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A B S T R A C T

Landslides pose serious risks to infrastructure, particularly railways, due to their rigid construction and essential 
transport role. Susceptibility mapping is a valuable tool during the feasibility phase of railway projects, helping 
identify high-risk areas and inform mitigation strategies. However, effective application requires both reliable 
classification of landslide types and robust reclassification methods for clear communication with stakeholders. 
This study presents a comprehensive workflow for landslide susceptibility mapping, combining Weight of Evi
dence (WoE) and a Generalized Additive Model with boosting (GAMB). We generated separate susceptibility 
maps for five landslide types and evaluated them using AUROC metrics. The maps were merged into an overall 
susceptibility map using a complementary probability approach, which also allowed assessment of each type’s 
sensitivity to the overall susceptibility. To improve threshold reliability, we implemented an ensemble reclas
sification method using six approaches and applied the statistical mode to define more objective class bound
aries. Visualizations of susceptibility along the railway route and its adjacent sides were developed for practical 
application. The methodology was applied to a 22 km planned railway section in the Marche region (Italy). 
Results revealed high spatial variability: rockfall types showed the highest accuracy (AUC = 0.94 WoE, 0.98 
GAMB), while slides performed poorest. GAMB consistently outperformed WoE in reliability and smoothness of 
results. Finally, a comparison with EGMS ground motion data showed no significant correlation (R2 ≈ 0.1), 
underscoring the temporal disconnect between long-term susceptibility and short-term ground deformation.

Introduction

Landslides rank among the most devastating natural hazards, 
capable of dramatically reshaping landscapes, destroying man-made 
structures, and endangering lives [1,2]. Identifying areas prone to 
landslides is crucial for human safety, environmental management, 
urban planning, and mitigating economic losses [3]. A significant aspect 
of this identification process involves understanding the unique vul
nerabilities of different infrastructures to landslide impacts, particularly 
those of railway systems [4,5].

Railways, unlike individual buildings, cover extensive areas, making 
them more vulnerable to landslides. This risk is heightened in compar
ison to roads due to the larger curvature radius required for railways and 
the rigidity of both the construction materials and trains [6]. These 

characteristics limit railways’ ability to adapt to terrain shifts, with even 
minor track deformations potentially causing derailments, posing 
serious safety risks and service interruptions (Cannon et al. 2003). The 
risk is further intensified by trains’ reduced capacity to stop quickly, 
compared to road vehicles [7]. Additionally, expanding the railway 
network plays a critical role in mitigating climate change, as rail 
transport is more environmentally friendly [8]. In this context, climate 
change poses a growing threat to the structural integrity of rail networks 
[9].

Given these challenges, incorporating landslide susceptibility (LS) 
analysis during the feasibility phase of rail route design is crucial to 
prevent and mitigate disasters. Several studies have explored this 
application, using methods such as Weight of Evidence (WoE) [10], 
bivariate statistical analysis [11], and a combination of information 
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value, WoE, and logistic regression [12]. Other approaches, like the 
Analytical Network Process [13], the Fuzzy Analytic Hierarchy Process 
[14], and Random Forest and Support Vector Machine [15] have also 
been applied for landslide analysis along railway lines. However, the 
limited number of practical studies in railway design emphasizes the 
need to integrate academic findings into real-world applications.

Two critical issues are often overlooked in the literature: (i) the 
complex relationship between the territory and railway infrastructure, 
and (ii) the challenging task of determining reliable landslide value 
thresholds for safe and unsafe locations by planners [16]. Regarding the 
first issue, extensive railway projects often encounter different geolog
ical domains, characterized by high landscape heterogeneity and 
different landslide types. Although some studies have started to address 
the role of different landslide types [17,18,19,20], this aspect remains 
largely underexplored, particularly in the context of long-term, non- 
event-based inventories. In these cases, the conventional approach of 
treating all landslide types uniformly proves inadequate given the 
diverse geological and geomorphological settings [16]. Moreover, each 
landslide type necessitates a unique mitigation strategy, and valuable 
information is lost when landslides are uniformly treated. Focusing 
limited landslide management resources on the most susceptible loca
tions, which vary depending on the landslide type, is crucial [21,22]. 
Additionally, the sampling strategy used to represent landslides (e.g., 
focusing on the triggering area, the entire polygon, or the centroid) can 

also influence modelling results, as recently examined by Guo et al. [23], 
Lima et al. [24] and Steger et al. [25].

Furthermore, the subdivision of landslide susceptibility in hazard 
classes is often ambiguous, which can render the analysis ineffective 
[26]. While susceptibility models often present probabilities, practical 
applications demand straightforward categorizations, such as low, 
moderate, or high susceptibility. However, defining these categories is 
complex and can lead to varying interpretations and applications, with 
only a few authors raised this concern [27,28,29,30]. Cantarino et al. 
[31] conducted a critical analysis of the results of classification systems, 
using several statistical methods. However, in the case of similar sta
tistical performance, they also introduced interpretation strategies to 
maintain a balanced approach to classification.

In this study, we explore how landslide susceptibility methods can be 
effectively integrated into railway design, focusing on a test area located 
in the Marche region of Italy. More specifically, we compare two sus
ceptibility models: the classical statistical-based Weight of Evidence 
(WoE; [32]and the more advanced Generalized Additive Model with 
gradient boost (GAMB; [33,34]. The models are first applied separately 
to five landslide types, using distinct target datasets for each type, 
obtaining five distinct susceptibility maps. Then we combine the single 
maps to derive an overall landslide susceptibility map which represents 
the likelihood of any landslide occurrence. The landslide probability 
values are finally classified using a new approach based on the 

Fig. 1. A) geology map of the study area subdivided into domains a and b, with railway line and localities. b) study area location (black dot) in the marche region 
(red area) in italy.
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application of six different techniques in order to obtain a reliable rep
resentation of hazard classes. The results of the susceptibility models are 
finally compared with the ground movements provided by the European 
Ground Motion Service (EGMS), to investigate the potential correlation 
between actual ground movements and predicted landslide 
susceptibility.

Study area

The study area is located in the Marche region of central Italy 
(Fig. 1). The area includes a significant portion of the Esino and Sentino 
Rivers basin, extending from Castelplanio (province of Ancona), which 
marks the downstream terminus of the rail project, and proceeding 
upstream up to the city of Fabriano (same province). Encompassing 
approximately 450 km2, the study area was strategically selected with a 
wider boundary to ensure the acquisition of a comprehensive and 
diverse dataset for landslide inventory. Rather than focusing solely on 
areas adjacent to the railway, this broader area provides a more com
plete understanding of the types and distribution of landslides, which is 
crucial for the robustness of our data-driven analyses. The boundaries 
were defined by including the Esino River catchment up to an arbitrary 
point in the valley beyond the village of Castelplanio, thereby incorpo
rating the entire railway within the natural limits of the basin.

Geological setting

The study area is characterized by two distinct geological domains (A 
and B), as illustrated in Fig. 1. To the west, Domain A consists of older, 
hard rocks, which encompasses the “Marchean Ridge” primarily 
composed of massive and micritic limestone (blue colours in Fig. 1), and 
the “Inner Marchean Basin” to the west, which features Oligocene to 
Miocene marly sediments (green colours in Fig. 1), with occasional 
gypsum and clayey deposits in its innermost parts [35]. In contrast, 
Domain B to the east is composed of younger, weaker rocks (red-grey 
colours in Fig. 1), including clays interbedded with fine sandstone and 
limestone, alternating marly-arenaceous and pelitic layers (with local 
variations in ratio) originated from turbidite phenomena, coarser 
sandstone lithotypes, and, lastly, Messinian gypsum and marls [36]. 
Domain B forms part of the peri-Adriatic Basin, characterized by 
arenaceous and pelitic sediments from the Lower-Middle Pliocene to the 
Lower Pleistocene [37].

This diverse geological-structural setting results in a wide range of 
landforms. The Domain A reaches high elevations (around 1000 m a.s.l.) 
with steep slopes and sharp escarpments, particularly in areas domi
nated by massive limestone. In contrast, the domain B exhibits gentler 
slopes and lower elevations (300–500 m a.s.l.). The transition between 
these two geomorphological zones is abrupt, contributing to a varied 
landscape. These geological and geomorphological constraints signifi
cantly influence the distribution and types of landslides across the area 
[38]. Steeper slopes in hard rock areas are more prone to falls and 
topples (domain A), while complex and slow-moving landslides are 
more prevalent on the clay-rich substrates in the east (domain B). These 
differences in landslide types pose challenges for accurately assessing 
landslide susceptibility.

The railway line

The study was conducted in the context of a planned upgrade for 
approximately 21.5 km of the historic railway line between Fabriano 
and Castelplanio (Fig. 1). The proposed project involves a new line that 
will run parallel to the old, discontinued track. The new railway line will 
serve as the main link between the Adriatic coast of the Marche region 
and the Apennine hinterland, where there are important industrial 
centers such as Fabriano. In certain sections, the project will include the 
construction of new natural tunnels and engineering structures, such as 
viaducts and artificial tunnels. The planned alignment could 

accommodate varying speeds, ranging from 70 km/h to a maximum of 
about 180 km/h, with a maximum longitudinal gradient of around 12 
‰. From an elevation perspective, the project design aims to minimise 
interference with existing road infrastructure, ensure hydraulic 
compatibility, and meet the necessary conditions for tunnel construction 
and associated safety measures.

Material and methods

The workflow followed to evaluate landslide susceptibility along the 
rail line is depicted in Fig. 2 and described in detail in the following 
sections.

Data collection (STEP 1)

The primary dataset for any susceptibility analysis is the landslide 
inventory map. In feasibility projects, this map is typically sourced from 
existing maps and eventually updated to include recent landslides. Our 
initial source was the IFFI (Italian Landslide Phenomena Inventory), a 
national database compiled by the National Higher Institute for Envi
ronmental Protection and Research (ISPRA; [39]. The IFFI Project pro
vides a comprehensive survey of landslide occurrences across Italy, 
making it a crucial resource for assessing landslide hazards at the 
regional scale.

The IFFI Project provides a comprehensive survey of landslide oc
currences across Italy, representing a key resource for assessing land
slide hazards at the regional scale. Conducted primarily during the first 
decade of the 2000 s, the IFFI inventory is updated annually to include 
major national events. The initial cartographic catalogue was created by 
integrating multiple data sources: 

• Photointerpretation: a fundamental tool for systematic geomorpho
logical surveys over large areas, enabling the identification and 
delineation of major landslide phenomena based on isohypses 
patterns.

• Historical and archival data analysis: used to reconstruct past land
slide events and assess their evolution, recurrence, and intensity, 
although such detailed information is often limited.

• Field surveys: conducted to verify and supplement data acquired 
through photointerpretation and archival research.

Each landslide record in the IFFI inventory contains basic informa
tion, including location, type of movement, and activity status. In some 
cases, additional details are provided, such as morphometry, geology, 
lithology, land use, causes, and dates of past activations. Rarely, 
optional information on damages, investigations, or remediation mea
sures is also included.

In our study area, the dataset follows this general pattern. Only two 
Fall/Topple events (from 1997) have detailed information, while the 
remaining landslide polygons were mapped using photointerpretation, 
field surveys, and local archives. The mapping scale was generally 
1:10,000, with higher detail (1:5,000) near urbanized areas, providing 
an overall resolution suitable for regional and national-scale landslide 
studies.

As a result, the IFFI project includes a wide range of landslides 
formed under various environmental and climatic conditions, spanning 
an indefinite timespan. The extensive nature of the IFFI inventory means 
that using it as a target dataset for landslide susceptibility modelling 
could result in conservative or overly cautious susceptibility maps, as it 
encompasses all hypothetical landslide scenarios across a broad time
scale. Given that the railway in our study is expected to operate for about 
100 years, adopting a long-term conservative approach based on such a 
dataset is justified.

For the classification and nomenclature of landslides, the IFFI project 
mainly based on Cruden [40], for detail see Trigila et al. [39]. In our 
study area, five landslide types are present: Slide (S), Fall/Topple (FT), 
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Slow Flow (SF), Complex (C), and Not Determinate (ND). Each type has 
distinct spatial and geomorphological characteristics.

Slide (S): Slides involve soil or rock and can be either rotational or 
translational with no expressed distinction in the IFFI inventory. This 
type of movement is characterized by a distinct zone of weakness that 
separates the slide material from more stable underlying material. Slide 
type is characterized by variety of velocity range, but generally around 
from slow to moderate and rarely to rapid. In our study area, there are 
278 mapped slides, covering 18.15 km2 (4 % of the area) with an 
average area of 0.066 km2. Slides are distributed across different li
thologies (percentage of landslide area in each lithology): Limestones 
and marly limestones with flint (28 %), marls, clayey marls, and 
calcareous marls (23 %), sandstones (19 %), and micritic limestones (14 
%), with the remaining lithologies each below 10 %. Slide type mean 
slope in our area is 19◦ with a standard deviation (St. Dev.) of 9◦. Slides 
are widely dispersed across both geological domains, occurring from 
gentle to steep scarps, without evident clustering (Fig. 3).

Fall/Topple (FT): Falls are rapid movements of rock masses that 
detach from steep slopes or cliffs, while topples involve forward rotation 
of rock units about a pivot point. FT landslides in our dataset are 34, 
covering 3.58 km2 (0.8 % of the area) with an average area of 0.1 km2. 
They predominantly occur in Limestones and marly limestones in 
massive layers (63 %) and micritic limestones (25 %). These landslides 

are associated with the steepest slopes in the study area, with a mean 
slope of 37◦ (St. Dev. = 13◦), reflecting their occurrence on steep scarps. 
Fall/Topple movements are rapid to extremely rapid, consistent with 
their physical nature.

Slow Flow (SF): Slow Flows, corresponding to Earthflows in Cruden 
[40], have an elongated, “hourglass” shape, often forming a depression 
or bowl at the head.. SF landslides in our study area are 267, covering 
15.22 km2 (3.4 % of the area), with an average area of 0.057 km2. They 
are mainly located on the western side of domain A in marls, clayey 
marls, and calcareous marls (39 %), with additional occurrences in the 
clay-rich portions of domain B. The mean slope for SF landslides is 13◦

(St. Dev. = 6◦), indicating a preference for gentle to moderate slopes, 
with consistently slow movement velocities.

Complex (C): Complex type is described aa combination in time and/ 
or space of two or more principal types of movement. In our area, the 
complex type present usually are characterized by a gentle slope with 
multi-cambered and concave shapes portions, which identified the 
scarps or feet of different slip surfaces in space and time now no longer 
discernable between each other. Usually In the study area, they typically 
combine Slide and Slow Flow movements, with a slow to very slow 
velocity, but huge volume. Complex landslides are especially common in 
domain B (in both Sandstone (39 %) and clays (35 %) lithology), where 
they cover a significant portion of the landscape. In total, there are 436 

Fig. 2. The full methodology workflow splitted into 4 steps.
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Complex landslides, covering 53.37 km2 (11.8 % of the area), with an 
average area of 0.122 km2, being the larger landslide type of the study 
area.

Not Determinate (ND): This category includes landslides that lack 
clear diagnostic features for specific classification, perhaps due to aging 
processes or human activities. ND landslides are often similar to Com
plex landslides but lack definitive indicators of multiple material types 
or movement patterns, which can lead the mapper to attribute Complex 
as the movement type. In our study area, there are 115 ND landslides, 
covering a total area of 5.15 km2 (1.15 % of the study area), with an 
average landslide area of 0.045 km2. They are mainly present in domain 
B in Sandstone (38 %), clay (33 %) and Pelitic-arenaceous and 
arenaceous-marly alternations (11 %).

Large landslide inventories such as the IFFI are inherently inhomo
geneous, often compiled by various mappers who bring different levels 
of expertise and judgment. Inconsistencies typically arise in the classi
fication of landslide types and can also extend to variations in mapping 
accuracy. These limitations need to be taken into account during both 
the training and validation phases of analysis.

Eight predisposing factors (Fig. 4) were considered based on their 
geological and geomorphological relevance, literature guidance, and the 
available data. We included geology, land cover, slope, and aspect as the 
basic and most significant factors [41] because they represent the pri
mary controls on landslide occurrence. Given that our inventory is 
mainly derived from photointerpretation, therefore sensitive to land
form, we also incorporated plan (horizontal) and profile (vertical) cur
vature to distinguish concave and convex portions of slopes, and we 
added the bedding plane–slope orientation relationship, which is 
mechanistically linked to translational slides on cataclinal slopes. The 
Topographic Wetness Index (TWI) was used as an integrated hydrolog
ical predictor because it combines slope and flow accumulation, so 
adding distance to streams or additional flow metrics would be largely 
redundant.

We intentionally excluded several predictors aiming to a baseline 
(long-term) susceptibility for a long-life infrastructure. Topographic 

Position Index (TPI) and related roughness measures were not used 
because their signal overlaps with that already captured by plan/profile 
curvature; distance to faults (and, analogously, seismic PGA proxies) 
was omitted due to scale mismatch and mapping uncertainty, with 
structural predisposition better represented by bedding–slope orienta
tion and geology; NDVI and other spectral indices are temporally un
stable (seasonal depending) and largely reflect land cover (already 
included); and soil maps/soil thickness were not used because of het
erogeneous scale/quality and limited independent information beyond 
geology. We did not include distance to roads because our inventory 
chiefly represents long-term, natural landslides, and our goal is to 
characterize the background susceptibility of the terrain prior to any 
railway construction; proximity to existing roads would introduce 
anthropogenic bias not representative of natural predisposition. Land 
cover remains valuable, as it encodes the prevailing hillslope cover 
(including human presence) without forcing proximity effects.

Bedrock geology was obtained from the regional geological map at a 
1:10,000 scale, available on the regional website (https://www.regione. 
marche.it/Regione-Utile/Paesaggio-Territorio-Urbanistica/Cartogra 
fia/Repertorio/Cartageologicaregionale10000). From this fine resolu
tion, regional, digitalized map, bedding plane measurement were also 
extracted. Land cover data were sourced from the national geoportal 
(https://geodati.gov.it/geoportale/) at the same 1:10,000 scale. This 
dataset was generated through automated classification of multispectral 
images (RGB and false colors) acquired in June-July 2007 with a Leica 
ADS40, orthorectified with 1-meter pixels (in accordance with 1:10000 
scale). The minimum mappable unit is 3000 square meters, with 80 % 
accuracy, and the legend originally adopted is the CORINE second level. 
The Digital Elevation Model (DEM) was obtained from the TINITALY 
project (https://tinitaly.pi.ingv.it/), originally published in 2007 and 
recently updated in 2023. The DEM, with a resolution of 10x10 meters, 
was constructed using contour lines and spot heights derived from 
Italian regional topographic maps, satellite-based global positioning 
system points, ground-based altimetry, and radar altimetry data [42]. 
The 10-m resolution TINITALY is compared by Tarquini et al. [43] with 

Fig. 3. Landslide inventory from IFFI with hillshade effect.
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Fig. 4. Used geomorphology layers as predictors. a) Geology: see legend Fig. 1. b) Land cover: Urbanised residential area (1), Urbanised industrial area (2), Urban 
green area (3), Excavating area (4), Heterogeneous arable agricultural land (5), permanent arable land (tall trees) (6), Meadows with sparse vegetation (7), Mixed 
wooded territories (8), Water bodies (9). c) Slope. d) Topographic Wetness Index (TWI). e) Aspect. f) Bedding planes-slope orientation relationships: Cataclinal 
horizontal (1), Cataclinal under-dip (2), Cataclinal over-dip (3), Oblique cataclinal (4), Orthoclinal (5), Oblique anaclinal (6), Anaclinal horizontal (7), Anaclinal 
under-dip (8), Anaclinal over-dip (9). g) Planar curvature. h) Profile curvature.
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two, coarser-resolution, global-coverage, spaceborne-based Shuttle 
Radar Topographic Mission (SRTM) and Advanced Spaceborne Therma 
Emission ad Reflection Radiometer (ASTER) DEMs and with a high 
resolution LIDAR-derived DEM, showing an root mean square error in 
elevation (RMSEz) of 1.98 m against the latter, while the SRTM and 
ASTER DEMs against the LIDAR show a RMSEz of 7.78 and 9.36 m 
respectively.

Using this DEM, slope and aspect were computed in ArcGIS 10.8 
(Slope, Aspect) with the planar method and default settings: a 3 × 3 
neighbourhood and the Horn (1981) finite-difference algorithm; aspect 
is reported 0–360◦ (− 1 for flats). Curvature was derived with the Cur
vature tool using the default 3 × 3 local surface fit, extracting both plan 
(planar) and profile curvature (positive = convex, negative = concave). 
The Topographic Wetness Index (TWI) was produced with the Hydrol
ogy tools using default D8 flow direction and Flow Accumulation (D8), 
combined with the slope grid per Beven & Kirkby [44] (no custom pa
rameters applied).

A special in-depth description is given of the Bedding planes-slope 
orientation relationship. The relationship between bedding planes and 
the orientation of a slope plays a crucial role in influencing landslide 
phenomena, especially for translational slide type. However, evaluating 
this relationship across a large study area is challenging [45,46]; Gun
ther 2003; [47,48]. In particular, assuming spatial continuity of geologic 
bedding via interpolation of point measurements is prone to errors, 
especially in geo-structurally complex areas with numerous folds and 
faults. Sparse measurement points may fail to capture these complexities 
thus providing unrealistic results. To mitigate this problem, we inter
polated the data using the method proposed by Meentemeyer & Moody 
[46], which involves decomposing directional data into x and y com
ponents through sine and cosine functions, compute the interpolation of 
both and then reconverted these values into degrees, allowing for direct 
comparisons with the aspect. Various techniques were tested to assess 
suitable interpolation method for spatial point measurements in GIS 
environment. These included Diffusion Kernel with Barriers (geological 
faults as barriers), Kernel with Barriers, SPline, IDW without Barriers, 
Natural Neighbor without Barriers, and two variations of Kriging 
without Barriers [49]. The evaluation revealed issues such as excessive 
averaging (Diffusion Kernel with Barriers, Kernel with Barriers), NoData 
output pixels (Kernel with Barriers, SPline), and challenges in main
taining original data values during interpolation (Kriging without Bar
riers). IDW and Natural Neighbor without Barriers showed more 
reasonable results, achieving a balance between individual data point 
significance and spatial continuity. Ultimately, the choice fell on the 
Natural Neighbor without Barriers because the IDW produced a ring of 
values around the measurement points (360◦ direction) in an attempt to 
accommodate differences between two close measurement points with 
very different values, increasing interpretation and often producing 
unrealistic effects. Finally, by comparing strata attitudes with slope 
aspect and angles, we defined nine categories of geometrical relation
ships (see Tab. 1), following the classification proposed by Peng et al. 
[50].

Landslide susceptibility modeling (STEP 2)

Susceptibility models
Landslide susceptibility was calculated using two established 

methods: the Weight of Evidence (WoE) [32] and the Gradient boosted 
Generalized Additive Model (GAMB) [33,34].

These approaches analyze the relationship between a binary 
dependent variable, in our case the presence or absence of a landslide, 
and various categorical or continuous independent variables that might 
influence this event, like slope, geology, and land cover. WoE was 
selected for its simplicity, flexibility, and clear demonstration of how 
factors contribute to landslide susceptibility, which is crucial for effec
tive communication with stakeholders. On the other hand, GAMB excels 
at capturing complex, non-linear relationships between factors and 

Table 1 
Detailed classes subdivision of predictors with continues values, used in the 
WoE.

Predictors Subdivision 
method

WoE Class

Bedding 
planes-slope 
orientation 
relationship

Arbitrary 
classification 
following Peng 
et al. [50]

​ Aspect-dip 
direction (◦)

Slope- 
dip (◦)

​ ​ 1 − Cataclinal 
Horizontal

0–30 (− 5) 
− 5

​ ​ 2 − Cataclinal 
Under-Dip

0–30 < − 5

​ ​ 3 − Cataclinal 
Over-Dip

0–30 > 5

​ ​ 4 − Oblique 
Cataclinal

30–60 −

​ ​ 5 − Orthoclinal 60–120 −

​ ​ 6 − Oblique 
Anaclinal

120–150 −

​ ​ 7 − Anaclinal 
Horizontal

150–180 (− 5) 
− 5

​ ​ 8 − Anaclinal 
Under-Dip

150–180 < − 5

​ ​ 9 − Anaclinal 
Over-Dip

150–180 > 5

Slope Arbitrary 
classification

​ Slope values 
interval (◦)

​

​ ​ 1 (almost flat) 0–5 ​
​ ​ 2 5–10 ​
​ ​ 3 10–12.5 ​
​ ​ 4 12.5–15 ​
​ ​ 5 15–17.5 ​
​ ​ 6 17.5–20 ​
​ ​ 7 20–22.5 ​
​ ​ 8 22.5–25 ​
​ ​ 9 25–27.5 ​
​ ​ 10 27.5–30 ​
​ ​ 11 30–35 ​
​ ​ 12 35–40 ​
​ ​ 13 (really steep) > 40 ​

Aspect Arbitrary 
classification

​ Aspect 
direction 
interval (◦)

​

​ ​ 1 − North (N) 0–22.5 ​
​ ​ 2 − North East 

(NE)
22.5–67.5 ​

​ ​ 3 − East (E) 67.5–112.5 ​
​ ​ 4 − South East 

(SE)
112.5–157.5 ​

​ ​ 5 − South (S) 157.5–202.5 ​
​ ​ 6 − South West 

(SW)
202.5–247.5 ​

​ ​ 7 − West (W) 247.5–292.5 ​
​ ​ 8 − North West 

(W)
292.5–337.5 ​

​ ​ 1 − North (N) 337.5–360 ​
Topographic 

Wetness 
Index (TWI)

Quantiles ​ TWI values 
interval

​

​ ​ 1 (more surface 
runoff)

0–0.27 ​

​ ​ 2 0.27–4.12 ​
​ ​ 3 4.12–4.68 ​
​ ​ 4 4.68–5.14 ​
​ ​ 5 5.14–5.59 ​
​ ​ 6 5.59–6.04 ​
​ ​ 7 6.04–6.72 ​
​ ​ 8 6.72–7.85 ​
​ ​ 9 (more 

waterlogging)
7.85–29.13 ​

(continued on next page)
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variables, managing continuous factors without needing discretization, 
and goes beyond traditional linear models by incorporating additive 
structures where the total effect is the sum of the effects of individual 
predictors [51].

We have selected grid-cell units (10x10 meters) for our landslide 
susceptibility analysis, recognizing their high spatial resolution and 
alignment with current field practices, as noted by Reichenbach et al. 
[26]. This choice effectively facilitates detailed assessments at the 
decameter scale, which is crucial for the precision required in railway 
infrastructure planning. While slope unit-based analysis has merits in 
geomorphological terms and validation results [52,53], it generally 
classifies larger areas uniformly regarding hazard potential. This uni
form classification may obscure specific high-hazard areas within a 
slope, a concern raised by Ba et al. [53] and Martinello et al. [54]. Such 

precision is particularly critical in railway safety studies where localized 
site conditions significantly influence risk assessments. Despite the 
higher computational demands, employing grid-cell units is needed to 
achieve a comprehensive yet detailed analysis.

Unlike methods that distinguish between the source (or triggering) 
area and the deposit, we opted to treat each landslide as a whole. This 
decision reflects our goal of modelling the probability of landslide 
occurrence in its entirety, ensuring a more comprehensive and cautious 
assessment. Furthermore, Lima et al. [24] demonstrated that this inte
grated approach can outperform source-only strategies when not relying 
on physically based simulations, which would otherwise significantly 
increase computational demands [55].

Weight of Evidence (WoE).
WoE calculates the likelihood of an event (e.g., landslide occurrence) 

for each category of an independent variable using Bayes’ theorem [32]. 
Implementing WoE, involves a series of steps that begin with calculating 
the logit of the priori landslide probability P(L): 

Logit(L) = loge

(
P(L)

1 − P(L)

)

(1) 

where N(L) is the number of pixels with landslide presence (L), N(T) is 
the number of total pixels, and P(L)=N(L)/N(T).

This is followed by computing positive weights (W + ), which indi
cate how the factor is positively associated with the occurrence of the 
event, and negative weights (W-), which indicate how the factor is 
negatively associated with the occurrence of the event. These weights 
are computed as the ratio of conditional probabilities with respect to 
each class of each predictor (B): 

W+ = log
(

P(B|L)
P(B|L

)

(2) 

W− = log
(

P(B|L)
P(B|L

)

(3) 

where the L and B represent the absent of landslide and predictor class 
respectively.

The contrast (CS) is then evaluated as the difference between W+ and 
W− , to indicate each category’s contribution to instability. Positive 
weights allow to update the a priori logit to obtain the logit of the 
posteriori probability, according to Meyer et al. [56]: 

Logit
(

L|Bj (j=1 to k)
i (i=1 to n)

)
= Logit(L)+

∑n

i=1

∑k

j=1
W+

ij (4) 

where Bj
i is the jth class of the predictor i.

This logit is finally converted back into a probability, yielding the 
weighted landslide probability: 

P(L|B) =
exp(Logit(L|B))

1 + exp(Logit(L|B))
(5) 

Table 1 shows the division into specific classes of the conditioning 
factors, necessary for the WoE method. Geology and Land cover are by 
their nature pre-categorised so there is no need to be subdivide them 
(see Fig. 1 and Fig. 4).

Generalized Additive Model with tree-based boosting (GAMB).
Generalized Additive Models (GAMs) are advanced statistical models 

that extend the Generalized Linear Model by incorporating non-linear 
relationships through smooth functions, typically spline functions, for 
each predictor [33]. Unlike the WoE, GAMs seamlessly accommodates 
continuous variables and maintains interpretability, enabling an un
derstanding of the impact of each predictor and its non-linear compo
nents. Bayesian GAMs have been applied to model landslide 
susceptibility [57,58,59], and Poissonian GAMs have been used for 
modelling spatial landslide counts [60]. In our study, we used the fitc
gam function implemented in the MATLAB environment for binary 

Table 1 (continued )

Predictors Subdivision 
method 

WoE Class

Planar 
curvature

Standard 
deviation (1/2)

​ Curvature 
values 
interval

​

​ ​ 1 (concave 
surface, valleys 
and gullies)

− 63.72 −
(− 2.65)

​

​ ​ 2 − 2.65 −
(− 2.21)

​

​ ​ 3 − 2.21 −
(− 1.77)

​

​ ​ 4 − 1.77 −
(− 1.33)

​

​ ​ 5 − 1.33 −
(− 0.89)

​

​ ​ 6 − 0.89 −
(− 0.45)

​

​ ​ 7 (almost plain, 
slightly concave)

− 0.45–0 ​

​ ​ 8 (almost plain, 
slightly convex)

0–0.43 ​

​ ​ 9 0.43–0.87 ​
​ ​ 10 0.87–1.31 ​
​ ​ 11 1.31–1.75 ​
​ ​ 12 1.75–2.19 ​
​ ​ 13 (convex 

surface, hill and 
ridges)

2.19–57.89 ​

Profile 
curvature

Standard 
deviation (1/2)

​ Curvature 
values 
interval

​

​ ​ 1 (convex 
surface, upward 
camber)

− 102.62 −
(− 3.49)

​

​ ​ 2 − 3.49 −
(− 2.92)

​

​ ​ 3 − 2.92 −
(− 2.34)

​

​ ​ 4 − 2.34 −
(− 1.76)

​

​ ​ 5 − 1.76 −
(− 1.19)

​

​ ​ 6 − 1.19 −
(− 0.61)

​

​ ​ 7 (almost plain, 
slightly convex)

− 0.61–0 ​

​ ​ 8 (almost plain, 
slightly concave)

0–0.54 ​

​ ​ 9 0.54–1.11 ​
​ ​ 10 1.11–1.69 ​
​ ​ 11 1.69–2.27 ​
​ ​ 12 (concave 

surface, less 
steepness and 
downward 
camber)

2.27–107.91 ​
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classification, which extends the traditional GAM by incorporating 
gradient boosting [34]. The model can be represented as: 

yi = β0 +
∑p

j=1
fj
(
xj
)
+

∑p

i,j∈{1,2,⋯, p}

fij
(
xixj

)
(6) 

where: yi represents the probability of success (landslide occurrence). β0 
is the intercept or baseline value. 

∑p
j=1fj

(
xj
)

is the sum of univariate 
functions, each capturing the main effect of a single predictor xj on the 
response. These functions are not smooth functions in the classical sense, 
but ensemble functions built from boosted decision trees. 
∑p

i,j∈{1,2,⋯,p}fij
(
xixj

)
represents the sum of bivariate interaction func

tions, capturing pairwise interactions between predictors xixj. These 
interaction terms are also built using gradient-boosted decision trees, 
allowing the model to capture complex nonlinear dependencies.

The boosting process in fitcgam follows an adaptive gradient 
boosting algorithm, which initially builds sets of univariate (predictor) 
trees to approximate the marginal effects of individual predictors on the 
response. It then adds interaction trees to capture the combined effects 
of pairs of predictors. During each boosting iteration, the function fits a 
tree to the residuals (the difference between the current model predic
tion and the true response), scales this tree using a learning rate, and 
updates the overall model accordingly. This iterative approach allows 
the model to adaptively fit both main effects and interactions while 
minimizing overfitting, as the boosting process is carefully tuned using 
the OptimizeHyperparameters option in MATLAB, which varies key 
parameters such as learning rates, maximum number of trees, and tree 
complexity to minimize cross-validation loss.

Modeling workflow
To apply the susceptibility models, we developed an Excel-based 

structure that handles the original input file and works as an interface 
for the MATLAB Script where the analysis (WoE and GAMB) is done. 
This structure allows the MATLAB code to remain unchanged, while 
input variables can be easily modified by simply updating the Excel file, 
resulting in a flexible and user-friendly methodology, aim of our work.

We decided to use the complete dataset for computing the weights 
and training the models because, from a practical user-designer point of 
view, the model must be deliberately site-specific and achieve the best 
performance for that specific area (best success rate) at the sacrifice of 
replicability (prediction rate).

To face the common issue in literature of neglecting variations 
among different landslide types [26], we decided to implement the 
models using different landslide types as distinct target datasets. The 
landslide type’s classification was kept from the IFFI (see par. 3.1 for 
details): Not Determinate (ND), Slide (S), Fall and topple (FT), Slow flow 
(SF), and Complex (C). In the first stage, we therefore obtain a landslide 
susceptibility map for each type of landslide. These individual maps are 
then combined to create a comprehensive susceptibility map for all 
landslides in the area.

The overall landslide susceptibility map represents the probability of 
failure for any landslide type, together with the sensitivity of overall 
susceptibility to each landslide type. This map was computed using a 
complementary probability approach [61], which is particularly effec
tive when the occurrences are mutually exclusive. The methodology 
involved the following steps: 

I. The overall landslide probability (Povr) for each pixel is computed by 
subtracting the product of the complementary probabilities (1 minus 
the probability of each landslide type Pi) from 1. Essentially, it 
combines the individual probabilities of all considered landslide 
types (n) to estimate the likelihood of any landslide event happening.

Povr = 1 −
∏n

i=1
(1 − Pi) (7) 

II. The contribution of each landslide to the overall probability, that is 
the influence of an individual landslide type (i) on the Povr, is 
determined by computing the partial derivate of Povr over each 
probability (Pi). Each sensitivity raster (Si) is then normalized to 
percentages ensuring that they sum up to 100.

Si =
∂Povr

∂Pi
(8) 

where i indicate the different landslide types: 1=ND; 2=S; 3 = FT; 4=SF; 
5=C. 

III. To enhance the understanding of how different landslide types 
contribute to overall susceptibility, we assign to each pixel the 
landslide types with the major sensitivity in that pixel.

These categorizations and thresholds were derived through a process 
of visual interpretation in ArcMap. Our aim was to ensure that areas 
with a high confidence level in landslide susceptibility fully encompass 
known landslide type areas, while uncertain class is assigned to regions 
with evident stability, such as valleys and other stable zones. This 
approach allowed us to tailor the classification scheme to reflect real- 
world conditions in our study area. However, it is important to note 
that the chosen thresholds may require adjustment when applied to 
different geographical contexts.

Finally, we employed the classical statistical measure, AUROC (Area 
Under the Receiver Operating Characteristics) [62], to assess the per
formance of both individual landslide-type susceptibility maps and the 
overall maps for the WoE and GAMB models. This evaluation utilizes the 
IFFI inventory as the ground truth.

Classes delineation (STEP 3)

One of the key challenges of susceptibility analysis is the definition of 
susceptibility classes. This definition is crucial for decision-making 
processes, such as categorizing areas as low, moderate, or high suscep
tibility, and for communicating the results to end-users like construction 
companies [63].

The literature proves to be fractionated and abundant with different 
methods (see Tab. 2) around this concept of defining thresholds, 
revealing a lack of a common standard [26]. For instance, Normal dis
tribution emphasizes the mean and standard deviation; F-beta scoring 
try to minimize the number of false negatives (at the increasing of beta); 
AUC optimization identifies the set of thresholds that best balance the 
true positive and false positive rates; Natural Breaks is the best for 
minimize the variance between natural cluster in the distribution; and 
percentile-based methods (overall/landslide area), though common in 
literature, are highly dependent on the chosen cutoff values (e.g., 25th, 
50th, 75th percentiles). However, none of these approaches alone gua
rantees that the resulting classes will accurately reflect the real vari
ability of susceptibility across the landscape.

To address this issue, we developed a novel methodology of 
ensembled methods for categorizing susceptibility, which is depicted in 
Fig. 5. For each pixel with a given Povr for each landslide type separately, 
we applied six distinct reclassification techniques. Each technique em
ploys different criteria to establish three thresholds that delineate four 
susceptibility classes: very low (1), low (2), moderate (3), and high (4). 
We opted for this 4 classes’ terminology given the overcautious nature of 
the IFFI landslide inventory. The methods used are as follows: 

1. Overall percentiles consider the full distribution of susceptibility 
values across all pixels, setting the 25th percentile as the threshold 
between classes 1 and 2, the 50th percentile between classes 2 and 3, 
and the 75th percentile between classes 3 and 4
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2. Normal Distribution calculates the mean and standard deviation of 
the entire dataset and places the three thresholds at one standard 
deviation below the mean susceptibility, the mean itself, and one 
standard deviation above the mean.

3. Landslide percentiles operate similarly to the first method but focus 
solely on the pixels within the landslide areas to derive thresholds 
tailored specifically for unstable slopes.

4. Natural Breaks (Jenks) finds the best arrangement in four classes 
aiming to minimize variance within classes while maximizing vari
ance between them.

5. AUC-optimized thresholds are obtained by discretizing the ROC 
curve into 4 straightforward segments where the changing points are 
selected in order to maximize the AUC under the new segmented 
ROC, for optimal sensitivity and specificity.

6. F-beta scores [91] define thresholds using F-scores with different 
weights (β), to emphasize true positives (TP) and false negatives (FN) 
in order to minimize the latter. In the formula:

Fβ =
(
1+ β2)

(
1 + β2)*TP

(
1 + β2)*TP + β2*FN + FP

(9) 

The factors β utilized were 1, 2 and 3; where 3 represent the lowest 
threshold as it minimizes the FN at the expense of FP (more conservative 
approach), followed by F2 and F1. So, we compute the F1, F2, and F3 
using different thresholds of Povr, and for the highest F1, F2, F3 we kept 
the relative threshold.

Each method provides a susceptibility class for the pixel, ranging 
from 1 (very low) to 4 (high). We then determine the pixel class by 
calculating the mode of these classifications, along with the level of 
agreement between methods. For example, as shown in Fig. 5, a pixel 
with a susceptibility value ofPovr = 0.23 is classified differently 
depending on the method used: the first 3 methods and the 5th classify it 
in class 2 (low susceptibility), whereas method 4 categorizes it as class 1 
(very low susceptibility), and the last method in class 3 (moderate sus
ceptibility). The most common classification across the methods is class 
2 (low susceptibility), occurring with a 67 % consensus (four out of six 
methods assign it to class 2).

After this initial classification, the susceptibility values of the four 
classes are extracted to calculate the corresponding kernel density 
function. Ideally, density functions should be entirely separated without 
overlapping values, since they represent different degrees of suscepti
bility. However, especially close to the class boundaries, it may happen 
that pixels with higher susceptibility fall in the lower class. To address 
this issue, we redefined the thresholds between classes by identifying the 
intersection points between the kernel densities distributions. These 
updated thresholds are then applied to reclassify the original Povr, 
ensuring clearer delineation in boundary cases.

This approach was implemented independently for the two geolog
ical domains, A and B. As mentioned earlier, the landslide characteristics 
differ significantly between these areas: Domain A predominantly ex
periences rock falls and rapid rockslides, while Domain B is character
ized by slow-moving earth slides and flows (Fig. 3). Using the same 
numerical thresholds for such diverse landscapes could lead to inaccu
rate representations of the actual landslide hazard, as identical suscep
tibility classes might correspond to very different types of instability 
phenomena. Therefore, we set distinct thresholds for each domain based 
on their specific probability values, ensuring that our classification 
better reflects the hazard levels of the landscape.

Results visualization (STEP 4)

The final step in the analysis involves visualizing the results of the 
susceptibility models along the examined rail line. An effective visuali
zation strategy should provide a clear and immediate representation of 
the critical sections along the railroad route, together with essential 
information about the type of landslide hazard. Additionally, it should 
consider the average susceptibility of areas adjacent to both the left and 
right sides of the route, in order to determine which side of the railway is 
more vulnerable to landslide.

Table 2 
List of proposed methods in literature to reclassify the landslide probability 
values.

Method References

No re-classification Brenning [64], Catani et al. [65], 
Lombardo et al. [66], Trigila et al. [67].

Percentile of whole area values Carrara [68], Ayalew & Yamagishi [28], 
Goetz et al. [57], Meyer et al. [56], Steger 
et al. [25], Lombardo & Mai [69], 
Cantarino et al. [31], Merghadi et al. 
[70], Alvioli et al. [29].

Percentile of observed landslide values Van Westen et al. [71], Guinau M. et al. 
(2007), Petschko et al. [58], Sinčić et al. 
[72].

Normal distribution (Mean plus/minus 
standard deviation)

Ayalew & Yamagishi [28]

Equal intervals Atkison & Massari (1998), Ayalew & 
Yamagishi [28], Guzzetti et al. (2005), 
Simoni et al. [73], Conoscenti et al. 
(2016), Alvioli et al. [29], Dahal et al. 
[74], Moreno et al. [75].

Specific arbitrary interval Guzzetti et al. [76], Frattini et al. [77], 
Rossi et al. [78], Yu et al. [79], Lombardo 
et al [60], Rosi et al. [80], Bozzolan et al. 
[81].

Binary classification followed by a 
spatial agreement between models or 
inventory

Ardizzone et al. [82], Carrara et al. [83].

Natural breaks (Jenks) Ayalew & Yamagishi [28], Peng (2014), 
Sciarra et al. [84], Chen et al. [85], 
Cantarino et al. [31], Alvioli et al. [29].

Head/Tail breaks Cantarino et al. [31].
ROC based (AUC optimization, Youden 

index, Generalized Youden Index, 
Specific thresholds)

Cantarino et al. [31], Martinello (2021), 
Martinello et al. [86], Titti et al. [87], 
Titti et al. [88], Steger et al. [30].

Geometrical interval Chen et al. [89].
Effectiveness ratio Chung & Fabbri [27], Fang et al. [90].

Fig. 5. Example of reclassification method with the mode concept.
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To summarize all this information in a single plot, we first sampled 
the points (pixels) along the railway line and selected all pixels within a 
100-meter radius. From these selected pixels, we further refined our 
focus to include only those within a 120◦ arc (±60 degrees from the 
perpendicular to the railway line) on each side, separately (see Fig. 6). 
After identifying the relevant pixels on each side, we calculated the 
average susceptibility for these groups and then plotted these averages 
together to allow direct comparison between the left and right sides. 
This step provides clear insights into which side of the railway is more 
prone to landslides. The choice of a 120◦ arc with a 100-meter radius on 
each side of the railway was intentional, as it effectively focuses less on 
pixels closest to the railway, so reducing redundant information from 
immediately adjacent pixels. Indeed, these pixels often mirror the in
formation already captured directly from the susceptibility plot along 
the rail line, so by emphasizing pixels further away, this approach offers 
a broader and clearer understanding of landslide susceptibility in the 
surrounding slope area.

Results

LS susceptibility maps

Fig. 7 displays the landslide susceptibility maps generated using the 
Weight of Evidence (WoE) and Gradient Boosted Generalized Additive 
Model (GAMB) methods. These maps illustrate the overall susceptibility, 
calculated by the complementary probability of susceptibility for each 
individual landslide type, as detailed in section 3.2.2. Maps for the 
various landslide types are included in the supplementary material (S1, 
S2, S3, S4, and S5). Fig. 7 includes also the confusion matrix wheel 
(easier reading), build up using the 0.5 as binary thresholds, showing 
True Positives (TP), True Negatives (TN), False Positives (FP), and False 
Negatives (FN), Thus, TP indicates for example where susceptibility is 
higher than 0.5 and observed landslide is present. The maps in Fig. 7
show the importance of varying geological conditions within the study 
area and highlight differences between the two models. Specifically, 
domain B exhibits greater susceptibility to slope instability, particularly 
in the GAMB model, whereas the WoE model tends to emphasize some 
areas in the carbonate ridge (domain A). Both models identify the main 
valleys with low susceptibility, while WoE points out also the smaller 
valley and gullies in domain B. Overall, GAMB appears more homoge
neous inside the two respective domains; on the other hand, the WoE 
model reveals more heterogeneous and scattered susceptibility. The 
confusion matrix (wheel) underscores this first conclusion with GAMB 
achieving a slightly better identification of TN and especially TP pixels, 
slightly reducing the FN of WoE.

The sensitive maps in Fig. 8 highlight the contribution of each 
landslide type to the overall susceptibility. This information is crucial for 
railway planning as it helps identify the more hazardous landslide types, 
such as rapid collapses and slides, over less hazardous ones like slow 
flows.

The Slow-Flow (SF) and Complex (C) types appear to be the most 
challenging to distinguish due to similar geomorphological conditions, 
leading to divergent results between the models. The WoE model pre
dominantly associates the hilly slope areas of domain B with the Com
plex landslides. In contrast, GAMB differentiates these areas into slopes 
affected by both Complex and Slow Flow types, mainly based on the 
aspect of the slope. Other differences are visible in the north-west 
portion of domain A. Here, like in domain B, GAMB tends to associate 
larger area to SF, instead WoE to C. In domain A, comparing with the 
landslide inventory (Fig. 3), we notice that the GAMB is more accurate 
assigning the SF type presence, while in domain B, WoE is closer to the 
original IFFI classification assigning C type. Both models indicate that 
Slide (S) and Fall/Topple (FT) are the landslide types that control sus
ceptibility in domain A, especially along the carbonate ridge. Here, the 
FT type shows a broader influence in the WoE model compared with the 
GAMB, covering wider.

In the valleys we notice that almost everywhere the predominant 
sensitivity of landslide type is Not determinate (ND) landslide. This 
behavior may be explained by two main factors. (i) In valley areas, the 
influence of other landslide types may be reduced because the models 
are better at recognizing the distinctive conditions associated with those 
types, and consequently better at excluding areas with opposite features, 
such as valley. In the ND case, unclear geomorphological features lead to 
less recognizable features, and it is more difficult to exclude opposite 
conditions too. (ii) The ND type is the most unbalanced in the dataset, 
with a very limited number of landslides. This imbalance may lead to a 
less robust model for the ND class, potentially exaggerating its sensi
tivity, particularly in zones with generally low susceptibility. The 
different behavior of the two models is further in-depth examinate in the 
discussion paragraph with the help of contrast and partial dependences 
presented in the supplementary material.

Each landslide type susceptibility model was evaluated using the 
ROC method and the corresponding AUC values, as shown in Tab. 3 The 
Fall/Topple type achieved the highest AUC values with both models 
(WoE and GAMB), indicating that these geomorphological features are 
the most easily recognizable in this area. Conversely, the Slide type 
resulted in the lowest AUC values for both models. Generally, the AUC 
values are within a normal/good range compared to other studies in the 
literature [29]. When comparing the two models, the GAMB consistently 
outperformed the WoE model, with a notable difference (0.05–0.1) in all 
landslide type analyses. The overall susceptibility map, evaluated using 
the entire landslide inventory as ground truth, showed the poorest re
sults. This outcome is expected because the overall evaluation assesses 
the combined effect of different geomorphological features on various 
landslide types, each influenced by different factors.

Classes delineation

A Clear and univocal identification of susceptibility classes is not 
possible looking at the distributions of the landslide probability in 
different domain (Povr) shown in Fig. 9. The WoE inside domain A pre
sents a clear frequency distribution pick of Povr around 0.1–0.2, and then 
no other evident picks, if not at the highest values close to 1. GAMB in 
domain A, instead, display one clear pick of frequency at Povr close to 0, 
and then another one, wider, at 0.1. In domain B, the WoE shows a noisy 
distribution and almost flat from 0 to 0.5 of Povr. The GAMB in domain B 
still shows the high pick of very low values, plus a less evident pick at 
around 0.5. In both domains, the GAMB model identifies most pixels 
outside potential landslide areas (e.g., flat valley areas) correctly, 
assigning them extremely low landslide probabilities. Conversely, the 
WoE model tends to flattener all values, failing to distinguish these 

Fig. 6. Representation of pixels selection (left and right side) method from each 
pixel on the line (red dot on railway).
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extremely very low-probability pixels effectively. These results are 
common in susceptibility analysis, which often leads to uncertainty in 
the delineation of descriptive classes (see section 3.3).

The application of the six classification methods outlined in section 
3.3 aids in objectively defining the susceptibility. Table 4 presents the 
three threshold values of Povr for each method, which delineate the four 
susceptibility classes: very low, low, medium, and high. Generally, the 
Natural Breaks method is the least cautious, featuring relatively high 
thresholds that result in a narrower high-susceptibility class. Landslide 
percentiles provide also high thresholds, particularly the third threshold 
that separates medium to high susceptibility in WoE – B. On the con
trary, the F-beta method appears the most cautious. The thresholds 
obtained from AUC optimization method are placing always in the mid- 
range compared to the other methods, apparently becoming the best one 

to avoid over optimistic or pessimistic classification in our study area.
The final thresholds for the susceptibility classes are determined for 

each method and geological domain by plotting the kernel density dis
tribution of the reclassified pixels (Fig. 10). In these plots, various colors 
represent the frequency distribution of the probability Povr for pixels 
within a given class, as defined by the modal class across the six clas
sification methods. The figure highlights the differences between the 
west (A) and east (B) domains, as well as between the two models (WoE 
and GAMB), aligning with the histograms in Fig. 9. It can be observed 
that there is a lack of clear separation, as discussed in Section 3.3. In the 
WoE model, within domain A, the division between the very low and 
low classes is not distinctly separated in the distribution itself (small 
peak of green line inside the yellow one). Therefore, the lower inter
section points between distributions are adopted to ensure a more 
cautious delineation between susceptibility classes.

As a result of the thresholds delineation, we obtained the final sus
ceptibility maps shown in Fig. 11. The very low susceptibility class 
predominantly corresponds to valley areas, as well as some southern 
hilly sectors within domain B, where turbiditic and marl lithologies are 
prevalent (see Fig. 1). The low and moderate classes cover extensive 
portions of domain A, particularly to the west of the carbonate ridge. 
There we can observe that both models (even if with different shapes) 

Fig. 7. Overall landslide type susceptibility [0 – 1] for both methods with relative confusion matrix (wheel).

Fig. 8. Sensitivity maps of landslide types for both methods.

Table 3 
AUC values from the ROC validation method.

Model’s 
AUROC

Not 
determinate

Slide Fall/ 
topple

Slow 
flow

Complex Overall

WoE 0.785 0.699 0.941 0.769 0.763 0.685
GAMB 0.868 0.784 0.978 0.849 0.821 0.734
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Fig. 9. Frequency distribution of the overall probability per model over the domain A and B.

Table 4 
Resulting thresholds trio (from lower to higher) from each single reclassification method for the two models WoE and GAMB inside domain A and B. Color scale (green- 
yellow–red) from the lowest to the highest method’s threshold (row) per each model – domain.

Model -
Domain

Thresholds Overall Normal Landslide F-beta AUC Natural 
Breaks

WoE - A

Very low -
Low 0,113 0,041 0,112 0,065 0,093 0,157

Low -
Moderate 0,182 0,221 0,176 0,111 0,180 0,304

Moderate -
High 0,272 0,401 0,327 0,180 0,322 0,630

WoE - B

Very low -
Low 0,168 0,133 0,165 0,060 0,136 0,196

Low -
Moderate 0,322 0,339 0,309 0,117 0,292 0,383

Moderate -
High 0,487 0,545 0,561 0,245 0,432 0,576

GAMB - A

Very low -
Low 0,074 0,030 0,079 0,044 0,060 0,102

Low -
Moderate 0,126 0,149 0,131 0,085 0,131 0,218

Moderate -
High 0,194 0,267 0,279 0,170 0,244 0,448

GAMB -B

Very low -
Low 0,200 0,158 0,228 0,069 0,126 0,175

Low -
Moderate 0,403 0,374 0,414 0,121 0,361 0,384

Moderate -
High 0,533 0,590 0,597 0,343 0,525 0,595
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identify as highly susceptible area with gypsum and clay lithologies, 
affected by Slow flow/Complex landslide. The GAMB spots also a highly 
susceptible area in slightly to the north, not spotted by WoE.

Along the carbonate ridge, WoE tends to classify broader areas as 
highly susceptible compared to GAMB, except for a specific slope 
crossed by the railway line, which is classified as high susceptibility by 
GAMB and only moderate by WoE. Notably, almost all areas set as highly 
susceptible by WoE in the ridge are related to Fall/Topple landslide type. 
Instead, the GAMB gives attention also to both Fall/Topple and Slide 
types. In domain B, the two models show both agreements and di
vergences. A significant difference appears immediately east of the 
ridge, on the slopes flanking the railway. Here, the GAMB model clas
sifies the terrain as highly susceptible, while the WoE model assigns low 
to moderate susceptibility levels.

The frequency of the mode in the reclassification process indicates 
the level of agreement between each single reclassification method, 
providing valuable insights into areas with higher or lower consistency 

in the results, and assessing the reliability of the assigned class for each 
pixel. As shown in Fig. 12, there is greater agreement in valley areas and 
regions with high susceptibility values, reflected by clear very low and 
high susceptibility levels, respectively. Conversely, areas with interme
diate probability values exhibit more variability. Domain A shows 
generally less agreement between classification methods (salt-pepper 
noise effect), probably due to greater topographical heterogeneities 
(rapid changes) given by the mountain region. Additionally, the GAMB 
model generally demonstrates better overall consistency (highlighted 
also in Figs. 9 and 10), which means generally better reliability in 
practical applications.

Visualization along the railway

Fig. 13 shows the values of landslide susceptibility along the railway 
line, with lines colored according to the type of landslide that predom
inantly affects the susceptibility levels. The background-colored fields 

Fig. 10. Density distribution of overall susceptibility (Povr) for each class per domain and method.

Fig. 11. Final reclassified maps in four classes of overall susceptibility.
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indicate the four susceptibility classes within the two geological do
mains. As can be seen, there are notable differences between the outputs 
of WoE and GAMB, similar to those seen in Fig. 7. The WoE model 
generally shows higher overall landslide susceptibility (Povr) in domain 
A, whereas the GAMB model indicates higher susceptibility in domain B. 
Between 4.5 and 6.5 km, the GAMB model indicates high susceptibility 
associated with Slide, whereas the WoE model classifies this section as 
low to moderate. At 11 to 11.5 km, the WoE model highlights a high 
susceptibility section related to Fall/Topple, which is not present in the 

GAMB model. Instead, the GAMB model emphasizes the section just 
after this, up to 12 km, with a focus on Slide. A significant critical peak 
section at 13 to 14 km in the WoE model is associated with FT landslides, 
but this is considerably reduced in the GAMB model. Moving to Domain 
B, the GAMB model presents slightly higher peaks in susceptibility. 
However, the main difference lies in the identification of the most 
influential landslide types: the GAMB model indicates slow flow as the 
predominant type, while the WoE model identifies Complex landslides.

Fig. 13 also directly compares the susceptibility profiles with the 

Fig. 12. Agreement between reclassification methods for both methods.

Fig. 13. WoE and GAMB overall susceptibility along the railway. Colours on the lines denote the dominant landslide type; the grey bar at the top highlights railway 
segments intersecting mapped landslides, colour-coded by type.
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mapped landslide types along the proposed alignment (grey band at the 
top of the WoE and GAMB plots). From 0–4 km, WoE aligns better with 
mapped Slow Flow; from 4.5–6 km, GAMB captures the extended Slide 
that WoE underrates, and both miss a small Slow Flow near km 7. 
Around 13–14 km both flag a critical reach (WoE stronger, attributed to 
FT); at 14.4 km both recognise the mapped FT (GAMB High; WoE 
Moderate–High). At 14.5–15 km a mapped Complex landslide is rated 
High by GAMB and lower by WoE; types are partly misclassified, but the 
section is consistently highlighted as hazardous.

To quantify how well the susceptibility profiles reproduce the 
observed distribution of landslides along the alignment, we computed a 
pixel-wise confusion matrix over the entire corridor. A pixel was coun
ted as positive when its overall susceptibility class was high; the ground 
truth was the presence/absence of an intersection between mapped 
landslide polygons and the railway trace. Thus: TP = intersection and 
high susceptibility; TN = no intersection and susceptibility < high; FP =
no intersection but high susceptibility; FN = intersection but suscepti
bility < high. The resulting overall accuracy, (TP + TN)/(TP + TN + FP 
+ FN), is 0.797 for WoE and 0.837 for GAMB, values generally consid
ered good for linear-infrastructure screening in heterogeneous terrain 
[10,92]. This evaluation is deliberately strict: if a mapped landslide 
intersects the line and the model does not label that segment as high, we 
count it as an FN. So, some mapped interactions are not placed in the top 
class. At the same time, the models flag other segments as high where no 
mapped landslide intersects the line (FP). In a susceptibility framework, 
these FP segments are useful outputs as they point out to new stretches 
with high predisposition that our analysis brings to light. Therefore, 
even if not every mapped interaction is on a high susceptibility level, the 
profiles expand the list of priority reaches. In early design stages, when 

detailed geotechnical data are limited, these FP-prioritized segments 
provide a practical guide for field investigation, monitoring, and con
servative design choices. However, it is impossible to determine the 
relative “accuracy” of a currently critical healthy slope (FP), as the 
susceptibility maps express the underlying predisposition to failure (and 
likely type), not event timing. As a result, comprehensive accuracy 
cannot be fully assessed at present: sections highlighted as critical today 
may host future landslides, while currently active zones may stabilise. In 
this sense, only continued observation over time will provide the most 
meaningful evaluation of both the susceptibility model and the critical 
sections it identifies.

Fig. 14 illustrates the average landslide susceptibility within a 100- 
meter buffer alongside the railway. Here, the lines are color-coded 
based on the side of the buffer where the susceptibility is averaged: 
red for the left side and blue for the right side. In general, the railway 
seems to be more exposed on the right side in both models. In contrast, 
the left side features smaller or less critical portions. This information 
can be used to modify the original track in the preliminary phases of the 
project, avoiding the dangerous side. In our case, for example, both 
models exhibit a high degree of susceptibility on the left side, but not in 
the right, at 11.5–12 kms. Right after, at 12–12.2 km there is a peak 
(greater in WoE) of the left side and a smaller one of the right side. This 
switch from higher susceptibility on the left side to the right side within 
500 m of line in both models (with different entities) is valuable infor
mation in preliminary tracing, perhaps suggesting a variation of the 
railway curvature.

Fig. 14. Averaged overall susceptibility along the two sides of the railway with a buffer of 100 m within an arc of ± 60◦ from the perpendicular of the railway line.
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Discussion

Differences between models.
In our study area, the GAMB results are better from the metrics 

performance referring to the single landslide types. Moreover, GAMB 
shows better spatial consistency of the overall probability (Povr). This is 
visible in the histogram distribution (Fig. 9), which turns into a better 
general agreement between reclassification method (Fig. 12). This 
feature makes us aware that the GAMB better preserves the meaning of 
geomorphological homogeneity of pixels close to each other, resulting in 
a less “salt and pepper” effect, which is instead returned by the WoE, 
especially in the B domain.

On the other hand, the WoE appears better in detecting the most 
influencing landslide type per pixel regarding the Slow flow and Com
plex ones (see Table 5). GAMB drastically overestimates the Slow flow 
influence in domain B at the expense of the Complex type. However, this 
tendency does not undermine the performance of the GAMB model for 
Slow Flow and Complex landslides. The sensitivity calculation, based on 
partial derivatives of the overall susceptibility with respect to each 
landslide type, reveals that Slow Flow and Complex are very close in 
influence for GAMB in Domain B. As a result, even minor input varia
tions can shift the dominant type, indicating the model’s difficulty in 
clearly separating them. This overlap likely reflects their shared 
geomorphological conditions, such as clay-rich lithologies and gentle 
slopes, and may also point to classification uncertainties in the original 
landslide inventory. Nonetheless, GAMB provides added interpretive 
value by highlighting areas where Slow Flow may be more likely than 
Complex, potentially refining the initial inventory classification.

The difference in behavior between the two can be explained by their 
Contrasts (S6, S7, S8, S9, and S10) for WoE and Partial dependences 
(S11, S12, S13, S14, and S15) for GAMB. The contrasts (CS) are the 
difference between W+ and W− , to indicate each category’s contribution 
to instability. Partial dependence (PD) plots illustrate how the model’s 
predictions change on average when a single predictor varies, while the 
effects of all other variables are averaged out [93]. In practice, this is 
done by fixing one predictor (e.g. slope) to a chosen value for all pixels 
(e.g. slope = 10◦), leaving the remaining predictors at their original 
values, and then averaging the predicted susceptibility across the 
dataset. The procedure is repeated for successive values of the predictor 
(e.g. 11◦, 12◦, …), thus constructing the plot. To account for uncertainty, 
we included 95 % confidence intervals derived from 100 bootstrap 
resamples. This approach provides an intuitive way to interpret complex 
models by isolating the general effect of selected predictors [94,95], 
while adding statistical robustness through bootstrapped confidence 
intervals.

The main difference between WoE and GAMB is that the latter can 
examine the predictors as continuous values, apart from those catego
rized by nature (geology, land cover, and bedding plane–slope orienta
tion geometrical relationship), which is visible in the CS and PD plots. 
Comparing each single predictor contribution between WoE and GAMB 
for each landslide type:

For Not determined landslides (WoE S6 vs GAMB S11), WoE shows 
strong categorical contrasts (geology/land cover) and a stepwise, 
generally decreasing slope effect (peak ~ 10◦–12.5◦); GAMB/PD mod
erates category extremes, reveals a nonlinear slope response with peaks 

at ~ 15◦ and ~ 40◦ (lower confidence), and captures a TWI peak–
threshold (~10–15) and sharper curvature hotspots than CS smooths. 
For the Slide type (WoE S7 vs GAMB S12), WoE emphasises marls/ 
limestones and mixed woods, with slope peaking at ~ 22◦–28◦; GAMB 
confirms the lithology but shifts land-cover influence toward urban 
green areas and moves the slope peak higher (~30◦–40◦), with PD 
showing a higher influence from flat (near-zero) planar curvature and 
from convex profile curvature (upward camber), plus a clearer TWI peak 
(~12–16). Both approaches converge in highlighting the greater pre
disposition of cataclinal slope settings (1, 2, 3), consistent with expected 
kinematics. With the Fall/Topple type (WoE S8 vs GAMB S13), WoE 
yields a near-monotonic slope increase (strong beyond ~ 35◦) and fa
vours meadows/sparse cover; GAMB/PD sharpens lithological control 
for compact limestones, introduces a slope threshold at ~ 40◦–45◦, 
highlights urban/excavated classes, confirms negative TWI with a drop 
at ~ 5–10, and stresses planar–convex curvature typical of cliffs. Both 
models also highlight the strong positive effect of anaclinal over-dip 
conditions (9), demonstrating that bedding planes can act as disconti
nuities from which vertical fractures propagate, thus favouring topples. 
For the Slow Flow type (S9 vs S14), both models agree on clay-rich/ 
marly units; WoE favours arable land and gentle slopes (5◦–15◦) with 
concave curvature, while GAMB/PD broadens land-cover influence 
(including meadows), concentrates the slope response around ~ 15◦, 
shows a clearer TWI band (~12–16), and shifts curvature signals toward 
planar (flat) and slightly convex profiles (with higher uncertainty). 
Lastly, for the Complex type (S10 vs S15), both models point to clay- 
rich/fine-sandstone units; WoE associates highs with arable/tall-tree 
areas and gentle slopes (5◦–15◦) and concave curvature, whereas 
GAMB/PD prefers meadows/mixed woods, adds a mid-slope peak 
(~25◦–35◦) before decline, shows TWI rising then stabilising (~16) 
without decreasing, supporting the interpretation that hydrological 
forcing contributes strongly to reactivation phases more than in other 
landslide types.

Overall, WoE and GAMB differ in how they convert predictors into 
susceptibility. WoE amplifies discrete class contrasts (geology, land 
cover) and produces stepwise trends for slope and TWI. GAMB yields 
smoother, nonlinear responses with clear thresholds (e.g., slope ~ 
30◦–40◦, TWI stabilising > 12–16) and sharper curvature effects around 
flat–convex forms. These differences matter most for Slow Flow and 
Complex types: WoE stresses clay-rich units, concavity, and gentle 
slopes, but underplays how moisture and topographic convergence 
combine, whereas GAMB raises susceptibility where slo
pe–hydrology–curvature interact. GAMB captures these multi-predictor 
interactions that WoE cannot, explaining much of the divergence be
tween outputs. However, this capacity comes with reduced trans
parency, since the combined (interaction) between nonlinear predictors 
effects are difficult to visualize directly in a 2D PD plot. Thus, discrep
ancies reflect both the models’ formulations (interaction-sensitive 
GAMB vs contrast-based WoE) and the intrinsically multifactorial nature 
of landslides, which GAMB represents more fully. This complex behav
iour appears in the type-specific susceptibility maps (S1–S5) and is then 
integrated into the overall products in Fig. 7 via the complementary 
probability approach.

However, Fig. 15 illustrates the overall distribution of susceptibility 
classes along the proposed railway line. While the two models differ in 

Table 5 
Landslide type sensitivity attribution evaluation on actual landslide areas. Ratio sensitivity over ground truth in percentage (Sens/Truth), if under 100, landslide 
attribution by sensitivity is underestimating, if 100 perfect matches, if above it is overestimating. Accuracy represents the ratio between all correct classification (true 
positive and true negative) over the total.

Model Metric Not determinate Slide Fall/Topple Slow Flow Complex Overall

WoE Sens/Truth (%) 63.1 109.9 145.8 89.9 100.0 101.7
Accuracy 0.92 0.78 0.96 0.85 0.72 0.62

GAMB Sens/Truth (%) 132.8 97.4 109.5 295.2 41.4 135.3
Accuracy 0.89 0.81 0.97 0.48 0.52 0.34
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performance and their ability to capture the dominant landslide types, 
their outcomes along the railway corridor show only minor differences, 
suggesting a limited impact on first decision-stage of the planning phase 
in a practical susceptibility assessments.

In conclusion, we believe that the implementation of both and more 
models is recommended. In fact, some critical sectors that warrant 
particular attention might only be detected by one model, which may 
not be the one with the highest performance. Plots like those shown in 
Figs. 13 and 14 are valuable for identifying such areas, regardless of 
overall model accuracy.

Long term susceptibility vs actual state of activity (EGMS).
The landslide susceptibility classes, ranging from very low to high, 

lack an intrinsic definition of hazard and represent an arbitrary strati
fication of a priori hazard levels. Consequently, the real-world signifi
cance of each susceptibility class in terms of actual risk or hazard 
remains speculative. This fundamental challenge of translating relative 
susceptibility classes into practical hazard implications has been largely 
overlooked in the literature. In particular, it is important to realize that a 
landslide susceptibility map, particularly when based on long-term 
landslide inventories, reflects the spatial propensity for landslide initi
ation, but does not capture the current state of activity of the slopes. 
Recently, Li et al. [15] integrated this information into the analysis, but 
without comparing directly with the susceptibility results. To clarify this 
point, we compared the results of our susceptibility analysis with the 
actual ground velocity data provided by the European Ground Motion 
Service (EGMS; [96]. Specifically, we retrieved calibrated permanent 
scatterers (PSs) data (level 2B) covering our area of interest from 2015 to 
2021, for both descending and ascending orbits, from the EGMS 
Copernicus website.

Our analysis then proceeded to explore two distinct types of re
lationships between PS velocity and susceptibility. Firstly, we sought to 
determine if a direct correlation exists between Povr and absolute PS 
velocities. This involved calculating the average absolute velocity of the 
PSs inside each landslide area together with the mean landslide sus
ceptibility from the unique landslide-type maps. Subsequently, a scatter 
plot was generated, plotting mean velocities against mean susceptibility 
values, where each point represents an individual landslide area. The 
significance of the correlation was evaluated by fitting a second-order 
function and computing the corresponding R2 value. Secondly, we 
examined the relationship between mean PS velocity and mean sus
ceptibility of Povr within landslide-type areas, this time categorizing the 
data according to our four reclassified susceptibility classes. This anal
ysis involved generating statistical data (summarized in a box plot) on 
the velocity within landslide areas for each class.

Given the nature of the PS data, which are able to read slowly to 
moderate ground deformations (less than 85.2 cm/yr from [97], we 
decided to restrict our approach only to landslide areas classified as Slow 

flow (SF-LS) and Complex (C-LS), to avoid misleading relationships. 
Finally, it is important to note that PS data tends to be concentrated in 
areas of human activity, introducing a bias towards regions where 
structures, often located in stable or deliberately stabilized zones, might 
not accurately reflect the expected velocity ranges in less interfered 
areas.

The comparison between EGMS velocity data (from 2015 to 2021) 
and landslide susceptibility aggregated per landslide area, is shown in 
Fig. 16. As illustrated, no positive correlation emerges between 
displacement velocities and susceptibility values, highlighting a clear 
lack of relationship between the two. The R2 values of the fitted second- 
order polynomial function are very close to zero, indicating no signifi
cant correlation.

Furthermore, Fig. 17 uses box plots to depict the relationship be
tween EGMS velocities and susceptibility classes (see Par. 3.3). Also in 
this case, it is evident that there are no clear correlations between higher 
susceptibility classes and higher velocity values.

This comparison underscores the fundamental difference between 
long-term landslide susceptibility and actual ground displacement rates. 
Although this distinction is implicit in the analysis and well understood 
by specialists, it is often overlooked by stakeholders and therefore re
quires clear and explicit communication.

In principle, any susceptibility model should be capable of identi
fying slopes where landslides are more likely to occur [26]. More spe
cifically, these models detect areas that share similar characteristics, 
such as geology, geomorphology, and other relevant factors, with the 
slopes included in the training dataset. This approach is grounded in the 
principle of actualism, which holds that natural processes observed in 
the past will continue to operate in the future under comparable con
ditions [1]. Consequently, the features of slopes that failed in the past 
serve as valuable indicators of potential future instability. Within this 
framework, the timescale of the analysis plays a critical role. When the 
training dataset reflects long-term landslide activity, as in our case, the 
resulting susceptibility map indicates the general predisposition of 
slopes to failure, rather than their current state of activity or immediate 
instability.

Limitations, improvements and practical implications.
Our methodology tried to bring the landslide susceptibility/proba

bility concepts in a real world applications scenario. One concern that is 
still tricky is the starting landslide inventory quality and completeness. 
A dataset that reflects the geomorphological landscape, encompassing a 
wide timescale in which landslides were formed, like ours, will produce 
results that are cautious but at the same time adaptable for different 
future scenarios. However, the main drawback is that these datasets can 
also be less detailed and sometimes subjective compared to event-based 
datasets. The interpretation of old geomorphological features, in 
particular, may lead to incorrectly mapped landslides, and so to less 
reliable susceptibility maps.

Regarding the delineation of susceptibility classes, we believe that 
the definition of relative thresholds per geological domain is necessary 
to accurately interpret landslide hazard and to effectively identify the 
most critical areas. In our case, for instance, applying uniform thresholds 
across the entire study area would cause domain B to be overrepresented 
in the higher susceptibility classes, thereby distorting the scale and 
masking critical areas in domain A. This approach also allows us to 
consider separately the different types of landslides, that should be 
analyzed separately given their differing processes, intensities, and 
velocities.

Among the methods tested for classifying susceptibility values, AUC 
optimization produced thresholds that were more balanced, neither 
excessively conservative nor overly permissive, making it potentially 
more appropriate for our context. Although this cannot be considered a 
universal solution, as it may not perform equally well in other regions, 
by integrating multiple methods into an ensemble approach, the 
resulting susceptibility classes benefit from a broader statistical basis. 
This reduces reliance on any single technique and improves robustness, 

Fig. 15. Percentages of the proposed railway exposed to each susceptibil
ity classes.
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Fig. 16. Correlations between mean velocity (mm/yr) and mean susceptibility in each slow flow (SF-LS, upper line) and complex (C-LS, bottom line) areas (blue 
dots), fitted by a second-order polynomial function (green line) with 95% confidence level interval (red dashed lines).

Fig. 17. Box plot of the EGMS velocity values inside the slow flow (SF-LS) and complex (C-LS) areas grouped by susceptibility classes. Red-line is the median, box 
delineation at 25th and 75th percentile, lower and upper whisker at the 10th and 90th percentile.
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making the final classification more reliable and less sensitive to the 
methodological choice.

Recommendations for future applications of our methodology 
include integrating additional models such as XGBoost, Support Vector 
Machines, and others. Similarly, expanding the ensemble of reclassifi
cation methods by incorporating approaches (e.g. Generalized Youden 
Index, Head/Tail breaks, or Geometrical Intervals) could further 
enhance robustness. As demonstrated in our study, different models and 
methods capture unique aspects of the territory, and their combined use 
can lead to more reliable and comprehensive susceptibility assessments.

Conclusion

Landslides pose a significant threat to infrastructure, with railways 
especially vulnerable due to their rigidity and linear extent. Integrating 
landslide susceptibility analysis during the feasibility phase of railway 
projects is therefore crucial for identifying high-risk areas and informing 
mitigation strategies. This study proposes a methodology tailored for 
railway planning, applied to a landslide-prone area in the Marche region 
(Italy), where a new railway line is under development.

The study area spans two distinct geological domains: Domain A 
(older marly and calcareous formations) and Domain B (younger clayey 
and arenaceous formations). We employed two susceptibility models 
(WoE and GAMB) using separate inventories for five landslide types. The 
resulting maps were merged into an overall susceptibility map via a 
complementary probability approach, from which we also derived type- 
specific sensitivity. To enhance interpretability, we introduced an 
ensemble reclassification method combining six techniques.

The resulting maps of reclassified overall probability with an 
ensemble of methods and ranked sensitivity of each landslide type are 
reliable and easily consultable even by non-experts. The very low sus
ceptibility class appropriately covers valley areas, while the high sus
ceptibility class predominantly encompasses regions within Domain B 
correlated to Complex landslide type using WoE and to Complex and 
Slow Flow using GAMB; fewer areas within Domain A are highly sus
ceptible and are reasonably associated with Fall/Topple and Slide types 
(in the carbonate ridge). The GAMB model consistently outperformed 
WoE in terms of prediction accuracy, showing higher AUC values (the 
best for Fall/Topple = 0.978 and the worst for Slide = 0.784 against the 
respective WoE values of Fall/Topple = 0.941 and Slide = 0.699) and 
smoother, more coherent susceptibility maps across all landslide types. 
The discrepancies between WoE and GAMB susceptibility results, 
particularly for Slow Flow and Complex landslides, reflect the ability of 
GAMB to capture nonlinear interactions among predictors.

At the same time, the WoE model achieved a more reliable landslide- 
type identification with the proposed sensitivity method, reaching an 
overall accuracy among different landslide types of 0.62 against 0.34 for 
GAMB. The difference is evident for Slow Flow and Complex in Domain 
B, although the two landslide types share common geomorphological 
features. In the reclassification step, Domain A shows generally less 
agreement between methods, highlighting more uncertainties in the 
area compared to Domain B. The GAMB model generally demonstrates 
better overall consistency compared to WoE, which indicates better 
reliability in practical applications. The proposed ensemble reclassifi
cation method naturally dampens extremes and avoids over-optimistic 
or over-pessimistic labels by assigning the model class across tech
niques. Among individual approaches, the AUC-optimisation reclassifi
cation consistently sits in the mid-range of class assignments, making it 
the most balanced option for our study area.

Final outputs of overall susceptibility plots along the railway route, 
supported by the distinct thresholds identified for each domain, high
light consistent yet location-dependent differences between WoE and 
GAMB. The landslide type-coloured profiles and the grey band of map
ped intersections provide an effective, compact way to read model and 
inventory agreement along the line. The comparison with the actual 
railway–landslide intersections gives overall accuracy of 0.797 (WoE) 

and 0.837 (GAMB), suitable for corridor screening; and False Positive 
segments with relative expected landslide type are valuable as newly 
identified high-susceptibility stretches to prioritise. Moreover, compar
ative plots for both sides of the track (average susceptibility within 100 
m buffers) indicate greater exposure on the right in both models and 
smaller/less critical portions on the left. Overall, the combined visual
isations and metrics show that, while the models differ in emphasis and 
type attribution, together they exhibit similar percentages of suscepti
bility classes along the railway and thus provide complementary guid
ance for screening, investigation, and early-stage design decisions.

We also compared the results of our susceptibility analysis with the 
actual ground-velocity data provided by EGMS, focusing on Complex 
and Slow Flow landslides. The analysis concludes that there is no cor
relation between susceptibility values and EGMS velocity data (R2 <

0.17 for both Slow Flow and Complex), underlining the different 
meanings of long-term susceptibility and short-term activity of slopes. 
the resulting susceptibility map indicates the general predisposition of 
slopes to failure, rather than their current state of activity.

In conclusion, this study demonstrates that, by accounting for 
geological differences and inventory limitations, susceptibility methods 
can provide a practical and scalable framework for improving railway 
design in landslide-prone regions.
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