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Abstract. Landslides threaten infrastructure, ecosystems, and human safety, particularly in mountainous regions. Climate
change with increasingly intense rainfall, together with growing populations and assets in hazard-prone areas, increases the
need for accurate and interpretable landslide susceptibility assessments. This study presents a region-wide landslide suscep-
tibility map modeled for entire Bavaria, Germany, based on more than 11,000 recorded landslide events. Using slope units,
which are terrain-based spatial mapping entities following natural drainage lines and ridges, the model captures landslide-prone
areas in a more terrain-consistant manner than traditional grid-based approaches. To generate the landslide susceptibility map,
we employ a dense neural network architecture. The model is trained on the landslide inventory and a wide range of landslide-
influencing factors derived from high-resolution topographic, geological, and land cover data and achieves strong predictive
performance (ROC AUC = 0.953, PR AUC = 0.844). Model interpretability is approached using the SHapley Additive exPla-
nations (SHAP) framework, which provides both global and local insights into the factors influencing landslide susceptibility,
revealing a strong predictive influence of geology, soil properties and terrain heterogeneity. The resulting susceptibility map is
compared with an existing map, which is based on manual assessments, and shows good performance, particularly for deep-
seated landslides. However, evaluation using newly recorded landslides reveals limitations in the model’s generalizability.
Many newly recorded events occur in regions that were underrepresented in the original inventory and are therefore wrongly
assigned low susceptibility values. This demonstrates how spatial incompleteness and selection bias in landslide inventories
directly propagate into susceptibility maps, leading to systematic underestimation of hazard. Overall, this study highlights that
while explainable machine learning enables robust and more interpretable regional susceptibility mapping, the quality and

spatial completeness of landslide inventories are critical for reliable hazard assessment and mitigation.
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1 Introduction

Landslides are a widespread and often underestimated natural hazard that causes severe damage to infrastructure, ecosystems,
and human lives (Munich Re, 2025). They can destroy roads, buildings, and utilities, disrupt forests and waterways, and
often cause fatalities and long-term socioeconomic consequences (Kennedy et al., 2015). Their frequency and magnitude are
expected to grow under changing climate conditions, with more intense rainfall, flooding, and changes in groundwater levels
which destabilize slopes (IPCC, 2022). By the end of the century, moderate climate scenarios project an expansion of landslide-
prone areas by 5 to 12% and a rise in the population exposed to landslide risk by approximately 15% (Jemec Aufli¢ et al.,
2023; Jaedicke et al., 2011). These trends highlight the urgent need for reliable landslide susceptibility and hazard maps as
essential tools for planning, disaster risk reduction, and sustainable land management.

Given that landslides are common in mountainous regions, the issue of increased landslide risk is particularly relevant in
Bavaria, Germany, which has hilly regions in the north and the Alps in the south. The Bavarian State Office for the Envi-
ronment (LfU) has developed landslide and rockfall susceptibility maps to identify unstable areas. However, these maps are
currently incomplete and cover only 51 % of Bavaria. Furthermore, the areas most prone to landslides, such as the Alps and the
Franconian Jura, are not up-to-date, with landslide inventories and resulting susceptibility maps dating back to 2013 and 2014,
and the methodology being unclear. Currently, no other landslide susceptibility map covers the whole of Bavaria or Germany,
making it challenging to assess landslide risks thoroughly across the region (Bayerisches Landesamt fiir Umwelt, 2020a, b).

Landslide susceptibility mapping involves identifying areas where these mass movements are likely to occur based on terrain
conditions and predisposing factors, without considering their temporal probability or potential harm (Pradhan et al., 2023;
Guzzetti et al., 2005). Susceptibility maps therefore express the spatial likelihood of landslide occurrence, in contrast to hazard
maps, which additionally take the expected time frame or magnitude of events into account, and risk maps, which further
include exposure and vulnerability of elements at risk (Guzzetti et al., 2005; Varnes and IAEG, 1984). Susceptibility maps
are a key part of understanding and managing such hazards. The reliability of the these maps depends on multiple factors,
including the quality of the landslide inventory, the choice of the mapping units used for analysis, the availability of data
and proxies for landslide influencing factors and their adequate selection (i.e., explanatory features), as well as the modeling
approach (Reichenbach et al., 2018; Merghadi et al., 2020; Lima et al., 2022; Ba et al., 2018; Jacobs et al., 2020; Steger
et al., 2017). Among these, the completeness and spatial accuracy of the inventory are especially important, as they provide
the fundamental training data that guides the model’s learning process. A model is only as good as the data it learns from.
Incomplete or inconsistent inventories can introduce bias in training, distort model validation, and reduce the transferability of
results to unseen areas (Huang et al., 2024; Steger et al., 2017).

Beyond the quality of the training data, methodological advances have also helped to increase the accuracy of the results. An
important design question for susceptibility mapping is the segmentation approach for the area of interest. Often, susceptibility
models are based on grid-cell data, which are computationally simple but do not have any physical relation to the landslide
process (Jacobs et al., 2020; Reichenbach et al., 2018). Mass movements can occur at different scales and affect slopes of

various sizes. This is better represented by a more flexible and locally-adapted segmentation of the study area. Topography-
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dependent polygons can vary in size and account for this (Woodard et al., 2024). These polygons are called slope units. The
slope units are delineated according to drainage and divide lines, which provides a more accurate representation of slopes
than uniform and rigid grids (Carrara, 1988; Reichenbach et al., 2018). Slope units aim to maximize within-unit homogeneity
and between-unit heterogeneity based on geomorphological properties like slope, aspect, or circular variance (Alvioli et al.,
2016). From a computational modeling perspective, estimating susceptibility using grid units can be more resource-intensive
than using slope units, primarily due to the larger total number of terrain segmentations used for prediction (Chang et al.,
2023). This is especially relevant for studies covering large areas, as in this work. However, pre-processing to retrieve the slope
units can also be computationally expensive, depending on the spatial resolution of the DEM used for segmentation. Overall,
between grids and slope units the computational costs are mostly just shifted from the modeling stage to pre-processing,
making it difficult to determine which approach is more resource-intensive. Regarding predictive performance, models based
on slope units have shown better accuracy and Area under the Curve (AUC) metrics compared to grid-based estimations (Ba
et al., 2018; Jacobs et al., 2020). The development of automated delineation algorithms, such as r. slopeunits, have made
slope-unit-based mapping more accessible and reproducible at regional scales (Alvioli et al., 2016).

Similarly, the shift from traditional statistical models, such as logistic regression, to data-driven machine learning (ML)
approaches like random forests, support vector machines, and artificial neural networks (ANN), has shown significant im-
provements in predictive accuracy (Merghadi et al., 2020; Chang et al., 2023; Lima et al., 2022). Among these methods, ANNs
are especially well suited for problems where input features have strong nonlinear relationships and complex interactions,
as they can flexibly learn patterns directly from the data without model assumptions about underlying relationships (Fischer,
2006). In Sect. 3.2, we demonstrate that such nonlinear effects are present in our model, supporting the choice of an ANN over
other ML approaches. However, in favor of more flexible modeling, ANNs sacrifice interpretability, a problem that is being
addressed by explainable artificial intelligence (XAI) techniques such as SHapley Additive exPlanations (SHAP). XAl allows
the quantification and assessment of how individual features contribute to the estimated susceptibility of single observations
(i.e., local interpretability) or the entire study area (i.e., global interpretability) (Lundberg and Lee, 2017; Dahal and Lombardo,
2023).

Embedded in this research context, this study develops a data-driven landslide susceptibility map for the Bavarian region in
Germany, based on a uniquely extensive landslide inventory. In summary, the main contributions of this study are as follows:
(1) the development of a region-wide susceptibility model trained on more than 11,000 mapped landslides and a large feature
set, allowing robust learning of non-linear relationships using an ANN; (2) the interpretation of model behavior using SHAP to
identify the most relevant spatial predictors and to improve transparency in susceptibility modeling; and (3) an assessment of
inventory-related uncertainties and a comparison with existing susceptibility maps, contributing to the discussion on inventory
quality and the comparability of landslide susceptibility products.

In the remaining part of this paper, Sect. 2 describes the study area, input data and methods, including slope unit delineation,
feature extraction, the ANN architecture, and SHAP analysis. Section 3 presents the susceptibility mapping results and the
interpretation of model behavior. The results are compared with the existing LfU susceptibility maps currently used by public

authorities and validated against an updated landslide inventory. In the discussion (Sect. 4), issues related to model general-
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ization, potential biases in the landslide inventory, and possible improvements to slope unit delineation are addressed. Finally,

Sect. 5 summarizes the main findings and concludes the study.

2 Materials and methods

In this section, we present the data and methods used to produce a landslide susceptibility map for the state of Bavaria using a
large landslide inventory compiled from LfU and NASA. At the time of model training, the inventory comprised approximately
11,000 geolocated landslide events, though ongoing fieldwork suggests that spatial coverage is incomplete across the region.
This potential source of spatial bias is accounted for and examined within the modeling workflow. An ANN model is trained
using nine thematic input maps, resulting in more than 80 explanatory features describing topographic, geological, and land-
cover conditions. Modeling is performed at the slope-unit level to improve geomorphological relevance and spatial coherence.
The ANN allows to capture complex nonlinear relationships among the extensive feature set and the observed landslide occur-
rences, while SHAP analysis is employed to quantify feature contributions and improve the model’s interpretability. To assess
the influence of inventory incompleteness, the trained model is evaluated against an updated landslide inventory containing
events recorded after the training phase. This additional validation highlights limitations in model generalization and illustrates
the sensitivity of data-driven susceptibility models to spatial biases and inconsistencies in the training data. Figure 1 provides

a full overview of the study workflow.
2.1 Study area

Bavaria is the largest federal state in southeastern Germany, bordering Austria to the south and the Czech Republic to the
east. Its landscape is diverse: the Alps form a high-mountain environment in the south, followed by the Alpine foreland, while
further north the terrain transitions into the Franconian Jura and other upland regions with lower relief. These differences
in topography, geology, precipitation, and land use lead to varying conditions for slope instability across the state. Although
landslides are comparatively well documented in the Bavarian Alps and other intensively studied regions, a consistent, area-
wide landslide susceptibility map for the whole of Bavaria is still missing (Bayerisches Landesamt fiir Umwelt, 2023c, 2020a).

Providing such a map supports planning and risk-informed decision-making throughout the state.
2.2 Data
2.2.1 Landslide inventories

For the analysis, multiple data sources are integrated. One crucial dataset is the landslide inventory, which contains the ge-
ographic coordinates of past landslides and additional information about their characteristics. In order to obtain as compre-
hensive a database as possible, we combine two sources: the LfU GEORISK-Objects (Bayerisches Landesamt fiir Umwelt,
2023c) and NASA Cooperative Open Online Landslide Repository (COOLR) (NASA, 2024). The LfU GEORISK dataset, was
downloaded on 30 January 2024 and includes 11,188 geolocated landslides. NASA COOLR included 5 events that were not
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Figure 1. Workflow overview: step-by-step process visualization of data preparation, analysis and validation. The gray rectangles represent
input data sources, blue steps are regarding data preparation. The lower part illustrates the susceptibility estimation using an ANN and the

post-analysis step of calculating SHAP values in green. The final comparison and validation of the model results is shown in brown.

already recorded in the LfU inventory, bringing the total number of 11,193 observations. This data provides the target labels
used to train and evaluate the ANN-based landslide susceptibility model.
The two inventories differ in their compilation strategies and data sources. The LfU GEORISK inventory is maintained by

the Bavarian Environment Agency and combines historical records, verified civilian reports, and results from systematic site
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inspections conducted by experts. These inspections apply various geodetic and geotechnical measurement techniques, such as
extensometers, inclinometers, repeated geodetic surveys, and terrain change detection using laser scanning or photogrammetry.
Historically, mapping activities focused on areas with higher susceptibility, particularly the Alps and the Franconian Jura,
resulting in spatial differences in inspection intensity across Bavaria (Bayerisches Landesamt fiir Umwelt, 2020b, 2024a).
NASA COOLR aggregates data from the Global Landslide Catalog (GLC), the Landslide Reporter Catalog, and selected
external inventories. The Global Landslide Catalog has been compiled since 2007 at NASA Goddard Space Flight Center and
is largely based on media reports, susceptibility databases, scientific publications, and other publicly available sources, with a
strong emphasis on rainfall-triggered events (NASA, 2024).

In early 2024, the LfU inventory focused on regions with higher landslide activity, particularly the Alps and the Franconian
Jura. Later, in mid-2024, LfU updated the inventory by adding 802 additional landslide events. For more clarity, in the remainder
of this work, the version from early 2024 is called the "original" LfU landslide inventory, while the newly added 802 events are
referred to as the "updated" LfU inventory. Most of these newly included records correspond to older events rather than recent
occurrences and are primarily located in previously sparsely recorded parts in the districts of Giinzburg, Erding, Landshut,
Miihldorf am Inn, and Rottal-Inn (Bayerisches Landesamt fiir Umwelt, 2023c). Since the LfU inventory used to train the model
was downloaded in early 2024, these regions were underrepresented at that time. This introduces sample selection bias and
inventory incompleteness, whose effects on landslide susceptibility prediction are analyzed in this study. Nevertheless, the
used original inventory contains over 11,000 records, providing a valuable dataset. The data preparation, model training and
testing are conducted using this incomplete original inventory. The updated database is then used to assess the effect of the
incompleteness on our ANN model’s results (Sect. 3.4). Figure 2 shows the spatial distribution of recorded landslides from the

two inventories.
2.2.2 Environmental and topographic input maps

Another key dataset for susceptibility modeling is the Digital Elevation Model (DEM), which captures the surface height
excluding vegetation and buildings. We used a high-resolution dataset with elevation data at 1 m resolution available for Bavaria
(Landesamt fiir Digitalisierung Breitband und Vermessung Bayern, 2024a). While this high resolution DEM captures fine
structures, it requires significant storage space and computing power. As the aim of this study is to generate a continuous
susceptibility map of Bavaria, the high resolution of the DEM caused computational problems in several pre-processing steps.
Therefore, following a sensitivity analysis, the DEM was resampled to a resolution of 5m, which had a minimal effect on the
delineation of slope units, while enabling more efficient processing. Consequently, the resampled DEM was used for both the
delineation of slope units and the derivation of topography-related features, which were then used as input variables in the
model. A full list of features is available in Table B1 in the appendix.

Beyond DEM-derived features, other relevant landslide-influencing factors are obtained from geological and environmental
datasets. These include, the BUK200 ("Bodeniibersichtskarte 1:200.000") soil map (Bundesanstalt fiir Geowissenschaften und
Rohstoffe, 2022), which classifies soil types into 36 categories (aggregated into 13 categories to reduce dimensionality in

the ANN model), and the dIGK25 ("Digitale Ingenieurgeologische Karte 1:25.000") subsoil map, representing 33 geological
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Figure 2. Locations of the landslide events from the two inventories. The events shown in black are used for landside susceptibility modeling.
These are mainly in the Alps, Franconian Jura and the Rhon in northern Bavaria. The blue locations show updated events from mid-2024,

which are used to further discuss the susceptibility results. These are mostly located in the south-eastern part of Bavaria.

types (aggregated into six broader classes, again for dimensionality reduction) (Bayerisches Landesamt fiir Umwelt, 2023b).
Additionally, the HUK250 ("Hydrogeologische Ubersichtskarte 1:250.000") hydrogeological map provides information on
surface permeability and geochemical rock type (Bundesanstalt fiir Geowissenschaften und Rohstoffe, 2019). Information
about land cover, derived from Sentinel-2 imagery at a resolution of 10 m and including seven categories, was used to provide
information about the type of coverage for the slope unit (German Aerospace Center (DLR), 2020; Weigand et al., 2020).
Information on rainfall erosivity, was included to represent the spatial variability of rainfall-induced erosion potential across
Bavaria (Uber et al., 2024, 2023). In addition, four structural and hydrological factors were derived from the stream network,
such as distances to streams, lakes, and faults (Bundesanstalt fiir Gewisserkunde, 2024; Bayerisches Landesamt fiir Umwelt,
2018a, b, 2023a).

2.2.3 Landslide susceptibility maps

As discussed later in Sect. 3.3, the model results are also compared with existing but incomplete susceptibility maps produced
by LfU. These maps, derived from the GEORISK inventory, are being developed progressively across Bavaria, starting with
the most landslide-prone areas. However, early susceptibility maps have not been updated, leaving some of the most affected

regions represented by outdated maps, in some cases from 2013 or 2014. Currently, only 47 of 96 regional districts in Bavaria
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have complete susceptibility maps and seven districts have partial coverage, leaving only 51 % of Bavaria with susceptibility
mapping (Bayerisches Landesamt fiir Umwelt, 2020a, 2024b).

LfU produces four types of susceptibility maps at 1:25,000 scale covering different landslide processes and scenarios: areas
with actively sliding deep-seated landslides, areas at risk of new or reactivating deep-seated landslides, slopes susceptible to
shallow failures under current conditions, and slopes susceptible to shallow failures under extreme deforestation. The two
shallow slope failure maps are derived from physically-based simulations computing initiation zones and runout areas from
slope stability analysis, geology, and land cover information. The deep-seated landslide maps follow a more empirical approach,
where each documented landslide is assessed through field surveys and classified based on observed morphological indicators
and geological conditions. Susceptible zones are then manually delineated as polygons, representing the estimated future
process space and a safety buffer of 20 — 30m (Bayerisches Landesamt fiir Umwelt, 2020b). While this approach reflects
detailed expert knowledge, publicly available documentation provides limited information on the criteria used to identify
potential new deep-seated landslides or to classify them into active, potentially reactivating, and inactive categories. As these
zones are derived from case-by-case expert interpretation rather than a spatial predictive model, the maps inherently reflect
the spatial coverage and completeness of the underlying field surveys, and the manual procedure makes it difficult to extend
coverage to new areas or to incorporate newly recorded events in a timely manner (Bayerisches Landesamt fiir Umwelt,
2020b). These limitations of the LfU susceptibility maps legitimize to recalculate landslide susceptibility using a fully data-
driven, spatially continuous modeling framework and a harmonized regional dataset. In this study, the LfU susceptibility maps

will therefore only serve as a comparative framework for evaluating model outcomes.
2.3 Slope unit delineation, feature extraction, and data preparation

The delineation of slope units is an integral part of the data preparation. Each slope unit represents a single observation in our
model, with all input features aggregated across the unit. The trained model then estimates the landslide susceptibility for each
slope unit. This means from a conceptual point of view that susceptibility is estimated for the entire slope that could potentially

be affected by a landslide, from the scar to the accumulation zone.
2.3.1 Segmentation of slope units

Despite their growing relevance, automated and reproducible tools for slope unit delineation remain limited. In this work, slope
units are generated using the r.slopeunits algorithm (Alvioli et al., 2016). The original implementation requires manual
parameter entry, cannot process multiple DEM tiles or run in parallel, and lacks metadata recording. To improve reproducibility
and scalability, the workflow was therefore adapted: segmentation is performed using an R wrapper and the rgrass package
(Bivand et al., 2022), which manages parameter settings, metadata documentation, and saving of temporary outputs, while
keeping the core algorithm unchanged.

Slope units are delineated from the input DEM based on hydrological principles. Using the r.watershed module in
GRASS GIS, flow accumulation is computed and drainage lines and divides are identified. These hydrological features form the

basis for defining initial half basins, which are subsequently divided in a top-down strategy according to terrain-homogeneity
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criteria. The initial flow-accumulation threshold ¢ controls the size of the first half basins; the minimum unit size ¢ and minimum
circular variance c enforce constraints on size and aspect homogeneity. If ¢ is set too low, the algorithm tends to over-segment
connected slopes. The reduction factor r determines how quickly the threshold ¢ decreases over the iterations, influencing both
runtime and the granularity of the delineation. Optional parameters such as maxarea and cleansize limit maximum unit size
and remove small artifacts in the segmentation (Alvioli et al., 2016).

At each iteration, cells with flow accumulation above the current threshold are treated as streams, catchments are defined
accordingly, and half basins are split. The algorithm proceeds until either the maximum number of iterations is reached or all
candidate units meet the criteria for circular variance, minimum size, and, if specified, maximum area (Alvioli et al., 2016).
A final cleaning step removes very small or narrow artifacts by merging them with neighboring slope units. Because the
removal of narrow units can itself produce new fragments below the cleaning size threshold, we adapt the original routine and
re-aggregate these remaining pieces to neighboring units.

Parameter selection followed a quantitative and qualitative evaluation across three test sites representing the main terrain
types found in Bavaria: flat, hilly, and mountainous. Multiple configurations of ¢, a, ¢, r, mazarea and cleansize were tested
and compared by examining the distribution of slope unit sizes and total counts at each site. Configurations producing either
very large units that failed to capture terrain variability or a large number of implausibly small fragments were discarded. The
remaining candidates were then assessed visually by overlaying the resulting slope unit boundaries on the DEM and evaluating
their alignment with drainage lines and ridges.

We found the best delineation is achieved using 200ha as initial threshold ¢, 50 ha? as minimum area size, 0.2 as minimum
circular variance, a reduction factor of 5, the maximum number of iterations set to 30, a maximum area size of 350 ha? and the
cleaning size at 3ha. This results in a comprehensive slope unit map for Bavaria with 317,788 slope units and a mean size of
22.7ha. Figure 3 shows an example of the resulting slope unit segmentation.

Given the size of our study area and the resolution of the data, applying the slope unit delineation across all of Bavaria
requires addressing computational limits. Running r. slopeunits on the full 1 m DEM is not feasible, since the algorithm
generates a complete segmentation for the entire input at every iteration. We address this limitation by resampling the DEM
to a 5m resolution, reducing noise and lowering the processing time substantially, as well as by splitting the study area into
seven administrative units (Regierungsbezirke) (Landesamt fiir Digitalisierung Breitband und Vermessung Bayern, 2023) with
an overlap of 5km and running delineation independently in every one of these.

Since slope units are delineated independently within each buffered administrative unit, slope units located near the bound-
aries may be generated in both neighboring subsets. In the overlapping areas, slope units with identical geometries are therefore
kept only once and slope units cut by the buffer boundary are removed to avoid incomplete units. In some cases, slope units
delineated on both side of a boundary differ slightly in their geometry. These mismatched slope units are kept, as their spatial
extent and aggregated feature values are very similar, leading to comparable landslide susceptibility estimations. As a result, a
few slope units overlap the boundaries of at least two administrative units, which have slightly different shapes. We use these

units in the model to avoid gaps and to ensure a continuous susceptibility map of Bavaria, since their effect on the final product
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[ slope units

Figure 3. Example of the slope units in a part of the Ammergau Alps. The boundaries follow the ridges of the mountains in an accurate
manner. The terrain in the background is illustrated using the DEM from Landesamt fiir Digitalisierung Breitband und Vermessung Bayern
(2024b), licensed under CC BY 4.0.

can be considered negligible in the context of the overall analysis. Finally, the slope units are spatially joined with the landslide

inventory, meaning that each unit carries the attributes of the most recent landslide event occurring within its boundaries.
2.3.2 Feature extraction and data preparation

After creating the slope units for the landslide susceptibility model, we extract the input features for the model separately for
each of the seven administrative units of Bavaria.

Most topography-related variables are derived from the 5m DEM (as shown in Table Bl in the appendix) using the
whiteboxtools package (Wu and Brown, 2019). These include slope, aspect, plan and profile curvature, ruggedness mea-
sure, length-slope (LS) factor, terrain relief intensity and variance, and the convergence index. Since the convergence index
is not available in whiteboxtools, it was derived using starsExtra (Dorman, 2020). Additionally, hydrology-related
features such as flow accumulation, topographic wetness index, stream power index and downslope distance gradient are also
computed. This results in 14 landslide-influencing factors derived from the 5m resolution DEM. Besides the DEM, we use
additional features such as rainfall erosivity, land cover, the Euclidean distances to the nearest streams, lakes, and faults, as
well as geology, permeability, geochemical rock type and soil type from other input maps.

The selection of input variables follows established practice in landslide susceptibility modeling (Reichenbach et al., 2018;

Lima et al., 2022). In general, landslides are often explained by the interaction of (i) topographic preconditions, (ii) hydrological
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and erosion processes, and (iii) geological and land cover properties (Reichenbach et al., 2018). The chosen variables reflect
these process domains.

Topographic variables are among the most widely used inputs (Reichenbach et al., 2018). Slope steepness is the most
fundamental and theoretically grounded feature, as it directly controls slope stability and has been shown to be the single
most effective variable in susceptibility modeling (Taylor, 1948; Reichenbach et al., 2018; Fabbri et al., 2003; Carrara et al.,
1991). Curvature influences terrain processes such as erosion and runoff (Lima et al., 2022), while additional metrics such
as the convergence index provide a practical representation of slope curvature and have been linked to small and medium-
sized landslide events (Nakileza and Nedala, 2020; Regmi et al., 2014). Other terrain variables such as aspect and elevation
are less universally justified and mainly reflect local terrain conditions (Reichenbach et al., 2018). Advanced terrain metrics,
including ruggedness measure and terrain relief intensity, capture local topographic roughness associated with slope instability
(Reichenbach et al., 2018; Lombardo et al., 2021; Carrara et al., 1991).

Hydrological indices such as the topographic wetness index and flow accumulation suggest the tendency of a location to
accumulate water and are commonly used to approximate moisture conditions influencing slope stability (Reichenbach et al.,
2018; Lima et al., 2022). Related metrics such as the downslope distance gradient (downslope index) describe the potential for
water to flow downslope from a given position (Hjerdt et al., 2004; Lindsay, 2023). Erosion-related indices including the LS
factor and the stream power index quantify the influence of topography on soil erosion and the erosive power of flowing water
(Pourghasemi et al., 2013; Lindsay, 2023). Rainfall erosivity is included as a precipitation-related variable representing the
spatial differences in soil erosion due to rainfall (Uber et al., 2024). Proximity to streams, lakes, and faults captures destabilizing
effects related to erosion, groundwater influence, and structural weaknesses (Reichenbach et al., 2018; Lombardo et al., 2021;
Pourghasemi et al., 2013; Varnes, 1978).

Geological variables, including soil type, subsoil type, geochemical rock type, and permeability, are used according to a
review of over 300 studies in about 73 % of the susceptibility studies (Lima et al., 2022). They represent material properties
controlling shear strength and drainage capacity (Reichenbach et al., 2018; Varnes, 1978). Land cover, included in around 63 %
of reviewed publications (Lima et al., 2022), accounts for the stabilizing effect of vegetation root and changes in evapotranspi-
ration (Reichenbach et al., 2018).

All features are aggregated for each slope unit using the exactextract package (Baston, 2024). For continuous variables,
we calculate the mean and standard deviation of all the pixels within the slope unit (Jacobs et al., 2020). For categorical
variables, we calculate the percentage of the slope unit area that is covered by each category. A list of input features, used
metrics and data sources is available in Table B1 in the appendix. The final dataset therefore includes 317, 788 slope units with
84 input features representing landslide-influencing factors.

We then combine the landslide inventory with the input features and perform a descriptive statistical analysis to explore
the differences between slope units with and without a recorded landslide event. The violin plots in Fig. 4 show significant
differences in some selected features. Slope units with landslides tend to be higher in elevation, more rugged and steeper. They
also demonstrate greater internal slope variability, indicating more heterogeneous terrain. These differences are statistically

significant for all the features shown (p < 0.01, unpaired t-test).
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Figure 4. Violin plots showing the values of selected features for slope units with and without recorded landslide events. These plots show

at a descriptive level, that non-landslide areas differ significantly from landslide areas in our inventory.

Since landslides are considered rare events, there are far fewer slope units with recorded landslides in our dataset (only
2.6 %) than without, resulting in a strong class imbalance. This makes training for the susceptibility estimation challenging.
To reduce the class imbalance, we first remove units with very low probability of having landslides, such as those dominated
by water or artificial surfaces (> 90% coverage) and very flat units (slope mean < 1° and standard deviation < 0.5°), dis-
carding 11,720 slope units. The data are then randomly split into 80 % for training (including a 10% validation subset) and
20% for testing, resulting in 220,368 training samples, 24,486 validation samples, and 61,213 test samples. Then, we apply
random oversampling of the minority class to the training data to reach approximately 10 % landslide cases, which performs
in our model better than without resampling but does not enforce a fully balanced dataset. The validation and test sets remain
untouched and reflect the original class distribution to ensure unbiased model evaluation. Before modeling, all features are

z-score standardized.
2.4 Model architecture and training

To estimate landslide susceptibility, we develop a fully connected ANN. ANNSs are data-driven models that learn nonlinear re-
lationships between input features and observed outcomes directly from the data, without requiring predefined functional forms
or assumptions (Prosise, 2022; Bishop, 1995). This makes ANNs well suited for susceptibility modeling, where relationships
between input features and slope instability are often nonlinear, interacting, and difficult to represent with simpler statistical
models, particularly in imbalanced datasets.

An ANN consists of an input layer, one or more hidden layers, and an output layer. The input layer receives the input features,
which are successively transformed through one or more hidden layers before reaching the output layer. In each neuron,
incoming signals are weighted, summed with a bias term, and passed through an activation function. Through this layered
structure and nonlinear activation, the network is able to learn complex dependencies and hierarchical feature representations

that cannot be captured by linear models (Goodfellow et al., 2016; Prosise, 2022).
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We employ the rectified linear unit (ReLU) activation function in the hidden layers to promote efficient training and mitigate
vanishing gradient effects. For the output layer, we use a sigmoid activation that transforms the model output values between 0
and 1. This output can be understood as the susceptibility for a landslide in a given observation, i.e., a slope unit (Goodfellow
et al., 2016; Prosise, 2022). We use the Adam algorithm for optimization due to its stability and efficiency in high-dimensional
parameter spaces (Kingma and Ba, 2014). The learning rate is reduced by a factor of 0.1 if the validation loss does not improve
for 10 epochs.

To avoid overfitting and improve generalization, two regularization strategies are applied: dropout, with a probability of
0.45, randomly deactivating neurons during training, and early stopping ends training if the validation loss does not improve
more than 0.001 over 25 epochs. Hyperparameters, including the number of neurons per layer, learning rate, and dropout
probability, are tuned using Latin Hypercube Sampling (LHS) (McKay et al., 1979). LHS ensures that each parameter range
is sampled evenly across its domain, providing a more comprehensive exploration of the hyperparameter space than simple
random sampling for grid search.

The final model architecture comprises 84 input features and six layers with 200, 600, 450, 200, 75, and 20 neurons, respec-
tively, trained for up to 100 epochs. The loss is defined by the binary cross entropy (BCE); however, weighted BCE and binary
focal cross entropy are tested to address the class imbalance in the data. The latter two loss functions, also in combination with
various resampling techniques like SMOTE (Chawla et al., 2002) and Borderline-SMOTE (Han et al., 2005), did not perform

as good as BCE with random resampling.
2.5 Shapley values for explainable AI

Neural networks offer several advantages over simpler models, including the ability to handle high-dimensional data, capture
complex nonlinear relationships, and often achieve higher predictive performance (Goodfellow et al., 2016). A major drawback,
however, is their black-box nature: the magnitude and direction of each feature’s effect on the final prediction are not directly
reported. Several approaches address this, of which Shapley Additive Explanations (SHAP) (Lundberg and Lee, 2017) provide
a theoretically grounded framework for post-estimation model interpretation, which use local surrogate models to explain
individual predictions. Surrogate models, in general, approximate the outputs of a complex model with a simpler representation,
and local surrogates approximate the original model locally only around one prediction (in this case, a single slope unit with its
landslide susceptibility estimation) (Molnar, 2022; Ribeiro et al., 2016). To extract this approximation, SHAP builds on game-
theoretic Shapley values, which quantify the average marginal contribution of a feature across all possible feature subsets
(Shapley, 1953).

SHAP combines local surrogate modeling with Shapley values to produce locally interpretable explanations. The compu-
tation of a SHAP value for a single feature ¢ needs the predicted model outputs from all subsets of features excluding 7, but
the number of possible subsets rises exponentially with the amount of features, making it slow for high-dimensional models
like ours (Molnar, 2022). Therefore, we apply the Monte Carlo approximation proposed by (Strumbelj and Kononenko, 2014),

where a random sample of feature subsets is drawn for each feature to efficiently estimate SHAP values.
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SHAP provides interpretable insights for complex ML models, offering local interpretability on feature effects (single slope
unit) and global interpretability (all predictions across Bavaria). In this study, SHAP enables the identification input features
that have the greatest impact on the prediction of landslide susceptibility, as well as the ones that are less relevant to include in
the analysis. By using an exhaustive feature set with 84 variables, we try to determine which input data might be relevant for

the landslide susceptibility estimation in Bavaria and which factors can be omitted in future work.
2.6 Comparison against LfU susceptibility maps

To contextualise the model’s performance beyond standard accuracy metrics, the predicted susceptibility map is compared with
the landslide susceptibility maps published by LfU, which cover four categories: present deep-seated landslides, potentially
new or reactivating deep-seated landslides, shallow slope failures, and shallow slope failures under deforestation scenarios. To
enable this comparison, the slope units are overlaid with the LfU polygons, so that each slope unit can be linked to the corre-
sponding LfU susceptibility category. For each of the four categories, the mean predicted susceptibility of all slope units falling
within the respective LfU zones is calculated. Since the shallow slope failure maps consist of many small, dispersed polygons
while the deep-seated landslide zones form larger, more coherent areas, a simple mean would overrepresent the numerous small
shallow-failure polygons. An area-weighted mean is therefore computed additionally, giving more weight to larger polygons.
To summarize model agreement across all four categories combined, the same area-weighted mean is calculated for the overall
susceptibility zone. Finally, density plots are used to visualize the distribution of predicted susceptibility values within each
LfU category, complemented by a map section that illustrates spatial agreement and discrepancies between the two products.

This provides a more complete picture of the overlap between our ANN based results and the LfU maps.

3 Results

This section presents the results of the ANN susceptibility model. First, the landslide susceptibility map and its predictive per-
formance are evaluated. Second, the global and local feature importance is analyzed. Finally, the susceptibility map is compared

to the existing, yet incomplete, LfU landslide susceptibility map and validated against the updated landslide inventory.
3.1 Landslide susceptibility map and model performance

Figure 5 shows the estimated susceptibility in the map, with darker colors indicating a higher likelihood of landslides. At
first glance, a visual comparison with the landslide locations from the inventory (Fig. 2) shows a good agreement between
predictions and reference data, which suggests a good model performance. High susceptibility is mainly concentrated in the
Alps, the Franconian Jura, and the Rhon Mountains in northern Bavaria. The distribution of susceptibility values for slope
units with and without recorded landslides (Fig. 5) supports this finding. Slope units affected by past landslides show in the
boxplot a median susceptibility slightly above 0.5, whereas unaffected units have median values close to 0. The density plot

reveals that most stable areas are assigned low susceptibility, while the areas with past landslides show a bimodal susceptibility
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distribution, with peaks around 0.25 and between 0.5 and 0.6. Very few landslide-affected units receive predictions below 0.1,

suggesting a good overall fit.

Pred. Susceptibility
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Figure 5. Estimated landslide susceptibility map of Bavaria with a boxplot of susceptibility values by class. Highest values (dark purple)
occur in the Alps, the Franconian Jura, and the Rhon, with moderate susceptibility in the Bavarian Forest. A zoomed map section shows
detailed model predictions and landslide locations overlaid on the DEM (Landesamt fiir Digitalisierung Breitband und Vermessung Bayern,
2024b), licensed under CC BY 4.0. The boxplot and accompanying histogram illustrate higher median and mean susceptibility values for

slope units containing landslides, highlighting the model’s discriminative performance.

Figure 5 also presents a detailed view of the susceptibility map for parts of the Franconian Jura. Predicted susceptibility
values are shown for individual slope units alongside historical landslides and a hillshaded DEM. No events from the updated
inventory are shown here, as these landslides are concentrated in other parts of Bavaria. Most recorded landslides occur in areas
of high estimated susceptibility, illustrating the model’s ability to generalize unstable terrain based on learned feature patterns.

Model performance is evaluated using metrics suitable for strongly imbalanced data. While the training set is resampled to
include 10 % landslide cases, the test set remains with the original distribution, with approximately 2.6 % positive observations.
Based on the distributions shown in Fig. 5, a threshold of around 0.2 appears appropriate for binary classification into "high
susceptibility" and "low susceptibility". At this level, only few "no landslide" observations are misclassified, while nearly all

past landslide locations fall in the "high susceptibility" class.
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Correctly identifying susceptible areas is particularly important in the field of landslide risk. High sensitivity ensures that
most high-risk areas are detected, minimizing the chances of missing locations where landslides might occur. Missing a sus-
ceptible area (a false negative) can have serious consequences, so prioritizing sensitivity over specificity is generally best in this
context (Frattini et al., 2010). Although lower specificity means that some stable areas are incorrectly labeled as susceptible
(false positives), this is an acceptable outcome in landslide susceptibility mapping, as false positives can still be monitored at
relatively low cost compared to the potential risk of false negatives (Frattini et al., 2010). Also, new landslides may occur in
areas where no historic landslides were detected, highlighting the primary goal of susceptibility mapping: to identify locations
at risk of landslides beyond those that have already experienced such events.

Confusion matrices for the test data are computed for four thresholds (Table 1). Although accuracy of the test data is one of
the most commonly used evaluation metrics, it may not be ideal for imbalanced data. However, for the sake of completeness, it
is included in Table 1. In contrast, the balanced accuracy provides a more reliable measure for performance in this context, and
it is calculated as the average of sensitivity and specificity. The highest balanced accuracy occurs at a threshold of 0.2, further

supporting that this is a good threshold to distinguish between high and low susceptibility slopes.

Threshold | Accuracy 95% CI Sensitivity | Specificity | Balanced Accuracy
0.15 0.808 (0.804,0.811) 0.944 0.804 0.874
0.20 0.859 (0.856, 0.862) 0.915 0.858 0.887
0.25 0.917 (0.915,0.919) 0.833 0.919 0.876
0.50 0.957 (0.955, 0.958) 0.668 0.965 0.816

Table 1. Confusion matrix statistics for different thresholds. At the decision threshold of 0.20 we reach the highest balanced accuracy and a

good trade off between sensitivity and specificity. Naturally, with increasing threshold the sensitivity decreases and specificity rises.

The ROC Area under the curve (ROC AUC) metric, widely used in the classification context, evaluates the ability of a model
to distinguish between two classes without relying on a specific threshold. By assessing the performance for test data across all
possible thresholds, the metric provides a global picture of the classifier (Alqadhi et al., 2024b; Ramsundar and Zadeh, 2018).
The susceptibility model achieves a ROC AUC of 0.953, indicating strong overall discrimination ability. However, given the
class imbalance, the Precision—Recall AUC (PR AUC) is more informative for evaluating performance in the minority class.
The model achieves a PR AUC of 0.844, reflecting good capability in detecting the minority class, avoiding the masking effect
of the majority class distribution (Geron, 2019; Saito and Rehmsmeier, 2015).

3.2 Model explainability

To interpret the ANN, Shapley values are computed for each feature and observation. These values can quantify both the

magnitude and direction of a feature’s contribution to the individual predictions (Molnar, 2022).
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Figure 6. SHAP feature importance and beeswarm plot for collapsed features. Global importance is calculated as the mean SHAP value
across all slope units and shown on the left, with categorical variables aggregated into single features. The right panel presents the beeswarm

plot for the ten most important features, illustrating the distribution of SHAP values for individual observations and their influence on the

estimated susceptibility.

405 First, we assess the global feature importance using the absolute Shapley values averaged across all observations (Fig. 6,
left). The categorical features are aggregated across their individual classes. The results indicate that soil type, permeability,
land cover, geochemical rock type, and geological units have the strongest influence on predicted landslide susceptibility. This
finding is rather unexpected, as in many studies topographic features such as slope and elevation play a bigger role in the
prediction (Alqadhi et al., 2024a; Inan and Rahman, 2023; Pradhan et al., 2023; Teke and Kavzoglu, 2024). Nevertheless, the
standard deviations of slope and elevation within slope units, which somewhat reflect the slope’s ruggedness, also rank among

410
the most influential factors. In contrast, hydrological variables such as flow accumulation and stream power index play only a

minor role in our ANN.
To provide a more detailed perspective on the SHAP values and also show the direction of the effects, Fig. 6 illustrates on
the right side the 10 most influential features, with each point representing a SHAP value for a specific feature and observation.
415 The points are colored according to the predicted susceptibility value of the corresponding slope unit. The figure demonstrates

that higher SHAP values tend to positively influence the prediction, resulting in a higher estimated susceptibility. Additionally,
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features such as soil type and permeability show a wider range of SHAP values than elevation, whose influence remains
comparatively moderate.

Figure 7 shows the values of the single slope units, with the x-axis indicating the feature values rescaled to their original
scale, and the y-axis displaying the SHAP values. The color gradient highlights observations with high predicted susceptibility
in shades of red and purple. Slope units with low elevation are associated with negative SHAP values and low predicted
susceptibility, whereas mid-range elevation (approximately 700-1500m) show more dispersed SHAP values and oftentimes
high susceptibility estimates. At elevations above about 2000 m, susceptibility decreases again, likely due to very steep Alpine
terrain where rockfalls dominate over landslides (Bayerisches Landesamt fiir Umwelt, 2020b). The findings regarding the

distribution of mean elevation within a slope unit are supported by existing literature (Inan and Rahman, 2023).
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Figure 7. Scatterplots of four features and their SHAP values. The x-axis portraits the original feature values, while the y-axis gives in-
formation on the SHAP values. Every point in the scatterplot represents a single observation and is colored in its respective susceptibility

estimation. For all four features in the plot, patters are visible between feature values, model importance and final predictions.

The SHAP values of the topographic wetness index indicates that lower values of this index tend to positively affect the
predicted susceptibility, visible by the color gradient and the predominantly positive SHAP values in this range. With increasing
index values the effect reverses and higher fopographic wetness negatively impacts the predicted susceptibility in this model.
This behavior is unexpected and contrasts with previous studies (Inan and Rahman, 2023; Le et al., 2024), as higher topographic
wetness index values are generally associated with greater landslide susceptibility through water accumulation, increased soil
saturation, and elevated pore water pressure, which collectively reduce shear strength and promote slope failures (Van Asch

et al., 1999). Furthermore, The standard deviation of slope within a slope unit shows a positive relationship with susceptibility,

18



435

440

445

450

https://doi.org/10.5194/egusphere-2026-1647
Preprint. Discussion started: 8 April 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

indicating that internally heterogeneous terrain is more prone to failure. A similar pattern is observed with the size of the slope
units: smaller slope units negatively impact the prediction, while larger units results in a positive effect on susceptibility values,
suggesting that larger cohesive slopes are more unstable.

To get more detailed insights into how the individual susceptibility predictions are created, Fig. 8 shows an example for a
slope unit with low predicted susceptibility alongside one with high predicted susceptibility. These plots give insight into which
features, along with their exact feature values, have a big impact on the final predictions for these two individual observations.
In this representation, categorical features are aggregated to a single variable, resulting in feature values of 1, as the individual

categories represent percentages that sum up to 1 in the aggregation.

Features Contributing to a Low Susceptibility Prediction Features Contributing to a High Susceptibility Prediction
slopeunit size=72375  distance stream rough mean=76.6
LS factor $d=0.403  ruggedness measure sd=0.121 _ landcover=1
soil=1  geological units=1 landcover=1 slopeunit size=48750 37 other features geological units=1 permeability=1 soil=1 terrain relief variance mean=5:14 37 other'features
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Figure 8. Force plots for individual high and low susceptibility observations. The figure shows easy local interpretability of two exemplary
slope units, where the contributing feature values, magnitude of importance, directions of the effects and final susceptibility estimations are

visible. Pink arrows correspond to positive effects of a feature on the predicted susceptibility, yellow arrows are negative effects.

In summary, the global SHAP-based analysis clarifies which input variables are most influential in determining estimated
landslide susceptibility and identifies features that play only a minor role in the model. While these results reflect feature
importance within the model framework, they should not be interpreted as evidence of causal relationships or physical landslide
mechanisms (Lundberg, 2019). Nevertheless, this information is highly valuable for making practical modeling decisions. In
particular, it supports informed variable selection when computational constraints require a smaller feature set or simpler model
architectures. Estimating feature importance from a limited or preselected subset of variables can be misleading because it may
overemphasize certain features while obscuring the relevance of others. By assessing feature importance within an intentionally
large input space, this study provides a robust basis for identifying variables that genuinely contribute to model performance.
At the same time, the SHAP scatterplots in Fig. 7 highlight the strongly nonlinear relationships between input features and
predicted landslide susceptibility. These patterns highlight the importance of using more flexible, nonlinear ML models, as

linear or logistic regressions reach their methodological limits here.
3.3 Comparison with LfU susceptibility map

A section of the four landslide susceptibility maps published by LfU is illustrated on the left side of Fig. 9. Two of them

cover deep-seated landslides in large coherent polygons: actively sliding slopes in red and areas at risk of new or reactivating
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deep landslides in orange. The other two cover shallow slope failures under current vegetation conditions (yellow) and under

extreme deforestation scenarios (green), represented as numerous smaller, dispersed polygons.
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Figure 9. Landslide susceptibility zones published by Bayerisches Landesamt fiir Umwelt (2020a), licensed under CC BY 4.0. On the
left side, the susceptibility zones of present deep landslides, new deep landslides, shallow slope failure and shallow slope failures under
deforestation conditions are shown in four different colors. On the right, the map contains the same map section and illustrates the predicted
susceptibility from the ANN. Additionally, the locations of landslides in the landslide inventory are depicted as black dots. For more context,
the background contains the shaded relief from the DEM (Landesamt fiir Digitalisierung Breitband und Vermessung Bayern, 2024b), licensed
under CC BY 4.0

For a visual comparison of our predicted susceptibility map and the susceptibility maps from LfU, Fig. 9 displays the same
map section also on the right side with the map estimated by our ANN. While LfU identifies relatively few susceptible areas,
our predicted susceptibility map is more conservative, classifying more slopes as potentially unstable. Conversely, LfU zoning
of susceptible areas missed out most of the inventoried landslides, which may appear overly optimistic. Our ANN model
predicts high susceptibility in most of the landslide locations.

The agreement between our susceptibility map and the LfU maps shows, that on average the predicted susceptibility in areas
classified as susceptible by the LfU map is 0.376 across the four maps. Table 2 shows that the susceptibility maps for deep
landslides have higher estimated susceptibility values compared to shallow slope failures. This is most likely due to the large
number of slides in the landslide inventory compared to the shallower flows (82.4% vs 5.5 %). The weighted mean of predicted
susceptibility, adjusted by polygon size, shows higher values, which confirms that especially the large susceptible slope units
are predicted well. Present deep landslides have the highest predicted susceptibility with 0.583, while shallow slope failures
are the least well-predicted, with a weighted mean of 0.356. This difference in the estimation of the landslide types may be
due to the different methodology used by LfU in the map production, or the imbalanced landslide inventory used for the ANN,
that overrepresents deep slides compared to shallow slope failures. The overall weighted mean of the predicted susceptibility

is 0.484, which is a satisfactory result given our defined threshold of 0.2 for high susceptibility.
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Present deep New deep landslides Shallow slope failures | Shallow slope failures All
landslides (extreme)
Mean pred. susceptibility 0.520 0.516 0.345 0.399 0.376
Weighted mean pred. 0.583 0.575 0.356 0.422 0.484
susceptibility (by size)

Table 2. Mean predicted susceptibility in susceptible areas detected by Bayerisches Landesamt fiir Umwelt (2020a). For the four types of
susceptibility maps, we calculate the average susceptibility values within the susceptibility zones. Overall deep landslides are detected better

in the ANN model than shallow slope failures.

On closer examination of the distribution of the predicted susceptibility within LfU’s susceptible areas (Fig. Al in the
appendix), we found that most deep landslides have a susceptibility above 0.5, with only few areas close to 0. In contrast,
shallow slope failures have a higher portion of areas with low estimated susceptibility. A second cluster is formed around the
value 0.25, while many areas are correctly estimated as high susceptibility (over the threshold 0.2) here as well. This pattern
suggests that the susceptibility model performs better in identifying deep landslides than shallow slope failures.

Overall, the quantitative comparison shows a high agreement between areas of high predicted susceptibility and official LfU
susceptibility zones, particularly for deep landslides. Together with the strong predictive performance metrics (high ROC AUC
and PR AUC, as well as high sensitivity and balanced accuracy at a threshold of 0.2), this shows the potential of using slope

unit based methods with an ANN as a data-driven approach in landslide risk assessments.
3.4 Generalizability and spatial bias

Despite the high performance metrics in Sect. 3.1, when we applied the model to the updated inventory, which included
802 additional landslide events overlapping 672 slope units (626 of which had no prior landslides), the predictions revealed
several challenges. The histogram of predicted susceptibilities for these updated events (Fig. 10) shows that most slope units
are assigned very low probabilities, with a mean susceptibility estimation of 0.22. Many estimations have zero or very low
susceptibility, indicating that the model generally fails to recognize landslides in underrepresented areas within the inventory.
Lowering the decision threshold between high and low susceptibility predictions from 0.2 to 0.15 yields only two-thirds true
positives, with one-third of the updated events missed (223 of 672 as false negatives). Therefore, although the model achieves
high accuracy with a test set of landslides from the inventory, it struggles to generalize and predict updated recorded landslides
in areas not represented in the inventory. This suggests that metrics like ROC AUC or PR AUC can mask spatial or sample-

selection biases, as discussed below.
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Figure 10. Histogram of estimated landslide susceptibility in areas with updated landslide events. The plot combines the distribution of
the susceptibility values in areas with recently added landslides in yellow with the distribution for areas with original landslides in pink.

Additionally, the minimum, maximum, and mean estimated values are reported.

4 Discussion

This study developed a region-wide landslide susceptibility map for Bavaria using a dense neural network and slope-unit-
based terrain segmentation. While the model achieved strong predictive performance and identified influential features, such
as geology, land cover, and terrain roughness, evaluation against updated inventories further highlights challenges related to
model generalizability and inventory-related biases. The following discussion critically examines these aspects, including the
effects of inventory incompleteness and the influence of spatial aggregation and the Modifiable Areal Unit Problem (MAUP)

in slope unit segmentation.
4.1 Impact of inventory incompleteness on susceptibility predictions

We compared our predicted landslide susceptibility with existing susceptibility maps and updated recorded events. The model
performs well in locations represented in the training data but struggles to generalize to underrepresented areas. This indicates
that inventory incompleteness and spatial bias are the primary causes of the observed limitations. In other words, the training
data do not represent the full range of landslide processes across Bavaria.

As shown in Fig. 2, the updated landslide locations are strongly clustered in a few areas (e.g. Erding, Landshut). This pattern
reflects the historical development of the inventory: LfU initially focused on mapping the Alps and Franconian Jura and is
only gradually expanding fieldwork to other regions. As a result, the spatial distribution of recorded landslides partly reflects
differences in mapping effort rather than the true distribution of slope instability. Areas that have not yet been systematically
surveyed appear artificially stable in the inventory, even though landslides may have occurred there.

This spatial bias directly affects the model. The 626 slope units with updated landslides were assigned as class 0 (no land-

slide) during training, teaching the network that these units represent stable conditions. When landslides were later recorded in
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the same units but not included in training, the model continued to predict low susceptibility. This demonstrates how missing
data in the inventory propagate into model bias, leading to systematic underestimation of risk in entire regions.

The problem is further compounded by a fundamental limitation of landslide inventory data. While reported landslides can
be treated as positives, the absence of a record does not confirm stability. Slope units without a landslide are not verified
negatives; they are unknowns. They may simply not have been surveyed or events may have gone undetected. By treating all
unrecorded slope units as stable during training, the model implicitly assumes that the inventory is complete, which is rarely the
case. This issue has been explicitly discussed in landslide susceptibility research, where the choice between presence-only and
presence—absence approaches has been shown to significantly affect model outcomes and spatial predictions (Zhu et al., 2018;
Steger et al., 2017). However, it remains difficult to fully resolve without reliable absence data or uncertainty quantification.

Our findings are consistent with recent research showing that spatially aggregated missing samples can severely bias suscep-
tibility models. Huang et al. (2024) demonstrate that clustered gaps in an inventory lead to significant local prediction errors,
whereas randomly omitted samples have milder effects. In our case, the updated landslides are concentrated in previously
under-surveyed regions, resulting in a strong local underestimation of susceptibility.

From a methodological perspective, ANNs learn associations between feature patterns and the predicted class during train-
ing. They can generalize these learned associations to new slope units with similar characteristics. However, if certain landslide
types or environmental conditions are absent from the training data, the model cannot learn to recognize them as unstable. The
updated landslides likely reflect combinations of characteristics that were underrepresented or absent in the original inventory,
such as different rock types or soil conditions.

This difference is visible in the feature distributions (Fig. A2). Updated landslides occur at lower elevations and are less
scattered, suggesting more homogeneous altitude conditions. The permeability category identified as most important in the
global SHAP analysis (moderate to low permeability) occupies noticeably less area in slope units with updated landslides than
in those with original landslides. Moreover, the updated landslides occur on slopes that are less steep and show lower within-
unit slope variability. Since slope variation was identified as an important predictor in the SHAP analysis, these differences
likely contribute to the underestimation. In other words, the updated events are out-of-distribution examples, and introduce
feature combinations that the ANN never learned to associate with instability. As a result, the learned decision boundary does
not generalize well to these contexts.

Similar effects have been reported in previous studies. Steger et al. (2017) showed that a biased inventory led to an entire
geological unit being falsely classified as stable. In our case, the regions with updated landslides would remain substantially
underestimated unless the inventory is expanded.

Another related issue is model overconfidence. The histogram in Fig. 10 shows pronounced overconfidence in low-risk areas.
Many slope units with updated landslides were assigned a susceptibility of zero. This indicates poor calibration for out-of-
distribution samples and suggests high epistemic uncertainty. Such behavior limits the suitability of the current susceptibility
map for early warning applications. Approaches such as explicit uncertainty quantification and uncertainty mapping could

help identify unreliable regions and prevent overinterpretation of predictions (Schlogl et al., 2025). Likewise, spatial cross-
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validation or transferability indices, as recommended by Steger et al. (2017), would likely expose the lack of generalization to
newly surveyed areas.

In summary, the additional evaluation with out-of-distribution data highlights the central role of inventory quality and com-
pleteness for model validity. Although a fully unbiased inventory is rarely available, the integration of a relatively small number
of updated landslides already revealed substantial weaknesses in the model. The original inventory contained spatial selection
bias, which propagated into the model as systematic false negatives. This illustrates the limits of generalization when training
data are spatially or thematically incomplete.

In practice, susceptibility and hazard maps derived from biased inventories should therefore be interpreted with caution.
Until the inventory becomes more spatially complete, predictions in less-mapped regions remain highly uncertain. Improving
inventory completeness or incorporating uncertainty quantification is essential for robust susceptibility modeling and reliable
hazard assessment.

To mitigate spatial sampling bias in future work, spatially stratified sampling could be implemented during training. Instead
of random sampling, training data could be selected to ensure balanced representation across regions or feature combinations.
This would reduce overtraining on well-surveyed areas such as the Alps and Franconian Jura and promote a more representa-
tive learning process. Stratification could be applied geographically, for example by balancing samples across administrative
regions, oversampling areas with few recorded landslides and undersampling densely surveyed regions. Alternatively, stratifi-
cation could be performed in feature space along gradients of slope, elevation, or geology to avoid skewed associations caused
by overrepresented conditions.

However, this strategy requires knowledge of spatial survey coverage, which is available in this case due to the documented
progress of LfU fieldwork. In regions where survey intensity is unknown, it is not possible to distinguish between true low sus-
ceptibility and under-surveyed areas. Moreover, stratified sampling can only redistribute existing samples; it cannot compensate
for entirely missing landslide records. It may reduce overtraining in densely surveyed regions, but systematic underestimation

in genuinely unmapped areas would persist.
4.2 Challenges in slope unit segmentation

Another key challenge in this work is the segmentation of slope units. Since there is no consensus or objective method for
defining the optimal delineation (Dahal and Lombardo, 2023; Schlogel et al., 2018; Moreno et al., 2024; Ahmed et al., 2023),
the chosen segmentation is partly subjective and adapted to specific locations, which can affect the extracted input feature
values. As with all analyses based on spatial aggregation, slope unit-based approaches are affected by the Modifiable Areal
Unit Problem (MAUP), meaning that both scale and zoning can bias the results (Openshaw, 1984; Manley, 2014). In the context
of landslide susceptibility, these effects influence the extracted input feature values and consequently, the model predictions.
Larger units might smooth the values of landslide-influencing factors. This is known as scale effects, which means the
aggregation of the observed patterns and relationships (Manley, 2014; Openshaw, 1984). Larger slope units may mask local
instability on individual slopes, while finer partitions can highlight small-scale variability but increase noise. As the scale

changes, statistical indicators, such as averages, correlations, or the calculated feature values, can vary, potentially obscuring or
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exaggerating predictions. Zoning effects, in contrast, occur when different delineations at the same scale produce varying results
(Manley, 2014; Openshaw, 1984). Topography-based slope units generally provide a more meaningful spatial representation
than arbitrary boundaries; however, even within this framework, inconsistencies can arise. In the present dataset, some slope
units cover the area of a possible landslide comprehensively, from scarp to runoff zone, while others only represent steep
sections, missing the runoff. This heterogeneity can affect the coherence of the predictions and impact susceptibility mapping,
as ideally the map should either reflect high susceptibility across the entire area affected by a landslide or focus solely on the
steep, actively sliding sections, rather than a mix of both.

To minimize the negative effects of scaling and zonation, it is essential to segment the slope units properly. This involves
selecting the appropriate scale for creating the slope units and the most objective delineation based on topography, ensuring
that each polygon represents a complete slope (Alvioli et al., 2020). However, achieving this in large areas, such as Bavaria,
is time-consuming and computationally intensive. In this study, parameter selection was guided by an evaluation across three
test sites representing the main terrain types in Bavaria, combining quantitative comparison of slope unit size distributions
with visual assessment of boundary alignment. Nevertheless, the final parameter choice holds an element of subjectivity, as
evaluation of boundary quality was not fully standardized, and the selected configuration may not be equally optimal across all
terrain types in such a large and geomorphologically diverse study area.

A step forward should involve objective optimization of slope unit segmentation. These are e.g. automated parametrization
techniques for the segmentation of terrain using remote sensing data, which are widely applied across various fields (Dragut
et al., 2014; Espindola et al., 2006; Flanders et al., 2003). In the context of landslide susceptibility, for instance, Alvioli et al.
(2016) enhanced the r . slopeunits algorithm by introducing an optimization approach that calculates metrics for internal
and external terrain aspect variance. This optimization function is applied in other studies as well, but due to its computational
costs it is only suitable for small areas of interest (Alvioli et al., 2020; Bornaetxea et al., 2018; Schlogel et al., 2018). Previous
works also suggest that DEM resolution plays a critical role, with resolutions around 10m yielding more robust slope units
(Schlogel et al., 2018) than using lower resolution DEMs. Applying these methods in a small test area and comparing the results
with the slope-unit delineation would help to identify potential scale or zoning biases and give insight into the robustness and

predictive performance of the landslide susceptibility map.

5 Conclusions

This study presents a regional-scale landslide susceptibility assessment for Bavaria based on slope units, a dense neural net-
work, and explainable Al methods. Using more than 11,000 recorded landslide events and a wide range of topographic, ge-
ological, soil, land-cover, and hydrological landslide-influencing factors as input features, the model achieves high predictive
performance on a test set (ROC AUC = 0.95, PR AUC = 0.84) and shows a high sensitivity in identifying unstable slopes. The
resulting susceptibility map provides the first consistent, data-driven overview of landslide-prone areas across Bavaria at the

regional scale.
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The slope-unit-based approach proved well suited for modelling such a large area, as it allows input features to be meaning-
fully aggregated while keeping computational costs manageable. The SHAP analysis adds transparency and interpretability to
the model by highlighting geology, soil properties, permeability, land cover, and terrain heterogeneity as key features influenc-
ing landslide susceptibility in Bavaria.

A central finding of this work is the strong dependence of our model on the quality of the landslide inventory. While the
model performs well on the inventory, its transferability to unseen locations (quantified by over 800 updated landslide events
in the inventory) reveals clear limitations in its ability to generalize. Many updated landslides occurred in areas that were
previously underrepresented in the inventory and were therefore assigned low susceptibility values. This demonstrates how
spatial incompleteness and selection bias in landslide inventories can directly translate into systematic underestimation of
susceptibility in poorly mapped regions. As a result, high overall performance metrics based on random test splits alone are
not sufficient to fully assess model reliability across the entire study area.

Overall, this study shows that explainable ML models can offer valuable insights for regional landslide susceptibility map-
ping, but their reliability strongly depends on the quality and completeness of the underlying landslide inventory. Ensuring
adequate spatial representativity of the training and evaluation data remains essential for robust susceptibility and hazard as-

sessment.

Code and data availability. The code repository can be made available upon request during the review process and will be made publicly
accessible upon acceptance. The Landslide Susceptibility Map for Bavaria is planned to be published via a web service. Due to the high
spatial resolution of the map, the potentially sensitive nature of the information, and model uncertainties, the full spatial dataset is not
provided for direct download. Access to the data may be granted upon request for scientific purposes. For the input data sources, we refer to

the references provided in Section 2.2 and Appendix B1.
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Appendix A: Figures
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Figure A1. Density plot of predicted susceptibility compared to LfU susceptible areas. The plot shows the distribution of estimated suscep-
tiblity for slope units that are within the four types of susceptible areas published by LfU (Bayerisches Landesamt fiir Umwelt, 2020a). A

large portion of the estimated values lay at values over 0.5, indicating a good overlap between the here calculated susceptibility and LfU’s

susceptibility map.
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Figure A2. Violin plots detecting differences in original and updated landslide inventories. The figures show on a descriptive level how the

original and updated landslide locations vary systematically. Three of the four features have a high global feature importance in the ANN

model.
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Appendix B: Table of input features for the ANN model

Variable Description Statistics Source
Elevation Ground surface height in meters, excluding | mean and sd DEM, 5m resolution (Lan-
buildings or vegetation. desamt fir Digitalisierung
Breitband und  Vermessung
Bayern, 2024a)
Slope Steepness of the ground surface in degrees. mean and sd DEM
Flow accumulation | D8 flow accumulation: Number of upslope | mean and sd DEM
cells contributing flow to a given pixel.
Aspect Slope orientation. mean and sd DEM
Plan curvature Curvature of the terrain within a horizontal | mean and sd DEM
plane.
Profile curvature Curvature of the terrain in the vertical plane, | mean and sd DEM
impacts the acceleration of downhill water
flow.
Ruggedness mea- | Elevation differences between a grid cell and | mean and sd DEM
sure its queen neighbors.
LS factor Length-slope factor, combines slope length and | mean and sd DEM
steepness to explain how topography influ-
ences soil loss.
Stream power index | Erosive power of water flow by considering | mean and sd DEM
both terrain and flow accumulation.
Topographic wet- | Propensity for a site to be saturated to the sur- | mean and sd DEM
ness index face given its contributing area and local slope
characteristics.
Downslope dis- | Potential for downhill water flow. mean and sd DEM
tance gradient
Terrain relief inten- | Elevation deviations within 1km neighbor- | mean and sd DEM
sity hood.
Terrain relief vari- | Elevation deviations within 1km neighbor- | mean and sd DEM
ance hood, indicating how the relief is distributed
throughout the landscape.
Convergence index | Structure of the terrain in terms of convergent | mean and sd DEM
and divergent areas.
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Variable

Description

Statistics

Source

Distance to stream

course

Euclidean distance to the nearest streams using

a generalized stream network.

mean and sd

Waterbody-DE  (Bundesanstalt
fir Gewisserkunde, 2024)

Distance to stream

detailed

Euclidean distance to the nearest streams based

on a detailed stream network.

mean and sd

FGN25 (Bayerisches Landesamt
fiir Umwelt, 2018a)

Distance to lakes

Euclidean distance to the nearest lake.

mean and sd

SEV25 (Bayerisches Landesamt
fiir Umwelt, 2018b)

Distance to faults

Euclidean distance to the nearest geological

mean and sd

dGK?25 (Bayerisches Landesamt

fault. fiir Umwelt, 2023a)
Slope unit size Area of slope unit in square meters. size Own slope unit delineation
Rainfall erosivity Potential for soil erosion caused by rainfall, | mean and sd 4km resolution (Uber et al.,
specifically using current soil erosion values. 2023)
Land cover Seven land cover classes. % of land | Land Cover DE, 10m resolu-

cover class

tion (German Aerospace Center

(DLR), 2020)

Geochemical rock

Mineralogical-chemical composition of the

% of rock type

HUK250 (Bundesanstalt fiir Ge-

type ground, eight categories. class owissenschaften und Rohstoffe,
2019)
Permeability Capacity of rock to allow water flow, with | % of perme- | HUK250
higher values representing greater flow capac- | ability class
ity, 11 classes.
Geological unit Subsoil types at the ground surface, six classes. | % of geologi- | dIGK25 (Bayerisches Lan-

cal class

desamt fiir Umwelt, 2023b)

Soil

Soil types across the study area, 13 classes.

% of soil class

BUK200 (Bundesanstalt fiir Ge-
owissenschaften und Rohstoffe,

2022)

Table B1: Description of landslide-influencing factors used as input variables in the susceptibility modeling. Definitions follow Lindsay

(2023); Uber et al. (2024); Lombardo et al. (2021).
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