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Abstract

Landslides are recognised as one of the most widespread mass-wasting processes that
modify the surface of Mars. Understanding the distribution of these processes is essential
for identifying areas where slope failure conditions may occur and the factors that most
strongly influence their occurrence. This study utilises a Frequency Ratio (FR) landslide
susceptibility method to a landslide inventory in Valles Marineris, considering three land-
slide types. The analysis involves conditioning factors derived from topographic and
structural data. The results underline the influential role of morphometric parameters
in controlling landslide occurrence, with steep slope classes and high local relief values
showing the strongest positive correlations with landslide distribution. The predictive
performance of the susceptibility models is supported by Area Under the Curve (AUC) val-
ues of 0.82 for Slumps, 0.78 for Rock Avalanches, and 0.75 for Debris Flows, indicating
good model reliability. Proximity to tectonic structures appears to contribute to landslide
occurrence, suggesting that structurally weakened rock masses or past seismic activity
may influence slope instability in the region. Overall, the results display the potential of
statistical landslide susceptibility approaches for analysing slope instability processes in
planetary environments and provide a new toolkit for future investigations on Mars.

Keywords: Mars; landslides susceptibility; Valles Marineris; data-driven analysis

1. Introduction

The study of landslides has long been a central topic in geomorphological research,
providing key insights into the surface dynamics of Earth and, more recently, of other
planetary bodies. These gravity-driven processes offer valuable information about the
geological, tectonic, environmental, and even internal evolution of the surfaces on which
they occur. Although landslide investigations have traditionally focused on terrestrial
environments [1,2], the growing availability of high-resolution data from orbital missions
and planetary rovers has enabled the extension of such studies to airless bodies or planets
characterised by extreme environmental conditions, including low gravity, the absence
or rarity of an atmosphere, large temperature fluctuations, and the lack of liquid water.
Notable examples include the Moon [3-5], Mars [6,7], Mercury [8], and several icy satellites
in the Solar System [9,10]. Comparative analyses of landslides across these diverse planetary
settings are therefore important not only for understanding local geological processes,
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but also for testing and validating theoretical models of slope instability under extreme
physical conditions.

In this context, Mars stands out among planetary bodies for its morphological di-
versity and strong similarities to terrestrial landscapes, making it a natural laboratory
for landslide studies. Large-scale landslide deposits have been documented since the
Viking missions [11] and have since been examined in greater detail using high-resolution
datasets from the Mars Orbiter Laser Altimeter (MOLA) [12], the High Resolution Imaging
Science Experiment (HiRISE) [13], and the Context Camera (CTX) [14]. Early work by Luc-
chitta [15] emphasised the potential role of ground ice and wet debris flows in triggering
slope failures. A subsequent study by Lucas & Mangeney [16] explored the influence of
topography and slope mechanics on landslide mobility, introducing geomorphometric
parameters specifically adapted to Martian environments. More recently, three-dimensional
numerical modelling by Barzegar et al. [17] demonstrated the effectiveness of combining
the Finite Element Method (FEM) with the Strength Reduction Method (SRM) to evaluate
slope stability under Martian conditions. Schultz et al. [18] investigated the contribution
of tectonic stresses to slope instability, while Discenza et al. [19] reported new evidence of
mass wasting in Sisyphi Cavi, where internal material weakening and ice sublimation are
proposed as key preparatory mechanisms.

Focusing on the specific study area analysed in this research, Valles Marineris rep-
resents one of the most extensively studied regions on Mars with respect to large-scale
landslides, owing to its extreme relief, steep canyon walls, and widespread evidence of
mass wasting. Early pioneering works by Lucchitta [20] documented numerous large
landslide deposits within the canyon system and proposed that ground ice, transient liquid
water, and debris flow processes may have played a significant role in slope failure initia-
tion. Subsequent investigations refined the geomorphological classification of landslide
types in Valles Marineris, identifying rock avalanches, rotational slides, and complex mass
movement deposits (e.g., [21,22]). Using high-resolution orbital imagery and topographic
datasets, researchers have analysed landslide runout, deposit morphology, and mobility,
revealing unusually long travel distances that suggest low basal friction and potential lu-
brication mechanisms [23]. Later studies incorporated numerical modelling approaches to
explore the mechanical behaviour and stability of canyon slopes, highlighting the influence
of lithological layering, structural discontinuities, and seismic or tectonic forcing as poten-
tial destabilising factors [24]. More recent work has emphasised the role of volatile-rich
materials, ice sublimation, and long-term internal weakening in preconditioning slopes
to failure, reinforcing the interpretation of Valles Marineris as a key natural laboratory for
understanding mass wasting under Martian environmental conditions [19].

Several regional and global investigations have examined the large-scale distribution
of mass movements in Valles Marineris, providing a framework comparable to terres-
trial landslide susceptibility analysis. Global inventories of Martian landslides reveal that
Valles Marineris hosts one of the highest concentrations of slope failures on the planet,
reflecting the combined influence of extreme relief, lithological heterogeneity, and tec-
tonic weakening [25,26]. Spatial statistical analyses indicate that landslide occurrence is
strongly correlated with morphometric parameters such as slope angle, local relief, ele-
vation gradients, and curvature, supporting the interpretation that predisposing factors
operate at regional rather than purely local scales [27]. Structural and tectonic studies
further suggest that fracture networks, fault zones, and stress field orientations exert a
first-order control on the spatial clustering of slope instabilities within the canyon sys-
tem [28]. In addition, regional-scale geomorphological mapping of Martian canyons has
highlighted systematic associations between mass-wasting deposits, layered bedrock units,
and long-term erosional processes, reinforcing the view that landslide susceptibility in
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Valles Marineris is governed by persistent geological and mechanical controls rather than
transient climatic forcing [29,30].

Within this framework, the main contribution of the present study lies in the applica-
tion of a predictive statistical approach, widely used in terrestrial landslide susceptibility
assessments, to the Valles Marineris region on Mars. While previous investigations have
primarily focused on site-specific geomorphological analyses, kinematic reconstructions, or
deterministic numerical modelling of slope failures, regional-scale approaches capable of
spatially identifying areas potentially prone to landsliding remain limited to the work of
Roback & Ehlmann [27].

In particular, the present work explores the spatial distribution of morphometric
factors that may predispose canyon slopes to failure, with the aim of identifying sectors
where the topographical and mechanical conditions could favour landslides potentially
triggered by seismic shaking. The hypothesis that Martian landslides may be initiated
by seismic activity related to tectonic stresses or impact-induced ground motion has been
proposed in several studies, highlighting the importance of evaluating slope stability within
a broader regional susceptibility framework (e.g., [31,32]).

On Earth, landslide susceptibility mapping has become a consolidated tool in geo-
morphology and hazard assessment, relying on the statistical correlation between mapped
landslide occurrences and a set of conditioning factors. Among the various approaches
developed over the past decades, the Frequency Ratio (FR) method, summarised in Figure 1,
has been extensively validated due to its conceptual simplicity, robustness, and effectiveness
in identifying relationships between landslide distribution and environmental variables
(e.g., [33,34]).

Transferring this methodology to Mars represents a significant methodological step.
Unlike terrestrial contexts, where susceptibility modelling is often calibrated using field-
based inventories, Martian applications must rely exclusively on remotely sensed topog-
raphy and imagery. In this study, morphometric parameters derived from orbital Digital
Elevation Models (DEMs) are statistically combined with geo-structural information related
to extensional fault systems, which are here considered as proxies for tectonically induced
seismic triggering.

More than treating landslides as a single homogeneous class, the inventory and mod-
elling were subdivided into three major kinematic categories—Rock Avalanches, Slumps,
and Debris Flows—each characterised by distinct mechanical behaviour, mobility patterns,
and geomorphological signatures. On Earth, it is well established that different landslide
types respond differently to conditioning factors [35,36]. Applying this conceptual frame-
work to Mars allows the identification of differential controls on slope instability, providing
insights into whether large rock avalanches are predominantly structurally controlled.

Despite decades of investigation, the precise interplay between mechanical, climatic,
and cryogenic processes driving landslide activity in Valles Marineris remains an open
research question. The present study does not aim to fully resolve this complex problem,
but rather to provide a complementary methodological framework for investigating the
spatial distribution of landslides under Martian environmental conditions. By integrating a
comprehensive landslide inventory, morphometric predictors, structural datasets, and an
independent validation procedure, this work transfers a susceptibility-mapping approach
widely used in terrestrial contexts to the Valles Marineris region. In doing so, it moves
beyond purely descriptive geomorphology and deterministic slope modelling by introduc-
ing a probabilistic and spatially explicit framework for assessing type-specific landslide
susceptibility on Mars. Considering that mechanisms driving gravitational movements
are fundamental, but they go beyond the scope of a landslide susceptibility study, this
approach expands the methodological toolkit of planetary geomorphology and establishes
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a conceptual bridge between terrestrial hazard-oriented methods and extraterrestrial land-
scape analysis. It provides a basis for future studies that may incorporate more detailed
lithological, geotechnical, climatic, and cryogenic information.

DATA SOURCES:
TOPOGRAPHIC DATA, IMAGERY AND MAPS
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Figure 1. General workflow for landslide susceptibility mapping using Frequency Ratio (FR) method.

2. Study Area

The study area is located within the Valles Marineris region, the largest canyon system
on Mars and one of the most prominent tectono-geomorphological structures in the Solar
System. Valles Marineris extends for more than 2000 km along the Martian equatorial zone
and reaches widths of up to ~200 km, with maximum depths locally exceeding 9-10 km [37].
The canyon system comprises a series of interconnected troughs, including Ius, Tithonium,
Ophir, Candor, Melas, and Coprates Chasmata, forming a structurally complex network of
steep escarpments, fault-bounded basins, and chaos terrains (Figure 2).

The origin and evolution of Valles Marineris are widely attributed to large-scale
extensional tectonics associated with lithospheric stretching and the uplift of the Tharsis
volcanic province, followed by progressive faulting, collapse, and erosional modification
of the initial graben structures [38,39]. Normal fault systems exert a strong control on
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canyon geometry and slope morphology, generating laterally continuous steep scarps and
structurally conditioned slope breaks [40].
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Figure 2. Regional view of the Valles Marineris canyon system on Mars, showing the main chasmata
that compose the central sector of the canyon complex, including Tithonium Chasma, Ius Chasma,
Melas Chasma, Candor Chasma, and Coprates Chasma. Background: Viking MDIM2.1 Colorized
Global Mosaic. Credit: USGS Astrogeology Science Center, NASA, JPL.

Mass-wasting processes are pervasive throughout the canyon system, and Valles
Marineris hosts some of the largest landslide deposits identified on Mars. Extensive rock
avalanches, rotational slumps, and debris-flow-like deposits have been documented along
canyon margins, in some cases covering hundreds of kilometres and exhibiting complex
emplacement morphologies [21]. These deposits represent key evidence of large-scale
gravitational slope instability under Martian environmental conditions.

Geologically, Valles Marineris is characterised by a complex association of bedrock
units, faulted wall sequences, chaotic terrains, and interior layered deposits, reflecting a
long history of tectonic, volcanic, sedimentary, and erosional processes [41-43]. This het-
erogeneity produces strong contrasts in material properties and stratigraphic architecture,
which may influence slope stability by favouring differential erosion, localised weaken-
ing, and the development of structurally controlled failure surfaces [44]. The occurrence
of layered deposits and hydrated mineral phases in several chasmata further suggests
that lithological variability and past alteration processes may have contributed to spatial
differences in slope behaviour across the canyon system [45-48].

3. Materials and Methods
3.1. Landslide Inventory

The landslide inventory adopted in this study is derived from the dataset published
by Rajaneesh et al. [49] and consists of a total of 682 mapped landslides distributed along
the canyon walls of the Valles Marineris system (Figure 3). The inventory includes differ-
ent types of gravitational mass movements, reflecting the morphological and kinematic
diversity of slope failures affecting the region. Specifically, the inventory is composed of
140 Debris Flows (Figure 3B), 251 Rock Avalanches (Figure 3C) and 291 Slumps (Figure 3D).
For the purposes of landslide susceptibility modelling, the inventory was stratified ac-
cording to landslide typology. Within each landslide type, the mapped features were
initially randomly divided into training (60%) and testing datasets (40%). Subsequently,
the allocation was manually refined to maximise the geographical separation between

https://doi.org/10.3390/geosciences16070261


https://doi.org/10.3390/geosciences16070261

Geosciences 2026, 16, 261

6 of 28

5%

10°S

5%

1

95°W

90°W

the two subsets. For each testing landslide, the minimum edge-to-edge distance to the
nearest training polygon of the same landslide type was calculated. Polygons located in
close proximity across the two subsets (i.e., neighbouring polygons or within a distance
of a few kilometres) were reassigned or exchanged whenever possible, while preserving
the approximately 60/40 training-to-testing proportion for each landslide category. The
resulting final minimum edge-to-edge distances between training and testing polygons
were 85 km for Debris Flows, 86 km for Rock Avalanches, and 60 km for Slumps. This
procedure was adopted to reduce potential spatial dependence between calibration and
validation data and to limit possible inflation of the AUC values caused by spatial leak-
age. The training datasets were used to develop susceptibility models for each landslide
typology, whereas the testing datasets were reserved exclusively for model validation and
predictive performance assessment.
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Figure 3. Spatial distribution of the landslide inventory published by Rajaneesh et al. [49] and used
in this study within the Valles Marineris region (A). Landslides are classified into three main types:
Debris Flows (B), Rock avalanches (C), and Slumps (D) (modified from [49]). Red and yellow dashed
lines delineate the source area and landslide deposit, respectively. Background in (A) is a shaded
relief rendering of the MOLA elevation product, while panels (B-D) use CTX images mosaic (Caltech
Marry Lab, NASA, JPL, MSSS).
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Because the susceptibility model was developed using MOLA-derived conditioning
factors, an additional raster-cell representation analysis was performed to evaluate whether
the mapped landslide inventory is adequately represented at the spatial resolution of
the MOLA DEM. For each mapped landslide polygon, the number of MOLA raster cells
contained within its boundary was calculated. A diagnostic threshold of 30 MOLA cells
was used to identify landslides potentially more sensitive to scale-related representation
issues. Considering the MOLA cell size of approximately 463 m, 30 raster cells correspond
to a surface of approximately 6.43 km?. Therefore, landslides below this threshold were
considered potentially more affected by raster generalisation, whereas landslides above this
value were considered sufficiently represented for a regional-scale susceptibility analysis.

The results show that only 25 landslides, corresponding to 3.67% of the complete
inventory, are represented by less than 30 MOLA cells. Conversely, 96.33% of the mapped
landslides exceed this diagnostic threshold. Moreover, the median landslide size corre-
sponds to 238 MOLA cells, with an interquartile range between 108 and 584 cells, indicating
that a typical mapped landslide is represented by a substantial number of raster cells.

Descriptive statistics were also calculated separately for each landslide type to verify
whether specific movement classes were more affected by scale-related representation
issues. Debris Flows have a median size of 214 MOLA cells, with an interquartile range
between 83 and 451 cells. Rock Avalanches show a median size of 168 MOLA cells, with an
interquartile range between 73 and 463 cells. Slumps are generally larger, with a median
size of 329 MOLA cells and an interquartile range between 168 and 776 cells. These
values indicate that the typical landslide in each class is represented by a substantial
number of raster cells and that even the lower quartile of each distribution is above a
few-cell representation.

Moreover, only 6 Debris Flows, corresponding to 4.29% of the Debris Flow inventory,
15 Rock Avalanches, corresponding to 5.98% of the Rock Avalanche inventory, and 4 Slumps,
corresponding to 1.37% of the Slump inventory, are represented by less than 30 MOLA
cells. Given that landslides represented by less than 30 MOLA cells account for only 3.67%
of the complete inventory, and that this proportion remains low for each landslide type,
potential scale-related effects can be considered statistically negligible with respect to the
overall inventory structure. Therefore, although local-scale geomorphic details may be
smoothed by the MOLA DEM, the limited number of potentially under-represented land-
slides is unlikely to introduce systematic bias in the regional-scale susceptibility modelling.
However, we must underline that the performed analysis does not evaluate the stability of
the Frequency Ratio weights when using DEM at different spatial resolution. A dedicated
multi-resolution analysis could therefore be developed as a separate future application to
investigate the influence of DEM resolution on susceptibility patterns and factor rankings.

3.2. Predisposing Factors

Predisposing factors describe the topographic and geological conditions that favour
slope instability and control the spatial distribution of landslides, independently of the
triggering mechanism. In landslide susceptibility mapping, topographic factors are widely
used to characterise the terrain conditions under which mass movements are more likely to
occur and are commonly derived from Digital Elevation Models (DEMs) (e.g., [50]).

Regarding geology, lithology is widely recognised as an important factor controlling
slope stability, as it influences rock strength, weathering processes, material cohesion, and
the development of discontinuities. However, in this study, lithology and surface-material
properties were not included as conditioning factors due to the lack of spatially continuous,
homogeneous, and artefact-free datasets describing the lithological, compositional, or
mechanical characteristics of the involved materials.
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During the preliminary selection of predisposing factors, we considered the inclusion
of THEMIS thermal inertia as an additional proxy for surface-material properties. In
particular, we evaluated both the qualitative 8-bit and the quantitative 32-bit THEMIS
thermal inertia products for their utilisation in distinguishing thermophysical surface
classes, such as fine-grained dusty materials, sandy or weakly consolidated deposits,
indurated surfaces, and rock-dominated or bedrock exposures. However, visual and
spatial inspection of the THEMIS mosaic over the analysed Valles Marineris sector revealed
relevant artefacts and inconsistencies, likely related to the acquisition and mosaicking
process. These include abrupt discontinuities and artificial spatial patterns between adjacent
mosaic tiles that compromise their use in susceptibility modelling. Representative examples
of the no-data areas affecting the 8-bit product and the mosaic-related artefacts observed in
the 32-bit product are provided in the Supplementary Materials (Figure S1). These issues
could introduce artificial spatial patterns into the Frequency Ratio analysis and bias the
resulting weights. For this reason, lithological, compositional, and material-property layers
were not included in the final model, although their integration represents an important
future development of the study:.

The predisposing topographical factors used in this work were derived from the Mars
Orbiter Laser Altimeter (MOLA) DEM, acquired by the Mars Global Surveyor (MGS) mis-
sion. MOLA DEM provides near-global topographic coverage of Mars and represents
the most widely used dataset for regional-scale geomorphological analyses. The MOLA
DEM used in this work has a spatial resolution of approximately 463 m at the equator
and a vertical accuracy of a few metres, based on hundreds of millions of individual laser
altimetry measurements [12]. The global MOLA dataset was spatially clipped to the extent
of the Valles Marineris study area.

Based on the MOLA clipped DEM, three topographic predisposing factors were ex-
tracted using standard geomorphometric tools implemented in ESRI™ ArcGIS Pro (3.6):
Slope, Aspect, and Local Relief (as described below). These morphometric parameters
represent key descriptors of terrain geometry and are widely recognised as primary con-
trols on slope instability [51,52] since steep terrain combined with substantial elevation
differences represent the basic morphological conditions required for landslide initiation.

Slope (Figure 4) represents the dipping angle of the terrain surface, and it is one
of the most fundamental controls on slope stability, as increasing slope angles enhance
the gravitational driving forces acting on the material [53]. In the tectonically controlled
environment of Valles Marineris, steep slopes are widespread along canyon walls and fault-
related escarpments, making slope a key parameter for all the analysed landslide types.

Aspect (Figure 5) describes the orientation of slopes towards North and provides
information on the spatial arrangement of valley walls and the structural framework of
the canyon system. Although aspect does not directly induce instability, it may influence
landslide distribution by reflecting the geometric configuration of the terrain and the
dominant orientations of structural lineaments.

Local relief (Figure 6) represents a measure of relative topographic contrast. High
values of local relief indicate the presence of large elevation differences over short horizontal
distances, that are characteristic of deeply incised canyon systems such as Valles Marineris.

https://doi.org/10.3390/geosciences16070261


https://doi.org/10.3390/geosciences16070261

Geosciences 2026, 16, 261 9 of 28

75°W 70°W
S ’ s
wn) wn
i i
4y o
= =
2] w
i 9

75°W 70°W

Figure 4. Detail of the Slope map derived from the MOLA DEM. High slope values (red—orange
colours) correspond to the steepest sectors of the canyon margins, while low slope values (green) rep-
resent relatively flat surfaces such as plateaus and canyon floors.
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Figure 5. Detail of the Aspect map derived from the MOLA DEM. Aspect values represent the orienta-
tion of the slope relative to the North and are classified into eight directional sectors (North, Northeast,
East, Southeast, South, Southwest, West, and Northwest), with flat areas indicated separately.
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Figure 6. Detail of the Local Relief map derived from the MOLA DEM. High local relief values
(blue—purple colours) correspond to the steep canyon walls and deeply incised sectors, while lower
values (yellow—orange colours) indicate relatively flat terrains such as plateaus and canyon floors.

3.3. Triggering Factor

Triggering factors represent the external processes capable of initiating slope failure
once favourable predisposing conditions are met. While predisposing factors define where
landslides are more likely to occur, triggering factors control when instability is activated.
On Mars, the identification of triggering mechanisms is inherently challenging due to the
lack of direct observations and in situ measurements, and must therefore rely on indirect
geomorphological and contextual evidence.

In Valles Marineris region, seismic shaking associated with tectonic activity is consid-
ered a plausible triggering mechanism due to the strong structural control of the canyon
system, which is characterised by extensive networks of large extensional faults and
kilometre-scale relief [38,39]. Since spatially continuous and reliable estimates of Peak
Ground Acceleration (PGA) are not available for the study area, the direct incorporation of
seismic loading into the landslide susceptibility modelling was prevented. For this reason,
the potential influence of seismic shaking was represented using the distance from tectonic
faults as a proxy variable. On Earth, distance to faults is commonly adopted in landslide
susceptibility studies as an indirect indicator of seismic influence, under the assumption
that areas closer to active or major fault systems are more likely to experience stronger
seismic shaking and associated ground deformation (e.g., [54,55]).

This approach does not aim to quantify seismic ground motion or to associate in-
dividual landslides with specific seismic events. Rather, it provides a spatially based
assessment of whether tectonically induced seismic shaking can be considered a coherent
and physically reasonable trigger for the observed distribution of mass movements in
Valles Marineris.
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The fault network used in this study consists of major extensional structures mapped
in the Valles Marineris region and was extracted from the structural dataset published by
Knapmeyer et al. [56] (Figure 7a). These faults are interpreted as primary tectonic features
related to the extensional evolution of the canyon system and are therefore considered
appropriate for representing the spatial distribution of potential seismic sources.

Based on this faults dataset, a distance-to-fault raster layer was generated using the
Euclidean distance tool implemented in ESRI™ ArcGIS Pro (3.6) software. The resulting
raster represents the horizontal distance between each cell of the study area and the nearest
mapped fault segment, expressed in kilometres. The distance values were subsequently
classified into five distance classes (0-10 km, 10-30 km, 30-60 km, 60-100 km, and >100 km) to
evaluate the potential influence of tectonic structures on landslide occurrence (Figure 7b).
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Figure 7. (a) Mapped tectonic structures interpreted as extensional faults by Knapmeyer et al. [56].
(b) Distance-to-fault raster derived from the fault dataset using the Euclidean distance tool in ESRI™
ArcGIS Pro. Distances are classified into five classes (0-10 km, 10-30 km, 30-60 km, 60-100 km, and
>100 km) to evaluate the potential influence of tectonic structures on landslide occurrence.

3.4. Assessment of Coupling Effects and Multicollinearity Among Conditioning Factors

Before developing the susceptibility model, the statistical relationships among the
selected conditioning factors were evaluated to identify possible redundancy, multicollinear-
ity, and coupling effects that would counter the basic assumptions of the Frequency Ratio
method. Two complementary analyses were performed: Pearson’s correlation coefficient
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(r) was used to assess pairwise associations between conditioning factors and to identify
possible coupling effects, whereas the Variance Inflation Factor (VIF) was calculated to
evaluate multicollinearity.

Pearson’s correlation coefficient ranges from —1 to +1 and quantifies the strength and
direction of the linear relationship between two variables. Values close to +1 indicate a
strong positive correlation, while values close to —1 indicate a strong negative correlation;
values close to 0 indicate weak or no linear correlation. In this study, the strength of correla-
tion was interpreted using the following thresholds as reported in Yang et al. (2023) [57]:

Irl < 0.3 indicates weak correlation, 0.30 < |r| < 0.70 indicates moderate correlation, and
Il > 0.70 indicates strong correlation. Therefore, only strongly correlated variables were
considered potentially redundant or affected by relevant coupling effects, whereas weak to
moderate correlations were interpreted as acceptable.

Two parameters, tolerance (TOL) and VIF, were used to quantify multicollinearity. The
following Equations (1) and (2) are used to determine TOL and VIF for a given landslide
conditioning factor:

TOL =1-R? (1)

VIF= 1 )

(1-%)

where R? is the coefficient of determination obtained by regressing the ith variable against
all the remaining variables. According to Hamal et al. (2026) [58] a TOL value below 0.1 or
a VIF above 10 indicates significant multicollinearity. The combined use of Pearson’s corre-
lation matrix and VIF allowed both pairwise coupling and overall multicollinearity among
the conditioning factors to be assessed before implementing the Frequency Ratio model.

The Pearson correlation matrix and VIF/TOL results, presented in Figure 8 and
Table 1, indicate that no strong pairwise correlation (Ir| > 0.70) or severe multicollinearity
(VIF > 10 or TOL < 0.1) occurs among the selected conditioning factors.

LR — -0.201 0.069
DF— | -0.201 -0.015 -0.179
A— " 0.069 -0.015 0.052
-0.179 0.052
[ [ I |
LR DF A S

Figure 8. Pearson correlation matrix among the conditioning factors used in the landslide susceptibil-
ity analysis. The matrix reports the pairwise correlation coefficients between Slope (S), Local Relief
(LR), Aspect (A), and Distance from Faults (DF). Colours indicate the direction and magnitude of
Pearson'’s correlation coefficients: purple shades represent positive correlations, pink/red shades
represent negative correlations, and white cells indicate correlations close to zero. Colour intensity
increases with the absolute value of the correlation coefficient.
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Table 1. Multicollinearity diagnostic results of conditioning factor.

Factor TOL VIF

Local relief 0.639 1.551
Slope 0.645 1.565
Distance from fault 0.647 1.546
Aspect 0.954 1.048

The highest Pearson’s correlation was observed between slope and local relief
(r = 0.593), indicating a moderate positive correlation. This relationship is geomorphologi-
cally expected in Valles Marineris, where steep canyon walls are commonly associated with
high elevation contrasts. However, the correlation remains below the adopted threshold
for strong coupling and does not imply statistical redundancy. Slope and local relief were
therefore retained in this analysis because they describe different physical controls: slope is
directly related to the shear resistance, including the relationship between slope angle and
internal friction angle [59], whereas local relief indicates the vertical elevation contrast of
the terrain and can be interpreted as a proxy for the gravitational potential energy available
for mass movement processes [60].

3.5. Frequency Ratio (FR) Method

Landslide susceptibility was assessed using the Frequency Ratio (FR) method, a
bivariate statistical approach widely employed to quantify the spatial relationship between
landslide occurrence and conditioning factors [61].

Prior to model implementation, the triggering-related factor were rasterised, co-
registered, and resampled to a common raster resolution consistent with the MOLA DEM,
ensuring spatial consistency among datasets. Each factor was then classified into discrete
classes to enable the computation of class-specific landslide frequencies. The classes used
for each predisposing and triggering-related factor are reported in Table 2.

Table 2. Discrete classes defined for each predisposing and triggering-related factor used to compute
class-specific landslide frequencies in the Frequency Ratio analysis.

Factor Class

0-10
10-20
20-30
3040
40-50
50-60

Flat (—1)

North (0-22.5°)
Northeast (22.5-67.5°)
East (67.5-112.5°)
Southeast (112.5-157.5°)
South (157.5-202.5°)
Southwest (202.5-247.5°)
West (247.5-292.5°)
Northwest (292.5-337.5°)
North (337.5-360°)

Slope (°)

Aspect
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Table 2. Cont.

Factor Class

0
150
Local Relief (m) 400
800
>1500

0-10

10-30

Distance from Fault (km) 30-60
60-100
100-520

For each landslide type, FR values were computed independently using the training
subset of the landslide inventory, in order to avoid information leakage and ensure an
objective evaluation of model performance. This separation allows the validation dataset
to remain fully independent from the model calibration phase.

The FR for a given class i was calculated as shown in Equation (3):

()
(%)

where A} ; is the landslide area falling within class i of predisposing and triggering factors,

FR; = 3)

Ay is the total landslide area in the training dataset, Ac; is the area of class i of predisposing
and triggering factors, and Ac is the total study area. FR values greater than 1 indicate that
landslides occupy a larger proportion of area in that class than expected under a random
spatial distribution, suggesting a positive association, whereas FR values lower than 1
indicate a negative association.

To combine the influence of multiple predisposing and triggering-related factors into
a single susceptibility measure, FR values were subsequently log-transformed to obtain a
class-specific weight (W¢), defined as Equation (4):

W, = In(FR) (4)

This transformation converts the inherently multiplicative nature of FR into an addi-
tive weighting scheme, allowing the contributions of different factor classes to be summed
in a mathematically consistent way. The use of W¢ also reduces the influence of extreme FR
values, improves numerical stability, and facilitates the interpretation of factor effects. Posi-
tive W values indicate factor classes that increase the likelihood of landslide occurrence,
whereas negative values indicate classes that decrease it, providing a direct quantitative
measure of the relative contribution of each class to overall landslide susceptibility.

The Landslide Susceptibility Index (LSI) for each raster cell was then computed by
summing the W¢ values associated with the corresponding factor classes as shown in
Equation (5):

n n
LSI=) W.j=) In(FR)) (5)
j=1 j=1
where W, represents the weight coefficient associated with the class of the jth factor, FR;
is the frequency ratio value of that class, and 7 is the total number of predisposing and
triggering factors considered in the model.
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The resulting LSI represents a continuous numerical variable expressing the relative
likelihood of landslide occurrence at the pixel level, with highest values indicating greatest
susceptibility. Since separate FR models have been developed for rock avalanches, land-
slides, and debris flows, each LSI expresses the relative propensity for that specific landslide
type to occur based on its relationships with the conditioning factors. Accordingly, LSI
values should be interpreted only within the respective type-specific map and should not
be directly compared across the three models; a given LSI value should not be interpreted
as a diagnostic threshold for distinguishing slumps, rock avalanches, and debris flows.

The continuous LSI raster was subsequently normalised and classified into discrete
susceptibility classes (e.g., very low, low, moderate, high, and very high) to produce
the final Landslide Susceptibility Map (LSM). In this framework, the LSI represents the
quantitative type-specific output of the Frequency Ratio model, whereas the LSM is the
categorical and spatial representation of that index, allowing an intuitive visual interpre-
tation of susceptibility patterns and a direct comparison with the spatial distribution of
mapped landslides.

Separate LSMs were generated for Rock Avalanches, Slumps and Debris Flows, en-
abling a type-specific evaluation of susceptibility.

3.6. Accuracy Assessment

The predictive performance of the LSMs was evaluated using testing datasets and a
Prediction Rate Curve approach.

The Prediction Rate Curve (PRC) was constructed by plotting the cumulative propor-
tion of validation landslides (Y) against the cumulative proportion of the study area (X),
with susceptibility ranks ordered from highest to lowest. A model with strong predictive
performance is expected to concentrate a large fraction of landslides within a relatively
small portion of the total area, producing a curve that departs markedly from the diagonal
corresponding to random prediction.

Model accuracy was quantified by computing the Area Under the Curve (AUC) using
the trapezoidal method as shown in Equation (6):

N-1

Y1+ Y

AUC = ) (Xip1 — Xi) %
i=1

(6)

AUC values range from 0.5 (no predictive skill) to 1.0 (perfect prediction), with higher
values indicating a greater ability of the susceptibility model to correctly rank landslide-prone
areas. Accuracy metrics were computed separately for all the movement type, enabling a
comparative evaluation of predictive performance across different landslide mechanisms.

4. Results

The results of the FR analysis for Rock Avalanches, Slumps and Debris Flows are
summarised in Tables 3-5 which reports, for each predisposing and triggering factor class,
the landslide area (Ay), class area (Ac), Frequency Ratio (FR) values, and the associated
class-specific weight (Wc) used in the susceptibility model.

Figure 9 presents the Landslide Susceptibility Maps (LSMs) for Rock Avalanches,
Slumps, and Debris Flows in the Valles Marineris region. Across all three maps, suscepti-
bility values display a marked spatial variability, with high and very high susceptibility
classes predominantly concentrated along the main canyon system and its steep marginal
slopes. Lower susceptibility classes are mainly distributed across smoother plateaus and
gently sloping terrains.
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Table 3. Results of the FR analysis for Rock Avalanches. Landslide area (Ay); Class area (Ac);
Frequency Ratio (FR); class-specific weight (Wc); (-) not applicable.

Rock Avalanche
Factor Class Ar (m?) Ac (m?) FR W,
0-10 6,335,233,713  4,259,044,062,473 0.46 —0.77
10-20 4,352,805,886 355,159,270,654 3.80 1.34
Slove ©) 20-30 4,110,899,937 219,006,873,315 5.83 1.76
P 3040 868,116,383 30,448,115,284 8.85 2.18
40-50 4,932,479 161,419,857 9.48 2.25
50-60 0 12,647,771 - -
Total 15,671,988,399  4,863,832,389,354
Flat (—1) 0 0 - -
North (0-22.5°) 1,213,818,856 308,064,545,044 1.22 0.20
Northeast (22.5-67.5°) 2,028,106,876 695,525,794,094 0.90 ~0.10
East (67.5-112.5°) 1,393,103,761 736,900,940,415 0.59 —0.53
Aspect Southeast (112.5-157.5°) 1,772,904,679 735,885,474,462 0.75 ~0.29
p South (157.5-202.5°) 3,466,675,230 658,523,561,004 1.63 0.49
Southwest (202.5-247.5°)  2,458,090,411 501,532,781,913 1.52 0.42
West (247.5-292.5°) 855,249,045 472,699,937,044 0.56 —0.58
Northwest (292.5-337.5°)  1,314,398,545 513,473,135,213 0.79 ~0.23
North (337.5-360°) 1,169,640,996 241,226,220,165 1.50 0.41
Total 15,671,988,399  4,863,832,389,354
0 1,982,856,739  3,667,908,897,202 0.17 ~1.79
150 4,062,861,877 580,330,967,671 217 0.78
Local Relief (m) 400 4,444,378 439 364,120,966,699 3.79 1.33
800 4,967,435,717 245,807,714,433 6.27 1.84
>1500 214,455,628 5,663,843,349 11.75 2.46
Total 15,671,988,399  4,863,832,389,354
0-10 9,637,207,021 979,019,149,989 3.06 1.12
Dist p 10-30 4,524,155,933 951,192,553,206 1.48 0.39
llf a‘l‘t"'(ek “’)‘“ 30-60 1,352,357,192 843,604,825,117 0.50 ~0.70
ault {km 60-100 158,268,254 766,420,409,191 0.06 275
100-520 0 1,323,595,451,851 - -
Total 15,671,988,399  4,863,832,389,354
Table 4. Results of the FR analysis for Slumps.
Slump
Factor Class Ay (m?) Ac (m?) FR W,
0-10 9,225.881,126  4,259,044,062,473 0.30 ~1.19
10-20 7,487,289,348 355,159,270,654 3.73 1.32
Slove (©) 20-30 7,653,921,371 219,006,873,315 6.05 1.80
P 30-40 3,712,012,469 30,448,115,284 21.09 3.05
40-50 34,956,267 161,419,857 37.46 3.62
50-60 0 0 - -
Total 28,114,060,582  4,863,832,389,354

https://doi.org/10.3390/geosciences16070261


https://doi.org/10.3390/geosciences16070261

Geosciences 2026, 16, 261 17 of 28
Table 4. Cont.
Slump
Factor Class Ap (m?) Ac (m?) FR W,
Flat (—1) 0 0 - -
North (0-22.5°) 2,135,334,690 308,064,545,044 1.20 0.18
Northeast (22.5-67.5°) 3,484,689,503 695,525,794,094 0.87 —0.14
East (67.5-112.5°) 2,125,469,731 736,900,940,415 0.50 —~0.70
Aspect Southeast (112.5-157.5°) 3,087,732,135 735,885,474,462 0.73 032
p South (157.5-202.5°) 6,151,659,696 658,523,561,004 1.62 0.48
Southwest (202.5-247.5°)  4,941,272,130 501,532,781,913 1.70 0.53
West (247.5-292.5°) 2,395,898,279 472,699,937,044 0.88 ~0.13
Northwest (292.5-337.5°)  2,146,915,294 513,473,135,213 0.72 ~0.32
North (337.5-360°) 1,645,089,124 241,226,220,165 1.18 0.17
Total 28,114,060,582  4,863,832,389,354
0 1,373,588,299  3,667,908,897,202 0.06 —2.74
150 7,298,353,940 580,330,967,671 2.18 0.78
Local Relief (m) 400 7,713,754,492 364,120,966,699 3.67 1.30
800 10,531,272,535  245,807,714,433 7.41 2.00
>1500 1,197,091,317 5,663,843,349 36.57 3.60
Total 28,114,060,582  4,863,832,389,354
0-10 13,234,485,729  979,019,149,989 2.34 0.85
Dist p 10-30 12,878,918,297  951,192,553,206 2.34 0.85
llf a‘l‘tcfk r")‘“ 30-60 1,969,560,490 843,604,825,117 0.40 —091
e 60-100 31,096,066 766,420,409,191 0.01 496
100-520 0 1,323,595,451,851 - -
Total 28,114,060,582  4,863,832,389,354
Table 5. Results of the FR analysis for Debris Flows.
Debris Flow
Factor Class Ap (m?) Ac (m?) FR W,
0-10 2,755,969,278  4,259,044,062,473 0.39 ~0.95
10-20 1,965,914,744 355,159,270,654 3.30 1.19
Slove (°) 20-30 2,972,569,463 219,006,873,315 8.10 2.09
p 30-40 457,219,399 30,448,115,284 8.96 2.19
40-50 857,823 161,419,857 3.17 1.15
50-60 0 12,647,771 - -
Total 8,152,530,707  4,863,832,389,354
Flat (—1) 0 0 - -
North (0-22.5°) 251,341,996 308,064,545,044 0.49 —0.72
Northeast (22.5-67.5°) 499,896,069 695,525,794,094 0.43 —0.85
East (67.5-112.5°) 516,623,608 736,900,940,415 0.42 ~0.87
Aspect Southeast (112.5-157.5°) 1,046,543,466 735,885,474,462 0.85 —0.16
p South (157.5-202.5°) 2,454,015,754 658,523,561,004 2.22 0.80
Southwest (202.5-247.5°)  1,858,686,930 501,532,781,913 221 0.79
West (247.5-292.5°) 762,818,670 472,699,937,044 0.96 —0.04
Northwest (292.5-337.5°) 530,777,680 513,473,135,213 0.62 —0.48
North (337.5-360°) 231,826,534 241,226,220,165 0.57 —0.56
Total 8,152,530,707  4,863,832,389,354
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Table 5. Cont.

Debris Flow
Factor Class Ar (m?) Ac (m?) FR W,
0 1,327,051,427  3,667,908,897,202 0.22 ~153
150 1,271,292,964 580,330,967,671 1.31 0.27
Local Relief (m) 400 1,927,527,186 364,120,966,699 3.16 1.15
800 3,553,744,215 245,807,714,433 8.63 2.15
>1500 72,914,914 5,663,843,349 7.68 2.04
Total 8,152,530,707  4,863,832,389,354
0-10 4,295,117,322 979,019,149,989 2.62 0.96
Distance £ 10-30 3,199,463,517 951,192,553,206 2.01 0.70
‘FS a‘;‘:(ek "")m 30-60 645,296,985 843,604,825,117 0.46 ~0.78
AUt im 60-100 12,652,882 766,420,409,191 0.01 462
100-520 0 1,323,595,451,851 - -
Total 8,152,530,707  4,863,832,389,354
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Figure 9. Landslide Susceptibility Maps (LSM) derived from the Frequency Ratio (FR) model. Image
shows the spatial distribution of susceptibility for different landslide types: (a) Rock Avalanches,
(b) Slumps, and (c) Debris Flows.
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The predictive performance of the landslide susceptibility models was evaluated
using PRCs and the corresponding AUC values derived from the independent testing
dataset (Figure 10). All three models exhibit prediction curves well above the random
prediction line, indicating a clear ability to discriminate areas with the greater probability
of landslide occurrence.

The slump susceptibility model shows the highest predictive performance, with
an AUC of 0.82, followed by the rock avalanche model (AUC = 0.78) and the debris
flow model (AUC = 0.75). The PRCs indicate that a substantial proportion of validation
landslides is captured within a relatively small fraction of the study area ranked as highly
susceptible, with the slump model displaying the steepest initial curve and the debris flow
model showing a more gradual cumulative trend. Overall, the AUC values indicate good
predictive capability for all three landslide types.

100

)
%

60 -

40

—Slump - AUC=0.82

20

Cumulative percentage of testing landslides (%

Rock Avalanche - AUC =0.78

Debris Flow - AUC =0.75

0 20 40 60 80 100

Cumulative percentage of study area (%)

Figure 10. PRC-AUC used to evaluate the predictive performance of the landslide susceptibility
models derived from the FR method in the Valles Marineris region on Mars.

5. Discussion

The application of the FR method to the landslide inventory of Valles Marineris
provides quantitative insights into the geomorphological and structural factors governing
slope instability on Mars. The susceptibility models developed for the three analysed
landslide types show good predictive capability, with AUC values of 0.82 for slumps,
0.78 for rock avalanches and 0.75 for debris flows, indicating that the adopted statistical
framework effectively discriminates between areas characterised by different probabilities
of landslide occurrence. These values fall within the range generally considered indicative
of good model performance in landslide susceptibility studies [51].

The analysis of the FR values highlights the dominant role of morphometric parame-
ters, particularly slope gradient and local relief. High FR values are consistently associated
with steeper slope classes. For example, slope classes between 30° and 40° show FR values
of 21.09 for slumps and 8.96 for debris flows, while the steepest slope classes (40-50°) reach
FR values up to 37.46 for slumps, indicating a very strong positive contribution of these
classes to landslide susceptibility. Such results confirm that slope gradient represents
a key conditioning factor controlling gravitational instability. A synthetic overview of
the relationships between the analysed predisposing and triggering factors on the three
landslide types is provided in Figure 11, which summarises the FR values for each class
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Slump

Debris flow

Rock avalanche

FR

FR

0.1

Slope (°)

and factor. The patterns are expected, because slope gradient and topographic relief rep-
resent fundamental geomorphological conditions for the occurrence of mass movements,
since gravitational slope failures cannot develop in the absence of sufficiently steep slopes
and significant elevation contrasts. Similar observations have been reported in numerous
landslide susceptibility studies, where morphometric parameters often dominate statistical
models because they directly control the balance between driving and resisting forces

acting on hillslopes [62,63].

differences and rock avalanche occurrence. This pattern suggests that large elevation
contrasts provide the gravitational potential energy required to sustain large failures.
Similar relationships between large-scale rock slope failures and high-relief topography

Despite this general behaviour, the results reveal distinct geomorphological controls
for different landslide types. Rock avalanches show the strongest association with areas
characterised by high local relief. In particular, the class exceeding 1500 m of local relief
shows FR values of 11.75, indicating a strong positive relationship between large elevation

have been widely documented in terrestrial mountain environments [64].
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Figure 11. FR values for the analysed conditioning factors and landslide types in the Valles Marineris
region. The dashed horizontal line indicates FR = 1, which represents the threshold between negative
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and positive correlation with landslide occurrence.

in steep versants, reflecting the mechanics of rotational failures that typically develop
where gravitational stresses exceed the shear strength of the material. Debris flows show
an intermediate behaviour, with high FR values associated with both steep slopes and

Slumps, on the other hand, appear to be primarily controlled by slope gradient, with
the steepest slope classes showing the highest FR values. The maximum value observed
for this parameter (FR = 37.46) indicates a very strong concentration of slump events
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elevated local relief. For example, local relief classes around 800 m show FR values
exceeding 8, indicating that these processes require both sufficient slope steepness and
adequate topographic energy to mobilise unconsolidated material.

Beyond these dominant morphometric controls, the analysis of distance from faults
provides additional insights into the possible role of geo-structural factors in landslide
occurrence. The FR values show a clear decrease with increasing distance from major
fault systems. For instance, areas located within 0-10 km from faults show FR values
of 3.06 for rock avalanches and 2.62 for debris flows, while values decrease markedly at
greater distances. Although the contribution of this parameter is lower than that of slope
gradient and local relief, this pattern suggests that proximity to tectonic structures may
increase the likelihood of landslide occurrence. Fault zones are typically characterised by
increased rock fracturing and reduced rock mass strength, conditions that can facilitate
gravitational slope failures. In addition, proximity to tectonic structures may indicate
areas where seismic shaking could act as a triggering mechanism for landslides, as widely
documented in terrestrial environments [65]. In the tectonically complex setting of Valles
Marineris, where tectonic processes played a major role in the formation and evolution
of the canyon system, this relationship may reflect the influence of structurally weakened
rock masses or past seismic activity associated with regional stress fields [66]. From this
perspective, distance from faults may represent a useful additional indicator for identifying
areas where seismically induced landslides could potentially occur, complementing the
dominant morphometric controls highlighted by the susceptibility analysis.

A useful comparison can be made with the global-scale study of Martian land-
slides conducted by Roback & Ehlmann [27], where landslide occurrence was investi-
gated using deterministic slope stability modelling with the Scoops3D software (https:
/ /www.usgs.gov /software/scoops3d, accessed on 26 June 2026). Their results demon-
strated that landslide distribution on Mars cannot be explained solely by the presence of
steep slopes and highlighted the importance of geological and tectonic factors. Although
the methodological approach adopted in the present study differs substantially, relying
on a statistical susceptibility framework rather than deterministic modelling, both studies
emphasise the importance of the interaction between topographic and structural factors
in controlling landslide occurrence on Mars. In this context, the FR-based approach here
presented provides a complementary perspective by quantifying the relative influence of
different conditioning parameters and by enabling a direct comparison between different
types of mass movements.

Finally, aspect appears to exert only a minor influence on landslide occurrence, as
indicated by FR values generally close to unity across the analysed classes. This behaviour
suggests that slope dip direction does not significantly control the spatial distribution of
mass movements at the regional scale considered in this study, a result consistent with many
susceptibility analyses where aspect shows weaker correlations with landslide occurrence
compared with morphometric variables [51]. The limited contribution of aspect to the
susceptibility models is also relevant for interpreting the possible role of climatic or volatile-
related controls. Since volatile stability and insolation-driven processes are expected to
exhibit some degree of aspect dependence, particularly in relation to gully evolution [67]
and Recurring Slope Lineae (RSL) activity [68], the absence of a strong aspect bias suggests
that such factors are unlikely to represent the primary control on the spatial distribution of
the mapped landslides in Valles Marineris.

Future developments of this research could further improve the reliability and predic-
tive capability of the susceptibility analysis by integrating additional datasets and more
advanced modelling approaches.
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First, the use of a higher-resolution DEM could significantly enhance the accuracy of
morphometric parameters such as slope gradient and local relief, which have been iden-
tified as the most influential conditioning factors in the present study. Moreover, higher-
resolution topographic data would allow the inclusion of additional terrain attributes, such
as surface roughness, planform and profile curvature, multi-scale Topographic Position
Index (TPI), and slope metrics calculated at different spatial scales. These parameters
could provide a more detailed representation of local morphology and slope complex-
ity, potentially improving the robustness and spatial reliability of analysis at different
type of scale. In fact, beyond improving the spatial resolution of susceptibility models,
higher-resolution topographic datasets could also provide an important bridge between
regional-scale remote sensing analyses and theoretical or experimental studies of slope
stability under reduced-gravity conditions. In particular, recent theoretical and labora-
tory investigations have shown that gravity can influence both the maximum angle of
stability and the post-avalanche relaxation angle of granular materials in planetary environ-
ments [69,70]. Therefore, detailed morphometric information derived from high-resolution
DEMSs, including slope distributions, local relief, roughness, and curvature metrics, could
help translate particle-scale and laboratory-derived predictions into spatially explicit sus-
ceptibility assessments. This integration would allow planetary landslide susceptibility
mapping to move beyond purely empirical terrain-factor correlations, contributing to a
more physically grounded understanding of mass movement processes across different
gravitational regimes.

However, the adoption of higher-resolution topographic data should be accompanied
by careful direct inspection and correction of potential artefacts, which may otherwise
propagate into derived geomorphometric products and affect the reliability of susceptibility
modelling. In this regard, future cleaned DEM products, potentially obtained combining
stereo-photogrammetry and photoclinometry, or new laser altimetry datasets from future
missions, could provide more robust topographic constraints for landslide susceptibility
analyses. As an example, during the preliminary phase of the analysis, a higher-resolution
DEM derived from High Resolution Stereo Camera (HRSC) stereo imagery [71], specifi-
cally the product generated by Tao et al. [72], was tested. As also acknowledged by the
authors [72], the dataset may contain local interpolation artefacts and topographic incon-
sistencies. Such artefacts could introduce spurious morphometric patterns and generate
statistical outliers, potentially biasing the relationships between landslide occurrence and
predisposing factors. For this reason, the HRSC-derived DEM was not adopted in the final
susceptibility modelling. Despite its moderate spatial resolution, the MOLA DEM clipped
to the study area is considered appropriate for the purposes of this study. Landslides in
Valles Marineris typically involve large source areas and extensive runout zones, with
spatial dimensions significantly larger than a single MOLA pixel [20,21]. Consequently,
the selected DEM was considered sufficiently descriptive of the topographic conditions
and permitted to avoid scale-related issues linked to the representation of events whose
dimensions are smaller than the MOLA DEM pixel size.

Secondly, further improvement would involve the inclusion of detailed lithological
and surface-material information. Lithology is widely recognised as important controls
on slope stability, influencing rock strength, weathering processes and the development
of discontinuities. The integration of a detailed geological layer could therefore provide
additional explanatory power for the spatial distribution of the different types of mass
movements analysed in this study. Although several datasets potentially useful for this
purpose are available for Mars, including hyperspectral products and thermal inertia data,
their direct integration into the present regional-scale Frequency Ratio workflow is limited
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by issues related to spatial continuity, heterogeneous resolution, variable data quality, and
possible mosaic-related artefacts.

On Mars, geological mapping is commonly achieved through the combined analysis
of morphology, stratigraphic relationships, and mineralogical composition derived from
hyperspectral datasets. In particular, the use of instruments such as the Compact Recon-
naissance Imaging Spectrometer for Mars (CRISM) enable the identification and spatial
mapping of surface minerals based on their diagnostic spectral signatures, providing key
constraints on lithology and alteration processes [73-75]. The resulting mineralogical maps
can be used to delineate geologic units and refine geological maps, which can then be
integrated into susceptibility analyses to better constrain the spatial variability of slope
processes. However, the footprint of current hyperspectral datasets does not fully cover the
study area, limiting the completeness of geological mapping. This emphasises the need
for future hyperspectral missions with broader, ideally global, coverage to support more
comprehensive geological interpretation processes.

In addition, thermal inertia data derived from the Thermal Emission Imaging System
(THEMIS) [76] may represent a valuable proxy for surface-material properties. Thermal
inertia is sensitive to particle size, rock abundance, induration, and the degree of surface
consolidation, and can therefore help to distinguish between competent bedrock, coarse
blocky surfaces, sandy deposits, and loose unconsolidated materials [77]. Its integration into
landslide susceptibility modelling could improve the interpretation of material-dependent
controls on slope instability.

However, as already presented in the Materials and Methods chapter, for the present
regional-scale analysis of Valles Marineris, the available thermal inertia products were not
included in the final model because they are affected by spatial discontinuities, mosaicking
artefacts, and inconsistencies. These issues could only introduce artificial spatial patterns
into the Frequency Ratio analysis and bias the resulting weights. For this reason, THEMIS-
derived thermal inertia data is considered an important future development, provided
that spatially continuous, homogeneous, and artefact-free products become available at an
appropriate scale for susceptibility modelling.

Finally, future work could explore the application of more advanced machine learning
algorithms for susceptibility modelling. While the Frequency Ratio approach adopted here
provides a transparent, widely used and robust statistical framework, recent studies have
shown that more advanced machine learning algorithms can capture complex nonlinear
relationships between conditioning factors and landslide occurrence, often resulting in
improved predictive performance [78]. Among the most widely applied methods, Ran-
dom Forest (RF) [79], Support Vector Machines (SVM) [80], Artificial Neural Networks
(ANN) [81], and, more recently, Convolutional Neural Networks (CNN) [82] could be
tested for landslide susceptibility mapping in planetary environments. These approaches
are increasingly used in landslide susceptibility studies on Earth due to their ability to
model complex nonlinear interactions among conditioning factors [83,84]. The comparison
between traditional statistical approaches and machine learning techniques could therefore
represent a promising direction for refining the susceptibility assessment.

Nevertheless, future improvements in Martian landslide susceptibility modelling
are expected to depend first on the availability of reliable input datasets and only subse-
quently on the adoption of more complex predictive algorithms. More advanced Machine
Learning and Deep Learning models would be meaningful only if supported by more
detailed, spatially continuous, and homogeneous data, including higher-resolution to-
pography, improved lithological or surface-material information, and larger polygonal
landslide inventories.
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6. Conclusions

The application of the Frequency Ratio method provides a quantitative and spatially
explicit assessment of landslide susceptibility in Valles Marineris, extending a predictive
modelling framework widely used in terrestrial geomorphology to a Martian regional con-
text. The main contribution of this study is not simply the identification of slope gradient
as a controlling factor, which is expected from geomorphological and geotechnical princi-
ples, but the demonstration that a terrestrial-style susceptibility approach can reproduce
coherent and independently validated patterns of landslide distribution on Mars.

The results show that the model can differentiate the spatial susceptibility patterns of
different landslide types. Independent validation yielded AUC values of 0.75 for Debris
Flows, 0.78 for Rock Avalanches, and 0.82 for Slumps, indicating that the predictive perfor-
mance varies according to landslide typology. This type-dependent behaviour suggests
that the mapped instability patterns are not controlled by a single generic topographic
condition, but by different combinations of morphometric and structural factors.

At the regional scale imposed by the MOLA DEM, slope gradient and local relief
emerge as the dominant morphometric controls on landslide susceptibility. Their influence
is consistent with the expected role of gravitational stress, slope steepness, and topographic
energy in promoting mass waste under Martian environmental conditions. Distance
from faults shows a weaker but still meaningful contribution, suggesting that structural
discontinuities may act as secondary pre-conditioning elements rather than as primary
control on landslide occurrence across the whole study area.

Overall, these results support the use of statistical landslide susceptibility mapping
as a valuable tool for planetary geomorphology. By producing type-specific susceptibility
maps for Valles Marineris and quantitatively evaluating the relative role of morphometric
and structural controls, this study contributes to bridging the methodological gap between
terrestrial hazard-oriented approaches and the analysis of extra-terrestrial landscapes.
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