108302.

Ren, C. X., Hulbert, C., Johnson, P. A., and Rouet-Leduc, B. Chapter Two - Machine Learning and Fault Rupture: A Review. In Moseley,
B. and Krischer, L., editors, Advances in Geophysics, volume 61 of Machine Learning in Geosciences, pages 57-107. Elsevier, Jan. 2020.

doi: 10.1016/bs.agph.2020.08.003.

Salomon, G. W., New, T., Muir, R. A., Whitehead, B., Scheiber-Enslin, S., Smit, J., Stevens, V., Kahle, B., Kahle, R., Eckardt, F. D., and Alas-
tair Sloan, R. Geomorphological and Geophysical Analyses of the Hebron Fault, SW Namibia: Implications for Stable Continental Region

Seismic Hazard. Geophysical Journal International, 229(1):235-254, Dec. 2021. doi: 10.1093/gji/ggab466.

Sare, R., Hilley, G. E., and DeLong, S. B. Regional-Scale Detection of Fault Scarps and Other Tectonic Landforms: Examples From Northern

California. Journal of Geophysical Research: Solid Earth, 124(1):1016-1035, 2019. doi: 10.1029/2018JB016886.

Schlagenhauf, A., Manighetti, ., Malavieille, J., and Dominguez, S. Incremental Growth of Normal Faults: Insights from a Laser-Equipped

Analog Experiment. Earth and Planetary Science Letters, 273(3-4):299-311, Sept. 2008. doi: 10.1016/j.epsl.2008.06.042.

Scott, C., Bello, S., and Ferrarini, F. Matlab Algorithm for Systematic Vertical Separation Measurements of Tectonic Fault Scarps, Nov. 2020.

doi: 10.5281/zen0do.4247586.

Scott, C. P., Giampietro, T., Brigham, C., Leclerc, F., Manighetti, |., Arrowsmith, J. R., Lad-Davila, D. A., and Mattéo, L. Semiautomatic Algo-
rithm to Map Tectonic Faults and Measure Scarp Height from Topography Applied to the Volcanic Tablelands and the Hurricane Fault,

Western US. Lithosphere, 2021(Special 2):9031662, Feb. 2022. doi: 10.2113/2021/9031662.

Shridhar, K., Laumann, F., and Liwicki, M. A Comprehensive Guide to Bayesian Convolutional Neural Network with Variational Inference.

arXiv:1901.02731 [cs, stat], Jan. 2019a.

Shridhar, K., Laumann, F., and Liwicki, M. Uncertainty Estimations by Softplus Normalization in Bayesian Convolutional Neural Networks
with Variational Inference. arXiv:1806.05978 [cs, stat], May 2019b.

Smith, T. R. and Bretherton, F. P. Stability and the Conservation of Mass in Drainage Basin Evolution. Water Resources Research, 8(6):

1506-1529, 1972. doi: 10.1029/WR008i006p01506.

Stewart, N., Gaudemer, Y., Manighetti, I., Serreau, L., Vincendeau, A., Dominguez, S., Mattéo, L., and Malavieille, J. “3D_Fault_Offsets,” a
Matlab Code to Automatically Measure Lateral and Vertical Fault Offsets in Topographic Data: Application to San Andreas, Owens Valley,

and Hope Faults. Journal of Geophysical Research: Solid Earth, 123(1):815-835, 2018. doi: 10.1002/2017JB014863.

Tucker, G. E., Hobley, D. E. J., McCoy, S. W., and Struble, W. T. Modeling the Shape and Evolution of Normal-Fault Facets. Journal of
Geophysical Research: Earth Surface, 125(3):2019JF005305, 2020. doi: 10.1029/2019JF005305.

Vega-Ramirez, L. A., Spelz, R. M., Negrete-Aranda, R., Neumann, F., Caress, D. W., Clague, D. A., Paduan, J. B., Contreras, J., and Pefia-
Dominguez, J. G. A New Method for Fault-Scarp Detection Using Linear Discriminant Analysis in High-Resolution Bathymetry Data From

the Alarcén Rise and Pescadero Basin. Tectonics, 40(12):€2021TC006925, 2021. doi: 10.1029/2021TC006925.

Wallace, R. E. Profiles and Ages of Young Fault Scarps, North-Central Nevada. GSA Bulletin, 88(9):1267-1281, Sept. 1977. doi: 10.1130/0016-

7606(1977)88<1267:PAAOYF>2.0.CO;2.

Wells, D. L. and Coppersmith, K. J. New Empirical Relationships among Magnitude, Rupture Length, Rupture Width, Rupture Area, and

Surface Displacement. Bulletin of the Seismological Society of America, 84(4):974-1002, Jan. 1994.

Wolfe, F. D., Stahl, T. A., Villamor, P., and Lukovic, B. Short Communication: A Semiautomated Method for Bulk Fault Slip Analysis from

Topographic Scarp Profiles. Earth Surface Dynamics, 8(1):211-219, Mar. 2020. doi: 10.5194/esurf-8-211-2020.

Zhang, P., Slemmons, D., and Mao, F. Geometric Pattern, Rupture Termination and Fault Segmentation of the Dixie Valley—Pleasant Valley

Active Normal Fault System, Nevada, U.S.A. Journal of Structural Geology, 13(2):165-176, Jan. 1991. doi: 10.1016/0191-8141(91)90064-P.

44


https://seismica.org/
http://doi.org/10.1016/j.geomorph.2022.108302
http://doi.org/10.1016/bs.agph.2020.08.003
http://doi.org/10.1093/gji/ggab466
http://doi.org/10.1029/2018JB016886
http://doi.org/10.1016/j.epsl.2008.06.042
http://doi.org/10.5281/zenodo.4247586
http://doi.org/10.2113/2021/9031662
http://doi.org/10.1029/WR008i006p01506
http://doi.org/10.1002/2017JB014863
http://doi.org/10.1029/2019JF005305
http://doi.org/10.1029/2021TC006925
http://doi.org/10.1130/0016-7606(1977)88<1267:PAAOYF>2.0.CO;2
http://doi.org/10.1130/0016-7606(1977)88<1267:PAAOYF>2.0.CO;2
http://doi.org/10.1130/0016-7606(1977)88<1267:PAAOYF>2.0.CO;2
http://doi.org/10.5194/esurf-8-211-2020
http://doi.org/10.1016/0191-8141(91)90064-P

	Introduction
	Scope
	Methodology
	Synthetics created with numerical model: SimScarp
	Convolutional neural networks: ScarpLearn
	Training using synthetics catalogs
	Application and comparison using synthetics and real study cases

	Results
	Validation and comparison using synthetics cases
	Validation of ScarpLearn using synthetics cases
	Evaluation of MCSST on synthetic cases
	Evaluation of SPARTA on synthetics cases
	Comparison of ScarpLearn, MCSST and SPARTA using synthetics cases

	Application and comparison using real study cases
	Case study 1: Ameca Fault, Mexico
	Case study 2: Bilila-Mtakataka Fault, Malawi


	Discussion
	Conclusion
	Figures
	Tables
	Appendix
	SimScarp workflow
	Appendix figures
	Appendix Tables

