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How to enrich training data for machine learning-based landslide hazard
prediction with spatio-temporal precipitation information?

Ann-Kathrin Edrich ©2, Anil Yildiz @2, Ribana Roscher

b and Julia Kowalski ®2

Methods for Model-based Development in Computational Engineering, RWTH Aachen University, Aachen, Germany; PInstitute of Geodesy
and Geoinformation, Machine Learning in Agriculture, University of Bonn, Bonn, Germany

ABSTRACT

Landslide hazard maps indicate the spatio-temporal likelihood of landslide occurrence based on the
prevailing spatial precipitation patterns. In order to generate precipitation-informed hazard maps
by means of Machine Learning, we need to gather precipitation information for both landslide
and non-landslide sites. For landslide locations, precipitation data associated with the initiation
of the events at these sites is used. For the non-landslide locations, precipitation data is typically
sampled randomly in both space and time from a precipitation database. To ensure that suitable
precipitation values are sampled even when there are fewer non-landslide locations where
representative random sampling may not be feasible, we test three approaches to assign
precipitation values in a less random manner. As a case study, we examine the shallow landslide
hazard associated with the intense rainfall event in Switzerland in August 2005. We evaluate the
effectiveness of the three approaches by analysing the variation in spatial hazard distribution
and the overall size of hazardous areas across the daily hazard maps produced under different
precipitation conditions as well as the temporal rate of the observed changes. We conclude that
probabilistically determined precipitation values offer a promising alternative to enrich non-
landslide locations with precipitation-information in landslide hazard prediction.

Abbreviations: EWSs: early warning systems; ML: machine learning; AOI: area of interest; SHIRE:
susceptibility and hazard mapping framework; SWRC: soil water retention curve; RF: random
forest; LUCAS: land use/coverage area frame Survey; NN: neural network; AUC: area under the
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1. Introduction

Landslides impact population, infrastructure and
environment worldwide (Emberson, Kirschbaum, and
Stanley 2020; Miyagi 2021). They are mainly triggered
by intense precipitation (Bogaard and Greco 2018;
Piciullo, Calvello, and Mauricio Cepeda 2018), seismi-
city or anthropological influences (Turner 2018). The
occurrence of precipitation as well as its total amount
and intensity are not uniformly distributed over space
and time. Based on this highly-varying spatio-temporal
precipitation characteristics, a non-uniform distri-
bution of landslide hazard in space and time can be
assumed. From this, we conclude that landslide suscep-
tibility mapping, i.e. the time-independent assessment
for landslide occurrence (Vasu et al. 2016), which does
not take the spatio-temporal changes of triggering con-
ditions into considerations, is not often not sufficient to

properly assess the potential for landslide occurrence.
Landslide hazard prediction on the other hand is the
temporal extension to landslide susceptibility mapping,
which allows the prediction of the spatial distribution of
the hazard over time. This can form the foundation for
early warning systems (EWSs) which can be used for the
focussed implementation of hazard mitigation measures
(Piciullo, Calvello, and Mauricio Cepeda 2018).

In recent years, Machine Learning (ML) has taken on
an increasingly prominent role in landslide suscepti-
bility mapping together with increasing amount of
open access landslide inventories (Mastrantoni et al.
2023). Even though the spatio-temporal characteristic
of landslides has been widely acknowledged (Tonini
and Cama 2019), temporal dependencies are rarely con-
sidered in  ML-based landslide susceptibility
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assessments (Dahal et al. 2024; Liu et al. 2022; Nocentini
et al. 2023). Providing a joint spatial and temporal
assessment poses a challenge due its interdisciplinary
and highly uncertain nature (Guzzetti et al. 2020;
Thiebes and Glade 2018). Frequently conducted time-
dependent investigations of landslide activity include,
for example, the monsoon season (e.g. Kashyap, Chan-
dra Pandey, and Ranjan Parida 2021; Sudani, Patil, and
Kolekar 2021) or El Nino (e.g. Emberson, Kirschbaum,
and Stanley 2021; Vilimek et al. 2013).

As described by Reichenbach et al. (2018), parameters
typically included in ML-based landslide susceptibility
mapping belong to the domains of (1) morphology (2)
geology, (3) land cover, (4) hydrology and (5) others
(see also Conforti et al. 2014; Dang et al. 2019; Edrich
et al. 2024; Ishibashi 2023). Parameters from all of these
domains change to some degree over time (McColl
2015). To define the parameter(s) to focus on when per-
forming time-dependent landslide hazard prediction,
two considerations can be applied: (1) time scale for rel-
evant, large scale changes of the parameter to occur and
(2) the relevance of the change to landslide initiation.
Large scale changes of some parameters such as topogra-
phy and related altitude and slope angle typically unfold
over very large time scales while others can change within
minutes or hours such as meteorological parameters.
Some parameters, for example, land use can be expected
to show relevant change between 1 to 10 years (Van Wes-
ten, Castellanos, and Kuriakose 2008). The timeliness
should be considered when searching data sources to per-
form landslide hazard prediction. However, time-depen-
dent hazard prediction relies on parameters which can
change significantly over a short period of time and are
directly associated with landslide initiation in response
to triggering events. Precipitation is a well known land-
slide trigger (Bogaard and Greco 2018; Li et al. 2022;
Piciullo, Calvello, and Mauricio Cepeda 2018). The pre-
cipitation conditions vary in orders of hours and can
therefore cause the slope hydrology to also change within
hours or days, depending on the size of the catchment
(Van Westen, Castellanos, and Kuriakose 2008). This
quick response of the subsurface to the occurrence of pre-
cipitation and its importance for landslide initiation
makes precipitation as a meteorological parameter a suit-
able feature for time-dependent landslide hazard predic-
tion. If precipitation is integrated into landslide
susceptibility studies, it is mostly as a time-independent
parameter such as average or maximum precipitation
over a specified region and time-interval (e.g. Dang et
al. 2019; Edrich et al. 2024; Zhang et al. 2020). The inte-
gration of precipitation as a time-dependent parameter
into the ML-based hazard prediction process is a natural
extension of the established set of time-independent

environmental features, due to the increased availability
of precipitation data with a high temporal resolution
(Panagos et al. 2017) which allow the conduction of
increasingly complex precipitation-based investigations.
It is important to consider that maps derived from
these time-dependent parameters are only valid as long
as the information of all time-dependent parameters is
valid. As soon as any dataset containing a time-depen-
dent parameter is updated with new measurements or
predictions, the previously derived map is outdated and
a new map has to be produced which includes the
updated data (see Fell et al. 2008). Many studies discuss-
ing landslide EWSs take antecedent precipitation into
account (Guo et al. 2025), however, the time interval
which they consider varies significantly from 2 days
(Lee et al. 2021) to several weeks (Vasu et al. 2016). Lee
etal. (2021) argue that the choice of a suitable time inter-
val depends on the landslide type and, therefore, choose
a 72 h interval for their study on shallow landslides due
to the shallowness of the failure plane. Antecedent pre-
cipitation is often integrated as a proxy for soil moisture
information, which is not generally available and hard
to generalise (Frattini, Crosta, and Sosio 2009; Ma et
al. 2014). The effect of antecedent precipitation depends
on various environmental parameters such as the het-
erogeneity of the soil in terms of strength and per-
meability and the regional climate (Aleotti 2004). As
the subsurface conditions before the occurrence of a
triggering event heavily depend on the overall climato-
logical conditions, e.g. wet or dry periods or the influ-
ence of different seasons, some studies address this
variability by adapting the way rainfall is handled
depending on the prevailing conditions (e.g. Jordanova
et al. 2020; Melillo et al. 2015).

Landslide EWSs are often based on the monitoring of
representative parameters for slope stability (Casagli et
al. 2021). Historically, the most commonly implemented
EWSs relies on the definition and methodical appli-
cation of precipitation thresholds, e.g. Segoni et al.
(2015), Harilal et al. (2019), Chikalamo et al. (2020),
Uwihirwe, Hrachowitz, and Bogaard (2020), Yuniawan
et al. (2022) and Oguz et al. (2024). This procedure is
based on the observation that landslides occur after
exceeding a threshold of duration, intensity or total
amount (Caine 1980; Sidle and Ochiai 2006). Thresholds
can either be derived through empirical analysis of his-
toric precipitation records or physics-based modelling
(Segoni, Piciullo, and Luigi Gariano 2018; Sun et al.
2022). Physical modelling of thresholds is difficult to
apply to large scale areas as they are computationally
expensive and they require detailed information on the
subsurface which is typically hard to obtain (Tehrani et
al. 2022; Vasu et al. 2016). Empirical analysis is an
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effective tool to investigate large areas (Guzzetti et al.
2007), however they are subjective with respect to the
chosen representation of the precipitation condition
(Palladino et al. 2018). EWSs that are based on rainfall
parameters alone do not take into account geomorpho-
logical and other heterogeneous environmental proper-
ties of the area of interest (AOI). Therefore, they are not
suitable for spatially-focussed assessments (Palladino et
al. 2018). However, some studies such as Segoni et al.
(2015) and Lagomarsino et al. (2013) subdivide the
AOI into more homogeneous segments and determine
thresholds for each segment individually to account for
spatially-varying prerequisites for sliding.

Guzzetti et al. (2020) found in their review of
implemented threshold-based landslide EWSs that
most of them were implemented for short-term,
small-scale monitoring. ML allows investigation of
landslide hazard on various time frames and with its
mapping unit-based determination of landslide hazard
allows a higher spatial resolution than conventional
threshold-based approaches. While most EWSs are
restricted to geomorphologically homogeneous areas,
ML-based hazard prediction typically considers several
parameters from various domains directly for determin-
ing landslide hazard under specific precipitation con-
ditions (van Natijne, Lindenbergh, and Bogaard 2020).
As Piciullo, Calvello, and Mauricio Cepeda (2018) out-
line, EWSs can be assessed by effectiveness, i.e. the capa-
bility of generating the desired outcome, and efficiency,
i.e. the archival of the desired outcome with minimum
time and cost. The effectiveness of ML-based landslide
hazard mapping will be a research topic for the upcom-
ing years, however, it certainly has the ability to con-
tinuously produce maps in an efficient manner,
especially if the ML pipeline has already been initialised.
The prerequisite for applying ML for landslide hazard
prediction, however, is the availability of suitable pre-
cipitation data and a landslide inventory that contains
a time of occurrence for each entry (see Section 2.5.1).

The so far achieved results in this domain are prom-
ising for establishing ML as technique for landslide
EWSs and hazard prediction in general in the future
(Liu et al. 2022). Thirugnanam, Vinodini Ramesh, and
Rangan (2020), for example, discuss the enhancement
of conventional, sensor-based early warning using ML.
They name two limitations of conventional sensor-
based landslide EWSs: (1) potentially affected data
transmission during a triggering event and (2) insuffi-
cient warning times despite recognised triggering con-
ditions. Based on their review of different EWSs, they
conclude that data-driven methods can support the
reliability of such systems by providing 24h forecasts
which could be used for preparations. They combine a

now-casting ML model predicting parameters associ-
ated with slope failure such as moisture, pore-water
pressure and displacements with a forecasting ML
model predicting the respective conditions at a future
point in time. Hemalatha, Vinodini Ramesh, and Ran-
gan (2019) also combine precipitation forecast and sen-
sor measurements to achieve a 24h prediction of the
slope condition using support vector regression. Moon
et al. (2019) investigate the influence of a range of ML
models for their influence in the context of their pro-
posed ML-based landslide EWS architecture based on
discretised precipitation values. Ng et al. (2021) and
Wang et al. (2021) integrate the maximum rolling rain-
fall, which Ren, Gao, and Gong (2024) extend to the
maximum rolling rainfall index, as feature into their
ML model. The maximum rolling rainfall describes
the maximum rainfall within a specific rolling time
interval, e.g. 24 h. Li et al. (2022) use the 3-day and
7-day accumulated precipitation as features in their
comparison of three different ML algorithms for the
generation of a global landslide hazard map. Stanley
et al. (2021) present near real-time time-dependent glo-
bal landslide hazard prediction based on the time-
dependent parameters snow, soil moisture and antece-
dent precipitation using the XGBoost algorithm and
thereby demonstrate the use of several time-dependent,
landslide-related features for model training and pre-
diction. This model has been applied by Biswas et al.
(2022) on a regional scale. Nocentini et al. (2023)
investigate the influence of different antecedent pre-
cipitation time intervals and absence locations
sampling strategies for RF-based time-dependent land-
slide hazard prediction. They use cumulative precipi-
tation as time-dependent parameter and use a pre-
generated landslide susceptibility map as time-indepen-
dent parameter in their model to highlight the influ-
ence of the time-dependent parameters. Xie et al
(2025) conducted a comprehensive analysis of clustered
landslides induced by extreme rainfall in Guangdong
Province, China by including twelve influencing fac-
tors. They found out that accumulated rainfall was
highly influential after performing 100 different
sampling analyses of factor weights.

One of the major challenges of ML-based landslide
hazard prediction is the combination of the time-depen-
dent precipitation information with the otherwise time-
independent components of the process. The key step in
this regard is the generation of the training dataset,
which is a combination of absence locations, i.e. non-
landslide locations, and historic landslide events, also
referred to as presence locations. As absence locations
need to be representative for the locations where no
landslides occur, sampling them is a challenging task
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in time-independent landslide susceptibility mapping
(see Hong et al. 2019; Zhu et al. 2019). Adding a tem-
poral component to the mapping process increases the
complexity further due to the added challenge of need-
ing to tie a time-dependent parameter, e.g. precipi-
tation, to a time-independent absence location. For
landslide locations that have a timestamp of occurrence
tied to them, precipitation records can be used to intro-
duce precipitation into the training dataset. Absence
locations lack such a timestamp. There is no trivial or
widely accepted solution to introduce precipitation
into the training dataset.

Absence location sampling can be considered from
two points of view. On the one hand, they can be con-
sidered 3-dimensional data points (longitude, latitude
and time) which can be sampled independently in
space and time, i.e. brute force assigning a timestamp
to a physical location and deriving corresponding pre-
cipitation values from precipitation records. On the
other hand, they can be regarded as 2-dimensional
locations that are sampled in space only and their pre-
cipitation values introduced into the training dataset
are results of assessments for representativeness of
the precipitation patterns and relevance regarding
landslide initiation. Stanley et al. (2021) and Li et al.
(2022), for example, sample absence locations inde-
pendently in space and time. Xiao et al. (2022) and
Ng et al. (2021) sample absence locations which can
be assumed to have experienced the same heavy rain-
fall events as the presence locations. Similarly, Dai and
Lee (2003) sample absence locations from heavy rain-
fall events which they assume did not trigger land-
slides. Jones et al. (2021) sample random absence
locations equally distributed over their 12 year obser-
vation period. This view on absence locations includes
the usage of presence points as absence points if they
are sampled temporally before the time of failure such
as done by Liu et al. (2022) and also by Nocentini et
al. (2023) for testing purposes. For a large number
of absence locations, it can be assumed that random
sampling in space and time leads to a representative
and meaningful distribution of precipitation values.
For studies using a smaller number of absence
locations, the representativeness of the randomly-
sampled precipitation values cannot be assumed.

There is a lack in knowledge and experience in how
to enrich training data for ML-based landslide hazard
prediction with spatio-temporal precipitation infor-
mation. This study aims at addressing this gap by
defining and testing several strategies to derive repre-
sentative precipitation values based on daily accumu-
lated precipitation data. The presented approaches are
applied to the test case of precipitation-triggered

shallow landslide hazard in Switzerland for the August
2005 intense rainfall event.

2. Materials and methods

2.1. Susceptibility and hazard mapping
framework SHIRE

The Random Forest (RF)-based susceptibility and
hazard mapping framework SHIRE (Edrich, Yildiz,
and Kowalski 2023) was introduced in Edrich et al.
(2024). SHIRE provides flexible implementations of
the necessary steps for landslide susceptibility mapping
and hazard prediction: (1) conceptualisation, i.e. the
definition and setup of the study parameters, (2) pre-
processing of the typically inhomogeneous geospatial
data and their combination into the necessary RF
input datasets, (3) RF training and map generation
and (4) validation and quality control of the trained
model. SHIRE was developed to facilitate and stream-
line landslide susceptibility mapping and hazard predic-
tion studies by reducing the time and effort necessary. It
is Python-based and its modular structure introduces
flexibility with regard to its application in different
AQIs, the integrated data and the desired resolution.
In this paper, SHIRE (release v2.0) is the technical
foundation for generating the time-dependent hazard
maps. SHIRE takes the raster input datasets introduced
in Section 2.3.3 to produce the training and prediction
dataset and returns the probabilities for landslide occur-
rence. The precipitation values according to the in Sec-
tion 2.5.3 presented approaches were manually
prepared and added to the training and prediction data-
sets. These input datasets were prepared using SHIRE
based only on the time-independent features (see Sec-
tion 2.3.3). SHIRE was used for model training and
map generation. The returned probabilities of occur-
rence are then, outside of SHIRE, subdivided in 5 hazard
classes: very low (<20%), low (20-39.9%), moderate (40-
59.9%), high (60-79.9%) and very high (>80%).

2.2. Test case

Shallow landslides occur frequently in Switzerland
(Lateltin et al. 2005). The spatio-temporal variability
in the hazard of rainfall-triggered shallow landslides in
Switzerland during the intense rainfall event of August
2005 is analysed as a test case scenario in this study.
This analysis is used to investigate and assess
approaches for determining precipitation values to be
included in the training dataset for absence locations.
This is a spatio-temporal extension of the test case
used in Edrich et al. (2024). Switzerland was chosen
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due to the availability of spatio-temporal landslide
inventory data and high-resolution geospatial datasets.
Furthermore, Switzerland displays a variety of topo-
graphic and environmental characteristics including
mountainous terrain, which increases the likelihood of
the occurrence of shallow landslides (Dilley et al.
2005; Lateltin et al. 2005).

The August 2005 intense rainfall event which peaked
on 21 and 22 August (Beniston 2006) caused significant
damage in the alpine region including Switzerland
(Hilker, Hegg, and Zappa 2008; Zieher et al. 2016). It
resulted in a number of casualties and about 1-2 billion
Euros in infrastructural damage (Beniston 2006). For
this study, we define an observation period between
16 and 29 August 2005. This observation period was
chosen to capture the full range of precipitation con-
ditions before, during and after the event. Furthermore,
the observation period is suitably long with respect to

the time interval in which antecedent precipitation is
considered in this study. Figure 1 shows the precipi-
tation in the AOI over the observation period starting
from 18 August due to the lack of significant precipi-
tation on the previous days. The focus of this study is
the development and optimisation of the hazard predic-
tion results during the intense rainfall event, however,
we discuss also the challenge of hazard predictions
under no precipitation occurrence.

SHIRE is utilised to generate hazard maps with a res-
olution of 50 m using precipitation values for absence
locations in the training dataset that, while subjective,
are representative for landslide non-occurrence and rel-
evant for the physical triggering mechanism. The time-
independent features elevation, slope angle, aspect,
sand, silt and clay content, bulk density, percentage of
coarse fragments, available water capacity, the par-
ameters saturated water content, & and n of the Soil

St A
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19 August 2005

21 August 2005 22 August 2005
24 August 2005 25 August 2005
27 August 2005 28 August 2005

20 August 2005

£
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=
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23 August 2005 60 O
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30 ©
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0

26 August 2005

29 August 2005

Figure 1. Precipitation in the AOI between 18 August and 29 August 2005. Swiss boundaries taken from Federal Office of Topography

Swisstopo (2021).
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Water Retention Curve (SWRC; Van Genuchten 1980)
and tree cover density are complemented by the time-
dependent 4-day accumulated precipitation feature.
The choice for this time interval is discussed in Section
3.3.2. A split of 80:20 for the training and test dataset is
used. The RF was set to 100 trees and a depth of 20 and
the Gini impurity index is being used as splitting cri-
terion. Additionally, using only the time-independent
features but otherwise identical settings, a time-inde-
pendent landslide susceptibility map is produced for
reference and comparison purposes.

2.3. Data

2.3.1. Landslide inventories

The Hangmuren database, published by the Swiss Federal
Institute for Forest, Snow and Landscape Research WSL,
Mountain Hydrology and Mass Movements (2023), com-
prises 756 shallow landslides, recorded on 13 different
dates between 1997 and 2014 (as of March 2021) through
field campaigns following intense rainfall events in Swit-
zerland (Rickli et al. 2019). Table 1 provides an overview
of the temporal distribution of the landslides in the inven-
tory. The contained landslides are spatially clustered (see
Figure 2(a)) which may result from the manual compi-
lation of the database. We extract the location and date
of landslide occurrence from the Hangmuren database.
Figure 3 shows some examples of shallow landslides in
the Hangmuren database which occurred in the canton
Grisons, Switzerland, in August 2005.

Héhlen (2023) provides a landslide inventory for the
Swiss canton Bern with 528 landslides which were digi-
tised as polygons from orthophotos. For this study, we
manually defined a point coordinate at the scarp of
each landslide. Some landslides in the inventory are
directly liked to a date of occurrence. We use only the
177 landslides in the inventory that are associated with
the intense rainfall event in August 2005 for validating
the time-dependent landslide hazard maps. The distri-
bution of these landslides is illustrated in Figure 4.

Table 1. Summary of the subset of the Hangmuren database
used for the study (Status March 2021).

Date [yyyy-mm-dd]

Number of records

1997-08-15 280
2002-09-01 106
2002-07-16 64
2002-11-14 1
2002-11-15 34
2005-08-22/23 217
2012-07-04 38
2014-07-12 2
2014-07-24 4
2014-07-28 5
2014-08-11 3
2014-11-05 2

2.3.2. Absence location sampling

Absence locations are non-landslide locations, i.e.
locations where no landslides were recorded. For
sampling these locations, we follow the recommen-
dation by Hong et al. (2019) and Liu, Tang, and
Huang (2023) to choose a ratio of 1:1 between presence
and absence locations. Spatially, absence locations are
randomly sampled based on a meshing approach. For
this, we define a mesh with an equal resolution as the
final hazard map and randomly sample grid cells as
absence locations that have a distance of at least 50 m
to a landslide location, are not associated with water
bodies, are not impervious locations, and have a slope
angle between 20° and 50°. These restrictions were
made based on domain knowledge. This way, absence
locations are sampled identically to the way it is per-
formed for susceptibility mapping (e.g. Edrich et al
2024), without assigning the absence locations a time-
stamp. Figure 2(b) shows their spatial distribution.

2.3.3. Geospatial datasets

A total of 13 time-independent features for the ML
input datasets were selected which can be expected to
physically influence the stability of the subsurface or
act as proxies for non-available environmental infor-
mation: elevation, slope angle, aspect, sand, silt and
clay content, bulk density, percentage of coarse frag-
ments, available water capacity, the parameters satu-
rated water content, « and n of the SWRC and tree
cover density. The features were chosen based on the
domain knowledge on conditioning factors and based
on availability. The features cover the environmental
domains of morphology, geology, land cover and
hydrology (see Reichenbach et al. 2018).

Table 2 provides an overview of the datasets used,
their publisher and their properties. The topographic
features were derived from the digital elevation model
DHM25, with a resolution of 25 m, provided by the Fed-
eral Office of Topography swisstopo (2005). The slope
angle and aspect maps were derived using QGIS
(QGIS Development Team 2020). Soil-related features
were extracted from the Topsoil Physical Properties
for Europe dataset with a resolution of 500 m which is
derived from the Land Use and Coverage Area frame
Survey (LUCAS) topsoil point-data (Ballabio, Panagos,
and Monatanarella 2016). Information contained are
percentage of coarse fragments, bulk density, available
water capacity and sand, silt and clay content. Par-
ameters of the SWRC were extracted from the 3D Soil
Hydraulic Database of Europe, which is available with
a resolution of 250 m (T6th et al. 2017). Vegetation-
related information is integrated through the tree
cover density dataset with a resolution of 10m
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(a) Presence locations

(b) Absence locations

Figure 2. (a) Distribution of the presence locations given in the Hangmuren database by the Swiss Federal Institute for Forest, Snow
and Landscape Research WSL, Mountain Hydrology and Mass Movements (2023), colour-coded by their year of occurrence (status
March 2021), (b) Distribution of the sampled absence locations (red dots). Topographic basemaps derived from the DHM25 (Federal
Office of Topography swisstopo 2005). Swiss boundaries taken from Federal Office of Topography Swisstopo (2021).

(Copernicus Land Monitoring Service 2018). The in
Table 2 listed imperviousness and water & wetness data-
sets have not been used as features but were used to con-
strain locations to sample absence locations from (see
Section 2.3.2). We work in the WGS84 coordinate refer-
ence system and therefore convert all data that are not
available in this coordinate reference system to
WGS84 using QGIS (QGIS Development Team 2020).

(c) GR-2005-R-30102

2.3.4. Precipitation data

Daily accumulated precipitation raster files from the
European climatic database, hosted at University of
Natural Resources and Life Sciences, Vienna, Austria
between January 1950 and December 2022 with a resol-
ution of 1km, are used in this study (Moreno and
Hasenauer 2016; Pucher 2023). We generate an accu-
mulated precipitation time series with At = 4 days (i.e.

(d) GR-2005-R-30094

Figure 3. Exemplary images of shallow landslides taken from the Hangmuren database, published by the Swiss Federal Institute for
Forest, Snow and Landscape Research WSL, Mountain Hydrology and Mass Movements (2023). All four landslides occurred in St. Anto-

nien (Grisons) on the 22 August 2005.
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Figure 4. Distribution of the landslide inventory of the canton Bern, Switzerland (Hahlen 2023). Shown are the landslides that are
associated with the August 2005 intense rainfall event in red. The underlying hazard map is generated using the Probabilistic
approach for 23 August 2005. The figure in the upper right corner zooms into the region marked with the blue rectangle and allows
a closer look at the spatial distribution of the landslides and their respective hazard classification. Canton boundaries taken from Fed-

eral Office of Topography Swisstopo (2021).

accumulated precipitation over the current day and the  occurrence for presence locations and December 2022
three previous days) for each presence and absence  for absence locations.
location to conduct our investigations (see Section Figure 5(a) shows the distribution of the accumulated
3.3.2). The time series span the time interval between  4-day precipitation values that are associated with land-
January 1950 and the landslides’ individual days of  slide activity reported in the Hangmuren database. A

Table 2. Overview of the included datasets in the test case scenario either as features in the RF classifier input datasets or for

restricting possible absence locations sampling areas.

Parameter Unit Dataset Source Resolution [m] Extent
Elevation m DHM25 swisstopo 25 Switzerland
Slope angle °

Aspect -

Sand % Topsoil Physical Properties for Europe ESDAC 500 Europe
Silt

Clay

Bulk density gcm™3

Coarse fragments %

Avail. water capacity -

Saturated water content cm? em—3 3D Soil Hydraulic Database of Europe ESDAC 250 Europe
a (SWRQ) cm™!

n (SWRQ) -

Tree cover density % High Resolution Layer: Tree Cover Density 2018 10 Europe
Imperviousness % High Resolution Layer: Imperviousness Density 2018 10 Europe
Water & Wetness % High Resolution Layer: Wetness 2018 10 Europe
Precipitation mm European climatic database BOKU, Vienna 1000 Europe

Note: ESDAC: European Soil Data Centre; BOKU: University of Natural Resources and Life Sciences.
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broad range of precipitation values from about 15 mm
to 120 mm triggered shallow landslides. The non-even
distribution of values is most likely due to the clustered
nature of the Hangmuren database.

Considering this 4-day time interval means that pre-
cipitation since 13 August 2005 impacts the suscepti-
bility assessment during the observation period.
Figure 6 displays the accumulated 4-day precipitation
over the observation period in the AOI. This spatio-
temporal precipitation distribution was used as precipi-
tation feature in the prediction dataset. Comparing
Figures 1 and 6 shows the impact of including antece-
dent precipitation, not only in terms of magnitude,
but also temporal extent in which the intense rainfall
event is considered important for the landslide hazard
in the AOI in this study.

200 !
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(a) Presence events

Number of landslides

200 A
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100 A i
50
0 L
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absence locations

(b) Probabilistic approach
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100 -
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absence locations
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(c) NN approach
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(d) Random approach
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Figure 5. Distribution of precipitation values determined for (b)
the Probabilistic approach, (c) the NN approach and (d) the Ran-
dom approach. (a) shows the distribution of the 4-day accumu-
lated precipitation associated with the landslide events in the
Hangmuren database.

2.4. Combination of time-dependent and time-
independent features

In some earlier studies, spatial and temporal landslide
hazards were addressed independently. For example,
Nocentini et al. (2023) perform time-dependent RF-
based landslide hazard prediction by first preparing a
time-independent categorical landslide susceptibility
map and then introduce this map as a feature into the
time-dependent hazard prediction. They apply this to
emphasise the effect of the time-dependent features on
the prediction result and to reduce the computational
effort. Lee et al. (2021) separately assess the spatial
and temporal probabilities of landslide occurrence and
subsequently combine them through multiplication. In
a similar approach, Abraham et al. (2023) generate a
landslide susceptibility map and define precipitation
thresholds, evaluate each independently, and then
determine an overall hazard level using a predefined
scheme.

In this study, the time-dependent model was trained
on a training dataset consisting of time-independent fea-
tures which were supplemented with the time-dependent
precipitation feature. This decision is based on the
assumption that many of the environmental factors
used to create the susceptibility maps play a significant
role in the subsurface water distribution that directly
influences landslide initiation. Also, Aleotti (2004)
describe that the effect of antecedent precipitation
depends on various environmental factors. The pro-
cedure of assessing the spatial and temporal landslide dis-
tribution at the same time is supported also by Sidle and
Ochiai (2006) who state that the influence of rainfall pat-
terns needs to be regarded in combination with the
hydrological characteristics and soil and weathered bed-
rock. Steger et al. (2024) furthermore claim that separ-
ating the temporal and spatial landslide hazard leads to
a bias in the assigned importance of the parameters.

2.5. Precipitation values for the absence
locations

2.5.1. Prerequisites
The availability of suitable precipitation data and land-
slide information with a date of occurrence are the
necessary prerequisites for ML-based hazard prediction.
Suitability of the precipitation data refers to the spatio-
temporal resolution and temporal extent of the data.
They need to be sufficient to capture precipitation pat-
terns at the spatial resolution of the hazard map and
the typical temporal dynamic.

The approaches presented in this study rely mostly
on statistical analysis of daily precipitation time
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Figure 6. 4-day accumulated precipitation in the AOIl between 18 August and 29 August 2005. Swiss boundaries taken from Federal

Office of Topography Swisstopo (2021).

series. These time series are extracted from the pre-
cipitation data at the presence and absence locations.
A suitably long observation period is required lead-
ing up to the time of occurrence of the landslides
in the training dataset to achieve representativeness
of the data.

The preparation of a precipitation time series
p? = p(t) for each landslide I and p'® = p@(t) for
each absence location a in the training dataset at their
point position ¢? and @ respectively is a necessary step
before applying the below presented methodology. The
time series should be structured to represent the precipi-
tation variable intended for integration into the training
dataset. Here, we regard the accumulated precipitation
over a given time interval At (see Section 2.5.2). A precipi-
tation time series at any landslide or absence location, here
now generally referred to as location x, can be described as

P = (po, p1» ..., pm) Where  p, =p(t,) with

m € {0, ..., M} are the individual instances of the time
series, e.g. here, corresponding to daily precipitation
values. When using accumulated precipitation values p,
over time interval At, e.g. in this study At =4 days (see
Sections 2.3.4 and 3.3.2), the resulting time series can be
described as P = (Pay» Parsrs -+ Py)  where
Paryn = PAt+t,) with n € {0, ..., M — At}. The
individual accumulated precipitation values p,,., are
determined as follows:

t,+At

Parin = PAAL+t,) = Z Dt (1)

t=t,

This procedure needs to be performed individually
for every landslide location ¢ with the corresponding
precipitation time series p” and for every absence
location ¢@ with the corresponding precipitation
time series p(@.
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2.5.2. Choice of precipitation variable

Most precipitation threshold EWS studies employ
intensity and duration as precipitation variables to
define their threshold (Segoni, Piciullo, and Luigi Gar-
iano 2018). This is reasonable, as short-term high inten-
sity rain can be an important factor for shallow landslide
initiation (Lee et al. 2021; Montrasio and Valentino
2008). Lacking precipitation data with a high temporal
and spatial resolution complicates the development of
a reliable model (Tiranti and Rabuffetti 2010; Vishnu
et al. 2022). The accuracy of the landslide timestamps
in the inventory is also important in selecting the appro-
priate precipitation variable.

In this study, we use cumulative daily precipitation
values, as the available landslide timestamps were
recorded at the daily scale. With the temporal resolution
of our landslide data and the long temporal coverage
our precipitation data of more than 70 years, we avoid
the introduction of additional uncertainties due to
assumptions to be made and the necessary combination
of precipitation data from different sources by using
daily accumulated precipitation instead of precipitation
intensity. Furthermore, use of cumulative precipitation
is consistent with many published ML-based landslide
prediction (e.g. Mondini, Guzzetti, and Melillo 2023)
lowering the threshold for the application of the below
presented approaches to determine precipitation values
for absence locations. With this variable, however, care-
ful consideration must be given to the choice of the
antecedent precipitation time interval. For instance, a
short-term, high-intensity rainfall event might result
in a lower cumulative precipitation value compared to
several days of moderate rainfall, potentially leading to
an overestimation of landslide hazard at a given point
in time. In this study, we use At = 4 days (see Sections
2.3.4 and 3.3.2).

2.5.3. Approaches

We apply three approaches to determine precipitation
values for the absence locations. The Probabilistic
approach and the Neural Network (NN) approach rely
on empirical analysis of the precipitation time series
while the Random approach is an extension of the com-
monly applied random precipitation sampling in space
and time.

2.5.3.1. Probabilistic approach. The Probabilistic
approach is based on an empirical analysis of the pre-
cipitation time series at presence locations to derive a
manually defined precipitation probability threshold.
This threshold represents the exceedance probability
for landslide-triggering precipitation amounts and is
calibrated by determining the likelihood that

precipitation exceeds the amounts associated with land-
slide events in the training dataset. It is assumed to be
representative of the necessary precipitation amount
for landslide initiation in the area where the recorded
landslides occurred.

This threshold is then applied to the precipitation
time series at absence locations to determine the pre-
cipitation amount to be included in the training dataset.
Specifically, the precipitation amount corresponding to
the derived exceedance probability threshold is
identified.

The individual steps for deriving the exceedance
probability threshold from the time series of presence
locations are as follows:

First, the precipitation patterns at the presence sites
in the landslide inventory need to be analysed. Each
landslide event [ can be characterised by a position ¢,
a time of occurrence t) and a precipitation amount
p(t?) which is associated with its failure. Assuming
that for position ® a precipitation time series ‘b(l) is
available, the following steps need to be taken for
every landslide in the inventory:

(1) Generate a probability density distribution of
Z)(l)(t < t) starting from the onset of the available
precipitation data. In the case of this study, this is
01/01/1950.

(2) Identify the bin i) with the associated precipitation
P in the probability density distribution for which
P = f)(t(l))-

(3) Sum over all bins to the right of iD:

PO(p, i%): =) (w-p) 2)

j>i®

where p; is the probability density of the j—th bin
and w is the bin width. The exceedance probability
PO describes the probability that more precipi-
tation occurs than f)(ta)) at this landslide site.

The distribution of the resulting probabilities can be
visualised in a histogram (see Figure 7). Around 29% of
landslides were triggered by precipitation amounts very
close to the maximum of observed precipitation at this
location. This can be concluded as their determined
exceedance probabilities are close to zero. Higher excee-
dance probabilities mean that a lower precipitation
amount relative to the observed maximum was needed
to trigger the landslides. This could be because (1) the
landslides were triggered after short, high-intensity pre-
cipitation rather than prolonged medium intensity pre-
cipitation which might result in a lower accumulated
precipitation amount or (2) less precipitation than
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Figure 7. Distribution of exceedance probabilities of the shallow
landslides in the Hangmuren database. The red, dotted lines
mark the probability thresholds tested in this study.

usual was needed to trigger the landslide because of e.g.
unusually wet conditions (see Terlien 1998). The role of
precipitation intensity in triggering landslides and the
consequential issue of not properly describing events
caused by short, high-intensity rainfall highlights a chal-
lenge of using daily accumulated precipitation data.
Based on the histogram in Figure 7, a probability
threshold Pyyes can be defined manually. The threshold
needs to be reasonably defined so that the majority of
landslides are covered without the threshold being too
high. This, therefore, is a subjective assessment. Due to
the strong discrepancy observed in our landslide data,
we furthermore test the sensitivity of the map generation
to the manually determined threshold. We use the results
also to support a choice of threshold. We compare the
results derived when choosing thresholds 1%, 5%, 10%,
15%, 20%, 25% and 30%. Figure 8 shows the difference
in the total predicted area for each hazard class in the pro-
duced landslide hazard maps for selected thresholds. We
use the time-independent susceptibility map as a refer-
ence (see Section 3.1). As discussed in more detail in Sec-
tion 4, we expect an increase of pixels classified as
moderate, high and very high hazard during the most
intense period of the rainfall event. For 5% and 10%,
only a small change in the total area size classified as
high and very high can be seen. The larger the threshold,
the stronger the impact on the class distribution during
the intense rainfall event. The thresholds 20% and 25%
overall produce quite similar results and both adhere to
the assumption that during the intense rainfall event a sig-
nificant rise in the moderate, high and very high hazard
classes should be observed and without rainfall a respect-
ive increase in low and very low hazard areas should occur.
For this study, we decide for a threshold of 20%, even

though it leads a slightly smaller increase in the high
and very high hazard classes, as we want to credit the
large number of landslides that were triggered by precipi-
tation with a lower exceedance probability (see Figure 7).

Each absence location a is characterised by a location
¢@. Assuming that for position ¢ a precipitation time
series p'? is available with the same At as ), the pre-
cipitation value py, to integrate into the training dataset
can be derived following these steps:

(4) Generate the probability density distribution of
= (a)
.

(5) Sum backwards over the distribution starting from
the tail

PO(p, i) =) (w-py) (3)

j>i@
to determine bin i® for which
i = max {i' : P9 < Pypre}. (4)

(6) Integrate the corresponding precipitation value p,.
into the training dataset for absence location a.

Extracting precipitation values from the absence
location precipitation time series corresponding to the
Probabilistic approach results in the distribution dis-
played in Figure 5(b). This approach leads to 4-day
accumulated precipitation values between about 10
mm and 52 mm for the majority of absence locations
with only few having significantly lower or higher
values. In comparison to the presence locations’ precipi-
tation values, they, therefore, are in a similar range as
the low to medium triggering precipitation values.

2.5.3.2. NN approach. The NN approach is almost iden-
tical to the Probabilistic approach. It requires the same
initial steps (1), (2) and (3). However, instead of manu-
ally defining a single threshold based on all landslides, a
ML model, here a NN, is trained. This model uses the
time-independent environmental features of the train-
ing dataset to predict probability thresholds for each
absence location a individually. The predictions are
based on the commonalities of the absence locations
with the presence locations, allowing us to derive

Pfges. Then, for each absence location a, step (4) is con-
(a)

ducted, followed by (5) with the respective P .. to
determine bin i® so that
i = max {i{@: P < P 1. (5)

Just as with step (6) above, the corresponding precipi-
tation value p,, can be integrated into the training data-
set for absence location a.
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Figure 8. Comparison of the total area size of each hazard class for each day of the observation period, depending on the chosen
threshold for the Probabilistic approach. The red line marks the time-independent reference susceptibility map (see Section 3.1).

Extracting precipitation values from the absence
locations’ precipitation time series corresponding to the
exceedance probabilities predicted by the NN results in
the distribution shown in Figure 5(c). These values are dis-
tributed over a range of about 5mm to almost 232 mm
and therefore cover the whole range of values in which
also the landslides in the Hangmuren database occurred.

This approach results in much more widespread precipi-
tation values compared to the Probabilistic approach.

2.5.3.3. Random approach. The Random approach is an
adaptation of the common random space-time absence
location sampling strategy for a smaller number of
absence locations. Investigating the precipitation time
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series of the presence and absence locations reveals sig-
nificantly more dry than wet days. Therefore, the pre-
cipitation time series of the absence locations are
cleaned from days below a pre-defined precipitation
amount threshold T ) that
=l — {p}“’ | ;)]@ € p“, p]@ > T,j € {At..., M}}.
We investigated the impact of the choice of threshold T
by comparing the resulting maps when choosing 1
mm, 10mm, 20mm, 30mm, 40 mm, 50 mm, 60
mm, 70 mm and 80 mm as 4-day accumulated pre-
cipitation threshold. Note that with increasing size
of the considered antecedent precipitation time inter-
val At, the number of instances which are removed
decreases. If, due to a long antecedent precipitation
interval, no days are removed, it equals the random
space-time sampling commonly applied by previous
studies. Among the remaining instances, the precipi-
tation value for the specific absence location is
sampled randomly. This can be repeated for all
absence locations in the training dataset. As, apart
from the removal of the elements below threshold
T of the time series, no changes are made, the ran-
dom sampling still adheres to the original distribution
of the precipitation values >T and their correspond-
ing frequency pattern.

Figure 9 shows the total predicted area for each
hazard class in the produced landslide hazard maps
for selected thresholds. We included the time-indepen-
dent prediction as a reference (see Section 3.1). The
most prominent observation is that during the intense
rainfall event especially for the very low, low and high
hazard classes for all thresholds the total area is close
to the area derived from the reference. Based on the
same line of argumentation as for the Probabilistic
approach, high thresholds such as 60 mm are not con-
sidered. The low thresholds lead to reasonable results.
Based on these observations, we chose the 1mm
threshold as this allows the inclusion of the maximum
number of entries of the precipitation time series data.

The distribution of the absence locations’ precipitation
values derived through the Random approach is shown in
Figure 5(d). Here, the randomly sampled values are
mostly below 50 mm, and, therefore, mostly lower than
the values of the other approaches. This is to be expected
as intense rainfall events are comparably rare and most
days with precipitation >0 mm show also only little rain.

3. Results
3.1. Time-independent reference map

To demonstrate the impact of the temporal character-
istic of precipitation, we compare the obtained results

to a time-independent landslide susceptibility map
(see Figure 10). The map illustrates the spatial distri-
bution of predicted landslide susceptibility, categorised
in hazard classes which indicate the likelihood of land-
slide occurrence from very low to very high. As would be
expected, in the majority of Switzerland, especially in
flat terrain, the likelihood of occurrence is very low.
Very high likelihood aligns with steep terrain. This
map is used as a reference map in this study.

3.2. Comparison of generated maps

Figure 11 illustrates the total size of the area categorised
into the individual hazard classes for each day of the
observation period for the three approaches. The Prob-
abilistic approach causes the strongest spatio-temporal
changes with a strong increase in total size of the very
high, high and moderate hazard classes during the
intense rainfall event and the consecutive days, which
are still affected by the strong rainfall. The results for
the Random approach are similar in pattern, leading,
however, to significantly reduced magnitude of changes
in the classification of the AOIL Overall, the NN
approach shows the lowest sensitivity to the occurring
precipitation conditions. For the days before and after
the heavy rainfall event, the three approaches show
varying behaviour for the different hazard classes. All
three approaches show almost no areas with very high
hazard before and after the event. The other classes
show more variations between the approaches. For
example, before the event, the Random approach has a
larger area of very low hazard while the Probabilistic
and NN approach have more low hazard areas before
the event. In the days after the event, the variation in
total size of the different classes are smaller due to the
consistent lack of significant precipitation. The NN
and Random approaches show hardly any area of high
hazard after the event and the Random approach does
also not predict any areas of moderate hazard.

Figure 11 only allows conclusions on the total size of
the area assigned a certain hazard class, while Figures
12-14 illustrate their spatial distribution. They show
landslide hazard maps of selected dates within the
period of observation which display different precipi-
tation conditions. The maps of all three approaches
show spatio-temporal sensitivity, i.e. the distribution
of the hazard classification of the AOI varies over time
in response to the spatial precipitation conditions. How-
ever, each approach results in a unique characteristic of
the spatial distribution of classes. For all three
approaches, similar to the reference, the very high,
high and moderate classified areas focus on the area of
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Figure 9. Comparison of the total area size of each hazard class for each day of the observation period, depending on the chosen
threshold for the Random approach. The red line marks the time-independent reference susceptibility map (see Section 3.1).

strong topography, the most prominent spanning in a
belt from the north-east to the south-west.

The Probabilistic approach over the entire observation
period shows a stronger and more wide-spread hazard of
higher classes than the other two approaches. The NN
approach, as already described above, varies least, how-
ever, still shows a reasonable development in accordance
with the changing precipitation conditions. The Random
approach leads to results similar in pattern to the Probabil-
istic approach, however, the development is less distinct.

3.3. Validation

3.3.1. Assessment of the time-dependent landslide
hazard maps

The test dataset, domain knowledge and “hindcast”
(Guzzetti et al. 2020) are used to assess the validity of
the individual approaches for landslide hazard predic-
tion. The Brier score of all trained models is better or
equal to 0.05 and the Logarithmic loss of all models is
better than 0.18. These values give the impression of
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Figure 10. Time-independent landslide susceptibility map of Switzerland generated using the time-independent features of this
study. The susceptibility is displayed as classes of likelihood of occurrence ranging from very low to very high with the respective col-
our-coding. The white, outlined areas in the the map mark areas for which a prediction was not possible due to missing data. Swiss
boundaries taken from Federal Office of Topography Swisstopo (2021).

high quality models. However, it must be assumed that
the quality here is also significantly overestimated due to
the clustered nature of the presence instances in the
training dataset.

“Hindcast” refers to the application of a trained
model to a past intense rainfall event and the com-
parison of the predicted hazard to the observed land-
slides of this event (Guzzetti et al. 2020). It provides
an indication of the plausibility of the distribution of
the predicted hazardous areas similar to the test data-
set but allows no conclusions on other aspects of the
time-dependent maps such as the plausibility of the
rate of change in the total size of hazardous area
and the development in areas without landslides
recorded in the multi-year inventory. For hindcasting,
we use the landslides in the canton Bern (see Figure
4; Héhlen 2023). Figure 15 shows the number of
landslides given in this inventory that are assigned
to the different hazard classes for the entire obser-
vation period for all three applied approaches. The
development of the landslide locations’ hazard
classification and the development of the total area
classified as a specific hazard illustrated in Figure
11 are similar in pattern.

We expect that during the intense rainfall event, ide-
ally, the landslides that were triggered are located in
areas that are of high or very high hazard. For the

Probabilistic approach, this expectation is fulfilled.
The NN approach does not fulfill this requirement
with the majority of landslides occurring in low and
very low hazard areas. For the Random approach most
landslides were triggered in high hazard areas and
fewer were triggered in moderate or very high hazard
areas. These relations are also visible in Figure 16.
Figure 15 furthermore shows the development of the
hazard classification of the landslide locations over the
observation period. Ideally, before and after the trigger-
ing event, the classification of the landslide locations
shows lower class hazard. This tendency is visible for
all three approaches.

The short-comings of the test case shall be addressed
here as well, as they impact the hazard map interpret-
ation. Especially the sub-optimal distribution of shallow
landslides in the Hangmuren database might negatively
impact the representativeness of the training dataset.
The representativeness issues of the clustered landslide
data also transferred to the triggering precipitation
values introduced in the training dataset enhanced by
the coarse spatial resolution of the precipitation data.
Nevertheless, the preconditions were identical for all
generated maps and therefore, it is assumed that the dis-
cussion of the validity of the individual approaches,
their advantages and disadvantages is not significantly
impacted. However, in Section 4 the matter will be
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Figure 11. Comparison of the total area size of each hazard class for each day of the observation period for the three employed
approaches. The red line marks the time-independent reference susceptibility map (see Section 3.1).

addressed when necessary to properly assess the validity
of the approaches.

3.3.2. Choice of antecedent precipitation time
interval

This study uses At =4days (i.e. the accumulated
precipitation over the current day and the three pre-
vious days). The decision for this time interval is
based on the evaluation and comparison of the hazard
prediction results for 23 August 2005 using
At € {2,3,4,5,6,7, 8 days. Similarly to hindcasting

as assessment of the quality of the time-dependent
hazard maps in Section 3.3.1, we determine for each cre-
ated hazard map with its individual applied precipi-
tation approach and Af the percentage of landslides
reported in the Bern landslide inventory that fall into
each hazard class. The results can be found in Figure
16. As we expect a high quality hazard map to predict
high or very high hazard at the locations where land-
slides actually occurred, we base the choice of At on
the percentage of landslides falling in those two cat-
egories. At = 4 days shows in both classes for all three
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Figure 12. lllustration of the development of the hazard of shallow landslides in the AOI between 16 and 29 August 2005 based on
the Probabilistic approach, showing exemplary maps of this period. The white, outlined areas indicate areas in which a prediction was
not possible. For reference purposes the 4-day accumulated precipitation is provided as well. Swiss boundaries taken from Federal

Office of Topography Swisstopo (2021).

approaches the highest number of landslides. From this
assessment, we conclude that At = 4 days is a suitable
antecedent precipitation time interval. However, the
figure also reveals that the choice of time interval, over-
all, does not impact the classification result significantly.

3.3.3. Assessment of the time-independent

landslide susceptibility map

SHIRE includes automatic assessment of the Logarith-
mic Loss, the Brier score and the Area under the
Curve (AUC) of the Receiver Operating Characteristics
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Figure 13. lllustration of the development of the hazard of shallow landslides in the AOI between 16 and 29 August 2005 based on
the NN approach, showing exemplary maps of this period. The white, outlined areas indicate areas in which a prediction was not
possible. For reference purposes the 4-day accumulated precipitation is provided as well. Swiss boundaries taken from Federal

Office of Topography Swisstopo (2021).

(ROC) curve. For the time-independent landslide sus-
ceptibility map (see Figure 10), used as reference in
this study, the Logarithmic Loss was determined as
0.2, the Brier score is 0.06 and the Area under the
curve is 0.98. All of these values indicate a good

model quality. However, we are aware of the weaknesses
of the Hangmuren database used for model training
with its clustered nature and therefore reduced repre-
sentativeness (see Edrich et al. 2024). To assess the
impact, we applied spatial thinning of the landslide
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Figure 14. lllustration of the development of the hazard of shallow landslides in the AOI between 16 and 29 August 2005 based on
the Random approach, showing exemplary maps of this period. The white, outlined areas indicate areas in which a prediction was not
possible. For reference purposes the 4-day accumulated precipitation is provided as well. Swiss boundaries taken from Federal Office

of Topography Swisstopo (2021).

locations. To retain the ratio of absence to landslide
locations, we removed an equal amount of absence
locations. With a 200 m minimum spacing between
landslides in the training data, model predictive per-
formance decreased only moderately (Brier score 0.08,

Logarithmic Loss 0.27). However, applying 500 m mini-
mal distance of the landslide locations revealed a larger
reduction in predictive confidence, reflecting the pres-
ence of some strongly clustered areas (Brier score
0.11, Logarithmic Loss 0.35).
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Figure 15. Comparison of the number of August 2005 landslides contained in the inventory of the canton Bern, that are assigned to the five

different hazard classes for each approach. The red line marks the

4. Discussion

The results of the presented test case provide many valu-
able insights into the advantages and disadvantages of
the presented methodology. First of all, it can be concluded
that ML has proven itself as a valuable tool for hazard pre-
diction and early warning. Especially the broad range of
precipitation values that triggered the landslides in the
Hangmuren database (see Figure 5(a)) shows the difficulty
of defining a specific precipitation threshold for a

time-independent reference susceptibility map (see Section 3.1).

heterogeneous area. The support that ML could provide
to early warning with a high spatial and temporal resol-
ution has been demonstrated in this study.

The premise of this study is that the time-indepen-
dent susceptibility assessment is often not sufficient
due to the strong spatio-temporal characteristic of land-
slide occurrence. Figure 16 supports this claim with the
low number of landslides in the Bern inventory that were
triggered in areas of high or very high hazard according



22 (&) A-KEDRICHETAL.

40

30 A

20 A ‘
10

0 T

Very low ow Moderate
Hazard classes
(a) NN approach

S
6
7
8

Percentage of landslides

High  Very high

Considered days:

Considered days:
1 3 2 = 6
3 7
|24 mms
N 5
Very low ow Moderate High  Very high

Hazard classes
(b) Probabilistic approach [20%]

Moderate
Hazard classes
(c) Random approach [1mm]

Very low ow High  Very high

i Considered days:
24 M _ C12 mm6
3 M M =3 mm7
& 5 4 mmS8
Y— N 5
o
- NT’I:I M
©
G
S .

10
(0]
o

0 T —— T T

I Reference

J| |

Very low Low Moderate High
Hazard classes
(d) Reference

L

Very high

Figure 16. Comparison of the validation introduced in Section 3.3.1 using the landslide inventory of the canton Bern for different
intervals of considered antecedent precipitation: (a) NN approach, (b) Probabilistic approach, (c) Random approach and (d) time-inde-
pendent reference. For (a)-(c) time intervals of 2, 3, 4, 5, 6, 7 and 8 days are compared. For each approach to determine absence
location precipitation the hazard map for 23 August 2005 was computed respecting each tested time interval of antecedent precipi-
tation. From these maps the percentage of landslides in the inventory that fall into the different hazard classes are extracted.

to the time-independent reference. Our results, gener-
ally, underline the importance of the time-dependent
precipitation in the modelling process with the in
Figures 12-14 displayed spatio-temporal development
of the hazard classification under changing precipitation
conditions. To assess the suitability of the three
approaches in more detail, next to the model quality
determined through the conducted validation, the fol-
lowing characteristics of the generated hazard maps
can be compared and discussed: (1) spatial variation of
the hazard distribution under changing precipitation
conditions, (2) temporal rate of these changes and (3)
total size of the hazardous area. Due to the lack of studies
for comparison, it is difficult to assess the reasonability of
the temporal rate of the spatial changes over time. How-
ever, the changes in the spatial distribution themselves
and the size of the area assigned to the different hazard
classes can very well be discussed. We assume that a
reasonable development is the increase of moderate,
high and very high hazard areas during an intense rainfall
event compared to before and after the event. Especially
the behaviour of the results described in Section 3.2 for
the Probabilistic approach (see Figure 11), but also the
Random approach, fulfil this assumption. The NN
approach responds the least to the changes in triggering
conditions.

The reduced sensitivity of the NN approach is also
reflected in the hindcast results, where the majority of land-
slides in the Bern inventory fall within lower hazard classes
(see Figures 15 and 16). Additional evidence comes from
the feature importance values generated through SHIRE.
For the Random and Probabilistic approaches, precipi-
tation is the most influential predictor (25.3 % and 27.5
%, respectively). In contrast, the NN approach assigns
the parameter precipitation only 10.4 %, making it the
fourth most important feature. This reduced importance
indicates that the NN model relies less on precipitation
than the other approaches, which explains its lower sensi-
tivity to changes in rainfall conditions. Varying behaviour
of the NN approach compared to the other approaches is
already visible in the precipitation values determined for
the absence locations (Figure 5).

They are higher and overall more wide-spread than
the values determined based on the other two
approaches, most likely due to the NN assigning very
low precipitation probability thresholds (<5 %) for a
substantial number of absence locations. This effect
likely arises from the clustered nature of the landslide
inventory that the NN is trained on. Many landslides
contained occurred during extreme rainfall events and
the exceedance probabilities associated with presence
locations are consequently heavily skewed toward very
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low values. During training, the NN therefore predomi-
nantly observes extreme-event patterns and learns that
landslide-related rainfall is typically located in the tail
of the distribution. When the NN is applied to absence
locations with similar environmental characteristics, it
frequently assigns very low predicted thresholds. Such
low thresholds correspond to the highest quantiles of
each absence location’s precipitation distribution. As a
result, the extraction step selects precipitation values
that are substantially higher and more widely scattered
than those produced by the other two approaches.
This mechanism explains why the NN-derived precipi-
tation ranges exceed those obtained via the Probabilistic
and Random methods. Therefore, the observed behav-
iour is a result of how the NN amplifies the extreme pre-
cipitation patterns inherent in the clustered landslide
data. The other approaches cannot amplify these
extremes in the same way: the Probabilistic approach
uses a fixed global threshold (here 20 %), and the Ran-
dom approach samples directly from the empirical dis-
tribution. The NN, however, learns from the extreme-
event signature and generalises it more broadly across
the absence locations. Overall, although the NN
approach does yield insufficient spatio-temporal hazard
prediction for the present dataset, its inclusion in this
study remains nevertheless valuable. With more
spatially independent training data, the method has
the potential to provide improved results and to further
reduce subjectivity in the handling of absence locations
for ML-based landslide hazard prediction.

Compared to the Random and especially the Prob-
abilistic approach the time-independent assessment
produces acceptable predictions before and after the
intense rainfall event. However, it has the tendency to
overestimate the size of the area of higher hazard classes
and to underestimate the size of the lower class areas.
The time-independent reference significantly underesti-
mates very high, high and moderate hazard during the
intense rainfall event. With regard to an EWS, this
could lead to significant negative impact and highlights
the advantages of spatio-temporal modelling. The Prob-
abilistic approach, thereby, shows stronger sensitivity to
precipitation changes. Compared to the Random
approach, however, also more areas of higher hazard
are predicted for the period after the intense rainfall
event where only little rain occurred. We argue that,
although it is reasonable for mostly lower hazard areas
to be predicted in a drier context, the higher hazard
classes present in the Probabilistic approach prediction
is not a sign of insufficient model quality. The critical
time during the intense rainfall event is most important
and with regard to potential future application of ML for
EWSs a conservative prediction might even be suitable.

Addressing the research gap we formulated in the
beginning, namely how to enrich training data for ML-
based landslide hazard prediction with spatio-temporal
precipitation information, we, therefore, recommend
applying the Probabilistic approach as it yielded strong
validation results and the produced maps align with
both domain knowledge and our expectations on the
spatio-temporal variations of hazard classification. We
attribute these qualities to the in the approach inherently
included information on the precipitation history of the
individual locations involved in model training. Never-
theless, also the Random approach shows very promis-
ing results. However, the results indicate that sampling
from the adapted precipitation time series of this
approach might not lead to the same degree of represen-
tativeness of the precipitation patterns as the Probabilis-
tic approach. Independent of the choice of applied
approach, we want to emphasise the importance of
fine-tuning and careful choice of the applied precipi-
tation or probability threshold. We assume the
thresholds to be study-dependent, due to the influence
of the distribution and location of the underlying land-
slide locations and suggest performing tests on suitable
thresholds such as done in this study. This limits the
generalizability of any fixed threshold and should be
considered when extending the method to larger spatial
domains. In particular, applying a uniform threshold, as
done in the Probabilistic approach, is unlikely to remain
appropriate if the spatial extent becomes too large or het-
erogeneous. In such cases, more adaptive approaches
that allow thresholds to vary across space may be prefer-
able. Although the NN approach displayed reduced sen-
sitivity in the present study, its data-driven threshold
assignment has the potential to better accommodate
spatial heterogeneity in larger or more diverse regions.
This highlights the importance of selecting strategies to
define thresholds that reflect both the scale and the
spatial complexity of the application.

5. Conclusion

This study demonstrates that ML can be a valuable tool for
landslide hazard prediction. We presented and tested
three approaches to sample precipitation values for Ran-
dom Forest training data that are especially applicable
for studies using a limited number of absence locations
due to the reduced randomness during sampling. In this
study, the Probabilistic approach, closely followed by the
adapted Random approach, provide very promising
results in the sense of the resulting hazard predictions
fulfilling the domain knowledge as well as the required
positive outcome of our validation strategy. Specifically,
we observe that during the investigated intense rainfall



24 (&) A-K EDRICHETAL.

event, the size of the areas classified with moderate, high
and very high hazard increased for the Probabilistic and
Random approach. The NN approach, however, showed
a reduced sensitivity to the changes in precipitation con-
dition resulting in less significant changes related to the
size of the differently classified areas. Our results also
show how the different approaches influence the predicted
hazard distribution before and after the intense rainfall
event where low or no precipitation has been recorded.
The Probabilistic approach predicts more areas of higher
hazard for the period after the intense rainfall event com-
pared to the Random approach. We underline the impor-
tance of adapting the strategies to the prevalent conditions
of the AOT and the available data.

We acknowledge the limitations of our study
especially regarding the possible lack of spatial represen-
tativeness of landslide locations. Nevertheless, our
results show the potential of ML-based landslide hazard
prediction also with regard to future applications in the
context of EWSs. However, further research is needed to
develop ML as a valid tool for this purpose:

e Refinement of the ML-based hazard prediction pipe-
line, e.g. in the area of strategic validation, for which
advanced data products and landslide inventories are
necessary. This strengthens trust and reliability of the
system.

 Investigation of the integration of long-term climato-
logical information to distinguish between dry and
wet periods, enabling models to account for varying
prevalent subsurface conditions that influence land-
slide initiation during triggering precipitation events.
This would require landslide inventories covering

triggered under different climatological
conditions.

e Incorporation of more physically-based hydrological
variables, such as soil moisture, to better represent
post-precipitation subsurface response processes
that may improve model sensitivity and overall pre-
dictive performance. This would require large-scale
subsurface information with appropriate spatio-tem-
poral resolution.

events
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