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Abstract The quality of landslide susceptibility maps
depends on the quality of the input data, i.e. the spatial
resolution and accuracy of the landslide conditioning
factor maps and the completeness and accuracy of the
landslide inventory map. For the pilot areas (40 km?) in
NW Croatia, a detailed landslide mapping was done based
on visual interpretation of high-resolution LiDAR DTM.
This study aims to test the relevance of landslide inventory
completeness and sampling on the landslide susceptibility
model. Moreover, by analysing different scenarios, i.e.
different ratios of landslides for model training and
validation and sampling of landslide location and
morphological conditions, we aim to provide new insight
into the need for detailed landslide mapping for large-
scale susceptibility modelling, as well as the impact on the
landslide susceptibility map. Landslide susceptibility
modelling was performed based on 5m pixel-based
analysis and Random Forests machine learning method.
The landslide susceptibility analysis consists of nine
scenarios that were defined considering the percentage of
landslide polygons in the inventory for model training (S1
=90%, S2 = 80 %, S3 = 70%, etc.). Furthermore, three more
scenarios were defined based on sampling strategy, i.e.
original terrain inside landslide polygon, smooth terrain
inside landslide polygon and original buffer around
landslide boundary. Landslide susceptibility performance
was measured with the Area Under the ROC Curve (AUC)
metric. The results are part of the scientific research
project “Methodology development for landslide
susceptibility assessment for land-use planning based on
LiDAR technology” (LandSlidePlan, HRZZ IP-2019-04-
9900). The purpose of comparing landslide susceptibility
models is to define the most suitable methodology for
application in the Croatian spatial planning system at the
local level.

Keywords landslide susceptibility modelling, sampling
strategy, landslide inventory, large-scale, random forests
Introduction

Landslide susceptibility presents the spatial element of a
landslide occurrence (Guzzetti et al. 2005), further
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resulting in zonation maps which depict homogenous
areas of an equal degree of susceptibility (Fell et al. 2008),
whose applicability is welcomed in spatial and urban
planning (Mihali¢ Arbanas et al. 2023). As identified in a
recent and most comprehensive review paper
Reichenbach et al. 2018, researchers in statistically-based
susceptibility modelling are eager to experiment with
parameters, leading to certain conclusions about each of
the suggested steps for developing landslide susceptibility
assessments. Namely, mapping units (Jacobs et al. 2020),
statistical models, (Chen et al. 2017), inventory types
(Guzzetti et al. 2012) and landslide conditioning factors
(LCFs) (Gaidzik and Ramirez 2021) are some of the topics
of interest. Considering sampling strategies (i.e. the scope
of this research), stable areas are often discussed in recent
years (Fu et al. 2023), but the most common approach is
still random sampling. Similarly, polygon sampling
(Farooq and Akram 2021) and point sampling
(Hemasinghe et al. 2018) remain the two most common
landslide sampling strategies. Siizen and Doyuran, 2004
introduced seed cells as areas which sample undisturbed
terrain, i.e. settings prior to the landslide occurrence,
whereas several comprehensive comparisons of landslide
sampling strategies are given in Hussin et al. 2016. Most
researchers opt for a larger training over validation
landslide dataset, e.g. Lucchese et al. 2021, whereas an
equal amount of stable and unstable areas is usually
ensured (Xi et al. 2022).

The objective of this research is to provide
preliminary information about the influence of landslide
sampling strategies using a representative and LiDAR
(Light Detection and Ranging) based landslide inventory.
Two approaches are defined in a large scale 5 m pixel
analysis using Random Forests (RF) to model small and
shallow landslides. Namely, the amount of training
landslides is tested in Podsljeme zone pilot area, varying
from 10 to 90% with a 10% increment resulting in nine
scenarios. On the other hand, in Hrvatsko Zagorje pilot
area, two scenarios based on capturing undisturbed
terrain approach are defined alongside one regular
polygon sampling scenario as a reference point. For each
of the 12 models, Area Under the Curve (AUC) is
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calculated, followed by a discussion and drawing out
conclusions about the two approaches in the two pilot
areas in NW Croatia.

Study area

For large-scale landslide susceptibility modelling, two
pilot areas approximately 20 km? in size each were selected
to investigate the landslide inventory completeness and
sampling strategies of unstable areas. Namely, Podsljeme
zone and Hrvatsko Zagorje are located in NW Croatia
(Fig. 1), being a part of the Pannonian basin where small
and shallow landslides commonly occur in soil and soft
rock. Both pilot areas are predominantly hilly with steep
slopes (Sinci¢ et al. 2022a; Bernat Gazibara et al. 2023a)
where intensive rainfall and snowmelt are considered the
main triggering factors for landslide occurrence, recorded
as Multiple-Occurrence Regional Landslide Events
(MORLE) (Bernat et al. 2014a,b). Administratively, the
Podsljeme zone is an urbanized part of the City of Zagreb,
unlike the Hrvatsko Zagorje pilot area, which belongs to
the rural parts of the City of Lepoglava and the Bednja
Municipality in the Varazdin County. Previous landslide
susceptibility assessments conducted in the pilot areas
include Bernat Gazibara et al. 2023a in Podsljeme zone and
Krka¢ et al. 2023 and Bernat Gazibara et al. 2023b in
Hrvatsko Zagorje.

' Zagorje
pilot area

Figure 1 Podsljeme zone and Hrvatsko Zagorje pilot areas,
located in NW Croatia (modified after Bernat Gazibara et al.
2022)

Material

Landslide and thematic data represent the two necessary
input datasets for statistically-based landslide
susceptibility modelling and should be acquired according
to the scope of the analysis (Reichenbach et al. 2018).
Acquiring a representative landslide inventory map for
large-scale landslide susceptibility modelling of small and
shallow landslides commonly located in vegetated areas is
challenging, leaving LiDAR as the optimal remote sensing
approach (Razak et al. 2om1). Namely, for both pilot areas
airborne laser scanning was performed, resulting in
approximately 30 cm average point spacing of bare earth
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ground points (Bernat Gazibara et al. 2022). After
thorough mapping of the high-resolution digital terrain
model (DTM) derivatives followed by field verification,
representative polygon based landslide inventory maps are
presented in Bernat Gazibara et al. 2019 and Krkac¢ et al.
2022 for Podsljeme zone and Hrvatsko Zagorje,
respectively. With an approximate landslide density of 33
per square kilometre in the Podsljeme area and 45 in
Hrvatsko Zagorje, landslide management in terms of a
landslide susceptibility assessment is imperative (Mihalié
Arbanas et al. 2023).

Considering the scale of the analysis, great attention
was given to developing LCFs of appropriate spatial
accuracy. Namely, a variety of different data sources were
considered, leading to specific procedures in preparing
certain LCFs, e.g. improving geological and anthropogenic
LCFs (Sin¢ié et al. 2022a). Scarce of thematic data can often
be the case for undeveloped regions, leaving remote
sensing data such as LiDAR point cloud and orthophoto
imagery as an affordable and appropriate solution. On the
other hand, free and available datasets are often used in
small-scale and can be of good use for regional landslide
susceptibility assessments (Sinci¢ et al. 2022b). Driven by
experience and preliminary research, a final list of LCFs
used for two pilot areas is given in Table 1, grouped as
geomorphological, hydrological, geological or
anthropogenic.

Table 1 List of used LCFs in Podsljeme zone and Hrvatsko Zagorje
pilot areas.

LCF Landslide conditioning Podsljeme Hrvatsko
group factor (LCF) ‘ zone Zagorje
D= Elevation* YES YES
S B Slope* YES YES
5 ° Aspect* YES YES
Ca Landform curvature* NO YES
Proximity to drainage YES YES
network
iz Site exposure index* NO YES
& Integrated moisture NO YES
_g index*
= Compound YES NO
Topographic index
Proximity to streams YES NO
Soil/rock type YES YES
% s Proximity to geological YES YES
& =™ contact
Proximity to faults YES NO
Land use YES YES
g_ o Proximity to land use NO YES
235 contact
g o Proximity to traffic NO YES
infrastructure

*DTM based LCFs, smoothened for Ss scenario



Methodology

General susceptibility modelling workflow

After acquiring relevant landslide and thematic data,
landslide susceptibility modelling requires certain
parameters to be selected in each of the modelling steps.
Namely, a 5 m pixel is selected as a mapping unit (Bernat
Gazibara et al. 2023b) for Random Forests (RF) machine
learning algorithm. A pixel based analysis is commonly
used in landslide susceptibility assessments (Reichenbach
et al. 2018), whereas RF as a method was introduced in
Breiman 2001, followed by numerous applications in
susceptibility modelling (e.g. Catani et al. 2013 and Sandi¢
et al. 2023), and nowadays often analysed in algorithm
review papers as a successful method choice (Merghadi et
al. 2020). As most of the data processing and evaluation
metrics were conducted jointly in ArcMap 10.8 and
Microsoft Excel, the “Statistics and Machine Learning
Toolbox” (The MathWorks, Inc., 2021) in MATLAB
software was used to perform the RF method. Moreover, it
should be stated that LCF collinearity was tested prior to
the susceptibility modelling by using a Pearson’s R
absolute value of 0.5 as the cut-off threshold to ensure no
collinearity presence. The latter was performed in R
software, using an open-source software LAND-SUITE
(Rossi et al. 2022). As we experiment with different
sampling strategies, we opted for an equal comparison
strategy as commonly used fitting and predictive
performance would not result in objective conclusions.
Namely, for each landslide susceptibility model, a curve is
plotted by defining cumulative landslide area against
cumulative susceptibility area with a o.o1 interval of
probabilistic value to calculate AUC. As defined in Chung

Mapped landslide - Rasterized landslide, polygon sampling
Low High Landslide buffer - Rasterized buffer, buffer sampling Low High
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and Fabbri 1999 and Chung and Fabbri 2003, this is used
to measure success and prediction rate (e.g. in bivariate
analysis Moazzam et al. 2020 and Sin¢i¢ et al. 2022b) by
examining training and validation landslides, respectively.
In our case, all landslides will be examined to emphasize
applicability on a local scale, i.e. measuring classification
capabilities of the models for all mapped landslides only.
Moreover, this metric is the basis for the zonation method
applicable in the Croatian local scale spatial planning
system (Bernat Gazibara et al. 2023a). In both pilot areas,
the equal procedure to define stable pixels is as follows. By
removing training landslides from the pilot area, an extent
where stable pixels can be generated is defined, ensuring
unbiased sampling. Namely, the stable pixels are
generated randomly and as single units, in an equal
amount as there are unstable pixels in the training
landslide dataset. On the other hand, unstable pixel
sampling differs greatly from model to model and is
explained in detail separately for each pilot area.

Podsljeme zone pilot area

All landslide polygons in the Podsljeme zone are firstly
split randomly into ten equal-in-size sets. Then, scenario
St is defined by using nine sets for training (i.e. 90%),
followed by using eight sets (i.e. 80%) for training in
scenario S2, etc., up to scenario Sg which uses only one set
(i.e. 10%) for training the model. Scenarios S1 to Sg define
the nine models derived in the Podsljeme zone with the
purpose of testing landslide inventory representatives and
its possibility to yield satisfactory results with a limited
training landslide.

Slope < ‘
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Figure 2 An example of mapped landslide (A) and sampling methodologies for scenarios Sp (B), Sg (C) and Ss (D) in the Hrvatsko
Zagorje pilot area.
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Hrvatsko Zagorje pilot area

The landslide inventory is split into two equal sets, using
one half differently to train the model in each of the three
scenarios in Hrvatsko Zagorje. The first scenario Sp
samples rasterized polygons (“P”), as does the second
scenario Ss. However, in the Ss scenario, DTM based LCFs
are smoothened (“S”) at all landslide locations prior to the
modelling. By buffering (“B”) a 6.25m zone around the
landslides, a sampling zone for scenario Sg is defined,
using exclusively the rasterized pixels from the buffered
zone. Smoothened LCFs for Ss scenario are noted with an
asterisk (*) in Table 1, whereas Fig.2 illustrates the
described sampling methodology. Commonly used
strategy as in scenario Sp serves for comparison (a
reference point), whereas scenarios Ss and Sg aim to
capture the geomorphologically undistributed terrain
conditions, i.e. prior to landslide occurrence.

Results and discussion

Testing nine different amounts of landslides included in
training the model ranging from 10 to 90% was tested in
the Podsljeme zone. Namely, the AUC results are as
follows: S1-0.98, S2-0.97, S3-0.96, S4-0.95, S5-0.94, S6-
0.92, S7-0.91, S8-0.89 and S9-0.86 (Fig. 3). Surprisingly,
results indicate excellent performance in all scenarios
when measuring the classification capabilities for all
landslides. A general declining trend in AUC values is
evident as the amount of training landslides decreases, i.e.
from 90% (S1) to 10% (S9). As this is not surprising,
however, even a rigorous Sg scenario managed to yield
high AUC, indirectly pointing to very high predictive
performance of the model. We argue that the presented
results are due to the systematic and complete mapping
which resulted in a representative landslide inventory.
Thus, we highlight the benefits and emphasize the
capabilities of such a landslide inventory map even in
rigorous landslide susceptibility modelling. Moreover,
compared to approximately 0.86 AUC values for fitting
and predictive performance in Bernat Gazibara et al. 2023a
where 50% of the landslide were used for training, an
evident increase in performance is noted. Namely,
scenario S5 using 50% of training landslides in this study
resulted in 0.94 AUC values, likely due to the use of
machine learning instead of bivariate methodology.
Different findings are found in the Hrvatsko Zagorje where
Sp, Ss and Sg scenarios resulted in 0.88, 0.89 and 0.80 AUC
values, respectively (Fig.3). The minimal change in
scenario Ss is not surprising as a small portion of the study
area was altered, whereas a significant decrease to 0.80 in
scenario Sg is undoubtedly a drastic decrease in model
performance. Compared to previous landslide
susceptibility assessments, i.e. Krka¢ et al. 2023 and Bernat
Gazibara et al. 2023b, a significant increase is seen in Sp
and Ss scenarios, likely due to the application of the RF
method. In both cases, we reckon that a more detailed
analysis is necessary to deliver a complete and
comprehensive conclusion about the sampling scenarios,
whereas in this research, we identified preliminary model
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behaviour for the given settings. For instance, measuring
the wvariability, fitting and predictive performance
(individually), as well as zoning the model (and analysing
it qualitatively) into an applicable map for local scale
application remains a task out of the scope of this research.
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Figure 3 Calculated AUC values for scenarios in Podsljeme zone
and Hrvatsko Zagorje pilot areas.

Conclusions

This study aimed to preliminary investigate the landslide
inventory sampling in landslide susceptibility modelling of
small and shallow landslides present in NW Croatia. One
approach was tested in the Podsljeme zone where
landslide training amount was reduced from go to 10% in
nine equal steps. In the Hrvatsko Zagorje we opted for
common polygon sampling, smoothing the DTM derived
LCFs at landslide locations and buffering the landslides as
two scenarios simulating undistributed terrain conditions,
i.e. prior to landslide occurrence. In both pilot areas, used
landslide inventories are representative and mapped based
on high resolution DTM derivatives, used in combination
with reliable LCFs for a 5m pixel based analysis by
applying the RF algorithm. Furthermore, AUC which
considered all landslides was calculated, serving as a
metric unifying fitting and predictive performance.

Generally, satisfactory results were achieved in both
pilot areas for all defined scenarios, with generally better
results in the Podsljeme zone. Scenario Sg is the only
scenario which yielded significantly lower AUC values, i.e.
0.80 and can be considered as a less favorable strategy. On
the other hand, using smoothened DTM derived LCFs led
to an insignificantly AUC increase compared to the Sp
scenario. The most interesting finding in Podsljeme zone
is that using only 10% of landslides for training can yield
an AUC of 0.86. For both cases, using additional metrics
and assessing the models qualitatively considering
possible zoning methods is likely to unveil more



significant differences in the sampling strategies.
Compared to previous landslide susceptibility assessments
in the study area, a general increase in AUC is noted, likely
due to the RF method.

A further approach considering the experiment in the
Podsljeme zone could be splitting the pilot area spatially,
unlike randomly as in this research. Similarly,
simultaneously experimenting with stable and unstable
area sampling in the Hrvatsko Zagorje pilot area is likely
to yield new insight into the sampling strategies, as it is
uncommon in the literature.
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