
We would like to thank both reviewers for their careful reading of the manuscript and for 
their constructive and insightful comments. We appreciate the time and effort dedicated 
to improving the quality and clarity of our work. 

In the joint document, we provide a detailed, point-by-point response to each comment.  
Where appropriate, we have highlighted (in blue) how the manuscript is revised to 
incorporate the suggested changes, clarify methodological aspects, and improve the 
overall presentation. 

We believe that these revisions will strengthen the manuscript and we hope that the 
responses provided satisfactorily address the reviewer’s concerns. 

Reviewer #1 

Major comments: 

1) Insufficient description and discussion of a crucial aspect: the deterministic 
simulations.  

● While the mathematical framework that forms the Landslide-Tsurrogate v1.0 
framework is carefully presented, the description and discussion of the 
deterministic simulations are inadequately addressed, while these are crucial for 
building and applying the probabilistic framework. Reading the manuscript, it 
appears that the choice of the numerical model to be used for the deterministic 
simulations is largely inconsequential, as is the distinction between 2D and 3D 
simulations, regardless of the specific characteristics of the site at hand. In my 
view, this represents a severe oversimplification. Depending on the considered site, 
3D (or 2D multi-layer) simulations or may represent the only option to have reliable 
results, while in other cases also very simple models can be safely used. The choice 
of the model and its accuracy in reproducing the complex physics of landslide-
tsunami generation, propagation and interaction with coast play a crucial role. 
These aspects should be better discussed as in the current version of the 
manuscript are not properly addressed.  

Answer: We thank the reviewer for this important comment. We agree that the choice 
of the deterministic numerical model used to generate the training dataset is a critical 
component of the overall framework. The intention of the Landslide-Tsurrogate v1.0 
framework is not to suggest that the selection of the deterministic model is 
inconsequential, but rather to provide a flexible probabilistic framework that can be 



coupled with different numerical models depending on the complexity of the site and 
the physical processes that must be represented. 

The deterministic simulations used to construct the surrogate model must adequately 
reproduce the relevant physics of landslide-generated tsunami generation, 
propagation, and coastal interaction. The level of model complexity required depends 
strongly on the characteristics of the system considered. In relatively simple 
geometries or for first-order hazard assessments, hydrostatic depth-averaged 
hydrodynamic models may provide sufficiently accurate results. However, in 
environments where the generation process involves strong three-dimensional effects, 
non-hydrostatic models and multilayer description of the water column or even 3D 
models may be required to obtain reliable results. 

The surrogate framework proposed in this study does not impose any restriction on the 
underlying deterministic model. Instead, it assumes that the deterministic simulations 
used for training are generated with a model whose physical fidelity is appropriate for 
the considered application. The surrogate model then serves to efficiently emulate the 
outputs of that chosen deterministic model within a probabilistic hazard assessment 
framework. 

To clarify this point, we expand section  3.1 3) Deterministic Simulations*, in the 
manuscript as follows: 

“This step primarily involves selecting and running a numerical model to simulate 
the landslide-generated tsunamis based on the input parameters generated in the 
previous step. The surrogate models developed in Landslide-Tsurrogate v1.0 are 
trained on deterministic tsunami simulations, which therefore constitute a 
fundamental component of the overall framework. The choice of the numerical 
model used to generate these simulations should be guided by the physical 
complexity of the system considered. Depending on the characteristics of the 
landslide source, the bathymetry, and the relevant hydrodynamic processes, 
different levels of model complexity may be required. In some cases, depth-
averaged shallow-water models may provide adequate accuracy for hazard 
assessment, while in other settings more sophisticated approaches, such as 
dispersive or fully three-dimensional models, may be necessary to properly 
represent the generation mechanism and the resulting wave field. The surrogate 
model does not impose constraints on the deterministic solver and can in 
principle emulate the outputs of any numerical model, provided that the training 
dataset sufficiently samples the parameter space and that the underlying 
simulations capture the relevant physical processes. Consequently, the reliability 



of the probabilistic hazard estimates ultimately depends on the adequacy of the 
deterministic model used to generate the training simulations. [the rest of the 
section (describing different models available) remains unchanged]” 

We also justify the use of Multilayer HySEA in the Mayotte configuration in subsection 
4.2.1 Deterministic Model Setup by modifying the second paragraph as follows: 

“All the simulations are performed with Multilayer HySEA, the layer-averaged 
version of the HySEA model family (Macías et al., 2021a, b) described in Appendix 
B. Multilayer HySEA couples the landslide dynamics and the generated water 
waves through a friction term between landslide and water layers. Multilayer 
HySEA has been shown to be well suited to simulate landslide generated tsunamis 
in Mayotte. Indeed, a multilayer configuration is required to properly describe the 
effect of the strong topography variations related to the presence of a coral reef 
while keeping a reasonable computational cost compared to full 3D models. This 
enables performing the numerous simulations required for the surrogate model 
with the parameters set according to Marbœuf et al. (2025). [the rest of the section 
remains unchanged]” 

● Moreover, the deterministic simulations rely on several crucial (sometimes 
arbitrary) assumptions: i.e., landslide locations, volumes and composition, 
rheological parameters, shape, extension and geometry of the failure surfaces, etc. 
These are characterized by huge uncertainty. Since the surrogate models builds 
upon the deterministic simulations results, these assumptions, or, more 
importantly, the criteria used to select the input parameters, are crucial. These 
aspects should be better discussed in the manuscript as in the current version of 
the manuscript are not properly addressed.  

Answer: Thank you for raising this important point. We agree that deterministic 
landslide-tsunami simulations rely on several assumptions regarding landslide 
characteristics, including location, volume, geometry, rheological parameters, and 
initial conditions. These parameters are often poorly constrained in real-world settings 
and therefore represent a major source of uncertainty in landslide tsunami hazard 
assessments. 

The objective of the Landslide-Tsurrogate v1.0 framework is precisely to account for 
this uncertainty by explicitly representing these quantities as stochastic variables. 
Rather than relying on a single deterministic scenario, the framework allows the user to 
define probability distributions or plausible ranges for key landslide parameters such 
as location, volume, friction angle, and geometric characteristics. The surrogate model 
is then trained on deterministic simulations performed at collocation points in this 



stochastic parameter space, enabling efficient propagation of parameter uncertainties 
to the tsunami hazard metrics. 

The sparse Gauss–Patterson quadrature used in the framework does not determine the 
parameter ranges themselves but provides an efficient strategy for sampling the 
stochastic parameter space once the variables and their distributions have been 
defined. This approach significantly reduces the number of deterministic simulations 
required to construct the surrogate model while maintaining accuracy. 

We acknowledge that the selection of the stochastic variables and their probability 
distributions is a critical step that depends on the available geological, geotechnical, 
and geomorphological information at the site of interest. In practice, these parameters 
may be informed by slope stability analyses, sediment properties inferred from direct 
measurements or seismic surveys for example, geomorphological mapping, historical 
landslide inventories, or expert judgment. In situations where limited information is 
available, broader parameter ranges may be adopted to reflect epistemic uncertainty. 

To clarify these aspects, we have expanded the discussion in the manuscript to better 
emphasize that the definition of the stochastic variables and their probability 
distributions is a user-driven step that should be guided by site-specific geological and 
geotechnical knowledge. 

To clarify this point, we rewrite section  3.1 1) User Specifications*, in the manuscript 
as follows:  

“This step involves defining the stochastic variables used to represent the uncertain 
characteristics of potential submarine landslides. These variables describe the 
physical and geometric properties of the landslide source and can be grouped into 
three main categories: (i) soil parameters, such as cohesion, friction angle, and 
density; (ii) landslide geometry, including the thickness, length, width, and orientation 
of the shapes used to represent the landslide volume initially released; and (iii) initial 
conditions, such as the mean sea level, which may vary due to tidal fluctuations and 
long-term sea-level rise. In principle, the initial released mass and failure 
characteristics of a submarine landslide could be determined using mechanical slope 
stability models that incorporate measured soil properties (e.g., density, cohesion, 
internal friction angle), as well as hydrogeological conditions, structural 
discontinuities, and fault networks. However, such detailed information is rarely 
available for offshore environments. Consequently, many landslide properties remain 
poorly constrained and represent a major source of epistemic uncertainty in 
landslide-tsunami hazard assessment. 



Within the Landslide-Tsurrogate v1.0 framework, these uncertainties are explicitly 
represented through stochastic variables. Potential landslide locations, for example, 
may be identified using geomorphological indicators such as steep seabed slopes, 
sediment accumulations, previously mapped instability features or areas 
experiencing high seismicity. 

Landslide volumes, geometric parameters, and rheological properties can then be 
sampled within plausible ranges derived from regional geological knowledge, 
previous studies, or expert judgment. Similarly, mean sea level can be treated as an 
additional stochastic variable to capture the nonlinear interactions between tsunami 
propagation, tidal variability, and long-term sea-level rise. 

By representing the uncertain landslide characteristics using a limited set of 
stochastic variables (e.g., location, volume, friction angle, and sea level), the 
dimensionality of the problem can be kept manageable while still capturing the 
dominant sources of uncertainty affecting landslide-generated tsunamis. These 
variables define the stochastic parameter space used to generate the deterministic 
landslide-tsunami simulations required to construct the surrogate models. The 
stochastic space is subsequently sampled using sparse quadrature rules, allowing 
the surrogate models to efficiently approximate the response of the deterministic 
simulations across the range of possible landslide scenarios. 

Finally, it is important to note that the definition of stochastic variables and their 
ranges is inherently site dependent. Some uncertainties reflect natural variability in 
environmental conditions (aleatory uncertainty), while others arise from limited 
knowledge of subsurface properties and landslide triggering mechanisms (epistemic 
uncertainty). The proposed framework does not prescribe a unique parameterization 
but instead provides a flexible structure for propagating these uncertainties through 
the deterministic simulations.” 

We explicitly justify the choice of the three stochastic variables for the Mayotte 
application by modifying the paragraph at line 485 in subsection 4.1 Steps 1 and 2: User 
Specifications and Input Parameters: 

“Additionally, in the context of the on-going seismo-volcanic activity, Lemoine et 
al. (2020), Poulain et al. (2022) and Marbœuf et al. (2025) already implemented 
numerical simulations of potential submarine landslides and associated tsunamis 
in Mayotte. First, they showed that the most impacting submarine landslide 
scenarios were located on a large portion of the transition between the lagoon and 
offshore zones, presenting the steepest slopes and could have a volume that 



varied greatly depending on these locations. Second, they also highlighted the 
uncertainties around the friction angles in the landslide rheology and their high 
impact on the granular flow and deposit. Finally, of all the free parameters 
involved in their model, they 

demonstrated that these friction angles have the strongest impact on the wave 
field, compared, for example, to the Manning coefficient and the interlayer friction 
coefficient. Consequently, based on these previous studies, in this first attempt to 
apply the Landslide-Tsurrogate v1.0 framework in Mayotte, the number of 
stochastic variables is limited to three: location, volume and friction angle. 

In practice, within the Landslide-Tsurrogate framework, Mayotte submarine 
landslides are pragmatically located along the isolines of steepest slope 
(extracted from high-resolution bathymetry) close to the seismic swarm related to 
the seismo-volcanic activity. [the rest of paragraph line 489 remains unchanged.] ” 

● Finally, it is clear that the surrogate model is highly computationally efficient. 
Nevertheless, a very important information to be provided is the exact number, or a 
detailed discussion on the criteria to select the exact number, of the deterministic 
simulations to be carried out (in general and for the considered study case) and 
their computational costs.  

Answer: To clarify this point, we rewrite section  3.1 2) Input parameters, in the 
manuscript as follows:  

“The input parameters correspond to the stochastic variables used to describe the 
physical and geometric properties of the landslides. Once these stochastic 
variables and their probability distributions have been defined in the previous 
step, a sparse Gauss–Patterson quadrature is constructed up to a user-defined 
total order P. The quadrature nodes—representing collocation points in the 
stochastic parameter space—are mapped from the canonical space to the 
physical space. Each combination of parameters defines a deterministic landslide 
scenario that is then simulated using a numerical landslide-tsunami model. 

The total number of deterministic simulations N is determined by three main 
factors: (i) the number of stochastic variables r, (ii) the selected total polynomial 
order P used to construct the surrogate model, and (iii) the quadrature strategy 
adopted (Gauss–Patterson or delayed Gauss–Patterson). In practice, increasing 
either the number of stochastic variables or the total order increases the number 
of collocation points required to accurately represent the stochastic space. The 
quadrature rule determines how efficiently this space is sampled. 



For example, using six stochastic variables (r = 6) and a selected total order P = 5, 
the number of required simulations is N = 10, 625 with the Gauss–Patterson (GP) 
sparse grid and N = 1, 889 using the delayed Gauss–Patterson (DGP) approach. The 
DGP method therefore provides a substantial reduction in the number of 
deterministic simulations while maintaining comparable surrogate accuracy. 

The choice of P represents a trade-off between surrogate model 
convergence/accuracy and computational cost. Higher orders improve the ability 
of the surrogate model to represent nonlinear interactions between parameters 
but require more deterministic simulations. Because each deterministic 
simulation involves running a full numerical tsunami model, this stage determines 
the computational cost of the framework. 

For this reason, surrogate models can be constructed incrementally by truncating 
the polynomial expansion to lower orders (e.g., P = 4) and only generating 
additional deterministic simulations to reach the polynomial order needed for the 
convergence of the surrogate models (e.g., Pt = 6).” 

● These aspects should be specifically quantified and discussed for the considered 
case study. In any case, it would be important to provide guidelines for the 
application of the framework. 

Answer: To clarify this point, we rewrite the section  4.1 from line 506 in the manuscript 
as follows:  

“In summary, for each of the five selected zones, the Landslide-Tsurrogate v1.0 
framework is implemented with three stochastic variables: the along-isoline 
distance from the northernmost point (i.e., the point with the maximum latitude; 
D), the volume of the submarine landslide (V), and the friction angle (δ). These 
variables are defined using uniform probability distributions based on the range of 
physically plausible values derived from geological and geomorphological 
constraints, and expert knowledge: 

[equations remain unchanged] 

For the maximum total order corresponding to P = 6 and the delayed Gauss-
Patterson (DGP) sparse grid sampling selected for the Mayotte test case, the 
number of combinations of location, volume and friction angle that define the 
input parameters of the deterministic simulations is N = 207 per zone. This number 
results directly from the DGP sparse quadrature construction for r = 3 stochastic 
variables and a polynomial expansion of total order P = 6 [Eq. (14) to Eq. (18)]. In 
practice, the surrogate models are constructed using a training dataset consisting 



of N = 135 deterministic simulations per zone corresponding to Pt = 5, while the 
remaining 72 simulations are used as an independent testing dataset to assess the 
predictive performance and robustness of the surrogate model. Consequently, a 
total of 1035 deterministic simulations are required to construct and validate the 
surrogate models across the five defined zones. The choice of Pt = 5 represents a 
compromise between surrogate accuracy and computational cost and depends on 
the convergence of the surrogate models that will be further discussed in Section 
4.3.2. Lower orders may not adequately capture nonlinear interactions between 
landslide parameters, while higher orders would significantly increase the number 
of required deterministic simulations. For tsunami applications with a limited 
number of stochastic variables (typically r ≤ 5), polynomial orders Pt ∈ 4 . . . 6 
provide a suitable balance between accuracy and computational efficiency (e.g., 
Denamiel et al., 2019, 2020). 

More generally, the number of deterministic simulations required by the 
Landslide-Tsurrogate framework depends primarily on the number of stochastic 
variables and the selected polynomial order. In practical applications, it is 
recommended to (i) limit the number of stochastic variables to the most influential 
physical parameters and (ii) select a polynomial order that captures the dominant 
nonlinear behavior without excessively increasing the number of deterministic 
simulations. The computational cost associated with these deterministic 
simulations and the parallelization strategy adopted for the Mayotte test case are 
discussed in Section 4.2.1.” 

Answer: We also add the following paragraph at the end of section  4.2.1 in the 
manuscript:  

“Finally, to quantify the computational performance of the Landslide-Tsurrogate 
v1.0 framework for the Mayotte test case, the cost of the deterministic simulations 
required to construct the surrogate models using Multilayer HySEA is addressed. 
Each deterministic simulation required approximately 50 minutes of runtime when 
executed on 1 NVIDIA GPU A100 card (40GB) of the S-CAPAD/DANTE platform at 
IPGP, France. Because the simulations associated with the quadrature nodes are 
independent, the training dataset was generated using a parallel workflow in 
which multiple deterministic simulations were executed simultaneously. A total of 
1035 simulations were required to construct and validate the surrogate models 
across the five landslide zones considered in this study. When distributed across 6 
GPU cards, the total wall-clock time required to generate the full dataset was 
approximately 5.6 days, whereas the equivalent sequential runtime would be 



approximately 36 days. This parallelization strategy substantially reduces the 
computational burden associated with constructing the surrogate models and 
makes the framework tractable for large parameter studies or probabilistic hazard 
analyses involving multiple potential landslide sources.” 

2) In its current form, some parts of the manuscript read more like a user manual than a 
scientific paper. This is not merely a stylistic issue; rather, the presentation does not 
adequately convey the points of novelty, nor does it sufficiently emphasize the limitations 
and/or the assumptions of the proposed framework. Some sections (e.g., Section 3.2, 
Technical description) are not particularly relevant from a scientific perspective. Similar 
considerations apply to Figures 4, 5, and 13. In my view, both Section 3.2 and Figures 4, 5, 
and 13, should not be included in the main manuscript but rather provided as 
supplementary material. Therefore, I strongly recommend a reorganization of the 
manuscript aimed, on the one hand, at avoiding the “user manual” effect and, on the other 
hand, at emphasizing the novel aspects of the present work. 

Answer: We thank the reviewer for this constructive suggestion regarding the structure of 
the manuscript. We agree that some parts of the technical description may resemble a 
user-oriented documentation of the model. However, as this manuscript is submitted to 
Geoscientific Model Development, providing a clear and transparent description of the 
model implementation is an important requirement of the journal to ensure reproducibility 
and usability by the community. 

Following the reviewer’s recommendation and to improve the readability of the 
manuscript, we reorganize the paper accordingly. Section 3.2 (Technical description), 
which details the practical implementation of the Landslide-Tsurrogate framework, arel 
moved to the Appendix. This restructuring  allows the main manuscript to focus more 
strongly on the scientific aspects of the framework, including the methodological 
development, the probabilistic modelling strategy, and the application to the Mayotte case 
study, while still making the full technical description available for users interested in 
implementing the model. 

Regarding Figures 4, 5 and 13 these figures are also transferred to the Appendix together 
with the technical description they illustrate. 

Overall, this reorganization aims to maintain the level of transparency expected for model 
description papers while improving the focus and readability of the main manuscript. 

3) The limitations of the present framework are not adequately presented or discussed. This 
aspect also relates to point 1). While the proposed approach appears useful and promising, 
like any model it is affected by limitations and shortcomings. These should be more 
thoroughly discussed and clearly emphasized, particularly in view of applying the 



framework to generic sites rather than only the considered case study. I therefore 
recommend explicitly describing and discussing the limitations of the approach, possibly in 
a dedicated section or subsection. 

Answer: We thank the reviewer for this important comment. We agree that a dedicated 
section describing the limitations of the model is needed and is added as follows: 

“5. Limitations 

While the Landslide-Tsurrogate v1.0 framework provides an efficient approach for 
propagating uncertainties in landslide-generated tsunami hazard assessments, 
several limitations should be acknowledged. These limitations arise from the 
assumptions made in the representation of landslide sources, the deterministic 
numerical simulations used to construct the surrogate models, and the surrogate 
modelling approach itself. 

5.1 Surrogate modelling approach 

The Landslide-Tsurrogate v1.0 framework relies on gPCE to approximate the response 
of the deterministic landslide–tsunami simulations across the stochastic parameter 
space. While gPCE provides an efficient and mathematically rigorous surrogate 
modelling approach, it also introduces specific limitations that must be considered. 

First, the construction of a polynomial chaos surrogate requires that the quantity of 
interest be defined for all deterministic simulations corresponding to the quadrature 
nodes. In practice, this means that all model evaluations must return finite values. 
However, in tsunami simulations certain output variables—particularly those related 
to coastal inundation—may exhibit undefined or discontinuous behavior. For 
example, at locations where the tsunami does not reach the coastline for some 
parameter combinations, quantities such as maximum elevation, time of arrival or 
maximum speed extent may be zero or undefined, while they become positive for 
other combinations. These wet–dry transitions introduce discontinuities in the 
response surface that are difficult to represent accurately with polynomial 
expansions. 

Second, polynomial surrogate models generally perform best when the system 
response varies smoothly with respect to the stochastic parameters. In the context of 
landslide-generated tsunamis, strongly nonlinear processes such as shoreline 
interaction, or abrupt changes in landslide mobility can introduce localized 
nonlinearities or threshold effects. These behaviors may reduce the convergence rate 
of the polynomial expansion and lead to reduced surrogate accuracy unless 
sufficiently high polynomial orders are used. 



Finally, inundation-related quantities of interest, such as maximum run-up or flooded 
area, are particularly challenging to represent within the gPCE framework because 
they depend on complex wetting–drying dynamics and may exhibit non-smooth 
spatial patterns. For this reason, the present implementation primarily focuses on 
tsunami wave characteristics at locations outside of the inundation zone, where the 
response is generally smoother and more amenable to polynomial approximation. 
Extending the framework to accurately represent inundation processes may require 
alternative surrogate modelling strategies or hybrid approaches combining gPCE with 
other statistical or machine learning methods. 

5.2 Deterministic modelling strategy 

The accuracy of the surrogate models ultimately depends on the ability of the 
underlying deterministic numerical model to represent the physical processes 
governing landslide-tsunami generation, propagation, and coastal interaction. The 
surrogate model does not introduce new physical information but rather 
approximates the response of the deterministic model across the stochastic 
parameter space. Consequently, any simplifications or inaccuracies in the 
deterministic model are directly inherited by the surrogate model. 

In particular, the representation of submarine landslide dynamics may vary 
significantly depending on the assumptions made in the models  (e.g., rigid-block 
motion, depth-averaged granular flow models, or fully coupled hydro-mechanical 
approaches). The suitability of a given model depends on the characteristics of the 
considered site, including bathymetric complexity, sediment properties, and the 
expected failure mechanisms. For some environments, simplified landslide 
parameterizations may provide reasonable approximations of tsunami generation, 
whereas other cases may require more advanced three-dimensional or multilayer 
models to capture complex flow behavior and landslide–water interactions. The 
present framework is therefore not tied to a specific deterministic model but relies on 
the user to select an appropriate model for the site under investigation. 

Furthermore, in the Mayotte test case, submarine landslides are represented using 
simplified geometric parameterizations (e.g., paraboloid shapes for the initial mass 
released) and a limited number of stochastic variables describing their location, 
volume, and rheological properties. While this representation allows the 
dimensionality of the stochastic space to remain manageable, it necessarily 
simplifies the complex geometry and mechanical behavior of real submarine 
landslides. 



Natural submarine slope failures may involve irregular geometries, heterogeneous 
sediment properties, progressive failure mechanisms, or multi-stage collapses. Such 
processes may not be fully captured by simplified parametric representations. As a 
result, the surrogate models should be interpreted as providing probabilistic 
estimates of tsunami hazard for a range of idealized landslide scenarios rather than 
precise predictions of specific failure events. 

5.3 Dimensionality of the stochastic parameter space 

The efficiency of the surrogate modelling approach depends strongly on the number 
of stochastic variables used to describe the system. As the number of uncertain 
parameters increases, the number of deterministic simulations required to construct 
accurate polynomial surrogate models grows rapidly. Although sparse quadrature 
methods substantially reduce the number of required simulations compared with full 
tensor grids, the approach may still become computationally demanding when the 
dimensionality of the stochastic space is large. 

For this reason, the framework is best suited to applications where the dominant 
sources of uncertainty can be represented by a relatively small number of stochastic 
variables (up to 6). In practice, careful parameter selection and sensitivity analysis 
may be necessary to identify the most influential parameters and avoid unnecessary 
expansion of the stochastic space. 

5.4 Representation of uncertainty 

The Landslide-Tsurrogate framework represents uncertainty through prior probability 
distributions assigned to the stochastic variables describing landslide characteristics 
and environmental conditions. The definition of stochastic variables and their 
probability distributions are inherently site dependent. Bathymetric conditions, 
sediment characteristics, tectonic setting, and coastal morphology all influence 
landslide dynamics and tsunami propagation.  

However, in many practical applications, the available geological and geotechnical 
information may be limited, and the choice of probability distributions may rely partly 
on expert judgment or regional analogues. Due to these limitations, the prior 
distributions of all stochastic variables are assumed uniform in the current version of 
the Landslide-Tsurrogate framework. As a result, the probabilistic outputs of the 
framework reflect both natural variability and epistemic uncertainty associated with 
limited knowledge of the system. 

Future applications could benefit from improved constraints on landslide occurrence, 
sediment properties, and triggering mechanisms, which would allow more realistic 



parameter distributions to be defined. Consequently, future developments of the 
Landslide-Tsurrogate framework should include the possibility to build surrogate 
models with non-uniform prior distributions of the stochastic variables.   

In summary, the Landslide-Tsurrogate framework should be viewed as a flexible 
methodological approach that can be adapted to different environments. Applying the 
framework to other sites requires careful consideration of the local geological setting, 
the selection of appropriate deterministic models, and the definition of stochastic 
variables that adequately represent the dominant uncertainties affecting landslide-
generated tsunamis.” 

 Specific points: 

● L79-80. “Since monitoring such landslide-generated tsunamis is not currently state-of-the-
art, achieving this goal necessitates a numerical modeling approach.” It is not clear what 
the Authors meant with this sentence. Please, explain/reformulate/remove. 

Answer: We thank the reviewer for pointing out that the sentence was unclear. Our 
intention was to emphasize that submarine landslides themselves are rarely monitored or 
detected in real time, which makes numerical modelling approaches necessary for hazard 
assessment. The sentence is removed. 

● L80-81. “However, executing ensembles of landslide-tsunami simulations in real time is 
computationally prohibitive.” It is not clear to me why ensembles simulations should be 
performed in real-time. PTHA is based on carrying out many simulations before the 
potential event, aiming at exploring the uncertainty in the parameters space. Based on the 
results of the PTHA real-time simulations might not be computationally expensive. In fact, 
they are currently used for Tsunami Early Warning Systems (TEWS) purposes. 

Answer: We thank the reviewer for this comment. Our intention was not to suggest that 
ensembles must necessarily be performed in real time. Rather, we intended to emphasize 
that exploring the large uncertainty associated with submarine landslide parameters 
requires evaluating many tsunami simulations, which can be computationally expensive 
when using full numerical models. We reformulate the sentence in the revised manuscript 
to clarify this point and avoid confusion with the scenario databases used in operational 
Tsunami Early Warning Systems: 

“In this context, the uncertainty associated with submarine landslide parameters 
needs to be fully explored through the evaluation of large ensembles of landslide–
tsunami simulations. Running such ensembles with complex deterministic numerical 
models can be computationally prohibitive, which motivates the development of 



surrogate modeling approaches capable of rapidly approximating the system 
response across the parameter space.” 

● L308-310. “The balance between numerical cost and accuracy is thus constraint by the 
availability of computational resources which, practically, plays a crucial role on the choice 
of the numerical model and simulation setup.” See comment 1). 

Answer: please see reply in point 1) above. 

● L663-665. “Across all zones and most locations, landslide volume emerges as the 
dominant contributor to output variance of the maximum elevation and speed, with its 
sensitivity index typically approaching or exceeding 0.75. This finding underscores the 
central role of landslide magnitude in determining tsunami hazard intensity. The landslide 
location shows variable importance depending on the region and metric.” These are 
expected and well-known aspects, not new findings of the present work. Please, 
reformulate/remove. 

Answer:  

“Across all zones and most locations, landslide volume emerges as the dominant 
contributor to the output variance of the maximum elevation and flow speed, with its 
sensitivity index typically approaching or exceeding 0.75. This result is consistent with 
the established understanding that the magnitude of the failing mass strongly 
controls the intensity of landslide-generated tsunamis. Rather than representing a 
new physical insight, this outcome provides an important consistency check, 
confirming that the surrogate modeling framework correctly reproduces the expected 
physical sensitivities of the system. 

In contrast, the landslide location shows a more variable influence depending on the 
region and the considered metric, reflecting the role of local bathymetric conditions 
and coastal geometry in modulating tsunami propagation and coastal impacts.” 

● L692-693. “An important aspect of the Mayotte submarine landslide test case is the 
emphasis on user-friendly interfaces (Fig. 13) that allow both researchers and decision-
makers to interact with probabilistic tsunami hazard data efficiently.” I am not sure about 
the usefulness of Figure 13 as it is not clear the scientific content of the figure itself. See 
comment 2). I suggest removing this figure and/or providing it as an appendix/supporting 
information. The same considerations apply to Figures 4, 5, Section 3.2 Technical 
description. 

Answer: please see reply in point 2) above. 

  



Reviewer #2 

Major comments: 

1) Suitability and transferability of the framework need to thoroughly addressed/clarified. At 
the first point what makes this surrogate toolbox tailored for applying to landslide tsunamis 
and not any other type of tsunamis. The output parameters of the deterministic model for 
training the surrogates are tsunami characteristics but this could be valid for any generation 
mechanism. Are the stochastic variables specific to landslide physical/geometric 
characteristics? If that is so, what is the range of variables that can be used with respect to 
influence for tsunamigenesis, such as the initial depth of the submarine landslide, that are 
not being studied.  

Answer: We thank the reviewer for raising this point regarding the specificity and 
transferability of the Landslide-Tsurrogate framework. We clarify that the presented 
framework is tailored to landslide-generated tsunamis because the stochastic variables 
correspond to physical and geometric characteristics of submarine landslides, such as 
landslide volume and shape and friction angle in the landslide rheological law. While 
tsunami characteristics are indeed the outputs of the deterministic simulations, the input 
space is specifically designed to reflect uncertainties associated with landslide initiation 
and dynamics, which are unique to landslide tsunamis. However, the gPCE method can 
and is currently used to generate surrogate models for tsunamis generated by other 
sources (e.g., for meteotsunamis generated by atmospheric disturbances).   

Regarding the depth of the landslide, we note that it is not treated as an independent 
stochastic variable. Instead, it emerges naturally from the site-specific conditions that 
determine where landslides are likely to occur. These conditions can be informed by a 
variety of data sources, including bathymetry, geotechnical surveys, and geophysical 
investigations, depending on the site. As a result, the influence of depth on tsunamigenesis 
is inherently captured without needing to explicitly sample it as a separate stochastic 
parameter. 

To clarify the rationale behind the stochastic variables and the site-specific nature of the 
inputs, we rewrite section  3.1 1) User Specifications*, in the manuscript as follows:  

“This step involves defining the stochastic variables used to represent the uncertain 
characteristics of potential submarine landslides. These variables describe the 
physical and geometric properties of the landslide source and can be grouped into 
three main categories: (i) soil parameters, such as cohesion, friction angle, and 
density; (ii) landslide geometry, including the thickness, length, width, and orientation 
of the shapes used to represent the landslide volume initially released; and (iii) initial 



conditions, such as the mean sea level, which may vary due to tidal fluctuations and 
long-term sea-level rise. In principle, the initial released mass and failure 
characteristics of a submarine landslide could be determined using mechanical slope 
stability models that incorporate measured soil properties (e.g., density, cohesion, 
internal friction angle), as well as hydrogeological conditions, structural 
discontinuities, and fault networks. However, such detailed information is rarely 
available for offshore environments. Consequently, many landslide properties remain 
poorly constrained and represent a major source of epistemic uncertainty in 
landslide-tsunami hazard assessment. 

Within the Landslide-Tsurrogate v1.0 framework, these uncertainties are explicitly 
represented through stochastic variables. Potential landslide locations, for example, 
may be identified using geomorphological indicators such as steep seabed slopes, 
sediment accumulations, previously mapped instability features or areas 
experiencing high seismicity. 

Landslide volumes, geometric parameters, and rheological properties can then be 
sampled within plausible ranges derived from regional geological knowledge, 
previous studies, or expert judgment. Similarly, mean sea level can be treated as an 
additional stochastic variable to capture the nonlinear interactions between tsunami 
propagation, tidal variability, and long-term sea-level rise. 

By representing the uncertain landslide characteristics using a limited set of 
stochastic variables (e.g., location, volume, friction angle, and sea level), the 
dimensionality of the problem can be kept manageable while still capturing the 
dominant sources of uncertainty affecting landslide-generated tsunamis. These 
variables define the stochastic parameter space used to generate the deterministic 
landslide-tsunami simulations required to construct the surrogate models. The 
stochastic space is subsequently sampled using sparse quadrature rules, allowing 
the surrogate models to efficiently approximate the response of the deterministic 
simulations across the range of possible landslide scenarios. 

Finally, it is important to note that the definition of stochastic variables and their 
ranges is inherently site dependent. Some uncertainties reflect natural variability in 
environmental conditions (aleatory uncertainty), while others arise from limited 
knowledge of subsurface properties and landslide triggering mechanisms (epistemic 
uncertainty). The proposed framework does not prescribe a unique parameterization 
but instead provides a flexible structure for propagating these uncertainties through 
the deterministic simulations.” 



● In general, I would place the information on the experimental design earlier in 
the manuscript. 

2) Following the point above, it needs to be clarified whether the framework is suited 
for subaerial landslide tsunamis (as the dynamics of such events differ significantly 
from their submarine counterparts) and how transferable it may be across different 
bathymetric domains. 

Answer: The two above points as well as the first point of the minor comment section ware 
addressed by partially rewriting the introduction (L55) as follows:  

“In this study, a surrogate modeling framework specifically designed to support 
probabilistic tsunami forecasting (PTF) workflows for landslide-generated tsunamis is 
presented: the Landslide-Tsurrogate v1.0 model. The framework combines sparse grid 
sampling (Smolyak, 1963; Gerstner and Griebel, 1998; Constantine et al., 2012) with 
generalized Polynomial Chaos Expansions (gPCE; Xiu and Karniadakis, 2002; Soize 
and Ghanem, 2004) in order to approximate the response of computationally 
expensive tsunami models while requiring only a limited number of deterministic 
simulations and simultaneously providing direct access to sensitivity indices and 
uncertainty quantification metrics. Consequently, gPCE-based surrogate modeling 
offers an efficient alternative to machine learning approaches that often require 
extensive training data and may provide limited interpretability regarding the 
influence of uncertain input parameters. 

Importantly, this surrogate modeling strategy is not tied to a specific tsunami 
generation mechanism. The gPCE approach approximates the response of the 
numerical tsunami model as a function of a set of uncertain input parameters, and is 
therefore applicable to any tsunami source that can be parameterized with a finite set 
of inputs. The main adaptation required for different tsunami sources lies in the 
definition of these input variables and their probability distributions. The framework 
can therefore be readily adapted to other tsunami sources provided that the dominant 
uncertain parameters controlling tsunami source generation can be identified. For 
example, in the case of submarine landslides considered in this study, the stochastic 
variables describe the physical and geometrical properties of the landslide (e.g., 
location, volume, etc.). In the case of sub-aerial landslides entering the ocean, if the 
model does not describe the sub-aerial flow, the parameters could also include the 
landslide mass entering the water, the entry velocity, the impact geometry, or the 
impact location. Similarly, for seismic tsunamis, the stochastic variables may 
represent earthquake source parameters such as fault slip, rupture length, or 
hypocentral location. Finally, for the forecast of atmospheric tsunamis (or 



meteotsunamis), the methodology has already been applied by defining the 
parameters of pressure disturbances (e.g., amplitude, direction, speed, period, etc.) 
driving these events in the Adriatic Sea (Denamiel et al., 2019, 2020). [the rest of the 
introduction remain unchanged from L57: This broadly applicable approach …]” 

3) The authors should improve the readability of the manuscript as it is currently limited, the 
current form would be more suited for a chapter. Consider moving some sub-sections (in 
sections 2 or 3) of the manuscript as appendix or supplementary material to highlight the 
novelty of the work, (plus more on experimental design) and increase readability. 

Answer: We thank the reviewer for this constructive suggestion regarding the structure of 
the manuscript. We agree that some parts of the technical description may resemble a 
user-oriented documentation of the model. However, as this manuscript is submitted to 
Geoscientific Model Development, providing a clear and transparent description of the 
model implementation is an important requirement of the journal to ensure reproducibility 
and usability by the community. 

Following the reviewer’s recommendation and to improve the readability of the 
manuscript, we reorganize the paper accordingly. Section 3.2 (Technical description), 
which details the practical implementation of the Landslide-Tsurrogate framework, is 
moved to the Appendix. This restructuring allows the main manuscript to focus more 
strongly on the scientific aspects of the framework, including the methodological 
development, the probabilistic modelling strategy, and the application to the Mayotte case 
study, while still making the full technical description available for users interested in 
implementing the model. 

Figures 4, 5 and 13 are also transferred to the Appendix together with the technical 
description they illustrate. 

Overall, this reorganization aims to maintain the level of transparency expected for model 
description papers while improving the focus and readability of the main manuscript. 

4) The term PTHA appears many times within the manuscript. Current literature for PTHA 
usually refers to the scientific method that quantifies the probability of a specific location 
experiencing a tsunami of a certain intensity within a given timeframe. Under these terms 
the return period of the tsunamigenic landslides is also being considered, meaning we 
assess the probability of when a 1 in 500 or a 1 in 50 years event is expected. Although the 
hazard is studied probabilistically, the concept of time is not considered in this work I would 
refrain from using this term to be consistent with current terminology. 



Answer: We thank the reviewer for this important comment. We agree that the term PTHA 
should not be applied in this context and remove its use from the manuscript and replace it 
with probabilistic tsunami forecast (PTF).  

5) L255 User specification: this section should be further clarified in terms of what can be 
achieved within this framework (also point 1). There are also some important variables in 
tsunamigenesis that need to be highlighted here such as the depth of the landslide, mode of 
failure, initial acceleration, maximum velocity, runout etc. It needs to be clarified whether 
these are assessed. 

Answer: please see answer to point 1). Concerning the important variables in 
tsunamigenesis, for the Mayotte test case specifically, we indeed do not simulate the 
failure mechanism itself. Instead, we prescribe an initial landslide volume released 
instantaneously with zero initial velocity. The numerical model then dynamically computes 
the subsequent evolution, including maximum velocity and runout distance, which 
therefore do not need to be prescribed as input parameters. 

We would like to stress, however, that this choice is case-specific and does not reflect a 
limitation of the Landslide-Tsurrogate model. The framework is inherently flexible and can 
accommodate different modelling strategies depending on the application. In particular, it 
can be adapted to include more complex or physically-based representations of the failure 
process, as well as alternative parameterizations of landslide dynamics when such 
information is available or required. To clarify this point, we expand section  3.1 3) 
Deterministic Simulations*, in the manuscript as follows: 

“This step primarily involves selecting and running a numerical model to simulate 
the landslide-generated tsunamis based on the input parameters generated in the 
previous step. The surrogate models developed in Landslide-Tsurrogate v1.0 are 
trained on deterministic tsunami simulations, which therefore constitute a 
fundamental component of the overall framework. The choice of the numerical 
model used to generate these simulations should be guided by the physical 
complexity of the system considered. Depending on the characteristics of the 
landslide source, the bathymetry, and the relevant hydrodynamic processes, 
different levels of model complexity may be required. In some cases, depth-
averaged shallow-water models may provide adequate accuracy for hazard 
assessment, while in other settings more sophisticated approaches, such as 
dispersive or fully three-dimensional models, may be necessary to properly 
represent the generation mechanism and the resulting wave field. The surrogate 
model does not impose constraints on the deterministic solver and can in 
principle emulate the outputs of any numerical model, provided that the training 



dataset sufficiently samples the parameter space and that the underlying 
simulations capture the relevant physical processes. Consequently, the reliability 
of the probabilistic hazard estimates ultimately depends on the adequacy of the 
deterministic model used to generate the training simulations. [the rest of the 
section (describing different models available) remains unchanged]” 

6) Section 4 Mayotte test case: More information on the design of experiments is needed as 
to why the three stochastic variables selected take precedence over other important 
landslide properties for tsunami generation. 

Answer: we explicitly justify the choice of the three stochastic variables for the Mayotte 
application by modifying the paragraph at line 485 in subsection 4.1 Steps 1 and 2: User 
Specifications and Input Parameters: 

“Additionally, in the context of the on-going seismo-volcanic activity, Lemoine et 
al. (2020), Poulain et al. (2022) and Marbœuf et al. (2025) already implemented 
numerical simulations of potential submarine landslides and associated tsunamis 
in Mayotte. First, they showed that the most impacting submarine landslide 
scenarios were located on a large portion of the transition between the lagoon and 
offshore zones, presenting the steepest slopes and could have a volume that 
varied greatly depending on these locations. Second, they also highlighted the 
uncertainties around the friction angles in the landslide rheology and their high 
impact on the granular flow and deposit. Finally, of all the free parameters 
involved in their model, they 

demonstrated that these friction angles have the strongest impact on the wave 
field, compared, for example, to the Manning coefficient and the interlayer friction 
coefficient. Consequently, based on these previous studies, in this first attempt to 
apply the Landslide-Tsurrogate v1.0 framework in Mayotte, the number of 
stochastic variables is limited to three: location, volume and friction angle. 

In practice, within the Landslide-Tsurrogate framework, Mayotte submarine 
landslides are pragmatically located along the isolines of steepest slope 
(extracted from high-resolution bathymetry) close to the seismic swarm related to 
the seismo-volcanic activity. [the rest of paragraph line 489 remains unchanged.] ” 

7) L523 1035 simulations carry an associated computational cost for training with 3 
parameters, even though across five regions. Have any tests been performed to understand 
whether convergence can be achieved with a smaller of simulations? 

Answer: The results concerning the convergence of the surrogate models are presented in 
section 4.3.2 1). They are calculated for orders between 0 and 6  and clearly demonstrate 



that the optimum balance between cost and accuracy is obtained for p=5. However, to 
further quantify the cost of the deterministic simulations, we add the following paragraph 
at the end of section  4.2.1 in the manuscript:  

“Finally, to quantify the computational performance of the Landslide-Tsurrogate v1.0 
framework for the Mayotte test case, the cost of the deterministic simulations 
required to construct the surrogate models using Multilayer HySEA is addressed. Each 
deterministic simulation required approximately 50 minutes of runtime when 
executed on 1 NVIDIA GPU A100 card (40GB) of the S-CAPAD/DANTE platform at IPGP, 
France. Because the simulations associated with the quadrature nodes are 
independent, the training dataset was generated using a parallel workflow in which 
multiple deterministic simulations were executed simultaneously. A total of 1035 
simulations were required to construct and validate the surrogate models across the 
five landslide zones considered in this study. When distributed across 6 GPU cards, 
the total wall-clock time required to generate the full dataset was approximately 5.6 
days, whereas the equivalent sequential runtime would be approximately 36 days. 
This parallelization strategy substantially reduces the computational burden 
associated with constructing the surrogate models and makes the framework 
tractable for large parameter studies or probabilistic hazard analyses involving 
multiple potential landslide sources.” 

8) L670-672 Basal friction influences the acceleration and maximum velocity of a landslide 
which are both important parameters on the magnitude of tsunamis. How do the findings of 
friction not playing an important role compared to studies of similar type? 

Answer: The friction does play an important role (see Marboeuf et al. (2025) for example). 
But the volume and location are much more influential than the friction angle. This is 
commented on lines 671: “Its role appears minor compared to volume and location”. 

9) L707 An important question here is how these 1000 hypothetical scenarios add to the 
knowledge of the hazard that could not be acquired with the 200 computational runs. 
Beyond speed what are the additional gains of the surrogate modelling. 

Answer: We thank the reviewer for the comment and the opportunity to clarify the role of 
the surrogate model. While the 200 deterministic simulations provide a discrete set of 
possible landslide-tsunami scenarios, they are limited in terms of coverage of the 
stochastic parameter space. The surrogate model, once trained on these deterministic 
simulations, allows rapid evaluation across a much larger number of stochastic 
realizations (e.g., 1,000 or more) without additional full numerical simulations. 

This expansion provides two main benefits beyond computational speed: 



1) Enhanced probabilistic representation of hazard: By efficiently sampling the 
stochastic parameter space, the surrogate model captures the full range of 
potential landslide characteristics and their resulting tsunami impacts, allowing for 
more robust statistical estimates of wave heights, arrival times, and maximum 
speed probabilities. 

2) Flexibility for scenario analysis: Surrogate models can explore combinations of 
landslide parameters that were not explicitly simulated in the original deterministic 
runs, supporting sensitivity analyses, risk quantification, and decision-making 
under uncertainty. 

In short, the surrogate does not replace the deterministic simulations but amplifies their 
value, providing a probabilistic hazard assessment that would be computationally 
prohibitive with only full numerical simulations. We clarify this in the revised manuscript to 
highlight the additional gains of the surrogate modeling framework. 

To clarify this aspect we modify the manuscript (L706-L714) as follows: 

“However, the physical constraints of the Mayotte setting highlight the short delay 
between the landslide and the impact on the coast (a few minutes in some cases). 
Consequently, running deterministic simulations in real time, even with rapid 
computational tools, may be challenged by the speed of tsunami onset. Once 
trained using the deterministic simulations, the Landslide-Tsurrogate v1.0 
framework enables rapid exploration of the stochastic parameter space 
describing potential submarine landslides. In this study, the probabilistic hazard 
associated with 1, 000 stochastic realizations of landslide parameters at 211 
coastal locations along Petite Terre can be evaluated in less than 2 seconds on any 
laptop while the same number of deterministic simulations would run in about 6 
days across 6 GPU cards. This capability makes it possible to characterize the 
statistical variability of tsunami impacts across a large number of plausible 
landslide scenarios, which would be computationally impractical using only full 
deterministic simulations.  

The resulting probabilistic simulations (Fig. 11) indicate that tsunamis generated in 
the Piton zone can reach the airport and nearby settlements in less than three 
minutes for a significant subset of the explored scenarios. This result highlights 
the extremely short warning times associated with nearby submarine landslide 
sources and illustrates how the surrogate framework enables rapid evaluation of 
arrival-time distributions across a wide range of possible landslide parameters. 
Such short warning times strongly limit the feasibility of traditional evacuation 



strategies and emphasize the need for complementary adaptation measures. 
These may include vertical evacuation shelters, reinforced structures, pre-
identified safe zones, clear evacuation protocols, and automated alert systems—
strategies that have been studied in Mayotte (Leone et al., 2023) and implemented 
in other tsunami-prone regions such as Japan and Indonesia.” 

 

Minor points: 

● Introduction There are several approaches for building surrogate model, it would be 
good to have an understanding upfront in the introduction why this method is 
attractive and how this work contributes to other works on machine learning for 
landslide tsunamis. 

Answer: please see answer to point 1) 

● L78-80 I agree, however it also needs to be stressed that real-time forecasting is still 
cumbersome as often there is no information on the magnitude of the tsunamigenic source 
when it comes to landslides. Surrogates are useful to provide a quantification of the 
uncertainty in that sense. 

Answer: We thank the reviewer for pointing out that the sentence was unclear. Our 
intention was to emphasize that submarine landslides themselves are rarely monitored or 
detected in real time, which makes numerical modelling approaches necessary for hazard 
assessment. The sentence is removed. 

● L500 please specify these values refer to basal friction rather than internal friction? 

Answer:  Yes these values refer to basal friction. Note, however, that basal friction 
accounts empirically for all dissipative processes occurring within the flow. 

● L507 please clarify what is considered the northernmost point? 

Answer: We thank the reviewer for pointing out that this definition was not sufficiently 
explicit. The “northernmost point” refers to the point with the maximum latitude along the 
considered isoline of steepest slope, which is used as the reference point from which the 
along-isoline distance D is measured. This clarification is added to the manuscript as 
follows:  

“In summary, for each of the five selected zones, the Landslide-Tsurrogate v1.0 
framework is implemented with three stochastic variables: the along-isoline 
distance from the northernmost point (i.e., the point with the maximum 



latitude; D), the volume of the submarine landslide (V ), and the friction angle 
(δ). These variables are defined using uniform probability distributions based 
on the range of physically plausible values derived from geological and 
geomorphological constraints, and expert knowledge:” 

● Figure 1 needs to be improved as the regions are not clearly seen in the larger map. 

Answer: We thank the reviewer for pointing out that the figure could be improved for 
clarity. Figure 1 is replaced with the new figure below.  

 

Figure 1. Location of the study area. (a) and (b) General maps (Map source: ESRI World 
Physical Map). The rectangle in (a) gives the extent of the map in (b), and the rectangle 



in (b) the extent of map in (c).  (c) Mayotte lagoon geomorphology including Grande 
Terre, Petite Terre and Piton locations. (Map source: Google Satellite). 

● 4.2.1 More information is needed on the computational cost and spatial resolution, 
bathymetry data sources of the deterministic simulations.  

Answer: Concerning the computational cost, please see answer to point 7) above. 
Concerning the bathymetric data sources, spatial resolution, and computational grid used 
in the deterministic simulations, information was already provided in Section 4.2.1. In 
particular, the topo-bathymetric dataset originates from Lemoine et al. (2020) and 
combines multiple sources with resolutions ranging from 1 m to 100 m, which were 
merged to construct an initial 10 m Digital Elevation Model (DEM). For the tsunami 
simulations, this DEM was resampled to a 30 m resolution in order to provide a suitable 
compromise between spatial accuracy and computational efficiency. 

To improve clarity, we expand and reorganize the corresponding paragraph in the revised 
manuscript to make these aspects more explicit, including the data sources, grid 
resolution, and computational domain used in the deterministic simulations: 

“The topo-bathymetric dataset used in this study is derived from the compilation 
presented by Lemoine et al. (2020), which combines multiple data sources with 
spatial resolutions ranging from 1 m to 100 m. These datasets were merged to 
construct an initial Digital Elevation Model (DEM) with a horizontal resolution of 10 
m. For the deterministic tsunami simulations, this DEM was resampled to a 30 m 
resolution by removing rows and columns from the raster grid. Keeping in mind the 
total number of 1035 simulations to be performed, this resolution was selected as 
a compromise between spatial accuracy and computational efficiency while 
maintaining a realistic representation of the coastal and nearshore bathymetry. 
The computational domain covers a 21 × 25.5 km area defined by the local 
coordinate bounds [xmin, xmax] × [ymin, ymax] = [520075, 541075] × [8570890, 
8596390] in the EPSG:4471 (RGM04 / UTM zone 38S) coordinate system.” 

● L570 There is some freedom across the values of paraboloid length, width and 
thickness that result in similar values, how were these determined? 

Answer: The paraboloid length, width and thickness are fully determined by the parametric 
optimization to reach the targeted volume. The triplet length, width and thickness is not 
unique for a given volume but we just need one triplet to produce the failure surface and 
properly initialize Multilayer HySEA.  



● L570 Please clarify why the value of 211 locations (not more or less) is chosen, is 
this associated to a spatial interval in the deterministic runs?  

Answer: We thank the reviewer for this comment. The 211 locations correspond to target 
points distributed along the Petite Terre coastline in areas where the hazard assessments 
are required. These points are placed along the coastline at nearshore depths of 
approximately 1.0–1.5 m in order to capture tsunami characteristics immediately offshore 
of the inundation zone. The number of points therefore results from the spatial 
discretization of the coastline determined by the resolution used to produce the 
deterministic simulations. We clarify this point in the revised manuscript as follows:  

“To provide PTF along all vulnerable Petite Terre coastal areas, the surrogate 
models are built pointwise (i.e., with no spatial correlation between the sites) at 
targeted depths of 1.0 − 1.5 m outside of the inundation zone. These target 
locations are distributed along the Petite Terre coastline in areas where inundation 
maps are required for risk reduction, emergency preparedness, and evacuation 
planning. Practically, the spatial discretization used in the deterministic 
simulations leads to a total of M = 211 coastal target points (Fig. 7).” 

● L595 as inundation is not studied in this work since the emulators are offshore, please 
remove the word inundation as this can be confusing for the reader. 

Answer: To avoid any confusion the sentence is modified as follows: 

“For each landslide scenario, tsunami propagation is simulated, and relevant 
hazard metrics such as maximum tsunami elevation, maximum tsunami speed 
and time of arrival are extracted at the coastal target points.” 

 

 


