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“The day science begins to study non-physical phenomena, it will make more progress in one
decade than in all the previous centuries of its existence. ”

- Nikola Tesla



ABSTRACT

Approximately 30% of Croatian territory is prone to landslides, which pose a significant threat
to structure, infrastructure and population. A successful disaster risk reduction management
implies mitigation of landslide impact by the development of landslide hazard zonation maps,
which can express in probabilistic terms, where, when and how large landslides will occur.
Susceptibility is key information for an effective hazard evaluation and quantifies the spatial
probability of a landslide occurrence. In the framework of this doctoral dissertation, a
methodology for assessing landslide susceptibility at a large scale is established. The
methodology is developed for small and shallow landslides, which are widespread in the
Pannonian Basin, and it is based on the use of statistically-based methods specifically applied
for large scale landslide susceptibility modelling. The proposed methodology was developed
on the following research framework: (i) analysing data quality; (ii) testing classification
methods for continuous landslide conditioning factors; (iii) exploring sampling strategies for
landslide data (i.e. stable and unstable areas); (iv) verifying the use of diversified statistically-
based methods for susceptibility assessment; and (v) verifying the use of diversified evaluation
metrics. The research framework was applied in three study areas characteristic and
representative of the geo-environmental setting in the Pannonian Basin, i.e. part of Hrvatsko
Zagorje (20 km?), part of Podsljeme area (21 km?) and whole Podsljeme area (130 km?). The
results of data quality analysis showed that preparation of a representative landslide inventory
and spatially accurate landslide conditioning factors are a key step, and it can be accomplished
by utilizing mainly remote sensing data, i.e. high-density LIDAR (Light Detection and
Ranging) point cloud and high-resolution digital orthophoto imagery. Machine learning
methods, such as neural networks and random forests resulted in the highest performance
metrics while being more sensitive to certain modelling parametrization, unlike logistic
regression and information value methods, which demonstrated to be more stable, still being
up to par with performance metrics. Furthermore, sampling stable areas as randomly generated
points has to be preferred, whereas classifying continuous landslide conditioning factors shows
optimal performance metrics when resulting in >10 classes, or ideally as much as possible (i.e.
usage without classification). Practical application of preliminary large scale landslide
susceptibility models over larger areas, was successfully tested in the Podsljeme area (130 km?)
to increase cost-effectiveness of large-area susceptibility mapping. This required the selection
of a smaller but geologically and geomorphologically representative area (Podsljeme area
(21 km?)), a crucial step for a reliable susceptibility assessment. The doctoral research yielded
new insights into the qualitative assessment of landslide susceptibility models, which proved to
be highly significant alongside commonly used quantitative assessments. The methodological
framework, based on relevant research findings, defines crucial modelling steps to obtain large
scale landslide susceptibility maps. Alongside necessary input data, i.e. landslide inventories
and landslide conditioning factors, these maps are applicable for landslide risk reduction and
mitigation.



PROSIRENI SAZETAK

Modeliranje podloznosti na klizanje provodi se u okviru procjene podloznosti, a rezultat su
karte zoniranja podloznosti koje imaju viSestruku primjenu u upravljanju opasnostima od
klizista. Unato¢ brojnim znanstvenim radovima tijekom prethodnih 40 godina o procjeni i
kartama podloznosti na klizanje, ne postoji definirana metodologija za modeliranje podloznosti
malih i plitkih klizi$ta u krupnom mjerilu. Glavna svrha doktorskog istrazivanja bila je razviti
metodologiju za procjenu podloznosti na klizanje u krupnom mjerilu primjenom statistickih
metoda i testirati ju na pilot podru¢jima u Panonskom bazenu. Metodologija je razvijena
koristeci podatke daljinskih istrazivanja visoke kvalitete dobivene LIDAR (Light Detection and
Ranging) tehnologijom. Prva skupina istrazivackih tema obuhvacda istrazivanja prostorne
to¢nosti ulaznih podataka za modeliranje podloznosti na klizanje koje su odgovarajuée za
krupno mijerilo. U drugoj skupini su istrazivanja povezana sa sustavnim, detaljnim i
istovremenim testiranjem parametara modeliranja podloZznosti. Trec¢a skupina istrazivackih
tema usmjerena je na istrazivanje mogucnosti za razvoj jedinstvenog pristupa procjeni

podloznosti na klizanje u krupnom mjerilu, kao i za razvoj preporuka koje nedostaju u literaturi.

Ciljevi i hipoteze

Cilj doktorskog istrazivanja vezan za prikupljanje ulaznih podataka uklju¢uje razvijanje
slojeva ulaznih podataka za izradu relevantnih podataka o klizistima te tematskih podataka
visoke rezolucije i prostorne preciznosti za modele podloZznosti u krupnom mjerilu. Drugi cilj
su analize raspodjele klizista i prostorne to¢nosti u razli¢itim vrstama tematskih karata u svrhu
odredbe optimalnih preduvjeta klizanja za modeliranje podloznosti na klizanje u krupnom
mjerilu. Sljede¢i cilj ukljucuje primjenu vise metoda klasifikacije kontinuiranih tipova podataka
preduvjeta klizanja u svrhu ispitivanja utjecaja klasifikacije na modeliranje podloZznosti na
klizanje. Cilj vezan za pripremu podataka o klizistima i preduvjetima klizanja za primjenu
razli¢itih statistickih metoda, ukljucuje takoder korelaciju po parovima (engl. pairwise
correlation) da se procijene korelacije izmedu klizista i preduvjeta klizanja. Peti cilj je iz svega
navedenog razviti niz modela podloznosti na klizanje uzimajuc¢i u obzir: klasifikaciju
kontinuiranih tipova podataka preduvjeta klizanja, strategiju uzorkovanja stabilnih i nestabilnih
podrucja te primjenu razlicitih statistickih metoda. Specificni cilj je razviti model podloZnosti
na klizanje u krupnom mjerilu za cijelo pilot podrucje koriste¢i model izraden za manji, ali
geomorfoloski 1 geoloski reprezentativni dio pilot podruc¢ja. Posljednji cilj je definirati

zakljucke i preporuke za metodologiju modeliranja podloZnosti na klizanje u krupnom mjerilu



za mala i plitka kliziSta u Panonskom bazenu koji ¢e proizaéi iz svih provedenih istrazivanja.
Navedeni ciljevi temelje se na pet hipoteza. Prva hipoteza je da LIDAR oblak tocaka velike
gustoce 1 ortofoto snimci visoke rezolucije omogucéuju pripremu potrebnih ulaznih podataka za
razvoj preciznih modela podloZznosti na klizanje u krupnom mjerilu. Prema drugoj hipotezi,
reprezentativni inventar kliziSta i prostorno to¢ne karte preduvjeta klizanja omogucuju izradu
modela podloznosti na klizanje visokog stupnja to¢nosti i predikcije, bez obzira na koristenu
statisticku metodu, strategiju uzorkovanja stabilnih i nestabilnih podrucja ili metodu
klasifikacije kontinuiranih tipova podataka preduvjeta klizanja. Trec¢a hipoteza pretpostavlja da
optimizacija kontinuiranih tipova podataka preduvjeta klizanja i nepristrano uzorkovanje
stabilnih 1 nestabilnih podru¢ja omogucuje povecanje stupnja to¢nosti i predikcije modela
podloznosti na klizanje u krupnom mjerilu. Cetvrta hipoteza je da &esto koristeni parametri
poput AUC (engl. Area Under the Curve) i Cohen kappa koeficijenta (engl. Cohen's kappa
coefficient) indeksa ne ocjenjuju dovoljno kvalitetu modela podloznosti na klizanje u krupnom
mjerilu i mogu biti dodatno upotpunjeni s: (a) kvalitativnom usporedbom uvecanog prikaza
karte; (b) kartama standardne devijacije vjerojatnosti podloznosti; i (€) Kkvantitativnom
usporedbom karata zoniranja podloznosti klasificiranih na temelju prisutnosti pojave klizista.
Posljednja hipoteza je da model podloZznosti na klizanje za manji, ali reprezentativni dio
geomorfoloski i geoloSki homogenog podru¢ja omogucuje izradu modela podloznosti na

klizanje visokog stupnja predikcije za cijelo pilot podrucje.

Znanstveni doprinos

Znanstveni doprinosi doktorskog istrazivanja su: (i) unaprjedenje postupaka za
dobivanje potpunog seta prostorno tocnih ulaznih podataka (tj. tematskih podataka, podataka o
kliziStima 1 podataka o elementima pod rizikom) za modeliranje podloZnosti na klizanje u
krupnom mjerilu koriste¢i LiDAR oblak tocaka velike rezolucije i ortofoto snimke;
(i1) definiranje jedinstvenog pristupa za klasifikaciju kontinuiranih tipova podataka preduvjeta
klizanja te strategiju uzorkovanja stabilnih 1 nestabilnih podrucja za razlicite statisticke metode
modeliranja podloZnosti u svrhu povecéanja predikcije modela za izradu karata krupnog mjerila;
(iii) novi parametri potrebni za procjenu kvalitete modela podloznosti na klizanje u krupnom
mjerilu; te (iv) inovativni postupak za smanjenje troskova izrade procjene podloznosti na
klizanje u krupnom mjerilu u geomorfoloski i geoloski homogenim podru¢jima. Objedinjeno
sve navedeno predstavlja novu metodologiju za razvoj modela podloznosti na klizanje krupnog
mjerila za mala 1 plitka klizi§ta u Panonskom bazenu i geomorfoloski slicnim okoliSima, $to je

glavni znanstveni doprinos doktorskog istrazivanja (V).



Metode i postupci

U doktorskom istrazivanju primijenjena je metodologija za modeliranje podloznosti na
klizanje koja je opcenito prihvacena i koristi ju vecina istrazivaca prilikom provodenja procjena
podloznosti na klizanje. Sastoji od prikupljanja podataka, odabira jedinice kartiranja i statisticke
metode, te procjene stupnja toCnosti i predikcije modela. Detaljnije, metodologiju ovog
istrazivanja mozemo definirati kroz korake Kkoji su sazeto opisani u nastavku. Prikupljanje
relevantnih podataka o klizistima ukljucivalo je izradu reprezentativnog inventara klizista
vizualnim kartiranjem kliziSta u krupnom mijerilu na temelju izvedenih karata iz digitalnog
modela terena (DTM) visoke rezolucije (engl. High resolution) (HR-DTM), odnosno
morfometrijskih karata, kako je opisano u Bernat Gazibara et al. (2019b). Optimalni HR-DTM
odabran je na temelju kvalitativne procjene 24 razli¢ita HR-DTM-a izvedenih koristeéi Cetiri
metode interpolacije i Sest rezolucija (Sin¢i¢ et al., 2022¢). Reprezentativnost inventara klizista
odredena je pomocu dijagrama ucestalosti veli¢ine povrSina klizista (engl. frequency-size
distribution), a dio kartiranih klizista potvrden je terenskom provjerom. Relevantni tematski
podaci, potrebni za izradu karata preduvjeta klizanja, odabrani su na temelju okoli$nih uvjeta
na pilot podru¢jima i ukljucivali su oko 20 slojeva koji pripadaju geomorfoloskim, geoloskim,
hidroloskim ili antropogenim preduvjetima Kklizanja. Klasifikacije kontinuiranih tipova
podataka preduvjeta klizanja napravljene su na sljedece nac¢ine: nekoliko interpretacija krivulje
studentiziranog kontrasta (engl. studentized contrast) (npr. Neuh&user et al., 2012); grani¢ne
vrijednosti definirane heuristicki na temelju gustoce klizista ili pomocu GIS alata odnosno
prirodno grupiranje (engl. Natural breaks), kvantili (engl. quantile) i geometrijski interval
(engl. Geometrical interval); i bez Klasifikacije. Priprema, uredivanje i dovrSavanje karata
preduvjeta klizanja provedeni su na nacin da se zadovolji prostorna to¢nost modeliranja u
krupnom mijerilu. Razlicite strategije za uzorkovanje nestabilnih podrué¢ja ukljucivale su
centroide, poligone, zagladivanje terena (engl. smooth) na lokacijama klizista i izrade buffer
zona u okolici poligona klizista. 1zrada inventara stabilnih podruc¢ja omogucila je uzorkovanje
stabilnih podrucja kao centroida, poligona i buffer zona u okolici stabilnih poligona. Takoder,
stabilna podruc¢ja su uzorkovana kao nasumi¢no generirane tocke na podrucju cijelog pilot
podrucja. Kao jedinica za kartiranje koja je odgovarajuca , za modeliranje podloznosti na
klizanje u krupnom mjerilu, koristeni su pikseli veli¢ine 5 m budu¢i da su alternativne jedinice
nagiba terena dokazane kao neprihvatljive prema Bernat Gazibara et al. (2023b). Za
modeliranje podloznosti na klizanje koriSteno je Sest statistickih metoda navedenih u
Reichenbach et al. (2018), a koje pripadaju trima razli¢itim pristupima unutar metoda

temeljenih na podacima (engl. data-driven) u: (1) metoda informacijske vrijednosti (engl.
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Information value) i metoda tezinskih faktora (engl. Weight of Evidence) odgovaraju
bivarijantnom pristupu primijenjenom u npr. van Westen et al. (1993); (2) logisticka regresija
(engl. Logistic Regression) odgovara multivarijantnom pristupu primijenjenom u npr. Rossi et
al. (2021); i (3) metoda potpornih vektora (engl. Support Vector Machine), neuronske mreze
(engl. Neural Network) i slucajne Sume (engl. Random Forests) su pristupi strojnog ucenja
primijenjenog u npr. Merghadi et al. (2020). Procjena to¢nosti i predikcije (validacije) modela
provedena je na viSe sljede¢ih nacina primjenom: metoda krivulja operativnih karakteristika
(engl. Receiver Operating Characteristic) (ROC), odnosno AUC-a za izraZavanje stope
uspjesnosti (engl. Success rate) ili predikcije (engl. Prediction rate); AUC-a definiranog
osjetljivoscu (engl. Hit Rate) i specificnoséu (engl. False Alarm Rate); Cohen kappa
koeficijenta (kako je primijenjeno u Rossi et al., 2021); i drugih pokazatelja kvalitete.
Pouzdanost modela procijenjena je kartama standardne devijacije vjerojatnosti podloznosti
kako bi se utvrdile zone nize pouzdanosti u prostoru u kojima modeli pokazuju razlike. Osim
toga, provedena je kvalitativna i kvantitativna usporedba prikaza zona podloznosti u odnosu na
stvarni prikaz terena. Takoder su kvantitativno usporedene zone podloznosti i inventar klizista
na nacin da su provedene klasifikacije podloznosti na temelju zastupljenosti klizista u pojedinim
zonama (iskazano kao povrsina klizista, za razliku od broja klizista). Za istrazivanja na podrucju
grada Zagreba na podrudju istrazivanja u Podsljemenskoj zoni, odabrano je manje pilot
podrucje koje je geomorfoloski i geoloski reprezentativno. Na njemu je definiran niz preduvjeta
podloznosti koriste¢i reprezentativni inventar kliziSta, koji su zatim koriSteni za razvoj modela
podloZznosti na klizanje za cijelu Podsljemensku zonu. Provedena je validacija modela
podloznosti primijenjenog na ve¢em pilot podrucju kako bi se procijenile moguénosti primjene

ovog pristupa koji zna¢ajno smanjuje troSkove izrade procjene podloznosti na klizanje.

Rezultati i zakljucci

Glavni rezultat doktorske disertacije je metodologija za modeliranje podloznosti na
klizanje u krupnom mjerilu za mala i plitka kliziSta, testirana i validirana na pilot podru¢jima u
Panonskom bazenu. Pilot podruc¢je Podsljemenske zone (Zagreb) je urbani okolis, a pilot
podrucje u Hrvatskom Zagorju ruralni okolis. Metodologija je razvijena na temelju 87 modela
podloznosti na klizanje izradenih od podataka o klizistima i preduvjetima klizanja visoke
kvalitete koriste¢i tri grupe statistickih metoda (bivarijantne, multivarijantne i metode strojnog
ucenja). Svi rezultati doktorskog istrazivanja su prikazana kroz cetiri znanstvena rada.

Metodoloski doprinosi doktorske disertacije, zajedno sa zaklju¢cima su dani kroz tri skupine



istrazivackih tema: (1) prostorna to¢nost u modeliranju u krupnom mjerilu; (2) sustavno
testiranje parametara modeliranja; (3) jedinstveni pristupi i preporuke za krupno mjerilo.

Rezultati prve skupine istrazivackih tema relevantnih za prostornu tocnost u
modeliranju u krupnom mjerilu su vezani za:

(i) analize svih dostupnih ulaznih podataka za modeliranje podloznosti u krupnom
mjerilu u Hrvatskom Zagorju,

(i1) analize mogu¢nosti izrade tematskih karata geoloskih, geomorfoloskih, hidroloskih
i antropogenih preduvjeta klizanja,

(iii) analize primjenjivosti karata preduvjeta klizanja u procjeni podloznosti na klizanje
s obzirom na prostornu tocnost,

(iv) donosenje zakljucaka o postupcima i standardiziranim preporukama za izradu
karata preduvjeta klizanja.

Rezultati druge skupine istrazivackih tema relevantni za sustavno testiranje parametara
modeliranja dobiveni su temeljem:

(i) izrade 32 modela podloznosti na klizanje koriste¢i metode logisticke regresije,
slu¢ajnih $uma, neuronskih mreza i metode potpornih vektora u kombinaciji s osam strategija
uzorkovanja stabilnih i nestabilnih podrudja;

(ii) izrade 54 modela podloznosti na klizanje koriste¢i metode informacijske vrijednosti,
logisti¢ke regresije, slu¢ajnih Suma, neuronske mreze i metode potpornih vektora u kombinaciji
s 11 scenarija za klasifikaciju kontinuiranih tipova podataka;

(iii) sustavne analize u svrhu razvoja jedinstvenog pristupa i preporuka za modeliranje
podloZnosti na klizanje u krupnom myjerilu.

Zakljucci trece skupine istrazivackih tema relevantni za jedinstveni pristup i preporuke
za krupno mijerilo su glavni zaklju¢ci doktorskog istrazivanja koji proizlaze iz rezultata
istrazivanja iz prve dvije skupine. Glavni zakljucci disertacije su sljedeéi:

(i) LiDAR oblak tocaka velike gustoce, ortofoto snimci visoke rezolucije i javno
dostupni slojevi podataka predstavljaju nuzne i dovoljne ulazne podatke za izradu
reprezentativnih karata inventara klizista i prostorno to¢nih preduvjeta klizanja.

(if) LiDAR oblak to¢aka velike gustoce i ortofoto snimci visoke rezolucije omogucuju
verifikaciju svih ulaznih podataka, odnosno provjeru prostorne to¢nosti zbog toga jer prikazuju
stvarne uvjete na terenu.

(i) Koristenje reprezentativnog inventara klizista i prostorno to¢nih karata preduvjeta
klizanja u modeliranju podloznosti koriste¢i statisticke metode rezultira modelima podloznosti

s visokim parametrima ocjene modela.
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(iv) Koristenje odgovarajuc¢ih parametara modeliranja omoguc¢uje metodama neuronske
mreze | slucajne Sume da rezultiraju najvi§im parametrima ocjene modela, a logisticka regresija
I informacijska vrijednost metode pokazuju manju osjetljivost na parametre modeliranja i
vjerojatnije rezultiraju sa zadovoljavaju¢im (i uprosjecenim) rezultatima u odnosu na metode
neuronske mreze i slucajne Sume.

(v) Koristenje rastera kao neklasificiranih preduvjeta klizanja i linijskih vektora s
velikim brojem buffer zona optimizira i pojednostavljuje primjenu kontinuiranih tipova
podataka preduvjeta klizanja, dok je nizak broj klasa kod rastera ili linijskih vektora nepovoljna
alternativa.

(vi) Uzorkovanje nestabilnih podrucja kao centroida i uzorkovanje stabilnih podrucja
subjektivno (npr. inventar stabilnih podrucja) rezultira znac¢ajnim prostornim odstupanjem zona
podloznosti. S druge strane, zagladivanje terena (engl. smooth) na lokacijama klizista moze
dovesti do povecanja vrijednosti ocjena parametara modeliranja dok nasumi¢no generirana
stabilna podrucja predstavljaju odgovarajucu opciju.

(vii) Parametri kao $to su veli¢ina i distribucija zona podloznosti na klizanje u odnosu
na stvarno stanje terena, distribucija pojava klizista u zonama, procjena pouzdanosti i/ili
varijabilnosti zona podloznosti na viSe karata (npr. karte standardnih devijacija) te kvalitativna
procjena u odnosu na stvarno stanje terena (npr. uvecani prikaz karte) omoguéuju nove uvide u
modele podloznosti na klizanje koji su nuzni za procjenu primjenjivosti karata zoniranja
podloznosti, a koje ¢esto koriSteni parametri za procjenu stupnja to¢nosti i predikcije (npr.
Cohen’s kappa i AUC) ne omogucavaju.

(viii) Inventar klizista izraden za manji, ali reprezentativni dio geomorfoloski i geoloski
homogenog podru¢ja omogucuje izradu modela podloznosti na klizanje visokog stupnja
predikcije za cijelo pilot podrucje, znacajno povecavajuci isplativost procjene financijski i
vremenski, smanjujuéi vrijeme izrade modela.

(ix) Bivarijantne metode (kao $to su metoda tezinskih faktora i informacijske vrijednosti
koriStene U ovom istrazivanju), koje se mogu okarakterizirati kao zastarjele, pokazale su vrlo
dobre rezultate u modeliranju podloznosti na klizanje, isto kao 1 algoritmi strojnog ucenja kao
Sto su slucajne Sume, neuronske mreze ili potporni vektori.

(x) Kvaliteta ulaznih podataka ostaje najvazniji (vjerojatno i najzahtjevniji) faktor u
modeliranju podloznosti na klizanju. Drugim rije¢ima, koraci u pripremi reprezentativnog
inventara kliziSta i prostorno to¢nih preduvjeta klizanja trebaju biti u centru pozornosti

istrazivaca.
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1. INTRODUCTION

1.1 Overview of previous research
A landslide is the movement of a mass of rock, earth or debris down a slope (Cruden,

1991), whereas landslide zoning maps present territory divided into homogeneous areas
considering the degree of susceptibility, hazard or risk (Fell, 2008a). Brabb (1984) defined
landslide susceptibility as a ‘likelihood of a landslide occurring in a given area’, i.e. depicting
only the spatial component of a landslide occurrence. Most significant recommendations,
definitions, guidelines and overviews on landslide susceptibility assessment (LSA) were
published in the last approx. 40 years in Varnes (1984), Soeters & van Westen (1996), Guzzetti
et al. (1999), van Westen et al. (2003), van Westen et al. (2006), Guzzetti et al. (2006a,b), van
Westen et al. (2008), Fell et al. (2008a,b), Corominas et al. (2014) and Reichenbach et al.
(2018). Moreover, in recent years, some of the most important review papers dealing with
specific topics of landslide susceptibility modelling (LSMg) and mapping are: GIS-based
(Geographic Information System) modelling methodologies (Lee, 2019), hazard zonation
techniques (Shano et al., 2020), machine learning algorithm comparison (Merghadi et al.,
2020), a review of national case-studies (Dias et al., 2021) or review of studies from the certain
geographical regions (Das et al., 2023). In a review paper, Reichenbach et al. (2018)
emphasised the importance of statistically-based LSMg by analysing more than 550 peer-
reviewed scientific articles published between 1983 and 2016. The paper considers the quality
of LSAs through the evaluation criteria defined in Guzzetti et al. (2006a,b) and suggests steps
for preparing LSAs. One of the paper’s main conclusions is that landslide investigators are more
eager to experiment with different modelling techniques rather than acquiring good-quality
input data.

Testing of modelling techniques according to particular steps of LSAs includes testing
of different statistical methods (e.g. Wang et al., 2016; Chen et al., 2017), mapping units (e.g.
Bornaetxea et al., 2018; Jacobs et al., 2020), inventory types (e.g. Guzzetti et al., 2012; Petschko
et al., 2016), landslide conditioning factors (LCFs) (e.g. Donati & Turrini, 2002; Jebur et al.,
2014; Gaidzik and Ramirez, 2021) and sampling strategies of stable (e.g. Hong et al., 2019; Fu
et al., 2023 ) or unstable areas (e.g. Hussin et al., 2016; Dou et al., 2020). Literature related to
software and hardware development and method comparisons frequently emphasize their
advantages and disadvantages to reach satisfactory landslide susceptibility zonation (e.g. Tien
Bui et al., 2016; Pourghasemi & Rahmadi, 2018; Merghadi et al., 2020; Youssef &

Pourghasemi, 2021). Regardless of modelling techniques, remote sensing remains an essential



technology for input data collection as it enables obtaining both relevant landslide data as well
as thematic data for LCFs (e.g. Chigira, 2004; Razak, 2011; Jaboyedoff et al., 2012; Razak et
al., 2013; Scaioni et al., 2014; Tarolli, 2014; Ray et al., 2020). Despite the long tradition in the
development of LSAs and known well-defined steps in LSAs, there are still open questions
essential for optimal and unbiased LSMg related to: (i) measuring completeness and spatial
accuracy of acquired data, (ii) usage of LCFs, (iii) unstable and stable area sampling, (iv)
selection of statistical methods for LSMg, and (v) application of metrics for evaluation of LSA.
This research is focused on modelling landslide susceptibility of small and shallow
landslides which occur commonly in the Pannonian Basin posing a substantial threat in hilly
areas in Croatia (Vujnovi¢, 2005; Mihali¢ et al., 2008; Bernat et al., 2014a,b; Bernat Gazibara
et al., 2017a,b,c; Mihali¢ Arbanas et al., 2017; Bernat Gazibara 2019; Bernat Gazibara et al.,
2019a,b; Sinci¢ et al., 2022a; Mihali¢ Arbanas et al., 2023a). The main purpose of the research
is to develop a statistically-based methodology for large scale LSAs and to test and validate it
in study areas representative of the Pannonian Basin geo-environmental setting. LSMg was
performed using bivariate, multivariate and machine learning statistical methods based on high-
quality data derived by remote sensing LIDAR (Light Detection and Ranging) technique.
Special attention was given to obtaining good-quality input thematic and landslide data
representing all characteristics of the targeted environments necessary for a large scale LSA.
Despite many papers that have explored the abovementioned open questions in LSMg,
the research and development of a methodology for large scale opens additional questions
specific to this scale of LSMg, and this research focuses on more of them. The first group of
research topics deals with adequate spatial accuracy of input data for large scale modelling. A
second group faces systematic testing and application of diversified susceptibility modelling
settings to identify more effective methods. Finally, the third group aims to explore possibilities

for standard large scale approaches and recommendations, which are missing in the literature.

1.2 Study area
The doctoral research is performed in the Croatian part of the Pannonian Basin, SE

Europe. (Figure 1-1A). The Pannonian Basin is a megageomorfologic region (Bognar, 1999)

which is in contact with the Dinarides in central Croatia and stretches further north and east

into Hungary and, to a lesser extent, Serbia and Slovenia (Mihali¢ Arbanas et al., 2017).
Figure 1-1B shows City of Zagreb (County) and Varazdin County in NW part of Croatia

where three study areas are located. Namely, whole large Podsljeme Area (130 km?) (Figure 1-



1D) and smaller part of Podsljeme Area (21 km?) (Figure 1-1E) represent two study areas in
the City of Zagreb. The Podsljeme Area (21 km?) was chosen within larger Podsljeme Area
(130 km?) as a study area to represent typical geomorphological settings of the entire Podsljeme
Area (130 km?). Considering the local administrative division, the third study area is in
Varazdin County, split between the City of Lepoglava and the Bednja Municipality (Figure 1-
1C). Namely, Figure 1-1F shows the Hrvatsko Zagorje study area (20 km?) in more detail,
typical for the rural part of NW Croatia in the Pannonian Basin.

Podsljeme Area and Hrvatsko Zagorje are hilly terrains with a significant amount of
steep slopes formed in soils and soft rocks, making them prone to landslide processes. Climate
in NW Croatia is continental, with a mild maritime influence and a mean annual rainfall of
887 mm (Podsljeme Area) and 874 mm (Hrvatsko Zagorje). In both study areas, rainfall
distribution is also similar and can be described as unimodal with one dry season from
December to March and one wet season from April to November. In NW Croatia, mean annual
air temperature ranges from 6 to 11°C whereas in Podsljeme Area and Hrvatsko Zagorje the
values are approximately 9 to 10°C (Zaninovi¢ et al., 2008). Long periods of rainfall and short
periods of intensive rainfall with possible rapid snow melting, are the main triggers of landslides
(Bernat et al., 2014a). Also, anthropogenic activity may significantly impact landslide
occurrence (Bernat et al., 2014a,b). The majority of recently activated landslides can be
classified as small (10-10° m?) to medium-sized (<10° m?) and superficial to moderately
shallow (<20 m) soil slides (Mihali¢ Arbanas et al., 2017). A noteworthy exception is a large
deep-seated Kostanjek landslide artificially caused by mining activities in the Podsljeme Area
(Krkag et al., 2017, 2021).

The main difference between the Podsljeme Area and Hrvatsko Zagorje is the degree of
urbanization. Namely, Podsljeme Area is highly urbanized, mostly residential area
characterised by a dense road network, large number of buildings and high population density.
On the other hand, Hrvatsko Zagorje has an extremely low population density, representing a
typical Croatian rural environment in NW Croatia. Regardless of the population, in both areas,
landslides caused significant material damage (mainly on roads) and related losses, especially
because of the negative influence of climate changes and, more often, extreme precipitations in
the last 30 years (Bernat et al., 2014a). In both areas, tools for effective hazard and risk
management, such as reliable landslide maps (inventory and susceptibility maps), are missing,

contributing to higher landslide risk caused by threats from small and shallow landslides.
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Figure 1-1 Geographic positions of study areas; in Europe (A), in Croatia (B), in NW Croatia (C).
Detailed presentation of the study areas: whole Podsljeme Area in the City of Zagreb (D), selected
representative Podsljeme Area (E) and selected representative part of Hrvatsko Zagorje (F)

The selection of study areas for the development of large scale LSA methodology was
guided by the idea of satisfying the basic conditions for improvement of landslide risk
management policies and practices, i.e. landslide susceptibility mapping and zonation. Reliable
zonation maps in a large scale are the basic tool for mitigating the physical and economic
impacts of landslides as well as their social consequences. Alongside a methodology to conduct
landslide susceptibility models (LSMs) at a large scale, the doctoral research yields to the

4



realization of landslide susceptibility zonation maps emphasizing their applicability in the urban
and spatial planning systems at local level that is crucial for decisions related to land use,
construction and development.

Detailed information about Podsljeme Area (21 km?), Hrvatsko Zagorje (20 km?) and
Podsljeme Area (130 km?) is found individually in Chapter 2.2 (Sinéié et al., 2025), Chapter 2.1
(Sinci¢ et al., 2022b) and Chapter 2.3 (Sinci¢ et al., 2024a), and Chapter 2.4 (Bernat Gazibara
et al., 2023a), respectively.

1.3 Material
Airborne laser scanning (ALS) was performed in 2020 for the study areas Hrvatsko

Zagorje (20 km?) and Podsljeme Area (21 km?) in the framework of the Croatian Science
Foundation scientific project (Bernat Gazibara et al., 2022). As a result, a LiIDAR derived high
density bare earth point cloud is obtained, having ~15 points per 1 m? and ~0.3 m average point
spacing. The LIiDAR data were used to derive high resolution (HR) digital terrain models
(DTMs) up to 15 cm resolution, i.e. source data for acquiring landslide data and thematic data.
In addition, landslide data and other topographic data obtained in previous research of the
bilateral Croatian-Japanese SATREPS FY2008 (Mihali¢ & Arbanas, 2012; Arbanas et al.,
2017) and SATREPS FY2013 scientific projects were used, together with existing official and
a few other public maps.

The landslide inventory for the Podsljeme Area (21 km?), used in this doctoral research,
was originally developed by Bernat Gazibara et al. (2019a,b), but it was additionally
supplemented and verified with the 2020 LiDAR data in this research (Table 1-1). Furthermore,
a representative landslide inventory for Hrvatsko Zagorje study area was originally derived as

a part of this research (Table 1-1).

Table 1-1 Overview of quantitative parameters of landslide inventories in Podsljeme Area (21 km?)
and Hrvatsko Zagorje (20 km?)

Polygons | Density | Min. | Max. | Mean | Median | St.dev. | Total size | Total size
(N) | (Nkm?) | (m?) | (m°) | (m’) | (m?) | (m?) (km?) (km?)
Podsljeme Area 709 33 43 | 8064 | 726 | 425 | 941 05 24
(21 km?)
Hrvatsko
Zagorje (20 km?) 912 45 3.3 | 13779 | 448 173 880 0.4 2.0

In the larger study area of the Podsljeme Area (130 km?), the Structure from Motion
(SfM) Digital Elevation Model (DEM) from the SATREPS FY2008 project (Mihali¢ Arbanas

et al., 2016; Arbanas et al., 2017) was used to derive thematic data for LCFs. Landslides were
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mapped based on 1 m LiDAR DTM derivates obtained in the framework of SATREPS FY2013
project. Besides that, additional cartographic data for the two study areas in the Podsljeme Area
included only Basic Geological Maps (BGMs), Detailed Engineering Geological Map
(DEGM), Topographic Map of Croatia and Land Use Map of the City of Zagreb. A summary

of the source data used for LSMg in the doctoral research is given in Table 1-2.

Table 1-2 Overview of source data used for LSMg in Podsljeme Area (21 km?) (Chapter 2.2),
Hrvatsko Zagorje (20 km?) (Chapter 2.3) and Podsljeme Area (130 km?) (Chapter 2.4)

Source data | Reference
Podsljeme Area (21 km?)
LiDAR based DTM Institutional data
BGM Sheet Zagreb Siki¢ et al., 1978
DEGM Miklin et al., 2007
Topographic Map of Croatia URL-1
Land Use Map of City of Zagreb City of Zagreb, 2011
Hrvatsko Zagorje (20 km?)
LiDAR point cloud Institutional data
LiDAR based DTM Institutional data
LiDAR based HR-DTM derivatives Institutional data
BGM Sheet Varazdin and BGM Sheet Rogatec Simuni¢ et al., 1982, Ani¢i¢ & Jurisa, 1984
Topographic Map of Croatia URL-1
DOF URL-2
Open Street Map (OSM) URL-3
Land Use Planning Maps URL-4, URL-5
Podsljeme Area (130 km?)
SfM DEM Institutional data
LiDAR based DTM Institutional data
BGM Sheet Zagreb and BGM Sheet Ivani¢ Grad Siki¢ et al., 1978; Basch, 1983
Land Use Map of City of Zagreb City of Zagreb, 2011

LiDAR point cloud, the HR-DTM derivatives, BGMs, Topographic Map of Croatia,
Digital Orthophoto (DOF) Maps, OSM and Land Use Planning Maps were used in Hrvatsko
Zagorje (Table 1-2). Due to limited data in this study area, a series of additional spatial analyses
were performed to derive input data from other sources: EU-DEM (URL-6), Sentinel-2 DOF
(URL-7), different State Geodetic Administration (SGA) Web Map Service (WMS) servers (e.g
URL-8), SGA input data for DTM derivation (URL-9), and Corine Land Cover (URL-10). The
complete source data overview and results of all analyses are described in a separate paper
(Chapter 2.1). However, they are not listed in Table 1-2 because they were discarded from the

susceptibility model in later phases of research.



The following tables give a summarized overview of all analysed LCFs in a particular

study area, together with source data and notes if they were discarded in the final LCF selection.
Table 1-3 for the Podsljeme Area (21 km?) and Table 1-4 for the Hrvatsko Zagorje (20 km?)

show that approximately 50% more LCFs were used in preliminary analyses than in the final

LSMg.

Table 1-3 Overview of source data for considered (and discarded) LCFs used in preliminary
susceptibility analysis in Podsljeme Area (21 km?) (Chapter 2.2)

Thematic
data

group

LCF

Source data

LiDAR
based DTM

BGM

DEGM

Topographic
Map of
Croatia

Land use
map of City
of Zagreb

Geomorphological

Elevation

Aspect

Slope

Dissection*

Curvature*

Roughness*

Contour density*

X| X | X[ X]| X]| X[ X

Geological

BGM lithology

DEGM lithology™*

PT! BGM faults

PT! DEGM faults*

PT! BGM
lithology contact

PT! DEGM
lithology contact*

Hydrological

PT! Drainage
network

PT! permanent
streams*

PT! all streams

Compound
topographic index

Anthropogenic

Land use

PT! Land use
contact*

PT! buildings*

PT! roads*

PT! buildings and
roads*

X [ X[ X] X | X

*discarded in final LSMg (Chapter 2.2)

! Proximity To



Table 1-4 Overview of source data for considered (and discarded) LCFs used in preliminary
susceptibility analysis in Hrvatsko Zagorje (20 km?) (Chapter 2.3)

Thematic
data

group

LCF

Source data

LiDAR
point
cloud

LiDAR
based

O
3
<

LiDAR
based HR-
DTM
derivatives

BGM

Topographic
Map of
Croatia

Land
use
planning
maps

DOF | OSM

Geomorphological

Elevation

Aspect

Slope

Dissection*

Curvature*

Roughness*

Contour
density*

Landform

X| X | X X[ X]X]|X]|X

Geological

BGM
lithology*

EG!
lithology

PT BGM
faults*

PT BGM
lithology
contact*

PT EG!
lithology
contact

Hydrological

PT drainage
network

PT
permanent
streams*

PT all
streams™*

PT springs*

CTI%*

SEI®

X

IMI#

Anthropogenic

Land use

PT land use
contact

PT
buildings*

PT roads

X

X X X

PT buildings
and roads*

X

X

X X X

*discarded in final LSMg (Chapter 2.3)

3 Site Exposure Index

! Engineering Geological

4 Integrated Moisture Index

2 Compound Topographic Index




1.4 Methodology
The methodology for LSMg used in doctoral research is commonly accepted and used

by most researchers when conducting LSAs. Generally, it consists of input data acquisition
(which includes relevant thematic data and landslide data), followed by a selection of mapping
unit and statistical method, and lastly, evaluating model fitting and predictive performance
followed by uncertainty assessment, as described in the interrelated steps (Reichenbach et al.,
2018). Examples of detailed workflows used for analyses described in Chapter 2.2 and Chapter
2.3 are given in Figure 1-2 and Figure 1-3, respectively.

Obtaining relevant landslide data included compiling a representative landslide
inventory by visual expert-based mapping using large scale HR-DTM derivatives (Razak et al.,
2011), i.e. morphometric maps, as described in Bernat Gazibara (2019). Optimal HR-DTM was
selected based on a qualitative assessment of 24 HR-DTMs derived by four interpolation
methods and six resolutions (Sinci¢ et al., 2022c). A frequency-size distribution graph was used
to evaluate the landslide inventory representativeness (Malamud et al., 2004), whereas the
mapped landslides were verified by field survey. Relevant thematic data needed to derive LCF
maps were selected based on the environmental settings of the study areas and in appropriate
spatial accuracy (Krka¢ et al., 2023), including multiple data sources as described in Chapter
1.3. Considering the appropriate mapping unit, a 5 m pixel-based grid was used for large scale
LSMg, since it has been proven by preliminary research, in the same study area (Bernat
Gazibara et al., 2023b), that alternative slope units (Alvioli et al., 2016) are unacceptable. Six
statistical methods grouped in three data-driven approaches were used in LSMg: (1) bivariate
approach, i.e. information value (1V) (Yin & Yan, 1988) applied in Sarkar et al. (2013), Farooq
& Akram (2021) and Krkac et al. (2023) and weights of evidence (WoE) (Bonham-Carter et
al., 1989; Agterberg et al., 1990; Bonham-Carter, 1994) applied in van Westen (2002),
Neuhduser et al. (2012) and Sinc¢i¢ et al. (2022a); (2) multivariate approach i.e. logistic
regression (LR) (Cox, 1958) applied in Rossi et al. (2010), Hemasinghe et al. (2018) and
Bornaetxea et al. (2018); and (3) machine learning approach i.e. support vector machine (SVM)
(Cortes & Vapnik, 1995; Vapnik, 1995) applied in Yao et al. (2008), Pradhan (2013) and
Kavzoglu et al.( 2014), neural networks (NN) (Ripley, 1996; Venables & Ripley, 2002) applied
in Lee (2007), Nefeslioglu et al. (2008), and Pascale et al. (2013) and random forests (RF) (Ho,
1995; Breiman, 2001) applied in Catani et al. (2013), Wang et al. (2021) and Sandi¢ et al.
(2023). Model fitting and predictive performance were evaluated by the Receiver Operating
Characteristic (ROC) curve and related Area Under the Curve (AUC) and/or Cohen’s kappa

index based on hit rate and false alarm rate (Fawcett, 2006), i.e. derived from the confusion
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matrix (Jollifee & Stephenson, 2003). Moreover, AUC based on success and prediction rate
curves (Chung & Fabri, 1999; Chung & Fabri, 2003) is also considered, observing cumulative
landslide area against cumulative study area. Model uncertainty was estimated by standard
deviation (SD) maps of probabilistic susceptibility values to estimate zones where models’
predictions show low or high variability.

Input data layers Polygone based landslide inventory map

Preparing input data

0
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Figure 1-2 Detailed workflow for LSAs, preliminary example for Chapter 2.2
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Moreover, a qualitative comparison of susceptibility maps using close-up-views and a
quantitative comparison of susceptibility zonation maps classified based on landslide area
presence (Mathew et al., 2007; Bernat Gazibara, 2019) or probabilistically (Bornaetxea et al.,
2018) was also performed.

Specific methodologies, applied in Chapters 2.1, 2.2, 2.3 and 2.4., are adapted to the set
objectives and therefore include a comprehensive comparison of different input data, defining
scenarios for classification of continuous LCFs, scenarios for different data sampling and for
setting up a workflow to develop a strategy that enables cost-effective development of large
scale LSMs.

The input data analyses considered different data types, availability and scales, and
provided a reference for their possible usage. From input data, including geomorphological,
geological, hydrological and anthropogenic thematic maps, different LCF groups were defined,
followed by proposing procedures for their derivation and correct use in the modelling. The
procedures, performed based on quantitative and qualitative analysis of the landslide presence
and spatial accuracy, gave recommendations for the preparation of input data for large scale
LSAs (i.e., and essential information for a proper hazard assessment).

Scenarios for the classification of continuous LCFs were defined based on the
classification criteria and insight found in the literature review (e.g. Jebur et al., 2014 and Yan
et al., 2019). They vary from stretched values (Wang et al., 2021), partially stretched classes,
heuristic approach (Sin¢i¢ et al., 2022a), classification based on studentized contrast
(Neuhéauser et al., 2012) and landslide presence, and commonly used classification, such as
Natural Neighbor (Huang et al., 2022), Quantiles (Yusof et al., 2015) and Geometrical intervals.

For sampling unstable areas, landslide centroid (Lee, 2007; Sarkar et al., 2013;
Hemasinghe et al., 2018), landslide polygon (Pascale et al., 2013; Farooq & Akram, 2021;
Sandi¢ et al., 2023), landslide buffer zones to capture undisturbed morphological settings
(Siizen & Doyuran, 2004) and a novel approach to smooth the DTM-based LCFs at landslide
polygon location, were chosen. On the other hand, a novel inventory of stable areas was derived
from which centroid, polygon and buffer stable areas are sampled. Lastly, random stable points
are used as a reference point scenario, being the most used strategy for stable areas.

Geomorphologically and geologically representative small study area (about 16%) was
selected from the whole Podsljeme Area (130 km?) to define a modelling set of landslide
susceptibility conditions. Furthermore, the specific conditions in a smaller study area (21 km?)

were also used to develop a LSM for the whole Podsljeme Area (130 km?). As a result,
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validating the applied LSM to a large study area, enabled the evaluation of possibilities to
reduce significantly the cost of LSAs by performing it at significantly smaller area.

LSMg was performed in ArcMap (ESRI, 2020a), MATLAB (The MathWorks Inc.,
2021a,b), Microsoft Excel (Microsoft Corporation, 2018), and using the LAND-SUITE
software by Rossi et al. (2022) (i.e., coded in R language, (R Core Team, 2023); run under
RStudio, (Posit Software, PBC, 2021)). Additional software for specific procedures includes
GlobalMapper (Blue Marble Geographics, 2020), CloudCompare (CloudCompare, 2022),
ArcGIS Pro (ESRI, 2020b), QGIS (QGIS, 2020) and Surfer (Golden Software, 2020).
CoreIDRAW (Corel Corporation, 2020) and Grapher (Golden Software, 2018) were used for

graphic editing, curve plotting and creating figures.

1.5 Plan of research
Based on the described methodology, available material and the defined study areas, a

generalized plan of research is set in four main stages, as described below.
Stage 1 Landslide data
la Acquiring landslide data for large scale LSMg: (i) deriving DTM derivatives for

landslide mapping from LiDAR point cloud; (ii) expert-based visual landslide mapping on large
scale; (iii) field verification of mapped landslides; (iv) finalising a representative landslide
inventory map.
1b Processing and preparing landslide data for statistical analyses: (i) rasterization of a
polygon based landslide inventory map; (ii) defining model evaluation and validation datasets.
Stage 2 Thematic data

2a Acquiring input data layers for LCF maps for large scale LSMs: (i) analysing data
availability and determining the procedure for deriving LCFs; (ii) using LiDAR point cloud and
large scale DOF imagery for deriving optimal LCFs; (iii) digitizing data; (iv) data editing and
processing; (v) finalising input data layers for LCFs.

2b Processing and preparing LCFs for statistical analyses: (i) classifying continuous
LCF data types using 11 classification methods, (ii) analysing the impact of derived LCFs, (iii)
analysing landslide area distribution in LCFs derived from different input data layers.

Stage 3 LSMg

3a Deriving 87 large scale LSMs considering (i) six statistical methods, (ii) 11
classification scenarios for continuous LCF data types, and (iii) eight different strategies for

sampling stable and unstable areas.
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3b Evaluating LSM quality by determining the following quantitative and qualitative
metrics: (i) AUC; (ii) Cohen’s kappa; and (iii) susceptibility zonation maps based on
probabilistic and landslide area presence approaches.; (iv) distribution of landslides in
susceptibility zones; (v) SD maps of probabilistic susceptibility values; (vi) visual grading of
close-up map views.

Stage 4 Conclusions

Synthesize conclusions and recommendations for large scale LSMg of small and
shallow landslides in soil and soft rock considering statistical methods, classification of

continuous LCF data types and sampling strategies of stable and unstable areas.

1.6 Objectives and hypotheses
Obijectives of the doctoral research are the following:

(1) Developing input data layers for deriving HR and spatially accurate relevant
landslide and thematic data for susceptibility models in large scale, necessary for large scale
LSMg.

(2) Analysing the distribution/repartition of landslide occurrence and spatial accuracy
in different types of thematic data to determine optimal LCFs for large scale LSMg.

(3) Application of multiple classification methods of continuous LCF data types to
determine classification impact on LSMg.

(4) Prepare landslide data and LCF data for application in different statistical methods,
including a pairwise correlation analysis to assess correlations between landslides and LCFs.

(5) Developing a series of LSMs considering: (i) classification methods of continuous
LCF data types, (ii) sampling strategy of stable and unstable areas and (iii) application of
different statistical methods.

(6) Develop a large scale LSM for the entire pilot area by using a model developed for
a smaller but geomorphologically and geologically representative part of the pilot area.

(7) Drawing out conclusions and recommendations for the methodology for large scale

LSMg of small and shallow landslides.

The stated objectives are based on five hypotheses (Table 1-5):

(1) High density LiDAR point cloud and high resolution orthophoto imagery enable the
preparation of necessary input data for developing accurate LSMs on a large scale.

(2) A representative landslide inventory map and spatially accurate LCF maps enables

the derivation of LSMs of high fitting and predictive performance despite the used statistical
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method, stable and unstable area sampling strategy or method of classification of continuous
LCF data types.

(3) Optimisation of continuous LCF data type and unbiased sampling of stable and
unstable areas enables an increase in the fitting and predictive performance of large scale LSMs.

(4) Commonly used metrics such as AUC and Cohen’s kappa do not evaluate the quality
of large scale LSMs sufficiently and could be additionally supplemented by the following
metrics: (a) qualitative comparison of map close up views; (b) SD maps of probabilistic
susceptibility values; and (c) quantitative comparison of susceptibility zonation maps classified
based on landslide area presence.

(5) A landslide inventory map created for a smaller but representative part of a
geomorphologically and geologically homogeneous area enables the derivation of LSMs of

high predictive performance for the whole study area.

Table 1-5 Relations of hypotheses and objectives of the doctoral research

Hypotheses, ordinal number*

(1) (2) 3) 4 ®)
1) X X X X
= @) X
s, [0 x
g€ @ X X X
g E (5) X X X
o) (6) X
(7) X X X X X

*hypotheses and objectives listed and numbered in the text above

1.7 Scientific contribution
Scientific contributions of the doctoral research are:

(1) Advancement of procedures to derive a complete set of spatially accurate input data
for large scale LSMg (i.e. thematic data, landslide data, data about elements at risk) by using
HR LiDAR point cloud and DOF imagery.

(2) Define a standard approach for classification of continuous LCF data types and
sampling strategy of stable and unstable areas for different statistical susceptibility modelling
methods for the purpose of increasing the model prediction performance in developing large
scale maps.

(3) New metrics necessary for evaluating large scale LSM quality.
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(4) Innovative procedure to reduce the cost of large scale susceptibility modelling in
geomorphologically and geologically homogeneous areas.
(5) A new methodology for developing large scale LSMs for small and shallow

landslides in the Pannonian Basin and geomorphologically similar environments.

1.8 Doctoral dissertation structure
The doctoral dissertation is organized in six Chapters. In Chapter 1, an overview of

previous research is given, together with material and study area description, a summarized
general methodology followed by research plan, established objectives, hypotheses and
scientific contributions of the research. In Chapter 2, four original scientific papers are
presented: Sinci¢ et al. (2022b), Sinci¢ et al. (2024a), Sinci¢ et al. (2025) and Bernat Gazibara
et al. (2023a). Chapter 3 gives one discussion per hypothesis and states perspectives for future
research. A research summary with highlighted main conclusions is given in Chapter 4. Finally,
the doctoral thesis literature and bibliography of the author are presented in Chapter 5 and

Chapter 6, respectively.
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Abstract: The objective of the study is to show that landslide conditioning factors derived from dif-
ferent source data give significantly different relative influences on the weight factors derived with
statistical models for landslide susceptibility modelling and risk analysis. The analysis of the input
data for large-scale landslide hazard assessment was performed on a study area (20.2 km?) in Hrvat-
sko Zagorje (Croatia, Europe), an area highly susceptible to sliding with limited geoinformation
data, including landslide data. The main advantage of remote sensing technique (i.e., LIDAR, Light
Detection and Ranging) data and orthophoto images is that they enable 3D surface models with
high precision and spatial resolution that can be used for deriving all input data needed for land-
slide hazard assessment. The visual interpretation of LIDAR DTM (Digital Terrain Model) morpho-
metric derivatives resulted in a detailed and complete landslide inventory map, which consists of
912 identified and mapped landslides, ranging in size from 3.3 to 13,779 m?2. This inventory was
used for quantitative analysis of 16 input data layers from 11 different sources to analyse landslide
presence in factor classes and thus comparing landslide conditioning factors from available small-
scale data with high-resolution LiDAR data and orthophoto images, pointing out the negative in-
fluence of small-scale source data. Therefore, it can be concluded that small-scale landslide factor
maps derived from publicly available sources should not be used for large-scale analyses because
they will result in incorrect assumptions about conditioning factors compared with LIDAR DTM
derivative factor maps. Furthermore, high-resolution LIDAR DTM and orthophoto images are op-
timal input data because they enable derivation of the most commonly used landslide conditioning
factors for susceptibility modelling and detailed datasets about elements at risk (i.e., buildings and
traffic infrastructure data layers).

Keywords: landslide; large-scale landslide hazard assessment; LIDAR; high-resolution orthophoto;
landslide inventory; landslide conditioning factors; elements at risk

1. Introduction

Sustainable strategic spatial planning and management requires knowing the spatial
distribution of geohazards in populated areas and systematic mapping of landslide phe-
nomena [1,2]. One of the priorities for an action plan in the Sendai Framework for Disaster
Risk Reduction 2015-2030 [3] is understanding disaster risk in all its dimensions of vul-
nerability, capacity, exposure of persons and assets, hazard characteristics, and the envi-
ronment. Based on this data, it is important to disseminate location-based disaster risk
information to decision makers, the general public, and communities at risk. Therefore,
one of the first prerequisites for risk reduction measures and mitigation of the landslide’s
consequences is creating prognostic landslide maps that should be implemented into the
spatial planning system for restricting development in landslide-prone areas and defining
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building conditions with respect to the landslide hazard. Reliable prognostic landslide
maps on a large scale (<1:5000) are the result of landslide susceptibility, hazard, and risk
assessment, which requires good-quality input data, that is, detailed and complete land-
slide inventories [4,5] and appropriate resolution and spatial accuracy of geoenvironmen-
tal factors, triggering factors, and elements at risk [6,7]. Ref. [6] stated that the most crucial
step in landslide susceptibility modelling is the identification and mapping of a suitable
set of instability factors. Almost 20 years later, [8] conducted a critical review of statistical
methods for landslide susceptibility modelling and pointed out that, nowadays, landslide
investigators are more interested in experimenting with different modelling techniques
than acquiring good-quality input data. Commonly used landslide conditioning factors
for landslide susceptibility on a large scale are addressed in numerous recommendations,
overviews, guidelines, and review papers, such as [5,8-12]. As stated in [5], the optimal
selection of the scale and method of landslide susceptibility assessment is strongly de-
pendent on the availability of spatial information, which is confirmed by several studies
where the lack of data created serious limitations in research and, consequently, a de-
crease in the quality of landslide susceptibility models [13]. For large-scale landslide sus-
ceptibility assessments, researchers use a large spectre of different resolutions, from 1 m
[14-16] to 5m [17,18], 10 m [19,20], 12.5 m [21], 15 m [16], 20 m [22], and 25 m [23]. Geoen-
vironmental input data needed for landslide hazard assessment should be acquired using
the same or similar scale [24], because inconsistency in geographic precision can lead to
severe errors in susceptibility models [8].

Various remote sensing techniques and applications have been discussed in the last
15 years, considering their usefulness for landslide hazard mapping [25-29]. The main
advantage of remote sensing techniques is that they enable 3D surface models with high
precision and spatial resolution that can be used for an extensive area coverage analysis.
The advantage of the LiDAR (Light Detection and Ranging) technique and data derived
by ALS (Airborne Lidar Scanning) compared with other remote sensing techniques is
ground detection in forested terrain and the possibility of creating high-resolution bare-
earth digital elevation models (DEMs), which enables the identification and mapping of
small and shallow landslides in densely vegetated areas [30-34]. Furthermore, the land-
slide maps obtained through the visual analysis of LIDAR-derived DTMs have better sta-
tistics for the landslide size (area) than the inventories obtained through field mapping or
the interpretation of aerial photographs [31,32,35,36].

DEMs used for landslide susceptibility assessment are generated from different
source data in various scales, that is, contours with (or without) points from topographic
maps [17,18,20,22], aerial photographs based on traditional photogrammetry, LIDAR data
[14-16], and satellite images in a resolution ranging from 25 cm [20] up to 15 or 30 m [23].
The accuracy of DEMs derived from space images mainly depends upon the image reso-
lution, the height-to-base relation, and the image contrast. Geological and/or soil carto-
graphic data are often available on smaller scales, such as 1:25,000 [17-19], 1:50,000 [19,20],
or 1:100,000 [17]. Besides these, several other types of source data are used on scales
smaller than suggested for large-scale landslide susceptibility assessments, such as
1:100,000 [23] or even 1:200,000 [22,23]. Consequently, a solution used in the literature is
to apply the ‘average’ resolution, that is, 10 m resolution for landslide susceptibility as-
sessment if the input data layers are stretched from 1:5000 to 1:50,000 [19], or from 0.25 m
resolution to 1:50,000 [20], or from 1 m resolution to 1:50,000 [15], and from 1:5000 to
1:100,000 [17], respectively.

Usually, landslide conditioning factors are derived from different source data avail-
able for the subject study area, and are grouped in several categories [5,11] used by most
researchers [8]. To overcome the problem of data unavailability or inadequate data reso-
lution for the particular scale of landslide susceptibility assessment, researchers started
implementing models without certain geoenvironmental factors [37].

The main objective of the paper is to show that landslide factor maps and elements
at risk derived from different source data give significantly different relative influences



Land 2022, 11, 1360

3 of 37

on the parameters for landslide susceptibility modelling and landslide risk analysis. To
achieve this, a set of data layers was derived from high-resolution remote sensing data
that served as an indicator of quality required for large-scale landslide hazard assessment:
landslide inventory as well as geomorphological, geological, hydrological, and anthropo-
genic factors and elements at risk. LIDAR DTM-derived conditioning maps, as most pre-
cise, are compared with the factor maps of different resolutions and precisions by analys-
ing landslide presence in factor classes. The analyses of available input data for the land-
slide hazard assessment were done for the study area in Croatia, located in the Pannonian
Basin in Europe [38-40]. A study area of 20 km? in Hrvatsko Zagorje is highly susceptible
to sliding and limited with geoinformation data, including landslide data. Therefore, the
primary motivation for this study was to overcome the problem of having limited infor-
mation for landslide hazard assessment often mentioned by researchers [13,17]. Further-
more, using high-resolution remote sensing data to the full extent and as a primary source
should reduce the time and required resources for acquiring the necessary input data [29].
For this specific reason, airborne laser scanning (ALS) was undertaken during the leaf-off
period in March 2020 for a study area of approximately 20 km? in the framework of the
scientific research project methodology development for landslide susceptibility assess-
ment for land use planning based on LiDAR technology (LandSlidePlan IP-2019-04-9900)
funded by the Croatian Science Foundation [41].

The first step of the study was determining the quality of purchased LiDAR data for
landslide inventory mapping of small and shallow landslides and the influence of resolu-
tion and interpolation methods on the accuracy of LIDAR DTM to enable further deriva-
tion of landslide conditioning factors. In addition to LiDAR data, other available DEMs
and input data sets were used to derive several combinations of landslide conditioning
factor maps to test different source data and various data processing settings. Addition-
ally, it is important to emphasise that the study focuses on input data for large-scale land-
slide hazard assessment, meaning 1:5000 scales or larger, by analysing their applicability
to the susceptibility modelling. In this study, we present a variety of landslide condition-
ing factors, despite what might be relevant for susceptibility modelling in the study area
and their correctness. Furthermore, to address the geographic and thematic consistency
of different geoenvironmental input data sets, which are usually not considered by land-
slide researchers [8], we present the adequate scale of input data to minimise deviations
from actual environmental conditions. Moreover, using a complete LiDAR-based land-
slide inventory map, we compare the spatial distribution of the classes in landslide con-
ditioning factors, pointing out the influence of small-scale input data sets often used by
researchers on a large-scale landslide susceptibility assessment. The research hypothesis
is that high-resolution remote sensing data (i.e., LIDAR DTM and orthophoto images) are
optimal input data sets for large-scale landslide hazard assessments. The novelty of the
study is that the analyses of landslide conditioning factors will prove that there is a dif-
ference between the relative influences of factor classes depending on the data source and
that this difference can have a significant impact on the result in the form of weight factors
for landslide susceptibility analysis. The contributions of the comprehensive analyses of
16 factors from 11 sources are to get concrete proof about what is usable for landslide
hazard assessment on a large scale and opposite and which resources should not be used.
Moreover, one of the innovations of the study is how to acquire good-quality input data
by the improvement of the existing small-scale input data layers by LIDAR DTM-derived
maps.

Additionally, presented landslide research deals with land use and land cover data.
Derived input data layers are needed for large-scale landslide hazard assessments, ena-
bling better input data for urban planning and development. Therefore, we emphasised
elements at risk (buildings and roads) and anthropogenic input data layers (land-use)
preparation, analysis, and usage in landslide research. Moreover, a finalised landslide in-
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ventory map detected a significant amount of landslide occurrences resulting from ex-
treme rainfall events in the last decade, that is, addressing the aim of the land—climate
interaction.

2. Materials
2.1. Study Area

The study area comprises 20.2 km? of hilly terrain in the Hrvatsko Zagorje region in
the northwestern part of Croatia (Figure 1). The study area belongs to the Varazdin
County, that is, the Bednja Municipality (14.2 km?) and the City of Lepoglava (6.0 km?).
According to the land-use planning maps from the Bednja Municipality [42] and Lepo-
glava City [43], the study encompasses 10.53 km? of forests (52%), 8.02 km? of agricultural
areas (40%), and 1.63 km? of artificial surfaces (8%). The study area has an elevation range
of 222-682 m a.s.l with slope angles of 0°-85°. Furthermore, approximately 10% of the
study area has slope angles <5°, 72% of the study area has 5°-32°, and 18% of the area has
slope angles >32°, making most of the study area potentially prone to sliding. Most of the
study area elevation ranges from 220 to 330 m a.s.], with the exception of the northern part
(southern slopes of Ravna Gora Hill) and, to a smaller extent, the southeast (éreénjava
Hill), where elevation values reach 682 and 430 m a.s.l., respectively. Despite this, all slope
angles, including steep and very steep slopes, are equally distributed throughout the
study area. The river Bednja and the Kamenica stream are the two main permanent water
flows located at the western and eastern edge of the study area, respectively. Several tem-
porary streams, mainly flowing south, and the Kamenica stream are tributaries to the Bed-
nja river, with a general direction downstream to the east of the study area.

Elevation
(masl)

Study area (20.2 km®) . Elevation (m)

BOSNIA AND

1 HERZEGOVINA Slope angle (°)

[ -
¥V gy P

Figure 1. Study area and its location in Europe and Croatia.

The area is composed of Miocene (78%), Quaternary (14%), and Triassic sediments
(7% of the study area) [44,45]. The Triassic sediments, located in the northeastern part of
the study area, are composed of Lower Triassic sandstones, shales, dolomites, and lime-
stones and Middle Triassic dolomites, limestones, and dolomitized breccias [46]. Domi-
nantly, the Triassic sediments incline mainly towards the southwest with dip angles of
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35°-60°. The Miocene sediments are sandstones; marls; sands; tuffs (Burdigalian); bio-
genic, sandy, and marly limestones; calcareous marls; and sandstones (Tortonian). The
Miocene sediments are horizontal (in the western part of the study area) to steeply in-
clined (40°-55°) in the northeastern and eastern parts of the study area [46,47]. The Qua-
ternary sediments, composed of sands, silts, and gravels, are located in the valleys.

The study area is characterized by a typical continental climate with a mild maritime
influence. According to 59 years of meteorological data from the Varazdin station (ap-
proximately 30 km east of the study area), the mean annual precipitation is 861 mm. The
majority of precipitations (approximately 70%) fall mainly from May to November [48].
Precipitations and human activity are the primary triggers of landslides in northwestern
Croatia [49]. For example, in the winter of 2012/2013, in the same area, the prolonged
heavy rainfall periods and the rapid melting of a thick snow cover caused abundant land-
slide events [50].

2.2. Data Availability

Landslide conditioning factors and a landslide inventory map present key data layers
for landslide susceptibility assessments. According to [5], landslide conditioning factors
used in landslide susceptibility analysis usually depend on resources and data availabil-
ity. For that reason, several data sources were used in this study to ensure high-quality
input data for future landslide hazard research and assessment. This chapter gives an
overview of available data for deriving landslide conditioning factors and an inventory
map as a preparatory phase for landslide hazard assessments on a large scale. The sum-
mary describes the data type, possibilities of data usage, availability, and scale (Table 1).

EU Digital Elevation Model (EU-DEM) [51] and Corine Land Cover (CLC) [52] are
available data on a regional scale as a part of the Copernicus Land Monitoring Service
(CLMS). The CLMS provides different types of geographical information without use re-
striction for a wide range of areas [53]. The EU-DEM was derived from the Shuttle Radar

Table 1. Overview of available data for the study area.

Data Type of Data Availability Scale Reference
EU-DEM DTM Free access 25 m resolution (small) [51]
Elevation points, con- Input data for deriving Free for 10 m resolution [54]
tours, and break lines DTMs scientific use (medium)
Topographic Map . SGA WMS
T h F * 1:2 11
(TK25) of Croatia opographic map ree access 5,000 (small) server [55]
Croatian Basic Map Topoeraphic ma Free access * 1:5000 SGA WMS
(HOK) pograp p (large) server [56]
. . Input data for deriving Airborne laser From 0.15to5m Institutional
LiDAR t cl
! point cloud HR-DTMs scanning resolution (detailed) data
inel-2 orthoph 10, 2
Sentme‘ orthophoto Orthophoto Free access 0, 0,.and 60 m [57]
imagery resolution (small)
Digital Orthophoto SGA WMS
thophot F * 1: 1
Map (DOF) Orthophoto ree access 5000 (large) server [58]
Croatian Basic Geological ma Free for 1:100,000 (small) [44,45]
Geological Map & P scientific use T ’
CLC Land use Free access Vector data 1:100,000 (small) [51]
Open Street Map  Traffic infrastructure,
F 1
(OSM) buildings ree access Vector data (large) [59]
Land-use planning Land use, traffic Free access 1:25,000 (small) [42,43]

maps infrastructure

* View only for public use, for scientific use free upon request.
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Topography Mission (SRTM), ASTER Global Digital Elevation Map (GDEM), and Russian
topographic maps, providing elevation data in 25 x 25 m raster cells. With a vertical accu-
racy of +/- 7 m root-mean-square deviation (RMSE), the EU-DEM is divided into 100 x 100
km tiles as GeoTIFF 32 bits [60].

The Geoportal of the State Geodetic Administration (SGA) represents the central ac-
cess point for spatial data on a national level in Croatia. The SGA open-access data layers
via Web Map Service (WMS) include the Basic Map of Croatia on a scale of 1:5000, topo-
graphic maps on scales of 1:25,000 and 1:100,000, a high-resolution digital orthophoto im-
ages of 0.5 m resolution for different periods, a digital cadastral plan, and the register of
geographic names. In addition, named layers are available as WMS for either anonymous
or registered users with restrictions about their usage (view only). Moreover, the SGA
provides data (point elevation data, contour lines, and break lines) for DTM derivation,
mainly obtained from digital photogrammetry, where image resolution must be at least
30 cm. After evaluating the source data, an SGA DTM in a 10 x 10 m resolution was de-
rived using ArcGIS 10.8 Create TIN and TIN to Raster tools.

LiDAR data needed for deriving High-Resolution Digital Terrain Models (HR-
DTMs) were acquired in the framework of the project ‘Methodology development for
landslide susceptibility assessment for land-use planning based on LiDAR technology
(LandSlidePlan)’ founded by the Croatian Science Foundation. Airborne laser scanning
(ALS) was undertaken in March 2020, corresponding to Croatia’s winter leaf-off period.
The ALS was performed with a Eurocopter EC120B flying at 60 km/h at an altitude of 700
m a.s.l. The aircraft was equipped with a foto camera Hasselbad H60 and a Riegl LMS-
Q780 long-range airborne laser scanner. The laser used a pulse rate frequency of 400 kHz
and an average interval of 3.6 s between the shots. The number of satellites used for posi-
tioning ranged between 9 and 15, resulting in position accuracies of 0.03, 0.03, and 0.04 m
for latitude, longitude, and elevation, respectively. The distance between the flight lines
was approximately 400 m, followed by one cross-section flight line. The azimuth of the
main direction was 115-295 and for the cross-section 44-224.

The Sentinel-2 mission supports land monitoring services, ensuring frequent and sys-
tematic coverage to support land cover mapping. Geoinformation data are available in
100 x 100 km tiles, in three resolutions, consisting of 13 spectral bands with a repeat cycle
of 5 days [61].

The Basic Geological Map, Sheet Varazdin [45] and Sheet Rogatec [44], on a scale of
1:100,000 covers the study area and presents the only available source of geological infor-
mation. Descriptions of geological settings for both sheets are given in geological notes
[46,47]. Maps containing geological profiles and columns and geological notes provide
spatial distribution and descriptive information about geological units, geological struc-
tures, and tectonics in the study area. However, considering the scale of the analyses, the
data from the geological maps should be used with caution, especially regarding spatial
precision, for example, positions of geological contact and faults are in the precision of +/-
100 m.

Corine Land Cover (CLC) [52] for the 2018 period was derived by dominantly using
satellite data, Sentinel-2, and Landsat-8 for gap filling. As a result, the geometric accuracy
of CLC data is better than 100 m, and the thematic accuracy is greater than or equal to
85%. Furthermore, the CLC is available in vector type (shapefile) on three classification
levels, ranging from a minimum of 5 robust classes in the first level to 44 detailed classes
in the third level.

Open Street Map (OSM) is a community-driven initiative providing map data for
various applications, including spatial files in polygon, line, or point type (shapefile)
about buildings, roads, traffic infrastructure, transports, and several other spatial infor-
mation. The data include classes, for example, subdivisions of each file, as presented in
the [60].

Land-use planning maps for the City of Lepoglava [42] and the Bednja Municipality
[43] contain information about the usage and purpose of the area inside the administrative
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boundary. Land-use planning maps on a scale of 1:25,000 divide land use into several
hierarchical levels. Moreover, city and municipality land-use planning maps provide up-
to-date data about transportation routes, all types of roads, and railways, which could be
useful for large-scale analyses.

3. Methodology
3.1. Processing LiDAR Data, DTM Derivation, and Verification

The LiDAR data were separated into sheets 500 x 500 m as LAS files for more con-
venient data management. Processing was performed by the vendor in the software Mi-
croStation CONNECT (Exton, USA) in Terrasolid, followed by GPS information pro-
cessing in Grafnaw and IGI Aerooffice software (Kreuztal, Germany) . Data processing
included automatic classification and manual verification of the automated classification.
The LiDAR point cloud was classified into four classes (Table 2).

Table 2. LiDAR point cloud data overview, classification, and quantitative distribution.

Default Vegetation
LiDAR Point Cloud Clas.s .(Clas- Ground Class (Bare-Earth Points) Class.(Auto- Noise Class
sified matically
Points) Classified)
A A
Amount Point den- Vz::‘t;e Percentage Percentage Point den- vz;‘;gt;e Percentage Percentage
mi)  sity N/m3) P (%) %)  sity (N/m?) P (%) (%)
spacing (m) spacing (m)
~623 0.18 24.20 52.19 16.09 0.28 23.34 0.26

LiDAR DTM for landslide inventory mapping was derived in 0.3 m resolution ap-
plying the Kriging interpolation method on point cloud of 16 points/m2. Considering
small and shallow landslides that dominantly occur in the study area, we performed de-
tailed landslide mapping using the highest possible resolution of DTM. However, the de-
rived 0.3 m resolution LIDAR DTM was not considered in further analyses because it is a
too detailed topographic input data set for landslide susceptibility analysis on a large scale
(i.e., 1:5000). Therefore, LIDAR DTMs needed for deriving landslide hazard assessment
input data layers were derived in 1, 2, and 5 m resolutions using the IDW, Kriging, natural
neighbor, ANUDEM, and local polynomial interpolation methods. DTM derivation was
performed in the ArcGIS 10.8 software (Redlands, USA) using multipoint files for IDW,
natural neighbor, Topo to Raster, and Kriging tools, and in the Surfer software (Golden,
USA), using the source las file as input data for the local polynomial method.

For selecting the optimal DTM interpolation method, quantitative assessments were
applied, combined with assessing technical limitations and difficulties encountered in
used software. Fifteen different DTM combinations used for deriving landslide hazard
assessment input data layers were assessed on the full extent of the study area. The quan-
titative assessment included a comparison of minimum, maximum, mean, and standard
deviation values of HR-DTMs and available DTMs. Furthermore, by comparing source
LiDAR data and interpolated DTM elevation values, mean absolute error (MAE) and root
mean square error (RMSE) were calculated using Equations (1) [62] and (2) [62], respec-
tively, as applied by [63]:

Yieelzi — 2]

n

MAE = 1)

4 12705
Diz1(zi — 2;)?

n

RMSE = [ 2)

where z; is the elevation value of the source LIDAR point, Z; the interpolated elevation
value of the HR-DTM or DTM raster, and  is the amount of sampled points. The amount
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of sampled points (n parameter) was calculated for DTM quantitative assessment by us-
ing an expertly defined Equation (3):
_ A X n;

n=—r ©)

where A (m?) is the study area surface, n; (-) the number of mapped landslides, and 4,
(m?) the total area of mapped landslides in the finalized landslide inventory map.

Slope maps for each of the 15 derived DTMs were reclassified into 5-degree classes,
and each class’s percentage area was calculated. Histograms were defined to distinguish
slope classes and landslide distribution within each slope class. Furthermore, the optimal
LiDAR DTM was compared with EU-DEM and SGA DEM regarding the differences in
slope histograms and landslide distributions.

3.2. Landslide Inventory Mapping

The topographic derivative datasets, derived from LiDAR DTM 0.3 m resolution,
used to interpret the landslide morphology were: hillshade maps with different sun azi-
muth angles of 315°, 135°, and 45° and a constant altitude angle of 45°, slope maps, and
0.5 m contour lines. In addition, orthophoto images from 2014-2016 were used to check
the morphological forms along roads and houses, such as artificial fills and cuts, similar
tolandslides on DTM derivatives. Landslide identification on the LIDAR DTM derivatives
was based on visual interpretation of landslide features (e.g., concave main scarps, hum-
mocky landslide bodies, and convex landslide toes). The mapping was performed at a
large scale (1:100-1:500) to ensure the correct delineation of the landslide boundaries. As
a result, each mapped landslide polygon was assigned with the confidence of landslide
identification. The confidence in landslide identification was expressed as ‘high confi-
dence’, where the landslide parts and morphology are clearly visible and easy to interpret,
and ‘low confidence’, where the landslide parts are not clearly visible or missing and the
landslide morphology is unclear [34,35]. Additionally, remediated landslides were not
mapped because on the 0.3 m LiIDAR DTM was impossible to identify the typical landslide
morphology. Visually interpreted landslides on LIDAR DTM derivative maps were field-
checked in December 2021 and January 2022 (Figure 2). However, systematic field map-
ping of all landslides from the inventory could not be carried out due to a relatively large
area of the entire pilot area (20.2 km?) and impassable parts of the terrain (neglected and
overgrown land parcels).

3.3. Deriving Input Data Layers for Landslide Conditioning Factors and Elements at Risk

Ref. [5] states that landslide conditioning factors are not a prescribed uniform list,
and their selection differs due to several factors [64]. For that reason, landslide suscepti-
bility assessment input data layers were selected considering the scale, the purpose, sug-
gested methods, and available data, and expertly based on the study area conditions.
Moreover, according to [5], most of the conditioning factors presented in this study are
highly applicable for large-scale landslide susceptibility assessments. Examining the
study area as a part of landslide inventory verification and considering the application of
the results, which are land-use spatial planning, special attention was given to anthropo-
genic conditioning factors. A total of 16 data layers for deriving landslide hazard assess-
ment input data were selected and grouped into four categories: geomorphological, geo-
logical, hydrological, and anthropogenic (Table 3). Data preparation and digitalization for
all four groups of input data layers were performed in a wider study area. As a result, a
larger extent of vector data, such as roads, faults, and streams, was used to derive prox-
imity factor maps. In addition, the spatial distribution of input data on a wider area ena-
bled the proximity classes to be more accurate.
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Figure 2. Examples of landslides identified on the LIDAR DTM derivatives and during field verifi-
cation in the study area of Hrvatsko Zagorje, Croatia (17 December 2021): (a) close road proximity
example, (b) forested area, close gully proximity example, (c) sparse forested area example.



Land 2022, 11, 1360

10 of 37

Table 3. Source of input data layers for landslide hazard assessment in the study area.

Input Data Layer for Landslide Haz-

Group Source ard Assessment
Elevation
25 m EU-DEM Slope onentation
Geomorphological factors 10 m SGA DEM P

Terrain curvature
Terrain roughness
Terrain dissection

HR-LiDAR DTM

Basic Geological Maps (OGK) 1:100,000 Lithology (rock type)
Geological factors HR-LiDAR DTM Geological contacts
Basic Geological Maps (OGK) 1:100,000 Faults
25 m EU-DEM Drainage network
10 m SGA DEM Topographic wetness
Hydrological factors HR-LiDAR DTM
Topographic Map of Croatia 1:25,000 (TK25) Springs
Croatian Basic Map 1:5000 (HOK) Permanent and temporary streams

Anthropogenic factors

Sentinel-2 orthophoto imagery
Digital Orthophoto Map (DOF) 1:5000

HR-LiDAR point cloud Land-use
HR-LiDAR DTM Buildings
Corine Land Cover Roads
Open Street Map (OSM)

Land-use planning maps

The geomorphological group of input data layers includes elevation, slope gradient,
slope orientation, curvature, roughness, and terrain dissection. The elevation map is de-
fined as raw DTM, used to prepare slope gradient, slope orientation, contour, and curva-
ture map using Slope, Aspect, Contour, and Curvature tools in the 3D Analyst toolbox.
Geomorphometry and Gradient Metrics Toolbox v2 [65] were used to apply the Surface
Area Ratio and Dissection tool, which resulted in the roughness and terrain dissection
conditioning factors, respectively.

The preliminary analysis showed deviations in geological contacts on the Basic Geo-
logical Map [44,45] in the geomorphological environment visible on the slope-hillshade
map. Field verification of the Basic Geological Map confirmed that the deviations are sig-
nificant and cannot be neglected. Moreover, in many landslide susceptibility assessments,
stratigraphic units presented in geological maps are aggregated and used to describe rock
characteristics [66], that is, forming engineering geological formations. Therefore, engi-
neering geological formations were additionally mapped using LIDAR DTM derivatives
to modify the geological contact, according to a suggestion by [67,68]. The suggested
methodology demonstrated efficacy in forested areas and resulted in an engineering geo-
logical map. After the visual interpretation of LIDAR DTM derivatives, the engineering
geological units and their contacts were chosen as the landslide input data. Faults were
obtained by digitizing the Basic Geological Maps since their deviation is difficult to esti-
mate by both field surveys and map comparison.

The hydrological group of input data layers consists of a drainage network, springs,
permanent and temporary streams, and topographic wetness. The drainage network was
derived using DTMs following the ArcGIS 10.8 tools procedure: (i) Fill, (ii) Flow Direction,
(iii) Flow Accumulation, (iv) Greater Than, (v) Stream Link, (vi) Stream Order, and (vii)
Stream To Feature. Different variations regarding constant values in step iv were tested,
and validation was performed visually by overlaying the drainage network over a hill-
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shade map. By observing the drainage network density, the average distance between dif-
ferent network orders, and the morphological fitting of the network on the convex and
concave parts of the slope, we were able to determine the optimal solution subjectively.
The topographic wetness was derived using DTMs as input for the Compound Topo-
graphic Index (CTI) tool available in the Geomorphometry and Gradient Metrics Toolbox
v2 [65]. Springs and temporary and permanent streams were obtained by digitizing the
available topographic map on a scale of 1:25,000. Two types of input data layers were
selected: (i) permanent streams, which represent more particularly defined information,
and (ii) permanent and temporary streams, which represent all streams, that is, water
flows in the study area.

Anthropogenic input data layers were the most demanding to derive as they required
four different input data sets and different processing methods, as shown in Figure 3.
Starting from the LiDAR points, reaching robust buildings as a raster file is not an unam-
biguous process. Getting satisfactory results using verification to determine homogeniza-
tion quality can differ depending on the LiDAR classification quality. Tools such as Focal
statistics and Smooth in ArcGIS 10.8 and selecting vector files by their surface area allow
a significant upgrade from the preliminary results after the reclassification stage. In the
end, manually adding and removing buildings in the verification stage remained neces-
sary to finalise input data. Considering the previous steps, this is achieved by overlaying
the buildings on an up-to-date, high-resolution SGA orthophoto where buildings are well
distinguished.

Land-use LiDAR points classified Orthophoto raster Topographic map
as terrain surface

planning

maps Image classification Digitizing streams
Point density
Extracting roads

Artificial [|Forests*] ~ Low
Adding OSM surfaces* vegetation” Water bodies

Buildings (low 4
point density) Combining

road data

Digitizing |Buffer | (high point aggﬂ?:ta
forest and | zone | density) Building area =
field roads homogenization
Land-use
Roads e
input data
Buildings Land-use
input data Pf;’ﬁr‘l’ge contact
- conditioning
transformation Eman

Terms in italic and underline indicate classes in land-use conditioning factor and the stage at which the anthropogenic conditioning factor is finalized, respectively.
* indicates image classification classes which may vary depending on the input orthophoto raster and the data editing process.

Figure 3. Flowchart of deriving anthropogenic input data layers.

Official city and municipality land-use planning maps present the most detailed
source of information about roads and traffic infrastructure. However, since the availabil-
ity depends on each administrative unit, the best alternative is OSM road data [60]. There-
fore, after extracting the roads from the official land-use planning maps [42,43], OSM
roads were added to supplement the data in a populated area. Furthermore, to complete
the road network, the forest and field roads in unpopulated areas were digitized on a
hillshade map and up-to-date orthophoto imagery WMS [59].

The land-use input data layer is the most complex to derive as it usually consists of
artificial areas, agricultural areas, forest areas, and water bodies. Applying an Image clas-
sification tool in ArcGIS 10.8 on high-resolution orthophoto imagery enables the creation
of a raster file consisting of several classes. Since the only water bodies in the study area
are relatively small streams, they are indistinguishable on the SGA orthophoto and had
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to be acquired using a different input map. After prospecting the study area using avail-
able data layers presenting water bodies, the topographic map on a scale of 1:25,000 [56]
was used for digitizing streams that were buffered to an estimated width, presenting the
water body class in the land-use data layer. Artificial surfaces consist of the building data
layer and the buffer zone around road data layers, combined with the image classification
results. The study area is low urbanized, so artificial surfaces are relatively small, and
successful sampling for image classification was challenging. After successfully preparing
individual classes of the land-use input data, the combining and data editing process con-
sisted of homogenising the classes, that is, aggregation using the tool Focal statistics in the
ArcGIS 10.8 software. Additionally, manual corrections were needed on the parts of the
terrain where the previous methods showed poor results because of data preparation for
landslide hazard assessments on a large scale.

The correlation between landslides and morphometric factors (elevation, curvature,
roughness, dissection, and slope orientation), geological factors (lithological units based
on the Basic Geological Map 1:100,000 and engineering geological units interpreted from
LiDAR DTM), hydrological factors (drainage network and topographic wetness), and an-
thropogenic factors (land-use) derived from different input data sources is analysed and
expressed through landslide percentage for each factor class. By comparing the area dis-
tribution of each factor map class and the landslide presence, that is, landslide number, it
is possible to analyse the influence of the quality and resolution of input data on the accu-
racy and precision of landslide hazard assessment on a large scale.

4. Results
4.1. Landslide Inventory Map

In the study area in Hrvatsko Zagorje, initially, 904 landslides were identified and
mapped on a scale of 1:100 to 1:500 on the LiDAR DTM derivatives. During the winter
period in 2021/2022, 24% of the randomly selected landslides were checked on the field.
From the 214 checked phenomena, 20 phenomena were rejected as landslides. Addition-
ally, 28 phenomena were mapped in the field and added to the inventory, making the
total number of landslides in the inventory 912 (Figure 4). Regarding the reliability of all
mapped landslides, 525 landslides (58%) were identified as ‘high confidence’, and 387
landslides (42%) were identified as ‘low confidence’, that is, preassumed landslides.

During field verification, 4.9 km? or approximately 25% of the study area was
checked. Of 912 interpreted landslides on LiDAR DTM, 24% or 222 randomly selected
landslides were verified. A total of 163 verified landslides i.e. 73% were evaluated with
‘high confidence” of visual identification on LiIDAR DTM, and 59 or 27% landslides with
‘low certainty’ (Figure 5). Field checking resulted in 168 confirmed landslides (76%) and
35 presumed landslides (16%) based on hummocky morphology, while 19 landslides (8%)
were not accessible due to neglect and overgrown land parcels. Furthermore, results from
field checking were compared with the confidence of visual landslide identification on
LiDAR DTM and 128 or 76% of confirmed landslides were evaluated with ‘high confi-
dence’. In total, 35 landslides preassumed and not accessible during field checking were
evaluated with “high confidence’, while 14 preassumed landslides and 5 inaccessible land-
slides were evaluated with ‘low confidence” on LIDAR DTM. Most landslides can be dated
as recently (re)activated due to the sharp appearance or a high degree of preservation of
the landslide morphology. Therefore, the landslide inventory map of the study area rep-
resents a combination of seasonal inventory, landslides (re)activated in the winter of
2012/2013 and March 2018 [39], and historical landslide inventory.
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Figure 4. Spatial distribution of the landslides visually interpreted on the LIDAR DTM resolution
0.3 m.
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Figure 5. Classification of verified landslides concerning the confidence of visual identification on
LiDAR DTM.

The total area of mapped landslides is 0.408 km? or 2.02% of the study area. The mean
landslide density is 45.1 slope failures per square kilometre. The size of the recorded land-
slides ranges from a minimum value of 3.3 m? to a maximum of 13,779 m?, whereas the
average area is 448 m? (median = 173 m?, std. dev. = 880 m?). The most frequent landslides
in the inventory have an area of approximately 200 m? and almost 85% of the landslide
bodies show a size between 40 and 2000 m?. The small size of the landslides results from
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geological conditions (mainly Miocene marls covered with residual soils) and geomor-
phological conditions, where the differences between the valley bottoms and the top of
the hills are rarely higher than 100 m [69].

The frequency-size distribution of all mapped landslides in the pilot area (Figure 6)
shows two scaling regimes: a positive power-law scaling for small landslides and a nega-
tive power-law scaling for medium and large landslides. The transition between the pos-
itive and the negative power-law relations can be used to distinguish between small and
medium landslides. Based on the rollover at approximately 200 m?, 48% of the mapped
landslides are small (<200 m?), and 52% are medium and large (>200 m?) in size. The pre-
vailing dominant type of landslides are shallow soil slides.

1000

116 125 135 0 413

-
o
=]
|

Landslide frequency

1 10 100 1000 10,000 100,000
Landslide area (m?)

Figure 6. Frequency-size distribution of all mapped landslides in the study area (20 km?) of the
Hrvatsko Zagorje region.

4.2. LiDAR DTMs

Results of a quantitative assessment for 15 LIDAR DTMs derived in three raster res-
olutions (1, 2, and 5 m), using five interpolation methods, and 0.3 Kriging LIDAR DTM
used for landslide inventory mapping, 10 m SGA DEM and 25 m EU-DEM, are presented
in Table 4. Interpolation of high point density las point cloud to lower resolution LIDAR
DTMs induces smoothing of the extreme values, causing similar results and almost negli-
gible differences in minimum, maximum, mean (p), and standard deviation (o) values.
Apparent exceptions regarding the lowest minimum values are present for 1 m IDW and
natural neighbor DTMs due to a few pixels with significantly lesser values than in other
DTMs. Moreover, the standard deviation and mean values in the natural neighbor inter-
polation show slightly higher values (o = 78-80.4; u = 304.7-305.8) compared with the
other interpolation methods’ stable values (o =77.2-77.4; u = 304.4-304.5). For all interpo-
lation methods, minimum and maximum values reach their lowest, that is, highest values,
in the 1 m resolution.

The n value (Equation (3)) for the MAE and RMSE analyses was 45,140. As expected,
the MAE and RMSE values generally increase in lower resolutions. Local polynomial and
Kriging interpolation methods show similar MAE and RMSE values, lower than the other
interpolation methods. The highest difference between the local polynomial and Kriging
interpolation was for the 2 m resolution, where MAE and RMSE of the local polynomial
are lower and somewhat similar to ANUDEM values. Observing the sum of the MAE and
RMSE values, the local polynomial interpolation method proved to be the most accurate,
with the lowest values. IDW, natural neighbor, and ANUDEM showed similar results in
the MAE values, somewhat higher than for a Kriging interpolation. Considering RMSE
values, IDW and natural neighbor interpolation methods have the highest values com-
pared to the local polynomial interpolation.
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Table 4. Comparison of DTM statistical parameters for the study area.

Interpolation Resolution Min Max Mean St.Dev. MAE RMSE
Method

Inverse 1 119.57 682.54 304.46 77.35 1.99 137.81

Distance 2 222.39 681.64 304.45 77.35 3.22 176.55

Weighted 5 22441 680.03 304.45 77.35 6.02 242.82

SUM 11.40 555.19

1 119.59 682.29 304.72 78.01 1.98 137.81

Natural 2 222.40 681.70 304.98 78.64 3.21 176.55

Neighbor 5 22241 680.02 305.75 80.44 6.18 242.82

SUM 11.38 557.19

1 222.44 682.10 304.45 77.36 2.00 137.81

2 222.60 680.94 304.41 77.29 2.44 146.40

ANUDEM 5 223.00 679.93 304.43 77.32 7.05 252.57

SUM 11.50 536.78

1 222.30 682.59 304.45 77.35 1.70 128.27

. 2 222.39 682.58 304.45 77.34 3.16 175.38
Kriging

5 222.76 679.82 304.42 77.31 5.51 228.35

SUM 10.37 532.00

1 222.32 682.73 304.45 77.34 1.70 128.27

Local 2 222.51 680.95 304.38 77.21 2.39 146.40

Polynomial 5 222.50 679.84 304.42 77.31 5.51 228.35

SUM 9.60 503.01

Kriging 0.3 116.77 682.77 304.45 77.35 0.27 50.11

SGA DEM 10 222.25 680.79 304.72 77.23 12.89 334.40

EU-DEM 25 226.72 679.71 311.48 78.18 38.56 291.50

The 0.3 m Kriging DTM resulted in minimal MAE and RMSE values due to its high
resolution. As expected, 10 m SGA DEM has significantly higher MAE and RMSE values
compared with the 5 m LiDAR DTMs. The RMSE analyses for the 25 m EU-DEM resulted
in a lower value than for a 10 m SGA DTM. However, the MAE value for 25 m EU-DEM
is the highest among all analysed DTMs.

The 15 LiDAR DTMs in resolutions 1, 2, and 5 m derived using five different inter-
polation methods, 0.3 m Kriging LIDAR DTM, 10 m SGA DEM, and 25 m EU-DEM (URL-
3) were used to produce slope gradient maps. The slope maps were classified into 5° clas-
ses and overlain with the landslide inventory map of the study area (Figure 7). The five
interpolation methods (Figure 7A-E) are characterised by: (i) similar trends regarding
slope classes and landslide area distribution; (ii) slight differences between different res-
olutions; (iii) the highest area percentages in lower (<10°) and higher (>30°) slope classes
for the 1 m resolutions and the highest area percentages in 10°-30° classes for 5 m resolu-
tions; (iv) the most significant differences in slope classes between different resolutions
present in 15°-20° and 20°-25° classes; (v) landslide area percentage showing minimum
differences in the 0°-5° and 25°-30° slope classes; (vi) landslides being mostly present in
the 15°-20° slope class; (vii) landslide presence in 5 m resolution slope map being pre-
dominant in the 10°-35° range, and least present in the <10° and >35° classes; (viii) the
percentage of landslides and slope classes in the >60° zones being neglectable; (ix) land-
slide percentage steeply increasing until 15°-20° class, compared with a mild decrease
trend following, reaching a minimum at 60°.
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Figure 7. Comparison of slope class area distribution and landslide area distribution in the slope
maps, derived from 1, 2, and 5 m LiDAR DTMs, 10 m SGA DEM, and 25 m EU-DEM.

The 10 m SGA DEM shows similar slope class areas and landslide area distributions
compared with the 5 m LiDAR DTMs. On the other hand, 25 m EU-DEM depicts the most
extreme values, with the most abundant slope class being 5°-10°, reaching nearly 35% in
landslide area and slope area distributions. Moreover, the 0°-5° class of 25 m EU-DEM
includes almost 10% of landslide areas, whereas, in all other scenarios, the 0°-5° class con-
tains around 2.5% or less of the landslide areas. The 0.3 m Kriging LIDAR DTM has the
most gentle decreasing trend in slope class distribution and the lowest maximum value
of landslide presence in the 15°-20° slope class (15%).

Overall, the comparison of slope class and landslide area distributions for different
resolutions and interpretation methods shows that the resolution of DEM is the most sig-
nificant factor and, consequently, has an important impact on a landslide hazard assess-
ment. Therefore, considering minimal differences in the slope class area and landslide
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area distribution between interpolation methods, the relatively lowest values of MAE and
RMSE parameters, the local polynomial interpolation, was chosen as the optimal method
for deriving landslide conditioning factors in 1, 2, and 5 m resolutions.

4.3. Input Data Layers and Elements at Risk for Landslide Hazard Assessment
4.3.1. Geomorphological Input Data Layers

Six landslide geomorphological factors were derived using local polynomial LIDAR
DTM in 1, 2, and 5 m resolutions; 10 m SGA DEM; and 25 m EU-DEM. DTMs and DEMs
were used to derive slope gradient, slope orientation, terrain curvature, terrain dissection,
and terrain roughness map. A comparison of minimum, maximum, mean, and standard
deviation values for five continuous geomorphological factor maps is given in Table 5.
Terrain elevation, slope gradient, and terrain dissection maps show minimum differences
in the studied statistical parameters. In addition, terrain curvature parameters follow a
gradually decreasing trend in values as raster resolution increases, whereas terrain rough-
ness parameters gradually increase. The resulting geomorphological input data layers
were classified as depicted in Figure 8A-E.

Table 5. Comparison of statistical parameters calculated from geomorphological landslide condi-
tioning factors.

Input Data Statistical . . Terrain Terrain Terrain
Elevation  Slope Gradient . .
Layer Parameter Curvature Dissection Roughness
min 222.32 0.00 -2860 0 1
1 m LiDAR max 682.73 83.66 1699 1 9.05
DTM mean 304.45 19.71 -6 x 1012 0.50 1.09
st.dev. 77.35 11.22 13.51 0.13 0.11
min 222.51 0.00 -1464 0 4
2m LiDAR max 680.95 79.42 562 1 21.79
DTM mean 304.38 19.50 2 x 1016 0.49 4.35
st.dev. 77.21 10.90 9.67 0.14 0.39
min 222.51 0.00 -124 0 25
5m LiDAR max 679.84 71.46 142 1 78.63
DTM mean 304.42 18.95 7 x 1077 0.48 26.99
st.dev. 77.31 10.21 497 0.18 2.04
min 222.25 0 -27.62 0 100
max 680.79 58.23 30.63 1 182.93
10mSGADEM - ean 304.72 17.01 0 0.46 106.18
st.dev. 77.23 8.93 2.38 0.20 6.30
min 226 0 -2.08 0 625
max 681 44.80 3.20 1 880.80
25m EU-DEM mean 311.04 10.79 2.58 0.46 642.32
st.dev. 78.25 7.24 0.37 0.22 27.90

In total, four classes were defined for the elevation map using an increment of 25 m
a.s.l, and setting two edge classes at <250 and >300 m a.s.1,, 1, 2, and 5 m LiDAR DTMs
show (nearly) identical values, for both area distribution classes and landslide presence.
All three DTMs reach maximum landslide presence in >300 m a.s.l class, slightly more
than in the 250275 m a.s.l. class. Compared with the LIDAR DTM, the 10 m SGA DEM
depicts lower differences in landslide presence and no differences in elevation classes area
distribution, following the same trend. On the contrary, the 25 m EU-DEM has an increas-
ing trend from first to last class, in both landslide presence and elevation classes distribu-
tion, reaching the maximum in the >300 m a.s.l. class.
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Figure 8. Comparison of geomorphological conditioning factors derived from LiDAR DTM with 10
m SGA DEM and 25 m EU-DEM: area distribution of elevation, terrain curvature, terrain roughness,
terrain dissection, slope orientation classes, and landslide presence distribution.

The terrain curvature map was classified into six classes with a 0.5 increment. As a
result, the class area distribution on LiDAR DTMs shows a high area percentage in the
edge classes of terrain curvature and a lower area percentage in the middle classes (from
-1 to 1). Additionally, the LIDAR DTMs show identical landslide presence distribution in
all terrain curvature classes, reaching the maximum in the edge classes, that is, classes
with values lower than -1 and higher than 1. On the contrary, terrain curvature derived
from 25 m EU-DEM shows opposite class area distribution and landslide presence than
LiDAR DTM terrain curvature with maximum values of landslide presence and class area
distribution in the middle —0.5-0 class. Therefore, the terrain curvature from 10 m SGA
DEM shows a more uniform landslide presence and class area distribution than LiDAR
DTMs and 25 m EU-DEM.

The terrain roughness map was normalized by equal classification in 50 classes. For
practical comparison, 50 equal classes were resampled into six classes, where the 6th class
represents the merged class from the 6th to the 50th classes. Significant differences are
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present in the first roughness class, even between the LIDAR DTMs. A 1 m LiDAR DTM
depicts maximum landslide presence and class area percentage in the 1st class, followed
by 2 and 5 m LiDAR DTMs. On all three LIDAR DTMs, landslide presence and class area
percentage values are gradually reduced, reaching minimum values in the 6th class. On
the contrary, 10 m SGA DEM and 25 m EU-DEM show a more uniform distribution of
landslide presence and class area percentage across all roughness classes. The 25 m EU-
DEM has maximum values of landslide presence in the 1st and 6th classes, whereas the
10 m SGA DEM has minimum landslide presence in the 1st class and maximum in the 6th
class.

The terrain dissection map was classified into five classes, with a 0.2 increment. All
five studied DTMs and DEMs have similar distribution trends of landslide presence and
class area percentage. For example, the 1 m LiDAR DTM shows minimum values of area
percentage in all terrain dissection classes, except the middle class 0.4-0.6, where it is de-
picted with maximum value. Similarly, the 25 m EU-DEM shows the highest area percent-
age values in all terrain dissection classes except in the middle 0.4-0.6 class, where it de-
picts the lowest area percentage value compared with the other three LIDAR DTMs and
SGA DEM. All derived terrain dissection maps show a gradual increase in landslide pres-
ence in the terrain dissection classes, starting from minimum values in the 0-0.2 class,
reaching maximum in the middle 0.4-0.6 class, followed by a gradual decrease into mini-
mum values in the 0.8-1 class.

The slope orientation map was classified into nine standard classes, that is, flat areas,
north, northeast, east, southeast, south, southwest, west, and northwest. All five analysed
slope orientation maps derived from DTMs and DEMs have similar distribution trends of
landslide presence and class area percentage, with maximum values in the SW class and
minimum values in the flat areas. An exception is the 25 m EU-DEM slope orientation
map that shows lower landslide presence values in the SE and W classes and moderately
higher values in the SW and S classes compared with the other LIDAR DTMs and 10 m
SGA DEM.

Figure 9 presents derived geomorphological input data and close-up extents in the
study area. Terrain curvature and terrain roughness maps seem less detailed than the rest
of the landslide input data. However, all maps present detailed information about geo-
morphological settings by examining in a close-up view, that is, on a large scale. In gen-
eral, maps present different relief settings, such as valleys, slopes, and hill ridges. Moreo-
ver, disturbed and nondisturbed terrain characteristics are visible, as well as sudden
changes in the relief. Examining all maps, while giving extra attention to slope areas
where landslides are likely to occur, it is visible that each map provides different infor-
mation regarding the slope terrain, making the combination of selected geomorphological
input data suitable for landslide hazard assessments.

Low slope gradient and terrain dissection values are highly represented in gullies
and narrow valleys following main water flows. Moreover, low slope gradient values and
continuous elevation values depict plains, larger valleys, and agricultural areas. Low ter-
rain roughness values and close-to-zero values of terrain curvature maps are most wide-
spread throughout the study area. However, examining the close-up extent of the terrain
roughness map, the values drastically change on slopes, reaching maximum values near
low slope locations. Likewise, terrain curvature values vary from low to high on slopes,
depicting ridges and gullies. The morphological features of the terrain on the LIDAR DTM
are sufficiently detailed to allow landslide hazard modelling on a large scale.
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Figure 9. Geomorphological landslide conditioning factors derived from 1 m LiDAR DTM: (A) ele-
vation, (B) slope gradient, (C) terrain curvature, (D) terrain roughness, (E) terrain dissection, (F)
slope orientation.

4.3.2. Geological Input Data Layers

Lithological units and faults were digitized from the Basic Geological Maps sheets
Varazdin and Rogatec [44,45]. Due to the inexact contact of the two sheets, subjective in-
terpretation of a few faults and chronostratigraphic units was performed to unify data for
the entire study area extent. In total, seven chronostratigraphic units providing soil and
rock information and 48.62 km of faults were digitized (Figure 10). The small scale of the
Basic Geological Maps (1:100,000) leads to an inaccurate geological contact deviating up
to several hundred meters from actual environmental conditions.
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Figure 10. Geological input data: Basic Geological Map [44,45]; engineering geological unit map
based on LiDAR DTM derivative interpretation.

Therefore, LIDAR DTM derivatives, such as hillshade, slope, curvature, and rough-
ness map, were used to modify chronostratigraphic units and interpret engineering geo-
logical units. Based on visual interpretation of LIDAR DTM derivatives, five engineering
geological units were identified in the pilot area, namely, (i) alluvium sediments; (ii) slope-
wash and older talus; (iii) sands, sandstones, and sandy marls; (iv) limestones; and (v)
dolomites and limestones (Figure 10). Based on the homogeneity of identified lithologies
forming the engineering geological units, they represent the engineering formations [70].
The interpreted engineering formations are briefly described in Table 6. Compared with
chronostratigraphic units, the engineering geological units provide minimum deviations
from the actual environmental conditions. Moreover, the spatial distribution of units’
mapped LIDAR DTM derivatives is more accurate and detailed, especially in the alluvium
sediments. The Holocene alluvium chronostratigraphic class is robustly represented in
more extensive valleys. In contrast, the engineering formation of alluvium sediments from
the engineering geological unit map is depictable in narrow valleys and plain areas,
mapped based on the slope class 0°-5°, providing the needed spatial distribution and ac-
curacy for landslide hazard assessment on a large scale. Slopewash and older talus are an
engineering geological unit that was not mapped on the Basic Geological Map and repre-
sent engineering soils on slopes transported by sheet erosion and gravitation. The pres-
ence of slopewash and older talus deposits was confirmed during the field surveys, and
it was possible to determine the contact on the LIDAR DTM derivatives, such as the rough-
ness and curvature maps. Limestone engineering geological formation was mapped by
observing an area with sinkhole presence, mainly in the eastern part of the study area, in
correspondence with the Tortonian chronostratigraphic class. Dolomite and limestone en-
gineering formation depict Triassic deposits in the northern part of the study area,
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mapped in more detail using LIDAR DTM derivatives (e.g., slope map), since the slopes
built from Triassic dolomite and limestone are steeper than surrounding clastic engineer-
ing formations. Sand, sandstone, and sandy marl classes represent Burdigalian deposits
mapped on the Basic Geological Map, following the previously mapped engineering for-
mation units. Finalized geological input data layers consist of digitized chronostrati-
graphic units, geological contacts, and faults from the Basic Geological Maps; engineering
geological units interpreted from LIDAR DTM derivatives; and the engineering geological
unit contacts.

Table 6. Description of engineering formations interpreted from LiDAR DTM derivatives.

Engineering Formations Description
Geomorphological Setting . . . Area
Name Label and Origin Engineering Material m? %
Alluvial ils in £l lai - Fi -
'uV1a M, S, Soils in oodl? ains trans ine iand coalrse Silt, sand, gravel 236 117
sediments Gal ported by fluvial processes grained soils
Slopewash and Soils on slopes transported b Sandy silt with dolo-
pewash a MS, Cbd PEs fransported by Composite soil mite and limestone cob- 1.88 9.3
older talus sheet erosion and gravitation bles

Sands, sandstones, S, Ss,
and sandy marls ~ SMs

Coarse-grained
soil hard soil. o sandstone, 0 ey
sandy marl, clay

Marine sediments and poorly ce-
mented sedimentary rock

soft rock
. . Sandy limestone, marly
Limestones Ls Carbon‘aceous sedlmentary‘rock, Rock limestone, calcareous 0.83 4.1
medium bedded to massive
marl

Carbonaceous sedimentary rock; . .

Dolomi Dol 1
olomites and D], Ls thinly to thickly bedded and mas- Rock olomite, limestone, 4 30 ¢ g

limestones

. dolomitic breccia
sive

The lithology input data layers, that is, the chronostratigraphic units from the digit-
ized Basic Geological Map and the engineering geological units interpreted based on Li-
DAR DTM, minimally differ considering area class distribution (Figure 11). Exceptions
are slopewash and older talus sediments, which are not mapped on the Basic Geological
Map. Regardless of the similar area class distribution, the difference in spatial distribution,
that is, geographic accuracy, is significant, as shown in Figure 10. Both lithological input
data layer maps show high landslide presence in the sand, sandstone, and marl class and
none or minimal landslide presence in the alluvial sediments, limestone, and dolomite
and limestone classes. The Basic Geological Map has more landslides than the engineering
formations map in the sand, sandstone, and marl class. Moreover, the slopewash and
other talus class have significant landslide presence considering the low area percentage
of the class.
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Figure 11. Comparison of engineering geological units derived from LiDAR DTM with the digitized
Basic Geological Map: area distribution of lithology and landslide presence distribution.

4.3.3. Hydrological Input Data Layers

Based on the topographic map on a scale of 1:25,000, 43 springs and 55.10 km of
streams (Figure 12A) were digitized. All digitized streams were classified as permanent
(19.57 km) and temporary (35.53 km) streams. After digitizing, the Smooth tool in ArcGIS
10.8 was applied to stream a polyline data layer. Smoothing decreased the rough edges
and sudden direction changes caused by digitizing, leading to more representative envi-
ronment conditions. As a result of digitizing, it was possible to derive two types of land-
slide conditioning factors: proximity to all streams and proximity to permanent streams.

N |B 012Q o 1 2

opographic Wetness
-0.94 20.11

Figure 12. Stages of hydrological input data preparation for the study area and close-up extent. (A)
Topographic map and digitized springs, permanent and temporal streams; (B) derived topographic
wetness map; (C) hillshade map and derived drainage networks.
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Figure 12B depicts topographic wetness derived from a 5 m LiDAR DTM of the study
area, followed by a close-up extent. Hilltops and ridges are visible as areas with low topo-
graphic wetness values. The values increase on downhill slopes, reaching the maximum
in gullies and valleys, whereas medium values are present on undisturbed slopes.

A topographic wetness input data layer derived in 1, 2, and 5 m resolutions resulted
in uncategorical rasters with generally low differences in statistical information, except
for minimum values (Table 7). 10 m SGA DEM and 25 m EU-DEM topographic wetness
maps show moderate differences compared with the LiDAR DTMs, having relatively
higher minimum and mean values and moderately lower maximum values. The most sig-
nificant changes in statistical parameters are depicted when comparing the 1 m LiDAR
DTM topographic wetness to the 25 m EU-DEM. An exception is the standard deviation
value, where the most significant difference is between 5 m LiDAR DTM and 25 m EU-
DEM.

Table 7. Comparison of topographic wetness statistical parameters derived from 1, 2, and 5 m Li-
DAR DTM, 10 m SGA DEM, and 25 m EU-DEM.

Input Data Topographic Wetness
Layers Min Max Mean St.Dev.
1 m LiDAR DTM -0.94 20.12 4.93 1.76
2m LiDAR DTM 0.21 19.90 5.3 1.80
5m LiDAR DTM 1.70 19.42 5.87 1.88
10 m SGA DEM 3.16 18.45 6.48 1.74
25 m EU-DEM 4.55 17.01 7.85 1.54

The drainage networks (Figure 12C) were derived from 1, 2, and 5 m LiDAR DTMs.
Visually examining the results and comparing the drainage networks, priority was given
to the resolution that reflects actual environmental conditions in the best way. Finally, the
5 m resolution LiDAR DTM was used as the input for further deriving drainage network
variations, depending on the methodology step iv Greater Than tool in ArcGIS 10.8 (Sec-
tion 3.3), using three values for deriving different drainage network branchings. That is,
the three selected options included constant values of 100, 500, and 1500, resulting in
Drainage Network A, Drainage Network B, and Drainage Network C classes (Figure 12C).
The necessity to iteratively test the options when deriving the drainage network is easily
depictable in the close-up extent (Figure 12C), where Drainage Network A describes the
gullies in distributed slopes, followed by losing much of the branching details in Drainage
Network B, and finally describing only main water flows in valleys, that is, ignoring dis-
turbed terrain in the slopes, in Drainage Network C. Drainage Network A contain 265 km
of polyline data and a density of 13.1 km/km?. In contrast, Drainage Network B includes
118 km of polyline data with a density of 5.8 km/km?, and Drainage Network C has 72 km
of polylines with a density of 3.6 km/km?2.

For further analysis, buffer zones of 50 m were derived around all three drainage
network data layers. As a result, proximity to drainage network maps with four classes
were defined and compared regarding class area distribution and landslide presence. Dis-
tribution trends (Figure 13) indicate that class area distribution follows the landslide pres-
ence in all four classes for all three proximity-to-drainage-network maps. In other words,
high-class area percentage values result in high landslide presence and vice versa. Drain-
age Networks A and B depict steep and moderate decreases in the class area from the first
0-50 m to the last class of more than 150 m. On the contrary, Drainage Network C has a
gentle decrease, that is, nearly equal class area distribution. All three proximity-to-drain-
age-network maps have the highest landslide presence in the class 0-50 m. Proximity-to-
drainage-network map A has nearly 100% of landslides in the 0-50 m class, that is, reach-
ing the minimum value in the 50-100 m class and having the classes 100-150 m and more
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than 150 m without landslides. Proximity-to-drainage-network maps B and C reach min-
imum landslide presence in the class of more than 150 m.
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Figure 13. Comparison of hydrological conditioning factors derived from LiDAR DTM with 10 m
SGA DEM and 25 m EU-DEM: area distribution of drainage network and topographic wetness clas-
ses and landslide presence distribution.

4.3.4. Anthropogenic Input Data Layers and Elements at Risk

Available information for deriving anthropogenic input data were: (i) 10 m Sentinel-
2 orthophoto, (ii) 0.5 m SGA orthophoto, (iii) LIDAR point cloud and LiDAR DTM, (iv)
Open Street Map (OSM), (v) land-use planning maps, and (vi) Corine Land Cover. A com-
parison of the 10 m Sentinel-2 orthophoto imagery and 0.5 m SGA orthophoto imagery on
a close-up extent (Figure 14) demonstrated the importance of the orthophoto resolution
for preparing data layers for landslide hazard assessments on a large scale. For deriving
input data for landslide input data maps and elements at risk, Sentinel-2 orthophoto with
low resolution makes buildings, roads, and other relevant information indistinguishable.
On the contrary, the high-resolution SGA orthophoto provides reliable information about
environmental conditions and the degree of urbanisation. In this study, SGA orthophoto
in resolution 0.5 m enables verification of several derived input data and automated map-
ping of anthropogenic data, that is, building, roads and infrastructure, and land use.

Using LiDAR points classified as terrain, a point density raster (Figure 15A) was de-
rived using the Point Density tool in ArcGIS 10.8. LIDAR point cloud with high average
point distance exposed nonterrain surface. Using near-minimum point density value as a
cut-off reclassification value resulted in a two-class raster. One class contained mainly
buildings and a significant amount of small-area artefacts. The artefacts mainly presented
areas of high-density vegetation where ALS captured a few or no terrain surface points,
resulting in minimum point density values. Since most of these areas were smaller than
the average building size, they were successfully removed by selecting polygons with a
predefined minimum surface size. Results were verified with 0.5 m SGA orthophoto, and
minimum changes were made to finalize the building data layer, such as removing excess
areas and manually adding buildings. The used methodology provided automatic detec-
tion of most buildings with high precision on a large scale. As a result, 2017 individual
building polygons were defined, ranging from 2 to 2620 m? and with a mean value of 63.12
m?. Buildings were generally adequately located, and the process reduced manual digit-
izing. However, building boundaries are often irregular and show deviations from the
actual building appearance on the SGA orthophoto. However, for creating input data
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maps for landslide hazard assessment, that is, deriving buffer zones for proximity to
buildings, these deviations are neglectable. Furthermore, smoothing building polygons
would solve the problem of boundary irregularity if the resulting data layer is used to
define elements at risk in the presented study area.

SGA orthophoto

Sentinel-2 orthophoto
0 1 2
I .

km

Figure 14. The study area and close-up extent. (A) SGA orthophoto (resolution 0.5 m); (B) Sentinel-
2 orthophoto (resolution 10 m).

Since the land-use planning maps of the City of Lepoglava do not contain roads, OSM
roads were used. In combination with the road data layer from the land-use planning map
of the Bednja Municipality, a draft version of the road data layer for the study area extent
was derived. Prospecting the derived road data layer on SGA orthophoto showed low
spatial deviation, that is, a satisfactory level of precision for large-scale landslide hazard
assessment. However, further digitizing on orthophoto maps (Figure 15B) and hillshade
(Figure 15C) was needed to complete the data since the prospection revealed unmapped
roads in forested and low-populated areas. These mainly included forest pathways, un-
registered roads, field roads, and similar, clearly visible on the hillshade map derived
from 1 m LiDAR DTM and orthophoto imagery. Furthermore, applying the smoothing
tool on the digitized road polylines increased the road curvature to actual conditions in
the terrain. Therefore, the prepared road data layer for the subject study area can be used
for further derivation of landslide conditioning factors and elements at risk. In total, 218.43
km of roads were identified, out of which 38.06 km are from the OSM (City of Lepoglava),
53.09 km of roads are from the land-use planning map of Bednja Municipality, and 127.28
km were digitized from high-resolution remote sensing data (Figure 15D).
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E Open Street Map road (City of Lepoglava)

Figure 15. Stages of preparing anthropogenic input data layers. (A) The close-up extent of point
density map and derived buildings, (B) the close-up extent of orthophoto raster and digitized roads,
(C) the close-up extent of hillshade map and digitized roads, (D) final building and road data layer.

SGA orthophoto with a resolution of 0.5 m was prospected to determine which land
use classes are possible to capture using the Image classification tool in ArcGIS 10.8 to
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derive land-use map A (Figure 16A) using the suggested methodology described in Sec-
tion 3.3 (Figure 3). Moreover, the prospection provided the information on which colour
combinations, that is, different samples, represent land-use classes. Considering the high
resolution and quality of the SGA orthophoto, three land-use categories were defined, that
is, agricultural areas and low vegetation, forest areas and high vegetation, and artificial
areas. After verification of the resulting land-use map, it was concluded that two classes,
agricultural areas and low vegetation and forest areas and high vegetation, show rela-
tively high accuracy and precision, while artificial areas were mapped with reduced suc-
cess. To minimise the manual editing and digitizing process, the sample-taking process
for each land-use class was performed iteratively, visually prospecting the results after
each iteration by comparing them to the SGA orthophoto imagery. Despite the optimiza-
tion iterations, the process resulted in a significant amount of small polygons improperly
classified. To address the issue and aggregate the final land-use classes of agricultural
areas and low vegetation, and forest areas and high vegetation, Focal statistics and Select-
ing by area tools in ArcGIS 10.8 were used. The artificial area class was finalized by merg-
ing the building data and a buffer zone of the road data layer. Furthermore, the water
bodies class was defined using the buffer zone around digitized permanent streams from
hydrological input data layers. After finalizing all four land-use classes, data merging in-
cluded verification of land-use boundary zones, that is, checking overlaps and gaps.

Land-use map B was derived using the most recent land-use spatial planning maps
(Figure 16B) for the City of Lepoglava and the Bednja Municipality. The spatial planning
maps consist of a large number of classes, which were generalized into four land-use clas-
ses to ease usage for landslide hazard assessment. After combining original spatial plan-
ning classes, the three final classes were artificial areas, agricultural areas and pastures,
and forest areas (Figure 16B). The main problem on the derived land-use map is the arti-
ficial area, which is largely oversized, often including agricultural areas in the buildings’
immediate proximity. Moreover, the contact between the agricultural area and pasture
class and forest area class deviates from the environmental conditions on high-resolution
SGA orthophoto imagery. This resulted in agricultural area and pasture class overspread
in the forest area class, which drastically influenced the spatial accuracy of the derived
land-use map B in the study area.

Corine Land Cover (CLC) presents land use map C (Figure 16C). Considering large-
scale landslide hazard assessment, all levels of classification showed little difference re-
garding land-use classes in the study area. Therefore, the first hierarchy level was selected
for a representative CLC land-use map (Figure 16C). Regardless of the information details,
the distribution of the land-use classes was unprecise, with extensive deviations from the-
actual environmental conditions. Unlike land-use map B, derived from current spatial
planning maps, land-use C resulted in a relatively similar spatial distribution to our pro-
posed methodology (land-use A). However, the deviations in land-use contact on CLC
are even more severe than the spatial planning maps (land-use B map), which is expected
considering the scale and the source of data used to prepare the CLC data layer. The CLC
land-use map does not consist of roads or buildings in the artificial surfaces class, as it
only captured discontinuous urban fabric at the very south of the study area. Moreover,
the agricultural area class on CLC does not contain low vegetation pastures and valleys,
which are well captured in land-use maps A and B. Land-use maps B and C provide too
generalized and homogenous land-use class distribution compared with high-resolution
SGA orthophoto imagery. Moreover, land-use boundary lengths between classes derived
from land-use maps A, B, and C are 357.48, 233.64, and 55.73 km. Having the most ex-
tended contact length, land-use map A represents the optimal input data layer for prepar-
ing the anthropogenic landslide conditioning factors.
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Figure 16. Land-use data layers in the close-up extent and study area, source data and defined clas-
ses for each land-use map, and spatial area distribution of land-use classes on: (A) land-use map
A—SGA orthophoto; (B) land-use map B—spatial planning maps of the City of Lepoglava and the
Bednja Municipality; (C) land-use map C—Corine Land Cover (CLC).
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Land-use maps B and C show similar class area distribution and minimum landslide
presence difference (Figure 17). On the contrary, land-use map A has moderate differences
in class area distribution in the agricultural area and low vegetation class and forest area
and high vegetation class compared with land-use maps B and C, and significant differ-
ences in landslide presence. Based on the conducted analysis, all three land-use data lay-
ers have the highest landslide presence in the forest area and high vegetation class. In the
artificial area class, land-use maps A and C depict no landslide presence, whereas land-
use map B shows a small landslide presence.
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Figure 17. Comparison of the land-use area distribution and landslide presence distribution on land-
use map A—SGA orthophoto; land-use map B—spatial planning maps of the City of Lepoglava and
the Bednja Municipality; and land-use map C—Corine Land Cover (CLC).

5. Discussion
5.1. Landslide Inventory Map Interpreted Based on LIDAR DTM Derivatives

Landslide inventory mapping for this study was performed on the LIDAR DTM de-
rivatives for the 20.2 km? area in the Hrvatsko Zagorje region. Geomorphological mapping
of the landslide inventory was inadequate because most landslides are located in forested
and seminatural areas. The ability to follow a landslide boundary accurately in the forest
is limited by the reduced visibility of the slope, a failure due to dense vegetation cover,
the local perspective, the size of the landslide, and the fact that the landslide boundary is
often indistinct [71]. Automated landslide mapping using vegetation cover algorithms or
interpretation of landslides using SAR (Synthetic Aperture Radar) images is not possible
due to dense vegetation cover and specific landslide morphology, that is, small and shal-
low landslides characterized by small displacements. LIDAR DTM enables a distant view
of the slope and the landslide phenomena, which is preferable during landslide inventory
mapping to reach better results, and a more accurate and complete landslide inventory
map [25]. However, the accuracy of landslide inventories made by visual interpretation
of LIDAR DTM largely depends on the researcher’s experience in landslide identification
and mapping [72]. That is, certain practice and expertise in landslide identification on
morphometric maps are needed to interpret the characteristic landslide morphology on
maps derived from LiDAR DTM.

During the landslide inventory mapping, the landslide identification procedure was
carried out several times for the entire study area. Each time, ‘new’ landslides were iden-
tified, which were not observed in the previous process of interpretation of a morphomet-
ric map derived from LiDAR DTM. Results from field checking were compared with the
confidence of visual landslide identification on LIDAR DTM, and 76% of confirmed land-
slides were evaluated with ‘high confidence’. Based on the landslide identification confi-
dence, percentage of confirmed landslides during field checking, and the landslide fre-
quency-normal size distribution, it can be concluded that LIDAR DTM is a very useful
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tool for landslide mapping in the Neogen sediments of NW Croatia [35], despite the land-
side characteristics (small and shallow landslide bodies) and the dense vegetation cover
(forested areas). Furthermore, the landslide inventory derived by visual interpretation of
LiDAR DTM contains a representative number of all landslide sizes in the pilot area,
which is necessary for a reliable landslide hazard assessment on a large scale.

5.2. LiDAR DTM for Landslide Susceptibility Assessment

Statistical parameters combined with the nearly identical slope histograms and land-
slide distribution indicate minimal differences between analysed LiDAR DTMs. How-
ever, in all interpolation methods, the 1 m resolution shows the highest value for the max-
imum and the lowest for the minimum parameter. The 0.3 m resolution Kriging DTM
histogram confirms that higher resolutions enable reaching more extreme values and cap-
ture relief details in the study area more evenly. However, the quantity of landslide pres-
ence is different as the extreme values are lost, that is, losing the relief details due to lower
resolution. Finally, the 25 m EU-DEM significantly deviates from the actual environment
conditions compared with the LIDAR DTMs and 10 m SGA DEM.

The RMSE and MAE parameters were applied to determine minimum deviations of
the interpolation methods. The 0.3 m Kriging LIDAR DTM resulted in the lowest RMSE
and MAE values, utilizing the high-density points. However, LIDAR DTMs with a very
high resolution will result in too fragmented landslide susceptibility zones in large-scale
modelling. For that reason, 1 to 5 m resolution LiDAR DTMs should be used in a large-
scale landslide hazard assessment depending on the average landslide size in the research
area. Furthermore, considering the tested variations of the LIDAR data, we concluded that
if the LiIDAR data density matches the landslide hazard assessment scale, the selection of
interpolation method for deriving LIDAR DTM will not have an influence. However, this
would likely not be the case with limited and insufficient point density LiDAR data.
Therefore, determining the minimum point density of LIDAR data for specific scales of
landslide hazard assessment and deriving input data layers remain an open question.

5.3. Input Data Layers for Landslide Conditioning Factors and Elements at Risk

The geomorphological (elevation, slope orientation, terrain curvature, terrain dissec-
tion, terrain roughness) and hydrological (topographic wetness) input data layers derived
from LiDAR DTM have the trend of minimum differences in mean and standard deviation
values between resolutions. Based on the comparison of class area distribution for all ge-
omorphological and hydrological input data layers, it can be concluded that there are sig-
nificant differences between LIDAR DTMs and available 10 m and 25 DEMs because ac-
tual environment conditions are represented with significant limitations. Different reso-
lutions and sources, that is, spatial accuracy of the input data, will affect the landslide
susceptibility modelling because most statistical methods are based on landslide density
in the conditioning factor class. In other words, different conditioning factor class areas
and landslide densities in one of the landslide conditioning factor maps directly affect the
estimated landslide susceptibility, which is especially pronounced in large-scale assess-
ments. The influence of the input data spatial accuracy on the final susceptibility map
should be the subject of quantitative analysis and further research.

Subjective interpretation of the only available geological data for the study area, the
Basic Geological Map, leads to significant data loss and results in deviations from actual
environmental conditions that should be avoided when conducting large-scale landslide
susceptibility assessments. Using geological data from small-scale geological maps and
information from the geological data sheets enables the researchers to get acquainted with
the terrain and the geological settings. LIDAR data, that is, high-resolution DTM deriva-
tives, enable distinguishing the geological settings in more detail, improving geological
contacts, and aggregating chronostratigraphic units into engineering formation units,
which are more suitable for landslide susceptibility assessments. The limitations of this
approach could be the presence of different geological settings across the study area, in
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which engineering units cannot be distinguished from the LIDAR DTM derivatives. More-
over, field mapping as an alternative to small-scale robust geological data would be too
time-consuming, and using only LIDAR DTM derivative maps alone cannot provide suf-
ficient data. Without LIDAR DTM derivatives, the geological data on a scale of 1:100,000
could be used only for small-scale landslide susceptibility assessments. However, the pro-
cess described in our study showed that combining small-scale geological maps and Li-
DAR DTM derivatives resulted in significantly reduced deviations from the actual envi-
ronmental conditions, except for the geological structures, that is, fault data set. In our
study area, in Hrvatsko Zagorje, it was impossible to map structural elements such as
faults on LiDAR DTM derivatives due to the geological setting in which they are not
clearly visible, that is, 93% of the study area is covered with Miocene and Quaternary
sediments.

Streams displayed on the topographic maps on a scale of 1:25,000 are visible in the
LiDAR DTM derivatives, such as hillshade maps. Moreover, streams on the LIDAR DTM
derivatives sometimes can be similar to forest paths, and field checking is necessary. Ad-
ditionally, the topographic map legend enables more information about streams, enabling
their classification into permanent and temporary, which is impossible from the digitisa-
tion of LIDAR DTM derivatives. On the other hand, digitized streams from the topo-
graphic maps present higher-order flow in the drainage network, providing roughly five
times fewer streams in length than the drainage network. For that reason, determining the
robustness of input data is crucial to making it fit for the selected scale of the analysis. For
example, comparing the three different drainage networks, we concluded that the sce-
nario that manages to cover gullies in steep slopes without having the drainage network
edges too close to each other should be considered optimal. However, testing the values
of the buffer zones around the drainage network was not in the scope of this study, except
for comparative purposes, and they should be further analysed because they could signif-
icantly impact the landslide susceptibility model. Therefore, combining small-scale topo-
graphic data and LiDAR DTM derivatives can provide optimal hydrological input data
layers for landslide susceptibility assessment on a large scale. An exception is spring data
that are impossible to map by the interpretation of LIDAR DTM derivatives and should
be digitized from topographic maps.

Almost all roads (except forest roads and paths) in the study area are well distin-
guishable on the 50 cm SGA orthophoto imagery. However, available city and municipal-
ity land-use planning maps and OSM road data layers were used to reduce the digitising
process. Furthermore, OSM data are satisfactorily precise but generally incomplete, miss-
ing buildings and roads in rural study areas. In that case, LIDAR point cloud and a hill-
shade map can be used to complement building and road data layers. The object-based
classification of land-use classes depends on the quality of capturing the most common
land-use classes, such as artificial surfaces and agricultural and forest areas. Moreover,
the accuracy of the derived land-use data highly depends on the researchers’ ability to
select necessary samples of each class on the orthophoto. We suggest prospecting the
study area to determine the distribution of each class and in what manner each class is
visible on the high-resolution orthophoto. The results are often heterogeneous and mis-
leading, especially for agricultural and forest classes. We found that homogenizing the
preliminary results to remove misleading polygons, to the extent that the data are still as
heterogeneous as possible, provides the most detailed information for large-scale land-
slide hazard assessments. That is, artificial areas, agricultural areas and low vegetation,
forest areas and high vegetation, and water bodies are the four defined classes, giving
descriptions accordingly to the areas they cover, compared with the actual environment
conditions presented in the orthophoto imagery. Streams and similar water bodies on Li-
DAR DTM derivatives often look similar to other natural shapes, such as gullies or forest
paths, so we suggest prospecting the source files to mitigate the misinterpretation. In any
case, spatial distribution can be misleading, as two different land-use maps could have a
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similar class area distribution, whereas their spatial distribution in the study area can de-
viate significantly. Applying the proposed method to derive building and road data layers
and land-use maps from LiDAR data and high-resolution orthophoto images reduces the
number of manual corrections needed in larger study areas. Moreover, the proposed
methodology results in optimal input data considering the amount of detail and minimum
deviations to the actual environmental conditions.

6. Conclusions

The preparation of input data and cartographic thematic layers is the most important
and demanding step in the framework of landslide hazard assessment because all applied
methodologies and derived results strongly depend on the quality of input data. There-
fore, the input data for landslide hazard assessment on a large scale were prepared and
analysed for the study area (20.2 km?) in Hrvatsko Zagorje (Croatia), where only limited
medium-scale topographic and small-scale geological data are available.

The result of the visual interpretation of LIDAR DTM morphometric derivatives is
the landslide inventory map, which consists of 912 identified and mapped landslides,
ranging in size from 3.3 to 13,779 m? and with an average landslide density 45.1 land-
slides/km?2. Based on the normal distribution of mapped landslides and the assessment
that 65% of landslides are reliably identified, it can be concluded that the inventory of
visually mapped landslides for the study area of the 20.2 km? is detailed and complete.
The prevailing landslide types are shallow and small to medium-sized soil slides that
cause minor property and infrastructure damages. However, due to high landslide den-
sity, small and shallow landslides can cause significant damage on local roads in Hrvatsko
Zagorije, and should not be neglected during landslide susceptibility analysis. Consider-
ing the preservation of landslide morphology throughout the study area, it can be con-
cluded that most of the landslides in the inventory are recent and (re)activated by extreme
hydrometeorological events in the winter of 2012/2013 and February 2018. The result is a
combination of seasonal and historical landslide inventory, which are high-quality and
representative input data for further landslide hazard assessment on a large scale. The
quality of the inventory was also proved by field-checking, which confirmed the method-
ology of landslide identification and mapping as well as resulting high-quality inventory
and its representativeness as input data for further testing of landslide conditioning fac-
tors and verification of the relative importance of factor classes.

Prior to deriving all the landslide conditioning factors, the analysis of how the inter-
polation method and resolution affect the quality of the LIDAR DTMs was performed.
The LiDAR DTMs'’ statistical parameters, the area distribution of slope map classes de-
rived from LiDAR DTMs, and the landslide presence in slope classes showed that high-
density LiDAR point cloud enables the derivation of high-quality DTMs at an appropriate
resolution, regardless of the interpolation method. Furthermore, 15 LIDAR DTMs were
compared with available DEMs, that is, 10 m SGA DEM and 25 m EU-DEM. As a result,
10 m and 25 m available DEMs significantly differ from LiDAR DTMs, considering land-
slide presence in slope class area distribution, indicating that they should not be used as
input data for landslide hazard assessment on a large scale.

The high-resolution remote sensing data, LIDAR DTM, and orthophoto images are
optimal input data sets for large-scale landslide hazard assessments because they enable
the following: (i) derivation of geomorphological, geological, hydrological, and anthropo-
genic input data layers on a large scale, except geological structures and spring data; (ii)
verification of input data layers; (iii) derivation of input data layers with the best fit to the
actual environmental conditions (spatial accuracy testing); and (iv) efficient derivation of
input data layers considering both price and time. Having representative spatial data de-
picting actual environmental conditions in the needed scale enables unambiguous selec-
tion of the optimal input data layers for landslide mapping, landslide susceptibility, and
hazard modelling, as well as for the derivation of accurate data on elements at risk for
landslide risk assessment. The resolution and spatial accuracy of input data layers for
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landslide hazard assessment, class area distribution of landslide conditioning factors, and
landslide number in a single landslide factor class directly affect the susceptibility assess-
ment in statistics-based models. Furthermore, for iterative processes, such as drainage
network derivation or object-based image classification of land-use data, high-resolution
input data used for verification enable optimization of the settings needed for the scale of
the analysis. Moreover, when preparing geological data or mapping engineering geolog-
ical units, the LIDAR DTM derivatives allow significant corrections of imperfections in
the spatial accuracy of the robust small-scale geological information.

The presented research study in a relatively small study area (20.2 km?) in Hrvatsko
Zagorje showed that the high-resolution remote sensing data provide a quick and afford-
able tool that enables derivation of the most commonly used landslide conditioning fac-
tors and elements at risk for landslide risk analysis on a large scale, regardless of geomor-
phological and geological settings and the degree of urbanization. Furthermore, high-res-
olution LiDAR data are the only possible solution for landslide inventory mapping in
highly vegetated and unreachable areas, which can be applied in NW Croatia (approxi-
mately 7000 km?) based on similar geomorphological and geological characteristics and
the landslide type. The LiDAR-based landslide inventory and all other landslide maps
produced from landslide conditioning factors and elements at risk, derived from high-
resolution remote sensing data, enable a high confidence level during the spatial planning
system implementation.
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Abstract. The large-scale landslide susceptibility assess-
ment (LSA) is an important tool for reducing landslide risk
through the application of resulting maps in spatial and urban
planning. The existing literature more often deals with LSA
modelling techniques, and the scientific research very rarely
focuses on acquiring relevant thematic and landslide data,
necessary to achieve reliable results. Therefore, the paper fo-
cuses on the crucial step of classifying continuous landslide
conditioning factors for susceptibility modelling by present-
ing an innovative comprehensive analysis that resulted in 54
landslide susceptibility models to test 11 classification cri-
teria (scenarios which vary from stretched values, partially
stretched classes, heuristic approach, classification based on
studentized contrast and landslide presence, and commonly
used classification criteria, such as natural neighbour, quan-
tiles and geometrical intervals) in combination with 5 statis-
tical methods. The large-scale landslide susceptibility mod-
els were derived for small and shallow landslides in the pilot
area (21 km?) located in the City of Zagreb (Croatia), which
occur mainly in soils and soft rocks. Some of the novelties
in LSA are the following: scenarios using stretched landslide
conditioning factor values or classification with more than
10 classes prove more reliable; certain statistical methods
are more sensitive to the landslide conditioning factor clas-
sification criteria than others; all the tested machine learn-
ing methods give the best landslide susceptibility model per-
formance using continuous stretched landslide conditioning
factors derived from high-resolution input data. The research
highlights the importance of qualitative assessments, along-
side commonly used quantitative metrics, to verify spatial ac-

curacy and to test the applicability of derived landslide sus-
ceptibility maps for spatial planning purposes.

1 Introduction

Addressing landslide hazard is commonly done by zoning,
i.e. deriving landslide susceptibility, hazard and risk zoning
maps (Corominas et al., 2014). Brabb (1984) defined land-
slide susceptibility as a “likelihood of a landslide occurring
in a given area”, indicating the spatial component exclu-
sively. Soeters and van Westen (1996), Guzzetti et al. (1999),
van Westen et al. (2008), Fell et al. (2008a, b), Coromi-
nas et al. (2014), and Reichenbach et al. (2018) represent
some of the most significant progress done in the field of re-
search considering landslide susceptibility. One of the most
popular approaches to derive landslide susceptibility models
(LSMs) is using statistical methods, where the most recent
and detailed review of statistically based landslide suscepti-
bility models is given in Reichenbach et al. (2018), whereas
Merghadi et al. (2020) emphasize only machine learning
methods by reviewing algorithm performance. The literature
(e.g. van Westen et al., 2008; Corominas et al., 2014) has
shown two main groups of data needed for applying statisti-
cal methods in landslide susceptibility assessments (LSAs),
i.e. landslide inventory maps and landslide conditioning fac-
tors (LCFs). Moreover, Reichenbach et al. (2018) identified
acquiring relevant landslide and thematic information (i.e.
LCF) as the first two steps for preparing a LSA. Many pa-
pers discuss different methods (e.g. Wang et al., 2016a; Chen
et al., 2017; Merghadi et al., 2020), mapping units (e.g. Bor-
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naetxea et al., 2018; Jacobs et al., 2020), inventory types (e.g.
Guzzetti et al., 2012; Petschko et al., 2016), and the impor-
tance and/or selection of LCFs (Donati and Turrini, 2002;
Jebur et al., 2014; Gaidzik and Ramirez, 2021), which are
all necessary steps in a LSA according to Reichenbach et
al. (2018).

This research is situated in the European Pannonian Basin,
i.e. in the City of Zagreb in the hilly region of the south-
ern foothills of Medvednica, which are susceptible to sliding.
Despite long-term investigation on landslide phenomena, Ju-
rak et al. (1996) and Mihali¢ (1998) identified the lack of sus-
tainable landslide inventories and landslide hazard maps as
the main issue in the landside risk management in the Repub-
lic of Croatia. As a result, a landslide inventory map (Bernat
Gazibara et al., 2019a) and a landslide susceptibility map
(Bernat Gazibara et al., 2023) were derived, followed by em-
phasizing the importance and necessity of large-scale land-
slide susceptibility maps in the system of spatial and urban
planning (Mihali¢ Arbanas et al., 2023). Regardless of the
degree of urbanization, landslide occurrence is commonly re-
lated to geomorphological, geological and climate settings,
as well as anthropogenic factors. Furthermore, Bernat Gaz-
ibara et al. (2017) indicate that the main landslide triggers in
the area are precipitation and snow melting, i.e. long con-
tinuous precipitation periods or short precipitation periods
of high intensity. The input data for LSA in this study were
successfully acquired during previous research investigations
in the study area (e.g. Bernat Gazibara et al., 2017, 2019a,
2023) and past large-scale assessment in Croatia (Sinc¢i¢ et
al., 2022a), but their optimal application in landslide suscep-
tibility modelling has remained an open question. The rele-
vance and new insight into acquiring input data for preparing
LCFs on a large scale (i.e. 1 : 5000) were provided by Sin¢ié
et al. (2022a) and proved by analysing the predictive perfor-
mances of large-scale LSAs by Krkac et al. (2023).

This relevant aspect of LSA was addressed by Jebur et
al. (2014), which used weight of evidence (WoE), logistic
regression (LR) and support vector machine (SVM) methods
in a large-scale case study to compare a lidar LCF set with
a set containing additional LCFs such as land use and geol-
ogy. Area under the curve (AUC) comparison between the
two scenarios favoured lidar-only-derived LCFs, addressing
the number and type of LCFs used in the research but not
their classification criteria. Similarly, Dou et al. (2015) ap-
plied LR and statistical index methods to demonstrate that
six LCFs with high correlation to landslide occurrence result
in better success and prediction rate than a complete set of
15 LCFs. Donati and Turrini (2002) show that when using
categorical LCFs, only a few classes can significantly influ-
ence the LSA, confirming the importance of how LCFs are
classified. These studies showed the need for relevant LCF
acquisition and selection criteria, whereas the leave-one-out
test available in LAND-SUITE software (Rossi et al., 2022),
certainty factor models (Dou et al., 2015) and variable im-
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portance (Shirvani, 2020) are some methods used for LCF
selection.

LCF classification issues were discussed by Yan et
al. (2019), who defined two classification criteria for LCFs
selected by reviewing classification criteria in different stud-
ies available in the literature. Specifically, the 2 classifica-
tion criteria for each of the 5 LCFs result with fewer or
more classes which were used to develop 32 LSM scenar-
ios to test all the combinations. From the 32 derived maps,
a low difference of 0.03 AUC between minimum and max-
imum AUC was identified. Namely, the best result was ob-
tained when all LCFs were used in a scenario that included
more classes in most LCFs. Xiao et al. (2021) implemented a
different strategy, aimed to reduce local correlations among
LCFs by reclassifying them to increase LSA accuracy. As
stated by Bonham-Carter et al. (1990) and Neuhduser and
Terhorst (2007), contrast or studentized contrast (Cs) metrics
can be used to determine classification cut-off values in con-
tinuous LCFs when using a bivariate approach such as WoE
or information value (IV). Moreover, generalizing continu-
ous LCFs enables maximized spatial relations and statistical
robustness (Neuhéuser et al., 2012). Concretely, Mathew et
al. (2007) used the C curve maximum to split the distance
to roads, drainage and lineament LCFs into two classes. Fur-
thermore, Neuhduser et al. (2012) applied the Cg curve in
the WoE method to convert continuous LCFs to categorical
by observing maximum and local maximum Cj; values. Je-
bur et al. (2014) used mainly the quantile criteria to derive
10 classes for stretched rasters and a heuristic approach for
buffer zones from vector lines (i.e. proximities or distances).
On the other hand, Yusof et al. (2015) applied only the quan-
tile criteria to classify LCFs into 10 classes, based on the
approach by Tehrany et al. (2013, 2014) in flood susceptibil-
ity mapping. Huang et al. (2020a, b) and Huang et al. (2022)
applied the natural break classification criteria and defined
eight classes in each LCEF. Wang et al. (2016b, 2020), Cui
et al. (2017), and Zhao and Chen (2020) used what seems
to be equal intervals defined heuristically without specifica-
tions, whereas Wang et al. (2021) did not classify continuous
LCFs and applied them as stretched rasters in the analysis.
Several papers dealing with large-scale LSAs (e.g. Vojtekova
and Vojtek, 2020; Xing et al., 2021) also do not specify
the classification criteria but present the LCFs with popular
equal interval classes likely defined heuristically. Similarly,
Wang et al. (2016b) used equal intervals to classify slope and
buffer zones for LCFs, whereas a heuristic approach was se-
lected for stretched rasters. In most of the mentioned studies,
which applied a heuristic approach, a relatively low number
of classes in LCFs are often defined, i.e. from four to six
classes. A detailed comparison of all these criteria and tech-
niques is still missing, especially on large-scale assessments
and with adequate metrics. Based on the latter and as con-
firmed by Huang et al. (2020b) and Xing et al. (2021), there
is no uniform approach to classifying continuous LCFs. It
can be concluded that no systematic analysis to compare the
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criteria was done, as researchers are instead applying what
was already confirmed to be successful in various individual
case studies.

Few papers deal with LCF processing once they are se-
lected, i.e. discussing the process of classifying continuous
LCFs (e.g. Yan et al., 2019; Xiao et al., 2021), which is the
scope of this study. Therefore, this paper compares 11 cri-
teria used to define the processing of continuous LCFs, i.e.
transform relevant input data layers into LCFs suitable for
application in landslide susceptibility modelling. Unlike Yan
et al. (2019), who are more oriented to case study combina-
tions of LCFs with different derived LCF classes, we aim to
develop a uniform approach for classifying continuous LCFs,
leading to defining a first step for large-scale LSA methodol-
ogy. Besides testing the 11 scenarios where continuous LCFs
are categorized, each scenario is applied in 5 statistical land-
slide susceptibility methods, including IV, LR, neural net-
work (NN), random forest (RF) and SVM. Such methods
were considered to analyse the influence of LCF classifica-
tion criteria on LSA accuracy using different statistical mod-
elling approaches, and they were selected because they are
commonly used in LSAs (Reichenbach et al., 2018).

Remote sensing has proven helpful for LSAs, leading to
better landslide hazard mitigation strategies. Concretely, dif-
ferent remote sensing techniques are widely applied for data
acquisition when studying landslide hazard, as presented by
Scaioni et al. (2014) and Ray et al. (2020), whereas in this
paper, geomorphological and hydrological LCFs are based
on lidar (light detection and ranging) point cloud data ac-
quired by airborne laser scanning (ALS). Furthermore, the
landslide inventory map was derived by mapping on morpho-
metric maps derived from a high-resolution DTM (digital ter-
rain model), which shows a significant advantage compared
to other methods for mapping small landslides under vegeta-
tion (Razak et al., 2013; Bernat Gazibara et al., 2019a). Jebur
et al. (2014) argue that lidar-derived LCFs could be sufficient
for LSAs where geological LCFs (e.g. soil and geology) are
not available, whereas Sincic¢ et al. (2022a) were able to de-
rive a complete set of LCFs together with a set of elements at
risk of large-scale LSAs by exclusively using high-resolution
lidar and orthophoto data in combination with publicly avail-
able small-scale geological data.

Besides a study case presented by Yusof et al. (2015) us-
ing LR and an evidential belief function, comparison of LSA
methods on a large scale is not common in the literature.
Hence, one of the novelties of this paper is presenting a de-
tailed comparison, including the quantitative and qualitative
perspective of five popular LSA methods applied on a large
scale with relevant input data of high spatial accuracy. Z&zere
et al. (2017) point out that the best AUC metric values do not
necessarily define the best LSM. Similarly, Vakhshoori and
Zare (2018) emphasize that AUC values might be deceiving
or ineffective in detecting uncertainties in spatial prediction
and can only indicate general reliability. To address the is-
sue, Vakhshoori and Zare (2018) suggest studying additional
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metrics, such as Cohen’s «, to acquire additional information
about the LSM. Considering the susceptibility quality level
(SQL) introduced by Guzzetti et al. (2006a, b), Reichenbach
et al. (2018) identified a low number of papers published
with a high SQL rank. Addressing model fitting and predic-
tive performance and measuring uncertainties in the derived
models, 54 LSMs based on combinations of 5 methods (IV,
LR, RF, NN, SVM) and 11 LCF classification criteria derived
in this paper are considered high SQL, ensuring systemati-
cal and unbiased comparison. Moreover, researching the ap-
plication of LSMs in spatial planning (Mihali¢ Arbanas et
al., 2023), we qualitatively present derived LSMs in close-
up views and high resolution to measure the applicability of
the used zonation method, i.e. determine visually suscepti-
bility class area distribution. However, choosing the optimal
zonation method is out of the scope of this study, and the
one presented in this paper serves exclusively for uniform
comparison of derived LSMs. Moreover, it should be stated
that optimization of used statistical methods is a topic be-
yond the objective of this research. We argue that large-scale
LSAs using high-quality input data should also be measured
qualitatively as expert judgement by observing real environ-
mental conditions on high-resolution DTM derivatives. The
observation provides necessary insight into map quality and
applicability, which is not detected by commonly used quan-
titative approaches (e.g. AUC).

2 Materials
2.1 Study area

The study area is located in the City of Zagreb, the capital of
Croatia, in the northwest part of the country. It encompasses
21 km? of the southern slopes of Medvednica, i.e. the west-
ern part of the Podsljeme area. The City of Zagreb belongs
to the European Pannonian Basin, whereas the Podsljeme
area encompassing the study area is depicted with hilly re-
lief, with 90 % of the study area steeper than 5° (Bernat
Gazibara et al., 2019b). Basic geological settings can be de-
scribed as Upper Miocene and Quaternary sediments mak-
ing up 92 % of the study area, described in detail in the geo-
logical map 1 : 100000 and supplementary geological notes
developed by Siki¢ et al. (1972, 1979), respectively. With a
dense population and a high degree of urbanization, which
is increasing, the Podsljeme area has been under research
regarding landslide phenomena in the last 50 years, start-
ing with the first landslide inventory map by Siki¢ (1967)
and following geomorphological landslide maps from 1979
(Polak et al., 1979) and a geomorphological inventory from
2006 (Miklin et al., 2007). More recently, Bernat Gazibara et
al. (2014a, b) described landslide events triggered by inten-
sive rainfall. Moreover, Mihali¢ Arbanas et al. (2016) iden-
tified the lack of a suitable landslide inventory as one of the
critical issues in landslide risk management in the City of
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Zagreb. As a result, a lidar-based landslide inventory map
for the 21 km? in this study area was derived (Bernat Gaz-
ibara et al., 2019a, b), followed by a susceptibility assessment
(Bernat Gazibara et al., 2023). Satisfactory results were ob-
tained, confirming the proposed methodology for large-scale
LSAs. Considering the highly urbanized environment, pop-
ulation density and a continuous increase of human-induced
landslides in the Podsljeme area (Jurak et al., 2008; Mihali¢
Arbanas et al., 2014), a large-scale landslide susceptibility
assessment is necessary for adequate landslide management
in the study area.

2.2 Input data

The first landslide inventory map developed from lidar data
for the study area was completed by Bernat Gazibara et
al. (2019a, b) based on ALS, which was performed during
the leaf-off period in Croatia in 2013. Furthermore, another
lidar ALS was performed in 2020 (Bernat Gazibara et al.,
2022, 2023) to verify the existing landslide inventory map,
providing a multi-temporal insight into landslide occurrence.
Namely, the landslide inventory map consists of 702 mapped
polygons, with the most frequent landslide area being 400 m>
and a density of 33 landslides per square kilometre. The input
data layers needed to derive LCFs are prepared from source
data and are classified according to their origin into contin-
uous and categorical, as presented in Table 1. Furthermore,
continuous input data layers can be subdivided into vector
lines (e.g. geological contacts, faults, drainage network, all
streams) and stretched rasters (e.g. elevation, slope, terrain
wetness). On the other hand, lithology (rock type) and land
use made up the polygon group of categorical input data
layers, unlike aspect being the only categorical raster type.
Continuous stretched rasters are presented by edge values
(Fig. 1a, b, e), whereas categorical input data layers are de-
picted by their classes (Fig. 1c, d, g). Furthermore, the con-
tinuous line input data layers’ spatial presence is illustrated
in Fig. 1d-f.

We note that the used geological input data are on a small
scale, but considering preliminary analysis in the LCF selec-
tion process, they resulted in being more relevant to landslide
occurrences in terms of the leave-one-out test in comparison
to the alternative geological map on a 1:5000 scale. Fur-
thermore, the mentioned small-scale geological input data
were also applied in Bernat Gazibara et al. (2023), where
they yielded excellent results.

3 Methodology
3.1 Preparing input data

Categorical LCFs (aspect, lithology, land use) are equiva-
lent to input data layers presented in Table 1 and were used
equally in all 11 scenarios, an exception being aspect in sce-
nario S11, as explained further in the section. Classes in cat-
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egorical LCFs were ordered according to frequency ratio val-
ues defined by the presence of an unstable training landslide
set. Continuous LCFs were derived differently from input
data layers (Table 1, Fig. 1) for 11 scenarios and are briefly
summarized in Table 2.

Continuous stretched rasters (elevation, slope, terrain wet-
ness) were reclassified into 100 equal classes for scenario
S1. Regarding continuous line vector LCFs (geological con-
tact, faults, drainage network, all streams), 100 equal mul-
tiple buffer ring zones were derived to finalize scenario S1
LCFs (Fig. 2a). Similarly to scenario S1, scenario S2 is de-
fined by 50 equal classes, as illustrated in Fig. 2b. The aim
of defining scenarios S1 and S2 is to simulate the continuous
input data layer to a high and low detailed extent, respec-
tively. In scenario S3, LCFs were defined by heuristically
classifying and defining buffer zones for continuous rasters
and line input data layers, respectively. The subjective ap-
proach was led by researchers’ experiences (e.g. Sincié et
al., 2022b; Krkac et al., 2023) and previous work in the study
area (e.g. Bernat Gazibara et al., 2023).

For each of the 100 scenario S1 LCF classes, Cy values
were calculated based on the bivariate approach, i.e. observ-
ing class pixel size and landslide pixels presence in the class.
Namely, Cy is defined as a ratio of contrast (C) to its standard
deviation s(C) (Bonham-Carter, 1994):

_ < (D
st — S(C)’
where
C=W"—-w~, (2)

where W' and W™ indicate positive and negative weight
factors in the WoE method, respectively. Standard deviation
s (C) is defined as

S(C)=VSWH?2+S(W~)2, 3)

where S(W)2 and S(W™)? are variances of weights de-
fined by Bishop et al. (1975). The Cg; curve was defined for
each LCF, followed by observing positive and negative Cg
trends throughout the 100 classes. Cut-off lines for scenario
S4 were determined by dividing the Cg; curve into positive
and negative segments, as depicted in Fig. 2c. To define sce-
nario S5, each scenario S4 positive segment was split into
two by defining an additional cut-off line at the highest peak
point (Fig. 2d).

Similarly, scenario S6 was defined by an additional cut-off
line from scenario S5 at the lowest peak point of negative
segments (Fig. 2e). For the theoretical example in Fig. 2c—e,
the LCFs for scenarios S4, S5 and S6 would result in 3, 4 and
6 classes, respectively.

For scenario S7, the number of expected and mapped land-
slide pixels was determined for each of the 100 classes pre-
viously defined in scenario S1. For stretched rasters (e.g. el-
evation and slope), expected landslides are defined by the
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Table 1. Overview of source data used for derivation of input data layers.

Source data Scale Input data layer Obtained by Categorization
Elevation Interpolation Continuous stretched raster
Slope ArcGIS 10.8 slope tool ~ Continuous stretched raster
Lidar point cloud Smresolution  Aspect ArcGIS 10.8 aspect tool ~ Categorical (classified) raster

Terrain wetness
Drainage network

Continuous stretched raster
Continuous line (vector)

Evans et al. (2014)
ArcGIS 10.8 Spatial

Analyst Toolbox
Croatian basic 1:100000 Lithology (rock type)  Digitization Categorical polygon (vector)
Geological map Geological contact Digitization Continuous line (vector)

Faults Digitization Continuous line (vector)

Topographic map 1:25000 Streams Digitization Continuous line (vector)
of Croatia (State Geodetic

Administration, 2024)
Land use planning maps  Large scale Land use City of Zagreb (2011) Categorical polygon (vector)

Table 2. Summary of 11 defined scenarios considering different categorization criteria.

Scenario Description of categorization criteria
Stretched rasters Line vector

S1 100 equal classes 100 equal buffer zones

S2 50 equal classes 50 equal buffer zones

S3 Heuristic classification based on researcher experience

S4 Studentized contrast defined on S1 classes, positive and negative segments

S5 Studentized contrast defined on S1 classes, positive segments split into two, negative segments

S6 Studentized contrast defined on S1 classes, positive segments split into two, negative segments split into two

S7 Classification based on landslide density in S1  Classification based on landslide density in Sl
classes, i.e. expected vs. mapped landslide area classes, Eq. (4)

S8 10 classes defined by natural break (NB) classifica- 10 classes defined by natural break (NB) classifica-
tion method applied on input data layers (stretched tion method applied on scenario S1 classes
raster)

S9 10 classes defined by quantile (Q) classification 10 classes defined by quantile (Q) classification
method applied on input data layers (stretched raster)  method applied on scenario S1 classes

S10 10 classes defined by geometrical interval (GI) 10 classes defined by geometrical interval (GI) clas-
classification method applied on input data layers sification method applied on scenario S1 classes
(stretched raster)

S11 Input data layers (stretched raster) Scenario S1 classes

187

hypothesis stating that in each of the 100 LCF classes the
landslide density should be equal to the total study area land-
slide density, whereas the mapped landslide area was ac-
quired by simple observation. After calculating the mapped
and expected landslide area for each class, landslide density
curves considering each class are constructed (Fig. 2f). Fur-
thermore, the cut-off lines were determined by trend changes
of landslide area presence, i.e. at the points where expected
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or mapped landslides change to being higher or lower than
the other.

For an example given in Fig. 2f, the trends change three
times resulting in three cut-off lines, i.e. four classes. On the
other hand, the constant expected number of landslides Aexp
for line vector LCFs used in scenario S7 was defined by

“)
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Figure 1. Input data layers for landslide susceptibility analyses: (a) elevation; (b) slope; (¢) aspect; (d) lithology (soil/rock type), geological

contact, and faults; (e) terrain wetness and streams; (f) drainage network

where i is the buffer interval size, ijn,x the maximum reached
buffer distance and Ay total landslide area. The equation
aims to define an equal expected landslide area in each buffer
ring. Then, the area of mapped landslides in each buffer ring
is compared to the constant Aexp. Similarly, as with stretched
rasters, trends in relations between mapped landslides being
lower or higher than the constant Aexp define the cut-off lines.
It should be noted that a training landslide dataset was used
for calculations needed to define scenarios S4-S7.
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; (g) land use; and (h) landslide dataset.

Continuous stretched rasters and scenario S1 vector lines
were reclassified using natural break (NB), quantile (Q) and
geometrical interval (GI) classification criteria. As a result,
scenarios S8, S9 and S10 are developed, with each having 10
classes, defined by NB, Q and GI reclassification criteria, re-
spectively. Lastly, scenario S11 was defined by using contin-
uous stretched rasters without classifying them, i.e. as input
data layers containing edge values rather than classes. More-
over, the aspect input data layer was applied with its origi-
nal stretched values (i.e. 0-360°) representing a continuous
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Figure 2. Theoretical example of the studentized contrast and landslide density curves for the methodology applied to define cut-off values
in scenarios S1 (a), S2 (b), S4 (¢), S5 (d), S6 (e) and S7 (f), respectively.

LCEF, unlike being categorical in the remaining 10 scenar-
ios. Lastly, scenario S1 line continuous LCFs with 100 equal
classes were used in scenario S11 to simulate an input data
layer as closely as possible. The presented classification cri-
teria for 11 scenarios were applied uniformly, meaning each
stretched raster and/or line vector was processed equally in-
side each scenario yet methodologically different from other
scenarios. Scenarios for proposed LCF classification criteria
vary from stretched (i.e. S11); partially stretched (i.e. S1 and
S2); heuristic (i.e. S3); classified based on studentized con-
trast curve (i.e. S4, S5 and S6); classified based on expected
and mapped landslide presence (i.e. S7); and lastly the com-
monly used classification criteria such as NB, Q and GI (i.e.
S8, S9 and S10). The main aim is to test the stated classifica-
tion criteria relevance and determine its influence and neces-
sity while using different statistical methods in a large-scale
case study.

3.2 Susceptibility analyses

Figure 3 synthesizes the methodology applied in this study

that can be split into “preparing input data”, “modelling”,
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and “quantitative and qualitative analyses” steps. Namely,
relevant landslide and thematic (input data layers) infor-
mation was obtained as described in Sect. 2. Preparing in-
put data involves deriving continuous LCF sets applicable
in 11 classification scenarios and defining a fixed landslide
dataset. Susceptibility analysis includes deriving 54 LSMs
using the selected mapping unit with 5 statistical methods
applied with the 11 classified factor scenarios. The quanti-
tative and qualitative analyses considered three directions:
(i) model evaluation parameters, (ii) LSM validation parame-
ters and (iii) LSM classification parameters. Commonly used
quantitative parameters are examined in all three directions,
whereas the qualitative approach is made only for the LSM
classification, focusing on the LSM applicability, i.e. observ-
ing spatial distribution of susceptibility classes and variabil-
ity of susceptibility values. The described workflow ensures
the development of landslide susceptibility maps of high-
quality rank according to the SQL (Guzzetti et al., 20064, b).
Lastly, the quantitative and qualitative analysis results were
summarized, enabling drawing the conclusions.

Nat. Hazards Earth Syst. Sci., 25, 183-206, 2025



190 M. Sin¢i¢ et al.: Comparison of conditioning factor classification criteria

Preparing input data begins with splitting the polygon-
based landslide inventory map randomly into two sets, each
containing the same number of polygons. Unstable training
polygons (first set) were transformed into pixels, i.e. Sm
raster chosen as appropriate for a LSA on a large scale done
in this study. Unstable training pixels were subtracted from
the study area extent, and then an equal number of stable pix-
els were randomly selected in the remaining territory. This
ensured an unbiased landslide training set with an equal num-
ber of stable and unstable pixels for deriving LSMs, which
also defines the model training dataset for model evaluation
parameters. An unstable set of polygons used for validation
(second set) and all unstable polygons used for classification
were transformed into 5 m rasters and used for determining
LSM validation and classification parameters, respectively.

As a first step in susceptibility analyses (modelling), LCF
collinearity testing was performed individually for 11 scenar-
ios in LAND-SUITE (Rossi et al., 2022). Correlations were
examined by detecting LCF collinearity regarding Pearson’s
r absolute value of 0.5 as the cut-off threshold. Namely, val-
ues higher than 0.5 indicate collinearity between two exam-
ined LCFs, suggesting excluding one from the further sus-
ceptibility analyses. Selected LCFs showed no collinearity
in all 11 scenarios. Furthermore, 54 LSMs were derived us-
ing the prepared landslide dataset and 11 LCF sets in the
5 selected methods, i.e. information value (IV), logistic re-
gression (LR), neural network (NN), random forest (RF) and
support vector machine (SVM). It should be noted that the
IV method was not applied in scenario S11, as described fur-
ther below. The methods’ optimization is out of the scope of
this study, as they are already widely known, and their usage
is discussed by researchers in LSA studies. For a detailed
theoretical background about the methods applied in this pa-
per, the readers should consult van Westen et al. (1993) and
Merghadi et al. (2020).

IV is a simple bivariate statistical method developed by
Yin and Yan (1988), based on landslide density, using the
following equation:

SiN
Ii ZIOgm, (5)
i

where S; is the number of landslide pixels in the observed
class, N; the number of pixels in the observed class, S the
number of landslide pixels used for model training, N num-
ber of pixels in the study area and I; the information value of
the observed variable. Positive and negative I; values indicate
instability and stability, respectively, whereas higher values
indicate a stronger relationship. Detailed methodology for
using the bivariate statistical approach in landslide suscep-
tibility analyses is given in van Westen (2002), whereas IV
is applied by Sarkar et al. (2013), Farooq and Akram (2021),
and Krkac et al. (2023) in different LSAs.

To achieve posterior probability, i.e. probabilistic [0,1]
susceptibility values, the numerical [; is converted using the
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following equation:

e/

T Trer ©

Yy
where f(x) is the numerical susceptibility value (input) and
y the probabilistic susceptibility value (output) as defined by
Bonham-Carter (1994). The described equation has a 0.5 cut-
off value, defining < 0.5 and > 0.5 values as stable and un-
stable, respectively.

IV is the only method in this study using only unstable
modelling pixels for training, whereas other methods also
require the randomly generated stable pixels. Consequently,
IV LSM is not derived for scenario S11 as IV only applies
to LCFs with classes, i.e. not compatible with continuous
stretched input data layers that define scenario S11. On the
other hand, scenario S1 with 100 equal classes approximates
scenario S11 and can be considered the closest alternative.

Introduced in the early work of Cox (1958), LR today
corresponds to the most common statistical classification
method used in LSAs (Reichenbach et al., 2018), as seen
in the study cases from Rossi et al. (2010), Hemasinghe et
al. (2018) and Bornaetxea et al. (2018), with practical code
in a software application available in LAND-SUITE (Rossi
et al., 2022). A linear fitting function (Z) between landslides
for n number of conditioning variables is defined by the fol-
lowing equation:

Z=bo+b1 X1 +byXo+...+b,X,, @)

where by is the intercept of the model, b, the partial regres-
sion coefficients and X, the conditioning variable. Lastly, a
common application of the LR method includes converting
resulting Z values to probabilistic output by applying Eq. (6)
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as mentioned in Bornaetxea et al. (2018) and Merghadi et
al. (2020).

NN is a two-stage regression or classification model that
can handle multiple quantitative responses (Hastie et al.,
2009). Among artificial NN methods, in this study feedfor-
warding was applied, indicating the flow of information ex-
clusively in one direction. NN models are generally com-
posed of simple circuits of nodes connected to each other
(Merghadi et al., 2020), defined by three layers, i.e. input
layer, hidden layer and output layer. The structure applied
in this paper is as follows: input layer, first fully connected
layer, rectified linear unit activation function, final fully con-
nected layer, softmax function and output. The softmax func-
tion which was applied to the final fully connected layer is
defined as

(i)

J i) = ®

K 3

Z e(*j)
j=1

where K is the number of classes of response variables in
the final fully connected layer and x; each input, resulting in
probabilistic [0,1] values, i.e. f (x;). Merghadi et al. (2020)
summarize NN as a “black box” method, unable to inter-
pret relations between input and out variables. However,
the method is popular in LSAs (Reichenbach et al., 2018),
with Habumugisha et al. (2022) even testing different set-
tings to develop a method comparison, such as convolutional,
deep and recurrent NN models. Furthermore, the success-
ful applicability of different NN variations is found in the
work of Lee (2007), Nefeslioglu et al. (2008) and Pascale et
al. (2013), as well as in the LAND-SUITE software (Rossi et
al., 2022).

Introducing the concept of bagging and random feature se-
lection by Ho (1995) and Breiman (2001), RF is based on de-
cision trees and provides an improvement over bagged trees
(James et al., 2013). Bagging is a procedure introduced to re-
duce the variance of statistical learning methods, particularly
useful for decision trees (James et al., 2013). Defining p as
the number of total predictors and m as the number of pre-
dictors taken at each split, in bagging, decision trees are built
using the following expression:

m=p, €))
compared to RF, where the relation is defined as
m=./p. (10)

Namely, the algorithm does not consider most predictors in
each decision tree in the RF method. As a result, RF tends
to produce precise results and has an increasing popularity
in LSAs from 2010 onward (Merghadi et al., 2020), as de-
picted in several papers such as Catani et al. (2013), Wang
et al. (2021) and Sandi¢ et al. (2023). Moreover, ensemble
methods, including RF, are remarked to have excellent per-
formance by Merghadi et al. (2020).
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SVM is introduced by Cortes and Vapnik (1995) and Vap-
nik (1995), whereas James et al. (2013) describe SVM as an
extension of a support vector classifier that can convert a lin-
ear classifier into one that automatically produces non-linear
boundaries. Moreover, SVM can deal with linearly separa-
ble data and linearly non-separable data, whereas points that
constrain the width of the margin, i.e. are closest to the op-
timal hyperplane, are called support vectors. To better clas-
sify most training observations, the support vector classifier
allows for a certain number of observations on the wrong
side of the hyperplane or the margin (James et al., 2013).
The SVM uses kernel functions to transform originally non-
separable data from two-dimensional into three-dimensional
feature space (Ballabio and Sterlacchini, 2012), where the
optimal hyperplane is constructed and later used to classify
new data. Binary classification applied in this study (i.e. O
being stable and 1 unstable pixels) results in better predic-
tion efficiency than a one-class SVM application (Yao et al.,
2008). Also, Eq. (6) is applied to convert numerical sus-
ceptibility values to probabilistic ranging [0,1]. Merghadi et
al. (2020) identified SVM starting a continuous increase in
usage in landslide susceptibility studies since 2010 (e.g. Yao
et al., 2008; Pradhan, 2013; Kavzoglu et al., 2014) and char-
acterized SVM as having above-average performance with
moderately easy implementation.

3.3 Quantitative and qualitative analysis

A landslide training set containing unstable and stable mod-
elling pixels was examined to determine model evaluation
parameters, i.e. fitting performance by determining Cohen’s
k« and AUC for false alarm rate and hit rate metrics. Co-
hen’s x and AUC are often used statistical parameters in
landslide susceptibility analyses to evaluate the model, e.g.
Pourghasemi et al. (2021) and Tyagi et al. (2023). Concretely,
Cohen’s k value interpretation was defined in Landis and
Koch (1977) as (i) almost perfect (0.8—1), (ii) substantial
(0.61-0.8), (iii) moderate (0.41-0.60), (iv) fair (0.21-0.40),
(v) slight (0.00-0.20) or (vi) poor (< 0.00), and the equation
to determine the metric is

Cohen’s «
3 2 x (TP x TN — (FN x FP))
~ (TP+FP) x (FP4TN) 4+ (TP+FEN) x (EN+TN)’

1)

where TP denotes true positives (i.e. landslide pixels clas-
sified as unstable), FN denotes false negatives (i.e. land-
slide pixels classified as stable), TN denotes true negatives
(i.e. non-landslide pixels classified as stable) and FP denotes
false positives (i.e. non-landslide pixels classified as unsta-
ble) (Gorsevski et al., 2006).

In this study, the susceptibility values were split into 100
classes with 0.01 susceptibility intervals, i.e. defining the
classification thresholds used for AUC calculation. TP, FN,
TN and FP pixels were determined using 0.5 as a probabilis-
tic susceptibility cut-off value for each interval. Moreover,
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when the receiver operating characteristic (ROC) curve was
defined, the AUC was calculated to further estimate model
fitting performance as in Rossi et al. (2010), Bornaetxea et
al. (2018) and Wang et al. (2021), whereas the hit rate and
false alarm rate values were defined by Fawcett (2006) as

. TP
hit rate = ——— (12)
TP +FN
and
FP
false alarm rate = ———. (13)
FP+TN

AUC values closer to 1 indicate a perfect prediction, contrary
to a 0.5 value corresponding to random prediction. An exam-
ple of describing performance given by the AUC values is as
follows: (i) < 0.7 for poor, (ii) 0.7-0.8 for fair, (iii) 0.8-0.9
for good and (iv) > 0.9 for excellent (Fressard et al., 2014).

Unstable validation pixels are used to derive a cumula-
tive percentage study area and cumulative percentage land-
slide area, defining prediction performance as introduced by
Chung and Fabri (1999, 2003). The metric is often used in bi-
variate LSA approach (e.g. van Westen et al., 2003; Sinci¢ et
al., 2022b; Bernat Gazibara et al., 2023) and is defined as the
success rate and the prediction rate for fitting and predictive
performance, respectively.

The standard deviation (SD) maps for susceptibility val-
ues are implemented to measure each scenario’s stability and
method’s stability, resulting in qualitatively detecting uncer-
tainty zones. Namely, 11 SD maps are developed for each
of the 11 scenarios by observing the 5 applied methods in
each scenario, i.e. to measure deviations among the meth-
ods. Furthermore, 5 SD maps describing criteria are defined
by observing 11 scenarios applied for each method, i.e. to
measure deviations among scenarios. Considering the prob-
abilistic result of each LSM from 0.0 to 1.0 SD, classes are
determined with 0.1 threshold intervals to observe their pres-
ence and spatial distribution in the study area. Qualitatively,
all classified SD maps are presented to illustrate spatial distri-
bution, which is also measured quantitatively by determining
the percentage area of each SD class in every derived map.

By observing all unstable pixels, AUC values were deter-
mined for the cumulative percentage study area and cumula-
tive percentage landslide area curve. The latter presents AUC
for LSM classification, whereas all unstable pixels are the
sum of unstable pixels used for fitting performance (model
evaluation) and predictive performance (validation).

Observing both stable and unstable pixels for model eval-
uation by Cohen’s «, false alarm rate and hit rate AUC met-
rics were chosen due to their equal presence in the model
training. On the other hand, measuring only unstable pixels
for validation and classification by developing a cumulative
percentage study area and cumulative percentage landslide
area curve was selected to emphasize landslide occurrence
exclusively for validation and classification without consid-
ering stable pixels. It should be noted that all AUC values
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presented in this paper, i.e. fitting, predictive and classifica-
tion performance, are expressed in rates, meaning 100 and 50
correlate to 1.0 and 0.5, respectively.

For uniform comparison, LSMs were classified in this pa-
per according to probabilistic susceptibility values by using
cut-off values from Bornaetxea et al. (2018), resulting in five
susceptibility zones: (i) very low (0.0-0.2), (ii) low (0.2—
0.45), (iii) medium (0.45-0.55), (iv) high (0.55-0.8) and (v)
very high (0.8—-1.0). Quantitatively, for every 54 LSMs, the
class area size is observed, including landslide presence in
each class. Furthermore, classified LSMs are qualitatively il-
lustrated with training and validation landslides to observe
spatial distribution, including close-up views by overlapping
them on high-resolution hillshade maps to investigate spatial
accuracy, robustness and pixellization degree.

4 Results
4.1 Landslide conditioning factors

In this section, differences between the 11 scenarios de-
scribed for classifying continuous LCFs are explained on el-
evation LCF maps, quantitatively (Table 4, Fig. 4) and qual-
itatively (Fig. 5). Moreover, a general overview of all LCFs
with the number of classes through 11 scenarios is presented
in Table 3, as well as class area distribution in Fig. 7. Follow-
ing the described methodology, all LCFs in S1 and S2 sce-
narios keep a rather stable number of classes at a 90-101 and
46-51 range, respectively. The shortage of classes in slope
and terrain wetness LCFs is due to missing certain values in
the original stretched raster. As intended, with a fixed num-
ber of 10 classes, S8 to S10 scenarios have identical numbers
of classes for all LCFs. Regarding the heuristic S3 scenario,
the number of classes varies from 7 classes at elevation to
13 classes in proximity to faults. A relatively low number of
classes are depicted in S4 to S6 scenarios where continuous
rasters have 2 to 6 classes, whereas vector line (buffer) LCFs
show a larger span from 2 to 25 classes. Namely, proximity to
geological contact has significantly more classes than other
LCFs, followed by proximity to streams and faults. An ex-
ception is proximity to drainage network LCF, having two to
four classes in S4-S6 scenarios. As intended, the number of
classes in each LCF increases from scenario S4 to scenario
S6. The S7 scenario has the lowest number of classes in all
LCFs, the highest number of classes being four at proximity
to geological contact and the lowest two classes in proxim-
ity to drainage network, streams and faults LCF. Edge raster
values and edge buffer values defined for the S11 scenario
representing input data layer files are depicted in Table 3.

To obtain 100 classes for the S1 scenario and 50 classes for
the S2 scenario, equal interval values in the elevation LCF are
3.2 and 6.4 ma.s.l.,, respectively. Furthermore, the heuristic
interval for the scenario S3 is chosen at 50 ma.s.l. Scenar-
ios S4 to S6 are defined by Cy curves based on scenario S1
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Table 3. Distribution of the number of classes (or values) for 7 continuous LCFs in 11 scenarios.

Number of classes in a continuous LCF (N)

Prox. to Prox. to
Terrain Prox.to drainage Geological Prox. to
Elevation Slope  wetness  streams  network contact fault
S1 100 91 90 101 100 99 99
S2 50 46 46 51 50 50 50
S3 7 10 12 12 8 12 13
S4 3 2 3 8 2 13 6
S5 4 3 3 11 3 20 9
S6 6 4 4 14 4 25 12
S7 3 3 3 2 2 4 2
S8 10 10 10 10 10 10 10
S9 10 10 10 10 10 10 10
S10 10 10 10 10 10 10 10
Edge raster values Edge buffer values (m)
S11 From 122.15 0.71 2.14 12 1.7 12.5 13
To 439.94 80.26 19.90 1212 170 1237.5 1287
Table 4. Elevation reclassification cut-off value distribution in 10 scenarios.
Elevation (119.0-436.9 m a.s.l.) reclassification cut-off values
Class (N) S1 S2 S3 S4 S5 S6 S7 S8 S9 S10
1 122.2 1253 150.0 1539 1539 138.1 157.1 1525 150.0 1489
2 1253 1317 200.0 2493 1794 1539 2462 178.6 1674 171.1
3 128.5 138.1 250.0 4369 2493 192.1 4369 2022 183.6 187.6
4 131.7 1444  300.0 - 4369 2493 - 2245 1985 199.7
5 1349 150.8 350.0 - 2748 2457 2134 2162
6 138.1 157.1  400.0 436.9 266.8 229.5 2384
7 141.2  163.5 =400 - 2904 1457 268.3
8 1444 169.8 - 316.5 261.8 308.8
9 147.6 176.2 351.2 2879 3633
10 150.8 182.6 436.9 4369 4369
11 153.9 188.9 - - -
49 274.8  430.6
50 278.0 436.9
51 281.1 -
99 433.8
100 436.9

classes, as illustrated in Fig. 4. For elevation LCF, the curve is
defined by two negative segments in which Cy values reach
roughly —9 and —7 minimum values, respectively. The pos-
itive segment has a steep increase at class 12, leading to a
Cy value of 16 at class 24, followed by a decrease in value
reaching 0O in class 41, followed by below O values. Lastly,
class 63 and higher classes have a Cy value of 0, indicating
no landslide presence. Figure 4 illustrates that when defin-
ing scenario S7, the relation in expected and mapped land-
slides changes twice, defining three classes. Namely, there
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are more expected landslides in classes 1 to 13 and 41 to 63,
whereas from 13 to 41 there are more mapped than expected
landslides. Regardless of having an equal number of classes,
the reclassification cut-off values significantly differ for sce-
narios S8, S9 and S10, as depicted in the example on eleva-
tion (Table 4). On the other hand, despite having a different
methodology, scenarios S4 and S7 show minimal differences
in the cut-off values for the elevation LCF.

Considering class area distribution illustrated in Fig. 5 for
the elevation LCF map, scenarios S1 and S11 (Fig. 5a and
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Figure 4. Elevation landslide conditioning factor class cut-off values determined for scenarios S1 (a), S2 (b), S4 (¢), S5 (d) and S6 (e) based
on studentized curve and for scenario S7 (f) based on landslide density curve.

k, respectively) visually show little difference as intended,
S1 being a simulation, i.e. approximation of S11, depicting a
continuous change from low to high altitudes. With 50 in-
stead of 100 classes, the S2 scenario depicts a somewhat
rougher transition through altitude classes (Fig. 5b). Start-
ing at three classes in scenario S4 (Fig. 5d), the second class
defined by a positive Cy; curve trend splits into two, making
up four classes in the S5 scenario (Fig. Se).

Finally, two classes defined by negative Cy curve trends
split individually into two additional classes, making up a fi-
nal count of six classes for the S6 scenario (Fig. 5f). The S7
scenario is visually identical to S4 due to almost identical
cut-off values depicted in Table 3. Scenarios S8, S9, and S10
(Fig. 5h, i, j) visually represent moderate differences, mainly
visible in the areas of highest altitudes, i.e. the northernmost
and central parts of the study area defined by classes 9 and
10. The latter classes are predominantly expressed and pre-
vail in scenario S9 compared to scenarios S8 and S10.

Due to significant class number differences, scenarios S1
and S2 have drastically less class area size than other scenar-
ios (Fig. 6) in all applied LCFs. Concretely, in these two sce-
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narios, the maximum class area is found to be around 10 %
in proximity to geological contact, proximity to drainage net-
work and terrain wetness LCFs. On the contrary, in the eleva-
tion LCF, the class area size does not exceed more than 5 %
in any class. After roughly the 30th class in scenario S2, the
class area size does not exceed more than 1 %. Similarly, in
scenario S1, the classes in the interval from 60 to 100 usu-
ally have nearly 0 % class area size. In scenarios S1 and S2,
elevation, slope, proximity to all streams and terrain wetness
LCFs have an increasing trend in class area size, reaching a
maximum followed by a decreased trend. Proximity to geo-
logical contact, proximity to fault and proximity to drainage
network show only a decreasing trend in scenarios S1 and
S2, an exception being proximity to drainage network in sce-
nario S1 with a short exchange of increasing and decreasing
trends. For scenarios S3 to S10, all LCFs have around 10
to 14 classes, except proximity to geological contact, which
has 24 classes. In any case, for all LCFs in scenarios S3 to
S7, most area is contained in the first few classes, e.g. up to
class 3 or 4. In elevation, slope and proximity to geological
contact LCFs, the maximum class area size is roughly 60 %,
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Figure 5. Maps of the spatial distribution of elevation landslide conditioning factor classes for 11 scenarios.

compared to roughly 80 % class area size in terrain wetness,
proximity to faults, drainage network and all streams’ LCFs.
Generally, in scenarios S3 to S7 the class area size tends to
drastically change from class to class, unlike scenarios S8 to
S10, which depict slight changes. As methodologically de-
fined, scenario S9 contains the 10 % class area trend through
all scenarios, whereas scenario S9 has significantly less class
area size in classes 7 to 10, compared to classes 1 to 6.

4.2 Landslide susceptibility model evaluation

Model evaluation parameters consider both stable and unsta-
ble pixels used for training the model and expose their fit-
ting performance as illustrated in Fig. 7. Namely, Cohen’s «
index has substantial agreement in all 11 scenarios for 1V,
LR, NN and SVM methods, ranging roughly from 0.6 to 0.7.
The latter methods follow the same trend in all scenarios,
with NN showing the best performance (0.7), followed by
LR (0.65) and, finally, SVM and IV (0.6). RF method showed
perfect agreement with 1.0 or near 1.0 values in S1, S2, S3,
S6, S8, S9, S10 and S11 scenarios and drastically lower (i.e.
0.7) in the S7 scenario. Scenarios S4 and S5 in RF performed
slightly worse but still with almost perfect agreement, having
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Cohen’s « values of 0.88 and 0.96, respectively. Regarding
false alarm rate and hit rate AUC values, the RF method fol-
lows the behaviour of Cohen’s k values, having excellent per-
formance and nearly identical trends as Cohen’s k through 11
scenarios. IV, LR and SVM methods depict nearly identical
AUC values in all 11 scenarios, ranging from roughly 85.5
to 88.5. In scenarios S4, S5, S6, and S7, the latter methods
show values closer to 85.5, whereas the IV method has some-
what poorer results in scenarios S8, S9 and S10. Having the
most stable AUC values in all 11 scenarios, the NN method
performed excellent with AUC values ranging from 90.5 to
92, which is moderately better than IV, LR and SVM yet sig-
nificantly worse than perfect agreements in the RF method.

4.3 Landslide susceptibility model validation

Unlike results in model evaluation, where studied metrics
showed significant differences between five methods, by val-
idating the LSMs, we notice fewer differences with clustered
AUC values between methods (Fig. 8). Measuring the pre-
dictive performance of LSMs on an independent landslide
dataset results in scenarios S1, S2, S3, S8, S9, S10 and S11
defined by 10 or more classes in LCFs as better solutions. In
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the latter scenarios, the AUC values range from roughly 86.5
to 88.5 for all methods, compared to a decrease in scenarios
S4, S5, S6 and S7, where AUC values reach approximately
84 to 87.5. Generally, methods are similar in all scenarios and
deviate minimally in scenarios S1, S2, S3, S8, S9, S10 and
S11 (approx. 1.5) and moderately in scenarios S4 to S7. Con-
cretively, S11 has proven as a scenario with minimum AUC
deviations (< 1) between methods, compared to the highest
deviations in scenarios S4, S5, S6 and S7 (approx. 3). LR
has the best prediction performance in all scenarios with the
highest values reaching up to 88.5. Furthermore, LR AUC
values are higher by up to 3 points compared to RF, which
has the least predictive performance, except in scenarios S1
and S2. Having lower AUC values in most scenarios than
LR, NN, and SVM, the IV value method nearly has the best
predictive performance in the S7 scenario. On the contrary,
LR, NN and SVM outperform IV in scenarios S8, S9 and
S10. Lastly, IV, NN and SVM have similar predictive perfor-
mances in scenarios S4, S5 and S6, outperforming RF signif-
icantly.

4.4 Landslide susceptibility model classification

AUC classification values, measuring all unstable pixels as
a combination of fitting and predictive performance, show
very high values (Fig. 9). IV, LR, NN and SVM methods
show low deviations from scenario to scenario, mainly clus-
tered with AUC values in the range of 84.5 to 89. RF method
outperforms the other methods by having AUC values rang-
ing lowest 89 in S7 up to > 93 in S11 and S1. After RF, NN
proved to be an alternative, having slightly higher AUC val-
ues than IV, LR and SVM, which differentiate minimally in
each observed scenario. All methods show lower AUC values
in scenarios S4, S5 and S6, with a minimum in scenario S7.

In scenarios S1, S2, S3, S8, S9, S10 and S11, all methods
show AUC values higher than 86. Lastly, the RF method is
the only method significantly influenced by the number of
LCEF classes, with significantly lower AUC values in scenar-
10s S4, S5, S6 and S7.

To identify classification parameters, derived LSMs are
firstly classified in zones according to probabilistic suscep-
tibility values as follows: (i) very low (0.0-0.2), (ii) low
(0.2-0.45), (iii) medium (0.45-0.55), (iv) high (0.55-0.8)
and (v) very high (0.8-1.0). Generally observing the sus-
ceptibility zones, noticeable differences are distinguishable
among methods rather than scenarios (Fig. 10). All methods
show < 10 % class area in a very high zone, with RF, SVM
and IV often having <5 %. All 54 LSMs have a medium-
susceptibility zone smaller than 10 %, with RF having a min-
imum as small as 2 %. Moreover, the RF method has the
smallest area in zones of high and very high susceptibility.
Class area percentage changes are most significant in very
low and low classes, whereas very high, high and medium
classes show low differences in all methods and most sce-
narios. IV and SVM methods tend to have fewer differences
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between low and very low classes, i.e. having almost equal
areas in both zones. RF has the most percentage area in the
very low class, followed by NN and LR. However, RF, NN
and LR have nearly similar class area sizes in the low class.
Observing very low and low zones as one, IV, LR, NN and
SVM show a lot of similarities, unlike RF, which has excep-
tionally high values, reaching > 85 % area for the cumulative
area of the two classes in most scenarios. Similarly, very high
and high zones contain less than 10 % of the map area in the
RF method, whereas the values reach around 20 % for the
other methods. In other words, the most significant differ-
ences are depicted individually in the relation between very
low and low zone and very high and high zone. For the latter,
the RF method favours having an extremely large very low
zone and an extremely small very high zone. On the con-
trary, IV and SVM tend to have rather large low and high
zones. NN has around a 10 % smaller very low zone com-
pared to RF, followed by LR 10 % smaller than NN. Lastly,
IV and SVM have around 40 % of the map area in the very
low zone.

The sums of landslide presence in zones of very high
and high susceptibility are extremely similar in all 54 LSMs
(Fig. 11). However, observing the two zones individually, no-
ticeable differences are depicted. Namely, LR, NN and RF
methods have higher landslide presence percentages in very
high zones resulting in lower presence in high zones, whereas
on the contrary, IV and SVM methods have less landslide
presence in very high zones and higher landslide presence in
the high zones. Concretely, IV and SVM have around or less
than 35 % landslide presence in very high zones, compared
to other methods, which often have > 50 %. The minimum
is in the IV method scenario S7 and SVM method scenar-
ios S4 and S5 at around 20 % or less landslide presence in
very high susceptibility zones. RF has the maximum land-
slide presence in very high zones in each scenario, valuing
on average 62 %, followed by NN (approx. 56 %) and LR
(approx. 51 %). Observing landslide presence in very low,
low and medium zones, minimal differences are noticeable,
an exception being IV and SVM methods, which stand out
with extremely low landslide presence in very low suscepti-
bility zones. Moreover, the RF method has the highest num-
ber of landslides present in very high susceptibility zones in
each scenario and the highest landslide presence in very low
zones, reaching up to 5 %. Interestingly, the average landslide
presence area in the medium-susceptibility zone is 5.5 %, i.e.
rather low.

5 Discussion
5.1 Discussion regarding LCF classification criteria
Considering the quantitative results in Sect. 4.2, 4.3 and 4.4

from a perspective of 11 scenarios for continuous LCF clas-
sification, moderate differences are found in fitting perfor-
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Figure 6. Graphs of class area distribution for continuous landslide conditioning factors in scenarios S1 to S10.
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Figure 7. AUC and Cohen’s k quantitative parameters describing fitting performance of the 54 derived landslide susceptibility models.

mance and low differences in predictive and classification
performance. However, the noted differences occur repeat-
edly in scenarios S4 to S7 and are represented by poorer
performance in all studied metrics. A likely reason behind
the results is too few classes in the LCFs. Concretely, often
showing extraordinary results, scenario S7 has four or fewer
classes in the continuous LCFs. On the contrary, opposite
classification criteria with a large number of classes, such as
scenarios S1 to S3 and S8 to S10, result in satisfactory results
in all scenarios and are highly similar. That implies that the
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closer the classification is to the continuous behaviour, the
higher the LSM fitting and predictive performance.

The 11 classified SD maps are illustrated in Fig. S1 in
the Supplement for each LCF classification scenario, rep-
resenting differences in susceptibility values between the 5
applied methods. Namely, classes of higher SD values in-
dicate higher uncertainties in the LSMs. The SD maps are
visually similar, indicating low differences in susceptibility
values from scenario to scenario. The 0.0-0.1 SD class is
most represented in all scenarios, with area presence rang-
ing from minimum approx. 50 % in scenario S5 to > 65 % in
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scenario S7. The 0.1-0.2 SD class and 0.2—0.3 SD class value
are equally represented in all scenarios, their area percentage
being approx. 35 % and 5 %—10 %, respectively. An excep-
tion is S7, where the 0.2—-0.3 SD class has less than 5 %, and
in S11, where the 0.1-0.2 SD class has < 30 % area. Quali-
tatively observing spatial distribution, SD class distribution
does not differ significantly from scenario to scenario. An
exception is scenario S11, where the 0.0-0.1 SD zone has
clustered areas, unlike dispersed and likely pixellized, i.e.
distributed into smaller zones as visible in other scenarios.
Surprisingly, scenarios S7 and S11, which are methodolog-
ically opposite considering the number of classes, have a
high > 60 % map area in the 0.0-0.1 SD class. Moreover, S7
stands out by having the least area in the 0.2-0.5 SD range,
i.e. having > 95 % of the area in SD values < 0.2. If they are
present, 0.3-0.4 and 0.4-0.5 SD classes appear in the same
locations in all scenarios. Scenario S11 stands out with the
most area in the 0.3—0.4 SD class but still < 1 % of the study
area. Generally, the 0.3-0.5 SD range is least present and ne-
glectable in all scenarios when compared to other classes. By
observing the 11 close-up views (Fig. S2), the differences
can be observed by comparing two groups, defined by the
number of classes in LCFs used to derive a LSM, and sce-
nario S7 as a standalone scenario. Namely, the first group
consists of scenarios with fewer classes in LCFs, i.e. S4, S5
and S6. Scenarios with mainly 10 or more classes comprise
the second group, i.e. scenarios S1, S2, S3, S8, S9, S10 and
S11. The first group is less pixellized, with a low number of
standalone pixels and highly expressed susceptibility zones,
unlike the second group, which has heterogeneous and pixel-
lized small zones.

Considering the above, noticeable differences between the
11 scenarios can be traced to the number of classes present in
LCFs, not to the method applied to create the classes. Con-
sequently, scenarios S4, S5, S6 and S7 can be outlined as the
less favourable ones. The latter scenarios show poorer fitting,
predictive and classification performance results. Moreover,
qualitatively, they have robust susceptibility zones, i.e. los-
ing susceptibility information on a large scale, which is es-
sential for high spatial accuracy and applicability in spatial
planning. On the other hand, robustness can ease the classi-
fication process to determine susceptibility zones if the val-
ues related to robustness are spatially accurate. Also, com-
pared to other scenarios, the classification process is rela-
tively time-consuming for scenarios S4—S7. Commonly used
and straightforward heuristic, NB, Q and GI classification
criteria applied in scenarios S3, S8, S9 and S10 represent
satisfactory options, considering the number of classes de-
fined. With most researchers using around 10 classes in dif-
ferent methods, considering results from scenarios S1 and
S2, a significantly larger number of classes can also be ap-
plied to reach reliable results.

Lastly, scenario S11 can be suggested as a uniform ap-
proach to performing landslide susceptibility modelling. Sce-
nario S11 shares excellent performance with several other
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scenarios. However, it stands out as the most consistent con-
sidering predictive performance with low differences be-
tween the five used methods. Similarly, it is the least pix-
ellized in the SD map and has > 60 % of the map area in the
0.0-0.1 SD zone, proving low uncertainties between meth-
ods. Moreover, directly applying stretched rasters removes a
step in landslide susceptibility modelling often done by re-
searchers, enabling more technical simplicity and reducing
the time needed due to avoiding the classification of the in-
put data layers. Considering the bivariate approach, where
applying stretched rasters such as in scenario S11 without
classes is not possible, we suggest scenario S1 as the closest
alternative, i.e. the optimal solution.

It should be stated that the set of prepared LCFs in this
study is appropriate for achieving excellent performance for
deriving LSMs. Moreover, the study aimed to test the 11
criteria on such a set; however, the relevance and/or impor-
tance of each LCF in the LSA was not individually deter-
mined. Hence, some of the LCFs may be of poor relation to
LSA quality, and classifying them differently is irrelevant.
In other words, the 11 classification scenarios would likely
present more differences on a limited number of highly im-
portant LCFs. The latter is addressed by applying the classifi-
cation criteria uniformly for all continuous LCFs and propos-
ing a uniform solution for a relevant set of LCFs, not limited
only to the most significant LCFs. Similarly, applying a non-
representative landslide inventory map would likely cause
substantial deviations to the results presented in this study.
Future work considering this topic could lead to the idea pre-
sented by Yan et al. (2019), where LCFs in all scenarios are
mutually combined and tested to develop an optimal solu-
tion, which would lead to a tremendous number of LSMs in
this paper and was therefore discarded, rather emphasizing
the investigation into developing a uniform approach.

5.2 Discussion regarding different statistical methods

Unlike low differences between the 11 scenarios, the 5 ap-
plied methods showed substantial deviations from each other
in different quantitative and qualitative performances as seen
in Sect. 4.2, 4.3, 4.4. and 4.6. Namely, RF outperforms other
methods significantly in model evaluation, followed by the
NN method, whereas IV, LR and SVM differ minimally and
show the lowest Cohen’s ¥ and AUC values. Furthermore,
predictive performance favours LR, whereas RF performed
poorly, leaving IV, NN and SVM in between. Lastly, clas-
sification metrics favour RF due to perfect results in model
evaluation. Moreover, unlike IV and SVM, RF has the most
landslide presence in a very high susceptibility zone. On the
other hand, RF also excels in the area presence of a very low
susceptibility zone, having it by far the largest compared to
other methods while keeping a low percentage of landslide
presence.

Examining SD maps of susceptibility values for each
method individually (Fig. S3), uncertainty through 11 sce-
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Figure 9. AUC quantitative parameter describing classification performance of 54 derived landslide susceptibility models.

narios is measured for each method. Surprisingly, the IV, LR
and SVM methods show minimal SD values for most of the
study area. Namely, the SVM method has 99 % of the study
area in the 0.0-0.1 SD zone, whereas IV and LR methods
have < 5 % of the study area in the 0.1-0.2 SD zone. In addi-
tion, SVM and IV methods display noticeable uncertainty in
the south and the southeastern part of the study area, whereas
the LR method has them distributed throughout the study
area. Conversely, RF and NN methods have significantly less
area in the lowest SD class.

The quantitative and qualitative analysis applied to com-
pare 54 derived LSMs showed the advantages and disad-
vantages of the 5 used methods, justifying the broader ap-
proach in this study. In model evaluation, RF often classi-
fied the training pixels perfectly, whereas the predictive per-
formance was significantly lower, leaving an open question
to investigate further. Nonetheless, a rigorous approach with
an unbiased training dataset and 50 % to 50 % landslide in-
ventory splitting still enabled high predictive performance.
Moreover, RF clusters the values close to 0 and 1 suscepti-
bility, leaving low- and high-susceptibility zones relatively
small. However, considering landslide presence in the RF
susceptibility zones, extreme landslide density in the very
high zone can be observed. Interestingly, the IV method can
be regarded as equally usable despite the modelling using
only unstable pixels. Moreover, IV was poorly influenced by
LCFs having few classes, similar to LR and SVM. All three
methods showed extremely low SD values, indicating that all
11 scenarios are equally suitable for their application con-
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sidering the resulting susceptibility values. On the contrary,
NN and RF are affected by the lack of more classes in LCFs
(i.e. should not be used recklessly). Considering the classi-
fication parameters, low landslide presence was detected in
very high susceptibility zones for both IV and SVM. De-
spite using 100 classes for LCFs in scenario S1, SVM was
the only method that had well-characterized susceptibility
zones in close-up views, unlike other methods, which were
rather pixellized (Fig. S4). NN and even to a greater extent
RF seem to outperform IV, LR and SVM considering quan-
titative metrics. However, the qualitative approach depicted
certain drawbacks which should be noted. On the other hand,
certain advantages were noted in the IV and SVM methods,
despite their poorer performance. Consequently, we suggest
using LR as a starting point, being the most stable with the
least extraordinary results, whereas for IV, NN, RF and SVM
methods, the classification criteria can drastically influence
the LSM quality; i.e. optimization should be applied as well
as considering the LSA’s purpose.

Considering that in many LSA comparison papers the
mentioned model evaluation and/or validation metrics reach
satisfactory results in the tested scenarios, in this study we
emphasized the classification parameters for the following
reasons:

i. Satisfactory quantitative metrics results are expected in
model evaluation (fitting performance) and LSM vali-
dation (predictive performance) due to complete input
data of high spatial accuracy.

Nat. Hazards Earth Syst. Sci., 25, 183-206, 2025
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ii. Classification parameters take into consideration all
identified unstable pixels from the complete landslide
inventory.

iii. Spatial distribution of classified LSMs allows insight re-
garding application in the spatial planning system, com-
bined with susceptibility zone relation to elements at
risk (e.g. buildings, roads).

iv. Classification parameters define relations of all iden-
tified landslide presence in each defined susceptibility
class, essential for application and for defining landslide
protocols for LSA.

Putting the differences aside, all methods resulted in ob-
jectively excellent LSMs and confirmed the previous LSA
done by Bernat Gazibara et al. (2023) in the study area. How-
ever, modelling on a large scale and aiming towards appli-
cation in spatial planning, using a qualitative approach has
proven to be of great significance by providing new insights
into landslide susceptibility modelling. Without the latter, a
complete picture of the used methods could not be acquired.
LSA is often carried out to optimize certain parameters (e.g.
method, mapping unit, inventory type) by developing dozens
of LSMs which are further compared. When landslide sus-
ceptibility modelling reaches a point where most LSMs have
a high fitting and predictive performance, we argue that ad-
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ditional metrics (e.g. qualitative approach and classification
parameters) are needed, depending on the scope of the LSA.

6 Conclusions

The presented work is based on geomorphologically signif-
icant and spatially accurate thematic data for LSMs, mak-
ing it one of the rarest pieces of scientific research to im-
plement the recommendations for LSA by Reichenbach et
al. (2018). More precisely, Reichenbach et al. (2018) identi-
fied that LSA researchers are more eager to experiment with
modelling techniques than to focus on acquiring relevant the-
matic and landslide data. Moreover, existing literature deals
with preparing thematic input data in a general way and
lacks a uniform approach for continuous LCF classification.
This work represents a comprehensive analysis of different
classification criteria for continuous LCFs and applies the
most commonly used statistical methods evaluated by sev-
eral quantitative and qualitative metrics to obtain representa-
tive conclusions and novelties regarding large-scale LSMs.
We defined 11 classification criteria for the 7 continuous
LCFs applied in the landslide susceptibility modelling: ele-
vation, slope, terrain wetness, proximity to geological con-
tact, faults, streams and drainage network. Also, two criteria
were applied to the categorical aspect LCF, whereas the re-
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maining categorical LCFs, i.e. lithology (rock/type) and land
use, remained constant in all scenarios. Scenarios were de-
fined based on the classification criteria applied in the lit-
erature review and/or modifications of the criteria and vary
by stretched values, partially stretched classes, the heuris-
tic approach, classification based on studentized contrast and
landslide presence, and commonly used classification (such
as natural neighbour, quantiles and geometrical intervals).
By applying 5 statistical methods (i.e. IV, LR, NN, RF and
SVM), 54 LSMs were derived, providing comprehensive in-
sight into the research issue. Also, a strict landslide sam-
pling approach was used, with 50 % of landslide polygons
used for training and the other 50 % for validation. Quan-
titative metrics to measure each derived LSM include false
alarm rate and hit rate AUC, Cohen’s « model evaluation),
AUC prediction rate values, SD class percentage area (model
validation), AUC, susceptibility zone percentage area, and
landslide area presence in susceptibility zones (model clas-
sification). The complete set of studied metrics proved to be
necessary, pointing out the advantages and disadvantages of
used methods and classification scenarios. Considering gen-
eral performance, all the derived LSMs proved to be reliable
considering usually studied metrics, i.e. AUC for fitting and
predictive performance.

The analysis presented in the paper resulted in a set of
large-scale LSMs created from representative and spatially
accurate input data, including detailed lidar-based landslide
inventory and high-resolution thematic data. Based on 54 re-
liable LSMs, specific conclusions with practical application
could be made. The landslide susceptibility modelling was
done on 21 km? in the Podsljeme area, using a 5 m pixel as a
mapping unit suitable for large-scale LSA. The study area is
characterized by small and shallow landslides and can be rep-
resentative of similar environments with high-quality input
data for landslide susceptibility modelling. The main conclu-
sions and novelties derived from the presented comprehen-
sive large-scale landslide susceptibility analysis are follow-
ing:

(i.) Due to using relevant input data with sufficient spatial
accuracy, landslide susceptibility modelling performed
by any statistical method or any LCF classification sce-
nario in this paper resulted in a highly reliable LSM.

(ii.) Any of the suggested scenarios to classify continuous
LCFs is appropriate if it resulted in roughly 10 or un-
limitedly more classes in the LCF, suggesting the higher
importance of the number of classes in LCFs than the
method of how the classes were created. In other words,
a low number of classes in LCFs, such as < 5, are likely
to perform poorly and should be avoided.

(iii.) Applying input data layers as stretched rasters (scenario
S11) and line vectors as buffers with > 10 buffer zones
simplifies the susceptibility modelling process and pro-
vides a uniform solution to preparing LCFs.

https://doi.org/10.5194/nhess-25-183-2025

(iv.) Quantitative classification parameters and uncertainty
metrics, as well as qualitative comparison (e.g. close-
up views to verify spatial accuracy) applied in this
study, are necessary metrics to evaluate optimal set-
tings for large-scale landslide susceptibility modelling
as they depict LSM characteristics unidentified by stan-
dard quantitative fitting and/or prediction metrics.

(v.) Optimal method selection remains an open question and
generally should be considered regarding the final ap-
plicability of the LSA, whereas in this study the LR
method presents the most stable and representative op-
tion, and the RF method offers optimal performance
when appropriately applied, achieving far better perfor-
mance.

(vi.) NN and RF methods are more sensitive to the LCF clas-
sification criteria than IV, LR and SVM.

However, using the same strategy on a different scale or
with an incomplete dataset (either irrelevant LCFs or a non-
representative landslide inventory) remains an open question
which requires additional research. Moreover, comprehen-
sive comparison using a variety of parameters provides new
insight into derived LSMs. For LSM validation, quantitative
metrics are not representative due to the lack of a spatial ac-
curacy component, which is especially important in large-
scale LSA and was proven in this paper. The studied quali-
tative metrics are maps of SD classes for model validation,
whereas the spatial distribution of susceptibility zones and
landslides in full extent and additionally with elements at risk
in close-up views are used to describe classified LSMs. Pre-
sented results and performed validation of LSMs contribute
to the preparation of recommendations, evaluation, and use
of LSMs and associated terrain zonation proposed by Re-
ichenbach et al. (2018). The recommended qualitative met-
rics enable the verification of the LSMs for practical applica-
tion in spatial planning at the local level because they enable
comparison with real environmental conditions and elements
at risk that are visible on close-up views and high-resolution
hillshade maps.
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Figure S3. Standard deviation maps and class area distribution defined through 11 scenarios for each
method, i.e. IV (a), LR (b), NN (c), RF (d), SVM (e)
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Abstract: This paper focuses on large-scale landslide susceptibility modelling in NW Croatia. The
objective of this research was to provide new insight into stable and unstable area sampling strategies
on a representative inventory of small and shallow landslides mainly occurring in soil and soft rock.
Four strategies were tested for stable area sampling (random points, stable area polygon, stable
polygon buffering and stable area centroid) in combination with four strategies for unstable area
sampling (landslide polygon, smoothing digital terrain model derived landslide conditioning factors,
polygon buffering and landslide centroid), resulting in eight sampling scenarios. Using Logistic
Regression, Neural Network, Random Forest and Support Vector Machine algorithm, 32 models were
derived and analysed. The main conclusions reveal that polygon sampling of unstable areas is an
imperative in large-scale modelling, as well as that subjective and/or biased stable area sampling
leads to misleading models. Moreover, Random Forest and Neural Network proved to be more
favourable methods (0.804 and 0.805 AUC, respectively), but also showed extreme sensitivity to the
tested sampling strategies. In the comprehensive comparison, the advantages and disadvantages of
32 derived models were analysed through quantitative and qualitative parameters to highlight their
application to large-scale landslide zonation. The results yielded by this research are beneficial to the
susceptibility modelling step in large-scale landslide susceptibility assessments as they enable the
derivation of more reliable zonation maps applicable to spatial and urban planning systems.

Keywords: landslide susceptibility; sampling strategy; large scale; machine learning; remote sensing;
Croatia

1. Introduction

Landslide zoning maps are useful tools in managing landslide hazards as they pre-
sent territory divided into homogeneous areas, considering the degree of susceptibility,
hazard or risk [1], whereas a landslide susceptibility map depicts the spatial probability of
landslide occurrence [2]. Intensive research on landslide susceptibility has been carried out
in the last 40 years, starting with the key report by Varnes and International Association for
Engineering Geology Commission on Landslides and other Mass-Movements [3], followed
by the most significant publications [1,4-9] in the period from 1996 to 2013. The increasing
trend in landslide susceptibility studies has resulted in more recent review papers on
specific topics, such as a review of national studies [10], certain geographical regions [11]
or hazard zonation techniques [12]. Furthermore, reviews on various aspects of landslide
susceptibility modelling are given in [13] (from 1983 to 2016), [14] (from 2005 to 2016)
and [15] (from 1999 to 2018).

In Croatia (Europe), refs. [16,17] identified the necessity of applying large-scale land-
slide susceptibility maps in spatial and urban planning. The main purpose of landslide
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susceptibility maps is to provide information about the spatial probability of small and
shallow landslides occurrences that limit potential land-use. This study focused on a
hilly area (approx. 20 km?) located in the Pannonian Basin (NW Croatia) with prevailing
precipitation-triggered landslides [18] that caused damage to buildings and infrastructure.
In previous research, great attention was also given to developing relevant landslide and
thematic input data [19,20]. This paper deals with an open question of sampling strategies
of stable and unstable areas in the given environmental settings, focusing on the determina-
tion of its influence in statistically based landslide susceptibility modelling for application in
large-scale spatial and urban planning. The choice of sampling strategy for stable/unstable
mapping unit selection is a crucial issue in landslide susceptibility assessments, as the type
and parametrization of the sampling approach significantly change landslide susceptibility
models (LSMs).

The random selection of stable points usually serves as a reference for comparison
with many other creative and novel approaches that have been introduced into the litera-
ture. For example, [21] and/or [22] analysed and compared the following most significant
sampling methods of stable points: Bioclim [23], domain methods [24], one-class support
vector algorithm [25], Improved Target Space Exteriorization Sampling [26], buffer control
sampling, information value, mini-batch K-Medoids [27] and integrative sampling com-
bination [22]. Furthermore, ref. [28] introduced similarity-based sampling, ref. [29] used
Newmark-based sampling, while [30] presented an objective Mahalanobis distances-based
method. More simple approaches deal with restricting the location of the sampling area
to low-susceptibility zones based on preliminary LSMs [31], either by means of different
buffer zones around landslides [32] or by means of a rectangle zone in lowlands with
(and without) buffer zones [32]. Ref. [33] favoured sampling stable areas from randomly
generated circles with a diameter equal to the mean landslide width, whereas [34] proved
that landslide susceptibility is sensitive to random sampling of stable data in lithologically
heterogeneous areas.

Considering unstable area sampling, ref. [35] compared landslide scarp centroid, scarp
points on a 50 m grid and the entire scarp polygon in two pilot areas, and generally found
low differences in success and prediction rates. Research conducted by [36] shows better
results with landslide scarp and body polygons over scarp and body centroids. Simi-
larly, ref. [37] characterize polygon sampling with better accuracy and lower uncertainty,
whereas [38] found low differences between polygon scarp area and polygon landslide
area. A case study by [39] highlighted that choosing a single point at a 50 m distance from
the scarp area results in higher uncertainties, similar to the conclusion of [40], claiming that
the point can be misleading and results in lower accuracies. For the sampling of landslides
as centroids, ref. [41] suggest that landslide run-out should be included separately in the
landslide inventory to derive more reliable LSMs. Ref. [42] introduced seed cells, i.e., zones
that represent undisturbed morphological settings before the occurrence of a landslide,
followed by [43], who found little differences between seed cells and landslide scarp, while
also indicating the lowest results in point sampling. Generally, in landslide susceptibility
studies that do not investigate sampling strategies, the most commonly used are landslide
points (e.g., centroid) [44-49] and polygons [50-54].

In the past few years, the notable increase in research studies considering the stable
area sampling underlines that this topic is of high interest. Besides that, studies commonly
investigate traditional and/or experimental strategies, dealing with sampling either stable
areas or unstable areas, whereas the investigation of both simultaneously is rarely con-
sidered. For instance, ref. [55] defined 14 scenarios based on two strategies to sample
un-stable areas (i.e., landslide core and landslide extension) and seven strategies for stable
areas sampling (random sampling, three buffer options and three areas defined as very
low-susceptibility zones). Based on this research, it arises that a random selection of stable
areas may enlarge the uncertainty of modelling, whereas the landslide core is suggested as
a more suitable option for unstable area sampling. Besides the sampling strategies relating
to stable or unstable areas, their size ratios are also discussed by means of oversampling
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or undersampling [21,56]. The most common size ratio sampling encompasses an equal
amount of stable and unstable areas [22,29,32,55,57,58]. Furthermore, ref. [57] suggested
a minimum of 400 stable and unstable points to be used for a case study, whereas [35]
and [59] managed to achieve excellent predictive performance by training a model with
as low as 10% of the available unstable samples. All o f the abovementioned shows that
the results and conclusions vary from study to study, and currently, no uniform proposal
exists. Moreover, a lack of papers dealing with sampling both stable and unstable areas is
evident, as well as the necessity to test the sampling strategies by means of their influence
on the particular applicability of a LSM, especially in large-scale analysis.

The main objective of this paper is to determine a more objective and effective sam-
pling strategy for stable and unstable areas for large-scale landslide susceptibility modelling.
Specifically, this is carried out in hilly areas with prevailing small and shallow landslides
to propose the type and parametrisation of sampling approach that can be used for the
development of landslide zonation maps. In order to achieve a comprehensive comparison
of sampling strategies, we tested four strategies for stable area sampling (random points,
stable area polygon, stable polygon buffering and stable area centroid) in combination
with four strategies for unstable area sampling (landslide polygon, smoothing digital
terrain model (DTM)-derived landslide conditioning factors (LCFs), polygon buffering
and landslide centroid). Based on combining the defined sampling strategies, eight mod-
elling scenarios are prepared to apply to four commonly used machine learning methods
(e.g., [14,60-62]), namely, Logistic Regression (LR), Neural Network (NN), Random Forests
(RFs) and Support Vector Machine (SVM)), resulting in 32 LSMs.

Considering the environmental setting of hilly areas with small and shallow landslides
and the scope of the modelling, that is, large-scale susceptibility zonation for land-use
planning, this research is based on very high-resolution (HR) remote sensing data (LiDAR,
i.e., Light Detection and Ranging DTM-derived maps and orthophoto images of HR)
necessary for 5 m pixel-based susceptibility analysis. The novelties of this research are
twofold: (i) it highlights the possible pros and cons of landslide sampling in probabilistic
zonation based on combinations of multiple sampling strategies of stable and unstable
areas; and (ii) it introduces novel sampling strategies to test their applicability to large-scale
zonation maps for spatial and urban planning at the local level, which requires accurate
susceptibility information derived from representative landslide and thematic mapping.

2. Material
2.1. Study Area

The study area is in NW Croatia. It spans 20.2 square kilometers across the Bednja
Municipality and Lepoglava City (Figure 1). According to [63], landslides are abundant in
the area, with more than 1500 in NW Croatia occurring from 2006 to 2014, mainly triggered
by precipitation events and intense snow melt [18]. The study area is predominantly hilly,
with 90% of the area having slope angles of > 5° [19], indicating a high risk of landslides.
Approximately 78% of the area is composed of Miocene sediments, i.e., sandstones, marls,
sands, tuffs (Burdigalian) and biogenic, sandy, and marly limestones, calcareous marls
and sandstone (Tortonian). Sands, silts and gravels located in the valleys are Quaternary
lithologies that comprise 14% of the study area, whereas dolomites, limestones, sandstones,
dolomitized breccias and shales represent Triassic deposits (7%) [64—67]. Bednja Munici-
pality and Lepoglava City are predominantly rural areas, i.e., poorly urbanized areas with
low population densities. Ref. [19] described land-use as follows: artificial areas (3% of the
study area), agricultural areas and low vegetation (24% of the study area), forest areas and
high vegetation (73% of the study area) and water bodies (~0% of the study area). The two
main water flows in the study area are the river Bednja and the Kamenica stream. Perennial
and temporary water flows are 5.7 and 24.5 km in length, respectively. The climate of the
area can be described as continental, with a mild maritime influence, with most rainfall
occurring from May to November [68]. The closest meteorological station to the study area
is 30 km west, which measured a mean annual precipitation of approximately 874 mm from
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1949 to 2020 [69]. As identified by [20], more than 50% of landslides are located 25 to 75 m
from roads, whereas <5% of landslides are found 0 to 25 m distance from buildings. Conse-
quently, the necessity for landslide management and developing landslide susceptibility
maps in the study area is of the utmost importance [16].

2.2. Landslide Data

As a first step to modelling the landslide susceptibility of the study area, a geomor-
phological landslide inventory map was interpreted (Figure 1) based on HR-DTM [19],
created from a high-density LiDAR point cloud with 30 cm bare-earth point spacing [20].
The resulting 0.3m HR-DTM was suitable for mapping small and shallow landslides under
vegetation [70-72] with high precision and accuracy [20,72]. The finalized geomorphologi-
cal landslide inventory map, which included field verification, contained 912 phenomena
with a density of 45 landslides per square kilometer and an average size of 448 m? [19,20]
(Table 1). Generally, landslides can be categorized as small and shallow, mainly occurring
in soil and soft rock.

Table 1. Comparison of statistical parameters for landslide and stable area inventories.

Amount of Density Min. Max. Average Median Standard Total Size
Polygons (N)  (N/km?) (m?) (m?) (m?) (m?) Deviation (m?) (km?)
Landslide inventory 912 45 3.3 13,779 448 173 880 0.41
Stable area 912 45 44 6986 421 194 662 0.38

inventory

Stable areas (Figure 1) were mapped using HR morphometric maps derived from HR
DTM, depicting accurate environmental /morphometrical conditions. The inventory of
the stable areas was mapped by the same group of landslide mappers as the landslide
inventory, based on researchers’ experience, and the following set of rules was considered:
(i) define stable areas in all geological environments, (ii) uniformly distribute the stable
areas throughout the entire study area and (iii) the finalized inventory should have statis-
tical parameters similar to the landslide inventory map. Table 1 shows a comparison of
the statistical parameters for stable and unstable inventories and Figure 2 illustrates the
distributions of landslide centroids, centroids from mapped stable polygons, and randomly
generated stable points in different slope classes, which are all needed for the definition of
susceptibility analysis across eight scenarios. It can be concluded that the landslide inven-
tory and the inventory of stable areas have the opposite trend considering the distribution
of mapped features in slope classes, while randomly generated stable points follow the
distribution of slope classes for the entire study area.
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Figure 1. Study area location in Europe (A), Croatia (B), NW Croatia (C) and mapped landslide and
stable area inventories in the study area (D).
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Figure 2. Distributions of landslide centroids, centroids from mapped stable polygons and randomly
generated stable point in different slope classes.

2.3. Thematic Data

Following recommendations by [13], the geo-environmental information used for
landslide susceptibility modelling in this study was selected considering the scale and the
scope of the analysis and the data’s quality, accuracy and relevance. Ref. [19] provided a
detailed analysis of data availability for landslide hazard assessments in the study area,
reaching the conclusion that HR LiDAR DTM and orthophoto images represent optimal
input data to derive LCFs. Furthermore, in a preliminary susceptibility analysis [73], the
application of spatially inaccurate LCFs resulted in a LSM with roughly 10% lower success
and prediction Area Under the Curve (AUC) values than the model that used LCFs derived
from HR remote sensing data. Considering the above, a 5 m-resolution LiDAR-based
DTM was used to derive the geomorphological and hydrological LCFs used in this study.
Furthermore, 0.3 m-resolution LiDAR-based HR DTM derivatives enabled the modification
of the small-scale geological maps [64,67], as described in [19], following the methodology
used by [74] and [75]. To achieve large-scale spatial accuracy, 0.5 m-resolution orthophoto
images [76] served as a basis to derive anthropogenic LCFs, which were supplemented
with a variety of different source files (see Figure 3 in [19]).

3. Methodology
3.1. General Workflow

The susceptibility modelling workflow in this study generally followed the interrelated
steps described in [13]. As depicted in Figure 3, the workflow can be grouped into modelling
and result analysis. Preparing input data consists of developing training and validation
datasets needed for eight scenarios defined by different sampling strategies used for stable
and unstable areas. It should be stated that in all 32 LSMs, a rigorous 50% ratio of training
and validation data was applied, which is uncommon, as researchers more often choose
a significantly larger training dataset (e.g., [32,37,55,58]). The reason for this rigorous
approach is to test the model under the most unfavourable conditions, which we find
necessary for a large-scale landslide susceptibility assessment. Moreover, the complete
and representative landslide inventory and spatially accurate LCFs enable high model
performance. The stable and unstable datasets required for the susceptibility modelling
were derived from polygon-based landslide and stable area inventory maps. Similarly, a
set of LCFs was prepared using either regular or smoothing sampling for application to
eight scenarios. After finalizing the datasets, collinearity testing between LCF maps was
performed, followed by the development of 32 LSMs using four machine learning methods
in eight scenarios. Finally, the derived LSMs were analysed using appropriate metrics
for fitting, predictive and verification performance, as well as measuring uncertainty [13]
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and deriving landslide susceptibility zonation maps. As even high evaluation metrics can
favour a scenario that has evident model misclassifications (i.e., opposed to reality) [32],
we opted for the mentioned parameters, as well as qualitative assessments.

Preparing landslide and thematic data
Collinearity testing

Deriving landslide susceptibility models in 8 scenarios and 4 methods

v v

Result analyses s Modelling Jp»

Extracting Standard Extracting Model Probabilistic
training area™ deviation validation verification classification
maps of area™*
Model pr°babt{'t')5.}.‘t° \ 4 Hit Rate & Susceptibility
fitting LS DYDY Model False Alarm Rate zone size
performance values prediction AUC'
parameters performance :
parameters Spatial
distribution of
Cohen’s Kappa v susceptibility
Cohen’s Kappa zones
Hit Rate &
False Alarm Rate Hit Rate & :
AUC' False Alarm Rate sl
AUC presence

‘area under the curve, *extracted differently for each scenario, **extracted equally for all scenarios
Figure 3. Workflow for applied landslide susceptibility modelling.

3.2. Preparing Stable and Unstable Datasets

Eight different modelling scenarios were defined and named based on a combination of
sampling strategies for stable and unstable pixels or considering different LCF preparation
procedures (Table 2). Namely, polygon-based landslide and stable area inventories were
split into two equally large sets, defining the training and validation polygons. The eight
training datasets were rasterized and used in the susceptibility analyses. Scenarios S1-PR_r
(Figure 4A), S2-PR_s (Figure 4A), S4-PM_r (Figure 4C) and S5-PM_s (Figure 4C) sample
unstable areas at the mapped landslide location, as illustrated in Figure 5A. Random
stable pixels were generated in an equal number as unstable pixels to define scenarios
S51-PR_r and S2-PR_s, opposite to scenarios 54-PM_r and S5-PM_s, which use the mapped
stable pixels from the stable area inventory. To our knowledge, an experience-based stable
area inventory has not been developed or utilized in landslide susceptibility modelling,
even though a few researchers have attempted “non-susceptibility” zonation (e.g., [77]).
Furthermore, scenarios S2-PR_s and S5-PM_s use smoothened DTM-derived LCFs (e.g.,
Figure 5C), i.e., elevation, slope, landform curvature, aspect, site exposure index and
integrated moisture index. DTM was smoothened in ArcMap 10.8 by using the mean
statistics type “Raster calculator” tool exclusively on the entire unstable pixel area defined
by the landslide inventory map. It should be stated that the smoothing process can lead to
different terrain changes due to settings in the “Raster calculator” and that several tests
were conducted to achieve the desired effect in our study. Namely, the scale of the analysis
and, consequently, pixel size and DTM quality, represent the parameters of interest. The
smoothened DTM was further used to derive the previously stated LCFs to simulate a
proxy of the terrain conditions prior to the occurrence of a landslide (i.e., undisturbed
morphological settings [42]). Scenario S3-BR_r (Figure 4B) uses buffered unstable areas
(Figure 5B) with randomly generated stable pixels. Similarly, scenario S6-BbM_r (Figure 4D)
is defined by buffered unstable areas and buffered stable areas. For scenarios S3-BR_r and
56-BbM_r, the aim of sampling buffered areas is to train the model on undisturbed terrain,
i.e., avoiding the direct influence of modified terrain conditions. The buffering distance on
the polygon is set to 6.25 m, i.e., 1.25 times the pixel resolution (5 m). Scenarios S7-CR_r
(Figure 4E) and S8-CcM_r (Figure 4F) use landslide centroids as unstable areas, whereas
the stable pixels in scenario S7-CR_r are defined randomly. Stable area polygons are
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transformed into centroids and used as stable pixels in scenario S8-CcM_r. It should be
stated that the randomly generated stable pixels needed for scenarios S1-PR_r, S2-PR_s, S3-
BR_r and S7-CR_r were generated throughout the entire study area, excluding only the area
already selected to have unstable training pixels. As a result, an unbiased approach was
ensured by allowing random stable pixels to be generated even in unstable validation pixels.
The extent of the described model training for eight sampling scenarios is summarized
with abbreviations and quantified by the number of pixels for unstable and stable areas in
Table 2. From 456 pixels in scenarios S7-CR_r and S8-CcM_r to 10,099 pixels in scenario
53-BR_r, all eight scenarios have a similar or equal amount of unstable and stable pixels.

Table 2. Defined model training extents for eight scenarios.

Model Training Extents

Scenario Unstable Area Stable Area DTM-Derived Abbr. *
Sampling Type Abbr. * Pixel (N) Sampling Type Abbr. * Pixel (N) LCFs
Landslide polygon P 7793 Randomly ger.lerated R 7793 Regular _r
s1 stable point
A reference point scenario, using commonly used landslide polygon sampling and random stable points
Landslide polygon P 7793 Randomly generated R 7793 Smooth s
stable point
S2
A novel scenario testing unstable area sampling by smoothing DTM derived LCFs to simulate terrain conditions prior to landslide
occurrence, i.e., capturing undisturbed terrain conditions at landslide locations
Bufff'er zone on B 10,099 Randomly. generated R 10,067 Regular r
landslide polygon point
S3
An alternative to scenario 52, using previously researched buffer zones to capture terrain conditions not influenced by
landslide presence
Landslide polygon P 7793 Mapped stable polygon M 7543 Regular _r
S4 A novel scenario testing stable area sampling by sampling mapped stable polygons and using unstable landslide polygons as a
reference point
Landslide polygon P 7793 Mapped stable polygon M 7543 Smooth _s
S5
Testing unstable areas as in scenario S2 with an addition of novel mapped stable polygons
Bufff.er zone on B 10,099 Buffer zone on mapped bM 9573 Regular b
S6 landslide polygon stable polygon
Testing unstable areas as in scenario S3 with an addition of novel mapped stable polygons
Landslide centroid C 456 Randomly geperated R 457 Regular _r
S7 stable point
A reference point scenario, using commonly used landslide centroid sampling and random stable points
Landslide centroid C 456 Centroid from mapped cM 456 Regular r
stable polygon
S8

A novel scenario testing stable area sampling by sampling centroids from mapped stable polygons and using unstable landslide
centroid as a reference point

* Abbreviation.

The extent of validation is equal for all eight scenarios, and it consists of the second
half of the landslide and stable areas polygons, which were excluded from all model
training scenarios (Figure 4G). In other words, the extent of the validation dataset was
unseen when training the model in all eight scenarios and is based on mapped locations
for both stable and unstable areas, thus providing a uniform measurement of predictive
performance for a valid comparison of results. It contains 8543 and 7773 pixels created by
the rasterization of 456 mapped landslide and stable area polygons, respectively. Having
nearly identical amounts of stable and unstable pixels distributed throughout the entire
study area, the extent of validation provides satisfactory information about the predictive
performance of the landslide susceptibility model as described by Cohen’s Kappa index
and AUC. Moreover, the mapped polygons that defined the extent of validation represent
accurate yet heuristically defined environment conditions with high spatial accuracy in
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relation to stable and unstable areas. As a result, an unbiased approach is ensured, meaning
that the comparison is objective due to the uniform approach used for all eight scenarios.

Training extents (A-F) Validation extent (G) Verlf cation extent (H) Hillshade

Unstable area sampling Unstable area sampling Unstable area sampling  High

- Stable area sampling - Stable area sampling - Stable area sampling Low -

Figure 4. Close up examples for stable and unstable pixel sampling in training, validation and verification.
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Model verification was also calculated to equal extents in all models by using AUC
to examine the validation landslide polygons as unstable pixels (8543 pixels) and the
remaining study area as stable pixels (800,267) (Figure 4H). The purpose of this is to
quantify the performance of model agreement on unseen landslide data, but doing so
on the entire study area, i.e., 808,810 pixels, unlike the predictive performance, which
examines the extent of validation on 16,316 pixels. This metric provides necessary insight
into the agreement performance of the entire study area, which is necessary for a large-scale
landslide susceptibility assessment.

SRS -]

~ ~

- Rasterized landslide, polygon sampling Hillshade

Low High

Figure 5. Examples of sampling strategies: (A) polygon sampling, (B) buffer sampling and
(C) smoothed LCF sampling.



Remote Sens. 2024, 16, 2923

11 of 26

3.3. Preparing Thematic Data

Considering the thematic data, i.e., LCFs, a set of 12 maps grouped as geomorphologi-
cal, geological, hydrological and anthropogenic is prepared from the source data by using
the methods or tools described in Table 3. The LiDAR point cloud stands out as the most
significant source data as it enables the derivation of a DTM (elevation LCF), which was
further used as source data for all geomorphological and hydrological LCFs. Moreover,
the LiDAR point cloud was used in anthropogenic LCFs and to derive a HR-DTM, which
was necessary for the modification of geological LCFs. It should be stated that stretched
rasters, i.e., elevation, slope, landform curvature, aspect, site exposure index and integrated
moisture index were used in susceptibility analysis without a classification method, i.e., as
stretched rasters, whereas the 5 m buffer zone intervals derived from line vectors resulted in
a sufficient number of classes and maximally simulate continuous behaviour [78]. The spa-
tial distribution of the stretched raster LCF values, LCFs defined by buffer zones (proximity
to engineering formations, drainage network, traffic infrastructure and land-use contact)
and classes of categorical LCFs (engineering formations and land-use) are illustrated in
Figure 6. All LCFs were processed to an equal number of pixels (i.e., rows and columns) to
a 5 m resolution.

Table 3. Overview of source data and methodology to derive landslide conditioning factors.

Landslide Conditioning Factor Source Data Obtained by
Elevation LiDAR point cloud (class 2, bare earth) Interpolation
Geomorphological Landform curvature Elevation ArcGIS 10.8 Landform curvature tool [79]
Aspect Elevation ArcGIS 10.8 Aspect tool
Engineering formations Croatian Basic Geological Digitization, visual interpretation of
Geological & & Maps [64,67], HR-LiDAR DTM HR-LiDAR DTM derivatives
PrOXImEE};IISafir;il;leerlng Engineering formations ArcGIS 10.8 Multiple Ring Buffer tool
Proximity to drainage network Elevation ArcGIS 10.8 Spatial Analyst Toolbox
. Site exposure index Elevation ArcGIS 10.8 Site Exposure Index tool [79]
Hydrological .
. . . ArcGIS 10.8 Integrated Moisture Index
Integrated moisture index Elevation
tool [79]
Digital orthophoto, LIDAR point
Land-use cloud, HR-LiDAR DTM, Open Street see [19] Figure 3
Anthropo-genic Proximity to traffic Viaps Land-use planning maps
X y Roads input data (see [19] Figure 3) ArcGIS 10.8 Multiple Ring Buffer tool
infrastructure
Proximity to land-use contact Land-use ArcGIS 10.8 Multiple Ring Buffer tool

Table 4 depicts an overview of continuous (i.e., stretched rasters and line vectors) and
categorical LCFs, including a comparison of regular and smooth sampled LCFs. Namely,
the difference in minimum, maximum, mean and standard deviation statistical parameters
between regular and smoothened LCFs is either not present or insignificant. This is
not surprising because <2% of the study area was smoothened. It should be noted that
the geological and anthropogenic LCFs do not consist of DTM-derived LCFs that were
smoothened. Deriving 5 m buffer zones for the LCFs, which are defined by their proximity
to line vectors, resulted in a maximum of 260 and 585 m zones for proximity to traffic
infrastructures and land-use contact anthropogenic LCFs, respectively. Proximity to the
drainage network is defined with 32 classes, i.e., reaching a maximum distance of 160 m,
whereas the proximity to engineering formation LCF is defined with 104 classes and a
maximum distance of 520 m.
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Figure 6. Landslide conditioning factors used in the susceptibility modelling: (A) elevation, (B) slope,
(C) landform curvature, (D) aspect, (E) proximity to drainage network, (F) site exposure index,
(G) integrated moisture index, (H) proximity to traffic infrastructure, (I) proximity to land use contact,
(J) land use, (K) engineering formations and (L) proximity to engineering formations.
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Table 4. Categorization and statistical parameters for landslide conditioning factors.
Landslide Conditioning Factors (LCFs)
. Categorical
Continuous LCFs LCFs
Name Stretched Raster Line Vector
Classes (N)
Min. Max. Mean  St. Dew. Interval Classes
(m) (N)
Elevation R 2225 679.8 304.4 773
Elevation ® 2225 6798 3044 773
Slope R 0 80.3 18.9 10.2
Slope S 0 80.3 18.9 10.2
Geomorphological R
Landform curvature —2.6 21 21 0.1
Landform curvature S ~ —2.6 21 2.0 0.1
Aspect R 0 360 183.8 89.6
Aspect S 0 360 183.8 89.6
Engineering formations 5
Geological Proximity to 5 104
engineering formations
Proximity to drainage 5 30
network
Site exposure index R —55 77 29 14.8
Hydrological Site exposure index 5 —55 77 2.9 14.8
Integrated moisture - _» g 10416 1152 2480
index
Integrated moisture —28 10416 1143 2420
index
Land-use 4
. Proximity to traffic 5 5
Anthropogenic infrastructure
Proximity to land-use 5 117

contact

R indicates regular stretched raster used in scenarios S1-PR_r, S3-BR_r, 54-PM_r, S6-BBM_r, S7-CR_r and S8-CcM_r;
S indicates smoothened stretched raster used in scenarios S2-PR_s and S5-PM_s.

3.4. Modelling

After the development of relevant stable and unstable datasets and the thematic in-
formation according to the inter-related steps proposed by [13], an appropriate mapping
unit was selected based on the preliminary susceptibility modelling conducted in [80]. In a
preliminary study, 5 m-resolution pixels were selected over the slope units to adequately
represent spatial conditions in large-scale susceptibility modelling. After the selection
of the appropriate mapping unit, the prepared LCFs were tested for collinearity consid-
ering Pearsons’ R absolute value. An absolute value of 0.5 for Pearsons’ coefficient was
selected as a cut-off value to exclude LCFs showing collinearity. Out of 12 previously
described LCF maps, none showed collinearity and all of them were considered to be a
complete set of LCFs that could be further used in the analysis. A further step was the
statistical modelling of landslide susceptibility. Multiple studies (e.g., [61,62,81,82]) prove
that statistical methods differ in terms of certain advantages and disadvantages, resulting
in different LSMs, as shown by the comparison metrics. For that reason, and to provide
new insight into large-scale susceptibility modelling with different methods, LR, NN, RF
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and SVM methods were used for landslide susceptibility modelling. The modelling was
performed in MATLAB version 9.10.0.1602886 [83] software. Specifically, the “Statistics
and Machine Learning Toolbox” was used [84], where “fitclinear”, “fitcnet”, “fitcensemble”
and “fitcsvm” functions relate to LR, NN, RF and SVM classifiers, respectively [85]. The
readers are referred to [78] for details about method application, whereas [61] explain the
theoretical background of machine learning algorithms. The four statistical methods in
combination with eight sampling scenarios resulted with 32 different LSMs.

3.5. Comparison Metrics for Results Analysis

The previously explained sampling strategies define the training extent on which the
fitting performance is measured in each scenario. Namely, the training extents differ due
to the use of different sampling strategies but nonetheless keep an (nearly) equal amount
of stable and unstable pixels, enabling the evaluation of the classification performance in
the confusion matrix. For a uniform comparison of the 32 landslide susceptibility models,
the validation and verification extents are constant. On the defined training, validation
and verification extents, probabilistic susceptibility values are observed considering the
0.5 threshold to define a confusion matrix. As a result, the stable sampling pixels classified
as unstable or stable, and the unstable sampling pixels classified as stable or unstable [86]
are identified in each observed extent. The four variables are further used to calculate Co-
hen’s Kappa index [87] and to construct a Receiver Operating Characteristic (ROC) curve to
determine the AUC values [88]. Both metrics are commonly used in landslide susceptibility
modelling to describe fitting and predictive performance (e.g., [58,62,81,89-91]. Namely,
Cohen’s Kappa values of < 0.2 can be considered to be of slight and poor agreement, unlike
>0.8 values, which indicate an almost perfect agreement [87], whereas 0.5 AUC values
indicate random prediction, contrary to 1.0 values that suggest a perfect fit [92]. LCF
importance was tested using a leave-one-out test and quantified via AUC and Cohen’s
Kappa fitting performance values.

Moreover, to test modelling variability, 12 standard deviation (SD) maps of proba-
bilistic susceptibility values were derived considering the eight sampling scenarios and
four applied statistical methods. Uncertainty metrics can be used to identify changes in
probabilistic susceptibility values for each method throughout the eight scenarios and for
each scenario considering the four statistical methods. Namely, four SD maps describe the
uncertainty for each method based on probabilistic values in each of the eight sampling
scenarios, whereas probabilistic values in the four applied methods define eight SD maps
for each of the eight sampling scenarios. As a result, the uncertainty metric provides insight
into method and scenario stability and applicability, i.e., sensitivity to specific modelling
settings. SD maps were classified in 0.1 intervals, i.e., 0.0-0.1, 0.1-0.2, 0.2-0.3, 0.3-0.4
and 0.4-0.5 classes. Low SD values, i.e., the 0.0-0.1 class, indicate minimum uncertainty,
opposite to the high uncertainty, defined by the 0.4-0.5 SD class.

The zonation of probabilistic susceptibility models ranging from 0.0 to 1.0 was per-
formed by using 0.0-0.2 (very low), 0.2-0.45 (low), 0.45-0.55 (medium), 0.55-0.8 (high) and
0.8-1.0 (very high) intervals [58]. Furthermore, landslide presence and zone sizes were
examined and quantified for the derived zones.

4. Results
4.1. Model Fitting Performance

Cohen’s Kappa and AUC metrics, which describe the fitting performance of the
32 derived LSMs by applying LR, NN, RF and SVM methods in eight sampling strategies,
are shown in Figure 7. Models derived using the RF method show perfect agreement in
all eight scenarios by having 1.0 Cohen’s Kappa and AUC values. In other words, all of
studied stable and unstable training pixels studied had probabilistic susceptibility values
of <0.5 and >0.5, respectively. Generally, across all eight scenarios, LR and SVM methods
differed minimally. Those two methods showed lower fitting performance compared to
the NN method by having approx. 0.1 to 0.15 lower Cohen’s Kappa and AUC values
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in scenarios S1-PR_r, S2-PR_s, S3-BR_r and S7-CR_R. In scenarios S4-PM_r, S5-PM_s,
S6-BbM_r and S8-CcM_r the difference is extremely low in terms of AUC (i.e., <0.025)
and low in terms of Cohen’s Kappa (i.e., 0.05 to 0.15). The models were shown to be
more sensitive to the sampling strategy of stable areas, as suggested in the differences
between scenarios S1-PR_1, 52-PR_s, S3-BR_r and S7-CR_r, with one group where the
stable areas are randomly generated and the second group defined with scenarios S4-PM._r,
S5-PM_s, S6-BbM_r and S8-CcM_r, where stable areas are mapped. The mapped stable
area group resulted in a Cohen’s Kappa of approx. 0.4 and AUC values approx. 0.25 higher
in scenarios S4-PM_r, S5-PM_s and S6-BbM_r compared to scenarios S1-PR_r, S2-PR_s
and S3-BR_r. Centroid sampling resulting from scenarios S7-CR_r and S8-CcM_r showed
lower differences, but they were still significant, following the same trend with a higher
Cohen’s Kappa and AUC values for the mapped stable area scenario. Differences between
polygon, smoothing and buffering sampling strategies proved to be of low relevance to
the model fitting performance due to similar performance between scenarios S1-PR_r,
52-PR_s and S3-BR_r considering unstable areas, and S5-PM_s, S6-BbM_r and S7-CR_r
considering stable areas. The NN method is the only exception in scenario S3-BR_r, defined
by the buffering sampling strategy as having somewhat poorer performance. Furthermore,
scenario S7-CR_r, defined by centroid sampling, showed better fitting performance than
scenarios S1-PR_r, S2-PR_s, and S3-BR_r, which were defined by the polygon sampling of
unstable areas. LR, NN and SVM methods show better agreement in scenarios S4-PM_r,
S5-PM_s, S6-BbM_r and S8-CcM_r whose common characteristic is using mapped stable
areas. Concretely, LR and SVM resulted in Cohen’s Kappa values of approx. 0.8 and AUC
values of 0.95-0.975, whereas the NN method performed even slightly better. Scenario
S56-BbM_r showed minimally lower results than scenarios S4-PM_r and S5-PM_s, unlike
58-CcM_r, which was defined by centroid sampling and performed better.

1 1 " - I, —1 1 Cohen’s
_ 7 = Kappa
0.8 s B ' _ 09 LR mmm
8 | | } : NN -
o | RF
v 06 i - i W08 o SVM
2 <
2 04 0.7
8 AUC
LR —@—
0.27 0.6 NN ——
RF —e—
SVM ——

S1-PR r

S2-PR s S3-BRr S4-PMr S5PM s S6-BbM r S7-CR r S8-CcM r

Figure 7. Cohen’s Kappa and AUC fitting metrics for 32 derived landslide susceptibility models.

To estimate the influence of the LCF in the susceptibility analysis, a leave-one-out
test was performed for the SVM method in scenarios S1-PR_r and S4-PM_r, representing
the two opposite groups of scenarios. For both models, Cohen’s Kappa and AUC were
determined to measure the changes in fitting performance (Table 5). By comparing the
leave-one-out test results with the values in Figure 7, we note that only a few LCFs have a
significant influence. Namely, the absence of the engineering formation LCF in scenario S1-
PR_r causes a drastic decline in fitting performance, followed by moderate a decline when
leaving out the proximity to the drainage network LCFE. Slope and engineering formations
are the most significant LCFs in scenario S4-PM_r, whereas the absence of either still enables
the model to achieve high Cohen’s Kappa and AUC values. Generally, the absence of most
of the LCFs minimally changes model fitting performance.
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Table 5. Leave-one-out test results conducted for S1-PR_r and S4-PM_r scenarios using SVM method.

S1-PR_r (SVM Method) S4-PM_r (SVM Method)

Excluded LCF Cohen’s Kappa AUC Cohen’s Kappa AUC
Elevation 0.392 0.761 0.813 0.972

Slope ** 0.376 0.756 0.725 0.939

Landform curvature 0.365 0.752 0.812 0.971
Aspect 0.388 0.762 0.816 0.971

Engineering formations * 0.342 0.715 0.807 0.950
Proximity to engineering formations 0.381 0.755 0.815 0.972
Proximity to drainage network 0.356 0.739 0.817 0.959
Site exposure index 0.383 0.760 0.815 0.969
Integrated moisture index 0.389 0.762 0.815 0.972
Land-use 0.377 0.756 0.805 0.967

Proximity to traffic infrastructure 0.386 0.762 0.814 0.972
Proximity to land-use contact 0.384 0.758 0.814 0.967

Cohen’s Kappa

o
oo

=
o)

9
i

0.2

* and ** indicate the most significant LCFs in scenario S1-PR_r and S4-PM_r, respectively.

4.2. Model Predictive Performance

When examining model predictive performance (Figure 8), extremely high AUC
values in the range of approx. 0.925 to 0.975 are present in all methods and scenarios,
except for the models derived from the NN method in scenarios S7-CR_r and S8-CcM _r,
which were defined by centroid sampling. On the other hand, Cohen’s Kappa metric
indicates very high agreement in scenarios S4-PM_r, S5-PM_s, S6-BbM_r and S8-CcM_r,
with roughly >0.8 values, whereas scenarios S1-PR_r, S2-PR s, S3-BR_r and S7-CR_r show
values of around 0.7 or lower. The lowest results when considering Cohen’s Kappa are
identified in scenario S7-CR_r at around 0.5 in all four methods, followed by 0.55 values in
the RF method in scenarios S1-PR_r, S2-PR_s and S3-BR_r. LR, NN and SVM models in
scenarios S1-PR_r, 52-PR_s and S3-BR_r have approx. 0.7 Cohen’s Kappa values, except
in a model derived from the NN method in the S1-PR_r scenario, with a Cohen’s Kappa
value of 0.6. Generally, the 32 derived LSMs showed excellent predictive performance.
Due to the extent of validation, similar to fitting performance, high agreement is found in
scenarios S4-PM_r, S5-PM_s, S6-BbM_r and S8-CcM_r, whose stable area sampling is based
on the stable inventory. Lastly, the extreme differences in the centroid sampling strategy in
scenario S7-CR_r should be noted, as well as the importance of studying two quantitative
metrics (i.e., Cohen’s Kappa and AUC).

L Cohen’s

Kappa

0.95 LR

NN -

i RF

. oSVM-

2
0.85
AUC

LR —e—

0.8 NN —m—

RF —&—

0.75 SVM —+—

0 | |
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Figure 8. Cohen’s Kappa and AUC predictive metrics for 32 derived landslide susceptibility models.

4.3. Probabilistic-Based Zonation

By observing zone area sizes (Figure 9) based on a probabilistic approach and landslide
presence in each zone (Figure 10), two groups of similar results across the scenarios are
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identified as follows: Scenarios S1-PR_r, S2-PR_s, S3-BR_r and S7-CR_r make up one group
of similar results, where very low and low zones are most present in the study area (>55%),
followed by smaller area of medium and high zones and, lastly, an extremely small area
of very high zones. A nearly equal distribution with approx. 70% landslide presence in
very high and high zones is evident, except in scenario S7-CR_R, where the amount is
roughly 50%. Consequently, scenario S7-CR_r has a significant number of landslides in
the low-susceptibility zone (e.g., 30%). Scenario S4-PM_r has an extremely expressed very
high zone (approximately 50%), followed by S5-PM_s, S8-CcM_r and S6-BbM_r, which
comprise the second group. Very low zones are similar in size to group one, unlike low,
moderate and high zones, which shrunk significantly. Landslides in the very high zone are
present up to 90%, generally leaving very low and low zones with an insignificant number
of landslides. This is highly expressed in scenarios S4-PM_r and S5-PM_s, and somewhat
less in scenarios S6-BbM_r and S8-CcM_r.

Considering differences between LR, NN, RF and SVM methods, LR and SVM can
be described as similar by showing less polarized susceptibility zones and landslide area
presence. Concretely, LR and SVM models have equally expressed very low and low zones,
unlike NN and RFE, which have more area presence in the very low zone.

All methods depict a moderate zone 5-10% in size; however, exceptions are visible
in scenarios S4-PM_r, S5-PM_s and S6-BbM_r, where the zone makes up <5% of the study
area. The NN method has the largest very high zone in each scenario, followed by RF and
LR. Moreover, the NN method demonstrated extreme polarization in scenario S8-CcM_r by
depicting only very low and very high susceptibility zones. RF and NN methods result in
nearly identical landslide presence in scenarios S4-PM_r, S5-PM_s and S6-BbM_r1, whereas
RF results in significantly more landslides in scenarios S1-PR_r and S2-PR_s. On the
other hand, SVM and LR have only around 10% landslide presence in very high zones in
scenarios S1-PR_r, 52-PR_s, S3-BR_r and S7-CR_r, indicating way higher landslide presence
in high zones. Furthermore, the differences among methods in each scenario are the highest
in terms of landslide presence between very high and high susceptibility zones, leaving
very low, low and moderate zone areas relatively stable in each scenario. Similarly, the
cumulative area of very high and high zone sizes is nearly equal in each scenario, i.e.,
among all methods, with the exception for RF in scenarios S1-PR_r and S2-PR_s. The
LSMs classified for eight scenarios and four methods are represented in the Supplementary
Material in Figures S1-S8.

= = = = = = = =
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S1-PR_r S2-PR_s S3-BR_r S4-PM r S5-PM_s S6-BbM_r S7-CR_r S8-CcM_r
Landslide susceptibility zone: I Very high High | Medium % Low Wmmm Verylow

Figure 9. Landslide susceptibility zone area size based on probabilistic zonation.
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Figure 10. Landslide area presence in susceptibility zones based on probabilistic zonation.

5. Discussion
5.1. Model Uncertainty Considering Applied Methods and Sampling Scenarios

Considering the variability in the probabilistic susceptibility values from the derived
LSMs, Figure 11 illustrates the spatial distribution and area size of the SD classes for
eight sampling scenarios (Figure 11A-H) and four susceptibility methods (Figure 11I-L).
Scenarios with random stable pixels showed lower deviations, i.e., SI-PR_r, S2-PR_s, S3-
BR_r, and S7-CR_r, which generally account for >90% of the study area in 0.0-0.2 standard
deviation classes, unlike scenarios S4-PM_r, S5-PM_s and S8-CcM_r, which account for
approx. 20 or more percent of the study areas in >0.2 standard deviation classes, indicating
extreme variability. It should be noted that scenario S6-BbM_r, where mapped stable pixels
are used, showed greater similarity to scenarios S1-PR_r, S2-PR_s, S3-BR_r and S7-CR_r,
indicating the positive influence of using unstable buffer zone pixels. Similarly, scenario
S3-BR_r, which also uses buffer areas for unstable pixels, has significantly more study areas
defined with the lowest SD values compared to scenarios S1-PR_r and S2-PR_s. Moreover,
the difference between sampling unstable areas on regular (S1-PR_r and S4-PM_r) or
smoothened (52-PR_s and S5-PM_s) rasters resulted in negligible differences. The point
sampling of unstable pixels did not significantly influence the variability, i.e., scenarios
S51-PR_r and S7-CR_r showed minimal differences. On the other hand, the point sampling
of unstable pixels (S8-CcM_r) increases variability, unlike the polygon sampling of unstable
pixels (S4-PM_r), which showed less variability. Considering the spatial distribution,
lowlands have the lowest SD values, whereas the northern part of the study area, narrowly
stretching from west to east, is defined as having the highest standard deviation values,
which is likely due to slope wash and other talus classes in the engineering formation LCFE.

The SVM method showed the least sensitivity to sampling strategies by relating to
>80% of the study area in the <0.2 standard deviation classes (Figure 11L), followed by
LR, covering approx. 10% more of the study area in the 0.2-0.3 SD class (Figure 111). SVM
and LR have negligible areas present, with SD values of >0.3, unlike the RF method, which
covers approx. 18% of the study area in the 0.3-0.4 SD class, mainly present in the wider-
center area (Figure 11K). With >60% study area covered by >0.2 SD values, the NN method
shows extreme variability in terms of sampling strategies (Figure 11]). Namely, only alluvial
sediment areas and the southeastern area depicted by the limestone geological engineering
unit represent low SD values when using the NN method, whereas all four methods show
minimal SD values in terms of the engineering geological unit of the alluvial sediments.
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Figure 11. Standard deviation maps of probabilistic susceptibility values for eight scenarios: (A) sce-
nario S1-PR_r, (B) scenario S2-PR_s, (C) scenario S3-BR_r, (D) scenario S4-PM_r, (E) scenario S5-PM_s,
(F) scenario S6-BbM_r, (G) scenario S7-CR_r, (H) scenario S8-CcM_r and four methods: (I) Logistic
Regression, (J) Neural Network, (K) Random Forests, (L) Support Vector Machine.
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5.2. Analysing Model Fitting, Predictive and Classification Performance

Considering the variability described above and the fitting, predictive and classifica-
tion parameters from Section 4 (i.e., Figures 7-10), interesting findings can be identified,
as we will discuss below. The fitting performance for scenarios S1-PR_r, S2-PR_s and
53-BR_r is significantly lower compared to other scenarios, likely related to the significant
number of randomly generated stable points in areas that are otherwise highly susceptible.
Nonetheless, this was necessary as it ensured an unbiased approach, i.e., the model was
unaware of the existence of the validation data. This is not the case for RF, which performed
perfectly in all eight scenarios. On the other hand, the predictive parameters are incredibly
high, meaning that all 32 models successfully classified the locations of the unseen 50% of
stable and unstable polygons from the inventories. Anomalies are visible in the RF method,
showing somewhat lower results compared to other methods in scenarios S1-PR_r, S2-PR_s
and S3-BR_r. Perfect agreement in RF fitting performance and the anomalies in predictive
performance point to overfitting behaviour. Moreover, the NN method yielded significantly
lower AUC values in scenarios S7-CR_r and S8-CcM_r, indicating sensitivity to the number
(i.e., points) of training pixels applied.

By comparing scenario S7-CR_r to scenarios S1-PR_r, 52-PR_s and S3-BR_r, a disper-
sion of landslides in all zones is evident. Namely, by changing to point sampling of unstable
areas, landslides are no longer clustered in very high and high susceptibility zones but are
more equally distributed, losing the purpose of the zones. Similarly, probabilistic classifica-
tion can yield extremely large very high susceptibility zones (scenarios S4-PM_r, S5-PM_s,
56-BbM_r and S8-CcM_r), resulting in low landslide density, which is not expected for a
very high susceptibility zone.

In terms of measuring the influence of smoothing LCFs, in scenarios 52-PR_s and
S5-PM_s, negligible results are present compared to scenarios S1-PR_r and S4-PM_r, re-
spectively. This could be because the model is less sensitive to the DTM-derived variables
(elevation, slope, landform curvature, aspect, site exposure index and integrated moisture
index). The latter was not addressed within the scope of this study as we opted to test the
sampling strategies on a complete LCF set with no collinearity prepared to yield satisfactory
AUC results. On the other hand, by having smaller low and very low zones in scenario
53-BR_r when compared to scenarios S1-PR_r and S2-PR_s, the NN and RF methods show
sensitivity to the buffering of unstable areas (i.e., scenarios S3-BR_r and S6-BbM_r).

5.3. Model Verification

The predictive performance in terms of AUC and Cohen’s Kappa (Figure 8) identifies
scenarios S4-PM_r, S5-PM_s, S6-BbM_r and S8-CcM_r as more favourable, and an additional
AUC was calculated to investigate model applicability. Table 6 depicts the model verification
AUC values defined by examining the unstable validation pixels as landslide occurrences and
the remaining study area as stable occurrences when considering all pixels in the entire study
area. Unrealistically large very high susceptibility zones defined by a probabilistic zonation
presented in Figure 9 showed scenarios S4-PM_r, S5-PM_s, S6-BbM_r and S8-CcM_r to be less
favourable, which is also evident when looking to the AUC values shown in Table 6. Namely,
the values correlate to poor agreement (approximately 0.7 or lower), with an exception being
RF in scenarios S54-PM_r and S5-PM_s (0.726 and 0.727, respectively).

Table 6. Model verification AUC values in 32 derived LSMs.

Method S1-PR_r S2-PR_s S3-BR_r S4-PM_r S5-PM_s S6-BbM_r S7-CR_r S8-CcM_r
LR 0.790 0.772 0.754 0.683 0.662 0.690 0.737 0.696
NN 0.764 0.805 0.760 0.670 0.679 0.690 0.710 0.661
RF 0.796 0.804 0.753 0.726 0.727 0.698 0.757 0.705
SVM 0.787 0.769 0.760 0.680 0.659 0.697 0.729 0.705
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Furthermore, scenario S7-CR_r performs significantly poorer compared to scenarios
S1-PR_r, S2-PR_s and S3-BR_r, whereas the NN and RF methods show the best results in
scenario S2-PR_s (0.805 and 0.804, respectively). The RF method clearly stands out as having
the best performance in most scenarios, followed by NN. On the other hand, NN is extremely
sensitive to the sampling strategies used for stable areas (e.g., 0.661 in S8-CcM._r), as also
indicated by the SD variability metric (Figure 11J). The results of scenarios S1-PR_r and S2-
PR_s are relatively similar to those obtained in previous studies, i.e., [73] and [80]. Lastly,
high fitting and predictive metrics can favour a sampling strategy that is opposed to reality,
e.g., there are evident misclassifications by the model. It should be noted that the latter was
only detectable after adding additional metrics (e.g., model verification). Scenarios S4-PM_r,
55-PM_s, S6-BbM_r and S8-CcM_r, which rely on a stable area inventory, obviously fit this
misclassification category, whereas a similar effect was reported in [32], with a rectangular
area limiting the stable area sampling zone to a valley. However, [32] could not quantitatively
identify the misclassifying model, whereas the AUC metric presented in Table 6 proves to be
a successful solution. Furthermore, as a result of experimenting with stable area sampling,
overestimated high susceptibility zone issues (i.e., scenarios S4-PM_r, S5-PM_s, S6-BbM_r and
58-CcM_r in our study) were also reported in [28] and [21].

5.4. Highlighting the Unstable Centroid Sampling Disadvantages

Unstable polygon versus unstable centroid sampling proved to be a point of interest,
so to further qualitatively investigate the differences, the SVM models, which demonstrated
the most minor variability, were selected to compare scenarios S1-PR_r and S7-CR_r in detail
(Figure 12). Figure 12A,B confirm the spatial differences in probabilistic zone sizes and
landslide presence distribution for scenarios S1-PR_r and S7-CR_r, which were previously
also noted (Figures 9 and 10). A close up point of interest is illustrated in Figure 12C,D,
based on which we conclude that centroid sampling to train the model cannot yield the
probabilistic zonation which represents accurate environmental conditions, e.g., for most
of the mapped landslide polygons to be present in the high and very high probabilistic
zone. The following can be traced to model verification AUC (Table 6) and the landslide
area presence (Figure 10), and not to the AUC parameters used for predictive performance
of LSMs which are in this case misleading (generally >0.9).

Scenario S1-PR_r % Scenario S7-CR_r
(polygone unstable, (centroid unstable,
random point stable) 4 f random point stable)
Support Vector Machine e Support Vector Machine
Probabilistic zonation s 2 s Probabilistic zonation

3. & 2 Vi SN e

Very low (0.0-0. Low (0.2-0.45) [ tendside —— Roag Closeup

view scale
o 200

view
‘ orienatation [___| Medium (0.45-0.55) [[__] High (0.55-0.8)  [III]] Very high (0.8-1.0) % Building

Figure 12. Zonation susceptibility map derived using the Support Vector Machine method in
Scenarios S1-PR_r and S7-CR_r. Namely: (A,B): full extent probabilistic zonation; (C,D): close up
view of probabilistic zonation.
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6. Conclusions

This research investigates the influence of stable and unstable sampling strategies
in landslide susceptibility modelling for their applicability to large-scale spatial planning
systems. The modelling considered the use of eight different sampling strategies and four
machine learning methods and a probabilistic zonation approach was applied. The relevant
input data, i.e., spatially accurate thematic and landslide data, were carefully selected
according to suggestions in the literature and previous research relating to the study area
to describe local geomorphological, geological, hydrological and anthropogenic conditions
in the Pannonian basin.

A novelty of this research is in the derivation of a stable areas inventory that can be
used to investigate the sampling of stable pixels and smoothing of DTM-derived LCFs
to capture terrain conditions before the occurrence of a landslide. The eight sampling
strategies included four options for unstable pixels and stable pixels each. Namely, land-
slide polygon, smoothing DTM derived LCFs, polygon buffering, and landslide centroid
represent four sampling strategies used for unstable pixels, whereas random points, stable
area polygon, stable polygon buffering and stable area centroid were used to define the
stable pixels. The processed input data were further applied in LR, NN, RF and SVM
machine learning algorithms, representing commonly used methods in state-of-the-art
landslide susceptibility modelling. In total, 32 LSMs were derived and analysed, consid-
ering fitting, predictive and model verification performance, as well as the SD variability
for eight sampling strategies and four methods used. Furthermore, 32 zonation maps
based on probabilistic zonation were described by analysing zone area, spatial distribution
and landslide presence within the zones. The most significant conclusions yielded by the
comprehensive comparison are as follows:

(i) Smoothing DTM-derived LCFs at landslide locations slightly reduces model variabil-
ity, whereas RF and NN models in scenario S2-PR_s using unstable polygons and
randomly generated stable points represent the best LSMs

(ii) Buffering only stable or stable and unstable polygons results in the least model
variability, with a significant decline in zonation performance;

(iii) Using the proposed stable area inventory to define stable modelling pixels by using
any tested strategy drastically lowers zonation quality, which was undetectable by
commonly used fitting and predictive performance metrics;

(iv) The NN method, followed by RF, is extremely sensitive to the tested sampling strate-
gies, whereas SVM showed the least variability, followed by similar results for LR.
Additionally, with proper settings, the RF method yields LSMs that are generally
better than LR, NN and SVM models;

(v) Sampling landslides as centroids, which is extremely common in landslide suscepti-
bility assessments, should be avoided when developing LSMs for large-scale spatial
planning purposes due to the severe inability of the model to depict spatially accurate
zones, which were quantitatively and qualitatively evaluated;

(vi) A qualitative assessment of classified LSMs, quantifying zonation area size and land-
slide presence, represents a crucial parameter to estimate LSMs for application to
large-scale spatial planning systems.

Besides the specific conclusions noted, a novelty to emphasize in terms of large-
scale landslide susceptibility modelling for applicability to spatial planning systems is
that commonly used quantitative metrics, i.e., Cohen’s Kappa and AUC for fitting and
predictive performance, may yield misleading LSM evaluations and result in inappropriate
zonation maps, e.g., poor spatial distribution when considering landslide presence. In this
paper, calculating additional AUCs, i.e., model verification and qualitative assessment,
enabled us to distinguish more favourable LSMs. Among the different modelling strategies,
an open question remains in terms of defining a systematic approach in selecting an optimal
LSM, which would consider not only the studied metrics but also take into consideration
the spatial accuracy and/or susceptibility zones highlighted in this paper. Furthermore,
it should be noted that large-scale landslide susceptibility models should be based on
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the most detailed, representative and reliable polygon-based landslide inventory possible
because that will enable accurate and representative landslide susceptibility assessments
and responsible and sustainable spatial planning and risk management at a local level.
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Scenario S4-PM_r (polygon unstable, mapped stable polygon, regular LCF)
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Scenario S6-BbM_r (buffer polygon unstable, buffer mapped stable polygon, regular LCF)

Logistic Regression

Neural Network

Random Forests

Support Vector Machine

Probabilistic
zonation

[ Very low (0.0-0.2) [_] Low (0.2-0.45) [__| Medium (0.45-0.55) [__] High (0.55-0.8) [[]] Very high (0.8-1.0)




Supplementary material S7

Scenario S7-CR_r (landslide centroid unstable, random point stable, regular LCF)
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ABSTRACT

The study presents a landslide susceptibility assessment on a large scale in the City of Zagreb
(Croatia). The susceptibility analysis was performed using the Weight of Evidence model in the
pilot area (21 km?) and applying the obtained weight values for each class of conditioning
factors in the study area (130 km?). The input data were LiDAR-based landslide inventory
and six conditioning factors derived from 5 m LiDAR DTM, 5 m SfM DEM, and geological and
land-use maps. The validation of the susceptibility assessment for the study area was
evaluated with a ROC curve, which showed a high prediction rate (AUC = 84.4%), similar to
the prediction rate for the pilot area (AUC=86.9%). Based on the results, it can be
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concluded that the proposed method for large-scale landslide susceptibility assessment,
where susceptibility conditions are defined in smaller pilot areas, can be applied to larger
research areas with similar geomorphological and geological conditions.

1. Introduction

A landslide susceptibility map of a certain area is a
valuable tool in landslide hazard management as it
identifies the degree of the spatial probability of an
area to landslide occurrence (Guzzetti et al., 1999).
Statistically-based methods for landslide susceptibility
modelling are most often used for areas of 10 to
10,000 km?, i.e. for landslide maps on a large scale
(1: 5,000 to 1: 25,000), and the result is a quantitative
landslide susceptibility assessment. The main assump-
tion in quantitative statistical methods is that land-
slides occur throughout a study area within the same
landslide conditioning factor combinations (Coromi-
nas et al, 2013). Furthermore, a lack of knowledge
about different landslide types and geomorphological
processes in the research area affects the selection of
relevant landslide susceptibility factors and the final
landslide susceptibility assessment. Therefore, the
quality of the derived landslide susceptibility map
mostly 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 (Ardizzone
et al., 2002). Of all the additional data that a landslide
inventory map can contain, spatial accuracy is the
minimal and the most important requirement during
landslide mapping (Aleotti & Chowdhury, 1999; Fell
et al, 2008a, 2008b; Malamud et al., 2004). For
large-scale inventory mapping, landslides are most
often mapped as polygons, i.e. the researcher in the

field or on a high-resolution remote sensing image
identifies landslide features and interprets the land-
slide boundary. However, in the case of landslide
inventory mapping for a susceptibility assessment of
larger areas, landslides are often mapped as a point,
e.g. a point in the landslide centre or on the main
scarp (Atkinson et al., 1998; Begueria, 2006; Eeckhaut
et al., 2007; Felicisimo et al., 2013). The advantage of
point-only landslide mapping is the higher mapping
speed, i.e. it is possible to map much larger areas in
a relatively short period, and the disadvantage is that
the landslide runout is not considered in landslide sus-
ceptibility modelling. In the last fifteen years, various
remote sensing techniques and applications have
been used for landslide hazard mapping (Guzzetti
et al, 2012; Jaboyedoff et al., 2012; Scaioni et al.,
2014; Tarroli, 2014; Ray et al., 2020). The advantage
of the LiDAR (Light Detection and Ranging) tech-
nique and data derived by ALS (Airborne Lidar Scan-
ning) compared to other remote sensing techniques is
ground detection in forested terrain and the possibility
of creation of high-resolution bare-earth digital
elevation models (DEMs), which enables the identifi-
cation and mapping of small and shallow landslides
in densely vegetated areas (Bernat Gazibara, 2019;
Chigira et al.,, 2004; Pomlija, 2018; Eeckhaut et al,,
2007; Razak et al., 2011). Furthermore, the landslide
maps obtained through the visual analysis of LIDAR-
derived DTMs had better statistics for the landslide
size (area) than the inventories obtained through
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field mapping or the interpretation of aerial photo-
graphs (Bernat Gazibara et al., 2019a, 2019b; Eeckhaut
et al., 2007; Razak et al., 2011).

Hilly area in the Podsljeme area, City of Zagreb
(Croatia), is prone to small (10-10° m?) to medium-
sized (<10° m?) and superficial to moderately shallow
(<20 m) soil slides (Mihali¢ Arbanas et al., 2017). An
exception is the Kostanjek landslide (Krka¢ et al,
2017, 2020) in the western part of the Podsljeme
area, a large deep-seated landslide (32 x 10° m?)
caused by mining activities in 1965. Despite the rela-
tively small volume of most landslides, they cause sig-
nificant damage to buildings and infrastructure
because of the high landslide density. The main land-
slide problem in the Podsljeme area is a lack of prog-
nostic maps and adequate slope stability assessments.
For the pilot area (21 km?) in the Podsljeme area,
City of Zagreb (Croatia), the detailed and complete
LiDAR-based landslide inventory map was prepared
by (Bernat Gazibara et al., 2019b). LiDAR-based land-
slide inventory (21 km?) will be used for landslide sus-
ceptibility modelling on a large scale by applying the
statistical method of the Weight of Evidence (WoE)
model. The main objective of the study is to derive a
landslide susceptibility map for the study area
(130 km®) based on susceptibility analysis of the
input data layers for the pilot area (21 km®) in the
Podsljeme area. Furthermore, the study will analyse
the possibility of defining susceptibility conditions in
smaller pilot areas on detailed LIDAR DTM input
data sets and applying them for large-scale landslide
susceptibility assessment of large research areas in
northwestern Croatia due to similar geomorphological
and geological conditions. Therefore, landslide sus-
ceptibility assessment in the Podsljeme area can pro-
vide necessary information for disaster loss
reduction and serve as an example and guideline for
sustainable land use planning at a local level in the
City of Zagreb and northwestern Croatia.

2, Study area

The City of Zagreb is located in the western part of
NW Croatia, and it is part of the European Pannonian
Basin. Within the city limits, the relief changes in the
north to south direction from the ridge of Medvednica
Mt., its southeastern slopes, through the alluvial flood-
plain of the Sava River to and to the Vukomericke
Gorice hills (Mihali¢ Arbanas et al., 2012). The south-
east foothill step of the Medvednica Mt., i.e. Podsljeme
area, represents a denudation-accumulation structure
in which slope movements and fluvial-denudation
geomorphological processes predominate (Bognar,
1992). The pilot area for which a detailed and com-
plete LIDAR-based landslide inventory (Bernat Gazi-
bara et al, 2019b) has been prepared is located in
the western part of the Podsljeme area and has a

total area of 21 km”. Due to similar geomorphological,
geological and hydrological conditions (Figure 1) and
degree of construction, it is possible to apply the
results of landslide susceptibility modelling from the
pilot area (21 km?) to the broader area of the Podsl-
jeme area, i.e. study area (130 km?).

According to the official land use of the City of
Zagreb, there are approx. 70,400 buildings in the
study area, with approx. 273,000 inhabitants (CBS,
2011), ie. the average population density is 2090
inhabitants/km®. The current land use includes
52.1 km? of agricultural areas, 40.7 km* of artificial
surfaces, 37.3 km” of forests, and 0.5 km” of water sur-
faces. The elevation ranges from 114 to 437 m a.s.l,
and the prevailing slope angles (59% of the study
area) range from 5° to 20°, while 71% of slopes have
slope angles >5°. The study area is mostly comprised
of Miocene and Quaternary sediments (Siki¢, 1995),
while the oldest rocks are from the late Paleozoic
era. The top parts of Miocene deposits are fine-grained
soils, mostly silts, while marls and limestones predo-
minantly characterise the middle Miocene deposits.
The Quaternary deposits are heterogeneous mixtures
of mostly impermeable clayey soils. The geological
contact between the Miocene sandy silts and the Qua-
ternary clayey soils is highly susceptible to sliding
(Jurak et al., 2008).

The climate of the City of Zagreb is continental
with a mild maritime influence and mean annual pre-
cipitation (MAP) of 887 mm (Zaninovi¢ et al., 2008).
In the study area, landslides are mainly triggered by
rainfall, e.g. more than 50 landslides were (re)activated
in the winter period of 2012/2013 (Bernat et al., 2014a,
2014b). In the Podsljeme area, data for landslide
inventories were systematically collected five times in
the last 50 years (Miklin et al., 2007; Podolszki, 2014;
Polak et al., 1979; Siki¢, 1967). In addition, the latest
landslide inventory map was made for the pilot area
(21 km?) in the Podsljeme area based on a visual
interpretation of LiDAR DTM derivatives (Bernat
Gazibara, 2019; Bernat Gazibara et al., 2019b). Fur-
thermore, the only available landslide susceptibility
map for the Podsljeme area in the City of Zagreb
was made based on field geomorphological mapping
(Polak et al., 1979). A landslide susceptibility map
from 1979 depicts four zones of relative landslide sus-
ceptibility, with 10.5% of the area classified as stable
terrain, 78% as conditionally stable slopes, 11% as con-
ditionally unstable slopes and 0.5% as unstable slopes.

3. Data and methods

Airborne laser scanning (ALS) of the 21 km? pilot area
was undertaken in the frame of scientific research pro-
ject “Methodology development for landslide suscep-
tibility assessment for land-use planning based on
LiDAR technology” (LandSlidePlan, HRZZ IP-2019-
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Figure 1. Location of the pilot area (21 km?) and the study area (130 km?) within the City of Zagreb and its lithostratigraphic

setting.

04-9900), funded by the Croatian Science Foundation
(Bernat Gazibara et al., 2022) in March 2020, corre-
sponding to Croatia’s winter leaf-off period. The
ALS was performed with a Eurocopter EC 120B
flying at 60 km/h at an altitude of 700 m a.s.l. The air-
craft was equipped with a Reigl LMS-Q780 long-range
airborne laser scanner. The obtained point cloud has
49% of points classified as terrain, while 33% were
unclassified, 18% were classified as vegetation, and
<0.5% of points were classified as noise. The density
of the bare earth points is 13.41 points/m’, i.e. the
average point spacing is 0.2 m. LIDAR DTM for the
visual interpretation of landslides was derived in
0.3 m resolution, using Kriging interpolation. LIDAR
DTM for preparing geomorphological and hydrologi-
cal conditioning factors for the pilot area (21 km?) was
derived in 5 m resolution using the Local polynomial
interpolation method.

The LiDAR DTM derivatives used to interpret the
landslide morphology were hillshade, slope angle
and 0.5m contour lines. In addition, orthophoto
images from 2011 to 2020 were used to check the mor-
phological forms along roads and houses, such as
artificial fills and cuts, similar to landslides on DTM

derivatives. Landslide identification on the LiDAR
DTM derivatives was based on visual interpretation
of landslide features by experienced landslide expert
(e.g. concave main scarps, hummocky landslide bodies
and convex landslide toes). As detailed described in
Bernat Gazibara et al. (2019b), landslide mapping for
the pilot area (21 km?®) in the Podsljeme area was per-
formed at a large-scale (1:100-1:500) to ensure the
correct delineation of the boundaries based on land-
slide features. As a result, the total number of land-
slides in the inventory is 702, while the total area of
mapped landslides is 0.5 km* or 2.43% of the pilot
area. The mean landslide density is 33.3 slope failures
per square kilometre. The size of the mapped land-
slides ranges from a minimum value of 43 m” to a
maximum of 8,064 m” while the most frequent land-
slides in the inventory have an area of 400 m”. The
detailed and complete landslide inventory map of
the pilot area represents a combination of seasonal
inventory, landslides (re)activated in the winter of
2012/2013 and March 2018, and historical landslide
inventory (Bernat Gazibara et al., 2019b). The land-
slide inventory for the pilot area (21 km?) was used
for landslide susceptibility modelling and defining
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Figure 2. Landslide inventories for the pilot area (21 km?) and the study area (130 km?) on the hillshade derived from LiDAR DTM.

weight values for each factor map class that will be
further used for landslide susceptibility assessment of
the study area (130 km?). The landslide inventory for
the susceptibility verification of the study area consists
of 507 landslides depicted with the point in the centre
of the identified landslide feature (Figure 2). The land-
slide inventory for the study area (130 km?) is not sus-
tainably complete but can be considered
representative for landslide susceptibility verification.

Input data layers for landslide susceptibility assess-
ment were selected expertly based on the study area
conditions, the purpose and scale, and data availability
(Bernat Gazibara, 2019). As a result, a total of 6 land-
slide conditioning factors (Table 1) were selected and
prepared for the pilot area (21 km?) and study area
(130 km?): (i) slope gradient map; (ii) terrain dissec-
tion map; (iii) lithology map; (iv) proximity to geo-
logical contact; (v) proximity to drainage network;
and (vi) land-use map. In addition, data preparation
and digitalisation of input data for proximity to geo-
logical contact and drainage network were done for
a broader study area. As a result, a more considerable
extent of vector data was used to derive proximity fac-
tor maps. The geomorphological and hydrological

conditioning factors for the pilot area (21 km?) were
prepared from 5m LiDAR DTM and for the study
area (130 km?) from 5 m SfM DEM, which in Croatia
represents more accessible data than LiDAR data.
Considering the LiDAR point cloud as a reference
point, the root mean square error (RMSE) for 5 m
LiDAR DTM is 0.559, and for 5m sFM DEM is
1.15. The mean absolute error (MAE) for 5m
LiDAR DTM is 0.328, and for 5 m sFM DEM is 0.859.

Furthermore, the pairwise conditional indepen-
dence test between all landslide conditioning factor
classes was analysed using LAND-SUITE V1.0 (Rossi
et al., 2021; Rossi & Reichenbach, 2016), i.e. LAND-
SVA: LANDslide — Susceptibility Variable Analysis
which includes Pairwise correlation analysis and Mul-
ticollinearity test. Detailed descriptions of the applied
LAND-SUITE tests are described in the paper by Rossi
et al. (2021).

In this paper, a bivariate statistical method, i.e.
Weights-of Evidence (WoE) model (Agterberg et al.,
1990; Bonham-Carter, 1994; Bonham-Carter et al.,
1990; Sincic¢ et al., 2022) was applied in a GIS environ-
ment to derive quantitative spatial information on the
predisposition to landslides. Using the WoE method,

Table 1. List of landslide conditioning factors used in the susceptibility analyses in the Podsljeme area.

Landslide conditioning Landslide conditioning

Source Method and/or derivation tool

group factor, alias
Geomorphological group  Slope gradient LiDAR DTM 5 m
Terrain dissection, TD SfM DEM 5 m

Geological group Lithology (rock type)

Proximity to geological

contact
Hydrological group Proximity to drainage LiDAR DTM 5 m
network SfM DEM 5 m
Anthropogenic group Land-use (City of Zagreb 2011)

Basic Geological Map 1:100 000 sheet Zagreb, (Siki¢ 1967)
and sheet Ivani¢ Grad (Basch, 1983)

ArcGIS 10.8 Slope tool

Evans et al., (2014)

Digitisation

Digitisation, ArcGIS 10.8 Multiple
Ring Buffer tool

ArcGIS 10.8

Spatial Analyst toolbox




each conditioning factor map overlaps with the land-
slide inventory map to obtain the frequency of land-
slides in each class of all landslide factor maps.
Then, the relative influence of the observed landslide
factor is determined by comparing the landslide den-
sity in the factor classes with the landslide density in
the entire pilot area. After calculating densities, differ-
ent methods can determine weighting factors (Coe
et al., 2004). In the case of the WoE method, the
final weight of evidence value (W), used for land-
slide susceptibility modelling, is acquired using
Equation (3) (van Westen et al., 2008):

Npix; /(Npix; + Npix,)

+ __

Wi = o8 s (Npis + Npixy) )
Wy = log, Npratlpin £ NpRa) )
¢ Npix4(Npixs + Npixy)

Winap = W = W7+ Wy 3)

Where: Npix; — number of pixels for present land-
slides and present potential landslide causal factor;
Npix, — number of pixels for present landslides and
absent potential landslide causal factor; Npix; — num-
ber of pixels for absent landslides and present poten-
tial landslide causal factor; Npix, — number of pixels
for absent landslides and absent potential landslide
causal factor; W' — positive weights (indicating the
importance of the presence of the factor); W,” — nega-
tive weights (indicating the importance of the absence
of the factor); W,,,,, — weight of evidence value (weight
factor).

The accuracy of derived landslide susceptibility
maps was performed using ROC curves (Lobo et al,,
2008), i.e. a graphical representation of sensitivity to
1-specificity (false positive rate). If the ROC curve is
derived from the set of landslides used for suscepti-
bility modelling, it represents the success rate of the
landslide susceptibility map. Likewise, the ROC
curve derived with landslide inventory for model vali-
dation shows the prediction rate of the landslide sus-
ceptibility map. Out of 702 landslides in the LiDAR-
based inventory for the pilot area (21 km?), 50% of
the landslides were selected for landslide susceptibility
analyses, while the remaining 50% of the landslides
were used to verify the results in the pilot area.
Additional, 507 point-mapped landslides were used
to verify the landslide susceptibility map for the
whole extent of the study area (130 km?).
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Furthermore, landslide susceptibility zonation was
done using the ROC curve cut-off values defined by
Bernat Gazibara (2019): (i) low landslide susceptibility
class was defined as the area where only 1% of the
cumulative landslide area is located; (ii) medium land-
slide susceptibility class is the area where maximum
5% of the cumulative landslide area is located; (iii)
high landslide susceptibility class is the area where
maximum 15% of the cumulative landslide area is
located; (iv) very high landslide susceptibility class is
the area where 85% of the cumulative area landslide
landslides is located.

4, Results

Before performing landslide susceptibility analysis in
the Podsljeme area, the pairwise conditional indepen-
dence test of the input landslide conditioning factors
was done using Pairwise correlation analysis in the
LAND-SUITE V1.0 (Rossi et al., 2021). Inspection of
the correlation results (Table 2) confirms that there
are no correlations within six landslide conditioning
factors selected for landslide susceptibility assessment,
assuming a Pearsons’ R absolute value of 0.5 as the
threshold for detecting correlations. The most signifi-
cant pairwise correlation was calculated between slope
gradient and land use, where the value of the Pearson
correlation coeflicient is —0.44. Since the value is lower
than the threshold, both maps were included in
further analyses because they represent important
conditioning factors for the landslide susceptibility
assessment in the study area.

According to the analyses of landslide conditioning
maps, the slope gradient classes generally have the
highest impact on the landside susceptibility. The
Winap values show that the most susceptible classes
are those with gradients between 25 and 45°. Terrain
dissection classes between 0.2 and 0.6 influence
negatively on slope stability. The only lithology units
negatively influencing landslide susceptibility are
Plio-Quaternary and Lower Pontian, with relatively
low Wyap values. In the proximity to the geological
contact map, classes further from the contact generally
negatively influence landslide susceptibility, which is
not expected. The only classes in the proximity to
the drainage network factor map and in the land-use
factor map, which negatively influence landslide sus-
ceptibility, are class within 50 m of the drainage net-
work and the forests area class.

Table 2. Results of the Pairwise correlation analysis in the LAND-SUITE V1.0 (Rossi et al., 2021).

Slope gradient Terrain dissection

Lithology (rock type)

Proximity to geological
contact

Proximity to drainage
network

Terrain dissection —0.06

Lithology (rock type) —0.26 0.05
Proximity to geological contact 0.12 —0.02
Proximity to drainage network —0.10 0.24
Land-use —0.44 0.12

—0.34
0.08 -0.11
0.27 -0.14 0.15
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The landslide susceptibility analysis requires the
classification of each conditioning factor into a num-
ber of classes. The slope gradient and terrain dissec-
tion were divided into ten classes, i.e. the class range
of slope degree was 5°, and the class range of terrain
dissection was 0.1. The lithology was divided into
ten classes based on the Basic Geological Map 1:100

(3 Pilot area (21 km?)
“gms? Study area (130 km®)

[ Artificial area
[ Agricultural area
Il Forest area
Il Water body

Slope gradient map

000 (Basch, 1983; Siki¢ et al., 1978). The proximity
to geological contact was divided into nine classes
with a class range of 100 m. The proximity to drainage
was divided into five classes with a class range of 50 m.
Finally, land use was classified into four classes,
namely artificial areas, agricultural areas, forests and
water areas. For each class of the six landslide

Figure 3. Landslide conditioning factors used in landslide susceptibility modelling of the study area in the Podsljeme area, City of

Zagreb.



conditioning maps (Figures 1 and 3) in the pilot area
(21 km?), a weight value was defined by applying the
WoE model (Table 3).

Landslide susceptibility maps for the pilot area
(21 km?) and the study area (130 km?) were derived
by summing (overlapping) the factor maps according
to the assigned weight values. As a result, the Wy,
value for the WoE model in the pilot area
(Figure 4a) ranges from —12.14 to 6.03, and for the
study area, from —12.45 to 6.03. The performance of
the WoE model was evaluated using the ROC curve,
i.e. the area under the curve (AUC). The success rate
of the susceptibility model in the pilot area (21 km?)
calculated based on the training set is AUC = 85.3%,
and the predictive rate is AUC = 86.9%. In addition,
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validation of the landslide susceptibility map for the
study area (130 km?) was performed with the point-
based landslide inventory, consisting of 507 landslides,
which showed the high predictive rate of the suscepti-
bility model, AUC =84.4%. Moreover, success and
prediction rates for the pilot area (21 km?) and predic-
tion rate for the study area (130 km?) differ by less
than 3%, indicating the high reliability and quality of
the model. Furthermore, the pilot area (21 km?)
resulted in two landslide susceptibility maps. The
first landslide susceptibility map was based on
LiDAR data, i.e. geomorphological and hydrological
conditioning factors were derived from 5m LiDAR
DTM, and the second landslide susceptibility map
was the product of landslide conditioning factors

Table 3. Calculated weights for landslide conditioning factors based on the WoE model.

LCF group LCF map Class description Class area (km?) Landslide area (km?) Winap

Geomorphological Slope gradient (°) 0-5 3.95 0.0025 —3.2747
5-10 5.23 0.0220 —1.3743
10-15 435 0.0376 —0.5299
15-20 3.39 0.0588 0.3234
20-25 2.19 0.0624 0.9172
25-30 1.10 0.0508 1.4263
30-35 0.52 0.0334 1.7246
35-40 0.22 0.0135 1.6144
40-45 0.05 0.0025 1.3306
>45 0.01 0.0003 0.5685
SUM 21.01 0.2838

Terrain dissection 0.0-0.1 0.36 0.0012 —1.4586

0.1-0.2 0.79 0.0075 —0.4022
0.2-0.3 1.40 0.0226 0.1568
0.3-0.4 2.71 0.0529 0.4065
0.4-0.5 4.89 0.0899 0.3924
0.5-0.6 5.05 0.0722 0.0364
0.6-0.7 3.08 0.0291 —0.4487
0.7-0.8 1.61 0.0069 —1.2496
0.8-0.9 0.82 0.0012 —2.3483
0.9-1.0 0.31 0.0003 —2.6102
SUM 21.01 0.2838

Geological Lithology (rock type) Holocene: alluvium 0.33 0.0047 —0.1408
Holocene: alluvial fan 0.47 0.0000 0
Pleistocene 1.88 0.0063 —1.6752
Plio-Quaternary 7.77 0.1620 0.6337
Upper Pontian 6.14 0.0977 0.0464
Lower Pontian 1.81 0.0077 -1.4218
Upper Pannonian 1.75 0.0053 —1.7728
Lower Pannonian 0.16 0.0000 0
Upper Badenian 0.67 0.0000 0
Pre-Neogene 0.03 0.0000 0
SUM 21.01 0.2838

Proximity to geological contact (m) 0-100 7.63 0.1114 0.1251

100-200 4.89 0.0477 —0.4118
200-300 2.88 0.0283 —0.3636
300-400 2.07 0.0330 0.1896
400-500 1.35 0.0176 —0.0434
500-600 0.93 0.0143 0.1384
600-700 0.66 0.0154 0.5722
700-800 0.41 0.0094 0.5546
>800 0.20 0.0069 1.0017
SUM 21.01 0.2838

Hydrological Proximity to drainage network (m) 0-50 8.65 0.1523 0.4159
50-100 6.35 0.0817 —0.1647
100-150 3.99 0.0366 —0.5589
150-200 1.63 0.0113 —0.8139
>200 0.39 0.0019 —1.1243
SUM 21.01 0.2838

Anthro-pogenic Land-use Artificial areas 10.44 0.0191 —3.2600
Forests 5.89 0.2316 1.8521
Agricultural areas 4.56 0.0327 —1.3837
Water areas 0.11 0.0005 —1.8470
SUM 21.01 0.2838
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Figure 4. Result of the landslide susceptibility analysis in the pilot area (21 km?): (a) unclassified landslide susceptibility map; (b)
the close-up extent of the landslide susceptibility map based on 5 m LiDAR DTM input data; (c) the close-up extent of the landslide

susceptibility map based on 5 m SfM DEM input data.

derived from 5 m SfM DEM. Comparing the landslide
susceptibility values in two locations of the pilot area
(Figure 4b and c) shows minimal differences in
derived landslide susceptibility maps, i.e. using high-
quality 5m LiDAR DTM does not result in higher
spatial accuracy in regards to 5 m SfM DEM.

The landslide susceptibility zonation was done using
the ROC curve cut-off values defined by Bernat Gazi-
bara (2019), i.e. 1%, 5% and 85% of the cumulative
landslide densities defined four susceptibility zones.
As a result, the landslide susceptibility map of the
pilot area (21 km?®) was reclassified into the zones of
low (8.3 km? or 39%), medium (4.4 km® or 21%),
high (1.9 km? or 9%) and very high (6.4 km? or 31%)
susceptibility. Furthermore, the landslide susceptibility
map of the study area (130 km?), reclassified based on
cut-off values defined on the ROC curve for the pilot
area (21 km?), includes 51.1 km? or 39% of the low,
29.7 km? or 23% of the moderate, 13.9 km® or 11% of
the high and 35.6 km® or 27% of the very high suscep-
tibility zones. Therefore, there are minimal differences
in landslide zone distribution in the pilot area
(21 km?) and study area (130 km?), leading to the con-
clusion that the pilot area was representatively selected
for landslide susceptibility analysis.

5. Discussion and conclusions

For the first time, the landslide susceptibility map for
the part of the Podsljeme area (130 km?) in the City of
Zagreb, Croatia, was prepared based on available input
data, i.e. LiDAR-based landslide inventory (Bernat
Gazibara et al., 2019b), 5m LiDAR DTM, 5 SfM
DEM, Basic Geological Map 1:100 000 (Basch, 1983;
Siki¢ et al., 1978) and official land use of the City of
Zagreb in large scale. Landslide susceptibility analysis
was done for the pilot area (21 km?) using the WoE
model and six conditioning factors, namely slope gra-
dient, terrain dissection, lithology (rock type), proxi-
mity to a geological contact, proximity to drainage
network, and land use. As a result, the success rate
of the derived landslide susceptibility map (21 km?)
is AUC = 85.3%, while the prediction rate is AUC =
86.9%. Based on the high accuracy of the landslide sus-
ceptibility model for the pilot area, the weight values
of each class of six landslide conditioning factors
were applied for the same factor maps in the study
area (130 km?). Validation of the resulting suscepti-
bility map for the study area shows a high prediction
rate, i.e. the AUC is 84.4%. Therefore, it can be con-
cluded that the proposed method for large-scale



landslide susceptibility assessment, where suscepti-
bility conditions are defined in smaller pilot areas,
can be applied to larger research areas where similar
geomorphological and geological conditions prevail.

Three conditioning factors, namely slope gradient,
terrain dissection, and proximity to drainage network,
were derived from high-resolution LiDAR DTM and
SfM DEM, and the land use conditioning map was
derived from large-scale vector data available for the
entire area of the City of Zagreb. The remaining two
conditioning factor maps, lithology (rock type) and
proximity to a geological contact were derived from
the only available small-scale Basic Geological Map
(M 1:100.000). Using small-scale data when conduct-
ing large-scale landslide susceptibility assessments
leads to significant data loss and results in deviations
from actual environmental conditions that should be
avoided. On the other hand, high-resolution LiDAR
data enables distinguishing the geological settings in
more detail, improving geological contacts, and aggre-
gating chronostratigraphic units into engineering for-
mation units (Sinci¢ et al.,, 2022), which are more
suitable for large-scale modelling and at the same
time enables the improvement of the derived landslide
susceptibility assessment. Based on the high prediction
rate of the presented large-scale landslide suscepti-
bility model, we can conclude that six selected con-
ditioning factor maps represent a good correlation
between the landslide occurrence and environmental
conditions in the study area, and the large-scale geo-
logical data will increase the spatial accuracy of the
final susceptibility maps.

Landslide susceptibility analysis was based on small
to medium landslides, therefore the area of the large,
deep-seated Kostanjek landslide (1 km?) was not
recognised as an area of high landslide susceptibility.
Furthermore, the landslide susceptibility maps for
the pilot area based on 5m LiDAR DTM and 5m
SfM DEM resulted in minimal differences in landslide
susceptibility distribution. It follows that it is possible
to conduct landslide susceptibility analysis in smaller
pilot areas (10-30 km?) with available high-resolution
data sets and apply them to larger regions with input
data available in relatively lower resolution. The land-
slide susceptibility zonation for the study area
(130 km?) in the Podsljeme area was done based on
ROC curve cut-off values defined by Bernat Gazibara
(2019), i.e. 1, 5, and 85% of the cumulative landslide
densities defined four susceptibility zones. As a result,
the landslide susceptibility map of the study area was
classified into the low (51.1 km* or 39%), medium
(29.7 km® or 23%), high (13.9 km® or 11%) and very
high (35.6 km® or 27%) susceptibility zone. In the
end, it can be concluded that different input data qual-
ity (LiDAR DTM vs SfM DEM) can provide similar
information regarding large-scale landslide suscepti-
bility assessment. Also, the presented large-scale
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landslide susceptibility assessment would show signifi-
cantly different results if we did not use sustainable
complete, LIDAR-based landslide inventory for the
modelling. Therefore, the derived landslide suscepti-
bility map can be used in large-scale spatial planning
and civil protection system, but also for more detailed
preliminary analysis that will define areas with higher
landslide susceptibility where detailed landslide map-
ping using high-resolution data is necessary to
conduct.

Software

ArcMap 10.8 was used for the data analysis and con-
struction of the main map and figures. The map and
figures were imported into CorelDRAW 2020 for
graphic adjustments and the final layout.
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Map Design

The landslide susceptibility map for the pilot area (21 km?) in the City of Zagreb was derived based on
LiDAR-based landslide inventory, 5 m LiDAR DTM derivatives (slope, terrain dissection and drainage
network), geological data and land use using Weight of Evidence (WoE) model. The landslide
susceptibility map for the study area (130 km?) was derived based on pilot area weight values for each
class of conditioning factors in the study area (130 km?). All input data sets, preparation of landslide
condition factors and landslide susceptibility analysis were done in ArcGIS 10.8. Landslide susceptibility
maps for the pilot area (21 km?) and study area (130 km?) were derived as raster files and converted
to vectors. After raster to polygon conversion, the Smooth tool in ArcGIS 10.8 was applied. The
hillshade maps with a spatial resolution of 5m were exported from ArcMap 10.8 as a TIFF file. Landslide
susceptibility maps, roads, buildings, and landslides were exported from ArcMap 10.8 as an EMF file.
The final map with map title and authorship, map projection and datum information and general
position map were constructed in Corel Draw 2020. The hillshade map is underneath the landslide
susceptibility zonation layer (50% transparency), giving a vivid impression of the terrain and landslide
susceptibility in the pilot and study area. The final map shows the position of mapped landslides and
landslide susceptibility with respect to the buildings and roads in the pilot and study area.



3. DISCUSSION
3.1 Hypothesis (1)

High density LIiDAR point cloud and high resolution orthophoto imagery enable the
preparation of necessary input data for developing accurate landslide susceptibility models on
a large scale.

The hypothesis is confirmed, as explained in detail in Chapter 2.1 (Sinci¢ et al., 2022b)
and proven further in LSMg performed in Chapter 2.2. (Sin¢i¢ et al., 2025), Chapter 2.3 (Sin¢i¢
et al., 2024a) and Chapter 2.4 (Bernat Gazibara et al., 2023a). Considering source data for
compilation of a landslide inventory, small and shallow landslides covered by vegetation cannot
be delineated from widely used data such as DEM derivatives, DOF or Synthetic Aperture
Radar leaving HR-DTM derivatives based on a high density LIiDAR point cloud as the only
alternative. Unlike other remote sensing techniques, LiIDAR point cloud enables classification
of points, thus removing the vegetation and revealing bare-earth relief, i.e. a DTM.
Furthermore, based on the statistical analysis (frequency-size distribution graphs) performed
with landslide data prepared for the study areas Hrvatsko Zagorje and Podsljeme Area (21 km?),
large scale landslide inventory maps are considered as representative inventories (‘universal
distribution” according to Malamud et al. (2004)), ensuring the required accuracy for the large
scale LSMg. Considering source data for the derivation of a series of LCF maps, more extensive
and complex conclusions emerged from this research based on a systematic overview and
mutual comparison of source data and analyses about input data creation. Geomorphological
and most hydrological LCFs rely on DEMs or DTMs as source data, and the comparison
showed significant differences (Sin¢i¢ et al., 2022b) due to variations in resolution or the origin
of the source data. Despite the determined differences, doctoral research also proved that using
a SfM DEM to derive LCFs resulted in a successful LSA for the whole Podsljeme Area
(130 km?), equally as using a LIDAR based DTM did for the smaller part of the same Podsljeme
Area (21 km?) (Bernat Gazibara et al., 2023a; Sin¢i¢ et al., 2025) or study area Hrvatsko Zagorije
(Sinci¢ et al., 2024a). An important benefit of using high density LiDAR point cloud are the
HR-DTM derivatives which enabled significant correction of spatially inaccurate geological
LCFs, (small scale cartographic unit of soil/rock type and the geological contacts) presented in
Sincic¢ et al. (2024a). The small scale geological source data available for the entire country,
provides basic information for generating large scale geological maps by modifying spatial

irregularities and inhomogeneities of geological units by using HR-DTM derivatives based on
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a high density LIiDAR point cloud. Anthropogenic LCFs are the most demanding to develop
because they require following specific procedures and combined use of several source data
layers. However, high density LIDAR point cloud and HR-DOF imagery are only necessary to
obtain high spatial accuracy anthropogenic LCFs in a large scale LSA, whereas the remaining
source data serve to speed up the finalizing process. It should be noted that small scale source
data that are often publicly available (e.g. OSM), can serve as a good basic information, and
can reduce time spent in collecting data, as in example with digitizing roads (or traffic
infrastructure in general) (Sin¢i¢ et al., 2022b). For instance, out of approximately 214 km of
traffic infrastructure, more than 40% was obtained through small scale source data, and the
remaining was supplemented by digitizing on high density LiDAR point cloud derivatives (e.g.
HR hillshade map) and HR-DOF imagery (Sin¢i¢ et al., 2022b). Detailed comparison conducted
by Sin¢i¢ et al. (2022b) emphasized the high quality of LCFs containing land use information
derived by the abovementioned procedure (using suggested workflow), compared to LCFs
derived from spatial planning maps and, in particular, Corine Land Cover that depict
environmental conditions with severe spatial deviations. High density LiDAR point cloud (and
derivatives) and HR-DOF enables the derivation of all LCFs needed for a large scale LSA,
except springs, faults and partially lithology. It should be noted that limitations for identifying
faults and some lithological contacts are caused by geological origin and characteristics of
geological settings in soft rocks, i.e. the limitations might not be present in a different geological
environment.

A layer depicting real environmental conditions is necessary to evaluate spatial accuracy
of any input data (either landslide inventory or LCFs necessary for a LSA). Due to the
conclusions listed above, high density LIDAR point cloud and HR-DOF imagery represent the
most optimal input data because they enable an extensive real environmental representation of

the terrain and vegetation with required spatial accuracy.

3.2 Hypothesis (2)

A representative landslide inventory map and spatially accurate landslide conditioning factor
maps enables the derivation of landslide susceptibility models of high fitting and predictive
performance despite the used statistical method, stable and unstable area sampling strategy or
method of classification continuous landslide conditioning factor data types.
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By testing different statistical methods (Sinci¢ et al., 2024a and Sin¢i¢ et al., 2025),
stable and unstable area sampling strategies in Hrvatsko Zagorje study area (Sinci¢ et al., 2024a)
and methods of continuous LCFs classification in smaller Podsljeme study area (Sinci¢ et al.,
2025), the stated hypothesis can be considered as partially confirmed. Among five statistical
methods, eight sampling strategies and 11 methods for classifying continuous LCFs tested in
86 LSMs, only sampling strategies based on a stable areas inventory leads to LSMs which can
be described with low predictive performance.

Testing this hypothesis resulted in determination of certain advantages and
disadvantages for LSM development considering the three tested groups of modelling settings.
Namely, despite having high validation performance, the verification identified that sampling
stable areas from a derived stable area inventory results in LSMs with poor predictive
performance in four tested statistical methods (LR, RF, NN, SVM) (Sin¢i¢ et al., 2024a).
Verification AUC for LSMs based on a mapped stable inventory range from 0.659 to 0.727, i.e.
significantly lower compared to a maximum of 0.805 achieved with randomly generated stable
areas using NN method (Sin¢i¢ et al., 2024a). Smoothing DTM-based LCFs and using landslide
polygons proved as an optimal solution for sampling unstable areas, followed by regular
sampling of landslide polygons with similar results and sampling as buffer zones around
landslide polygon with moderately worse results. Testing classification methods for continuous
LCFs showed minimally 0.84 AUC values for both fitting and predictive performance in all
five tested methods, indicating very good results. Moreover, when using >10 classes in LCFs,
the AUC values reach even higher values in both fitting (e.g. 1.0 for RF and 0.92 for NN) and
predictive performance (e.g. >0.88 for LR).

Considering the statistical methods, NN and particularly RF can result in highest
performance metrics while being sensitive to certain modelling settings such as sampling
strategies or classification method of continuous LCFs noted above. On the other hand, LR
followed by 1V depict lower sensitivity to tested modelling settings and represent an excellent
starting point in LSMg with very good evaluation metric results. A significant finding is that
some modelling parameters, such as sampling strategies or classification method of continuous
LCFs have higher influence on the model performance than the used statistical method.

It should be stated that high fitting and predictive performance do not necessarily imply
a landslide susceptibility zonation map of satisfying quality, which has practical applicability
to be used as a thematic map for spatial and urban planning purposes with reliable information,
e.g. for land use management decisions. For instance, there are several LSMs derived in Sinci¢

et al. (2024a) which have high fitting and predictive performance, but the LSM flaws were only
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revealed with additional verification metrics and qualitative assessment. That means the fitting
and predictive performance (AUC and Cohen’s kappa) should be additionally supplemented
with other metrics. Moreover, more complex evaluation using metrices discussed in Chapter

3.4. will lead to a more comprehensive decision about an optimal LSM.

3.3 Hypothesis (3)

Optimisation of continuous landslide conditioning factor data type and unbiased sampling of
stable and unstable areas enables an increase in the fitting and predictive performance of large

scale landslide susceptibility models.

The stated hypothesis was tested in Sinci¢ et al. (2024a) and Sin¢i¢ et al. (2025) and can
be considered as confirmed. From 11 defined classification scenarios for continuous LCFs, the
scenarios which results in a low amount of classes were clearly identified with lower fitting and
predictive performance (Sinci¢ et al., 2025). Namely, classification based on the studentised
contrast curve (scenarios S4, S5, S6) and in particular on density (scenario S7) were
characterized as unfavourable, whereas scenario S11 (defined to simulate stretched behavior
maximally for line vectors and using stretched rasters without modification) showed low
variability between methods, having simple technical preparation and excellent fitting and
predictive results, representing the optimal scenario. Furthermore, the number of classes proved
to be of higher importance than the method which defined the classes, making any scenario
which results in >10 classes acceptable. Sampling strategies analyzed in Sinci¢ et al. (2024a)
resulted in poor predictive performance (verification) for scenarios using stable areas based on
the stable area inventory (scenarios S4-PM_r, S5-PM_s, S6-BbM _r, S8-CcM _r). On the
contrary, the most commonly used randomly generated stable points proved as an appropriate
option (scenarios S1-PR_r, S2-PR_s, S3-BR_r, S7-CR_r). This is due to high model sensitivity
to stable area sampling. Namely, stable areas must be spread throughout the entire study area,
without the researcher influence on the stable area location (e.g. mapping a stable areas
inventory). After a thorough comparison, sampling unstable areas as centroids (scenario S7-
CR_r) or buffer zones around polygon (S3-BR _r), showed as less favorable scenarios compared
to regular polygon sampling (scenario S1-PR_r). On the other hand, smoothing the landslide
area locations (scenario S2-PR_s) enables an increase in verification AUC values for NN and
RF methods, slightly optimising the parameter. To summarize, despite the confirmation of the

hypothesis, one should also take caution not to decrease the LSM fitting and predictive
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performance by experimenting with the optimisation. Moreover, as noted in Sinc¢i¢ et al.
(2024a) and Sinci¢ et al. (2025), more parameters, besides only fitting and predictive
performance, should be taken into account when evaluating large scale LSMs (Chapter 3.4).

3.4 Hypothesis (4)

Commonly used metrics such as AUC and Cohen’s kappa do not evaluate the quality of large
scale landslide susceptibility models sufficiently and could be additionally supplemented by the
following metrics: (a) qualitative comparison of map close up views; (b) standard deviation
maps of probabilistic susceptibility values; and (c) quantitative comparison of susceptibility

zonation maps classified based on landslide area presence.

Based on analyses of 87 LSMs described in Chapters 2.2 (Sin¢i¢ et al., 2025), 2.3 (Sinci¢
etal., 2024a) and 2.4 (Bernat Gazibara et al., 2023a), the stated hypothesis is confirmed. Sin¢i¢
et al. (2024a) demonstrate that in some cases, AUC and Cohen’s kappa were severely
misleading in LSAs due to the sampling extents for the confusion matrix. Similar experience
was noted by other researchers (e.g. Lucchese et al., 2021) and it was identified that
experimenting with uncommon sampling strategies caused the misleading conclusions. To
resolve the issue, additional verification AUC was implemented in analyses described in Sin¢ié¢
et al. (2024a), whereas in Sinc¢i¢ et al. (2024a) and Sinci¢ et al. (2025) the three metrics
mentioned in the hypothesis provided additional new important understanding of the LSMs
quality. The qualitative comparison of map close up views enables necessary insight into
susceptibility zone distribution in relation to the location of buildings, roads and other elements
at risk clearly visible on large scale maps. Moreover, the close up views are necessary for more
detailed comparison and accurate distinction of terrain parts of different landslide susceptibility,
e.g. identification of certain slope areas which are prone to sliding. When developing a large
number of LSMs (such as in analyses described in Sinci¢ et al. (2024a) and Sinci¢ et al. (2025),
the standard deviation maps of probabilistic susceptibility values proved as an excellent metric
for measuring uncertainty, as suggested in Reichenbach et al. (2018). The SD maps enabled an
effective comparison of the used statistical methods (IV, LR, RF, NN, SVM in Sin¢i¢ et al.
(2025) and LR, RF, NN, SVM in Sinci¢ et al. (2024a)) as well as comparison of the tested
parameters (classification criteria of continuous LCFs from Sinci¢ et al., 2025, and sampling
strategies in Sinci¢ et al., 2024a). The SD map comparison was done simultaneously, visually

and by quantification of SD values and its zone areas. Zones with high SD values indicate areas
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of uncertainty caused by a tested statistical method or parameter. Hence, SD maps provide two
critical information about the intensity of uncertainty and its spatial distribution. Insight into
LSMs given by the SD maps could not be substituted by any other metric, nor should the new
information given by the metric be neglected. Finally, the quantitative comparison of
susceptibility zonation maps classified based on landslide area presence is an indispensable
indicator of LSM quality when the map is applied in spatial or urban planning (Bernat Gazibara
et al., 2023a) and it can be considered as a necessity as the zonation directly influences the
decision-making processes by users who need more specific information about landslides. The
susceptibility zonation based on landslide area presence brings simultaneously two new groups
of information that simplify the readability and interpretation of maps: (1) landslide area in each
susceptibility zone and (2) proportion of landslide area in landslide susceptibility zone area. By
such comparisons, differences between LSMs are easily identified and this metric proved

practical and of high importance for practical application of LSA.

3.5 Hypothesis (5)

A landslide inventory map created for a smaller but representative part of a
geomorphologically and geologically homogeneous area enables the derivation of landslide
susceptibility models of high predictive performance for the whole study area.

The hypothesis is exclusively addressed in Chapter 2.4 (Bernat Gazibara et al., 2023a),
and can be considered as confirmed. Namely, the smaller Podsljeme study area (21 km?)
geomorphologically and geologically represents the whole Podsljeme Area (130 km?). This was
ensured by having the same LCF classes present in both the smaller and whole study areas. In
total, six LCFs are used, at least one representative from geomorphological, geological,
hydrological and anthropogenic groups. The landslide inventory map for the smaller area is
certainly representative because it was mapped using HR-DTM derivatives, and it was used for
LSM development. However, in the whole Podsljeme Area, landslide data were collected to be
representative to measure predictive performance in a way that they are mapped homogenously
through the entire 130 km?. Moreover, landslides in the smaller area are mapped as polygons
and in the whole area as centroids. The first part of the experiment included testing the fitting
and predictive performance of LSM developed only for the smaller area by splitting landslide
inventory into two parts with equal amounts of landslide polygons. Fitting performance

measured 0.853 AUC whereas predictive performance measured 0.869 AUC. Both metrics are
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considered extremely high, especially considering the unbiased approach and a rigorous 50%
to 50% approach between training and validation landslides. The second part included testing
the predictive performance in the whole Podsljeme study area by applying weight factors, which
the model learned in the first part of the experiment, i.e. on the 50% of training landslides of
the smaller study area. An AUC value of 0.844 proved excellent model predictive performance
thus confirming the hypothesis. The high resolution (5 x 5 pixels) of the landslide susceptibility
map and its high spatial accuracy enable the practical application of the resulting map on a large
scale for spatial planning purposes. It is particularly important that the proposed procedure
significantly reduces the time needed to create landslide inventory maps as it reduces the extent
of the area for mapping landslides and leads to high efficiency of LSAs. Regardless of high
predictive performance, the LSM of a large Podsljeme study area should only be considered as
preliminary. Its primary application should be identifying highly susceptible areas where
detailed landslide mapping (resulting in representative polygon-based landslide inventory) is
needed as input to develop a final large scale LSA. A crucial part of the methodology is
selecting the size of a small representative area, as proven by Sincic¢ et al. (2024b) with the
conclusion that the size of 20 km? is minimal because the predictive performance drastically
decreases when using smaller areas in LSMg. On the other hand, analyses of randomly selecting
as low as 10% of landslides in the smaller study area also enabled high predictive performance
for the remaining 90% of landslides (Sin¢i¢ et al., 2024c). Whereas 20 km? is found sufficient
for the Podsljeme area (130 km?), the representative size area for any other region of interest is
likely to oscillate significantly depending on the geological and geomorphological settings of
the entire region, as well as its spatial distribution. Despite the high predictive performances of
the models, qualitative assessment of the susceptibility zonation maps should remain imperative
because described methodological changes of input landslide data are likely to influence high
spatial variability in the zonation maps (Sinci¢ et al., 2024c). The experiment that confirmed
the hypothesis was performed using the WoE method (Bernat Gazibara et al., 2023a), and it
should be generally stated that the suggested procedure was not tested by machine learning
algorithms such as LR, RF, NN or SVM. An important limitation of the proposed methodology
is related to the type of landslides that are subject to susceptibility assessment. Namely, small
and shallow landslides were mapped in the smaller Podsljeme study area which resulted in high
predictive performance for small and shallow landslides which were mapped in the whole
Podsljeme Area (130 km?) (Bernat Gazibara et al., 2023a). An issue occurred with a large

(approx. 1 km?) deep-seated landslide Kostanjek whose area was poorly classified in the LSM.
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3.6 Perspectives for future research

Considering the LSA research gaps, the overview of previous international research
related to LSMg and landslide management status in Croatia, this doctoral research opens novel

perspectives on the following topics:

(i) Extensive work done in large scale landslide inventory mapping (Bernat Gazibara
2019a; Bernat Gazibara, 2019b; Jagodnik et al., 2020; Lukaci¢ et al., 2022; Bernat Gazibara et
al., 2023c) and input data research (Sin¢i¢ et al., 2022b; Krkac¢ et al., 2023), followed by
susceptibility modelling (Sin¢i¢ et al., 2022a; Bernat Gazibara et al., 2023a; Bernat Gazibara
et al., 2023b; Sincic et al., 2024a; Sinci¢ et al., 2025) sets the ground for continuing the research
with landslide hazard and risk modelling assessment to produce other types of landslide zoning
maps (Fell et al., 2008a) necessary for landslide management. Landslide hazard and risk maps
would represent a significant upgrade integrating the temporal component of threatening
landslide events and consequences as a risk component, respectively.

(i) As this doctoral research yielded a significant amount of LSMs, and conclusions that
enable the selection of adequate methodology for LSAS, the next step in the derivation of large
scale zonation maps is a research of zonation methods (e.g. Cantarino et al., 2019) to optimise
and verify necessary parameters. The zonation part of the susceptibility mapping procedure
should be largely influenced by stakeholders because the zonation in the “street-light colour”
scheme should also be supplemented by certain actions of responsible services, professionals
or decision-makers, leading to landslide protocols (Guzzetti et al., 2000; van Den Eeckhaut et
al., 2009). The zonation and the landslide protocol are a difficult challenge because they should
include relevant stakeholders (Reichenbach et al., 2018) and practical components specific to a
particular system of development or management. Pioneering but extensive research of
different landslide zonation maps and determining preliminary landslide protocols in the
Croatian system of spatial planning and civil protection was undertaken in the framework of
the PRI-MJER scientific project (URL-11). Based on numerous discussions with the relevant
stakeholders, “Guidelines for Application of Landslide Maps in Croatia” (Mihali¢ Arbanas et
al., 2023b) were published, which serve as a starting point for more detailed elaboration of
landslide protocols for specific types of landslide zonation maps for particular stakeholder. The
practical application of maps further requires the establishment of map quality standards. The
second pioneering publication in Croatia on the topic is “Guidelines for Development of
Landslide Maps in Croatia” (Bernat Gazibara et al., 2023d) published in the framework of
LandSlidePlan scientific projects (Bernat Gazibara et al., 2022; URL-12). The outcomes of this
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doctoral research can serve to further develop landslide mapping protocols and standards in
Croatia and abroad.

(iii) Driven by experience from this doctoral research, a similar methodology could be
conducted for the development of LSMs applicable on a medium scale which is used for
regional application in Croatia (e.g. 1:25.000). Namely, with the exemption of the
abovementioned preliminary statistically-based LSA described in Bernat Gazibara et al.
(2023a), all published medium-scale landslide susceptibility maps in Croatia (Mihali¢ Arbanas
et al., 2023b) were derived using a heuristic approach. A systematic approach to develop more
reliable and statistically-based medium and/or small scale LSMs for the derivation of zonation
maps for regional-level applications is necessary and would be beneficial to the policymakers
and all other stakeholders.

(iv) As presented in this doctoral research, there is a lack of medium and large scale
geological and lithological maps in Croatia (Sin¢i¢ et al., 2022b), which can be overcome by
using small scale maps without modification (Bernat Gazibara et al., 2023a; Sinci¢ et al., 2025)
or with modification (Sincic et al., 2024a) using LIDAR data. It should be stated that the LSA
carried out by Sinci¢ et al. (2024a) found EG units as either the most important LCF or in fewer
cases of medium importance (equivalent to many others). The possibility to develop a LSA
without geological LCFs requires further research of their influence in LSMg. This could be
important to reduce some steps in LSMg, optimise the LSA procedure and possibly reduce
production cost and time consumption.

(v) According to the example of a successful LSA of a larger homogenous study area
based on training the LSM on a representative smaller study area (Bernat Gazibara et al.,
2023a), a similar research could be conducted by using training areas which are geographically
apart. For instance, it could be possible to develop a LSM in Hrvatsko Zagorje study area by
training the model in Podsljeme Area or vice versa. Or alternatively, the successful LSA could
be expected by combining LSMs derived from more than one training study areas. A significant
issue to this application is that it is limited to similar geological and geomorphological settings
because of the same landslide type occurrences and similar influence of LCFs. Satisfactory
LSM development in such an experiment would lead to a more effective LSA, i.e. significant
reduction of time and cost for preparing the input data. Specifically, if a representative landslide
inventory map and a complete set of LCFs from Hrvatsko Zagorje or Podsljeme Area can yield
a high quality LSM in another study area in Pannonian Basin, this would eliminate the need for
developing a representative landslide inventory map in the new study area, as well as

determining the LCFs. A second important limitation is that, regardless of the high quality
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LSM, the LSA would be considered only as a preliminary step. Its main application is to provide
information about areas which are more prone to sliding, i.e. narrowing down the study area
size where detailed large scale investigation is truly needed. Having a reduced study area size
after the preliminary LSA step enables more efficient development of needed representative
polygon based landslide inventory and spatially accurate LCFs for a final large scale LSA.

(vi) As qualitative parameters proved as an essential asset in the LSM evaluation, further
investigations could lead to novel and better parameters. For instance, systematically
categorizing certain qualitative LSM characteristics could lead to objective quantification.
Quantifying the qualitative LSM characteristics should lead to parameters describing the spatial
accuracy of LSMs, currently missing in the literature due to commonly used numerical
parameters (e.g. AUC). Furthermore, a strong motivation towards such research should be the
fact that different conclusions about LSM quality are found from qualitative metrics used in

this doctoral thesis and the commonly used numerical parameters.
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4. CONCLUSION
The main result of the doctoral dissertation is a methodology for assessing landslide

susceptibility at a large scale. The methodology is developed for small and shallow landslides,
tested and validated in the Pannonian Basin, i.e., in study areas of the Podsljeme Area (Zagreb)
and Hrvatsko Zagorje, representing urban and rural environments, respectively. The
methodology was developed based on 87 landslide susceptibility models (LSMs) derived from
high quality landslide and thematic input data by using three groups of statistically-based
methods (i.e. bivariate, multivariate and machine learning). All results of the doctoral research
are presented in four scientific papers. Methodological contributions of the dissertation,
together with the conclusions, are given by three research topics: (1) spatial accuracy for large
scale model; (2) systematic testing of modelling settings; (3) standard large scale approaches

and recommendations.

Research topic 1: Spatial accuracy for large scale modelling

The first paper (Sinci¢ et al., 2022b) is exclusively dedicated to analyses of input data
for large scale landslide susceptibility modelling (LSMg) by testing all available source data
for Hrvatsko Zagorje study area. The paper analyses and elaborates the possibilities to derive
geological, geomorphological, hydrological and anthropogenic thematic input data ending with
systematization and comparison of its applicability for landslide susceptibility assessments
(LSAS). The research of a complete set of landslide conditioning factors (LCFs) and the most
important elements at risk (buildings and roads), yielded the conclusion that most of them can
be derived using high resolution (HR) remote sensing data, i.e. high density LIDAR (Light
Detection and Ranging) point cloud and HR digital orthophoto (DOF) imagery. Moreover, an
alternative solution is given for small scale geological maps because the remote sensing data
enables increasing spatial accuracy of geological contacts and accompanying geological units.
Finally, the procedures for deriving anthropogenic LCFs are defined, together with a conclusion
that high density LiDAR data and orthophoto imagery represent necessary and irreplaceable
source data. All the conclusions about spatial accuracy for large scale modelling were
additionally confirmed in LSMg by Sin¢i¢ et al. (2024a, 2025). In the paper by Bernat Gazibara
et al. (2023a), it is approved that high quality input data collected on smaller area (specifically
on 16% of the total area) are representative for development of LSM for a significantly larger
area. This conclusion was derived using Weight of Evidence method applied for training the
model on a smaller part of the Podsljeme Area (21 km?) followed by applying the weighted
factors on the wider Podsljeme Area (130 km?).
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Research topic 2: Systematic testing of modelling settings

Systematic testing of different modelling settings, developed on 86 LSMs in the doctoral
research was organized as follows. The importance of evaluation parameters was highlighted
in Sinci¢ et al. (2024a), where logistic regression (LR), random forests (RF), neural networks
(NN) and support vector machine (SVM) methods were used to develop a total of 32 LSMs. In
the research, stable and unstable area sampling strategies were tested in eight defined scenarios,
introducing novel approaches, such as stable area inventory and smoothing landslide areas. The
remaining strategies were centroids, polygons, buffering polygons for unstable areas and
randomly generated points for stable areas. The final step in the analyses included a
comprehensive comparison which pointed out the advantages and disadvantages of each
method and sampling strategy for the case study in Hrvatsko Zagorje. The research by Sinc¢i¢
et al. (2025) was done in the Podsljeme Area (20 km?) and encompassed 54 LSMs developed
by either information value (IV), LR, RF, NN or SVM method, providing new insight into
continuous LCF classification criteria and emphasizing the influence of using a variety of
evaluation parameters. Namely, to test the classification criteria parameter for continuous LCFs,
11 scenarios were defined based on the literature review and/or modifications of the criteria,
and vary from stretched values, partially stretched classes, heuristic approach, classification
based on studentized contrast and landslide presence, and commonly used classification, such
as Natural Neighbor, Quantiles and Geometrical intervals.

Research topic 3: Standard large scale approaches and recommendation

By emphasizing the crucial input data (Sin¢i¢ et al., 2022b), testing multiple modelling
settings by deriving 86 LSMs (Sinci¢ et al., 2024a, Sinci¢ et al., 2025) and investigating cost-
effectiveness practical application (Bernat Gazibara et al., 2023a), the most important findings
defined by the methodology can be summarised as standard approaches and recommendations

as follows:

(i) High density LiDAR point cloud, HR-DOF imagery and publicly available data
layers represent necessary and sufficient input data for the derivation of a representative
landslide inventory map and spatially accurate LCFs for large scale LSMg.

(if) High density LIiDAR point cloud and HR-DOF imagery enable verification of all
input data, i.e. testing spatial accuracy by depicting real environmental conditions.

(ili) Using a representative landslide inventory map and spatially accurate LCFs in

statistically-based LSMg results in LSMs characterized by high evaluation metrics.
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(iv) With adequate modelling parameter settings, NN and particularly RF vyield the
highest evaluation metrics, whereas LR followed by IV show lower sensitivity to parameter
settings and more likely result in satisfactory (and average) results.

(v) Using stretched rasters as unclassified LCFs and line vectors with a high amount of
buffer zones optimises and simplifies the continuous LCF application, whereas using a low
amount of classes in either stretched rasters or line vectors is unfavourable.

(vi) Sampling unstable areas as centroids and sampling stable areas subjectively (e.g.
stable areas inventory) results in severe spatial deviations of susceptibility zones. On the other
hand, smoothing landslide areas can result in an increase of model evaluation metrics and
randomly generated stable areas represent the good solution.

(vii) Size and distribution of susceptibility zones considering the real environmental
conditions, distribution of landslides in the zones, estimation of uncertainty and/or variability
on multiple susceptibility maps (e.g. standard deviation maps) and qualitative assessment
considering the real environmental conditions (e.g. close up views) are metrics which enable
new insights into LSMs. These new insights are often not identified by commonly used fitting
and predictive metrics (e.g. Cohen’s kappa and Area Under the Curve) and they are necessary
for evaluating applicability of zonation maps.

(viii) A landslide inventory map created for a smaller but representative part of a
geomorphologically and geologically homogeneous area, enables the derivation of preliminary
LSMs of high predictive performance for the whole study area, leading to cost-effectiveness
and reducing development time.

(ix) Bivariate methods (such as WoE and 1V used in this doctoral dissertation) which
might be characterized as outdated nowadays showed extremely well results in LSMg, and up
to par with machine learning algorithms such as RF, NN or SVM.

(x) The quality of input data remains the most important (and likely most challenging)
factor in LSMg, i.e. the steps in preparation of a relevant landslide inventory and spatially
accurate LCFs should take most of the researcher attention.
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