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Abstract 45 

Wave-abrasion terraces are geomorphic marker horizons that provide information of past water levels, in marine and lacustrine 

environments. By integrating elevation measurements and age constraints, they serve as strain markers to assess vertical 

deformation rates associated with tectonic and/or climatic processes. As most geomorphic markers, wave-abrasion terraces are 

ephemeral features, and their topographic signature has variable levels of noise. Therefore, accurate and precise estimates of 

marine terrace morphology are essential to obtain significant uplift/subsidence rates. The open source TerraceM-3 enables 50 

operators to reduce non-systematic and systematic errors in terrace mapping by integrating machine learning techniques to 

replicate human mapping criteria, and standardized and reproducible workflows to handle systematic errors. In many regions, 

the availability of high-resolution topographic data remains relatively scarce limiting precision in geomorphic marker mapping. 

TerraceM-3 introduces a new module for downloading, filtering, and processing centimeter-resolution topographic data from 

the ICESat-2 satellite at global scale. The TerraceM-ICESat module produces vegetation-free profiles ready for assisted 55 

machine-learning mapping into a graphical user interface. Shallow bathymetry may be also extracted to extend the mapping 

of drowned terraces offshore. The new functionalities of TerraceM-3 were tested along tectonically active coasts in Peru and 

Algeria, revealing detailed deformation histories controlled by subducted seamounts and crustal faults. TerraceM-3 is designed 

to support research in tectonic geomorphology and paleoclimate studies by enhancing the precision and accuracy of wave-

abrasion terrace mapping with applications in the assessment of coastal hazards.  60 
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1. Introduction 

Coastal areas are highly vulnerable to natural hazards such as sea-level rise, earthquakes, and tsunamis. Understanding past 65 

changes in coastal environments, requires accurate measurements of surface deformation, which are fundamental for 

elucidating the governing mechanisms within the solid Earth. This is particularly relevant over millennial timescales, when 

the interplay between multiple geodynamic and climatic processes needs to be disentangled for proper interpretation. Precise 

measurements of vertical deformation at these time-scales are essential for distinguishing among various driving mechanisms 

and their temporal evolution, including tectonic forces from plate boundary interactions, glacial isostatic adjustment following 70 

ice-sheet retreat, mantle upwelling anomalies and magmatic inflation (e.g. Lambeck, 2001; Pan et al., 2021; Singer et al., 2018; 

Fialko and Pearse, 2012; Simms et al., 2016; Walker et al., 2016). Furthermore, quantifying rates associated with these 

processes at centennial to millennial scales is necessary to separate these long-term natural processes from land-level changes 

driven by modern anthropogenic activities such as groundwater withdrawal hydrocarbon extraction (e.g. Geertsma, 1973; 

Holzer and Johnson, 1985; Shirzaei et al., 2021). In coastal areas, the records of deformation at millennial scales can be 75 

preserved as fossil geomorphic features in the landscape, such as marine or fluvial terraces, fault scarps or offsets. Nevertheless, 

the ephemeral nature of such features makes the direct estimation of deformation rates from surface morphology a challenging 

task (e.g. Anderson et al., 1999). 

 

Wave-abrasion marine terraces have been largely used to estimate vertical deformation rates (Lajoie, 1986; Pedoja et al., 2011; 80 

Kaizuka et al., 1973). These geomorphic features were formed by wave abrasion during past sea-level positions, representing 

fossil markers of deformation that can extend by several kilometers along the coast. Marine terraces are often exposed forming 

sequences that record past sea-level variability at glacial cycle time-scales. These special characteristics make marine terraces 

valuable for estimating past sea-level positions and the spatial distribution of deformation (Burbank and Anderson, 2011; 

Anderson et al., 1999; Chappell, 1974; Roberts et al., 2013; Lajoie, 1986; Broecker et al., 1968; Armijo et al., 1996). As such, 85 

marine terraces and their equivalents in the lacustrine realm are first-order geomorphic strain markers that furnish primary 

observational constraints for understanding the rheological structure of the lithosphere, active deformation of plate boundaries 

and the mechanical behaviour of active fault systems (e.g. Henriquet et al., 2019; Simms et al., 2016; Armijo et al., 1996; Sato 

and Matsu'ura, 1992; Ghazleh and Kempe, 2009; Jara‐Muñoz et al., 2024; Ghazleh and Kempe, 2021). However, despite its 

extensive application, marine terraces mapping has traditionally been a qualitative process, often relying on subjective criteria, 90 

which has direct repercussions regarding the precision and accuracy of measurements based on these markers. In addition, 

topographic datasets used for marine terrace mapping can include errors related to data acquisition, topographic artifacts, 

vegetation, and poor spatial resolution. Such errors can lead to misinterpretations of the underlying deformation processes, 

particularly when attempting to identify low magnitude deformation rates of over hundreds of thousands to millions of years 

(e.g. Melnick, 2016; Regard et al., 2010).  95 
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1.1 Marine terrace mapping: methods and uncertainties 

While several studies have proposed methods to map marine terraces using high-resolution topography (Bowles and Cowgill, 

2012; Jara-Muñoz et al., 2019; Jara-Muñoz et al., 2016; Palamara et al., 2007), their accuracy can be significantly compromised 

by processes that destroy or alter the marine terrace morphology (Fig. 1A-H). For instance, river erosion (Fig. 1B) can 

effectively destroy the original marine terrace morphology by retreat of slopes adjacent to incising streams (Anderson et al., 100 

1999; Rosenbloom and Anderson, 1994). Diffusion of material from paleo-cliffs and landslides (Fig. 1C-D) can modify the 

cliff edge and the original slope of both the paleo-cliff and paleo-platform (Hanks et al., 1984; Stephenson, 2015; Griggs and 

Trenhaile, 1994). Marine terrace deposits, such as alluvial cover, coastal sediments, and active dunes (Fig. 1E) may cover the 

paleo-platform, potentially leading to overestimation of terrace elevation (Jara-Muñoz and Melnick, 2015).  

 105 

Rough coasts along rocky shorelines, formed under intense wave climate and high bedrock erodibility or affected by strong 

weathering or bioerosion, result in the formation of sea-stacks and stumps above the paleo-platform (Fig. 1F) (Trenhaile et al., 

1998). These topographic irregularities may hinder the assessment of the marine terrace morphology (Jara-Muñoz et al., 2016). 

Furthermore, differential bedrock erosion, particularly at lithological contacts between rocks of varying erodibility, or the 

effect of river erosion and non-marine processes, can result in the formation of “pseudo terraces” (Duff, 1993; Mitusio, 1989) 110 

inducing an erroneous evaluation of terrace levels (Fig. 1G). Additionally, anthropogenic modification of the landscape can 

significantly alter terrace morphology (Fig. 1H). For instance, marine terraces are frequently used for the construction of 

infrastructure, often involving slope reshaping and infilling of the paleo-platform, which complicates mapping of marine 

terrace elevations. Finally, the low-resolution of digital topography may compromise the assessment of terrace morphology 

(Fig. 1I) by smoothing out natural terrain slopes (Chang and Tsai, 1991). 115 

 

One of the main challenges when mapping marine terraces is the limited availability of high-resolution digital topography (0.5 

- 5 m/pixel), currently restricted to certain countries and isolated areas such as those accessible through the OpenTopography 

portal (Krishnan et al., 2011). Furthermore, the resolution and accuracy of the available medium-resolution digital topography 

(10 - 30 m/pixel) can significantly influence the accuracy of terrace mapping (Jara-Muñoz et al., 2016). Recently, satellite 120 

altimetry missions such as NASA’s ICESat-2 have provided globally available and highly accurate bare-earth elevation data 

(Abdalati et al., 2010; Markus et al., 2017; Jasinski et al., 2021). Unlike traditional gridded digital elevation models (DEMs), 

ICESat-2 uses photon-counting LiDAR to capture high-resolution elevation profiles, reducing artifacts and effectively filtering 

out vegetation (Neuenschwander and Pitts, 2019), see further details in Section 2.5.  

 125 
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Figure 1: Processes and environmental factors affecting the morphology of wave-abrasion marine terraces. A) Simplified anatomy 
of a marine terrace sequence. B-I) Examples of processes and factors that can alter or destroy the marine terrace topography 
compromising their identification and mapping.  
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1.2 The TerraceM project 130 

Since its first release, TerraceM has included methods to mitigate the effects of river erosion and cliff diffusion when mapping 

marine terrace elevations by using swath topographic profiles (Fig. 2A-D, Jara-Muñoz et al., (2019; 2016)). However, the 

influence of processes that destroy marine terrace morphology remains difficult to discriminate using solely digital topography, 

often requiring calibration through field observations and detailed geomorphic interpretations (e.g. Matsu'ura et al., 2014; 

Matsu'ura, 2015; Melnick et al., 2017; Bowles and Cowgill, 2012; Matsu'ura et al., 2019; Berryman, 1993). Consequently, 135 

terrace identification and mapping remain partly dependent on the operator’s criteria. The TerraceM mapping approach 

requires the operator to manually define two segments along a topographic profile (Jara-Muñoz et al., 2019; Jara-Muñoz et al., 

2016), a couplet comprising the paleo-platform and paleo-cliff of a wave-abrasion marine terrace (Fig. 2C). Linear regressions 

are then fitted to both segments and extrapolated (Fig. 2D); their intersection defines the shoreline-angle, which represents the 

marine terrace elevation (Fig. 2D) and the former water level during sea or lake level stands (Lajoie, 1986). The shoreline-140 

angle elevation error is derived from the confidence interval of the linear regressions.  

 

The shoreline-angle mapping procedure involves a degree of subjectivity, as the manual placement of paleo-cliff and paleo-

platform segments can vary depending on the experience and criteria of the operator. Based on data collected during 

experiments with different operators, Jara-Muñoz et al. (2016) showed that terrace mapping can be a repeatable process within 145 

a certain degree of confidence, although it still depends on subjective interpretation and operator experience (non-systematic 

errors). The advancement of artificial intelligence and machine learning methods combined with the increasing computational 

power of desktop computers has enabled the reproduction of complex, non-linear relationships involving a wide range of 

variables. These include operator-based decisions and the qualitative criteria inherent to human-machine interactions (e.g. 

Johannsen, 2009; Schleidgen et al., 2023). Applying machine learning to automate marine terrace mapping offers the potential 150 

to address the qualitative nature of traditional approaches and reduce non-systematic errors associated with human 

interpretation. However, these advances should be viewed with caution, as increased energy consumption and associated 

carbon costs may undermine their benefits. 

 

TerraceM is an open-source software written in MATLAB® and originally designed for measuring marine terraces 155 

systematically using swath profiles and estimating surface deformation rates (Jara-Muñoz et al., 2016). In the subsequent 

versions, TerraceM-2 incorporated numerical models to simulate marine terrace formation and to analyze deformation patterns 

produced by active faults and deep deformation sources (Jara-Muñoz et al., 2019). In the present release, TerraceM-3 

introduces a new automatic marine terrace mapping module powered by machine learning (ML) algorithms, along with an 

integrated interface for directly downloading, processing, and mapping marine terraces using high-resolution satellite altimetry 160 

data of the ICESat-2 mission (Fig. 3). TerraceM-3 also includes TerraceM PreMAP, a novel workflow to improve the accuracy 

of marine terrace mapping by systematizing the preparation of swath profiles (Fig. 3). We use these new approaches at Cerro 



7 
 

El Huevo (Peru), and Sahel Ridge (Algeria), obtaining accurate and precise deformation estimates that reveal detailed tectonic 

deformation histories and the influence of deep deformation sources and crustal faults. 

 165 

 
 
Figure 2: The classical TerraceM workflow (Jara-Muñoz et al., 2016) includes: a) manual mapping of inner edges in a GIS platform; 
b) placement of swath profiles perpendicular to inner edge and check profile locations c) manual mapping of paleo-cliff and paleo-
platform segments in the swath profile; and d) extrapolation of linear regressions from the topography segments. The intersection 170 
of these regressions defines the shoreline angle, which represents the marine terrace elevation. 
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2. New methodological approaches in TerraceM-3  

2.1 Systematic approaches in the TerraceM_PreMAP module 

Systematic approaches are essential for obtaining reproducible and accurate measurements. By following a systematic 

approach, a workflow can be designed to include unambiguous steps, standardized methods, data quality control, and 175 

reproducibility protocols yielding reliable and consistent outcomes (Atkinson et al., 2017). The classical TerraceM mapping 

workflow consists of four main steps (Fig. 2A-C) (Jara-Muñoz et al., 2019; Jara-Muñoz et al., 2016): (1) preliminary mapping 

of the inner edges of marine terraces, identified at the slope break between the paleo-platform and paleo-cliff, within a 

Geographic Information System (GIS; e.g., QGIS®, Fig. 2A); (2) placement of swath-profile boxes perpendicular to the inner 

edges and verification of their positioning (Fig. 2B); the boxes are preferably located in areas with optimal terrace exposure, 180 

avoiding valleys, anthropogenic structures, and landslides; and (3) manual mapping of marine terraces along swath profiles 

(Fig. 2C). The mapping targets the shoreline angle, defined as the intersection between the terrace platform and the cliff, which 

marks the relative sea-level position at the time of formation (Jara-Muñoz et al., 2016; Lajoie, 1986). Although this mapping 

procedure follows logical steps and standardized criteria, certain aspects remain challenging to produce consistent outcomes, 

potentially leading to systematic errors.  185 

 

The first step of the classical TerraceM workflow is the inner edge mapping (Fig. 2A), which can be straightforward if the 

operator has a basic knowledge on the morphology of marine terraces and GIS software. Usually, a slope model combined 

with an elevation colormap can help identifying the approximate position of the inner edges (Palamara et al., 2007), or a red 

relief image (RRIM, provided as a QGIS toolbox on www.terracem.com) that highlights subtle topographic features (Chiba et 190 

al., 2008). A common issue when mapping the inner edge arises from the erroneous assignment to a terrace level, especially 

when age constraints are scarce. For example, in areas of intense coastal erosion and river incision, marine terrace exposures 

might be discontinuous, thus complicating the lateral correlation of terrace levels in the topography (e.g. Johnson, 1944; 

Cerrone et al., 2021). This is an important aspect, as the miscorrelation between marine terrace levels can affect the 

correspondence of shoreline-angle measurements to a specific sea-level position in the past and hence the estimated uplift 195 

rates.  

 

To address these challenges, TerraceM-3 includes the module TerraceM_PreMAP (Fig. 3) that follows a systematic approach 

for checking and correcting the inner edge mapping process and lateral correlations. The module enables comparison between 

the mapped inner edges and an innovative variant of topographic profile display defined as ‘Stacked Swath’, which is based 200 

on stacked parallel profiles (De Gelder et al., 2022; Curveur, 2012; Armijo et al., 2015; Forte and Whipple, 2019). The stacked 

swath forms a structured 2D point cloud in distance-elevation space, where each point corresponds to a topographic 

measurement (Forte and Whipple, 2019). This approach enables the identification of low-slope areas (e.g., paleo-platforms) 
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through increased point density and highlights zones of sharp slope change, such as at inner edge locations, along the coastal 

transect (See Supplementary material Section S1, figures S1 to S7).  205 

 

 
Figure 3: Schematic overview of the TerraceM-3 architecture and new modules. TerraceM-3 incorporates three new modules 
(TerraceM_ICESat-2, TerraceM_PreMAP, and TerraceM_MAP), implemented in MATLAB and combining Python, and QGIS. 
TerraceM_PreMAP integrates MATLAB® GUIs with QGIS scripts, the MAP module applies machine-learning algorithms for 210 
automated marine terrace mapping, and the ICESat-2 module is powered by Python scripts to connect to NASA Earthdata 
Harmony® servers for satellite data retrieval. The new modules are provided as graphical user interfaces to facilitate analysis 
increasing the precision and accuracy of marine terrace mapping. 
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2.2 Increasing resolution of marine terrace mapping with TerraceM_PreMap at Cerro El Huevo 

We tested TerraceM_PreMAP at Cerro El Huevo (Figs. 4A-4C) on the Peruvian convergent margin, a site characterized by 215 

remarkably well-preserved and well-studied marine terraces (Hsu, 1988; Ortlieb and Macharé, 1990; Saillard et al., 2011; Hsu, 

1992). The ridge subduction process and associated active deformation provide a challenging test site for evaluating the 

robustness and limitations of the TerraceM_PreMAP approach. In southern Peru the Nazca plate subducts obliquely (N79°E) 

beneath South American plate at 68 - 77 mm/yr (Demets et al., 1990; Norabuena et al., 1998). This sector of the margin also 

involves the ongoing subduction of the Nazca Ridge (NR, Figs. 4A and B), which began near Ecuador ~40 Ma and has since 220 

migrated southward (Bello-González et al., 2018). The marine terraces sequence at Cerro El Huevo consist of eight levels 

reaching ~200 m asl that were deformed by the subduction of the NR (Fig 4C) (Jara-Muñoz et al., 2019; Saillard et al., 2011; 

Hsu, 1992). The uplift distribution is notably asymmetric relative to the incoming NR bathymetry (Hsu, 1992), with the 

maximum uplift above its leading southern flank (Fig. 4B). As a result of the complex interplay of vertical displacements, 

eolian sediment transport, and erosion, some terrace levels exhibit limited lateral extent, providing a challenging setting to 225 

evaluate our lateral correlation method. 

 
We mapped the approximate location of the inner edges of eight levels of marine terraces using a RRIM derived from the 12-

m resolution TanDEM-X topography (Fig. 4D) provided by the Deutsches Zentrum für Luft- und Raumfahrt (DLR). We used 

the stacked swath to check the lateral continuity of the mapped inner edges levels along the coastal region (Figs. 4E-F). This 230 

procedure allows correcting miscorrelations, such as those between terrace levels 3 and 4, and the discontinuous exposures of 

levels 7 and 8 below the summit of Cerro El Huevo (Fig. 4D-F). Finally, we use the corrected inner edges to allocate the swath 

profiles boxes used to map the shoreline angles of each terrace level (Fig. 4G). Although the inner edges represent only the 

maximum estimate of the marine terrace elevation (Jara-Muñoz et al., 2016), we can preliminarily observe variations of tilt 

between marine terrace Levels 8 - 5 and 4- 2 (Fig. 4E). The estimation of tilt angles is carried out later in Section 2.4, based 235 

on accurate shoreline angles measured with ML. 

 

The variability in swath profile spacing, orientation, width, and length can introduce additional systematic errors in marine 

terrace mapping and measurement (Jara-Muñoz et al., 2016). To minimize these errors, TerraceM_PreMAP automatically 

generates swath profile boxes oriented perpendicular to the inner edge trace, with user-defined parameters such as width and 240 

spacing (Fig. 4D). Next, the swath boxes are manually revised in QGIS and those located in valleys or in areas with poor 

marine terrace exposure are excluded. The manual exclusion of swath boxes helps eliminate potential mapping errors and 

increases the precision of marine terrace mapping. For instance, along terrace level 2, of Cerro El Huevo, the stacked swath 

and the inner edge mapping reveals areas of scattered elevations. This variability reflects the accumulation of colluvial and 

eolian deposits at the inner edge. Based on these observations, swath boxes in covered areas and valleys were manually 245 

excluded (Fig. 4G).  
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Figure 4: Tectonic context of Cerro El Huevo and TerraceM_PreMAP workflow. A) location of Cerro El Huevo and the Nazca 
Ridge. B) Regional elevation patterns of marine terraces based on Hsu et al. (1992) and bathymetric swath profile of the Nazca 250 
Ridge. C) Digital 3D perspective based on Digital Globe® imagery of Cerro El Huevo and Marcona Bay in Southern Peru. D) Inner 
edge mapping using a RRIM in QGIS. Inner edge colors represent marine terrace levels (legend in E). The black rectangle is the 
area used for the stacked swath profile in E. E and F) Joint visualization of inner edges and stacked swath profile, including lines 
and point density. G) Automated extraction of swath boxes based on inner edges, manually discarded boxes in white, these boxes 
are then used to map the shoreline angles. 255 

2.3 Automated mapping of marine terraces using neural networks  

In simple terms, the automated mapping uses trained neural networks to reproduce how an experienced operator identifies 

shoreline angles from terrace profiles. As indicated in Section 1.2 and Fig. 2, manual marine-terrace mapping is inherently 

subjective and depends on operator experience, profile quality, and geomorphic noise, which can lead to operator-dependent, 
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non-systematic uncertainties. This subjectivity mainly affects the precision of marine terrace mapping. The goal of the 260 

machine-learning (ML) approach implemented in TerraceM-3 is to formalize the expert decision process and to reproduce 

expert-level shoreline-angle mapping in a consistent way. To achieve this, we use supervised ML algorithms based on artificial 

neural networks (NNs), which are trained to recognize patterns in data by learning from examples (Tang et al., 2020; Bishop, 

1995). In our application, the NN is trained to take elevation-distance data extracted from swath profiles across marine terraces 

as input and to predict the corresponding shoreline-angle position as output. Thus, the NN does not introduce new geomorphic 265 

criteria, but learns to reproduce existing expert-based interpretations. In other words, the NN learns to mimic how an expert or 

experienced operator identifies shoreline angles from terrace profiles. The ML mapping is not designed to replace expert 

judgment, but to formalize expert knowledge into a tool that improves reproducibility of marine-terrace mapping. 

 

A NN consists of multiple layers of interconnected artificial neurons that simulate the way biological neurons process 270 

information (Wang, 2003) (Fig. 5A). Each neuron applies a simple mathematical operation to the input data, and the network 

combines many such operations to recognize complex patterns within terrace profiles. During training, the network is provided 

with input-output pairs, where the inputs are swath-profile data and the outputs are expert-mapped shoreline-angle positions 

(based on the selected paleo-platform and paleo-cliff segments, Fig. 2). Through multiple iterations, the network adjusts its 

internal weights to minimize the error between predicted and observed shoreline-angle elevations and thereby learns to 275 

recognize the geomorphic patterns associated with paleo-platforms and paleo-cliffs (Fig. 5B). This recursive learning process 

continues until a predefined stop-criterion is met, e.g. the number of learning epochs, or until the algorithm achieves a high 

level of accuracy on both the training data and unseen data. 

 

Because the central property of NN’s is their ability to generalize from training data it is essential to obtain a large and 280 

representative training dataset. The quality of this dataset is crucial for the NN performance and should be carefully filtered 

and classified before training (Kavzoglu, 2009). For this purpose, we use the continuous mapping of the last interglacial (MIS 

5e) terrace along the coast of South America that comprises ~2000 shoreline-angle measurements by an experienced operator 

(Fig. 5C) (Freisleben et al., 2020). After manual filtering, we split the data, selecting 1000 representative measurements for 

NN training and removing outliers and noise, while the remaining measurements were subsequently used for validation. The 285 

data consisted of distance/elevation data from swath profiles, paleo-cliffs and paleo-platforms and was normalized to a 0-1 

scale (See supplementary material Section S2). We trained two separate feedforward NNs, one for the paleo-cliff zone and 

another for the paleo-platform zone, reflecting the different geomorphic characteristics of these features. Each NN consisted 

of three hidden layers with 100 neurons per layer and a log-sigmoid activation function (Fig. 5A), a commonly used 

configuration that allows the network to capture non-linear relationships in geomorphic data. Training performance was 290 

evaluated using the mean squared error (MSE) and learning gradients, both dimensionless values (Fig. 5B). The MSE is used 

as loss function measuring the difference between measured and predicted outputs by the NN. The gradients represent the 

partial derivative of the loss function (MSE) with respect to model parameters and indicates the direction and magnitude of 
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change needed to reduce the error (See additional information provided in Supplementary material Section S2). The MSE 

decreased rapidly during the first ~30 epochs and stabilized around epoch 600 at MSE values of ~0.002, indicating efficient 295 

learning and convergence. Most importantly, the overall MSE versus epoch learning curve was smooth and showed a clear 

trend, indicating efficient training (Fig. 5B).   

 

 
Figure 5: Neural Network architecture, training and testing. A) Neural network (NN) used for the automated recognition of paleo-300 
platform and paleo-cliff segments. B and W represent bias and weights, respectively. The curve represents a sigmoidal function. B) 
example of NN training showing variations in gradients and mean squared error (MSE); note the smooth decline of MSE and 
stabilization around epoch 600. C) Training and testing data based on 2000 shoreline-angles mapped along South America 
(Freisleben et al., 2020). D and E) NN test using the remaining 1000 shoreline-angles not used for NN training.  

 305 
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We tested the trained NNs using independent shoreline-angle measurements that were not used for training (Fig. 5D, E). The 

resulting predictions show strong agreement with the manually mapped shoreline angles, with a mean elevation difference of 

~0.3 m, which is an order of magnitude lower than the ~2.5 m mean shoreline-angle elevation uncertainty of the training data 

and negligible compared to natural terrain roughness. This indicates that the NN successfully reproduces expert-level 

shoreline-angle mapping. The trained NN was then implemented into an automated mapping tool within the TerraceM MAP 310 

module. 

2.4 Quantifying collision of the Nazca Ridge with automatic mapping  

We applied the automated shoreline-angle mapping to our study site at Cerro El Huevo, mapping the swath boxes automatically 

extracted by TerraceM_PreMAP (fig. 4G). For a total number of 200 swath boxes, 26 boxes were excluded due to wrong 

orientation or placement on covered terrace areas. From the remaining 174 swath boxes 61 could not be mapped by ML due 315 

to the small topographic expression of the terraces and were excluded. By using only ML mapping, we obtained between 11 

and 34 shoreline angles for each marine terrace level that follow the trace of the inner edges (Fig. 6A and 6B). Based on the 

dating of marine terraces carried by Saillard et al. (2011) and numerical modeling of marine terraces by Jara-Muñoz et al. 

(2019) we correlate the marine terrace levels with the interval of highstands between MIS 5c to MIS 13 (Fig. 6A). We extracted 

linear regressions using the shoreline angles of each terrace level to estimate the marine terrace tilt, corresponding to present-320 

day finite (cumulative) tilt, i.e., the time-integrated angular deformation since terrace formation to the present (Fig. 6C). Then, 

the incremental tilt between two terrace levels was obtained from the difference between consecutive finite tilts, which isolates 

the tilt accumulated during the time interval separating two marine terrace levels (Fig. 6D). These incremental tilt values, 

together with the time interval between terrace levels, can be used to calculate the tilt rate variability along time (Fig. 6E).  

 325 

Interestingly, the finite and incremental tilt values display a change in the tilt angle and polarity between terraces in the 

sequence (Fig. 6B and 6C). For instance, the older marine terrace levels MIS 13 - MIS 7e, display a NW tilt direction with 

incremental tilt angles varying between 0.02 and 0.37°. The marine terrace levels MIS 7e - MIS 7a display a slightly higher 

incremental tilt between 0.11 and 0.31, whereas the marine terrace levels MIS 7a - MIS 5c show a SE tilt direction with 

incremental tilt angles between -0.08 and -0.36° (Fig. 6B). This change in tilt polarity and magnitude is expected to result from 330 

changes in surface deformation linked to the subduction of the NR. As indicated in Section 2.2, the oblique convergence 

between Nazca and South America plates results in the southward migration of the NR at a velocity of 43 mm/yr (Hampel, 

2002). On the other hand, Cerro El Huevo is located south of the indentation point of the NR and at the edge of the deformation 

bulge produced by the ridge subduction (Fig. 4B). According to Saillard et al. (2011), the NR flank slopes range between 0.15 

and 0.55° which are comparable with the terrace tilt here documented. This setting makes Cerro El Huevo a sensible recorder 335 

of changes in vertical deformation linked to the position of the NR and its migration along the margin. 
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Figure 6: Distribution of shoreline-angle elevations, tilt angles and deformation mechanisms. A) Shoreline-angle mapping 340 
overlapping a stacked swath and inner edges. Notice the coherence between inner edge level and shoreline angles. B) Tilt estimates 
from linear regressions of shoreline angles across marine-terrace levels (n = number of shoreline angles). C) Finite tilt estimated 
from linear regressions, representing cumulative deformation. D) Incremental tilt is the difference between successive finite tilts, 
represents the deformation accumulated between terrace levels. E) Tilt rate calculated as incremental tilt divided by the 
corresponding time interval. F) Conceptual model using three time slices to explain changes in tilt angles: Slice 1: between MIS 13 345 
and 7e Cerro El Huevo (CH) was located at the margin of the subsiding zone (northward tilt); Slice 2: between MIS 7e and 7a CH 
was near the hinge between uplift and subsidence (almost no tilt), the short-lived incremental tilt increase is attributed to crustal 
faults (See text for details); Slice 3: between MIS 7a and MIS 5c CH reached the flank of the uplifting bulge (southward tilt). NR: 
Nazca Ridge, NP: Nazca plate, SA: South American plate. 
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Our mapping of marine terraces along Cerro El Huevo coast using TerraceM-3 allows refining and better quantifying rates 350 

from the initial conceptual model proposed by Macharé and Ortlieb (1992) and Hsu (1992). In these models the subduction of 

the NR generates a bulge of deformation that bends the overriding plate upward. We propose that this bulge is flanked by areas 

of subsidence as a consequence of mass transfer during ridge migration. This model is similar to analog models of the NR 

subduction (Hampel et al., 2004)  and numerical models of seamount subduction (Ruh et al., 2016). During the MIS 13 and 9 

Cerro El Huevo was located at the edge of the subsiding area leading to northward tilting of the terrace sequence. The 355 

subsequent southward migration of the ridge positioned Cerro El Huevo at the hinge between uplift and subsidence, resulting 

in near horizontal marine terraces during MIS 7. As the ridge continued to migrate, Cerro El Huevo reached the leading flank 

of the uplifting bulge, causing a southwards tilt of the sequences between MIS 7 and MIS 5c. This interpretation is supported 

by modeled subsidence rates of ~-0.2 m/ka for MIS 13 and 11 at Cerro El Huevo, which progressively increased to 0.8 m/ka 

until MIS 5c (Jara-Muñoz et al., 2019). Moreover, considering the southward migration rate of 43 mm/yr for the NR over the 360 

past 5 Ma (Hampel, 2002), the observed change in tilt polarity between MIS 13 and MIS 5c would require ~20 km of southward 

ridge displacement (Fig. 6C). This is approximately the distance between Cerro El Huevo and the limit of the uplift bulge 

documented by Hsu (1992) and Macharé and Ortlieb (1992) (Fig. 4B). On the other hand, immediately prior to the polarity 

change, between MIS 7a and 7c, we observe an increase in incremental tilt and tilt rate. This short-lived acceleration is difficult 

to reconcile with a simple model of progressive southward NR migration, which would predict a gradual and long-wavelength 365 

tilting signal. We suggest instead that this pulse reflects transient activity along local upper-plate faults, including the Tres 

Hermanas, Lomas, and El Huevo faults, which are known to offset several terrace levels at the Cerro El Huevo region (Saillard 

et al., 2011). The fault slip acceleration may have been triggered by changes in regional stress associated with the southward 

displacement of the NR and its deformation bulge, and it coincides with the fault-slip acceleration from 0.4 to 0.8 m/ka 

documented by Saillard et al. (2011) since MIS 7e.  370 

 

These results provide, for the first time, quantitative estimates of marine-terrace tilting in the Cerro El Huevo area and link 

changes in tilt polarity to the subduction and migration of the Nazca Ridge. They also demonstrate the importance of high-

resolution, accurate shoreline-angle mapping for resolving subtle variations in terrace elevations that are critical for 

constraining the underlying deformation mechanisms. 375 

2.5 Automated mapping using ICESat-2 altimetry data 

The resolution of a digital topography dataset can strongly influence the accuracy of marine terrace mapping. However, the 

availability of high-resolution topography is scarce and limited to specific areas. Nevertheless, the satellite mission Ice, Cloud, 

and land Elevation Satellite-2 (ICESat-2, NASA’s Earth observation program) offers open access to global scale data with 

characteristics similar to high-resolution LiDAR topography (Markus et al., 2017). The mission was launched in September 380 

2018, recording to date more than three trillion laser pulses in almost 65.000 hours of operation (7.5 years). The satellite carries 

the Advanced Topographic Laser Altimeter System (ATLAS), a photon-counting system designed to measure surface 
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elevation with centimeter-level accuracy (Field et al., 2020). Originally developed to monitor ice sheet dynamics and sea ice, 

ICESat-2 also provides valuable topographic data for terrestrial and coastal environments (Abdalati et al., 2010; Jasinski et al., 

2021; Markus et al., 2017). The satellite follows a near-polar, sun-synchronous orbit, enabling consistent global coverage. 385 

ICESat-2 provides a 2D high-resolution along-track sampling, with photon returns spaced approximately 20 cm, allowing for 

detailed bare-earth elevation profiling and making it particularly useful for analyzing geomorphic features such as marine 

terraces. However, the complexity of data products, structures, and the programming knowledge required for bulk download, 

filtering and processing makes this data difficult to use.  

 390 

TerraceM-3 includes a user-friendly GUI to facilitate the selection, download, and processing of ICESat-2 data (Fig. 3, See 

Supplementary material Sections S3 and S4, figures S8 to S27). The download functionality of TerraceM ICESat-2 is built on 

python and html languages linked to MATLAB®, enabling efficient data retrieval from the Harmony online servers allowing 

cloud data subsets. Once downloaded, the data is processed using the built-in h5read function of MATLAB®, alongside a set 

of custom TerraceM scripts created to extract orbital and geolocation parameters. To extract the profiles, two ICESat-2 data 395 

products are utilized: ATL03 (geolocated photon data) and ATL08 (canopy and ground classification). ATL03 provides raw 

photon elevations, while ATL08 contains the photon classification into different surface types, enabling the isolation of ground 

points and the generation of bare-earth topographic profiles. The ATL08 classification is generated during NASA’s data 

preprocessing and is based on photon denoising and low-pass filtering along 20 m segments to separate ground returns from 

canopy signals. (See supplementary materials Section S3). Furthermore, the TerraceM ICESat-2 module creates lightweight 400 

structured datasets, at least ~20% of the original data size and easy to manipulate in MATLAB®, which can be helpful when 

data storage is limited. One limitation of the TerraceM_ICESat-2 module arises from the predominantly N-S ground tracks of 

the ICESat-2 satellite. As a result, marine terraces along coastlines oriented roughly E-W are most suitable for mapping, since 

this geometry provides profiles perpendicular to the terrace inner edges. A further limitation is memory demand, as 

downloading and processing areas larger than ~40 km² may exceed the capacity of standard desktop computers (~32 GB 405 

RAM). For this reason, the tool is best applied to local areas or site-specific studies. Nevertheless, beyond the standard GUI, 

TerraceM_ICESat functions can be accessed individually, enabling operators to develop custom scripts and adapt the 

processing workflows, thereby providing flexibility and overcoming memory limitations. 

 

Additionally, TerraceM ICESat-2 allows estimating shallow coastal bathymetry (Figs. 3 and 7), useful for extending marine 410 

terrace mapping offshore and to analyze the hydrodynamic processes controlling coastal erosion at present-day. The new 

module uses ATL03 photon data identifying water-penetrating photons up to ~40 m depth in low turbidity conditions. Water-

refraction corrections based on the method proposed by Parrish et al. (2019) and Ranndal et al. (2021) are used to account for 

changes in photon trajectory driven by density variations from air to water. The topographic and bathymetric analysis scripts 

are incorporated into TerraceM-3, including a graphical user interface (GUI) encoded in MATLAB® (TerraceM ICESat-BAT) 415 

and separate functions for customized coding outside the GUI. Furthermore, the bathymetric profiles of TerraceM ICESat-
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BAT are exported in TerraceM format, which can be integrated into the TerraceM ICESAT-2 mapping workflow, thereby 

extending the mapping to drowned marine terraces using ML or manual methods. To demonstrate the applicability of the 

TerraceM ICESat-2 bathymetry module, we conducted an analysis along the Algerian coast near Tipaza, where bathymetry 

was extracted along 19 profiles (Fig. 7A-E). Each profile was automatically classified into above- and below-sea-surface 420 

photons, then the seafloor was extracted manually. Water-refraction corrections were then applied to obtain the final 

bathymetric profiles (Fig. 7D). Most profiles reached depths of 15-25 m below sea level, largely due to local water turbidity, 

which reduces photon penetration at greater depths (Fig 7E).  

 
Figure 7: Example application of the TerraceM ICESat-2 bathymetric module at the locality of Tipaza, Algeria. A) Location of the 425 
19 ICESat-2 photon profiles used for bathymetry extraction. B) Bathymetric chart SHOM 3030 used to compare bathymetry 

estimates. C) Histogram and normal probability distribution of the differences between the 10 m bathymetric contour line and the 

ICESat bathymetry. The mean difference is 0.7 m. D) Example of automatically classified profiles and the clear delineation of the 

seafloor, which is afterwards corrected by water diffraction to obtain a bathymetric profile. E) Stacked bathymetric profiles 

displaying the seafloor morphology and the maximum depth reached by photons. Panel A uses open BING® imagery as background. 430 
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To evaluate the accuracy of the ICESat-derived bathymetry, we compared the results with available regional bathymetric 

charts. East of Tipaza, detailed local bathymetric data are scarce and primarily available at regional scales. For this comparison, 

we used the 1:101,000 bathymetric chart SHOM 3030 (Service Hydrographique et Océanographique de la Marine, France), 

originally surveyed between 1867 and 1868, revised in 1928, and geodetically corrected in 2025 (Mouchez, 1928) (Fig. 7B). 

The chart was georeferenced and used to calculate depth differences between the −10 m isobath and the ICESat-derived 435 

bathymetry, yielding differences between −3.0 and +1.8 m and a mean value of 0.7 m (Fig. 7C). The origin of the 0.7 m 

difference cannot be uniquely determined and may reflect uncertainties in the ICESat measurements, limitations related to the 

scale and historical nature of the reference chart, uncertainties associated with geodetic corrections, potential errors in contour-

line interpolation, changes in coastal erosion or sedimentation patterns since the original survey, or vertical crustal movements. 

Despite these uncertainties, the mean offset of 0.7 m falls within the precision acceptable for geomorphic and coastal analyses 440 

(e.g. Rovere et al., 2017; Misra and Ramakrishnan, 2020), supporting the applicability of the TerraceM ICESat-BAT approach. 

2.6 Deciphering deformation gradients along the Sahel Ridge in Algeria using ICESat-2 altimetry and automated 
mapping 

We selected the marine terraces at Sahel Ridge, NE Algeria, which exposes a staircase sequence of more than seven levels of 

marine terraces and provides excellent conditions to test the TerraceM-ICESat mapping workflow; this example is intended as 445 

a benchmark and validation exercise for the TerraceM ICESat tool.  The marine terraces and rasas extend for more than 150 

km between Tipaza and Algiers and comprise upper Pre- and co-Messinian and lower post-Messinian marine terraces, which 

ages range from Late Miocene to Late Pleistocene respectively (Authemayou et al., 2017). The marine terrace elevations reflect 

the deformation produced by the convergence between the African and Eurasian plates at 4 - 6 mm/yr (Nocquet and Calais, 

2004), which has resulted in crustal compression since the late Miocene driving reverse faulting and folding, such as the Sahel 450 

ridge and various blind reverse faults offshore (Yelles et al., 2009; Strzerzynski et al., 2010) (Fig. 8A). This area is seismically 

active, characterized by historic and recent strong magnitude (Mw > 6) tsunamigenic earthquakes (Meghraoui et al., 1988; 

Harbi et al., 2007; Maouche et al., 2011) (Fig. 8A).  
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Figure 8: Tectonic setting of NE Algeria and marine terraces. A) Tectonics of the Sahel Ridge area (based on Maouche et al. 2011, 455 
Authemayou et al., 2017). Red dots denote >Mw 4 to >=Mw 6 earthquakes. B) Marine terraces between Tipaza and Douaouda; the 
colored dots represent the shoreline angles mapped using ICESat-2 photon profiles (grey lines). C) Marine terrace elevations 
projected along the profile X-Y indicated in A. D) Uplift rates and maximum topography along the X-Y swath profile indicated in 
A. MA: Manually mapped shoreline angles using ICESat-2 profiles. ML: Shoreline angles mapped using machine learning and 
ICESat-2 profiles. FD: Manually mapped shoreline angles using 30-m resolution FABDEM topography.  460 

 

We studied a 33-km-long segment of the marine terraces between the cities of Tipaza and Douaouda (Fig. 8A and 8B), an area 

of well-studied and dated marine terraces in E-W orientation, ensuring ICESat-2 profiles are almost perpendicular to the 

terraces. The marine terraces have been carved on the northern flank of the Sahel ridge (Lamothe and De, 1911; Aymé, 1952; 

Glangeaud, 1932; Saoudi, 1985). This structure has been interpreted as an anticline associated with a north-dipping blind thrust 465 

that bounds the southern edge of the Sahel ridge (Meghraoui, 1991; Maouche et al., 2011; Heddar et al., 2013). We focus on 

the lower (post-Messinian) marine terraces formed between MIS 11 and MIS 5e (Authemayou et al., 2017). The lowest terraces 
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were dated using U-Th, resulting in ages between MIS 5e and the Holocene, whereas the upper terraces remain undated with 

inferred ages of MIS 11 and older (Authemayou et al., 2017; Maouche et al., 2011). To test the accuracy and precision of the 

new TerraceM ICESat-2, we mapped the post-Messinian marine terraces using three methods: manual mapping using 30 470 

m/pixel FABDEM Forest And Buildings removed Copernicus DEM (FD) topography (Uhe et al., 2022), manual mapping 

(MA), and machine-learning (ML) mapping, both using ICESat-2 vegetation-filtered topographic profiles. We emphasize that 

this analysis is not intended to redefine the levels or chronology of the marine terraces, but rather to test the performance of 

TerraceM-ICESat. Therefore, the chronological assignment of terrace levels to sea-level highstands and the assumption of 

constant uplift rates are interpretative choices that follow the framework of Authemayou et al. (2017). 475 

 

Our results are consistent with the marine terrace elevation estimates of Authemayou et al. (2017) for the same area; 

furthermore, terrace elevations show an eastward increase comparable to that described in their study (Fig. 8C). We follow the 

nomenclature and chronology used by these authors, correlating level 1 with MIS 5e (120 ka), level 2 with MIS 9 (322 ka), 

and level 3 with MIS 11 (400 ka). From this correlation, we derive a mean uplift rate of 0.07 m/ka, close to the mean 0.06 480 

m/ka estimated by Authemayou et al. (2017). Assuming constant uplift, we assign levels 4 and 5 to MIS 15 and MIS 19, with 

ages of 615 and 775 ka respectively by assuming a constant uplift rate of 0.07 m/ka (Fig. 9A). The highstand ages and sea-

level positions used in this assessment were based on the sea-level curves of Bintanja et al. (2005) and Spratt and Lisiecki 

(2016).  

 485 

The marine terraces between Tipaza and Aïn Tagourait record a stable uplift rate of about 0.06 m/ka, gradually increasing 

eastwards to ~0.12 m/ka near Douaouda (Fig. 8D). The distribution of uplift rates shows some scatter; for example, near 

Tipaza, level 1 exhibits broad variability in urbanized areas due to anthropogenic modification of the topography. In addition, 

uplift rates associated with level 1 are slightly higher than those of the other levels, suggesting an uplift acceleration since MIS 

5e, consistent with the observations of Authemayou et al. (2017). Interestingly, the deformation pattern approximately mimics 490 

the maximum topography of the Sahel Ridge, indicating a possible relationship between the long-term anticlinal growth and 

coastal uplift (Fig. 8D). 
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Figure 9: Statistics of different shoreline-angle mapping methods applied along the Sahel Ridge, NE Algeria. A) Shoreline-angle 495 
elevations versus marine terrace ages. Age assignments for levels 1-3 follow Authemayou et al. (2017), while the ages of levels 4 and 
5 are based on the extrapolation of uplift rate. B) Shoreline-angle elevation errors for each mapped shoreline, note the higher errors 
for shoreline angles mapped using FABDEM (FD). C) Distributions of elevation differences between manually (MA) and machine-
learning (ML) mapped shoreline-angles using ICESat-2 profiles, and between FABDEM and ICESat-2 manual mapping (FD-MA). 
Notice the higher dispersion of the results based on FABDEM mapping. D) Boxplots showing the difference in elevations between 500 
machine-learning and manual mapping both using ICESat-2 profiles. E) Boxplots showing the difference in elevations between FD 
and MA shoreline angles.  

 

The mapping of the Sahel Ridge terraces yielded broadly consistent results across methods, though with different levels of 

precision and accuracy. Elevation errors (Ze) of individual shoreline angles are larger when using FD mapping compared to 505 

MA and ML approaches using ICESat-2 profiles. This difference reflects the much higher resolution of ICESat-2 data (point 

spacing 10 - 30 cm) relative to the 30 m/px FABDEM resolution, which better captures slope gradients and allows clearer 

identification of paleo-cliffs. To evaluate accuracy and precision, we compared elevation differences between methods for 

each mapped shoreline angle. Shoreline angles obtained using FD have a lower precision (greater dispersion) than those from 

ICESat-2, with maximum differences of ±10 m and ±3 m, respectively (Fig. 9C-E). Comparisons between MA and ML 510 

mapping on ICESat-2 profiles reveal only minor differences between mean values (0.2 - 0.4 m), with ML values slightly 

underestimated. In contrast, comparisons involving MA and FD yield mean differences of up to 3 m, underscoring the lower 

accuracy of FD shoreline-angle mapping. 
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ML and MA mapping produce both very similar results, which indicate that ML is able to perform like an expert operator. 515 

This similarity highlights the need to clarify the added value of using ML when results are comparable to MA. The added 

value of TerraceM-3 and the ML-based approach does not lie in producing different terrace measurements, but in providing 

results that are comparable to those of expert operators. As previously explained, manual mapping is inherently operator-

dependent and affected by operator experience, learning curves, and subjective decisions. Thus, differences in operator 

experience may lead to non-systematic errors and uncertainties that are difficult to quantify. The ML-based approach provides 520 

stable and repeatable outputs that are independent of operator experience. 

3. Analysis of human-machine interactions in marine terrace mapping 

This final section provides the conceptual and experimental foundation for the machine-learning component of TerraceM-3 

by examining how inexperienced operators acquire expertise in marine terrace mapping and how their performance converges 

toward that of an experienced operator. We demonstrate that the cognitive sequence of recognition, evaluation, and decision-525 

making can be formalized and directly translated into automated algorithms, providing the basis for machine-learning tools 

that reproduce expert mapping criteria while broadening the accessibility of marine terrace analysis to the scientific 

community. 

 

It has always been a challenge to make machines replicate the qualitative aspects of the human decision process (e.g. Peterson 530 

et al., 2021). For instance, a human operator relies on sensory input, experience, and information processing to control a 

machine. Similarly, operators use their perception and experience to observe and interpret the results produced by machines. 

These machine operations form a cycle of human-machine interactions (Farhan Hussain et al., 2023). The communication and 

exchange between a human and a machine are facilitated through a user interface (Georga et al., 2018), which enables the 

operator to efficiently visualize sensed quantities and input commands to control the machine. Analogous to the above 535 

relationships, TerraceM represents the machine, while the marine terrace mapping tool represents the user interface.  

 

To study the factors controlling human-machine interaction in the classical TerraceM mapping tool, we carried out an 

experiment with nine geology students from the University of Potsdam, who had no previous experience with the software. 

They were asked to map four marine terrace profiles in a loop (Fig. 10A). Each operator performed the mapping for 25 minutes, 540 

yielding a total of 1,094 shoreline-angle measurements. The 25-minute duration was chosen to obtain enough measurements 

(on average ~120 per operator), while avoiding fatigue or distraction during the task.  

 

The results show that the dispersion of shoreline-angle measurements, calculated in 2-minute time bins and expressed as the 

standard deviation, progressively decreased over the course of the experiment (Fig. 10B and D). This reduction in variability 545 

indicates a gradual improvement in operator consistency as mapping skills developed. Likewise, the mean elevation of the 
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mapped shoreline angles converged toward the reference elevation previously defined by an experienced operator (red line in 

Fig. 10C), demonstrating a clear learning trajectory. At the beginning of the experiment, the limited experience of participants 

in identifying marine terrace morphologies produced large deviations in shoreline-angle estimates, particularly in sectors where 

terrace boundaries were poorly defined or affected by topographic artifacts. With increasing time, however, operators displayed 550 

improved recognition, resulting in more stable and accurate outputs. 

 

 
Figure 10: Shoreline-angle mapping experiment. A) Four topographic swath profiles used in the experiment. The red point is the 
shoreline angle mapped by an experienced operator. B) Shoreline-angle elevations mapped by nine students during the experiment 555 
(n: number of measurements). C and D) Evolution of shoreline-angle mapping elevations and dispersion during the experiment, the 
blue squares and dots are calculated by binning measurements every two minutes. The light blue lines in C and D are linear 
regression with their corresponding goodness of fit (root mean squared error, R2). Red lines in B, C and D are the shoreline-angle 
elevations mapped by an experienced operator.  

  560 
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These results provide quantitative evidence of a learning curve in manual terrace mapping, in which cognitive pattern 

recognition and decision-making progressively align with expert-level interpretation. The observed convergence toward expert 

reference values highlights that terrace-mapping accuracy is not solely dependent on data quality but also on the capacity to 

identify subtle morphological signals through experience. Importantly, this learning process can be formalized and replicated 

computationally: the sequence of recognition, evaluation, and classification steps performed by trained operators has been 565 

translated into the machine-learning algorithms of TerraceM-3, capable of identifying the paleo-cliff and paleo-platform 

segments automatically, mapping the shoreline angles with precision comparable to that achieved by an experienced operator. 
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Figure 11: Graphical user interfaces of the main modules implemented in TerraceM-3. Grey arrows indicate the 570 

direction of the workflow. Information on the additional GUIs is provided in Supplementary materials, Sections S1 

and S4. The software and interface shown are original work created by the authors. 

 

 

Beyond the mapping algorithms, the interaction between the operator and TerraceM can significantly influence the results. 575 

Complex interfaces may lead to workflows that are difficult to follow and increase the likelihood of errors during analysis and 

processing. To minimize this, TerraceM was designed with an intuitive graphical interface and linear workflow that guides 

operators through data loading or downloading, processing, and terrace mapping. Contextual information is dynamically 

displayed within dedicated panels of the GUI, assisting the operator throughout the procedure (Fig. 11). This operator-centered 

design enhances the consistency of terrace elevations and deformation rate estimates, while providing a friendly and efficient 580 

environment. 

 

Building on this human-machine interaction context, the new machine-learning component of TerraceM-3 aims to formalize 

the decision processes used by experienced operators during terrace mapping. We do not attempt not to replace expert criteria 

or to outperform trained operators, but to reproduce expert-level mapping in a consistent and reproducible way. Manual 585 

mapping carried by experienced operators can yield highly accurate shoreline-angle estimates; however, the results may vary 

depending on user experience, training, and subjective decisions. Developing expertise in marine-terrace mapping using 

TerraceM traditionally requires repeated training exercises and a substantial investment of time and resources to learn how to 

reliably recognize marine terrace morphologies. By encoding expert-level mapping criteria within a trained neural network, 

the ML mapping tool provides stable and repeatable identification of paleo-cliff and paleo-platform segments, thereby reducing 590 

operator-dependent bias. These characteristics make the ML mapping particularly useful for large-scale collaborative studies, 

as well as for applications where expertise in marine-terrace mapping may be limited. Because the model was trained to 

recognize geomorphic patterns associated with marine terraces rather than site-specific characteristics, the approach can be 

applied to wave-cut marine terraces in different tectonic and geomorphic settings without requiring additional training. The 

model training typically represents the most computationally demanding stage of ML workflows; TerraceM-3 is distributed 595 

with a pre-trained neural network, which minimizes computational requirements and addresses concerns about the carbon cost 

of ML approaches. In routine applications, shoreline-angle mapping requires only a few seconds per measurement on a 

standard desktop or laptop computer. The low computational requirements and the reduced need for extensive operator training 

facilitate the use of the tool in regions where access to resources may be limited, thereby helping to democratize access to 

marine terrace mapping and analysis within the broader geoscience community. 600 
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4. Conclusions 

TerraceM-3 introduces new approaches to reduce systematic and non-systematic errors in marine terrace mapping. Systematic 

errors associated with lateral correlation of marine terrace level and the geometry of swath profiles used for marine terrace 

mapping are solved using the Terrace_PreMAP tool, which provides a systematic way to cross-check and standardize marine 

terrace measurements. Non-systematic errors are reduced by following a machine learning approach, which allows to 605 

effectively substitute the qualitative aspect of marine terrace mapping, and associated non-systematic errors, with a tool capable 

of performing as reliably as an expert operator.  

 

Finally, considering that one of the main limitations of marine terrace mapping is the scarcity of high-resolution topography, 

we created a new TerraceM_ICESat-2 module to download, process and analyze 2D topographic data of the ICESat-2 mission. 610 

This tool is coupled with the machine-learning mapping tool, facilitating the marine terrace mapping process. This release of 

TerraceM furthermore includes a Python version to map marine terraces outside the MATLAB® environment (See 

Supplementary material Section S5). The new additions of TerraceM-3 will expedite marine and lacustrine abrasion terrace 

analysis and deformation rate estimations along coastal areas ensuring methodological repeatability. 
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